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(working) Preface

This is a book about some of the theory of nonparametric function estimation. The premise
is that much insight can be gained even if attention is confined to a Gaussian sequence model

Vi = 0; + €z, iel, 0.1

where [ is finite or countable, {6;} is fixed and unknown, {z;} are i.i.d. N (0O, 1) noise vari-
ables and € is a known noise level. If [ is finite, this is an old friend, the multivariate normal
means model, with independent co-ordinates and known variance. It is the centerpiece of
parametric statistics, with many important, beautiful, and even surprising results whose in-
fluence extends well beyond the formal model into the practical, approximate world of data
analysis.

It is perhaps not so obvious that the infinite sequence model could play a corresponding
role in nonparametric statistics. For example, problems of nonparametric regression, density
estimation and classification are typically formulated in terms of unknown functions, rather
than sequences of parameters. Secondly, the additive white Gaussian noise assumption may
seem rather remote.

There are several responses to these objections. First, the model captures many of the
conceptual issues associated with non-parametric estimation, with a minimum of technical
complication. For example, non-parametrics must grapple with the apparent impossibility
of trying to estimate an infinite-dimensional object — a function — on the basis of a finite
amount 7 of noisy data. With a calibration ¢ = 1/./n, this challenge is plain to see in model
(0.T). The broad strategy is to apply various methods that one understands in the multivariate
normal model to finite submodels, and to argue that often not too much is lost by ignoring
the (many!) remaining parameters.

Second, models and theory are always an idealisation of practical reality. Advances in
size of datasets and computing power have enormously increased the complexity of both
what we attempt to do in data analysis and the algorithms that we invent to carry out our
goals. If one aim of theory is to provide clearly formulated, generalizable insights that might
inform and improve our computational efforts, then we may need to accept a greater degree
of idealisation in our models than was necessary when developing theory for the estimation
of one, two or three parameters from modest numbers of observations.

Thirdly, it turns out that model (0.1)) is often a reasonable approximation, in large sam-
ples, to other nonparametric settings. In parametric statistics, the central limit theorem and
asymptotic normality of estimators extends the influence of multivariate normal theory to
generalized linear models and beyond. In nonparametric estimation, it has long been ob-
served that similar features are often found in spectrum, density and regression estimation.

ix
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Relatively recently, results have appeared connecting these problems to model and
thereby providing some formal support for these observations.

Model and its justifications have been used and understood for decades, notably
by Russian theoretical statisticians, led by I. A. Ibragimov and R. Z. Khasminskii. It was
somewhat slower to receive wide discussion in the West. However, it received a considerable
impetus when it was observed that was a natural setting in which to understand the
estimation of signals, functions and images in wavelet orthonormal bases. In turn, wavelet
bases made it possible to give a linked theoretical and methodological account of function
estimation that responded appropriately to spatial inhomogeneties in the data, such as (in an
extreme form) discontinuities and cusps.

The goal of this book is to give an introductory account of some of the theory of estimation
in the Gaussian sequence model that reflects these ideas.

Estimators are studied and compared using the tools of statistical decision theory, which
for us means typically (but not always) comparison of mean squared error over appropriate
classes of sets ® supposed to contain the unknown vector 6. The best-worst-case or minimax
principle is used, though deliberately more often in an approximate way than exactly. Indeed,
we look for various kinds of approximate adaptive minimaxity, namely estimators that are
able to come close to the minimax criterion simultaneously over a class of parameter sets.
A basic theme is that the geometric characteristics of the parameter sets, which themselves
often reflect assumptions on the rype of smoothness of functions, play a critical role.

In the larger first part of the book, Chapters [T} O] an effort is made to give “equal time”
to some representative linear and non-linear estimation methods. Linear methods, of which
kernel estimators, smoothing splines, and truncated series approaches are typical examples,
are seen to have excellent properties when smoothness is measured in a sufficiently spa-
tially uniform way. When squared error loss is used, this is geometrically captured by the
use of hyperrectangles and ellipsoids. Non linear methods, represented here primarily by
thresholding of data in a wavelet transform domain, come to the fore when smoothness of a
less uniform type is permitted. To keep the account relatively self-contained, introductions
to topics such as Gaussian decision theory, wavelet bases and transforms, and smoothness
classes of functions are included. A more detailed outline of topics appears in Section
after an expanded introductory discussion. Starred sections contain more technical material
and can be skipped on a first reading.

The second part of the book, Chapters is loosely organized as a tour of various
types of asymptotic optimality in the context of estimation in the sequence model. Thus,
one may be satisfied with optimality “up to log terms”, or “up to constants” or “with exact
constants”. One might expect that as the demands on quality of optimality are ratcheted up,
so are the corresponding assumptions, and that the tools appropriate to the task change. In
our examples, intended to be illustrative rather than exhaustive, this is certainly the case.
The other organizing theme of this second part is a parallel discussion of results for simple
or “monoresolution” models (which need have nothing to do with wavelets) and conclusions
specifically for multiresolution settings.

We often allow the noise level € in (0.1)) to depend on the index i—a small enough change
to be easily accommodated in many parts of the theory, but allowing a significant expansion
in models that are fairly directly convertible to sequence form. Thus, many linear inverse
problems achieve diagonal form through a singular value or wavelet-vaguelette decompo-
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sition, and problems with correlated Gaussian noise can be diagonalized by the principal
compoent or Karhunen-Loe¢ve transformation.

Of course much is omitted. To explain some of the choices, we remark that the project
began over ten years ago as an account of theoretical properties of wavelet shrinkage esti-
mators based largely on work with David Donoho, Gérard Kerkyacharian and Dominique
Picard. Much delay in completion ensued, due to other research and significant administra-
tive distractions. This history has shaped decisions on how to bring the book to light after
so much elapsed time. First among the choices has been to cast the work more as a grad-
uate text and less as a current research monograph, which is hopefully especially apparent
in the earlier chapters. Second, and consistent with the first, the book does not attempt to
do justice to related research in recent years, including for example the large body of work
on non-orthogonal regression, sparse linear models and compressive sensing. It is hoped,
however, that portions of this book will provide helpful background for readers interested in
these areas as well.

The intended readership, then, includes graduate students and others who would like an
introduction to this part of the theory of Gaussian estimation, and researchers who may
find useful a survey of a part of the theory. Helpful background for reading the book would
be familiarity with mathematical statistics at the level of a first year doctoral course in the
United States.
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Chapter dependency graph. A heavy solid line indicates a more than incidental scien-
tific dependence of the higher numbered chapter on the lower numbered one. A dotted line
indicates a weaker formal dependence, perhaps at the level of motivation. A more specific
indication of cross-chapter dependence at the level of sections can then be found below.

In the first part, Chapters 2 and 3 provide basic material for the book as a whole, while
the decision theory of Chapter 4 is important for virtually everything that follows. The linear
estimation results, Chapters 5 and 6, form one endpoint in themselves. Chapters 8 and 9 on
thresholding and properties of wavelet shrinkage form the other main endpoint in Part I; the
wavelet primer Chapter 7 prepares the way.

In the second part, with numbers shown in Courier font, there some independence of the
chapters at a formal level: while they lean heavily on Part I, the groups {10}, {11, 12} and
{13, 14, 15} can be read separately of one another. The first chapter in each of these three
groups (for Ch. 10, the first half) does not require any wavelet/multiresolution ideas.

Figure 0.1 Chapter Dependencies



1

Introduction

And hither am I come, a Prologue armed,... to tell you, fair beholders, that our play leaps
o’er the vaunt and firstlings of those broils, beginning in the middle; starting thence away
to what may be digested in a play. (Prologue, Troilus and Cressida William Shakespeare.)

The study of linear methods, non-linear thresholding and sparsity in the special but central
setting of Gaussian data is enlightened by statistical decision theory. This overture chapter
introduces these themes and the perspective to be adopted.

Section [I.1] begins with two data examples, in part to emphasize that while this is a the-
oretical book, the motivation for the theory comes from describing and understanding the
properties of commonly used methods of estimation.

A first theoretical comparison follows in Section [I.2] using specially chosen cartoon ex-
amples of sparse signals. In order to progress from constructed cases to a plausible theory,
Section [I.3]introduces, still in a simple setting, the formal structures of risk function, Bayes
rules and minimaxity that are used throughout.

The signal in Gaussian white noise model, the main object of study, makes its appearance
in Section [I.4] in both continuous and sequence forms, along with informal connections to
finite regression models and spline smoothing estimators. Section [I.5] explains briefly why
it is our guiding model; but it is the goal of the book to flesh out the story, and with some of
the terms now defined, Section [1.6|provides a more detailed roadmap of the work to follow.

1.1 A comparative example

We use two real data examples to introduce and motivate some of the themes of the book. In
the first case, (quasi-)linear methods of estimation seem more or less adequate, while in the
second we see substantial improvement by the use of non-linear wavelet thresholding.

The temperature data. Figure shows daily minimum temperatures Y; in degrees Cel-
sius recorded in Canberra, Australia in the leap year 2008. A smoother summary curve might
be helpful to see the temperature trend shorn of day to day variability.

We might adopt as a (provisional, approximate) model

Y = f(u) +o0oZ, I=1,....n. (1.1)

Here Y7 is the observed minimum temperature at a fixed time period #;, here equally spaced,
with n = 366, f(¢) is an unknown mean temperature function, while Z; is a noise term,

1



2 Introduction

min temp, degrees C

L L L L L L
50 100 150 200 250 300 350

days from 2008/03/21

-10 L

Figure 1.1 Spline smoothing of Canberra temperature data. Solid line: original
spline fit, Dashed line: periodic spline

assumed to have mean zero, and variance one—since the standard deviation o is shown
explicitly.

Many approaches to smoothing could be taken, for example using local averaging with
a kernel function or using local (linear) regression. Here we briefly discuss two versions of
smoothing splines informally—Section [I.4/has formulas and a little more detail. The choice
of splines here is merely for definiteness and convenience—what is important is that the
estimators are linear in the data Y, and depend on a tuning or bandwidth parameter A.

A least squares approach would seek an estimator f to minimize a residual sum of squares
S(f) =n"">,[Y1— f(t)]*. In nonparametric estimation, in which f is unconstrained, this
would lead to an interpolation, f (t;) = Y1, an overfitting which would usually be too rough
to use as a summary. The spline approach brings in a penalty for roughness, for example
P(f) = [(f")* in terms of the squared second derivative of f. The spline estimator is
then chosen to minimize S(f) + AP(f), where the regularization parameter A adjusts the
relative importance of the two terms.

As both § and P are quadratic functions, it is not surprising (and verified in Section [.4)
that the minimizing f; is indeed linear in the data Y for a given value of A. As A increases
from 0 to oo, the solution will pass from rough (interpolating the data) to smooth (the linear
least squares fit). A subjective choice of A was made in Figure but it is often desirable
to have an “automatic” or data-driven choice specified by some algorithm.

Depending on whether one’s purpose is to obtain a summary for a given year (2008)
or to obtain an indication of an annual cycle, one may or may not wish to specifically re-
quire f and f) to be periodic. In the periodic case, it is natural to do the smoothing using
Fourier series. If y; and f; denote the kth Fourier coefficient of the observed data and
unknown function respectively, then the periodic linear spline smoother takes on the sim-
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ple co-ordinatewise linear form fk = yr/(1 + Awy) for certain known constants wy that
increase with frequency like k*.

Interestingly, in the temperature example, the periodic and nonperiodic fits are similar,
differing noticeably only within a short distance of the year boundaries. This can be under-
stood in terms of an ‘equivalent kernel” form for spline smoothing, Section[3.5]

To understand the properties of linear estimators such as f;, we will later add assumptions
that the noise variables Z; are Gaussian and independent. A probability plot of residuals in
fact shows that these temperature data are reasonably close to Gaussian, though not indepen-
dent, since there is a clear lag one sample autocorrelation. However the dependence appears
to be short-range and appropriate adjustments for it could be made in a detailed analysis of
this example.

The NMR data. Figure|1.2|shows a noisy nuclear magnetic resonance (NMR) signal sam-
pled at n = 2/ = 1024 points. Note the presence both of sharp peaks and baseline noise.
The additive regression model might again be appropriate, this time with #; = [ /n and
perhaps with f substantially less smooth than in the first example.

The right hand panel shows the output of wavelet denoising. We give a brief description
of the method using the lower panels of the figure—more detail is found in Chapter
The noisy signal is transformed, via an orthogonal discrete wavelet transform, into wavelet
coefficients y jx, organized by scale (shown vertically, from coarse level j = 4 to finest level
j = J —1 = 9) and by location, shown horizontally, with coefficients located at k27 for
k =1,...,27. In this transform domain, we perform a hard thresholding

6., = )Vik if |yjx| > 6+/2logn,

ik = .
0 otherwise

to retain only the “large” coefficients, setting all others to zero. Here & is a robust estimate
of the error standard deviatio The factor /2logn reflects the likely size of the largest
of n independent zero mean standard normal random variables—Chapter 8| has a detailed
discussion.

The thresholded coefficients, shown in the lower right panel, are then converted back to
the time domain by the inverse discrete wavelet transform, yielding the estimated signal in
the top right panel. The wavelet “denoising” seems to be remarkably effective at removing
nearly all of the baseline noise, while preserving much of the structure of the sharp peaks.

By contrast, the spline smoothing approach cannot accomplish both these properties at
the same time. The right panel of Figure [I.3] shows a smoothing spline estimate with an
automatically choselﬂ value of A. Evidently, while the peaks are more or less retained, the
spline estimate has been unable to remove all of the baseline noise.

An intuitive explanation for the differing behaviors of the two estimates can be given
using the idea of kernel averaging, in which a function estimate f (x) = Y, wi(x)Y;is
obtained by averaging the data Y; with a weight function

wi(x) = W K(h™ (x = x1)), (1.2)
for a suitable kernel function K, usually non-negative and integrating to 1. The parameter

1 using the median absolute deviation MAD{y s x}/0.6745, explained in Section
2 chosen to minimize an unbiased estimate of mean squared error, Mallows C , explained in Section



4 Introduction

1 (a) NMR Spectrum 1 (b) Wavelet Shrinkage De-Noising

40

40

1 (c) Near Symm 6 Wavelet Coeffs 1 (d) Hard Threshold, Estimated Scale
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Figure 1.2 Wavelet thresholding of the NMR signal. Data originally via Chris
Raphael from the laboratory of Andrew Maudsley, then at UCSF. Signal has
n = 1024 points, discrete wavelet transform using Symmlet6 filter in Wavelab,

coarse scale L = 4, hard thresholding with threshold 6 /2 logn as in the text.

h is the “bandwidth”, and controls the distance at over which observations contribute to the
estimate at point x. The spline smoothing estimator, for equally spaced data, can be shown to
have approximately this form, with a one-to-one correspondence between & and A described
in Chapter A key property of the spline estimator is that the value of & does not vary
with x.

By contrast, the kernel average view of the wavelet threshold estimate in Figure[I.2]shows
that 2 = h(x) depends on x strongly - the bandwidth is small in a region of sharp transients,
and much larger in a zone of “stationary” behavior in which the noise dominates. This is
shown schematically in Figure [I.3] but can be given a more precise form, as is done in
Section

One of the themes of this book will be to explore the reasons for the difference in per-
formance of splines and wavelet thresholding in these examples. An important ingredient
can be seen by comparing the lower panels in Figure [I.2] The true signal—assuming that
we can speak of such a thing—appears to be concentrated in a relatively small number of
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45
401
351
301
251
201
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Figure 1.3 Schematic comparison of averaging kernels: The baseline dashed bell
curves give qualitative indications of the size of the bandwidth 4 in (T.2), the
equivalent kernel. In the left panel, corresponding to wavelet thresholding, the
equivalent kernel depends on position, & = h(x;), whereas in the right panel, for
spline smoothing, it is translation invariant.

wavelet coefficients, while the noise is scattered about globally and at an apparently con-
stant standard deviation within and across levels. Thus the thresholding can literally clean
out most of the noise while leaving the bulk of the signal energy, concentrated as it is in
a few coefficients, largely undisturbed. This sparsity of representation of the signal in the
wavelet transform domain is an essential property.

The example motivates a number of questions:

what are the properties of thresholding? Can we develop expressions for, say, mean
squared error and understand how to choose the value of the threshold?

when is it effective — e.g. better than linear shrinkage? Can we compare the mean squared
error of linear estimators and thresholding over various classes of functions, representing
different amounts and types of smoothness?

what is the role of sparsity? Can we develop quantitative measures of sparsity of repre-
sentation and describe how they affect the possible mean squared error?

are optimality statements possible? Can we identify assumptions on classes of functions
for which it is possible to assert that linear, or threshold, estimators are, in an appropriate
sense, nearly best?

are extensions to other settings possible? Are there other nonparametric estimation prob-
lems, such as density estimation or linear inverse problems, in which similar phenomena
appear?

Our goal will be to develop some theoretical definitions, tools and results to address these
issues. A key technique throughout will be to use “sequence models”, in which our methods,
hypotheses and results are phrased in terms of the coefficients that appear when the function

f

is expanded in an orthogonal basis. In the NMR example, the (wavelet) coefficients are

those in the bottom panels of Figure [I.2] while in the weather data, in the periodic form,
they are the Fourier coefficients.
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In the next section we turn to a first discussion of these questions in the simplest sequence
model.

1.2 A first comparison of linear methods, sparsity and thresholding

We begin with a simple model, with an n-dimensional observation vector y ~ N, (0, €%1)
with 6 being the unknown mean and €? the variance, assumed knownE] We will study a
sequence form of the model,
Ve =0k +ezk, oz N, D). (1.3)

which may be obtained by taking coefficients in any orthonormal basis. We might call this a
“monoresolution” model when we wish to think of what is going on at a single level in the
wavelet transform domain, as in the bottom panels of Figure [I.2]

Assume now that the {6} are random, being drawn independently from a Gaussian prior
distribution N (0, 72). The posterior distribution of §; given the data y is also Gaussian, and
the Bayes estimator is given by the posterior mean

A

Ok

RSl p=—. (1.4)
The constant p is the squared signal-to-noise ratio. The estimator, sometimes called the
Wiener filter, is optimal in the sense of minimizing the posterior expected squared error.

This analysis has two important features. First, the assumption of a Gaussian prior distri-
bution produces an optimal estimator which is a /inear function of the data y. Second, the
estimator does not depend on the choice of orthonormal basis: both the model (I.3)) and the
Gaussian prior are invariant under orthogonal changes of basis, and so the optimal rule has
the same linear shrinkage in all coordinate systems.

In contrast, sparsity has everything to do with the choice of bases. Informally, “sparsity”
conveys the idea that most of the signal strength is concentrated in a few of the coefficients.
Thus a ‘spike” signal y(1,0, ..., 0) is much sparser than a ‘comb’ vector y (n~'/2, ..., n='/?)
even though both have the same energy, or £, norm: indeed these could be representations of
the same vector in two different bases. In contrast, noise, almost by definition, is not sparse
in any basis. Thus, among representations of signals in various bases, it is the ones that are
sparse that will be most easily “denoised”.

Figure[[.4]shows part of a reconstructed signal represented in two different bases: panel a)
is a subset of 27 wavelet coefficients %, while panel b) is a subset of 27 Fourier coefficients
6F . Evidently 6% has a much sparser representation than does 6% .

The sparsity of the coefficients in a given basis may be quantified using £, norms E]

n 1/p
1611, = (Zw) ,
1

which track sparsity for p < 2, with smaller p giving more stringent measures. Thus, while

3 The use of € in place of the more common o already betrays a later focus on “low noise” asympotics!
4 in fact, only a quasi-norm for p < 1, Appendix|C.1
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Figure 1.4 Panel (a): QZV =level 7 of estimated NMR reconstruction g of Figure

1.2, while in panel (b): 6 = Fourier coefficients of g at frequencies 65...128,
both real and imaginary parts shown. While these do not represent exactly the same
projections of £, the two overlap and || ||, = 25.3 ~ 23.1 = ||8% ..

the £, norms of our two representations are roughly equal:
1672 = 25.3 ~ 23.1 = ||6"||2.
the £; norm of the sparser representation 8" is smaller by a factor of 6.5:
10711 = 246.5 > 37.9 = |07 |;.
Figure|1.5[shows that the £ ,-norm level sets

{9:21:|9k|1’ gcp}

become progressively smaller and clustered around the co-ordinate axes as p decreases.
Thus, the only way for a signal in an £, ball to have large energy (i.e. £, norm) is for it
to consist of a few large components, as opposed to many small components of roughly
equal magnitude. Put another way, among all signals with a given energy, the sparse ones
are precisely those with small £, norm.

Thus, we will use sets {||0|| , < C} as quantitative models for a priori constraints that the
signal 6 has an approximately sparse representation in the given basis.

How might we exploit this sparsity information in order better to estimate 6 : in other
words, can we estimate 6" better than 67 ? We quantify the quality of estimator é( y) using
Mean Squared Error (MSE):

n
EN0 -0 =) E(0c — 60). (1.5)
k=1
Figure|l.6|shows an idealized case in which all 6; are zero except for two spikes, each of
size 1/2. Assume, for simplicity here, that € = €, = 1/4/n and that p = C = 1: it is thus
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ZIN|
N

Figure 1.5 Contours of £, balls

supposed that Y] |0k| < 1. Consider the class of linear estimators éc (y) = cy, which have

per co-ordinate variance c¢2¢? and squared bias (1 — ¢)*62. Consequently, the mean squared
error (1.5)
‘ 1 c=1
MSE = e+ (11— =c*+(1-c)/2= B
21: n (=0 (1=e)/ 1/2 ¢=0.

The upper right panel shows the unbiased estimate with ¢ = 1; this has no bias and only
variance. The lower left panels shows ¢ = 0 with no variance and only bias. The MSE
calculation shows that no value of ¢ leads to a linear estimate with much better error - the
minimum MSE is 1/3 at ¢ = 1/3. As an aside, if we were interested instead in the absolute,
or{; error ) |ék —0k |, we could visualize it using the vertical lines—again this is relatively
large for all linear estimates.

In the situation of Figure [[.6] thresholding is natural. As is the preceding section, define
the hard threshold estimator by its action on coordinates:

Ve if |yr| > A€y,

0 =
1 (V) 0  otherwise.

(1.6)

The lower right panel of Figure[I.6|uses a threshold of Ae, = 2.4€, = 0.3. For the particular
configuration of true means 6 shown there, the data from the two spikes pass the threshold
unchanged, and so are essentially unbiased estimators. Meanwhile, in all other coordinates,
the threshold correctly sets all coefficients to zero except for the small fraction of noise that
exceeds the threshold.

In more detail, the mean squared error of thresholding is

E@ix — 00)% = E{(yk — 0)% || = Aen} + 02 P{|ye] < Aen). (1.7)

If 6 = 0, we can write yx = €,zx with zx ~ N(0, 1), and so the mean squared error is
approximately

€2E{z%, |z > A} ~ 2249 (M), (1.8)

However, if 6 is large relative to Ae,, then the MSE is approximately E(y; — 6x)? = eﬁ.
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Noisy Data and True Signal Linear Estimate — no Shrinkage
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Figure 1.6 (a) Visualization of model (1.3)): open circles are unknown values 6,
crosses are observed data yy. In the other panels, solid circles show various

estimators é, fork = 1,...,n = 64. Horizontal lines are thresholds at

A = 2.4¢, = 0.3. (b) Vertical lines indicate absolute errors |él,k — 6| made by
leaving the data alone: él (y) = y. (c) Corresponding absolute errors for the zero
estimator éo (y) = 0. (d) Much smaller errors due to hard thresholding at A = 0.3.

Hence, in the two spike setting,

E|6; — 0] ~ 262 + 2(n — 2)e2 A (1)
~2n" ' +21¢(1) ~ 0.139

when n = 64 and A = 2.4. This mean squared error is of course much better than for any
of the linear estimators.

1.3 A game theoretic model and minimaxity

The skeptic will object that the configuration of Figure [I1.6] was chosen to highlight the
advantages of thresholding, and indeed it was! It is precisely to avoid the possibility of being
misled by such reasoning from constructed cases that the tools of game theory have been
adapted for use in statistics. A sterner and fairer test of an estimator is obtained by creating a
statistical two person zero sum game or statistical decision problem. In our setting, this has
the following rules:
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(i) Player I (“the Statistician”) is allowed to choose any estimator é(y), linear, threshold
or of more complicated type.

(ii) Player II (“Nature”) may choose a probability distribution 7 for 6 subject only to the
sparsity constraint that £, ||0|; < 1.

(iii) The payoff—the loss to the statistician— is calculated as the expected mean squared
error of 8(y) when 6 is chosen according to = and then the observed data y is drawn from
model (I.3): y = 0 + €,z for z ~ N,(0, I'). Thus the expected loss, or risk, now averages
over both 6 and y:

B, 1) = ExEye|0(y) — 0112

Of course, the Statistician tries to minimize the risk and Nature to maximize it.

Classical work in statistical decision theory (Wald, [1950; Le Cam,|1986), Chapter@ and
Appendix [A] shows that the minimax theorem of von Neumann can be adapted to apply
here, and that the game has a well defined value, the minimax risk:

R, = infsup B(A, 7) = supinf B(6, 7). (1.9)
6 = T 0

An estimator 6* attaining the left hand infimum in (I.9) is called a minimax strategy or
estimator for player I, while a prior distribution 7* attaining the right hand supremum is
called least favorable and is an optimal strategy for player II. Schematically, the pair of
optimal strategies (é *, r*) forms a saddlepoint, Figure if Nature uses 7 *, the best the
Statistician can do is to use 6*. Conversely, if the Statistician uses é*, the optimal strategy
for Nature is to choose 7 *.

risk B

prior T estimator of 6

Figure 1.7 Left side lower axis: strategies 7 for Nature. Right side lower axis:
strategies 6 for the Statistician. Vertical axis: payoff B(6, 7) from the Statistician to
Nature. The saddlepoint indicates a pair (8, 7*) of optimal strategies.
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It is the structure of these optimal strategies, and their effect on the minimax risk R, that
is of chief statistical interest.

While these optimal strategies cannot be exactly evaluated for finite 7, informative asymp-
totic approximations are available. Indeed, as will be seen in Section[I3.4] an approximately
least favorable distribution is given by drawing the individual coordinates 8 independently
from a two point distribution with

0 €n+/logn  with probability o, = 1/./nlogn (1.10)
k = .

0 otherwise.

This amounts to repeated tossing of a coin highly biased towards zero. Thus, in n draws, we
expect to see a relatively small number, namely na,, = /n/logn of non-zero components.
The size of these non-zero values is such that they are hard to distinguish from the larger
values among the remaining, more numerous, n — +/n/logn observations that are pure
noise. Of course, what makes this distribution difficult for Player I, the Statistician, is that
the locations of the non-zero components are random as well.

It can also be shown, Chapter[I3] that an approximately minimax estimator for this setting
is given by the hard thresholding rule described earlier, but with threshold given at least ap-
proximately by A,, = ¢, +/log(n logn). This estimate asymptotically achieves the minimax

value
R, ~ /logn/n

for MSE. It can also be verified that no /inear estimator can achieve a risk less than 1/2
if Nature chooses a suitably uncooperative probability distribution for 6, Theorem and
(9.21). Compare Table[I.1]

In the setting of the previous section with n = 64 and ¢, = 1/./n, we find that
€n+/logn = 0.255 and the expected non-zero number no,, = 3.92. Finally, the threshold
€ny/log(nlogn) = .295.

This—and any—statistical decision problem make a large number of assumptions, in-
cluding values of parameters that typically are not known in practice. We will return later
to discuss the virtues and vices of the minimax formulation. For now, it is perhaps the qual-
itative features of this solution that most deserve comment. Had we worked with simply
a signal to noise constraint, E,||6]3 < 1, say, we would have obtained a Gaussian prior
distribution as being approximately least favorable and the linear Wiener filter (1.4) with

2

€2 = 12 = 1/n as an approximately minimax estimator. The imposition of a sparsity con-

straint £ | 0]y < 1 reflects additional a priori information and yields great improvements

in the quality of possible estimation, and produces optimal strategies that take us far away
from Gaussian priors and linear methods.

1.4 The Gaussian Sequence Model

In this section we introduce the general sequence model, an extension of (I.3)) that will be
our main focus of study. The observed data are y = (y;) for i in a discrete index set 7
such as N. It is assumed that the components y; are statistically independent of one another,
and follow Gaussian, or normal, distributions with unknown means 6; and known positive
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Prior Constraint
traditional ({3)  sparsity (£1)

minimax estimator linear thresholding

least favorable Gaussian sparse

minimax M.S.E. =1/2 ~ 4/ 1"%"

Table 1.1 Comparison of structure of optimal strategies in the monoresolution game under
traditional and sparsity assumptions.

variances € ;. Thus the sequence model may be written as
yi = 6; + €Az, z NGO, el (1.11)

The index set will typically be a singleton, Z = {1}, finite Z = {1,...,n}, or infinite
7 = N. Multidimensional index sets, such as {1, ... ,n}d or N? are certainly allowed, but
will appear only occasionally. The scale parameter € sets the level of the noise, and in some
settings will be assumed to be small.

We give a first discussion of models motivating, or leading to, (1.1 1))—further examples
and details are given in Chapters[2]and 3]

Nonparametric regression. In the previous two sections, & was a vector with no nec-
essary relation among its components. Now we imagine an unknown function f(¢). The
independent variable ¢ is thought of as low dimensional (1 for signals, 2 for images, 3 for
volumetric fields etc.); indeed we largely confine attention to functions of a single variable,
say time, in a bounded interval, say [0, 1]. In a sampled-data model, we might have points
0<t; <---<t, <1,and

Y, = f(t) +0Zi, Z, " N, 1). (1.12)
This is the model for the two examples of Section [I.1] with the i.i.d. Gaussian assumption
added.

We canregard Y, Z and f = ( f(¢;)) as vectors in R” and bring in an arbitrary orthonormal
basis {@;}. For example, if the #; were equally spaced, this might be the discrete Fourier
basis of sines and cosines. In general, collecting the basis vectors as columns of a matrix
U = [¢:-9,], we have

UTy =UTt+eUT Z,

which becomes sequence model (I.IT) on writing y = UTY,0 = UTfand z = UTZ.
Thus yr = (Y, @k), O = (f, ) and so forth.E]Here,

(f.g)=n"") " fl)gw)

=1

> Qur index convention: i for the sequence model and / for the time domain. We sometimes use k in place of i
in some concrete settings, such as single wavelet resolution level or exact or approximate Fourier frequencies.
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denotes the Euclidean inner product on R”, with corresponding norm || - ||.

We illustrate the reduction to sequence form with the smoothing spline estimator used in
Section and so we suppose that an estimator f of f in is obtained by minimizing
the penalized sum of squares S(f) + AP (f), or more explicitly

1
0(f) = Y= f@F +2 [ (77 (1.13)

l

The account here is brief; for much more detail see |Green and Silverman)| (1994).

It turns out that a unique minimizer exists and belongs to the space S of “natural cubic
splines” — twice continuously differentiable functions that are formed from cubic polynomi-
als on each interval [t;, #;+1] and are furthermore linear on the outlying intervals [0, #;] and
[tn, 1]. Equally remarkably, the space S has dimension exactly n, and possesses a special
orthonormal basis, the Demmler-Reinsch basis. This basis consists of functions ¢y (t)—and
associated vectors @ = (¢k(#7))—that are simultaneously orthogonal both on the set of
sampling points and on the unit interval:

1
(@j.0k) =8k  and / PiPK = Wik (1.14)
0

The weights wy are non-negative and increasing, indeed w; = w, = 0, so that the first two
basis functions are linear. For k > 3, it can be shown that ¢ has k — 1 sign changes, so that
the basis functions exhibit increasing oscillation with k, and this is reflected in the values
wy for the roughness penalty. Because of this increasing oscillation with k, we may think
of k as a frequency index, and the Demmler-Reinsch functions as forming a sort of Fourier
basis that depends on the knot locations {z;}.

This double orthogonality allows us to rewrite the criterion Q( f), for f € S, in terms of
coefficients in the Demmler-Reinsch basis:

Q(0) = "k — 0> + 1Y _ wib.
1 1

The charm is that this can now readily be minimized term by term to yield the sequence
model expression for the smoothing spline estimate fgg:

1

—_— Vk. 1.15
1+Awkyk ( )

Ossk = Cakyk =
The estimator is thus linear in the data and operates co-ordinatewise. It achieves its smooth-
ing aspect by shrinking the higher “frequencies” by successively larger amounts dictated by
the increasing weights Awy. In the original time domain,

f=> Osskor =Y caryox. (1.16)
k k

There is no shrinkage on the constant and linear terms: c;; = ¢y, = 1, but for k > 3,
the shrinkage factor ¢ < 1 and decreases with increasing frequency. Large values of
smoothing parameter A lead to greater attenuation of the data, and hence greater smoothing
in the estimate.
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To represent the solution in terms of the original data, gather the basis functions into an
n x n orthogonal matrix U = [@,,...,9,]/+/n. Then Y = /nUy and f = \/nU0, and so

f=VnUf = UcU'Y = ;Y. ¢ = diag (cox). (1.17)

Notice that the change of basis matrix U does not depend on A. Thus, many important
aspects of the spline smoothing problem, such as the issue of choosing A well from data, can
be studied in the diagonal sequence form that the quasi-Fourier basis provides.

Software packages, such as spline. smooth in R, may use other bases, such as B—splines,
to actually compute the spline estimate. However, because there is a unique solution to the
optimization problem, the estimate computed in practice must coincide, up to numerical
error, with (I.17).

We have so far emphasized structure that exists whether or not the points #; are equally
spaced. If, however, ¢; = [/n and it is assumed that f is periodic, then everything in the
approach above has an explicit form in the Fourier basis—Section [3.4]

Continuous Gaussian white noise model. Instead of sampling a function at a discrete set
of points, we might suppose that it can be observed—with noise!—throughout the entire
interval. This leads to the central model to be studied in this book:

Y) = /Ot f(s)ds + eW(t), 0<t<1, (1.18)

which we will sometimes write in an equivalent form, in terms of instantaneous increments
dY() = f(t)dt +edW(t), 0<r=<l. (1.19)

The observational noise consists of a standard Brownian motion W, scaled by the known
noise level €. For an arbitrary square integrable function g on [0, 1], we therefore write

1

1 1
/g(t)dY(t)z/ g(z)f(t)dt+e/ g(O)dW(1). (1.20)
0 0 0

The third integral features a deterministic function g and a Brownian increment d W and is
known as a Wiener integral. We need only a few properties of standard Brownian motion
and Wiener integrals, which are recalled in Appendix

The function Y is observed, and we seek to recover the unknown function f, assumed to
be square integrable: f € L,[0, 1], for example using the integrated squared error loss

1
;o 2 _ ;o 2
T /O(f 2

To rewrite the model in sequence form, we may take any orthonormal basis {¢;} for
L,[0, 1]. Examples include the Fourier basis, or any of the classes of orthonormal wavelet
bases to be discussed later. To set notation for the coefficients, we write

1

1 1
yi = Y(¢i) =/O pidY, 0, =(f @) =/(; foi zi = W(pi) =/0 pidW. (1.21)

From the stationary and independent increments properties of Brownian motion, the Wiener
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integrals z; are Gaussian variables that have mean 0 and are uncorrelated:

1 1 1
Cov(z,-,z,-):E[/O (PidW'/(; ¢’de] :/ pip; dt = §;;.

0

[The Kronecker delta §;; = 1ifi = j and 0 otherwise.] As aresult, the continuous Gaussian
model is entirely equivalent to the constant variance sequence model

yi =0 +ez  with z < N(,1). (1.22)

The Parseval relation, (C.IJ), converts squared error in the function domain to the analog in
the sequence setting:

1 A ~
/0 (f =P =) 6:—6) (1.23)

Linking regression and white noise models. Heuristically, the connection between (1.12))
and (1.18) arises by forming the partial sum process of the discrete data, now assumed to be
equally spaced, t; = [/n:

[n1] [n1] ntl

Al 1 ! o 1 &
Y (1) = ;;Yl = ;lef (;) + %%21321. (1.24)

The signal term is a Riemann sum approximating fot f, and the error term n"z Z[m] Z;
converges weakly to standard Brownian motion as n — oco. Making the calibration € =
€(n) = o/+/n, and writing Y(,) for the process in (1.18), we see that, formally, the pro-
cesses Y (f) and Y, (f) merge as n — oo. A formal statement and proof of this result is
given in Chapter using the notion of asymptotic equivalence of statistical problems,
which implies closeness of risks for all decision problems with bounded loss. Here we sim-
ply observe that heuristically there is convergence of mean average squared errors. Indeed,
for fixed functions f and f € L2[0, 1]:

i = FB, = L — f P - / - 1P
1

Non white noise models. So far we have discussed only the constant variance subclass of
models in which A; = 1. The scope of is considerably broadened by allowing
unequal A; > 0. Here we make only a few remarks, however, deferring further discussion
and examples to Chapters 2] and 3]

When the index set [ is finite, say {1, ..., n}, two classes of multivariate Gaussian models
lead to (L.11):

(i) Y ~ N(0,€2X), by transforming to an orthogonal basis that diagonalizes ¥, so that
(A;) are the eigenvalues of X, and

(i) Y ~ N(A0, €*I), by using the singular value decomposition of 4 = Y_; b;u; v} and
setting y; = b;” ly;,sothat A; = by ! are the inverse singular values.

When the index set I is countably infinite, case (i) corresponds to a Gaussian process with
unknown mean function f and the sequence form is obtained from the Karhunen-Logéve
transform (Section [3.9). Case (ii) corresponds to observations in a linear inverse problem
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with additive noise, Y = Af 4+ €Z, in which we do not observe f but rather its image
Af after the action of a linear operator A, representing some form of integration, smooth-
ing or blurring. The conversion to sequence form is again obtained using a singular value
decomposition, cf. Chapter 3]

1.5 Why study the sequence model?

While the sequence models (I.3) and (I.II)) are certainly idealizations, there are several
reasons why they repay detailed study.

(i) simplicity. By focusing on sequences of independent Gaussian variables, we can often
do exact calculations. Generally, it turns out that all the issues are fundamental rather than
merely technical. In parametric statistics, the analogy would be with study of the multivariate
normal model after use of the central limit theorem and other asymptotic approximations.

(ii) depth. The model makes it possible to focus directly on important and profound phe-
nomena, such as the Stein effect, in which maximum likelihood estimates of three or more
mean parameters can be (often significantly) improved by shrinkage toward a point or sub-
space. Similarly, the “concentration of measure” phenomenon for product measures in high
dimensional spaces (such as our Gaussian error distributions) plays an important role.

(iii) relevance. The sequence models and estimators used in them turn out to be close
enough to actual methods to yield useful insights. Thus the contrast between linear esti-
mators and thresholding is able to explain more or less fully some practically important
phenomena in function estimation.

The finite dimensional multivariate normal model is the foundation of parametric sta-
tistical theory. For nonparametric statistics, the continuous signal in Gaussian white noise
model, or its sequence version expressed in an orthonormal basis, plays an equivalent role.
It first emerged in communications theory in work of |[Kotelnikov|(1959). As|Ibragimov and
Has’minskii| (1981)); Ibragimov and Khas’minskii| (1980, for example) have argued, the dif-
ficulties thrown up by the “signal+noise” model are essential rather than technical in nature.

1.6 Plan of the book

In the Canberra temperature and NMR data examples we saw that linear spline and non-
linear wavelet threshold estimators were respectively quite successful. The examples illus-
trate a basic point that, in function estimation, as elsewhere in statistics, an optimal or at
least good choice of method will depend on the circumstances of the problem.

The theory to be developed in this book will formulate classes of assumptions under
which linear estimators can perform well, and then move to circumstances in which co-
ordinatewise thresholding is optimal, either in “monoresolution” or “multiresolution” set-
tings.

The chapters are grouped into two parts. In the first, chapters contain a sampling of
material of broadest interest. In the second, Chapters[I0]{I3|then go into greater detail about
optimality results for thresholding-type estimators in both ‘monoresolution’ and multireso-
lution models.

We use the ideas and tools of statistical decision theory, particularly Bayes rules and



1.7 Notes 17

minimaxity, throughout; introductory material appears in Chapters and especially in
Chapter ] Chapters [5H6|focus primarily on optimality properties of linear estimators, espe-
cially using geometric properties of parameter spaces such as hyperrectangles and ellipsoids.
Pinsker’s theorem on the asymptotic optimality of linear rules over ellipsoids is discussed in
Chapter[5] Chapter|6|introduces the notion of adaptive optimality—the ability of an estimaor
to perform ‘optimally’ over a scale of parameter spaces without having to depend on a priori
assumptions about parameters of those spaces. The James-Stein estimator is seen to lead to
a class of adaptively minimax estimators that is quite similar to certain smoothing spline or
kernel estimators that are commonly used in practice.

The focus then turns to the phenomena of sparsity and non-linear estimation via co-
ordinatewise thresholding. To set the stage, Chapter [/| provides a primer on orthonormal
wavelet bases and wavelet thresholding estimation. Chapter [8| focuses on the properties of
thresholding estimators in the “sparse normal means” model: y ~ N, (0, c21) and the un-
known vector 6 is assumed to be sparse. Chapter [J] explores the consequences of these
thresholding results for wavelet shrinkage estimation, highlighting the connection between
sparsity, non-linear approximation and statistical estimation.

Part II is structured around a theme already implicit in Chapters [§] and O} while wavelet
bases are specifically designed to analyze signals using multiple levels of resolution, it is
helpful to study initially what happens with thresholding etc. at a single resolution scale
both for other applications, and before assembling the results across several scales to draw
conclusions for function estimation.

Thus Chapters [[0HI4] are organized around two strands: the first strand works at a single
or mono-resolution level, while the second develops the consequences in multiresolution
models. Except in Chapter [I0] each strand gets its own chapter. Three different approachs
are explored—each offers a different tradeoff between generality, sharpness of optimality,
and complexity of argument. We consider in turn
(i) optimal recovery and ‘universal’ thresholds (Ch.

(ii) penalized model selection (Chs.
(iii) minimax-Bayes optimal methods (Chs.

The Epilogue, Chapter[I5|has two goals. The first is to provide some detail on the compar-
ison between discrete and continuous models. The second is to mention some recent related
areas of work not covered in the text. The Appendices collect background material on the
minimax theorem, functional classes, smoothness and wavelet decompositions.

1.7 Notes

Related books and monographs. The book of [Ibragimov and Has minskiil (1981)), along
with their many research papers has had great influence in establishing the central role of the
signal in Gaussian noise model. Textbooks on nonparametric estimation include [Efromovich
(1999) and [Tsybakov| (2008]), which include coverage of Gaussian models but range more
widely, and [Wasserman| (2006) which is even broader, but omits proofs.

Closer to the research level are the St. Flour courses by [Nemirovski| (2000) and Massart
(2007). Neither are primarily focused on the sequence model, but do overlap in content with
some of the chapters of this book. [ngster and Suslinal (2003)) focuses largely on hypoth-
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esis testing in Gaussian sequence models. References to books focusing on wavelets and
statistics are collected in the notes to Chapter[7]

1.1

Exercises

Lety ~ Ny(6,€21)and é;k denote the hard thresholding rule (T.6). Let 7 (A, 0k €,) = E(0) x—
0%)? denote the risk (mean squared error) in a single co-ordinate.

(i) for the two point prior given in (T-10), express the Bayes risk B, 7) = Ex Ey 16, —6 I3
interms of 0 — r(A, 0;¢€y).

(i) Using (I.7), derive the bound

r(A, pens€n) < (1 + /Lz)e,zl.
(iii) Using also (T-8)), verify that
B0, 7) < logn/n - (1 + o(1)).

[This gives the risk for a ‘typical configuration’ of 6 drawn from the least favorable prior (T-10).
It does not yet show that the minimax risk R, satisfies this bound. For a simple, but slightly
suboptimal, bound see Theorem 81} for the actual argument, Theorems[13.6] [[3-8and [T3.16].
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The multivariate normal distribution

We know not to what are due the accidental errors, and precisely because we do not
know, we are aware they obey the law of Gauss. Such is the paradox. (Henri Poincaré,
The Foundations of Science.)

Estimation of the mean of a multivariate normal distribution, y ~ N, (6, 021), is the ele-
mental estimation problem of the theory of statistics. In parametric statistics it is sometimes
plausible as a model in its own right, but more often occurs—perhaps after transformation—as
a large sample approximation to the problem of estimating a finite dimensional parameter
governing a smooth family of probability densities.

In nonparametric statistics, it serves as a building block for the study of the infinite di-
mensional Gaussian sequence model and its cousins, to be introduced in the next chapter.
Indeed, a recurring theme in this book is that methods and understanding developed in the
finite dimensional Gaussian location model can be profitably transferred to nonparametric
estimation estimation.

It is therefore natural to start with some definitions and properties of the finite Gaussian
location model for later use. Section 2.1 introduces the location model itself, and an exten-
sion to known diagonal covariance that later allows a treatment of certain correlated noise
and linear inverse problem models.

Two important methods of generating estimators, regularization and Bayes rules, appear
in Sections 2.2 and 2.3. Although both approaches can yield the same estimators, the dis-
tinction in point of view is helpful. Linear estimators arise from quadratic penalties/Gaussian
priors, and the important conjugate prior formulas are presented. Non-linear estimators arise
from £, penalties for ¢ < 2, including the soft and hard thresholding rules, and from sparse
mixture priors that place atoms at 0, Section 2.4.

Section 2.5 begins the comparative study of estimators through their mean squared error
properties. The bias and variance of linear estimators are derived and it is shown that sensible
linear estimators in fact must shrink the raw data. The James-Stein estimator explodes any
hope that we can get by with linear methods, let alone the maximum likelihood estimator.
Its properties are cleanly derived using Stein’s unbiased estimator of risk; this is done in
Section 2.6.

Soft thresholding consists of pulling each co-ordinate y; towards, but not past, 0 by a
threshold amount A. Section 2.7 develops some of its properties, including a simple oracle
inequality which already shows that thresholding outperforms James-Stein shrinkage on
sparse signals, while James-Stein can win in other ‘dense’ settings.

19
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Section 2.8 turns from risk comparison to probability inequalities on the tails of Lipschitz
functions of a multivariate normal vector. This “concentration” inequality is often useful in
high dimensional estimation theory; the derivation given has points in common with that of
Stein’s unbiased risk estimate.

Section 2.9 makes some remarks on more general linear models Y = AS + oe with cor-
related Gaussian errors e, and how some of these can be transformed to diagonal sequence
model form.

2.1 Sequence models

The simplest finite white Gaussian sequence model has
yi =6; +ez;, i=1,...,n. 2.1

Here (y;) represents the observed data. The signal (6;) is unknown—there are n unknown
parameters. The (z;) are independent N (0, 1) noise variables, and ¢ is the noise level, which
for simplicity we generally assume to be known. The model is called white because the noise
level € is the same at all indices, which often represent increasing frequencies. Typically we
will be interested in estimation of 6.

Equation can also be written in the multivariate normal mean form y ~ N, (6, €21)
that is the central model for classical parametric statistical theory. We write ¢.(y — 6) =
[1; ¢e(yi —6;) for the joint density of (y;) with respect to Lebesgue measure. The univariate
densities ¢e(y;) = (2me?)™1/2exp{—y?/2e2}. We put ¢ = ¢; and ®(y) = [~ ¢(s)ds
for the standard normal density and cumulative distribution function.

Two generalizations considerably extend the scope of the finite sequence model. In the
first, corresponding to indirect or inverse estimation,

v = a;0; + €z;, i=1,...,n, (2.2)
the constants o; are known and positive. In the second, relevant to correlated noise,
yi:0i+€/\i2i, izl,...,n. (23)

Here again the constants A; are known and positive. Of course these two models are equiv-
alent in the sense that dividing by ¢; in the former and setting A; = 1/a; and y; = y;/o;
yields the latter. In this sense, we may regard (2.3)) as describing the general case. In Section
[2.9] we review some Gaussian linear models that can be reduced to one of these sequence
forms.

Among the issues to be addressed are

(i) we imagine (6;) to be “high dimensional”. In particular, as € decreases, the number of pa-

rameters n = n(€) may increase. This makes the problem fundamentally nonparametric.

(i1) what are the effects of («;) or (4;), i.e. the consequences of indirect estimation, or corre-
lated noise, on the ability to recover 6?

(iii) asymptotic behavior as € — 0. This corresponds to a low-noise (or large sample size)
limit.

(iv) optimality questions: can one describe bounds for minimum possible error of estimation
and estimators that (more or less) achieve these bounds?
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2.2 Penalized Least Squares, Regularization and thresholding

Two common, and related, methods of deriving and motivating estimators are via penalized
least squares and via Bayes rules. We discuss the first here and the second in the next section.

We begin with model (2.2)), which for a moment we write in matrix form ¥ = A6 + ez,
with A = diag(o;). The unbiased and least squares estimate of 6 is found by minimizing
6 — ||Y — AB|3. If 0 is high dimensional, we may wish to regularize the solution by
introducing a penalty function P(6), and minimizing instead the penalized least squares
criterion

0(0) = |IY — 405 + AP(0).

Since A is diagonal, the “data term” is a sum of individual components and so it is natural
to require that the penalty also be additive: P(6) = >_ p;(6;), so that

0(0) = (i —i6)* + Api (),

Two simple and commonly occurring penalty functions are quadratic: P(0) = > w; 07 for
some non-negative constants ;, and ¢'* power: P(0) = |01 = >_7_, 16:]4.

The crucial regularization parameter A determines the relative weight given to the sum of
squared error and penalty terms: much more will be said about this later. As A varies from 0
to +00, we may think of the penalized estimates 6(A) as forming a path from the roughest,
least squares solution 6(0) = (y;/¢;) to the smoothest solution 8 (co) = 0.

Since Q(f) has an additive structure, it can be minimized term by term, leading to a
univariate optimization for each coefficient estimate 6;. This minimization can be done ex-
plicitly in each of three important cases.

(i) €» penalty: p;(6;) = w;07. By differentiation, we obtain a co-ordinatewise linear
shrinkage estimator of ridge type

=T Vi (2.4)

(ii) £, penalty: p(6;) = 2|6;|. We take «; = 1 here for convenience. Considering only a
single co-ordinate and dropping subscripts i, we have

0(9) = (y — 0)> +2A10],
so that for 8 # 0,
50'(0) = —y 4+ 0 + Asgn(6).

while at § = 0, the derivative is replaced by the subdifferential, the interval [—y—A, —y+A].
Consequently, the £;—penalized least squares estimate uses soft thresholding at threshold A:

y—2A y>A
0r(y) =10 Iyl =4 (2.5)
y+A y < —A.

As evident from Figure the estimator ) is characterized by a threshold zone y €
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[=A, A], in which all data is set to 0, and by shrinkage toward 0 by a fixed amount A when-
ever y lies outside the threshold zone: |y| > A. The thresholding is called ‘soft’ as it is a
continuous function of input data y. When applied to vectors y = (y;), it typically pro-
duces sparse fits, with many co-ordinates 6, ; = 0, with larger values of A producing greater
sparsity.

(iii) £ penalty. p(6;) = I{6; # 0}. The total penalty counts the number of non-zero
coefficients:

P(#) =) p(6;) =#i: 6 #0}.

Again considering only a single coordinate, and writing the regularization parameter as A2,

0(0) = (y —0)> + A21{0 # 0}.
By inspection,
min Q(6) = min{y?, A%},

and the £o—penalized least squares estimate is given by hard thresholding at threshold A:

A A
b, = {y Iyl >

2.6
0 <A (20

This estimator ‘keeps’ or ‘kills’ the data y according as it lies outside or inside the threshold
zone [—A, A]. Again 6, produces sparse fits (especially for large 1), but with the difference
that there is no shrinkage of retained coefficients. In particular, the estimate is no longer a
continuous function of the data.

éx(?/)

Figure 2.1 Left panel: soft thresholding at A, showing threshold zone and
shrinkage by A towards 0 outside threshold zone. Dashed line is 45 degree line.
Right panel: hard thresholding, with no shrinkage outside the threshold zone.

2.3 Priors, posteriors and Bayes estimates

We will make heavy use of the Bayesian machinery of priors and posteriors and of the
decision theoretic ideas of loss functions and Bayes estimators. The ideas and notation are
introduced informally here; some more detail is postponed to Chapter ]
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Suppose we have a prior probability distribution 7(d6) on R”, and a family of sampling
distributions P(dy|6), namely a collection of probability measures on the sample space
Y = R”" indexed by 6. Then there is a joint distribution 77 P on ® x ) and two factorizations
into marginal and conditional distributions:

nP(df,dy) = n(df)P(dy|0) = Pr(dy)m(db]y).

Here P (dy) is the marginal distribution of y and 7 (d8|y) the posterior for 8 given y.

Now suppose that all sampling distributions have densities with respect to Lebesgue mea-
sure, P(dy|6) = p(y|0)dy. Then the marginal distribution also has a density with respect
to Lebesgue measure, P, (dy) = p(y)dy, with

p0) = [ P10,
and we arrive at Bayes formula for the posterior distribution
p(y|0)m(do)
py)

A loss function associates a loss L(a, ) > 0 with each pair (@, ) in which a € R”
denotes an action, or estimate, chosen by the statistician, and § € R” denotes the true
parameter value. Typically L(a,0) = w(a — 0) is a function of a — 6. Our chief examples
here will be quadratic and g—th power losses:

n(dfly) =

n

w(t) =17 01, wiey =g =3 [l

i=1
Here Q is assumed to be positive definite. Given a prior distribution v and observed data y,
the posterior expected loss (or posterior risk)

E,L(a.0) = / L(a,0)7(d6]y)

is a function of a (and y). The Bayes estimator corresponding to loss function L is obtained
by minimizing the posterior expected loss:

O, (y) = argmin, Ey, L(a, 0). 2.7

For now, we assume that a unique minimum exists, and ignore measure theoretic niceties.
Another, equivalent definition, is given in Chapter 4]

The Bayes risk of prior m is the expected value—with respect to the marginal distribution
of y—of the posterior expected loss of én:

B(m) = Ep,EyL(6x(y).0). (2.8)

Example 1. Quadratic loss and posterior mean. Suppose that L(a, ) = (a—60)T Q(a—0)
for some positive definite matrix Q. Then a — E, L(a, 8) has a unique minimum, given by
the zero of

VeEyL(a.0) = 20[a — E, 0],
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and so the Bayes estimator for a quadratic loss function is just the posterior mean
O0r(y) = Ey0 = E(0]y). (2.9)

Note, in particular, that this result does not depend on the value of Q > 0. The posterior
expected loss of 6, is given by

E[L(8x,0)|y] = E[6 — E0])]" Q[0 — E(6]y)] = t[QCov(8]y)].

Conjugate priors for the multivariate normal. Suppose that the sampling distributions
P(dy|6) is multivariate Gaussian N, (6, ) and that the prior distribution 7 (d6) is also
Gaussian: N, (6y, T). Then the marginal distribution P, (dy) is N(6y, X + T') and the pos-
terior distribution 77 (d6|y) is also multivariate normal N (6, , X, )—this is the conjugate prior
property. Perhaps most important are the formulas for the posterior mean and covariance
matrix:

O, ="'+ T H'E Ty +T76), Z,=E'+T7H! (2.10)
and the equivalent forms

O, =T(T + ) 'y + (T + X) "6y, 2, =T-T(T+X)'T. (2.11)

Before the derivation, some remarks:

The posterior mean 6, is a weighted average of the data y and the prior mean 6y: the
first formula shows that the weights are given by the data and prior precision matrices X!
and T ! respectively. The posterior precision E;l is the sum of the prior and data precision
matrices, and notably, does not depend on the data y! Hence, in this case, the Bayes risk
(2.8) is just B(r) = QX

In the important special case in which the prior mean 6, = 0, then 6, = Sy is a linear
shrinkage rule, shrinking toward 0.

The quadratic regularization estimates discussed in the previous section can be interpreted
as Bayes estimates for suitable priors. In the orthogonal setting (A = [I), estimate
corresponds to posterior mean for a prior  ~ N(0,A71Q~1) with Q = diag(w;) and
sampling variance ¥ = I.

Proof Recall the basic formula for conditional distributions in the multivariate normal set-

ting. Namely, if
(’ 1) NN (El) (Ell 212)
Y2 92 ’ 221 E22

yily2 ~ N(61)2, Z1p2)
0112 = 01 + 12255 (y2 — 62)
Tip =211 — 21235, Tag.

with 221 = 2/12, then

Apply this to the joint distribution that is implied by the assumptions on sampling distribu-
tion and prior, after noting that Cov(6, y) = T,

C)~[&)-( ris)]
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which yields formulas for the posterior mean and variance, after noting that
I-TT+X)'=(T+3%)".
Formulas may then be recovered by matrix algebra, using the identity
T-T(T+X)'T=T"'+3xHL O
Exercise [2.1] gives an alternate derivation that leads directly to formulas (2.10).
Product priors and posteriors. Suppose that the components of the prior are indepen-
dent, w(d0) = [; mi(d;), and the sampling distributions are independent, each depending

on only one 6;, so that P(dy|0) = []; P(dy;|6;). Then the posterior distribution factorizes
also:

w(df]y) = [ [ (d6:1y:). (2.12)

1

In this situation, then, calculations can be done co-ordinatewise, and are hence generally
much simpler.

Additive Loss Functions take the special form

L(a.0) =) {(ai. ). (2.13)

Under the assumption of product joint distributions, we have just seen that the posterior
distribution factorizes. In this case, the k—th component of the posterior expected loss

E,b(a;. 6;) = / Uar, 6,)7(d6;|y;)

can be computed based on (a;, y;) alone. As a result, the posterior expected loss E, L(a, 0)
can be minimized term by term, and so the Bayes estimator

O (y) = argming, Ey Y £(ai, 6;) = (6, (1)) (2.14)
i
is separable: the k—th component of the estimator depends only on y;.
Consider in particular the g—th power loss functions
Ly(@.0) =) |a; —6;]9.
i
The preceding discussion on separability allows us to focus on a single co-ordinate, and

0, (y1) = argmin,, / la — 61|97 (d6;|y1).

The posterior expected loss on the right side is strictly convex if ¢ > 1. Some particular
cases are familiar: ¢ = 2 corresponds to the posterior mean, ¢ = 1 to the posterior median,
and ¢ = 0 to the posterior mode (for discrete ). Indeed, for the case ¢ = 1, recall the
standard fact thata — [ |a — 0| F(d6) is minimized at any median ay, a point ao for which
F ((—00,a0)) > 5 and F([ag, >0)) > 3.
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To explain the expression ¢ = 0, note that since limy_¢ |d|? = I{d # 0}, we may
think of Lo(a,0) = #{k : a; # 0;} as counting error. For a discrete prior, n(df) =
> piSe,(dO), and we observe that

E[Lo(ay,01)|y] = P(61 # ai|y1)

is minimized by choosing a; = argmax,, P ({6;}|y:), in other words, the posterior mode—
the most likely discrete value of 6 given the observed data.

In the next section, we look at some examples involving the posterior median. For the
remainder of this section, we return to squared error loss and consider the Gaussian sequence
model.

Suppose, consistent with (2.3), that the sampling distributions of y;|6; are independently
N(b;,07), fori = 1,...,n. Assume independent conjugate priors 6; ~ N(6;, t7). This is
just the diagonal form of the multivariate Gaussian model considered earlier. Putting ¥ =
diag(c?) and T = diag(c?) into the earlier formulas (2.10)- yields the marginal
distribution y; ~ N(6o;,07 + 7). The posterior law has 6;|y; ~ N(Oyk, o;,k), with the
two formulas for the posterior mean given by

072y + 1 %00i  tFyi + 0760,

0, = = , 2.15
vk o072+ 172 7 + 0} (2.15)

and the forms for the posterior variance being

2.2
5 1 1707

o, = = 1. 2.16
N (2.16)

Thus, for example, the posterior mean

Oo  if o > 17,

0 kK~
Vs i if 2> o2,

corresponding to very concentrated and very vague prior information about 6 respectively.

Remark on notation. Formulas are often simpler in the case of unit noise, € = 1, and we
reserve a special notation for this setting: X ~ N, (u, I), or equivalently

Xi=pwi+z, oz KN, 2.17)
fori = 1,...,n. Itis usually easy to recover the formulas for general € by rescaling.

Examples. 1. There is a useful analytic expression for the posterior mean in the Gaussian
shift model X ~ N, (u, I). Writing p = m » ¢ for the marginal density of x, we have

fin) = [ b = i)/ o).

The standard Gaussian density satisfies

d
Z)xl-

P(x) = —xip(x),
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and so by rewriting 4 = x + (u — x), we arrive at
R X
Ar(x) = x + 00 =x + Vlog p(x), (2.18)

which represents the Bayes rule as the perturbation of the maximum likelihood estimator
[Lo(x) = x by a logarithmic derivative of the marginal density of the prior. [Remark on
use. |

If the prior w(du) = y()du has a differentiable density that satisfies, for all u,

[Viegy(m)ll < A, (2.19)

then representation (2.18) shows that [i, (x) has bounded shrinkage: || i (x) — x| < A for
all x. Indeed, observing that (9/0x;)¢(x — u) = —(9/du;)p(x — ), we have

(Op/0x;)(x) = /—(8¢/3ui)(x —wy(wdp = f(ay/aui)qb(x —pn)du

where we used (2.19) to conclude that y ()¢ (x — ) — 0 as u — oo. Consequently,

IViog p(x)|| < / IVIog y(wll¢(x — wy(mdp/p(x) < A. (2.20)
2. Discrete priors will play an important role at several points in this book. Here consider
the simplest case, a symmetric two point prior concentrated on {—t, t}:
e = %(51 +3-2).
The posterior also concentrates on {—t, T}, but with posterior probabilities given by

%qb(x - 1) et

m(iwil) = 1p(x—1) +3¢(x + 1) T e et (221)
so that
a({t}x) > w(—7|x) iff x>0. (2.22)
The posterior mean lies between —t and +1:
A (x) = E (u]x) = ttanh x, (2.23)
and the posterior variance is found (try it!) to be
) 2
E[(IJ« - En(mx)) |x] = cosh?7x”
and the Bayes risk
Bl = 2o~ [ 24X (2.24)

—oo COShTX
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2.4 Sparse mixture priors and thresholding

A simple model for a sparse high dimensional vector is that its components are drawn i.i.d.
from a distribution with a (large) atom at 0 and the remaining probability from a density on
R\{0}. Such sparse mixture priors will occur in several later chapters. In this section, con-
tinuing our initial exploration of Bayes estimators, we explore some properties of a simple
class of such priors, and focus in particular on the properties of the posterior median as a
thresholding rule.

Consider then the sequence model with noise level 1. Let the co-ordinates p; be
distributed i.i.d as the ‘sparse prior’

m(du) = (1 —w)do(dp) + wy(w)du. (2.25)

Thus, with probability 1 — w, the mean u; is zero, while with probability w, the value is
drawn from a probability density y (i) with respect to Lebesgue measure, which we assume
to be symmetric and unimodal. The non-zero probability w = w{u # 0} can take any value
in [0, 1], but is small in sparse cases. The marginal density for x = x; is

p(x) = / $(x — w(d) = (1 — w)(x) + wg(x),

where the convolution g(x) = ¢ » y(x) = [ ¢(x — u)y(u)dp. The posterior densityE]is
given by

(I =w)ep(x)/p(x) =1-w(x) ifpu=0
wy(We(x —w)/px) = wx)y(plx) if o # 0,
where the posterior non-zero probability w(x) = P(u # 0|]x) = wg(x)/p(x) and the

conditional posterior y(u|x) = y(u)¢(x — 1)/ g(x). Expressing probabilities p in terms of
odds p/(1 — p), we have

wx) _ Pp#O0[x)  w g
l—w() Pp=0]x) l-wedx)
Thus the ratio of posterior to prior odds of nonzero u equals the density ratio g(x)/¢ (x).

We verify that this ratio is monotone increasing. Decompose g(x) into parts g4 (x) and
g—(x) corresponding to integrals over ;& > 0 and u < 0 respectively. Thus, for example

i = | 22

0

(6-/$)(x) = / Iy () dp, 2.27)

—o0o
Since the prior density y is symmetric about 0, this transforms to an integral over (0, co)
simply by changing the sign of x, and so

(¢/#)(x) =2 /0 cosh(x)e ™y (), (2.28)

which increases from (g/¢)(0) < 1 to 400 as x increases from 0 to 4+occ. This accords with
the natural intuition that the posterior odds of & # 0 should increase as the observed value
x moves further away from 0—in either direction.

1 here, to be precise, density means Radon-Nikodym derivative with respect to the (slightly non-standard)
dominating measure v(du) = do(du) + du.
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We can now show that use of the sparse prior model (2.17) and (2.25) and the posterior
median—Bayes estimate for £, loss—implies the existence of a threshold zone, along with
the other qualitative properties illustrated in Figure

1-w /

X

Figure 2.2 Top left: sparse prior with atom of probability 1 — w at 0, bottom left:
posterior density after observing x > 0, with atom 1 — w(x) at 0. Right: posterior
median estimator ft (x) showing threshold zone x € [—f(w), t (w)].

Proposition 2.1 Suppose that the prior has mixture form for w > 0 and that the
non-zero density y(w) is symmetric and unimodal. The posterior median i (x) is

(a) monotone in x and antisymmetric: fi(—x) = —fi(x),

(b) a shrinkage rule: 0 < 1(x) < x for x >0,

(c) a threshold rule: there exists t (w) > 0 such that (i(x) = 0 if and only if |x| < t(w).

(d) Finally, the threshold t(w), as a function of w, is continuous and strictly decreasing
fromt =ococoatw =0tot =0atw = 1.

Proof (a). Itis helpful at several points to work with odds and odds ratios, due to felicitous
cancellations. Thus, if © < u’ and x < x’, then

(' ) () _
7 () (')

Moving the denominator to the right side and integrating with respect to the dominating
measure over i < m and u’ > m, we obtain

exp{(i’ — W (x" —x)} > 1.

P(p > mlx")P(u = m|x) = P(u < m|x") P(n > m|x).

Consequently P(u < m|x) is decreasing in x and so the posterior median ft(x) is monon-
tone increasing in x. The anti-symmetry of the posterior median is immediate from the
symmetry of the prior and the Gaussian error density.

(b). From the first expression in (2.26) and the definition of g_, we have

wg—(x)
(I —w)g(x) + wg(x)
If x > 0, then g_(x) < g(x)/2 using the symmetry of y, and so P(u < 0|x) < 1/2 and

P < Olx) = (2.29)
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hence the posterior median j1(x) > 0. The posterior probability P (i < x|x) may be written
as a similar ratio, now with numerator w f_xoo ¢(x—pu)y(u)du, and so a similar comparison
argument shows that P(u < x|x) > 1/2, so that fi(x) < x.

(c). From the posterior density we know that P{y = O | x} > 0 if the non-zero
weight w < 1. Since by symmetry P{iu < 0| x = 0} = P{u > 0| x = 0}, we conclude
that

Plu<0lx=0<i<P{u<0|x=0}

so that fi,(0) = 0, which is also clear by reason of symmetry. More importantly, from

(2.29), and the monotonicity of (g/¢)(x), we see that both x — P{u < 0| x} and
P{u < 0| x} are continuous and strictly decreasing functions, and so the previous display
remains valid on an inferval: —t(w) < x < t(w), which is the threshold zone property.

(d). From the analog of (2.29) for P(u > 0|x), the threshold ¢ = #(w) satisfies

2wg (1) = (1 —w)p(r) + wg ().

Dividing by w¢(¢), and rearranging in a manner analogous to (2.28) yields

o0

wl=14+(gsr—g)/p=1+ 2/ sinh(t,u)e‘“z/zy(u)du.
0

This equation shows that w is a continuous and strictly increasing function of 7, from w = 1
att =0tow =0att = oco. O

The tails of the prior density y have an important influence on the amount of shrinkage of
the posterior median. Exercise [2.3]outlines the proof of

Proposition 2.2 Assume that the prior density has logarithmic derivative bounded by A,
(2.19). Then the posterior median has bounded shrinkage: for all x,

(e, w) — x| < t(w) + A+ 2. (2.30)

Remark. The condition implies, for u > 0, that log y(u) > log y(0) — Au and so,
for all u, that y(u) > y(O)e‘A“". Hence, for bounded shrinkage, the assumption requires
the tails of the prior to be exponential or heavier. Gaussian priors do not satisfy (2.30), and
indeed the shrinkage is then proportional to x for large x. Heuristically, this may be seen
by arguing that the effect of the atom at 0 is negligible for large x, so that the posterior is
essentially Gaussian, so that the posterior median equals the posterior mean, and is given,

from (2.16) by
Y/ + )=y —y/@+ D).

Concrete examples. Two priors which are suited to explicit numerical calculation in soft-
ware are the Laplace density

Va(p) = 3ae” M,
which satisfies (2.19), and the quasi-Cauchy density

V) = . [l_luli(lul)]
V2m A
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so named because the tails of the density decay like 1/u2. Here, as usual, ®(¢) = 1 — ®(7).
It arises as a scale mixture of normals p|t ~ N(0, 77! — 1) with 7 ~ Beta(%, 1).

For example, in the case of the Laplace density, the following formulas may be verified
(Exercise [2.4|fills in some details.) First, define

_gw _ _afe @ _
ﬂ(x)—¢(x) 1—2|:¢(x a)+¢(x+a)i| 1.
Then, for the posterior median, using (2??),

A(x) = max{0,x —a — ' (z0)}, (2.31)
with zg = a™'¢(x — a)[w™" + B(x)]. One can verify that as x — oo,
B(x) ~ 3a/¢(x —a), 20~ 3, f(x) ~x —a.

In particular, we see the bounded shrinkage property—for large x, the data is pulled down
by about a. The threshold ¢ = #(w) and the weight w = w(¢) are related by

w®)™" = a(®/$)(t —a) — B(). (2.32)

2.5 Mean squared error and linear estimators

We have described a large class of estimators that can be obtained using priors and regu-
larization penalties and so it is natural to ask: how might we compare their properties? The
simplest and most common approach is to study the mean squared error

r0.0) = Elld — 0> = B Y [G:n - 6]
i=1

Let us begin with the sequence model y ~ N, (6, €21) and the class of linear estimators

bc(y) = Cy

for some n x n matrix C. The class of linear estimators includes smoothing splines, seen in
Chapter 1] kernel estimators (Chapter [3)) and other frequently used methods.

For any estimator 6, linear or not, the mean square error splits into variance and (squared)
bias terms, yielding the variance-bias decomposition:

E|6 6| = E|I§ - EO|* + | E§ — 6]
R R (2.33)
= var(6) + bias*(9).
More specifically, since ||é — Eé||2 = tr(é — Eé)(é — Eé)T, we have
Var(é) = tr[COV(é)].
For linear estimators ¢, clearly Cov(Cy) = €2CCT and so
Var(éc) =crcct = cfc.

The bias E6 — 6 = (C — I)6, and hence the mean squared error becomes

r(0c.0) = uCTC + |(I — C)0%. (2.34)
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[Note that only second order distributional assumptions are used here, namely that Ez = 0
and Cov(z) = 1.]

The mean squared error is a quadratic function of 0, and the squared bias term is un-
bounded except when C = [. In this case 6;(y) = y is the maximum likelihood estimator
(MLE) and is exactly unbiased for 6. The MSE of the MLE is constant,

r(0;,0) = ne2,

Thus, with linear estimators we already see the fundamental issue: there is no single estima-
tor with uniformly best mean squared error, compare Figure

r(6,0)

r(0;,0) N\

\ / ne’

ctr0’c _——=
0 116]]

Figure 2.3 The mean squared error functions of linear estimators are quadratic,
with smaller risk near 0, unless C = I, in which case the risk is constant. In
particular, no single linear estimator is uniformly best for MSE. Plot assumes

C = cI for some c, so that r(éc, ) is a function of ||| only. A qualitatively
similar picture holds for general C.

One way to exclude poor estimators is through the notion of admissibility. We say that
estimator 6 is inadmissible if there exists another estimator 6’ such that R(G’ 0) <R (9 0)
for all 0, with strict inequality occurring for some 6. Such an estimator 0’ is said to dominate
6. And if no such dominating 6’ exists, then the original estimator d is called admissible.
Admissibility itself is a rather weak notion of optimality—indeed, inadmissibility results are
often of more interest than admissibility ones.

The most important (and surprising) fact about admissibilty is that the MLE 0 1 is inadmissible
exactly when n > 3. Indeed the positive part James-Stein estimator

075t (y) = (l—w) y (2.35)
EEA

dominates the MLE everywhere: r(675%,0) < ne? = r(8;,6) forall § € R",n > 3. A
short proof is given in the next section.

We can now describe a nice result on inadmissibility for linear estimators. We saw in §I.1]
that smoothing splines shrink all frequencies except possibly for a low dimensional subspace
on which no shrinkage occurs. In fact, all reasonable, i.e. admissible, linear estimators must
behave in this way.
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Theorem 2.3 Suppose that y ~ N, (0,€*1). The linear estimator bc (y) = Cy is admis-
sible (for squared error loss) if and only if C

(i) is symmetric,
(ii) has eigenvalues 0 < A;(C) < 1, and
(iit) has at most two A;(C) = 1.

Proof We show only that each of these conditions is necessary for admissibility: if the
condition fails we show how to construct a dominating estimator. (i) We use the notation
|A] = (AT A)Y/? and the fact (Exercise that tr4 < tr|A|, with equality only if A is
symmetric, AT = A.

Let D be defined via the identity / — D = |I — C|; clearly D is symmetric, and we
use the variance-bias decomposition to show that the MSE of 6p is everywhere better
than that of 8¢ if C is not symmetric. Since

(I=D)'(I-D)=-CP=(-C)"-0C),
the two estimators have the same (squared) bias. Turning to the variance terms, write
tr DTD =trI —2tr(I — D) +tr(I — D)7 (I — D). (2.36)

Comparing with the corresponding variance term for bc, we see that tr DTD < trCTC if
and only if

tt(l —D)=tr|l —C|>tr({ —C)

which occurs if and only if C fails to be symmetric.

(i) As we may now assume that C is symmetric, we can find a decomposition C =
UAUT with U orthogonal and A = diag(A;) containing the (real) eigenvalues of C. Now
change variables to n = UT@ and x = UTy ~ N(n,€2I). Since E||Cy — 0|?> = E||A —
n||?, we have

r(c.0) = r(ia.m =Y A2+ 0= )02 = > r(din).

14

Clearly, if any eigenvalue A; ¢ [0, 1], a strictly better MSE results by replacing A; by 1 if
Ai >1landbyOifA; <O.

(iii) Now suppose that A; = ... = Ay = 1 > A; fori > d > 3, and let x4 =
(x1,...,xq). We have noted that the positive part James-Stein estimator is everywhere better
than 77 (x4) = x?. So if we define a new estimator 7 to use 7”5 on x? and to continue to
use A;x; fori > d, then

r@.n) = r@’S 0" + Y rQam) < r(A ),
i>d

and so 7] dominates 75 and hence fc. .
For the converse, that conditions (i)-(iii) imply that f¢ is admissible, see |Cohen| (1966).
For the special case of the univariate MLE, see Remark [4.3]below. O

This still leaves a lot of linear estimators, to say nothing of the non-linear ones. To choose
among the many admissible (and near admissible) rules, other criteria are needed. Thus, we
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might also compare estimators by their maximum risk, seeking to find estimators whose
maximum risk is as small as possible:
R, = inf sup Eg||6 — 6.
0 feRr”

Here the infimum is taken over all estimators, linear or non-linear. We take up the systematic
study of minimaxity in Chapter Ml For now, we mention the classical fact that the MLE
0r(y) = y is minimax:

R, = ne? = sup Eg|ly — 0> (2.37)

OeRr”

(This is proved, for example, using Corollary {f.9]and Proposition {.T3).
Remark 2.4 We digress briefly to record for later use some information about the smooth-
ness of the risk functions of general estimators 6. For y ~ N, (6, €21) and quadratic loss,
the risk function & — (6, 0) is analytic, i.e. has a convergent power series expansion, on
the interior of the set on which it is ﬁniEe. This follgws, for example, from|Lehmann and Ro-
mano| (2005, Theorem 2.7.1), since (6, 0) = [ |0(y) — 0||*¢(y — 0)dy can be expressed
in terms of Laplace transforms.

Mallows™ Cy. There is a simple and useful unbiased estimate of the MSE of linear esti-
mators O¢. To derive it, observe that the residual y — 8¢ = (I — C)y, and that the mean
residual sum of squares (RSS) satisfies

Elly=6c|? = E|(I = C)(6 + e2)|> = € (I = CY(I = C) + (I = C)f[>. (2.38)
Consequently the Cyp -statistic, denoted here by U,
U(y) = |ly — bc|® —ne* + 2eu C
is found, by combining (2.38)) and (2.34)), to be an unbiased estimate of MSE:
E{U} = E|lfc —6|”.

Here is one application. If the matrix C = C(A) depends on a ‘shrinkage’ or ‘bandwidth’
parameter A, and if €2 is known (or can be estimated), then one possibility is to choose A to
minimize the C;, estimate of MSE:

A= argmin, U, ()
Up(y) = |ly = CA)y|? — ne? + 262t C(L). (2.39)

When applied to orthogonal projections, the criterion is called Mallows’ C,,.

2.6 The James-Stein estimator and Stein’s Unbiased Risk Estimate

We have seen that Mallows” Cp provides an unbiased estimate of the risk of a linear rule
0(y) = Cy. In fact, there is a wide-ranging generalization: [Stein| (1981) gave a formula for
an unbiased estimate of the mean squared error of a nearly arbitrary function of a multivariate
Gaussian variate. Although the identity itself involves little more than integration by parts,
it has proved powerful and influential.
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Suppose that g is a nice function of a single variable z € R. Integration by parts and the
rapid decay of the Gaussian density’s tails show that

[ ez = [ - Lo@la: = [ ¢
IftZ ~ N,(,7)and g : R" — R, the formula becomes
E[Zig(2)] = E[Dig(Z2)]. (2.40)
Suppose now that g is vector valued, g : R® — R”, that X ~ N, (u, I) and define the

divergence
0
Vig=) Digi=) —ag.
g Xl: i8i lZ x; &i
We may then rewrite the penultimate display as

E(X—puw)7"g(X)=EVTg(X), (2.41)

Regularity conditions do need attention here: some counterexamples are given below. It
is, however, enough in (2.40) and (2.41) to assume that g is weakly differentiable: i.e. that g
is absolutely continuous on all line segments parallel to the co-ordinate axes, and its partial
derivatives (which consequently exist almost everywhere) are integrable on compact sets.
Appendix [C.15| gives the conventional definition of weak differentiability and the full proof
of (2.41) and the following important consequence.

Proposition 2.5 Suppose that g : R" — R” is weakly differentiable, that X ~ N, (u, 1)
and thatfori =1,...,n, E,|X;g;(X)| + E|D;gi(X)| < co. Then

EullX +g(X) — pl* = Epln +2V7g(X) + | g(X)]%}. (2.42)
Remarks. 1. The expression
U(x) = n+2V'g(x) + [lg(x)]?

is called Stein’s unbiased risk estimate (SURE). In the particular case of a linear estimator
f(x) = Cx, itreduces to Mallows’ Cr.Indeed g(x) = (C—1I)x andso VI g(x) = trC —n
and so

Ux)=—-n+2trC + ||(I — C)x||2.

2. Soft thresholding satisfies the weak differentiability condition. Indeed, writing fis (x) =
x + gs(x), we see from (2.5) that

—A X; > A
gsi(X) = 4—x;i |xi| <A (2.43)
A X < A

is absolutely continuous as a function of each x;, with derivative bounded by 1.

3. By contrast, hard thresholding has fi g (x) = x + gg (x) with gg; (x) = —x; I {|x;]| <
A}, which is not even continuous, and so the unbiased risk formula cannot be applied.

4. Generalization to noise level € and more generally to Y ~ N, (6, V) is straightforward
(see Exercise [2.6).
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The James-Stein estimate. For X ~ N, (i, I), the James-Stein estimator is defined by

(75 (x) = (1 — E)x, (2.44)
[lx11?
and was used by [James and Stein| (1961)) to give a more explicit demonstration of the in-
admissibility of the maximum likelihood estimator fM%% (x) = x in dimensions n > 3.
[The MLE is known to be admissible for n = 1, 2, see e.g. Lehmann and Casella (1998,
Ch. 5, Example 2.5 and Problem 4.5).] Later, Stein| (1981)) showed that the inadmissibil-
ity may be verified immediately from the unbiased risk formula (2.42). Indeed, if n > 3,
g(x) = —(n — 2)||x||"x is weakly differentiable, and

D,-g<x)=—(n—2)( L 2’“'2)

Il lxl*

so that V7 g(x) = —(n — 2)?||x||=2 and so the unbiased risk estimator

Ux) =n—(n—2)%|lx| 7.

Consequently
AJS _ 2 -2
r(’ . p) =n—(n—=2)"E,| X[, (2.45)
which is everywhere smaller than r (AMLE ©) = E, ||x — u||*> = n so long as n > 3.

Remarks. 1. Where does the factor n — 2 come from? A partial explanation: the estimator
f(x) = (1 — B/[Ix]*)x has unbiased risk estimate Ug(x) = n — {28(n — 2) — f2}/[Ix|,
and this quantity is minimized by the choice 8 = n — 2. Note that § = 2(n — 2) has the
same risk as the MLE. Also, we need n > 3 for finiteness of E || X || 72, see (2.48) below.

2. The positive part James-Stein estimator

-2

[75* (x) = (1 - ”—2) x (2.46)
1>/ +

has — necessarily — even better MSE than /5 (Exercise[2.7).

The unbiased risk estimate leads to an informative bound on the mean squared error of
the James-Stein rule.

Proposition 2.6 If X ~ N,(u, I), then the James-Stein rule satisfies
(n =2)||pl?
(n—2) + [[ul?

Proof For general p, the sum of squares || X ||? follows a non-central chisquared distribu-
tion with non-centrality parameter | j||?. The non-central distribution may be realized as a
mixture of central chi-squared distributions x, ,, where N is a Poisson variate with mean
lie]1?/2. (cf. e.g. Johnson and Kotz| (1970, p. 132)). Recall also the formula

E[/x]=1/(n-2). (2.48)

Eulp?s —pl? <24 (2.47)

Hence, by conditioning first on N, and then using (2.48)) and Jensen’s inequality,
Ell/Xnson] = E[1/(1 =2 +2N)] = 1/ (1 = 2 + [|n])-
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Substituting into the unbiased risk formula (2.43]), we obtain

AJS (n - 2)2
rRS ) <24 (-2 - —S
n—=2+ul?
which yields the desired result after rearrangement. O
n=8 n=80
‘ ‘ ‘ 80 ‘ ‘
607
m — Bound
0 40} ---JS
—JS+
20
0 : ‘ ; : 0 ‘ ‘ ‘
0 2 4 6 8 10 0 10 20 30 40
Ikl 1]

Figure 2.4 Exact risk functions of James-Stein rule /5 (dashed) and positive part
James-Stein 1751 (solid) compared with upper bound from right side of 2.47). In
the right panel (n = 80) the three curves are nearly indistinguishable.

Figure [2.4] illustrates several important aspects of the risk of the James-Stein estimator.
First, the improvement offered by James-Stein relative to the MLE can be very large. For
w = 0, we see from (2.43)) and (2.48)) that (275, 0) = 2 while r (AMLE, 1) = n.

Second, the region of significant savings can be quite large as well. For ||w||*> < Bn, the
upper bound is less than (1 + Bn)/(1 + B) so that, for example, if || ||*> < 4n, then
the savings is (roughly) at least 20 %.

Third, the improvement offered by the positive part estimator can be significant for both
||l and n small, but otherwise the simple upper bound gives a picture of the risk
behavior that is accurate enough for most purposes.

Remarks. Exerciseprovides details on the exact risk formulas for /175* used in Figure
It is known, e.g. Lehmann and Casella (1998, Example 5.7.3), that the positive part
James-Stein rule cannot be admissible. While dominating estimators have been found, (Shao
and Strawderman), [1994), the actual improvement over /i75% seems not to be of practical
importance.

Direct use of Jensen’s inequality in (2.45)) yields a bound inferior to ([2.47), Exercise [2.8]

Corollary 2.7 Let fi.(x) = cx be a linear shrinkage estimate. Then

(@’ ) £ 24 infr(fe. ). (2.49)
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Proof The MSE of a linear shrinkage estimator fi. is
EleX —pl* = c2n 4+ (1 —c)?||pu]?. (2.50)

In an idealized situation in which ||x| is known, the ideal shrinkage factor ¢ = ¢’5(u)
would be chosen to minimize this MSE, so that

Is 2112
(n) = , (2.51)
n+ |ul?
and
L nllpll? (n —2)||?
infr(fic, u) = > , (2.52)
¢ nA+pl? 7 n =24 fu?
so that we need only refer to the preceding proposition. O

This is an example of an oracle inequality:

r(7S, p) <2+ 1A', ), (2.53)

the risk of a bona fide estimator /1”° is bounded by the risk of the ideal estimator /15 (x) =
¢S (u)x, (unrealizable in practice, of course) plus an additive constant. In high dimensions,
the constant 2 is small in comparison with the risk of the MLE, everywhere equal to . On
the other hand the bound (2.53)) is sharp: at ;& = 0, the unbiased risk equality (2.43)) shows
that 7(275,0) = 2, while the ideal risk is zero.

The James-Stein estimator 175 can be interpreted as an adaptive (quasi-) linear estimator.
The ideal shrinkage constant ¢/S (1) = 1 —n/(n + ||1]|?) and we can seek to estimate this
using X. Indeed, E||X||> =n + ||u||? and so E|| X |2 > 1/(n + ||;]|?), with approximate
equality for large n. Consider therefore estimates of the form ¢(x) = 1 — /||x||?> and note
that we may determine 8 by observing that for © = 0, we have E¢ = 1—8/(n —2) = 0.
Hence B = n — 2, and in this way, we recover precisely the James-Stein estimator.

For use in the next section, we record a version of for arbitrary noise level.

Corollary 2.8 Let Y ~ N, (0, €2I). The James-Stein estimate 075+ (y) in ([Z33) satisfies
ne?|0|?

ENGS* ) <2 4 IO
1o =2 e e

2.7 Risk of soft thresholding

A brief study of the mean squared error properties of soft threshold estimators both illustrates
some of the preceding ideas and allows for a first comparison of thresholding with James-
Stein shrinkage. Chapter [§]has a more systematic discussion.

1°. Initially we adopt the unit noise setting, X ~ N, (i, ) and evaluate Stein’s unbiased
risk estimate for i) (x) = x + gs(x), where the form of gg(x) for soft thresholding was
given in (2.43)). We have (dgs,;/0x;)(x) = —I{|x;| < A} and so

Eu|l () = ul* = EuUs(x)]

" " 2.54
Uk(x):n—221{|x,-|5)&}4—2)63/\)&2. @4
1 1
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Since U, (x) depends only on A and the observed x, it is natural to consider minimizing
U, (x) over A to get a threshold estimate )ALSUR E.

2°. Consider the one dimensional case with X ~ N(u,1). Let the (scalar) risk func-
tion rs(A, ) = E,[fis(x) — pn]?. By inserting the definition of soft thresholding and then
changing variables to z = x — i, we obtain

A=

(z —V)2P(2)dz + / (z +1)%p(2)dz.

—00

A—u 00

P(z)dz + /

A—p

rs =i |

—A—p

Several useful properties follow from this formula. First, after some cancellation, one
finds that

9
s (A,p) =2pu®([-2A — p, A — pu]) < 2u, (2.55)

which shows in particular that the risk function is monotone increasing for u > 0 (and of
course is symmetric about u = 0).
Hence the risk increases from its value at © = 0,

oo
rs(A,0) = 2/ (z =22 (2)dz < e H?
A
(where the second inequality is Exercise[8.3) to its value at 1 = oo,
rs(A,00) =1+ A2,

(which follows, for example, by inspection of (2.54)). See Figure[2.5]

1402

(smaller))

(smaller))

I

Figure 2.5 Qualitative behavior of risk function for soft thresholding. Arrows show
how the risk function changes as the threshold A is decreased.

3°. Some useful risk bounds are now easy consequences. Indeed, from (2.55) we have
rs(A, ) — rs(A,0) < u?. Using also the bound at co, we get

r(A, ) < r(A,0) +min(1 4+ A%, u?).
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Making a particular choice of threshold, Ay = +/2logn, and noting that r(Ay,0) <
e™*0/2 = 1/n, we arrive at

r(Au. ) < (1/n) + (2logn + 1) min(u?, 1).

Returning to noise level €, and a vector observation Y ~ N, (0, €21), and adding over the
n coordinates, we can summarize our conclusions.

Lemma 2.9 LetY ~ N,(0,€*I) and 6, denote soft thresholding with A = €./2logn.
Then for all 6,

n
E[6,— 0> <€ + Qlogn + 1)) _ 07 A,

i=1

Comparison of James-Stein and thresholding. It is instructive to compare the bounds
available for the mean squared error of James-Stein estimation and thresholding. Using the
bound % min(a, b) < ab/(a+b) < min(a, b), we find that the main term in the James-Stein
bound Corollary [2.8]is

ne*|0]?

m (S [%, 1] mln(z 91-2,1’162).

For thresholding, looking at the main term in Lemma[2.9] we see that thresholding dominates
(in terms of mean squared error) if

(2logn) Zmin(@f, €?) < min (Z 67, nez) .

For example, with € = 1/./n, and if 0 is highly sparse, as for example in the case of a spike
such as 0 = (1,0,...,0), then the left side equals (2logn)/n which is much smaller than
the right side, namely 1.

Conversely, James-Stein dominates if all |6;| are nearly equal—recall, for example, the
“comb” 6 = €(1,..., 1), where now the left side equals (21logn) - ne? which is now much
larger than the right side, namely ne? = 1.

While thresholding has a smaller risk by a factor proportional to log#n /7 in our example,
note that it can never be more than O (log n) worse than James-Stein, since ) min(6?, €?) <
min (}° 67, ne?).

2.8 A Gaussian concentration inequality

A property of the multivariate normal model that finds frequent use in high dimensional
estimation is the concentration of the distribution of Lipschitz functions. A function f :
R"” — R is said to be Lipschitz(L) if

|fG) = SO = Lix =yl

for all x, y € R". Here |x|| is the usual Euclidean norm on R”. If f is differentiable, then
we can take L = sup ||V f(x)].
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Proposition 2.10 If Z ~ N,(0,1), and f : R* — R is Lipschitz(L), then
P{f(Z) = Ef(Z)+1} <e™/CL), (2.56)
P{f(Z) = Medf(Z) +1} < Le™/CLD), (2.57)

Note that the dimension 7 plays a very weak role in the inequality, which is sometimes
said to be “infinite-dimensional”. The phrase “concentration of measure” refers at least in
part to the fact that the distribution of a Lipschitz(1) function of n variables is concentrated
about its mean, in the sense that the tails are no heavier than those of a univariate standard
Gaussian, regardless of the value of n!

Some statistically relevant examples of Lipschitz functions include

(i) Order statistics. If z(;) > z@) > -++ > z(y) are the order statistics of a data vector z,
then f(z) = zy) has Lipschitz constant L = 1. The same is true for the absolute values
|z|1y = -+ = |z|(n)- Section[8.10] has results on the maxima of Gaussian noise variates.

(ii) Ordered eigenvalues of symmetric matrices. Let 4 be an n x n symmetric matrix with
eigenvalues A1 (A4) > A,(A4) > --- > A, (A). If E is also symmetric, then (e.g. (Golub and
Van Loan, 1996, p. 56 and 396))

Ak (A+ E) — A(A)] = | EllF,
where | E[|F =3, ; e} ; denotes the square of the Frobenius norm, which is the Euclidean
norm on n X n matrices. This is of statistical relevance, for example, if A is a sample covari-
ance matrix, in which case A;(A) is the largest principal component variance.

(iii) Orthogonal projections. If S is a linear subspace of R”, then f(z) = | Psz| has

Lipschitz constant 1. If diim S = k, then || Psz||? 2 Xtxy and so

E|Psz| < {E|Psz|’}'/* = vk
and so the inequality implies
P{IPszll = Vi 41} < e, (2.58)

These bounds play a key role in the oracle inequalities of Chapter[I1.3]

(iv) Linear combinations of x? variates. Suppose that o; > 0. Then f(z) = (}_ o;22)!/?
is differentiable and Lipschitz: |V f(2)||> < |l&|leo. Then a fairly direct consequence of
(2.56) is the tail bound

P{Y a;(Z; 1) > 1} < expt—1?/ (32l ]|lloo)} (2.59)

for 0 < ¢ < |la|l; (Exercise[2.13). This is used for Pinsker’s theorem in Chapter [5.4]
(v) Exponential sums. The function f(z) = log >} exp(Bzx) is Lipschitz(p). It appears,
for example, in the study of Gaussian likelihood ratios of sparse signals, Section|13.

The two concentration inequalities of Proposition [2.10[have a number of proofs. We give
an analytic argument for the first that builds on Stein’s integration by parts identity (2.40).
For the second, we shall only indicate how the result is reduced to the isoperimetric property
of Gaussian measure—see e.g. Ledoux| (2001} for a more complete discussion.

We begin with a lemma that bounds covariances in terms of derivatives.
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Lemma 2.11 Assume that Y, Z ~ N,(0, I) independently and set Y9 = Y cos 0 + Z sin 6
Jor0 < 60 < m/2. Suppose that [ and g are differentiable real valued functions on R" of at
most exponential growth. Then

/2
Cov{f(Y),g(Y)} = /0 E[V f(Y)TVg(Yg)]sin0d6. (2.60)

Exponential growth means that | f(y)| < C exp M |y| for some constants C and M.
An immediate corollary of (2.60) is the Gaussian Poincaré inequality:

Varf(Y) < E||Vf(¥)|.

Proof We may assume that Eg(Y) = 0, since replacing g(y) by g(y) — Eg(Y) changes
neither side of the equation. Now, since ¥ and Z are independent, the covariance may be
written Ef(Y)[g(Y) — g(Z)]. We exploit the path Yy from Yy = Y to Y/, = Z, writing

/2
g¥Y)—g(2) = —/O (d/d0)g(Ye)d6.

We calculate (d/d0)g(Ye) = ZFVg(Yy), where Zg = dYy/df = —Y sinf + Z cosf.
We arrive at

/2
Ef(Y)[g(Y)—g(2)] = —/0 E[f(Y)Zg Vg(Ye)ldb. (2.61)

The vectors Yy and Zj are independent and N, (0, '), being a rotation through angle 6 of the
original Y and Z, Lemma|[C.7] Inverting this rotation, we can write ¥ = Yp cos § — Z sin 6.
Considering for now the i th term in the inner product in (2.61)), we therefore have
E[f(Y)ZgiDig(Yo)] = E[f(Ygcost — Zgsin0)Zy; D;g(¥Yy)]
= —sinf - E[D; f(Y)D;g(Yp)].
where the second equality uses Stein’s identity (2.40) applied to the (n + i)th component

of the 2n-dimensional spherical Gaussian vector (Yg, Zg). Adding over the n co-ordinates i
and inserting into (2.61)), we recover the claimed covariance formula. O

Proof of Concentration inequality (2.56). This uses an exponential moment method. By
rescaling and centering, we may assume that L = 1 and that £ f(Y) = 0. We will first show
that forall ¢ > 0,

E[e7M] < /2, (2.62)

Make the temporary additional assumption that f is differentiable and apply Lemma
to the functions f and g = ¢'/. We have

E[Vf(Y)'Vg(Ye)] = tE[e’ PV f(Y)TV f(Yg)] < tEeT™),

since differentiability and the Lipschitz bound on f entail ||V f|| < 1. Introduce the notation
e*®) = Ee'/() then differentiate with respect to ¢ and use [2.60):

/2
u'(t)e® = E[f(Y)e /D] < / te*® sin 0df = te*®.
0

Hence u/(t) < t fort > 0 and u(0) = 0, from which we get u(z) < r>/2 and so (2.62).
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The assumption that f is differentiable can be removed by smoothing: the sequence f, =
f * @1/, is Lipschitz(1) and converges to f a.e., so that (2.62) follows by Fatou’s lemma.
Now we conclude by using Markov’s inequality and (2.62). For each ¢ > 0,

P(f(X) = u) = P(e”X = )

— _ 2
<e tuEetf(X) <e tu+t /2.

The minimizing choice of ¢ is t = u, and this yields our concentration inequality.

Remarks on (2.57). Let P denote the probability measure corresponding to Z ~ N, (0, I).
If A is a subset of R” and ¢t > 0, the dilation A, = {z € R" : d(z, A) < t}. The Gaus-
sian isoperimetric inequality, e.g. Ledoux| (2001} (2.9)), states that if A is a Borel set with
P(A) = ®(a) for some a € R, then P(A,) > ®(a + t) for every t > 0. [Thus the dilations
of the half-plane z; < 0 have minimal Gaussian measure among all dilations of sets 4 of
measure %].

In particular, if we take A = {z : f(z) < Medf}, then a = 0 and if f is Lipschitz(1),
we have A; C {z : f(z) <Medf + t}. Consequently, using the isoperimetric inequality,

P(f(Z) >Medf +1) < P(A) < ®(1) < %e—ﬂ/z’
where the final inequality is (2.68)) in Exercise

2.9 Some more general linear models

In this section we briefly describe some more general Gaussian models that can be reduced
to sequence form, and review some approaches to regularization. As the emphasis is on
sequence models, we do not discuss recent research areas such as the lasso or compressed
sensing (see Chapter Epi logue for some references).

Some models that reduce to sequence form. A fairly general Gaussian linear model
for estimation of means in correlated noise might be described in vector notation as ¥ =
AB + oe, or equivalently Y ~ N(AB,02X). Some frequently occurring subclasses of this
model can be reduced to one of the three sequence forms (2.1)) - (2.3).

First, when Y ~ N, (B, €21), one can take co-ordinates in any orthonormal basis {u; } for
R”, yielding

yi = (Y, u;), 0; = (B.ui), zi = (2, ui). (2.63)

An essentially equivalent situation arises when Y ~ N, (48,021), and the matrix A4 is it-
self orthogonal: AT A = m1,,. The columns of A might be orthogonal polynomials or other
systems of functions, or orthogonal contrasts in the design of experiments, and so on. Spe-
cific examples include weighing designs, Hadamard and Fourier transforms (as in magnetic
resonance imaging). The model can be put in the form (2.1) simply by premultiplying by
m~'AT: define y = m™'ATY,z = m™/24% e, and note especially the noise calibration
€ =0/ /m.

While this formulation appears parametric, formally it also covers the setting of non-
parametric regression on a fixed equi-spaced design. Thus, the model

Yi = f(/n)+0Z;, l=1,...,n (2.64)
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with Z; M N (0, 1) becomes an example of if one uses as design matrix an inverse
discrete orthogonal wavelet (or Fourier) transform W7 to express f = (f(I/n)) = WT4.
Thus here A = WT. The components of y and 6 are wavelet (or Fourier) coefficients of Y
and f respectively.

If we drop the requirement that the errors be normally distributed, keeping only the
first and second moment requirements that Z have mean 0 and covariance /, then the same
will be true of the transformed errors z. If the matrix W is in some sense ‘dense’, so that
Zj = ) Ukiex has many non-zero terms of similar size, then by a central limit theorem for
independent summands, the z; will be approximately normally distributed.

Second, assume that ¥ ~ N(AB, €2I), with A an N x M matrix. This can be converted
into model using the singular value decomposition A = Y '_, a;u;vl, where we
assume that ; > O fori = 1,...,n = rank(A4). We obtain

AB =Y aibu;. 0 = (vi, B),

sothat y; = (Y, u;) = (AB,u;) + e€(e,u;) = a;6; + €z; satisfies (2.2).

If one is specifically interested in the components of §, this transformation is not espe-
cially helpful. However, if the main focus is on the vector f, then the expansion 8 = ) 6;v;
may be useful, as can occur in the study of linear inverse problems, Chapter 3]

Interest in estimation of 6 = Ap can also arise in certain prediction problems. In the “in-
sample” setting, one assesses a predictor 6=4 B of a new observation vector Y* = A8 +
6Z* via the mean squared error E || AB—Y * |2 = E||A(B—B)—0Z*|? = E||6—6]>+No>.

Thirdly, assume that Y ~ N(B,€2X), with covariance matrix ¥ positive definite, with
eigenvalues and eigenvectors

Eui = Aizu,-, ki > 0,

so that with definitions (2.63]), we recover the third sequence model (2.3)), after noting that
Cov(yi,y;) = €*u; Su; = €2A%5;;.

In the most general setting ¥ ~ N(AB, €X), however, a simple sequence version will
typically only be possible if AT A and ¥ have the same eigenvectors. This does occur, for
example, if AT A and ¥ are circulant matrices [?| and so are diagonalized by the discrete
Fourier transform, (e.g.|Gray| (2006, Ch. 3)), or more generally if A7 A and ¥ commute.

Penalization and regularization. The least squares estimate of 8 is found by minimizing
B — |Y —AB||3.If B is high dimensional, or if A has a smoothing character with many small
singular values «;, then the least squares solution for 8 is often ill-determined. See below
for a simple example, and Section [3.8|for more in the setting of linear inverse problems.

A commonly used remedy is to regularize the solution by introducing a penalty function
P(B), and minimizing instead the penalized least squares criterion

0(B) = |IY — AB|5 + AP(B).

Two simple and commonly occurring penalty functions are quadratic: P(B) = BT QB for
some non-negative definite matrix 2, and ¢** power: P(B) = B4 = Y.0_, |B:|9. If P

2 A matrix C is circulant if each row is obtained by cyclically shifting the previous row to the right by one; it is
thus determined by its first row.
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is strictly convex, or if P is convex and AT A > 0, then Q is strictly convex and so the
penalized criterion has at most one global minimum. Typically a minimum exists, and we
denote it ,3(/\).

The kernel of the penalty, ker P = {8 : P(B) = 0}, typically consists of “very smooth”
B. In our examples, if 2 > 0 is positive definite, or if ¢ > 0, then necessarily ker P =
{0}. More generally, if the penalty uses, say, squared second differences, then P,(8) =
er'l;zl(ﬁi+l —2B; + Bi—1)* and ker P, = {B : Bx = co + c1k, co,c1 € R} consists of
linear functions.

The crucial regularization parameter A determines the relative weight given to the sum of
squared error and penalty terms: much more will be said about this later. As A varies from
0 to +00, we may think of the penalized estimates f(4) as forming a path from the rough-
est, least squares solution 8(0) = Brs to the smoothest solution 8(oco) which necessarily
belongs to ker P.

We consider three especially important examples. First, the quadratic penalty P(8) =
BT QB is nice because it allows explicit solutions. The penalized criterion is itself quadratic:

0B) =BT (ATA+AQ)B—2YTAB +YTY.

Let us assume, for convenience, that at least one of A7 4 and Q is positive definite. In that
case, 2Q/03p? = 2(AT A 4 AQ) is positive definite and so there is a unique minimizer

By = ATA+22)14TY. (2.65)

This is the classical ridge regression or Tikhonov regularization estimate, with ridge matrix
2. For each A, the estimate is a linear function S(A)Y of the data, with smoother matrix
S(A) = (AT A4+1Q)"1 AT . The trajectory A — B(A) shrinks from the least squares solution
B(0) = (AT A)"'ATY down to B(c0) = 0.

Second, consider £; penalties, which are used to promote sparsity in the solution. If the
penalty is imposed after transformation to a sequence form such as or (2.3), so that
P(6) = )_|6;|, then the co-ordinatewise thresholding interpretation of Section [2.1is avail-
able. When imposed in the original variables, so that P(8) = Y] |B;/, the resulting estima-
tor is known as the lasso — for least absolute selection and shrinkage operator, introducted by
Tibshirani| (1996)), see also/Chen et al.|(1998)). There is no explicit solution, but the optimiza-
tion problem is convex and many algorithms and a huge literature exists. See for example
Biiehlmann and van de Geer|(2011)) and Hastie et al.| (2012).

Third, the £ penalty P(B) = ||Bllo = #{i : B; # 0} also promotes sparsity by penalizing
the number of non-zero coefficients in the solution. As this penalty function is not convex,
the solution is in general difficult to compute. However, in sufficiently sparse settings, the
£y and £, solutions can coincide, and in certain practical settings, successful heuristics exist.
(e.g.|Donoho and Huo|(2001), Candes and Romberg| (2007)).

Example. Convolution furnishes a simple example of ill-posed inversion and the ad-
vantages of regularization. Suppose that A = (ax—;,1 < j,k < n)sothat A = a x f8
represents convolution with the sequence (ax). Figure 2.6]shows a simple example in which
ap = 1,ax; = 1/2 and all other ax = 0. Although A is formally invertible, it is nearly
singular, since for B, = (+1,—1,+1,...,+1), we have AB.. = 0, indeed the entries are
exactly zero except at the boundaries. The instability of A~! can be seen in the figure: the
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left panel shows both y = Af and y' = AB + oZ for a given signal § and a small added
noise with 0 = .005 and Z being a draw from N, (0, ). Although the observations y and
y' are nearly identical, the least squares estimator ,3 s = (ATA)1ATy = A7 'y is very
different from B} ¢ = A~'y’. Indeed A is poorly conditioned, its smallest singular value is
o, = 0.01, while the largest vy = 2.

Figure 2.6 Left: Observed data y = Ap, solid line, and y' = AB + o0Z, dashed
line, for B; = ¢(t;), the standard normal density with #; = ([/n) — 6 and
n = 13,0 = 0.005 and Z a draw from N, (0, 7). Right: reconstructions

Brs = A~'y, dashed line, and regularized B(1), solid line, from (2:63) with
A =0.01 =2¢ = 20.

Regularization with the squared second difference penalty P, removes the difficulty: with
A = 0.01, the reconstruction B (1) from (2.63) is visually indistinguishable from the true f3.

This may be understood in the sequence domain. If the banded matrices A and 2 are
lightly modified in their bottom left and top right corners to be circulant matrices, then
both are diagonalized by the (orthogonal) discrete Fourier transform, and in the Fourier
coefficient domain, the effect of regularization is described by the co-ordinatewise formula
(2.4). Indeed, substituting the frequency domain observation model y; = «;6; + €z;, where

here ¢ = o, we have
2
o; €

Ql(y) - O(-2 +)ta),- Qi + O(-2 +)ta),-Zi'

The sequence «; decreases with increasing frequency i, while the regularizer constants w;
increase. Thus at high frequencies, when A = 0 the noise is amplified to (¢/a;)z; (causing
the jagged features in the figure), while when A is positive (= 2¢ in the figure), the term
Aw; > eq; at high frequencies and the noise is successfully damped down.

2.10 Notes

Much of the material in this chapter is classical and can be found in sources such as Lehmann and Casella
(1998).

§2. The connection between regularization with the £; penalty and soft thresholding was exploited in
Donoho et al.|(1992), but is likely much older.

The soft thresholding estimator is also known as a “limited translation rule” by Efron (REF).
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§3. Identity (2.T8) is sometimes called Tweedie’s formula (by [Efron| (2011)) citing[Robbins| (1956)), and
sometimes Brown’s formula, for the extensive use made of it in Brown|(1971).

§4. Priors built up from sparse mixture priors such as (2.23) are quite common in Bayesian variable
selection problems. The connection with posterior median thresholding and most of the results of this
section come from [Johnstone and Silverman| (2004a). Full details of the calculations for the Laplace and
quasi-Cauchy examples may be found inJohnstone and Silverman| (2005a, §6).

§5. Basic material on admissibility is covered inLehmann and Casella (1998| Ch. 5). Inadmissibility of
the MLE was established in the breakthrough paper of|Stein| (1956). The James-Stein estimator and positive
part version were introduced in James and Stein|(1961), for more discussion of the background and signifi-
cance of this paper see [Efron| (1993). Theorem [2.3| on eigenvalues of linear estimators and admissibility is
due to|Cohen|(1966). Mallows’ Cy, and its relative C,, are discussed in Mallows|(1973). (CHECK)

§6. Stein| (1981)) presented the unbiased estimate of risk, Proposition@]and, among much else, used it
to give the quick proof of dominance of the MLE by the James Stein estimator presented here. The Stein
identity characterizes the family of normal distributions: for example, if # = 1 and (2.41) holds for C 1
functions of compact support, then necessarily X ~ N(u, 1), (Diaconis and Zabell, |1991).

Many other estimators dominating the MLE have been found—one classic paper is that of |Strawderman
(1971). There is a large literature on extensions of the James-Stein inadmissibility result to spherically
symmetric distributions and beyond, one example is Evans-Stark (1996).

The upper bound for the risk of the James-Stein estimator, Proposition [2.6] and Corollary are based
on|Donoho and Johnstone|(1995).

We have also not discussed confidence sets — one entry point in to the literature is [Hwang and Casella
(1982) who show good properties for recentering the usual confidence set at the positive part James-Stein
estimate.

§7. The unbiased risk estimate for soft thresholding was exploited in |Donoho and Johnstone| (1995),
while Lemma|2.9|is from |Donoho and Johnstone|(1994al).

§8. The median version of the Gaussian concentration inequality is due independently to [Borell
(1975) and |Sudakov and Cirel’son| (1974). The expectation version is due to Cirel’son et al.| (1976).
Systematic accounts of the (not merely Gaussian) theory of concentration of measure are given by |Ledoux
(19961 [2001).

Our approach to the analytic proof of the concentration inequality is borrowed from |Adler and Taylor:
(2007, Ch. 2.1), who in turn credit|Chaumont and Yor| (2003, Ch. 3.10), which has further references. The
proof of Lemma[2.1T] given here is lightly modified from Chatterjee| (2009, Lemma 5.3) where it is used to
prove central limit theorems by Stein’s method. Tao| (2011) gives a related but simpler proof of a weaker
version of (2.56) with % replaced by a smaller value C. An elegant approach via the semi-group of the
Ornstein-Uhlenbeck process is described in|Ledoux| (1996, Ch. 2), this also involves an integration by parts
formula.

Sharper bounds than for the tail of ¥ random variables are available (Laurent and Massart|(1998),
Johnstone| (2001), Birgé and Massart (2001), [CHECK! 1) . The constant 32 in bound @]) can also be
improved to 8 by working directly with the chi-squared distribution.

Exercises
2.1  (Gaussian priors.) Suppose that 0 ~ N, (6p, T) and that y|0 ~ N, (0, I). Let p(6, y) denote
the joint density of (6, y). Show that
—2log p(0,y) = 0T BO —2yT0 + r(y).

Identify B and y, and conclude that |y ~ N(6,, X) and evaluate 6, and X,
2.2 Let F be an arbitrary probability distribution function on R. A median of F' is any point a¢ for
which

F(—o00,a0] > % and Flag,00) > L

Show (without calculus!) that

a— M) = / la — 0|dF(0)
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2.3

24

25

2.6

2.7

2.8

The multivariate normal distribution

is minimized at any median ag.
(Bounded shrinkage for the posterior median). Establish Proposition @ for example using
the steps outlined below.

(a) Show using (Z:19) that

Jo e M —wdp  P(Z>—1-2) _

Odd X =x, 0) > )
Wz = A 2 R — T PZ <) ©

ifc =x— (A 4+t + 2)and Z is standard Gaussian.
(b) Show that

s P
(8/9)(x —2)

(c) Using (2.20), show that
(g/¢)(x) / *

_(&/9))
(8/9)(x =2

1—
Odds(u # 0| X ww(g/¢)(t) =

————— >exp
(&/P)(x —2)

the last inequality holding if x > ¢ + A 4 2.
(d) Show thatif x >t + A +2,then P(u>x—(t + A +2)|X =x) > (3/4)(2/3) =1/2.
For the Laplace prior y, (1) = %ae“"“', show that

(t —A)dt > exp(2t +2) > 2,
-2

glx) = %a exp(%az){e_axcb(x —a) + e d(x +a)},
e~ P(u — x + a)
e~ P(x —a) + e P(x +a)

T(ulx) =

Use these expressions to verify the posterior median formula (2:31)) and the threshold rela-
tion (Z:32).

Let A be a square matrix and |A| = (AT 4)1/2,

(i) Show how the polar decomposition A = U|A|, for suitable orthogonal U, can be constructed
from the SVD of A.

(ii) Let (u;, ;) be eigenvalues and eigenvectors of |A|. Show that tr A < tr|A].

(iii) If equality holds in (ii), show that Ae; = | Ale; for each i, and so that A must be symmetric.

(1) Suppose that Y ~ N; (6, V). For a linear estimator éc (y) = Cy, show that
rc.0) =ucTve + ||(I — C)8)>.

(i) If, in addition, g : R” — R" is smooth and satisfies E{|Y;g; (Y)| + |D;g; (Y)|} < oo for
alli, j, show that

EgllY +g(Y) = 6% = Egiur V + 2u [VDg(Y)] + [[g(Y)]%}. (2.66)
Show that the positive part James-Stein estimator (2.46) has MSE no larger than the original

James-Stein rule @44): E||a/5t — p||> < E|A7S — ) forall u € R™. .
Use Jensen’s inequality in (2:43) to show that

r(figs, 1) < 4+ nllpl?/(n + |ul).
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[Exact MSE for the positive part James-Stein estimator. |
(i) Show that the unbiased risk estimator for ﬂJ S+ g

R e e L Rt
lx* —n, lxl <n—2.
(ii) Let F(t; k) = P()(,zc <1)and F(t;k) = 1 — F(t; k). Show that for t > 0,
E[Xi,)(i <t]|=kF(t;k +2)
El> xg <t = (k=27 'F(:k —2).
(iii) If X ~ Ny (u, I), then let K ~ Poisson(||¢]|>/2) and D = n + 2K. Show that
(a7 ) =n— Eu(n —2)*/(D ~2)

N (n—2)?
F(RISF, ) = n _Eu{ .

4+ 2nF(n—2;D)— DF(n—2;D + 2)}.

F(n—2:D —2)

[which can be evaluated using routines for F(¢; k) available in many software packages.]
Suppose that € = n~1/2 and p < 2. Compare the the large n behavior of the MSE of James-
Stein estimation and soft thresholding at A = €,/2logn on the weak-£ ,-extremal sequences

O =k~YP, k=1,....n.
(Simple Gaussian tail bounds.) (a) Let ®(¢) = ftoo ¢ (s)ds and show that for ¢ > 0,
() < p(1)/1. (2.67)
(b) By differentiating et?! 2<i>(t), show also that for ¢t > 0,

d(1) < Le7/2. (2.68)

(Median and mean for maxima.) If Z ~ N, (0, I') and M,, equals either max; Z; or max; |Z;|,
then use (2.56) to show that
|EM, —MedM,| < /2log?2. (2.69)

(Massart (2007)).
(Chi-squared tail bound.) Use the inequality (1 + x)1/2 > 1 + x/4 for 0 < x < 1 to verify

9.
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The infinite Gaussian sequence model

It was agreed, that my endeavors should be directed to persons and characters supernatu-
ral, or at least romantic, yet so as to transfer from our inward nature a human interest and
a semblance of truth sufficient to procure for these shadows of imagination that willing
suspension of disbelief for the moment, which constitutes poetic faith. (Samuel Taylor
Coleridge, Biographia Literaria, 1817)

For the first few sections, we focus on the infinite white Gaussian sequence model
Vi = 9,‘ + €z; i eN. (31)

For some purposes and calculations this is an easy extension of the finite model of Chapter
2] while in other respects important new issues emerge. For example, the unbiased estima-
tor é(y) = y has infinite mean squared error, and bounded parameter sets are no longer
necessarily compact, with important consequences that we will see.

Right away, it must be remarked that we are apparently attempting to estimate an infinite
number of parameters on the basis of what must necessarily be a finite amount of data. This
calls for a certain suspension of disbelief which the theory attempts to reward.

Essential to the effort is some assumption that most of the 6; are small in some sense.
In this chapter we require 6 to belong to an ellipsoid. In terms of functions expressed in
a Fourier basis, this corresponds to mean-square smoothness. This and some consequences
for mean squared error of linear estimators over ellipsoids are developed in Section ??,
along with a first rate of convergence result, for a truncation estimator that ignores all high
frequency information.

We have seen already in the introductory Section[I.4]that is equivalent to the contin-
uous Gaussian white noise model. This connection, along with the heuristics also sketched
there, allow us to think of this model as approximating the equispaced nonparametric re-
gression model Y; = f(I/n) + 0Z;, compare (I.12). This opens the door to using
to gain insight into frequently used methods of nonparametric estimation. Thus, kernel and
smoothing spline estimators are discussed in Sections [3.3| and [3.4] respectively, along with
their bias and variance properties. In fact, a smoothing spline estimator is a kernel method
in disguise and in the sequence model it is fairly easy to make this explicit, so Section [3.3]
pauses for this detour.

Mean squared error properties return to the agenda in Section 3.6 The worst case MSE of
a given smoothing spline over an ellipsoid (i.e. smoothness class) is calculated. This depends
on the regularization parameter of the spline estimator, which one might choose to minimize

50
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the worst case MSE. With this choice, standard rate of convergence results for smoothing
splines can be derived.

The rest of the chapter argues that the splendid simplicity of the sequence model
actually extends to a variety of other settings. Two approaches are reviewed: transformation
and approximation. The transformation approach looks at models that can be put into the in-
dependent Gaussian sequence form y; = 6; +€A;z; fori € N and known positive constants
A;. This can be done for linear inverse problems with white Gaussian noise via the singular
value decomposition, Section (3.8} and for processes with correlated Gaussian noise via the
Karhunen-Logve transform (aka principal components), Section [3.9]

The approximation approach argues that with sufficient data, more concrete nonparamet-
ric function estimation problems such as density and spectral density estimation and flexible
regression models “look like” the Gaussian sequence model. Methods and results can in
principle, and sometimes in practice, be transferred from the simple white noise model to
these more applications oriented settings. Section [3.10] gives a brief review of these results,
in order to provide further motivation for our detailed study of the Gaussian sequence model
in later chapters.

3.1 Parameter spaces and ellipsoids

We have seen in Chapter|[I.4]that the Gaussian white noise model has continuous and discrete
forms. The sequence form, (1.22), puts y; = 6; + €z; fori € N and z; Hd- N(0,1).
The sample space is R*°, with the Borel o-field, and we denote the probability measure
corresponding to y = (y;,i € N) by Py. It follows from Kakutani’s theorem, to be recalled
in Section below, that Py is either equivalent or orthogonal to the pure noise model P,
in which 6 = 0. It is equivalent to Pg if and only if 8 € £,. In that case, the likelihood ratio

is given by

@( ) = ex {(%9) _ ||9||2}
dPoy P17 2¢2 )’

The continuous form (I.18) puts Y(z) = fot f@)dt + eW(t),0 <t < 1. The sample
space is taken to be C[0, 1] with the Borel o-field, and we denote the probability measure
corresponding to {Y(¢),0 <t < 1} by Py.

We will use squared error as the error measure, or loss function, in this chapter (except in
Section. Thus L6, 0) = ||é -0)% = ZieN(éi — 6;)? and the mean squared error

r(0,0) = EqL(0(y),0) = Eq|6(y) — 0|3

This can be expressed in terms of functions and the continuous time domain using the Par-

seval relation (I.23)) yielding r( f ).

Suppose that 6 is restricted to lie in a parameter space ® C £, and compare estima-
tors through their worst case risk over ®. Thus a particular importance attaches to the best
possible worst-case risk, called the minimax risk over ®:

Ry(®) = Ry(0©,¢€) = infsup EgL(A(y), 6). (3.2)
6 0O
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The subscript “N” is a mnemonic for “non-linear” estimators, to emphasise that no restric-
tion is placed on the class of estimators 6. One is often interested also in the minimax
risk when the estimators are restricted to a particular class £ defined by a property such as
linearity. In such cases, we write R¢ for the £-minimax risk, under the assumption that the
infimum in is taken only over estimators in £. Note also that we will often drop explicit
reference to the noise level €.

This is an extension of the notion of minimax risk over R”, introduced in Section
Indeed, in we are forced to consider proper subsets ® of £,(N). To see this, recall the
classical minimax result quoted at (2.37)), namely that Ry (R", €) = ne?. Since R” C 46 (N)
for each n, it is apparent that Ry (£,(N), €) = oo, and in particular for any estimator 6

sup Egllf — 02 = oc. (3.3)
Gelz(N)

Thus, a fundamental feature of non-parametric estimation is that some a priori restriction
on the class of signals 6 is required in order to make meaningful comparisons of estimators.
Fortunately, a great variety of such classes is available:

Lemma 3.1 If © is compact in {5, then for £, error, Ry (0, ¢€) < oo.

Proof Just consider the zero estimator 6o = 0 : then 6 — r(éo, ) = ||6])? is continuous
on the compact © and so attains its maximum: Ry (®) < supg (6o, 0) < o0. O

Two important classes of parameter spaces are the ellipsoids and hyperrectangles, defined

respectively by

O@.C)=1{0:) apb; <C?}, (3.4)
0
O(t) = {0 : |6k| < ¢ forall k} (3.5)

We will see that each class can be used to encode different types of smoothness for functions
f € L,[0, 1]. For now, we record criteria for compactness (the proofs are Exercise [3.1).

Lemma 3.2 The ellipsoid ©(a, C) is £,-compact if and only if ar > 0 and ay — o0.
The hyperrectangle ©(t) is {2-compact if and only if Y 1} < oc.

In fact, Lemmaextends to sets of direct product form ® = R" x @', where r < oo and
©®'’ is compact. The argument of the Lemma can also be extended to show that Ry (®, €) <
oo if L(a,0) = w(]la — 0]) with w continuous and ® being || - ||-compact. At the same
time, of course, compactness is not necessary for finiteness of the minimax risk, as
shows.

Ellipsoids and mean square smoothness. Consider the continuous form of the Gaussian
white noise model (T.18). For integer o > 1, let f® denote the ath derivative of f and

F=F(@ L) ={f e€L,0,1]: /l[f("‘)(t)]zdt < L2,
0
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Historically, considerable interest focused on the behavior of the minimax estimation risk

Ry(F,e) = mfsup E/ [f 1P (3.6)

in the low noise limit as ¢ — 0. For example, what is the dependence on the parameters
describing F : namely (c, L)? Can one describe minimax estimators, and in turn, how do
they depend on (o, L, €)?

The parameter spaces JF (o, L) can be interpreted as ellipsoids in the orthonormal trigono-
metric basis for L,[0, 1]. Let

Ook—1(t) = /2sin2xkt  k=1,2,...
0 (t) = ~/2cos2mkt.

Let ©5(C) denote the ellipsoid (3.4) with semi-axes
ap =0, asrk—1 = aze = (2k)*. (3.8)
Lemma 3.3 Suppose o € N. Then f € F(a,C/n®) if and only if 0 € ©5(C).

wo() =1, % 3.7

Proof Differentiation takes a simple form in the Fourier basis: for example for m even,

(pgc") (27k)™ ok, and collecting all such cases, we find that if f = " Or ¢k, then

[ = xm Y aez,
from which the characterization follows immediately. O

The statistical importance of this result is that the functional minimax risk problem (3.6)
is equivalent to a sequence space problem (3.2) under squared ¢, loss. In the sequence space
form, the parameter space is an ellipsoid. Its simple geometric form was exploited by Pinsker
(1980) to give a complete solution to the description of minimax risk and estimators. We
shall give Pinsker’s solution in Chapter [5as an illustration of tools that we will use for other
parameter sets ® in later chapters.

Remarks. 1. The ellipsoid representation (3.4)—(3.8) of mean-square smoothness extends
to non-integer degrees of smoothness. Sometimes we put, more simply, just ay = k*. Finite-
ness of > k2*07 can then be taken as a definition of finiteness of the Sobolev seminorm
| £, even for non-integer «. Appendix lcontams further details and references.

2. (3.8) shows that ®(a, C) is actually not compact, for the trivial reason that ag = 0.
However it does equal R x ®’ for ® compact.

3.2 Linear estimators and truncation

Linear estimators are simple and widely used, and so are a natural starting point for theoreti-
cal study. In practice they may take on various guises: kernel averages, local polynomial fits,
spline smoothers, orthogonal series, Wiener filters and so forth. However in the sequence
model, all such linear estimates can be written in the form 6¢ (y) = Cy for some matrix C,
which when / = N has countably many rows and columns. It is therefore easy to extend
the discussion of linear estimators in Section [2.5]to the infinite case. Thus the mean squared
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error of éc is still given by (2.38)); one must only pay attention now to the convergence of
infinite sums.

In particular, for r(éc, 0) to be finite, C needs to have finite Hilbert-Schmidt, or Frobe-
nius, norm

o0
ICIgs =uCTC =) ¢} <oo. (3.9)

ij=1

Thus, C must be a bounded linear operator on £, with square summable singular values. In
particular, in the infinite sequence case, C = I must be excluded, and so the bias term is
necessarily unbounded over all of £,:

sup r(éc, 0) = oo, (3.10)
fel,
as is expected anyway from the general result (3.3)).

Familiar smoothing methods such as the Wiener filter and smoothing splines are linear
shrinkers except possibly for a low dimensional subspace on which no shrinkage is done.
Recall, for example, formula (I.15)) for the smoothing spline estimator in the Demmler-
Reinsch basis from Section [1.4] in which w; = w, = 0 and wy increases for k > 3. This
shrinks all co-ordinates but the first two.

In the infinite sequence model it is again true that linear estimators must shrink in all
but at most two eigendirections. Indeed Theorem [2.3]extends to the infinite sequence model
(3.1) in the most natural way: a linear estimator 6¢ (y) = Cly is admissible for squared error
loss if and only if C is symmetric with finite Hilbert-Schmidt norm (3.9) and eigenvalues
A (C) € [0, 1] with at most two A;(C) = 1.

The proof for the inadmissibility part of Theorem[2.3]has the same structure in the infinite
case, but the details of the first step are more intricate—for example, decomposition is
not directly useable). Mandelbaum| (1984) gives the full argument.

Truncation estimators and Rates of Convergence

A particularly simple class of linear estimators is given by projection onto a subset of the
co-ordinate axes: (Pyy); = y; if and only if i € [. If the indices i correspond to frequency
and the focus is on smoothing, it may be reasonable to restrict attention to nested sets of low
frequencies I, = {i : i < v}. We might call such a rule

é\v,i(y) = Y l ="

0 i>v
a truncation estimator, as it discards frequencies above v. Caution: a truncation estimator
is quite different from a threshold estimator, e.g. (2.6)—the truncation estimator decides in
advance, based on index i, and is linear, while the threshold estimator uses the data y; and

is nonlinear.

It is then natural to ask how to choose v. One might try a minimax approach: suppose
that a particular ellipsoid ®(a, C) is given, and then find that value of v which minimizes
the maximum MSE over that ellipsoid. Using (2.34), we see that the MSE at a particular 6
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arises from variance at low frequencies and from bias at high ones:

r@.0) =Y E@,; —0;)> =ve* + > _ 62,
14 1>V
Only the bias term depends on €, and for an ellipsoid that bias is maximized by choos-
ing 6; to concentrate on the axis, or axes, of minimum squared half-width ¢?. In particular, if
i — 011.2 is increasing, the largest possible bias occurs at the lowest omitted frequency. Let e,
denote a vector of zeros except for 1 in the v** slot. Then the maximizing 6, = a;}rlevﬂ,
so that

r(6,) := sup r(év,Q) = ve? + Cza;zrl.
0(a,C)

Now specialize further to the mean-square smoothness classes in the trigonometric ba-

sis (3.7) in which the semi-axes a; follow the polynomial growth (3.8). If we truncate at
frequency k, then v = 2k + 1 (remember the constant term!) and

F(Oar) = 2k + 1)e® + C2(2k +2) 2.

As the cut-off frequency k increases, there is a trade-off of increasing variance with de-
creasing bias. The function is convex, and the optimal value is found by dif‘ferentiatioﬂ

2%k, +2 = (2uC?/e)" /D,

Substituting this choice into the previous display and introducing r = 2a/(2a + 1), we find

7« =min max r(6,,0)
v 0e€@(a,C)

— (2a)1/(2a+1)C2(1—r)62r _ 62 + CZ(zac2/62)—r

~ baCZ(l—r)EZr i

as € — 0, where the constant b, = (2a)"/**tD(1 4+ 1/2a)).
The calculation uncovers some important properties:

e the optimum cutoff frequency depends on the signal to noise ratio C /¢ and the amount
of smoothness « that is assumed—indeed k., increases with C /€ and typically decreases
with o.

e the ‘rate of convergence’ as € — 0 is €2”. If one thinks of €2 as a proxy for inverse sample
size 1/n, then the rate becomes r = 2a/(2a + 1).

e the rate r increases with smoothness «: for twice differentiable functions r = 4/5, and r
increases to 1 as @ " oo.

3.3 Kernel Estimators

Kernel estimators form an important and widely used class in nonparametric regression and
density estimation problems and beyond. We give a definition in the continuous Gaussian
white noise model, discuss the connection with certain non-parametric regression settings,

1 We ignore the fact that k. should be an integer: as € — 0, it turns out that using say [k« ] would add a term
of only O(e€?), which will be seen to be negligible
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and then begin to look at bias, variance and MSE properties. Finally, the sequence space
form of a kernel estimator is derived in the Fourier basis.

A kernel K(u) is a real valued, square integrable function with [ K(u)du = 1, not
necessarily non-negative. The kernel is scaled to have bandwidth h

Kn(u) = %K(%)

Some common kernels include

(2m) /21?12 Gaussian
1/2) I}y 17(¢ Unif
Ko = ] /0 niform | A
B/H(A =1 I=1,1(0) Quadratic/Epanechnikov
(15/16)(1 — %)% I -1 11(?) Biweight.
These are all symmetric and non-negative; all but the first also have compact support.
With observations d Y (¢) = f(¢t) + €W (t),0 <t < 1, the kernel estimator of f is
1
Jn(s) = / Kin(s —1)dY(¢). (3.12)
0

We interpret this using (1.20); for example we immediately have
1 1
E fu(s) = / Kn(s —1t) f(t)dt, Var fj,(s) = 62/ Ki(s —t)dt. (3.13)
0 0

From the first of formulas , one sees that fh estimates a smoothed version of f
given by convolution with the kernel of bandwidth /. The smaller the value of /4, the more
narrowly peaked is the kernel K} and so the local average of f more closely approximates
S (s). One calls Kj, an “approximate delta-function”. Thus as & decreases so does the bias
E fu(s) — f(s), but inevitably at the same time the variance increases, at order O(1/ h).

From nonparametric regression to periodic kernels. To help in interpretation, we digress
briefly to consider the nonparametric regression model Y; = f(#;) + oe;, for ordered #; in
[0,1]and ! = 1,...,n. A locally weighted average about s would estimate f(s) via

f6) =Y w3 wis). (3.14)
I /

A typical choice of weights might use a kernel K(u) and set w;(s) = Kp(s — t;). To pass
heuristically from (3.14) to (3.12), we make two simplifying assumptions. First, suppose
that the design points #; are equally spaced, #; = [/n, leading to the modified estimator

Ja(s) =n"" " Kuls — )Y, (3.15)

I=1

where the denominator in (3.14), namely >, Kj(s —[/n), has been approximated by an
integral n fol Ky (s —u)du = n. Second, assume that f is periodic on [0, 1]. Now we can
imagine either extending the data periodically, ¥; = Y; ;,, or equivalently, periodizingE] the

o o
2 Note the difference between K5, = (K7)°, used here throughout, and (K ) 0
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kernel

Kn(0) =" Kn(t —m). (3.16)

mez
and replacing K by I%h in the definition of fh(s).
If f is periodic, f(t) = f(t + m), we may write, using (3.16)),

1 o
/ Kp(s —1) f()dt = / Ky(s —u) fuw)ydu =: (Kp f)(u), (3.17)
0 —00
so that Kj, f refers to convolution over the whole line R.
We would like to (mostly) ignore the periodization K — K, and so we often assume
supp(K) C [—to,t0], and & < 1/(2t), (3.18)

so that
ift €e[—1/2,1/2], then I%h(t) = Kp(1). (3.19)

Let us summarize our conclusions regarding the mean and variance of a kernel estimator
in the white noise model.

Lemma 3.4 Given kernel K, let fh = ]%h *Y = fol Ig( — 1)dY(t) denote convolution
with the periodized kernel. We have

Efi(s) = /_ Kils — 0 f(0)dt = (K f)(s)

and, under assumption (3.18)),

o0
Var fn(s) = 62/ K,%(t)dt = 62||Kh||§.
—00

Proof The first equality follows on combining (3.13)) with (3.17). For the second, again
start from (3.13]) and observe that

R2(u) = [Z Kn(u —m)]2 =3 K} —m)

where the second equality follows from (3.18)), since for m # m’, the supports of Ky (u—m)
and Kj(u —m'’) do not overlap. O

Global MSE. The global, or integrated, mean squared error of a kernel estimator also
has a natural bias-variance decomposition. To describe it, we distinguish between L, norms
llgll2,r on the observation interval / = [0, 1], and on all of R, namely |/g||». Then, under
assumption (3.18]),

~ €2
Ellfy—fl5; = gllKllﬁ + T = Kn) fl5,- (3.20)

Notice the similarity of this mean squared error expression to (2.34) for a linear estimator
in the sequence model. This is no surprise, given the sequence form of fj to be described
later in this section
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Formula (3.20) is an immediate consequence of Lemma [3.4]and Fubini’s theorem:
1 1
E [ 16 = fOF = [ Varfi(s) + (/o) — f6)Pds
0 0

1
= IKuB+ [ (Knf = £2()ds.
0
Using also || Ky |2 = || K |3, we obtain (3.20). The result holds even without (3.18)) if we
replace K by K on the right side.

q—th order kernels and bias reduction. A kernel is said to be of g—th order if it has
vanishing moments of order 1 through g — 1:

- 1 k=0
uk=/ vFK()dv =30 k=1,....qg—1 (3.21)
- qlcg #0 k=gq.

Observe that if K is symmetric about zero then necessarily ¢ > 2. However, if K is sym-
metric and non-negative, then ¢, > 0 and so ¢ = 2. We will see shortly that to obtain fast
rates of convergence, kernels of order ¢ > 2 are required. It follows that such kernels must
necessarily have ‘negative sidelobes’.

To see the bias reduction afforded by a g—th order kernel, assume that f has g continuous
derivatives on [0, 1]. Then the Taylor series approximation to f at s takes the form

(=h )

hv
f(s — hv) = f(v>+Z( D 005y 4+ I sy,

for suitable s(v) between s — hv and s. The bias of fAh at s becomes

—h
Knf(6)=16) = [ KO 6=h) = foldv = T8 [ oK) /@ swdr 622

after using the vanishing moments (3.21].
As a result, the maximal bias of a g—th order kernel is uniformly O (h?):

IKnf = flloos = S [Knf(s) = fS) < ch?]l fDloor

Thus, other things being equal, (which they may not be, see Section[6.3)), higher order ker-
nels might seem preferable due to their bias reduction properties for smooth functions. [See
Exercise[3.4]for an example of an infinite order kernel]. We will see this type of argument in
studying the role of vanishing moments for wavelets in Chapter [7]

In summary, if K is a g—th order kernel, if holds, and if f is C4, then we have the
local and global MSE expressions

. 2
EL(s) = )P = SIKIE + i D7 f P+ o(D)]
Elfi— 113

2
%||K||§ +c2h /(qu)z[l +o(1)]. (3.23)
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Sequence space form of kernel estimators. Our kernel estimators are translation invari-
ant, Kj(s,t) = Kjp(s —t), and so in the Fourier basis they should correspond to diagonal
shrinkage. To describe this, let ¢k (s) denote the trigonometric basis (3.7), and recall that the
correspondence between the continuous model and sequence form is given by

formulas (1.21) for yy, 6k etc.

Lemma 3.5 Assume that the kernel K(s) is symmetric. The sequence space form of the
periodized kernel estimator fj,(s) = fol Ky(s —t)dY(¢) is given by

Oni = KQmkh)yy. (3.24)

Thus the diagonal shrinkage constants in estimator éh are given by the Fourier trans-
form of kernel K, and their behavior for small bandwidths is determined by that of K near
zer Indeed, the r—th derivative of K (&) at zero involves the r—th moment of K, namely
K€ )(0) = (—i)" [ t"K(r)dt. Hence an equivalent description of a g—th order kernel states
that

KE) =1—bg9 40k as £—0 (3.25)
for some b, # 0. Typically b, > 0, reflecting the fact that the estimator usually shrinks
coefficients toward zero.

For some of the kernels listed at (3.12]), we have
e /2 Gaussian
K(€) = {sin£/t Uniform (3.26)
(3/£2)(sin€/& — cos§)  Quadratic/Epanechnikov.

Proof We begin with the orthobasis of complex exponentials (pkc (s) = e?™ ks for k € Z.

The complex Fourier coefficients of the kernel estimator ﬂ are found by substituting (3.12))
and interchanging orders of integration:
1 1 1
/ fh (s)e—Zniksds — / Kh (S _ t)e—Znik(s—t)dS . / e—2niktd Y(l)
0 0 0

In other words, we have the diagonal form éhc k= yhc k ka for k € Z. Now using first the
periodicity of K 1, and then its expression li in terms of K, we find that

1 o0
Yk = [ Ra(u)e 2 dy = / Ky (u)e=27 k4 gy
0 —0o0

= K,(27k) = KQ2nkh).

(3.27)

Observe that since K is symmetric we have K (=& = K (¢) and so th:_k = th, ©

It remains to convert this to the real trigonometric basis. The relation between Fourier
coefficients { fkc, k € Z} in the complex exponential basis and real coefficients { fx, k > 0}
in trigonometric basis is given by

for = /NDSE+ £ S = (IND(SE - £

3 The reader should note an unfortunate clash of established conventions: the hats in 8, f denoting estimators
should not be confused with that in K denoting Fourier transform!
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The desired diagonal form 1) now follows from this and lb since yhc_k = yhc P

3.4 Periodic spline estimators

Spline smoothing has become a popular technique in nonparametric regression, and serves
as an important example of linear estimation in the Gaussian white noise model. As seen
in Chapter [I.4] through the use of a particular orthonormal basis (Demmler-Reinsch) spline
smoothing can be understood as a diagonal linear shrinkage method, even for unequally
spaced regression designs. With an equally spaced design and Gaussian noise, the use of
periodic splines allows a similar but more concrete analysis in the Gaussian sequence model.
In particular, it is easy to derive an exact formula for the equivalent kernel in the large n, or
small noise, limit. This discussion is a first illustration of how the Gaussian sequence model
can provide concrete formulas for the “limiting objects” which strengthen understanding
of similar finite sample settings. Much more information on spline theory, methods and
applications may be found in the books by |Wahbal (1990), Hastie and Tibshirani| (1990) and
Green and Silverman! (1994)).

Suppose therefore that we observe

Y: = f(l/n) +€Zy, 7 "N, 1)

for/ = 0,...,n—1. Since the observation points are equally spaced, we can use the Fourier
basis (3.7). For convenience in notation, we consider only n = 2m + 1 odd. Let S now
denote the linear space of trigonometric polynomials of degree m: S, = {f : f(t) =
> iz Cker (1)1 € [0, 1]}

The discrete sines and cosines will be ¢, = (¢ (#)), and the key point is that the double
orthogonality relations (I.14) again hold, with now explicit weights

Wak—1 = wak = 2mk)*. (3.28)

We can now use the argument of Section[I.4] From the double orthogonality relations, for
any function f € S,

0 = YW= fa/mP 2 [ £
n—1 n—1
=> (k=0 + 1) wib.
k=0 k=0

So the minimizing periodic spline estimator has the form éps’k = ¢y k Yk with an explicit
formula for shrinkage at frequency k given by c; o = 1 and

Crok—1 = Capk = [1 + AQ2rk)*™!

for k < m. Thus the periodic spline problem has many of the qualitative features of general
spline smoothing, along with a completely explicit description.

Remark. 1t is not true that the minimizer of Q(f) over all functions lies in S, as was the
case with cubic splines. The problem lies with aliasing: the fact that when 0 < r < n and
[ € N, we have ¢, = ¢, 421, When restricted to #q,...,1t,.
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Finite model (3.31) Infinite model (3:32)

Kemel — fr, =n"' Y0 Kp(t =)V fu = [y Kn(t —5)dY(s)
X
Spline  fi = 307" cak vk vk Fo =20 Ak Vi ¢k

Table 3.1 The analogy between spline smoothing and regression goes via versions of each method in
the infinite sequence model.

Similarly, the periodic spline estimate (I.16) in the finite model has a natural analogue in
the infinite case. We define the smoothing spline estimate 6, in the infinite sequence model
as the minimizer of

Y k=00 + 1Y wibZ. (3.29)
1 1

In general, the weights wy should be positive and increasing. Just as in the finite case, the
estimate 6, has diagonal linear form,

Orx(y) = caryr = (14 Awp) . (3.30)

Note that a roughness penalty P(f) = [(D™ f)* would correspond to weights wx =
(2k)?™, or simply to wi = k2™ if the constant factor is absorbed into A.

We may interpret the m-th order smoothing spline as a Bayes estimator. Indeed, if the
prior makes the co-ordinates 6 independently N (0, t7) with 7 = bk~2", then the posterior
mean, according to ([2.16), is linear with shrinkage factor

bk—2m 1

T bkt 1+ Ak2m

after adopting the calibration A = €2/b. Sectioninterprets this prior in terms of (m — 1)-
fold integrated Brownian motion.

Ck

3.5 The Equivalent Kernel for Spline smoothing*.

Spline smoothing also has an interpretation in terms of local averaging which is not so
apparent from its regularized least-squares formulation. This point of view comes out quite
directly using sequence models. With this aim, we jump between the finite sequence model

(2:64), namely

Yi = f(i/n) + oe, i=1,....n (3.31)
and the infinite sequence model (I.18) & (1.22)), namely
t
Y, = d W, t €0,1],
t /of(s)s+€ t 0-1] (3.32)
< Vi = Ok + €zk k eN

using the heuristics discussed around (I1.24)).
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In terms of functions, the spline estimate is given by the series in the lower corner of Table

We can now derive the kernel representation of the infinite sequence spline estimate.
Substituting (T2T), yx = [ @edY into fi = Y car Vi ¢, we get

fis) = [ cnar. Cls.t) = 3 carge()euo).
0

Now specialize to the explicit cubic weights for periodic splines in (3.28)). Then ¢ 2x—1 =
A ,2k» and from (3.7) and the addition formula for sines and cosines,

P2k—1(8)P2k—1(t) + Q2r(8)@ar (1) = 2cos 2wk (s —1).

Hence the kernel C (s, t) has translation form K (s — t), with formula

o

Kis) =1+

2cos2rks
1+ AQ2mk)*

But we can describe K, more explicitly! First, a definition: a function f on R can be made
periodic with period 1 by wrapping: g(t) = 3oy f(t + j).

Theorem 3.6 The spline estimate with A = h* has the kernel representation

R 1
Al) = /0 Kn(t —$)dY(s).

Here K, (t) is the wrapped version of Ly(t) = (1/h)L(t/ h). The equivalent kernel is given
form = 1by L(t) = (1/2)e™ " and for m = 2 by

L) = %e—n/ﬁsm(% n %) (3.33)

For general m, L is a (2m)—th order kernel, and is given by (3.36) below.

The kernel Lj; has exponential decay, and is essentially negligible for |¢| > 8k for m =
1,2 and for |¢| > 10k for m = 3,4 compare Figure 3.1} The wrapped kernel K}, is therefore
effectively identical with L on [—%, %] when £ is small: for example & < 1/160orh < 1/20
respectively will do.

Thus in the infinite sequence model, periodic spline smoothing is identical with a partic-
ular kernel estimate. One may therefore interpret finite versions of periodic splines (and by
analogy even B-spline estimates for unequally spaced data) as being approximately kernel
smoothers. The approximation argument was made rigorous by Silverman| (1984)), who also
showed that for unequally spaced designs, the bandwidth % varies with the fourth root of the
design density.

Proof We may rewrite K as

2miks

e

kezZ
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0.6

Figure 3.1 equivalent kernels for spline smoothing: dashed lines show m = 1,3
and solid lines m = 2,4. Only m = 1 is non-negative, the “side lobes” are more
pronounced for increasing m1.

where the second equality uses the Poisson summation formula (C.9) and implies that L
has Fourier transform

Ly(§) = (1 + h2mg2my1, (3.35)

We have fh(g) = Z(hé)—corresponding to the rescaling L,(¢) = (1/h)L(¢t/h)—and
from |Erdélyi et al.[ (1954, (Vol.??), p.10), with ry, = 2k — 1)t/ (2m),

L@t)=2m)™! Ze""“"”’ sin(|t] cos ri + ri), (3.36)
k=1
which reduces to the cited expressions form = 1 and m = 2. O

Remark. Exercise outlines a direct derivation via contour integration. Alternately, by
successively differentiating (3.34)), it is easily seen that

WEY + K=Y 6 (3.37)
1

where §; is the delta function at /. The solution of h4L;L4) + Ly = § on R may be found by
Fourier transformation, and yields the m = 2 case of (3.77), and then this is converted into
a solution of (3.37)) by periodization.

3.6 Spline Estimates over Sobolev Ellipsoids

So far we have said nothing about the mean squared error performance of the spline estimate,
nor anything on the crucial question of how to choose the regularization parameter. These
two issues are closely connected, and both depend on the smoothness of the function f being
estimated. Our strategy here is to select convenient parameter spaces ®, to evaluate the worst



64 The infinite Gaussian sequence model

case MSE of 0} over ©, and then to choose the value of A that minimizes this maximum
error. This yields information on the rate of convergence of 9; to 6 as € — 0 : we shall see
that such rates of convergence, although crude tools, already yield useful information about
estimators.

Maximum risk over ellipsoids. A general diagonal linear estimator with components
Or = ck yr has variance-bias decomposition

r(éc, 0) = €2 Zci + Z(l —c)?0¢.
k k

The worst case risk over ® has a corresponding form

7€) = Zugr(éc, 0) = V(e) + B*(©). (3.38)

The max variance term V (¢) = €2 Y« ¢z does not depend on ©. On the other hand, the
max bias term does not depend on the noise level €. It does depend on ®, but can be easily
evaluated on ellipsoids.

Lemma 3.7 Assume the homoscedaitic white noise model yy = 6y + €zy. Let © =
O, C)=1{0 : Y a;0 < C?}and 0.(y) = (ckyx). Then the maximum risk

f(éc;e) = sup r(éc,Q) =¢? Zc,f + C?sup ap (1 —cx)>
fe® A k

Proof Make new variables sy = a;07/C? and note that the linear function )_ djsi is
maximized over the non-negative simplex ) s < 1 by sup dx. Hence,

B*(©) = C?sup a;*(1 —cx)>. (3.39)
k
and the lemma follows from (3.38)). L]

The Variance-Bias Lemma. The next calculation occurs frequently enough that we
record it here once and for all.

Lemma 3.8 (Variance-Bias) The function G(h) = vh™' + bh?8 defined for h > 0 and
positive constants v, b and B, has minimizing value and location

G(hy) = eHOpl=ryr, hye = r e HO @ p)t=r,

The “rate” r = 23/(2B+1), and H(r) = —rlogr—(1—r)log(1—r) is the binary entropy
Sfunction.

For example, with kernel estimates based on a kernel K of order 8, (3.23) shows that /
can be thought of as a bandwidth and v as a variance factor (such as n~! or €2), while b is a
bias factor (for example involving ¢ (K, B) [(D? f)2.)

The proof is straightforward calculus, though the combination of the two terms in G(h)
to yield the multiplier e*") is instructive: the variance and bias terms contribute in the ratio
1 to (28)~! at the optimum, so that in the typical case 8 > % the bias contribution is the
smaller of the two at the optimum /..
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Aside on discretization approximations. Often a simpler expression results by replac-
ing a sum by its (Riemann) integral approximation, or by replacing a minimization over
non-negative integers by an optimization over a continuous variable in [0, c0). We use the
special notation = to denote the approximate inequality in such cases. For example, the sum

SA) =) kP(L+ DT =kA™ p=(p+1)/qg. (3.40)
k=0

with convergence if and only if gr > p + 1, and

kK =Kk(p,r;q) = /0 vP (1 +v)7"dv =T'(r — wT()/(gl ). (3.41)

The approximation becomes an equality as A — 0, S(1)/kA™* — 1.
For a minimization example, we observe that, if 0 < o < y and &t = «/y,

S(A) = min Ak® + k%77 = inf Ax* + x*7V = kAH, (3.42)
keN x>0
with ik = ef@/Y) The final equality uses, for example, the Variance-Bias lemma with

v =A,h = x"% etc. Again we have asymptotic equality, S(1)/kA'™# — 1 as A — 0.

The errors in these discretization approximationf] are quadratic in the size of the dis-
cretization step, and so can be expected often to be fairly small. Briefly, for the integral
approximation, if G has, for example, G(0) = 0 and fooo |G| < o0, then the difference be-
tween Y po, G(k8)§ and fooo G(x)dx is O(8?), as follows from the standard error analysis
for the trapezoid rule. Similarly, if G is C2, then the difference between mingey G(k§) and
inf,~o G(x) is O(8?), as follows from the usual Taylor expansion bounds.

Spline estimators for fixed A. We now specialize to shrinkage estimators
Ork = Ve, ek = (1+ k2™, (3.43)
corresponding to roughness penalty [(D™ f)?, and to Sobolev ellipsoids
O3(C) ={0:> k™6 <C?}. (3.44)

Our plan is to use the preceding remarks about discretizations to obtain a simple formula for
the worst case MSE for a spline estimator for given A, and then in turn to optimize that to
find the best (minimax) A. The proofs are easy given the preparations we have made.

Proposition 3.9 The worst case mean squared error for an m-th order spline estimate é,l
over a Sobolev ellipsoid ©%5(C) with oo < 2m is

F(03:€) = vue2A12m 4 p,, C222N@/m), (3.45)
The constants vy, and by, appear in the proof. The worse case configuration is, approxi-
mately[| given by 6* = Ck;**ex,, where
[(2m —a)/a]/Cm ) =1ECm ity < 2m),

k*: .
1 ifo >2m.

4 Actually, we work in the reverse direction, from discrete to continuous!
3 since k. should be replaced by an integer, being whichever of | k.| or [k.] leads to the larger squared bias.
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Remarks. 1. The exponent of A in the bias term shows that high smoothness, namely
o > 2m, has no effect on the worst-case mean sguared €rTor.
2. The ‘degrees of freedom’ of the smoother 6, = S, y is approximately

trS; = ch = Z(] + Akzrﬂ)—l - c)t_l/(z'”),
k k

In the equivalent kernel of the Section we saw that A corresponded to 4™, and so the
degrees of freedom tr S} is approximately proportional to 2!, In addition, if « < 2m, tr S,
is also proportional to the least favorable frequency k..

Proof  For the variance term, use the integral approximation (3.40) with ¢ = 2m:
Vie)=e*) (14 Ak =, a7,
where from withr =2 and u = pw,, = 1/(2m),
Um = m D (2 = ) U (tm) = (1 — pm) /sinc(pm). (3.46)

using Euler’s reflection formula I'(1 — w)I'(u) = n/sin(wp), and the normalized sinc
function sinc(x) = sin(x)/(;rx). In the case m = 2 (cubic splines), v, = 3+/27/16.
For the squared bias term, note first that I —cx = [1+A71k72™]~! 5o that (3:39) becomes

B> = C22°(inf Ak® + k*"y

If « > 2m, then B is maximized at k, = 1, with B ~ CA, so that by, = 1. If & < 2m,
then by differentiation, the minimum in B occurs at the claimed value of k. and to evaluate
the minimum value, apply (3.42) with y = 2m and i = «/(2m) to obtain
B> = CPA2 (kA7) 72 = bam C2A%™,
with
bam — e—2H(a/2m) — (2m)—2aa/m(2m _a)2—oc/m'
Note that by, = 1 if @ = 2m. Combining the variance and bias terms yields (3.43). O

Minimax A for the spline estimator. Our interest now turns to the value of A that mini-
mizes the maximum risk (3.43). This is called the minimax A for the parameter space ©.

Formula (3.43) shows that there is a variance-bias tradeoff, with small A corresponding
to small ‘bandwidth’ & and hence high variance and low bias, with the converse being true
for large A. To find the optimal A, apply the Variance-Bias lemma with the substitutions

ho=AVGCm V= Uy€2, b =bym, B =2mAa.
To summarize the results, define the rate r (o) = 2a/(2a + 1), and then set r = r(a A2m).

Theorem 3.10  For periodic smoothing splines with weights wi = Ak>™, the minimax A
leads to

f(é,l;e) = sup r(ék*,e) ~ c1(a, m)C?7 e,
0v(C)

as € — 0, with
A ~ c2(c, m)(€2/C?)?m0=")
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Remarks. 1. The rate of convergence r = r(a A 2m) increases with « until « = 2m, but
does not improve further for functions with smoothness greater than «z. We say that the rate
saturates at 2m, or that r (2m) is a “speed limit” for m-th order splines.

2. In particular, for the typical choice m = 2, the rate of convergence saturates at speed
limit r(4) = 8/9. If one uses a non-negative kernel, the ‘generic’ rate of convergence for
a kernel estimator (at the optimal /) is n™4/5 =< (€2)*/5, at least for f with at least 2
continuous derivatives.

3. We will see in Chapter [5| that r(«) is the best possible rate of convergence, in the
minimax sense, over ®5(C). Thus m-th order splines can attain the optimal rate for all
smoothness indices o < 2m.

An important points is that the optimal choice of A, needed to achieve this optimal rate
depends on (C, «) (as well as m and €?). These values are unlikely to be known in practice,
so the problem of adaptation consists, in this case, in finding estimators that achieve the
optimal rate without having to specify values for C and «.

4. From the Variance-Bias lemma, one can identify the constants explicitly:

c1(a,m) = efOpLrvr

calo,m) = r e ™ HO (v, [bym) .
5.1f « = m, then b,,, = 1/4, which leads to the useful special case
F(Bi.;€) ~ eHO(C? /4) 1 (ue?). (3.47)

In particular, for cubic splines over ellipsoids of twice differentiable functions in mean
square, we get that A, ~ (v2€2/C?)*>. For a fixed function f, recall that [ f"? =
n* Y az6. Thus, if f is known (as for example in simulation studies), and a reasonable
value of A is desired, one might set C> = 7~* [ f” to arrive at the proposal

N4 16:/2€2\4/5
= (3 (G20

3.7 Non-white Gaussian sequence models

So far in this chapter, we have focused on the white infinite sequence model (3.1) and its
cousins. Many of the methods of this book extend to a ‘non-white’ sequence model

v = 0; +€r;iz;, i eN. (3.48)

where the z; are again i.i.d. N(0, 1), but the A; are known positive constants.

In the next two sections, we explore two large classes of Gaussian models which can be
transformed into (3.48). These two classes parallel those discussed for the finite model in
Section The first, linear inverse problems, studies models of the form ¥ = Af + €¢Z,
where Af is a linear operator, and the singular value decomposition (SVD) of A is needed
to put the model into sequence form. The second, correlated data, considers models of the
form Y = f + €Z, where Z is a correlated Gaussian process. In this setting, it is the
Karhunen-Loeve transform (KLT, also called principal component analysis) that puts mat-
ters into sequence form (3.48). The next two sections develop the SVD and KLT respectively,
along with certain canonical examples that illustrate the range of possibilities for (4;).
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When is model well defined? We pause to recall the elegant Kakutani dichotomy
for product measures (e.g. |Williams| (1991} Ch. 14), |Durrett (2010, Ch. 5)). Let P and Q
be probability measures on a measurable space (X, B), absolutely continuous with respect
to a probability measure A. (For example, A = (P 4+ Q)/2.) Write p = dP/dX and
q = dQ/dA. The Hellinger affinity

p(P.0) = [ Vradx (3.49)

does not depend on the choice of A. Now let { P,,} and {Q,} be two sequences of probability
measures on R. Define product measures on sequence space R*°, with the product Borel
o—field,by P =[] P, and Q = [] Q. The affinity behaves well for products: p(P, Q) =
[To(Pi, Q).

Kakutani’s dichotomy says that if the components P, ~ Q, forn = 1,2, ... then the
products P and Q are either equivalent or orthogonal. And there is an explicit criterion:

o0
P~Q ifandonlyif  []e(Pe. Q) > 0.
k=1

And when P ~ Q, the likelihood ratio dP/dQ is given by the product [[7~, dPx/d Qk.
The criterion is easy to apply for Gaussian sequence measures. A little calculation shows
that the univariate affinity

p(N(8.0%),N(0'.0%)) = exp{—(0 — ')/ (80?)}.

Let Py denote the product measure corresponding to (3.48). The dichotomy says that for
two different mean vectors 6 and ', the measures Py and Py are equivalent or orthogonal.
[See Exercise ?? for an implication for statistical classification]. The product affinity

p(Py. Py) = exp{—D>/(86>)},  D*>= (6; —6))*/A}. (3.50)

Thus Py is absolutely continuous relative to Py if and only if ) 6?/A? < oo, in which
case the density is given in terms of the inner product (6, x), = " 6;x; /A7 by

dPy

e = xpl(0.x)2/€ = 161/ 2e)

Here 6; /A; might be interpreted as the signal-to-noise ratio of the i-th co-ordinate.

We will again be interested in evaluating the quality of estimation of 8 that is possible
in model (3.48). An important question raised by the extended sequence model is the effect
of the constants (4;) on quality of estimation—if A; increases with i, we might expect, for
example, a decreased rate of convergence as € — 0.

We will also be interested in the comparison of linear and non-linear estimators in model
(3:48)). For now, let us record the natural extension of formula (2.34) for the mean squared
error of a linear estimator éc (y) = Cy. Let A = diag(A;), then

r(Oc.0) = r CTAC + ||(C — 16> (3.51)

Hellinger and L, distances. We conclude this section by recording some facts about
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distances between (Gaussian) measures for use in Section [3.10/on asymptotic equivalence.
A more systematic discussion may be found in|Lehmann and Romano| (2005, Ch. 13.1).

Let Py and P; be probability measures on (X', 3) and v a dominating measure, such as
Py + P;. Let py and p; be the corresponding densities. The Hellinger distance H( Py, P1)
and L, or total variation distance between P, and P; are respectively given by

o VRN

1Po— Pl =/|P0—P1|dv-

H?(Py, Py)

Neither definition depends on the choice of v. Expanding the square in the Hellinger dis-
tance, we have H?(Py, P;) = 1 — p(Py, P1), where p is the affinity (3:50). The Hellinger
distance is statistically useful because the affinity behaves well for products (i.e. indepen-
dence), as we have seen. The L; distance has a statistical interpretation in terms of the sum
of errors of the likelihood ratio test between Py and P;:

1—2[1Po— Pilly = Po(po < p1) + Pi(p1 < po).
The measures are related (Lehmann and Romano, [2005, Th. 13.1.2) by
H?(Po, P1) < 1||[Po— Pil1 < [1 — p*(Po. P)]"2. (3.52)

It is instructive to compute these distances when Py and P; = Py are Gaussian measures
with means 0 and 6, and with common variances. Then p(Py, Py) is given by (3.50) with
6" = 0. To calculate the L distance, observe that the likelihood ratio

pi/po=exp(W —D?/2), W =1 xi6;/0}.

Under Py and Py respectively, W ~ N(0, D?) and W ~ N(D?, D?) and we find
|Pg — Polly = 2[1 —2&(D/2)]. (3.53)
We can now compare the quantities in (3.52) assuming that D is small. Indeed
H?(Pg, Py) ~ D*/8,  3[|Py— Polli ~2¢(0)D. and [1—p*(Ps. Py)]'* ~ D.

In the continuous Gaussian white noise model (A; = 1), we can re-interpret D? using
Parseval’s identity, so that || Py — P || is given by (3.53) with

D =D,(f) = /0 f =) (3.54)

3.8 Linear inverse problems

The continuous signal in Gaussian noise model led to a homoscedastic version of the basic
sequence model (I.TT). The more general form with unequal variances can arise when we do
not observe f—ignoring the noise for now—but rather its image Af after the action of an
operator A, representing some form of integration, smoothing or blurring. The recovery of f
from the indirect observations A f is called an inverse problem and has a rich literature which
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we barely touch. We consider only linear operators A and settings which lend themselves to
expression in sequence model form.

We begin with an idealized extension of the continuous white noise model and
then pass to examples. Suppose, then, that the unknown function f is defined and square
integrable on some domain D C R,

The linear operator A is assumed to be bounded as a transformation from H = L, (D, 1)
to JIC = L, (U, u,). Let the inner products on 7 and K be denoted (-, -) and [-, -] respectively.
The observations are given by

Y =Af +€Z, (3.55)
a process on U, interpreted to mean that for any ¥ € L,(U), the observation is a functional

Y(¥) =[Af¥] + €Z(Y), (3.56)

and Z = {Z ()} is a Gaussian process with mean zero and covariance function

Cov(Z(W). Z(y')) = /U vy dies.

The setting of direct estimation, in which 4 = I, is a special case in which H = I =
L,[0, 1]. With ¢ = Ijo, we write Y (¢) for Y (1) and recover the signal in continuous white
Gaussian noise model (I.18).

To arrive at the sequence form of (3.53), we employ the singular value decomposition
(SVD) of the operator A. For definitions and details, see Appendix ?? and the references
given there. Suppose that A : H — K is a compact linear operator between Hilbert spaces,
with null space N(A) = {f € H : Af = 0}. The singular value decomposition of A
consists of two sets of singular functions

(1) {¢x}, an orthonormal set in H whose closed linear span equals the orthogonal complement
of N(A),
(ii) {V«}, an orthonormal set in /C, and
(iii) singular values by > 0, such that

Apr = bry, A* Y = b g
From [Af, ] = (f, A*y) and this last display, we have
[Af. Vel = bi(fo k). (3.57)

Suppose now that A is one-to-one, so that {¢y } is an orthonormal basis for 7. Then we can
use the “representer” equations (3.57) to express f = > (f, k)¢ in terms of quantities
observable from (3.53), indeed

=" AL ver.
From (3.36), Y = Y(Yx) = [Af, Y] + € Z(Y) and so we get a sequence representation
Yir = bp Ok + €zx. (3.58)

As with the regression model, we set yx = Yi /by and Ay = €/by to recover our basic
sequence model (I.TT)). From this it is clear that the rate of variation inflation, i.e. the rate of
decrease of by with k, plays a crucial role in the analysis.
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Examples. (1) Differentiation. We observe Y = g +¢€Z and seek to estimate the derivative
f = g’. We can express g as the output of integration: g(x) = Af(x) = fox f(s)ds. We
suppose that H = K = L, [0, 1]. Both sets of singular functions ¢x = i are the com-
plex exponentials Y (x) = exp 2wikx), k # 0, with singular values by = 1/Q2rik) =
O(k™1).

More generally, we might seek to recover f = g, so that g is the m-th iterated integral
of f. In this case, the singular values by = 2nwik)™ = O(k™™) for k # 0.

(i1) Deconvolution. The smoothing operation consists of convolution with a known func-
tion b:

1
AF() = (b f)(x) = /0 b(x— 1) f@)d1,

and again the goal is to reconstruct f. The two-dimensional version is a natural model for
image blurring.

In the easiest case for describing the SVD, when both f and b are periodic on [0, 1], we
may again use the Fourier basis for H = K = L5[0, 1], with ¢ (x) = ¥ (x) = >™*, and
the singular values are the Fourier coefficients of b:

1
by = / by,
0
since (b * f)x = b fk-
If b(x) = I{|x| < a} is the “boxcar” blurring function, then by = sin(2wka)/(7wk), so
that the singular values by ~ O(k™'). For b smooth, say with r continuous derivatives, then
by = O(k™") (e.g.|Katznelson| (1968, Ch. 1.4)).

(iii) The Abel equation Af = g has

(4900 = = /

and goes back to |Abel| (1826), see Keller| (1976) for an engaging elementary discussion
and |Gorenflo and Vessella (1991) for a list of motivating applications, including the Abel’s
original tautochrone problem.

To describe the singular value decomposition, let 7 = L,[0, 1] with {¢} given by nor-
malized Legendre polynomials g (x) = +/2n + 1 Px(1 — 2x). On the other side, let

Yu(x) = /2 /7 sin(n + %)9, x = sin?(6/2)

for 0 < 0 < 7. Setting ¥, (6) = ¥, (x), the functions v/, are orthonormal in L0, 7] (and
¥, (x) can be expressed in terms of modified Jacobi polynomials /x Pk1 /2,711 2(1—2x), see
(3.61) below). It is shown in Exercise that Agr = by Y with singular values

by = (k+1/2)7%

f(t)

Thus, in terms of decay of singular values, A behaves like half-order integration.
Remark. 1t is perhaps not immediately clear that A is a bounded linear operator on L,[0, 1]
(although of course it follows from the SVD). The kernel A(s, 1) = (s —t)"Y/2I{s > t} is
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not square integrable on [0, 1], so the simplest criterion, finiteness of the Hilbert-Schmidt
norm (C.5)), doesn’t apply. See the chapter Notes for further remarks.

(iii”) Wicksell problem. Following Wicksell (1925) and Watson| (1971)), suppose that
spheres are embedded in an opaque medium and one seeks to estimate the density of the
sphere radii, pgs, by taking a planar cross-section through the medium and estimating the
density po of the observed circle radii.

Assume that the centers of the spheres are distributed at random according to a homoge-
neous Poisson process. In Section [3.11]it is shown that po and pg are related by

b
Poy) == ps)

25 g,
mly /52— y? ’

We may put this into Abel equation form. Suppose, by rescaling, that » = 1 and work on
the scale of squared radii, letting g be the density of x = 1 — y? and p be the density of
t = 1—s2. Setting k = 2u/ /7, we get

1 [ p@) 1
e =5 [ Zdr = ~ap)

Thus we can use observations on g and the SVD of A to estimate f = p/«k. To obtain an
estimate of p we can proceed as follows. Since ¢y = 1 and p is a probability density, we

have (p, o) = 1. Thus from (3.57)
L= k(f.p0) = Kby ' [Af. Y]
and so k = by /g, V¥o] and hence

b
MZ/ sps(s)ds. (3.59)
0

pmy =y Dol

expresses p in terms of observable functions [g, V]
(iv) Fractional order integration. For § > 0, let

(45 f)(x) = FES) /0 G / (f))l_,gdz = (f * Up)(x) (3.60)

where Ws(x) = xi‘l/F(S) and x; = max(x,0).|Gel’fand and Shilov| (1964, §5.5) ex-
plain how convolution with Ws and hence operator As can be interpreted as integration of
(fractional) order §. Of course, (A1 f)(x) = fox f(t)dt is ordinary integration and § = 1/2
yields the Abel operator.

The SVD of As can be given in terms of Jacobi polynomials P;’ b (1 —2x), Appendix ??
and Exercise

or(x) = V2k + 1P (1 —2x) on L,([0,1],dx)
Yr(x) = gg_’l_&kPlf’_g(l —2x) on L,([0, 1], x5 (1 — x)7%dx), (3.61)

by =Tk -8+ 1)/Tk +8+1)"2 ~ k™ ask — oco.

Thus, consistent with previous examples, the singular values decay at a rate corresponding
to the order (integer or fractional) of integration.
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(v) Heat equation. The classical one dimensional heat equation describes the diffusion of
heat in a rod. If u(x,?) denotes the temperature at position x in the rod at time #, then in
appropriate units, u satisfies the equation

2

d 0
Eu(x,t) = @u(x,t). (3.62)

For our discussion here, we will assume that the initial temperature profile u(x,0) = f(x)

is unknown, and that the boundary conditions are periodic: u#(0,¢) = u(1,?). We make noisy
observations on the temperature in the rod at a time 7' > 0.

Y(x) =ulx,T) 4+ €Z(x),

and it is desired to estimate the initial condition f(x).
The heat equation (3.62)) is a linear partial differential equation, having a unique solution
which is a linear transform of the intial data f:

u(x,T) = (Ar f)(x).

This can be expressed in terms of the Gaussian heat kernel, but we may jump directly to
the SVD of A7 by recalling that (3.62)) along with the given boundary conditions can be
solved by separation of variables. If we assume that the unknown, periodic f has Fourier
sine expansion

o0
f(x) = «/EZ O sinkx,
k=1
then
o0
u(x,T) = «/EZ e ™ %7 sin kx.
k=1

Thus @i (x) = Y (x) = +/2sinwkx, and the singular values by = e KT

The very rapid decay of by shows that the heat equation is extraordinarily ill-posed.

(vi) Radon transform and 2-d computed tomography (CT). In a two-dimensional ideal-
ization, this is the problem of reconstructing a function from its line integrals. Thus, let D
be the unit disc in R?, and suppose that the unknown f € H = L?(D, 7 'dx).

A line at angle ¢ from the horizontal and distance s from the origin is given by t —
(scos¢ —tsing,ssing + ¢ cos¢) and denoted by L, 4, compare Figure The corre-
sponding line integral is

(Af)(s,¢) = Ave[f[Ls,s N D]
1 Vi=s2
= — f(scos¢ —tsing,ssing + t cos p)dt.
24/1 — s2 /—«/l—sz
Here (s,¢) € R = {0 <5 < 1,0 < ¢ < 2x}. The observations are noisy versions of the
line integrals

Y(s.9) = Af(s.¢) + €W(s. ), (s.¢) € R.
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T Y(z)

1/(8, ‘
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0 T 1

Figure 3.2 Left panel: domain for the heat equation. We observe u(x, T') plus
noise (top line) and wish to recover the initial data f(x) = u(x, 0), (bottom line).
Right panel: domain for computed tomography example. We observe line integrals
(Af)(s, ¢) along lines Ly ¢ plus noise, and wish to recover f(x),x € D.

The SVD of A was derived in the optics and tomography literatures (Marr, [1974; [Born
and Wolf] [1975)); we summarize it here as an example going beyond the Fourier basis. There
isadouble index set N = {(I,m) :m =0,1,...;]/ =m,m—2,...,—m}, where m is the
“degree” and [ the “order”. For v = (I, m), the singular functions are given (Johnstone and
Silverman), (1990) by

0u(r,0) = Vm + 1Z1(r)e'"®.  Y,(s. ) = Un(s)e''?,

and the singular values b, = 1/+/m + 1. Here U, (cos 8) = sin(m + 1)8/ sin 8 are Cheby-
chev polynomials of the second kind, and the Zernike polynomials are characterized by the
orthogonality relation fol Z’k‘+25(r)Z,’§+2t(r)rdr =((k+2s+1)/2)8..

The main point here is that the singular values b,, decay slowly and so the reconstruction
problem is only mildly ill-posed, consistent with the now routine use of CT scanners in
medicine.

Remark. The model and is the natural infinite sequence model of ¥ ~
N(ABH,€21). For an infinite sequence version of the covariance model ¥ ~ N(0,€2X),

see the discussion of the Karhunen-Loeve transform in Section

3.9 Correlated noise

The Karhunen-Loéve transform. Let T = [a,b] or more generally, a compact set in
R?. Suppose that {Z(¢),t € T} is a zero mean Gaussian random process on an index
set T. [That is, all finite-dimensional distributions (Z(¢1), ..., Z(tx)) are Gaussian for all
(t1.t2, ..., 1) € T* and positive integer k.] Assume also that Z is continuous in quadratic
mean, or equivalently (Ash and Gardner, |1975, Ch 1.3) that the covariance function (or
kernel)

R(s,t) = EZ(s)Z(t)
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is jointly continuous in (s,7) € T?. The operator Rf(s) = [ R(s.t) f(¢)dt is nonnegative
definite because it arises from a covariance kernel:

(RS, f) = / f(s)Cov(Z(s), Z(t)) f(t)dsdt = Var (/ f(s)Z(s)ds) > 0.

Under these conditions it follows (Appendix [C.3| has some details and references) that R
is a compact operator on L?(T), and so it has, by the Hilbert-Schmidt theorem, a complete
orthonormal basis {¢, } of eigenfunctions with eigenvalues A2 > 0,

/R(s,z)¢,- (H)dt = Aigi(s), seT.
In addition, by Mercer’s theorem, the series

R(s,0) = ) Aron(s)ga(t)

converges uniformly and in mean square on 7" x T'.
Define Gaussian variables (for i such that A; > 0)

=it [wwzwar

The z; are i.i.d. N(0, 1): this follows from the orthonormality of eigenfunctions:

Cov (/ %Z,/wjz) =/T T(ﬂiRsaj = (¢i. Ro;) = A5 (3.63)

Z(6) =) hizii(0)

The sum

converges in mean-square on L, (7). Indeed, for a tail sum rp,, = > » (Z, ¢;)¢; we have,
using (3:63), Er2, = > i, A}¢?(t) — 0as m,n — oo by Mercer’s theorem.

If the eigenfunctions ¢; corresponding to A; > 0 are not complete, then we may add an
orthonormal basis for the orthogonal complement of the closure of the range of R in L,(T)
and thereby obtain an orthobasis for L,(7"). Since R is symmetric, these ¢; correspond to
Ai =0.

Now suppose that Z(¢) is observed with an unknown drift function added:

Y(t) =0(t) +€Z(1), teT.
If 0 € L,(T), then we may take coefficients in the orthonormal set {¢;} :
yi = (Y, i), 0; = (0, i),

to obtain exactly the sequence model (3.48). [Of course, co-ordinates corresponding to A; =
0 are observed perfectly, without noise. ]

To summarize: for our purposes, the Karhunen-Lo¢ve transform gives (i) a diagonaliza-
tion of the covariance operator of a mean-square continuous process, (ii) an example of
the Gaussian sequence model, and (iii) a way to think about (and do computations with)
Gaussian priors in the sequence model

Connection to Principal Components Analysis. The KLT is just the stochastic process
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analog of finding the principal components of a sample covariance matrix. Indeed, sup-
pose that the sample data is {x;;} fori = 1,...,n cases and j = 1,..., p variables. Let
X; = n~'Y"; x;; denote the sample mean for variable j. Set z;; = x;; — X; and make the
correspondence Z(w, t) = z;;, identifying the realization w with i, and the “time” ¢ with ;.
Then R(t1,t) = EZ(t,) Z(t,) corresponds to the an entry in the sample covariance matrix
Shj =n"" 32 (xijy — X)) (xij, — Xj)-

Example: Integrated Wiener process priors.
The m — 1-fold integrated Wiener process is defined by
r—u
Zo(t)_/ ( )IL)' AW (), t €[0,1].
The “free” Wiener process (so chrlstened by Shepp| (1966))) is derived from this with the aid
of i.i.d standard Gaussian variables &, . .., &,—1 independent of an:

m—1 i
t’ 0
Zp)y =03 &+ Z,0).
j=0
Most interesting is the case m = 2, since it corresponds to cubic smoothing splines:

Z3(t) = oo + o1t + / t —u)dW(). (3.64)
0

Wahba (1978l 1983,|1990) has advocated the use of Z2, as a prior distribution for Bayesian
estimation in the context of smoothing splines (actually, she recommends using ¢ — o0,
for reasons that will be apparent. She showed (Wahba, |1990, Th. 1.5.3) that the smooth-
ing spline based on the roughness penalty [(D™ f)? arises as the limit of posterior means
calculated from the Z7, priors as 0 — 00.)

This prior distribution has some curious features, so we explore its Karhunen-Loeve trans-
form now as preparation for later use. The key conclusion is that for each o > 0, and in the
o — oo limit, the eigenvalues satisfy

Ai ~ 1/(i)™, asi — o0.

We discuss only the cases m = 1,2 here.

However, it is simpler to discuss the m = 1 situation first, with Z¢ (1) = o0&, + W(z), and
covariance kernel Ry (s, 1) = Cov (Z9(s), Z9(t)) = 0> + s A t. The eigenvalue equation
Ry¢ = A*¢ becomes

1 s 1
02/ o(t)dt +/ tp(t)dt +s/ d(t)dt = A*¢(s). (3.65)
0 0 s
Differentiating with respect to s yields

1
/ d()dt = A2 (s) (3.66)
S
and differentiating a second time yields the second order ordinary differential equation

—P(s) = A2¢"(s) 0<s<l. (3.67)
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Boundary Conditions  Eigenvalues Eigenfunctions
0 =00 ¢'0)=¢'(1)=0 It =nn V2cosnmt
c=0 ¢(0)=¢'(1) =0 A=+ %)n V2sin(n + %)nt
0<o<oo ¢'(0)=072¢(0), At e(mm (n+ %)71) cnsin Ayl + ...
¢'(1)=0 cn02A; cos Ayt
Periodic ¢ (0) = ¢(1), A;,}_l = k;,} =2nm  +/2sin2mnt,
¢’ (0) = ¢'(1) V2 cos2mnt

Table 3.2 Effect of Boundary Conditions for the vibrating string equation

The homogeneous equation A2¢” + ¢ = 0 has two linearly independent solutions given by
trigonometric functions

¢(t) = asin(t/A) + bcos(t/A). (3.68)

The equations (3.63)) and (3:66) impose boundary conditions which non-zero eigenfunctions
must satisfy:

¢'(1) =0, ¢'(0) = ¢(0)/0>.

[The first condition is evident from (3.66) while the second follows by combining the two
equations: A%¢/(0) = [ ¢ = A2¢(0)/02.]

Let us look first at the 0 — oo limit advocated by Wahba. In this case the boundary
conditions become simply ¢’'(0) = ¢'(1) = 0. Substituting into (3.68), the first condition
implies that ¢ = 0 and the second that sin(1/A) = 0. Consequently the eigenvalues and
eigenfunctions are given by

An = 1/nm, ¢n(s) = v2cosnms, n=12,....

Equation (3.67) arises in traditional mathematical physics by separation of variables in
the ‘vibrating string’ equation, e.g. (Courant and Hilbert (1953 Sec. 5.3). The boundary
condition ¢'(1) = 0 corresponding to the right end of the string being “free”. In the case of
the ordinary Wiener process (0 = 0), the left hand boundary condition becomes ¢ (0) = 0,
corresponding to the left end of the string being fixed at 0 — recall that W (0) = 0 almost
surely. The condition for general o, 62¢(0) = ¢'(0) corresponds to an ‘elastically attached’
endpoint.

Table shows the eigenvalues A,, and eigenfunctions corresponding to these various
natural boundary conditions - all are easily derived from (3.68).

To describe the stochastic process, or “prior distribution” associated with periodic bound-
ary conditions, recall that the Brownian Bridge W (r) = W(r) — tW(1) satisfies W (1) =
W(O) = 0 and has Cov(W (s), W(t)) = s At — st. Proceeding as before, define a “free”
Brownian Bridge

Z°(t) = ko + W (1),

and verify that it has covariance kernel R, (s,t) = 0> + s At — st. Equations (3.63) and
(3:66) change in an obvious way, but the differential equation (3.67) remains the same. The
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boundary conditions become

$(0) = ¢(1), ¢'(0) = 072¢(0) + ¢'(1).

and so the standard periodic boundary conditions and the usual sine and cosine eigenfunc-
tions emerge from the 0 — oo limit.

In all cases summarized in Table[3.2] the eigenfunctions show increasing oscillation with
increasing n, as measured by sign crossings, or frequency. This is a general phenomenon
for such boundary value problems for second order differential equations (Sturm oscillation
theorem - see e.g. Birkhoff and Rotal (1969, Sec 10.7)). Note also that in the periodic case,
the eigenvalues have multiplicity two — both sines and cosines of the given frequency — but
in all cases the asymptotic behavior of the eigenvalues is the same: A, ! ~ nr.

The analysis of the integrated Wiener prior (3.64), corresponding to cubic smoothing
splines, then proceeds along the same lines, with most details given in Exercise[3.7|(see also
Freedman| (1999, Sec. 3) ). The eigenvalue equation is a fourth order differential equation:

P(s) = 129 @ (s).

This equation is associated with the vibrating rod (Courant and Hilbert, [1953], Secs IV.10.2
and V.4) — indeed, the roughness penalty [ corresponds to the potential energy of defor-
mation of the rod. It is treated analogously to the vibrating string equation. In particular, the
(four!) boundary conditions for the ¢ = oo limit become

¢"(0) = ¢"(0) = 0, ¢"(1) = ¢"(1) =0,

corresponding to “free ends” at both limits.

3.10 Models with Gaussian limits*

Since the earliest days of nonparametric function estimation, striking similarities in large
sample results — rates of convergence, distributional structure — have been observed in mod-
els as diverse as spectrum estimation, density estimation and nonparametric regression. In
recent years, a rigorous expression of this phenomenon has been obtained used LeCam’s
notion of asymptotic equivalence of experiments. In each such case, a result exists stating
that under certain regularity conditions on the unknown function f, in large samples, the
model is asymptotically equivalent to the signal in Gaussian white noise model. Informally,
this means that conclusions based on estimators, risk functions and asymptotic analysis in
the white noise model can be carried over to corresponding estimators and risks in the other
model sequence.

This section has two parts. In the first, we give the proof of the simplest case of the
equivalence result of Brown and Low| (1996a)), which shows that nonparametric regression
on [0, 1] is asymptotically equivalent with the Gaussian white noise model. Some heuristics
for this convergence were given in Chapter [1.4]

In the second part, essentially independent of the first, we give an informal, heuristic
account of some of the other results in the growing list of equivalence results. The reader
primarily interested in heuristcs can jump there directly.
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Brown and Low’s equivalence theorem

Outline of approach. We consider three statistical problems, each indexed by n, and having
a common parameter space f € ©.

(Pn) dY,(t) = f(t)dt +on 2dW(r), 0<t<I, (3.69)
(Pn) dY,(t) = fu(t)dt + on " 2dW (), 0<r<1, (3.70)
(Qn) yvi= f(/n)+ oz l=1,...,n. (3.71)

In problem (75n), the function f; is a step function approximation to f, being piecewise
constant on intervals [(i — 1)/n,i/n). We will define a distance A(P,, Q) between statis-
tical problems and show that it converges to zero in two steps. First, problems P, and P
are on the same sample space, and so a convenient criterion in terms of L, distance shows
that A(P,,P,) — 0 under suitable conditions on ®. Second, a reduction by sufficiency will
show that in fact A(P,, Q,) = 0.

Before implementing this agenda, we need some definitions (due to Le Cam) to formal-
ize the notion of distance between statistical problems. (See |Le Cam)| (1986) and [Le Cam
and Yang| (2000); also Nussbaum| (2004) for an introduction and [van der Vaart (2002)) for
historical perspective.)

Consider two regulaIE] statistical problems Py and P; having sample spaces )V and )
but the same parameter space ®. Let the two corresponding families of distributions be
denoted by {P; 9,0 € ®} fori = 0, 1. To describe Le Cam’s metric, we need to introduce
risk functions. Let A be an action space and L : A x ® — [0, 00) a loss function. The risk
function of a (randomized) decision rule 6(A|y) is denoted by

rp(6,0) = /] L(a,0)3(daly)Py(dy), (3.72)

compare (A.9) and the surrounding discussion for more detail. If §(-|y) is a point mass at
6(y), then this definition reduces to (2?).

The deficiency A4 (Py, P1) of Py with respect to P is the smallest number € € [0, 1] such
that for every arbitrary loss function L with 0 < L(a, ) < 1 and every decision rule §; in
problem P, there is a decision rule &y in problem Py such that rg 1,(80, 0) < r1,.(81,6) + €
for all 8 € ©. To obtain a distance on statistical problems, we symmetrize and set

A(Po, P]) = max{Ad (Po, Pl), Ad(Pl s 7)0)}

The definition of distance is quite elaborate because it requires that performance in the
two problems be similar regardless of the choice of estimand (action space) and measure
of performance (loss function). In particular, since the loss functions need not be convex,
randomized decision rules must be allowed (cf. (A.9)—(A.T2) in Appendix [A).

A simplification can often achieved when the problems have the same sample space.

Proposition 3.11 If )y = YV and Py and Py have a common dominating measure v, then
A(Po,P1) < L1(Po, Pr),

6 “Regular” means that it is assumed (a) that the sample spaces ; are complete separable metric spaces,
equipped with the associated Borel o-fields, and (b) that each family { P; g, 6 € ®} is dominated by a
o -finite measure. These assumptions hold for all cases we consider.
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where the maximum L distance is defined by

Li(Po.P1) = sup / P00 () = praO)Iv(dy).

Proof 1In the definition of deficiency, when the sample spaces agree, we can use the same
decision rule in Py as in Py, and if we write || L||oo = sup |L(a, 6)|, then from (3.72)

1ro.£(8.8) — r.0(3.0)] < I Llloo / 1Pos() — Pro()Iv(dy).

Maximizing over 6 shows that o 1.(6,0) < ry,1(8, 6)+L1(Po, P1). Repeating the argument
with the roles of Py and P; reversed completes the proof. O

A sufficient statistic causes no loss of information in this sense.

Proposition 3.12 Let P be a regular statistical problem with sample space ). Suppose
that S :' Y — S is a sufficient statistic, and let @ = {Qg;0 € O} denote the problem in
which S = S(Y) is observed. Then A(P, Q) = 0.

Proof Since S = S(Y) is sufficient for Y, there is a kernel K(C|s) defined for (Borel)
subsets C C ) such that Pg(C) = [ K(C|s)Qs(ds). This formalizesﬂ the notion that the
distribution of Y given S is free of 6. Given a decision rule § for problem P, we define
a rule §' for Q by §'(A|s) = [8(A|y)K(dyls). By chasing the definitions, it is easy to
verify, given a loss function L, that rz (8, 0) = rp(8,6). Hence Ay(Q,P) = 0. Since a
rule for Q is automatically a rule for P, we trivially have also Az (P, Q) = 0, and hence

A(P, Q) = 0. O

We are now ready to formulate and prove a special case of the Brown-Low theorem.
Consider parameter spaces of Holder continuous functions of order @. The case 0 < o < 1
is of most interest here—Appendix C gives the definitions for o« > 1. We set

w(C) ={feC(0.1]): |f(x) = fW| = Clx — y[* forall x,y € [0,1]}.  (3.73)

Theorem 3.13  Let P, and Q,, denote the continuous Gaussian white noise model (3.69))
and the discrete regression model respectively. Let the parameter space © for both
models be the Holder function class ©% (C). Then, so long as o > 1/2, the two problems
are asymptotically equivalent:

A(Pn, Qn) — 0.

Proof We pursue the two step approach outlined earlier. Given a function f € ©%(C),
define a piecewise constant step function approximation to it from the values f(//n). Set

fn@) = f/m) =D/t =t <1/n,
and put f,(1) = f(1). [This type of interpolation from sampled values occurs again in
Chapter ] As indicated at (3.70), let P,, denote the statistical problem in which f,, is ob-

served in continuous white noise. Since both P, and P, have sample space Y = C([0, 1])
and are dominated, for example by Py, the distribution of Y, under f = 0, we have

7 The existence of such a kernel, specifically a regular conditional probability distribution, is guaranteed for a
regular statistical problem, see. e.g.|Schervish| (1995, Appendix B.3) or Breiman|(1968).
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A(Ph, 7_3n) < Ll(Pn,ﬁn). The L, distance between Py and P; can be calculated fairly
easily; indeed from (3.53) and (3.54)),

1Pr — P |l = 2[1 —2&(D,(£)/2)].
Dy (f) =n/ [ £ (1) — f(0)]?dt.
0

From the Holder assumption | f(¢) — f(I/n)| < C|t —/n|* fort € [(I —1)/n,l/n). [If
a > 1, it is enough to use o« = 1 and the Lipschitz property]. Consequently

1/n
Drzz(f) = nZCZ/ u*du = Qa + 1)—1C2n1—2a’
0

and this holds uniformly for all f € ©% (C). Hence L, (Pp.Pn) — 0solongasa > 1/2.
For the second step, reduction by sufficiency, define

Sni(Yn) =n[Y,(I/n) — Yu((l = 1)/n)], I=1,...,n. (3.74)

The variables S, ; are independent Gaussians with mean f(//n) and variance 0. Hence
the vector S, = (S,) is an instance of statistical problem Q,. In addition, S, = S, (Y,)
is sufficient for f € © in problem P, and so A(f,,, Q,) = 0. Combining the two steps
using the triangle inequality for metric A, we obtain A(P,, Q,) — 0. O

Remarks. 1. Let us describe how to pass from a procedure in one problem to a corre-
sponding procedure in the other. Given a rule 6, in regression problem Q,,, we define a rule
8, (Y,) in the white noise problem P, simply by forming S,(Y,) as in and setting
8'(Y,) = 8,(Sy). In the other direction we use the construction in the proof of Proposition
Given a rule §, in white noise problem P,, we define §, in the regression problem by
passing to problem P, (which has the same sample space as P,) and defining

8;;(A|Sn) =E [Sn(A|Yn) | Sn(Yn) = Sn] .

The conditional expectation is well defined as an estimator (free of f') by sufficiency, though
of course it may in general be hard to evaluate. The evaluation is easy however in the case
of a linear estimator 6, (Y,)(u) = fol c(u,t)dY,(t): one can check that

n I/n
8 (Sn)(u) = chl(u)sn,l» Cni(u) = / c(u,t)de.
I=1 (

1-1)/n

2. Theorem [3.13]extends to a regression model with unequally spaced and heteroscedastic
observations: instead of (3.71)), suppose that Q,, becomes

vi = fta) + 0(tur)z1, I=1,...,n.

If t,; = H™'(l/(n + 1)) for a strictly increasing and absolutely continuous distribution
function H and if o (¢) is well-behaved, then after suitably modifying the definition (3.74),
Brown and Low|(1996a)) show that Q,, is still asymptotically equivalent to P,.

3. An example shows that equivalence fails when @ = 1/2. Define €,(t) = +/t on
[0,1/(2n)] and then reflect it about 1/(2n) to extend to [1/(2n), 1/n]. Then extend €, by
translation to each interval [(/ — 1)/n,[/n] so as to obtain a tooth-like function on [0, 1]
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which is Holder continuous with « = 1/2, and for which /n fol €n = ~/2/3. Now con-

sider estimation of the linear functional Lf = fol f(t)dt. In problem P,, the normal-
ized difference /n(Y,(1) — Lf) ~ N(0, 1) exactly for all f and n. However, in model
Q,, the observation vector y = (y;) has the same distribution whether f = fo = 0 or
f = fin = €, since ¢,(l/n) = 0. Thus there can be no estimator 8,(y) in Q,, for which
(8, ((y)—Lf) — N(0, 1) in distribution uniformly over f € @}1/2(1), since /nLfy =0
while /nL fin = v/2/3.

Some other examples

Density Estimation. Suppose that X1, ..., X, are drawn i.i.d. from an unknown density f
supported on [0, 1]. So long as f has Holder smoothness greater than 1/2, the experiment
is asymptotically equivalent to

dy, = f2@t)dt + In72aw;, 0<r<1. (3.75)

Nussbaum| (1996). The appearance of the root density f'!/2 is related to the square root
variance stabilizing transformation for Poisson data, which is designed to lead to the constant
variance term. Note also that f /2 is square integrable with L, norm equal to 1!

Here is a heuristic argument, in the spirit of (I.24), that leads to (3.75). Divide the unit
interval into m, = o(n) equal intervals of width h, = 1/m,. Assume also that m, — oo
so that h,, — 0. Write I, for the kth such interval, which at stage n extends from #; =
k/my, to ty4. First the ‘Poissonization trick’: draw a random number N, of observations
X1,..., Xn, of i.id. from f; with N, ~ Poisson(n). Then, because of the Poisson thinning
property, the number of observations falling in the kth bin [, will be Poisson with mean
n | Tin f & nf(ty)h,. The square root transformation is variance stabilizing for the Poisson

family and so yx, := /Nu(Ikn) ~ N(V/ f(tx)nh,, 1/4) approximately for large n. Thus
Vi &~ \/7 (tr)/nh, + %ek,, with ex, independent and approximately standard Gaussian.

Now form a partial sum process as in (I.24)), and premultiply by /A, /n to obtain

[m, 1] [m1] mpt]

[
Ya(t) = h2n7 23" yiw = YV F e + (/207 2m 2y ey,
1 1 1

This makes it plausible that the process Y, (¢), based on the density estimation model, merges
in large samples with the Gaussian white noise process of (3.73).

A non-constructive proof of equivalence was given by Nussbaum| (1996) under the as-
sumption that f is «—Holder continuous for « > 1/2, (3.73)), and uniformly bounded below,
f(t) > € > 0. A constructive argument was given by Brown et al.|(2004) under a variety of
smoothness conditions, including the Holder condition with o > 1/2. While the heuristic
argument given above can be formalized for « > 1, Brown et al.[(2004) achieve o« > 1/2
via a conditional coupling argument that can be traced back to Komlds et al.|(1975).

Nonparametric Generalized Linear Models. This is an extension of model to errors
drawn from an exponential family. Indeed count data with time varying Poisson intensities
and dichotomous or categorical valued series with time varying cell probabilities occur nat-
urally in practice (e.g. |[Kolaczykl (1997)); Stoffer| (1991)). We suppose that the densities in
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the family may be written Pg(dx) = pg(x)v(dx) with pg(x) = ?U®~¥® Thus 6 is the
canonical parameter, U(x) the sufficient statistic, v(dx) the dominating measure on R and
v(6) =log [ e?U™y(dx) the cumulant generating function. (Lehmann and Casella (1998,
Ch. 1) or[Brown|(1986) have more background on exponential families). All the standard ex-
amples — Poisson, Bernoulli, Gaussian mean, Gaussian variance, exponential — are included.
We will describe a form of the equivalence result in the mean value parameterization, given
by u(0) = v’ (0) = EgU(X).Lett; = 1/n,l = 1,...,n and g be a sufficiently smooth
function, typically with Holder smoothness greater than 1/2. Assume that we have obser-
vations (#;, X;) in which X; is drawn from Py, (dx) with u; = u(6;) = g(t). Recall that
Y"(0) = Var U(X), and let V(i) be the variance stabilizing transformation for { Py} de-
fined through V’(u(6)) = 1/4/¥”(6). Then Grama and Nussbaum| (1998)) show that this
experiment is asymptotically equivalent to

dY, = V(g@t))dt +n~2dwW, 0<t<l1.

The Poisson case, with V(i) = 2.,/u, is closely related to the density estimation setting.
For a second example, if X; are independent N (0, g(¢;)), then we are in the Gaussian scale
family and the corresponding exponential family form for N (0, 62) has natural parameter
6 = —1/02, mean parameter () = —1/(26) and variance stabilising transformation
V() = 272 1og j1. So the corresponding white noise problem has dY; = 27/?log g(t) +
n~124dw,, fort € [0, 1].

Spectral density estimation. Suppose that X" = (Xy, ..., X,) is a sample from a station-
ary Gaussian random process with mean zero and spectral density function f(§) on [—m, 7],
related to the covariance function y(k) = EX; X4 via f(§) = 2n)7' 1% e ¥ y (k).
Estimation of the spectral density f was the first nonparametric function estimation model
to be studied asymptotically — see for example |Grenander and Rosenblatt| (1957).

Observe that X" ~ N(0,T',(f)) where the covariance matrix is Toeplitz: I',(f)jx =
y(k — j). A classical approximation in time series analysis replaces the Toeplitz covari-
ance matrix by a circulant matrix T, (f) in which the rows are successive shifts by one of
a single periodic function on {0,1,...,n — 1}. [ﬂ The eigenvalues of a circulant matrix are
given by the discrete Fourier transform of the top row, and so the eigenvalues of i (f) are
approximately f(&;) where §; are equispaced points on [—r, r]. After an orthogonal trans-
formation to diagonalize T, ( /), one can say heuristically that the model X” ~ N (0, T,,(f))
is approximately equivalent to

Zj~NQ© f¢)), j=1....n

This is the Gaussian scale model discussed earlier, and so one expects that both statistical
problems will be asymptotically equivalent with

dZs =log f(§) +2n"/ 27\ 2dWe, € [~m.7)

for f in a suitable function class, such as the Holder function class ®% (C) on [—m, ] with
« > 1/2 and restricted also to bounded functions € < f(&) < 1/e. Full proofs are given in
Golubey et al.|(2010).

8 Indeed, set ¥, (i) = y(i) for 0 <i < (n — 1)/2, make ¥, periodic by reflection about /2 and define
Fn(f)jk = )7n(k - ])
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This by no means exhausts the list of examples where asymptotic equivalence has been
established; one might add random design nonparametric regression and estimation in dif-
fusion processes. For further references see the bibliography of |Carter| (2011).

Some cautions are in order when interpreting these results. First, there are significant reg-
ularity conditions, for example concerning the smoothness of the unknown f. Thus, Efro-
movich and Samarov| (1996) have a counterexample for estimation of [ f2 at very low
smoothness. Meaningful error measures for spectral densities may not translate into, say,
squared error loss in the Gaussian sequence model. See |Cai and Zhou| (2009) for some
progress with unbounded loss functions (and also the discussion in Chapter ??). Neverthe-
less, the asymptotic equivalence results lend further strength to the idea that the Gaussian
sequence model is the fundamental setting for nonparametric function estimation, and that
theoretical insights won there will have informative analogs in the more concrete practical
problems of curve estimation.

3.11 Details

Derivation of Wicksell equation ([3.59). Referring to Figure [3.3] suppose that the sampling
plane is perpendicular to the horizontal axis. Let the true sphere radius be s. The sampling
plane intersects the horizontal axis at r = scos 8 and the radius of the circle seen in the
vertical planar cross section is y = ssin 6.

Figure 3.3 (two-dimensional projection of) three-dimensional sphere showing cut
by sampling plane (dotted) perpendicular to horizontal axis

Observe that there is length-biased sampling: the sampling plane hits a sphere with prob-
ability proportional to its radius, so the density of sampled, or ‘cut’ sphere radii pc(s) is
related to the true sphere radius density ps(s) by

pc(s) =sps(s)/n (3.76)
where u = [ sps(s)ds is the normalization constant.
The distribution of observed radii decomposes over the sampled sphere density

b

P(Y = y) = / P(Y > yIS = ) pc(s)ds.
y

Conditional on S = s, the event {Y > y} = {ssin® > y} = {scos ® < /52 — y2}. Now
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R = s cos ® is uniformly distributed on [0, 5] by the homogeneous Poisson assumption, so
it follows that P(Y > y|S = s) = (1 — y2/s2)"/2. Consequently,

b

= oy sy = L
pon =g P == [ N Ol

Substituting the biased sampling equation (3.76)), we recover (3.59).

3.12 Notes

Defining Gaussian measures on infinite dimensional spaces is not completely straightfor-
ward and we refer to books by |Kuo|(1975)) and [Bogachev|(1998) for complete accounts. For
the sequence model (3.1)) with I = N, the subtleties can usually be safely ignored. For the
record, as sample space for model (3.1]), we take R, the space of sequences in the product
topology of pointwise convergence, under which it is complete, separable and metrizable. It
is endowed with the Borel 0 —field, and as dominating measure, we take Py = Py ¢, the cen-
tered Gaussian Radon measure (see Bogachev| (1998, Example 2.3.5)) defined as the product
of a countable number of copies of the N(0, €2) measure on R.

For each 8 € ® = {,(N), the measure Py with mean 0 is absolutely continuous, indeed
equivalent, to Py, and has density

fo(x) = dPg/dPy = exp{(0. x)/€* — ||0]>/2¢%}.

Note that the random variable (6, x) appearing in the density has a N (0, ||6||?) distribution
under Py and in particular is finite Po—almost surely.

In fact, it follows from the classical theorem of [Kakutani| (1948)) on product measures that
membership of 6 in £, is a necessary and sufficient condition for the distribution of x to be
absolutely continuous with respect to that obtaining when 6 = 0, and further if 6 ¢ {5, then
the two distributions are mutually singular.

Bogachev| (1998, Theorem 3.4.4) shows that in a certain, admittedly weak, sense all infi-
nite dimensional Gaussian measures are isomorphic to the sequence measure Py.

One can formally extend the infinitesimal representation (I.19) to a compact set D C R”
if t — W; is d —parameter Brownian sheet (Hida, [1980). If ¢; is an orthonormal basis for
L, (D), then the operations (I.21)) again yield data in the form of model (3.1).

Rice and Rosenblatt| (1981)) show that in the non-periodic case, the rate of convergence of
the MSE is determined by the boundary behavior of f.

Speckman (1985).

References on data-determined choices of A.

There is a large literature on the matching of posterior and frequentist probabilities in
parametric models - the Bernstein-von Mises phenomenon. The situation is more compli-
cated for non-parametric models. Some simple examples are possible with Gaussian se-
quence models and Gaussian priors—Johnstone|(2010) develops three examples to illustrate
some possibilities.

L, boundedness of the fractional integration operator As is a consequence of classical
results of Hardy and Littlewood| (1928)), see also |(Gorenflo and Vessella (1991} pp. 64—67).
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Indeed, for § < 1/2, the operator As is bounded from L5[0, 1] to L4[0, 1] for a value s =
5(8) > 2, while for § > 1/2, it is bounded from L,[0, 1] to C5~1/2([0, 1]).

There is some discussion of orthogonal series methods in|[Hart| (1997), though the empha-
sis is on lack-of-fit tests. Eubank| (1999) has a focus on spline smoothing.

3.1
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Exercises

(Compactness criteria.) Here £, denotes square summable sequences with the norm ||0]|? =
02,

(a) The ellipsoid ® = {6 : 3 ;- ai@,? < C?} is £,—compact if and only if a; > 0 and
aj — oQ.

(b) The hyperrectangle ® = [ [~7k, t&] is {2—compact if and only if D ;-4 r,f < 00.

(Equivalence of measures.) Let P and Q be probability measures on a measurable space
(X, B), absolutely continuous with respect to a probability measure A. (For example, A =
(P+Q)/2.)Write p = dP/dA andq = dQ /d A. The Hellinger affinity h(P, Q) = [ /pqd A
does not depend on the choice of A. Let { P,} and {Q,} be two sequences of probability mea-
sures on R. Define product measures on sequence space R, with the product Borel o —field,
by P = [[ Py and QO = [] On. Then the celebrated theorem of Kakutani (1948) states that
if P, ~ Q, forn = 1,2,... then P and Q are either equivalent or orthogonal. Moreover,
P ~ Qif and only if [[ge; h(Px, Q) > 0.Incase P ~ Q,dP/dQ = [[rey dPx/dQOk.
(1) Taking all this as given, show first that

20102 )1/2 o {_ (61 — 62)? }

h(N(61,0%),N(62,02) = (=—=
(11)(22>(012+022 207 oD

(i) Suppose that z; are i.i.d N(0,1) fori =1,2,.... Show that the measure Py corresponding
to y; = 60; + A;z; is absolutely continuous with respect to Py if and only if ) Hiz / A% < oo and
write down the likelihood ratio. [WHAT IF 6 = 07]

(iii) In the Gaussian sequence model y, = 6y + €zj, consider priors 6 ~ N(O, Tl?)’ inde-
pendently with 77 = bk~2". Under what conditions on m is the marginal distribution Py (dy)
equivalent to Po(dy), the distribution conditional on § = 0?

(Discrete orthogonality relations). Let e denote the vector in C" obtained by sampling the
k-th complex exponential at t; = j/n. Thus ey = {exp(2wikj/n),j =0,1,...,n — 1}. For
f, g € C", use the usual inner product (f,g) = Y7 fx&x. Show that for k,/ € Z,

n iftk—1enZ

(ex.e;) = .
0 otherwise.

Turn now to the real case. For k > 0, let ¢ = {cos(2nkj/n),j =0,1,...,n—1} and define s;
analogously using the k—th sine frequency. If » = 2m+-1 is odd, then take {co,S1, €1, .. .Sm, Cn}
as the basis B, for R*. If n = 2m + 2 is even, then adjoin ¢, /5 to the previous set to form B,,.
Show that the following orthogonality relations hold for basis vectors in By:

n
(e, ¢r) = (sk.s1) = 55k1, (cx.s1) =0,

with the exception of

(co.€o) = (€n/2.Cny2) =1,
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where the last equation is only needed if n is even.
Hint. Derive the real relations from the complex by writing e = c¢; + isg and using the
complex orthogonality relations for pairs (k,7) and (k, —/).

(Infinite order kernels.) Let he(§) = 1/(|€] — ¢)? and show that the function e?0®) [ {£ > 0} is
C°, Define

1 if €] <c
K (&) = { exp{—bhi(§) exp(—bhe(£)} ife <& <1
0 if |§] > 1

and show that K(s) = (27)! fe”‘f/IE(é)dé is a C° kernel of infinite order (i.e. satisfies
(3:2T)) with ¢ = o0) that decays faster than |s|™ for any m > 0. (McMurry and Politis| [2004)
(Fourier transform of the equivalent kernel.) The Fourier transform of an integrable function
on R is defined by f € =/ oo; F(x)e X dx. If f is sufficiently nice, it may be recovered
from the inversion formula f(x) = (27)~! f;o f(é)eifxdé. The Poisson summation formula
(e.g. Mallat, page 28) states that under suitable conditions on £, [(1 4+ x2)(| f(x)| + | f'(x)| +
| £”(x)|) bounded or the same condition on f will do], then

Y floy =" fexk).
keZ k€eZ

Use the Poisson summation formula to give an alternate demonstration that the kernel Ky (s) =
00 s2mwks  : : : .

1.—1- 237 lfl—O(QZTh)“ is the wrapped version ) ; Lj(s + k) of Lj, with Fourier transform

given by

Ly(®) = [1 4 4047 (3.77)

(Evaluation of equivalent kernel.) If o € C belongs to the upper half plane, show by contour
integration that

1 o0 eiyxd _ el ify >0
270 Jooo X — 0 if y <0.

Use the partial fraction expansion

r

[[G=-807" =D ax—p7" e = T]Be =B
k=1

k=1 Jj#k
to compute the equivalent kernel L(¢) given that L(§) = (1 + £4)~L.

(Wahba’s prior for cubic splines.) Show that

t
Z5(t) = ok + okt + / t —uw)ydW(u),
0
the integrated (free) Wiener process, has covariance function
Ry (s, 1) = 0>(1 + st) + Ro(s, 1),

1.2 1.3
78t — &S 0<s<t

1.2 1.3

Ro(S, t) = {
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By differentiating the eigenvalue equation

/ ' Ros, 00(0)d1 = 220(5)
0

four times, show that ¢ satisfies
9(s) = 229®(s),
with boundary conditions

¢"(0) = 072¢/(0).¢"(0) = 0 2¢(0) ¢"(1)=¢" (1) =0.

With o = 0, show that the boundary conditions imply the equation cos A~Y2coshA—1/2 = —1

for the eigenvalues. In the o = oo limit, show that the corresponding equation is cos A~1/2 cosh A~1/2 =

1. In either case, show that the eigenvalues satisfy, for large n
1 1

(n+3)2m2 2w

n~

Make plots of the first six eigenfunctions corresponding to the 0 = oo limit.

(Computational comparison.) Consider two functions on [0, 1]:
f1(t) = sin4nt?, fot) = (e* —1—1)(1 —1)2,
and consider the model
Yi = f(i/n) + oz, z=1,...,n,

witho = 1 and z; ~ N(0, 1) chosen i.i.d. Let fSS,A and prER’A denote the solutions to

1
min Q(f) = 11 ¥ — £/ mP + A /0 Ve

among cubic splines and trignometric polynomials respectively. Note that fs s,A can be com-
puted in S-PLUS using smooth.spline (). For prER,;L, you’ll need to use the discrete
Fourier transform f£ft (), with attention to the real and imaginary parts. For A, use the value
suggested by the ellipsoid considerations in class:

A= (7[/2)4(6\/5)4/5(}1 /f//Z)—4/5.

Run experlments with R = 100 replications at n = 50, 200 and 1000 to compare the estimates
fS s, and f PER,) obtained for f1 and f>. Make visual comparisons on selected replications
chosen in advance, as well as computing averages over replications such as

ave || fss — fPER|3

ave | fss — /113

Consider a slightly different family of shrinkage rules, to appear in Pinsker’s theorem, and also
indexed by a positive parameter:

0k () = (A =k™/ 1)+ v, k € N.

Show that the maximum risk over a Sobolev ellipsoid ©% (C) is approximated by

f(é,u;e) ~ 1_)m€2pb1/m + C2M—2min(o¢/m,1)7
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where
Um = 2m?/(m + 1)2m + 1).
If « = m, show that the maximum MSE associated with the minimax choice of u is given by
PO, €) ~ "M C22 (5,62 (3.78)

(SVD for fractional integration.) Let Ag be the operator of fractional order integration (3.60).
This exercise outlines the derivation of the singular value decomposition for a class of domain
spaces, based on identites for Gauss’ hypergeometric function and Jacobi polynomials that are
recalled in Appendix ?2. Let pp(a,8) = T(a +n+1)/T(@+8+n+1) ~n¥ asn — oo.
(a) Interpret identities (C.27) and (C:28)) in terms of the operator A5 and Jacobi polynomials:

As[w® PR (1= 2w)](x) = pu(a. §)x* T PETEb=3(1 —2x).
(b) Let g4 ., denote the normalizing constants for Jacobi polynomials in (C29); show that
Gabin(¥) 1= 8 by P (1= 2x)
are orthonormal in Hfa,b = L([0, 1], x7%(1 — x)bdx).
(c) Verify that the singular value decomposition of Ag : H Ea, p = H2, 5.5_s is given by
n = Qabn: Vn = Garsb-sine by = pn(@.8)pa(b —8.8) ~n7 n oo,

(d) Set a = 0 to recover the SVD of A4 as given in (3.61).
(e) Seta = 0,8 = 1/2 and use the formula (Szegd} 1967, (4.1.8))

1/2,-1/2, « _ 1:3---2n—1)sin((2n + 1)6/2)
Er =7 sin(0/2)

to recover the SVD of A4y, as given in Section |3;8'| part (iii).

X = cosf
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Gaussian decision theory

In addition to those functions studied there are an infinity of others, and unless some
principle of selection is introduced we have nothing to look forward to but an infinity of
test criteria and an infinity of papers in which they are described. (G. E. P. Box, in J. R.
S.S.B. 197?)

In earlier chapters we have formulated the Gaussian sequence model and indicated our
interest in comparisons of estimators through their maximum risks, typically mean squared
error, over appropriate parameter spaces. It is now time to look more systematically at ques-
tions of optimality.

Many powerful tools and theorems relevant to our purpose have been developed in classi-
cal statistical decision theory, often in far more general settings than used here. This chapter
introduces some of these ideas, tailored for our needs. We focus on comparison of properties
of estimators rather than the explicit taking of decisions, so that the name “decision theory”
is here of mostly historical significance.

Our principle of selection—comparison, really—is minimaxity: look for estimators whose
worst case risk is (close to) as small as possible for the given parameter space, often taken
to encode some relevant prior information. This principle is open to the frequent and some-
times legitimate criticism that the worst case may be an irrelevant case. However, we aim to
show that by appropriate choice of parameter space, and especially of families of parame-
ter spaces, that sensible estimators emerge both blessed and enlightened from examination
under the magnifying glass of the minimax prinicple.

A minimax estimator is exactly or approximately a Bayes estimator for a suitable “least
favorable” prior. It is then perhaps not surprising that the properties of Bayes rules and
risks play a central role in the study of minimaxity. Section 4.1 begins therefore with Bayes
estimators, now from a more frequentist viewpoint than in Chapter[2] Section[4.2] goes more
deeply than Chapter 2]into some of the elegant properties and representations that appear for
squared error loss in the Gaussian model.

The heart of the chapter lies in the development of tools for evaluating, or approximating
Ry (®), the minimax risk when the parameter is assumed to belong to ®. Elementary lower
bounds to minimax risk can often be derived from Bayes rules for priors supported on the
parameter space, Section For upper bounds and actual evaluation of the minimax risk,
the minimax theorem is crucial. This is stated in Section but an overview of its proof,
even in this Gaussian setting, must be deferred to Appendix

Statistical independence and product structure of parameter spaces plays a vital role in

90
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“lifting” minimax results from simpler component spaces to their products, as shown in
Section

A theme of this book is that conclusions about function estimation can sometimes be
built up from very simple, even one dimensional, parametric constituents. As an extended
example of the techniques introduced, we will see this idea at work in Sections [4.6] - .8]
We start with minimaxity on a bounded interval in a single dimension and progress through
hyperrectangles—products of intervals—to ellipsoids and more complex quadratically con-
vex sets in £, (N).

Byproducts include conclusions on optimal (minimax) rates of convergence on Hoélder, or
uniform, smoothness classes, and the near mean square optimality of linear estimators over
all quadratically convex sets.

A final Section [4.10] outlines a method for the exact asymptotic evaluation of minimax
risks using classes of priors with appropriately simple structure. While this material is used
on several later occasions, it can be omitted on first reading.

4.1 Bayes Estimators

In Section[2.3|we approached Bayes rules via calculations with the posterior distribution, for
example using the posterior mean for squared error loss. In this chapter we largely adopt a
different, though equivalent, approach, which considers instead the average of (frequentist)
risk functions with respect to a prior distribution. Thus, if 7 is a probability distribution on
£5(1), the integrated risk of an estimator § is defined by

B, n) = /r(é,e)n(de)
= E,r(0,0) = ExEsL(H(»), 0). .1

An estimator 6, that minimizes B (é, ) for a fixed prior 7 is called a Bayes estimator for
7, and the corresponding minimum value is called the Bayes risk B(x); thus

B(x) = inf B(0, 7). (4.2)
6

Of course B(rw) = B(m, €) also depends on the noise level €, but again this will not always
be shown explicitly.

Remark 4.1~ One of the reasons for using integrated risks is that, unlike the ordinary risk
function 8 — r (8, 0), the mapping = — B(0, 7) is linear. Representation (4.2) then shows
that the Bayes risk B(rr) is a concave function of 7.

The decidedly frequentist definition of Bayes estimators fortunately agrees with the sub-
jectivist definition given at (2.7), under mild regularity conditions. We saw that the joint
distribution 7 P of the pair (6, y) may be decomposed two ways:

nP(df,dy) = n(df)P(dy|0) = Pr(dy)m(db]y),

where P, (dy) is the marginal distribution of y and 7 (d8|y) is the posterior distribution of
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0 given y. The integrated risk of (4.I]), which uses the first decomposition, may be written
using the second, posterior decomposition as

B(0.7) = Ep_E,L(B(y).0).

Here, Ep, denotes expectation with respect to the marginal distribution P, (dy) and E, de-
notes expectation with respect to the posterior 7 (d6|y). Thus one sees that O, () is indeed
obtained by minimizing the posterior expected loss (2.7)), O, (y) = argmin, E,L(a, ).

As seen in Chapter[2.3] this formula often leads to explicit expressions for the Bayes rules.
In particular, if L(a, 0) = ||a — 63, the Bayes estimator is simply given by the mean of the
posterior distribution, O, (y) = EL(8]y).

Uniqueness of the Bayes rule. The following sufficient condition is proved, for example,
in Lehmann and Casellal (1998, Corollary 4.1.4).

Proposition 4.2 Suppose the loss function L(a, 0) is strictly convex in a. The Bayes esti-
mator 0, is unique (a.e. Py for each 0) if both B(w) < oo, and also a.s. P implies a.s. Py
for each 6.

Example. Univariate Gaussian. We revisit some earlier calculations to illustrate the two
perspectives on Bayes risk. If y|6 ~ N(6,€?) and the prior 7(df) sets 6 ~ N(O, 72)
then the posterior 7(d6|y) was found in Section to be Gaussian with mean 6,(y) =
12y /(t? + €?) and posterior variance t2/(t? +€?) which is linear in y. From the frequentist
perspective,

B(x;) = inf B(6, 70),
0

and in the case of squared error loss, we know that the infimum exists among linear estima-
tors 6, = cy. Formula (2.34) showed that the risk of 6,

r(0c,0) = 2 + (1 — ¢)26?
so that the integrated risk
B(fe,m0) = ¢?¢ + (1 - )7

Minimizing this over ¢ yields the linear minimax choice ¢y = t2/(t2 + €2) as is of course
expected from the posterior distribution calculation.

Remark 4.3 If y|0 ~ N(0,€?), then the univariate MLE 6, (y) = y is admissible for
squared error loss. For completeness, we indicate a proof. It suffices to take € = 1. The
argument is by contradiction: supposing 01 inadmissible, we can find a dominating estimator
6, whose risk function is necessarily continuous by Remark [2 n so that there would exist
8 > 0 and an interval [ of length L > 0 for which r(@ 0) <1— 4 when 8 € I. Now bring
in the conjugate priors 7. From the example above, 1 — B(r;) ~ 772 as T — oo. However,
the definition of integrated risk implies that

1— B0, ;) > 87 (I) ~ coSt ™"

as T — oo, with ¢ = L/+/2m. Consequently, for 7 large, we must have B(é, ) < B(m,),
contradicting the very definition of the Bayes risk B(7;). Hence 6, must be admissible.
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4.2 Bayes estimators for squared error loss

A number of formulas for Bayes estimators take especially convenient, even elegant, forms
when squared error loss is used. |Brown| (1971]) made remarkable use of the following simple
identity.

Proposition 4.4  Suppose that L(é, 0) = ||é — 0||3. For any estimator 6 and prior distri-
bution (d9),

B(6.m) — B(x) = / 16— 6.17p. 43)

Proof An alternative interpretation of the posterior mean arises by thinking of the Bayes
risk in terms of the joint distribution 77 Py of (6, y) :

B(n) = inf{Erp, |0 — 00| : 6(») € La(Pr)}.

Now 0, (y) can be viewed as the orthogonal projection of 6 € L, (7w Pg) on the closed linear
subspace L(Py). Consequently, (4.3) is just the Pythagorean identity in L, (7 Py):

ExEgll0 — 0| = ExEgll0 — 01> + ExEq)| 6, — 0] O

Consider now the finite dimensional model y ~ N, (6,€?I). The posterior mean has
representation

) = [ 690 =00x(a0) / [ 9y —Opm(a0). @4

Since (3/0x;)¢e(x) = —(x;/€*)Pe(x), we may write the numerator integrand as

9
Oipe(y —0) = yipe(y — 0) + eza—yxﬁe(y — ).

leading to a representation of the Bayes estimator as a perturbation of the maximum likeli-
hood rule

0.(y) = y + €2V log p(»), 4.5)

where the marginal density of y is p(y) = [ ¢(y — 0)7(d6), which is the convolution
7 * .

Some Properties of Univariate Bayes Rules.

We apply Brown’s identity and some facts about Fisher information, reviewed here and in
Appendix ?? to obtain some useful bounds on Bayes risks. For the rest of this section, n = 1.
If P is a probability measure on R with absolutely continuous density p(x)dx, the Fisher

information is defined by
l 2
1(P) =/p(x) dx.

p(x)
This agrees with the definition of Fisher information for parametric families when p(x; 0) =

p(x — 0) is a location family. If P.(dx) = p(x/t)dx/t is a scaled version of p, then it is
immediate that I(P;) = I(P;)/7>.
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The unbiased estimator 6o(y) = y has variance €, and so B(0y, ) = ExEg(y —0)? =
€2, regardless of the prior 7. Substituting 6y and formula {-3)) into (#.3)), we have

/ 2
e - B(n) = 64/ 1;((yy))2 p(y)dy.

Since p is the absolutely continuous density of the marginal distribution 7 * ®., we arrive
at a formula that is also sometimes called Brown’s identity:

Corollary 4.5 For y ~ N(0, €?) and squared error loss,
B(m,€) = €*[1 — 21 (m » D). (4.6)

Brown’s identity (4.3) leads to an interesting formula for the directional or Gateaux
derivative for the Bayes risk.

Lemma 4.6 Given priors my and m1, let 1, = (1 —t)mwg + tmwy for 0 <t < 1. Then
d ~
EB(JH)I::o = B(0x,, ) — B(7mo). 4.7)

Formula (.7), which involves a “change of prior”, should be compared with (.3).

Proof Let P, = ® 7, since I(P;) < oo, the derivatives p, = (d/dy) P, and p, exist for
all y, and we put

Yo(y) = —(Po/ P)(¥) = ¥ — Oy (),

where the final equality uses the Bayes estimator representation (4.3). From (4.6) and the
derivative formula (C.16)), we have

d d
rBOmo = = 1(P)lio = [Rvopl + ¥Emldy + 1. (49

Observing that p; = ¢ %y is the marginal density of 7r; and that p(y) = [ —(y—0)¢(y—
0)m1(d0), we can write the previous integral as

J[ 1220 =) = 0+ 0 = 602100 — DY @)y
= —1+4 Ey Eg(6 — 05)%> = —1 + B(6,.71).
Recalling that B(mg) = 1 — I(Py), we arrive at the formula (@.7). O
Now recall that Fisher information is bounded below by precision: for any distribution P,
I(P)>1/Var P. 4.9)
with equality if and only if P is Gaussian (see §.11). Applying @.9) to (4.6), we arrive at
Corollary 4.7

Var

B(m,e) < ——,
( )_62+Var7r

(4.10)

with equality if and only if 7w is Gaussian.
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Finally, we give a lower bound for B(r) that is sometimes easier to use than (.6). It is
essentially a version of the van Trees inequality (Van Trees, |1968)) (see §4.11)).

B(m.€) > €*/(1 + €*1(n)). 4.11)

Continuity of Bayes risks. The Fisher information representation of Corollary #.5] can
be used to show that the Bayes risk B(xr) is continuous in 7. Note that definition (4.2)) itself
implies only upper semicontinuity for B ().

Lemma 4.8 [f rr,, converges weakly to m, then B(mw,) — B(r).

Proof 1t suffices to consider unit noise € = 1. Let p,(y) = [ ¢(y — 0) dn, and define
p(y) correspondingly from 7. From (4.6), it is enough to show that

72 12
](nn*d))z/l;—” - /pp = I(n * ). (4.12)

Weak convergence says that [ g dn, — [ gdm for every g bounded and continuous, and
$0 pn, p), and hence p/?/ p, converge respectively to p, p’ and p’?/p pointwise in R. We
construct functions G, and G such that

p/2
in_
Pn

and f G, — f G, and use the extended version of the dominated convergence theorem,
Theorem|[C.6] to conclude (#.12)). Indeed, from Brown’s representation (4.5)),

/2
p

Pn 5
2, )= 0 () =y = Ex, [0 = y1y),
n

and so (p},/ pn)? < Ex,[(6 — ¥)?|y], or equivalently

Pr’()) < Go(y) o= / (0= 12$(y — ) 7a(d6).
V4

n

A corresponding bound holds with ,, and p, replaced by = and p and yields a bounding
function G(y). To complete the verification, note also that

/Gn(y)dy =[ (v = 0)’p(y — ) dy mu(df) = 1 =/G(y)dy- o

Remark. The smoothing effect of the Gaussian density is the key to the convergence (4.12)).
Indeed, in general Fisher information is only lower semicontinuous: /() < liminf /(7).
For a simple example in which continuity fails, take discrete measures 7, converging weakly
to @, so that /() is infinite for all n.

4.3 A lower bound for minimax risk

Recall from Section ?? the definition of the minimax risk over parameter set ®:

Ry (®) = infsup r(6,6).
0 6O
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There is an elementary, but very useful, lower bound for Ry (®) that may be derived using
Bayes risks of priors supported in ®. Indeed, if suppx C ©, then

B(é,n)z/@r(é,@)n(d@) < sup (6, 6).

Minimizing over 8, we have

B(x) < infsupr(f,6) = Ry(®). 4.13)
6 O

Define the worst-case Bayes risk over a collection P of probability measures as

B(P) = sup B(r). (4.14)

weP

Letting supp P denote the union of all supp 7 for 7 in P, we obtain the lower bound
suppPC® —  Ryn(®)> B(P). (4.15)

Implicit in these remarks is a classical sufficient condition for minimaxity of an estimator
o: that there exist a sequence of priors 7, with B(mw,) — 7 = supgy (6o, 0). Indeed, from
[4.13) we have 7 < Ry (®), which exactly says that 6y is minimax.

Corollary 4.9 If y|6 ~ N(0, €?), then 6, (y) = y is minimax for squared error loss. In
addition, 01 is the unique minimax estimator.

Proof Indeed, using the conjugate priors ., we have f(él) = €2 = lim;_,o B(7;). To
establish uniqueness, suppose that é{ is another minimax estimator with Py (él %+ é{) >0
for some and hence every 8. Then strict convexity of the loss function implies that the new
estimator § = (él + é{)/Z satisfies, for all 6, r (6, 0) < (r(él, 9) + r(é’, 0))/2 < €* which
contradicts the admissibility of él, Remark O

Example 4.10 Bounded normal mean. Suppose that y ~ N(8, 1) and that it is known a
priori that |#| < 7, so that ® = [—7, t]. This apparently very special problem will be an
important building block later in this chapter. We use the notation py (t, 1) for the minimax
risk Ry (®) in this case, in order to highlight the interval endpoint ¢ and the noise level,
here equal to 1.

Let V; denote the prior on [—t, 7] having density (3/(21%))(z —|6|)?; from the discussion
above

pn(z,1) =inf sup E(é —6)? > B(V,).

6 Oe[—1,7]

We use the van Trees inequality (@.11), along with 1(V;) = 1(V)/7? to conclude that

.[2

1
1) > = .
PN 2 Ty T i

(4.16)

From this one learns that py(z,1) / 1 as t — oo, indeed at rate O(1/72). An easy
calculation shows that /(Vy) = 12.
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4.4 The Minimax Theorem

The minimax theorem of game and decision theory is a decisive tool in evaluating minimax
risks, since it allows them to be calculated (or at least bounded) by finding the maximum
Bayes risk over a suitable class of prior distributions. The resulting least favorable distribu-
tion and its associated Bayes estimator often give considerable insight into the estimation
problem.

We state a version of the minimax theorem suited to the Gaussian sequence model. We
defer to Appendix |Ala discussion of its assumptions and proof, and of its connections with
the classical minimax theorems of game theory.

A function f : T — R on a metric space T is lower semicontinuous at ¢ if f(z) <
liminf,—; f(s). The action a is typically an infinite sequence a = (a;) € R*. For technical
reasons, we want to allow a; = o0, and take the action space A = (R)®, equipped with
the topology of pointwise convergence: a” — a if and only if a]! — a; for each i.

Theorem 4.11 Consider the Gaussian sequence estimation problem and suppose
that for each 0 € £5(N, 1) the loss function L(a, 0) is convex and lower semicontinuous in
a € A Let B(é , ) denote the integrated risk (d.1). Let P be a convex set of probability
measures on £5(N, 1). Then

inf sup B(é, ) = sup iqu(é,n) = B(P) (4.17)
6 meP neP 0

A maximising 7 is called a least favorable distribution (with respect to 'P).

Remarks 1. A pair (é*, 7*) is called a saddlepoint if for all 6,and all w € P,
B(6*.7) < B@*.7x*) < BO. 7).

If a saddlepoint exists, then 6% isa Bayes rule for 7* (from the right side), and 7* is a least
favorable distribution (since the left side implies B(wr) < B(z*) for all 7). See Figure
Proposition .13|below gives one setting in which a saddlepoint is guaranteed.

2. Upper bound for Ry (). Let §p denote a point probability mass concentrated at 6.
Then we may rewrite r(é, 0) as B(é, 89). If ® is a parameter space and P contains all point
probability masses &g, 6 € ©, then clearly

sup r(é, f) < sup B(é,]‘[),
0c® weP

and so minimizing over all estimators 8 and using the minimax theorem (.17) gives an
upper bound on minimax risk that we will use frequently:

Ry (®) < B(P). (4.18)

The bound is useful because the Bayes-minimax risk B(P) is often easier to evaluate than
the minimax risk Ry (®). We can often show that the two are comparable in the low noise
limit:

RN(©,€) ~ B(P.€)
as € — 0 (see Section d.10).
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3. In some cases, we may combine the lower and upper bounds {@.15) and (.18). For
example, if P = P(®) = {m : supp & C O}, then

Ry (®) = B(P(®)). (4.19)

Example [4.10] continued. In the bounded normal mean problem of the last section, we
have ® = [—7, 7] and so

on(t,1) =sup{B(x) : suppr C [-7, 1]} (4.20)

Remarks. 4. The weakening of continuity to lower semicontinuity seems necessary: even
in dimension one with quadratic loss and € = 1, one checks that the (otherwise absurd)
estimator é(y) = ey2/4/(1 + y)I{y > 0} has a risk function which is discontinuous at 0,
but still lower semicontinuous. The assumption of lower semicontinuity allows all estimators
to be included in statements such as (@.17).

5. It is easy to check that the loss functions ||a — 6|5 are lower semicontinuous in a : if
ai(") — al-(oo) for all i, then [|[a‘® — 6|5 < liminf, |a®™ — 6]|5. See also Exercise

Univariate Bayes Minimax Problems

Suppose that P € M (R) is a convex set of probability measures. From the Fisher informa-
tion representation (4.6)).

B(P) = sup B(w) =1— inf I(P), 4.21)
TeP Pep*

where P* = {® % 7, m € P}. We can now exploit properties of Fisher information /(P),
reviewed in Appendix ??, to understand better the Bayes minimax problem B(P). We take
advantage also of the fact that convolution with the normal distribution makes every P € P*
smooth. The results find application in Sections 4.6} [8.7]and [T3.2]

Let 77 be the distribution of —6 when 6 ~ ; call P symmetric if 7 € P implies 7= € P.

Proposition 4.12 If P € M(R) is convex and weakly compact, then there is a unique
least favorable distribution oy € P. If P is symmetric, then so is 1.

Proof Since B(x) is weakly upper semicontinuous on a weakly compact set P, it attains
its maximum at some 7g, and correspondingly Py = ® % 7o minimizes /(P) over P*. Since
Po = ¢ x 7o is positive on all of R, we conclude from|[C.T4]that Py is the unique minimizer
of I(P) on P*, so that 7 is also unique. Since I (77 * ®) = I (7t » ®) for any 7, we conclude
from the uniqueness just shown that if P is symmetric, so must be 7. O

Remark. For Section [8.7] we need an extension of Proposition Let P4 (R) denote
the collection of (sub-stochastic) measures 7 on R with 0 < 7 (R) < 1, endowed with the
topology of vague convergence, Then Proposition also holds if P € P4 (R) is
convex and vaguely compact. The same proof works, since /(P) is vaguely upper semi-
continuous, and as 7o(R) > 0, we have po > 0 on all of R.

Finally, we show that a least favorable distribution generates a saddle point in the Bayes
minimax problem.
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Proposition 4.13  Let P C M(R) be convex and suppose that 7o € ‘P is least favorable.
Then the corresponding Bayes rule 0, satsifies

B(6yy, ) < B(ro) forallw € P, (4.22)
so that (éﬂo, o) Is a saddle point for the Bayes minimax problem.

Proof If mg and 7r; € P are given, then convexity of P says that 7, = (1 —1¢)mo + 7, also
belongs to P for 0 < ¢ < 1. Since B(sr) is concave on P, a distribution 7 is least favorable
if and only if (d/dt)B(n;)|;=0 < O for each 7r; € P. The desired inequality (@.22) is now

immediate from the Gateaux derivative formula (4.7). O

4.5 Product Priors and Spaces

Suppose that the coordinates 8; of 6 are gathered into groups: 6 = (6;, j € J) for some
finite or infinite set J. The 6; may just be the individual components of 8, or they may
consist of blocks of individual coefficients. For example, in a wavelet decomposition, we
re-index the individual coordinates as 6% and 6; may, for example, represent (6, k =
1,...,27)

Suppose that the prior 7 makes the groups independent: 7(d6) = [[; 7;(d0;). In 2.12)
we saw that the posterior factorizes, and if in addition the loss function is additive, (2.13)),
then the Bayes rule is separable (2.14)). In such cases, the risk functions are additive

F(0.0) =Y EL(Or,(,).0,) = Y r(0s,.6)) (4.23)
J

J

and in consequence, so are the Bayes risks
B(m) = /r(é,,,@)n(d@) = B(x)). (4.24)
J

Independence is less favorable. Here is a trick that often helps in finding least favorable
priors. Let 7 be an arbitrary prior, so that the 6; are not necessarily independent. Denote
by m; the marginal distribution of 6;. Build a new prior 7 by making the 6; independent:
7 =[], m;. This product prior is more difficult, as measured in terms of Bayes risk.

Lemma 4.14 B(7) > B(x).

Proof Because of the independence structure, the 7 —posterior distribution of 6; given y in

fact depends only on y ;—compare (2.12). Hence the 7—Bayes rule is separable: 0z ;(y) =
0, (y;). From the additivity of losses and independence of components given 6, lb

s

r(0z.0) =Y r(bz;.0)).

J

The m-average of the rightmost term therefore depends only the marginals 7, so
/ (02, 0)m(df) = / r(0z,0)7(d0) = B(7).

The left side is just B(é,—,, 1), which is at least as large as B(r) by definition. O
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To see more intuitively why the product marginal prior 7 is harder then 7, consider
squared error loss: conditioning on all of y has to be better—Ilower variance—than con-
ditioning on just y;:

Ex[Ex(0;1y) — 6;1* = ExVar (6;]y)
< E;Var(6;y;) = Ex[Ex(0;]y;) — 6,].

Product Spaces. Suppose that @ C £,(]) is a product space ® = I1;c;® ;. The index
j may refer to individual coordinates of £,(/), but in some cases each j may represent
a cluster of coordinates (for example, in wavelet bases, all coefficients at a fixed scale.) If
the loss function is additive and convex, then the minimax risk for ® can be built from the
minimax risk for each of the subproblems O ;.

Proposition 4.15  Suppose that ® = I1jc;0; and L(a,0) = Y L;(aj,0;). Suppose that
aj — Lj(a;,0;) is convex and lower semicontinuous for each ;. Then

Ry(T;0;.€) = > Ry(®;.€). (4.25)
J

If 07 (y,) is separately minimax for each © ;, then 6*(y) = (0]* (yj)) is minimax for ©.

Remarks: 1. There is something to prove here: among estimators 6 competing in the left
side of (4.23)), each coordinate 6 i (y) may depend on all components y;, j € J. The result
says that a minimax estimator need not exhibit such dependencies since 67 (y) depends only
ony;j.

2. The statement of this result does not involve prior distributions, and yet the simplest
proof seems to need priors and the minimax theorem. A direct proof without priors is possi-
ble, but is more intricate.

Proof By the minimax theorem (4.11):
Ry(®) = sup{B(n), 7 € P(®)],

where P(®) denotes the collection of all probability measures supported in ®. Given any
such prior 7, construct a new prior 7 as the product of the marginal distributions 7; of 6,
under 7. Lemma 4.14| shows that 77 is more difficult than 7 : B(w) > B(x). Because of
the product structure of ®, each 7; is supported in ®; and 7 still lives on ©. Thus the
maximization can be restricted to priors with independent coordinates. Bayes risk is then
additive, by (@.24), so the optimization can be term-by-term:

Ry(©) =) sup{B(r,) : m; € P(®,)} = ) Ry(©)).
J J

The verification that separately minimax 67 (y;) combine to yield a minimax 6(y) can now
be left to the reader. O

4.6 Single Bounded Normal Mean

In this section and the next two, we confine attention to squared error loss.
If y ~ N(6, €?) and there is no constraint on 6, then we have seen, for example at (2.37),
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that the minimax mean squared error for estimation of § based on y equals the variance €2.

Suppose now that 8 is known to lie in a bounded interval of length 27, which without any real
loss of generality we may assume to be centered about 0, so that we write ©(t) = [—7, 7]
It is clear that any estimator 0 whether linear or not, can be improved simply by enforcing
the interval constraint: if 6 = [0]r = max{mm{@ t},—7}, then r(,0) < r(0 0). This
section asks how much better is the nonlinear minimax risk

pn(t,€) =inf sup Eg (é —0)? (4.26)

6 Oe[—1,7]

than py (00, €) = €2 and than the corresponding /inear minimax risk pr (t, €) obtained by
restricting 6 to linear estimators of the form 6.(y) = cy?

Linear Estimators. Applying the variance-bias decomposition of mean squared error, 2.33),
to a linear estimator 6,(y) = cy, we obtain E(, — 0)? = ¢2€2 + (1 — ¢)262. If the pa-
rameter is known to lie in a bounded interval [—z, t], then the maximum risk occurs at the
endpoints:

sup E(. —0)* = + (1 —¢)*t* = r(be. 7). 4.27)
fe[—1,7]
The minimax linear estimator is thus found by minimizing the quadratic function ¢ —
r(éc, 7). It follows that
€1

_ 4.28
€24 12 ( )

pL(t,€) = infr(éc, 7)) =
C
The minimizer ¢, = t2/(e? + 72) € (0, 1) and the corresponding minimax linear estimator

2
a T
OLin(y) = R (4.29)

Thus, if the prior information is that t? < €2, then a large amount of linear shrinkage is
indicated, whils: if T > €2, then essentially the unbiased estimator is to be used.

Of course, 077y is also Bayes for a prior 7,(df) = N(0,t?) and squared error loss.
Indeed, from we see that the posterior is Gaussian, with mean and variance
equal to the linear minimax risk Note that this prior is not concentrated on ©(t):
only a moment statement is possible: E, 62 = 2.

There is a simple but important scale invariance relation

pr(v.€) = Epr(t/e, 1), (4.30)
Writing v = t/¢€ for the signal-to-noise ratio, we have

p? v—0

pr(, 1) =v2/(1 +v?) ~ (4.31)
1 vV — 00.

These results, however simple, are nevertheless a first quantitative indication of the impor-
tance of prior information, here quantified through v, on possible quality of estimation.

LI f( ) = cy is a linear estimator that is Bayes for some prior 77 (d @) under squared error loss, then it can be
shown that the prior 7 is necessarily Gaussian. This property is a special case of a general phenomenon for
exponential families: linear estimators are Bayes if and only if the prior comes from the conjugate prior
family associated with that exponential family (Diaconis and Ylvisaker, [1979)
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Projection Estimators. Orthogonal projections form an important and simple subclass of
linear estimators. In one dimension the situation is almost trivial, with only two possibilities.
Either éo(y) = 0 with risk r(éo, 0) = 6%—the pure bias case, or él(y) = y, with risk
r(60:,0) = €2—the case of pure variance. Nevertheless, one can usefully define and evaluate
the minimax risk over ® = [—t, 7] for projection estimators

pp(t,€) = inf  sup E(éc — 0)? = min(z?, €2). (4.32)
c€{0,1} ge[—1,7]

The choice is to “keep or kill”: if the signal to noise ratio /e exceeds 1, use é(y) =y,
otherwise use 6(y) = 0. The inequalities

2.2

< min(7?, €%) (4.33)

1 - (2 2
5m1n(r,e)<T2+62_

imply immediately that % pp(t,€) < pr(t,€) < pp(t,€), so that the best projection estima-
tor is always within a factor of 2 of the best linear estimator.

Non-linear estimators. The non-linear minimax risk py (z, €), (4.26), cannot be evaluated
analytically in general. However the following properties are easy enough:

pn (T, €) < prL(T,€), (4.34)
pn(z.€) = Epy(t/e. 1), (4.35)
pn (7, €) isincreasing in T, (4.36)
lim py(z,€) = €% (4.37)
500

Indeed is plain since more estimators are allowed in the nonlinear competition, while
follows by rescaling, and is obvious. Turning to (4.37), we recall that the classi-
cal result says that the minimax risk for € unconstrained to any interval, py (00, €) =
€2. Thus asserts continuity as 7 increases without bound—and this follows imme-
dately from the example leading to @16): py (7, 1) > ©2/(z% + 1(V})).

In summary so far, we have the bounds py < p; < pp, as illustrated in Figure@ from
which we might guess that the bounds are relatively tight, as we shall shortly see.

Figure 4.1 Schematic comparison of risk functions pp, pz, and py, dotted line is
the lower bound @16): pn (z, 1) > t2/(x2 + (V1)) = ©2/(z? + 12).
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Near minimaxity of linear estimators.

In spite of the complex structure of non-linear minimax rules, it is remarkable that they do
not, in this univariate setting, offer great improvements over linear estimators.

Theorem 4.16

u* = sup P2 05 (4.38)

7,e PN (‘E, 6) -

Thus, regardless of signal bound 7 and noise level €, linear rules are within 25% of optimal
for mean squared error. The bound u* < oo is due to [Ibragimov and Khas’minskaii| (1984)).
The extra work—some numerical—needed to obtain the essentially sharp bound 1.25 is
outlined in Donoho et al.| (1990) along with references to other work on the same topic.

Proof (partial.) We use projection estimators and the identity (2.24) for the two point pri-
ors (1/2)(8; + 6_;) to give a short and instructive proof that u* < 1/B(sm;). Numerical
evaluation of the integral (2.24)) shows the latter bound to be approximately 2.22.

First, it is enough to take € = 1, in view of the scaling invariances (#.30) and (#.33)). We
may summarize the argument by the inequalities:

2
pL(l',l)S oAl < 1 .
pn(t, 1) ~ pn(z,1) = B(m)

Indeed, the first bound reflects a reduction to projection estimators, (.32)). For the second

inequality, consider first ¢ > 1, and use monotonicity (4.36) and the minimax risk lower
bound {.13)) to obtain

(4.39)

pn(t. 1) = py (1. 1) = B(m1).

where 7, = (1/2)(8; + 6—.) is the two point prior discussed above. Turning to 7 < 1, we
again note that py (t, 1) > B(r,) and then from (2.24)) that 72/ B(r,) is increasing in t. [

An immediate corollary, using (#.28)) and (4.33)), is a bound for py:
2p*) ' min(z?, €%) < py (1. €) < min(r?, €%). (4.40)

The proof also gives sharper information for small and large 7: indeed, the linear minimax
risk is then essentially equivalent to the non-linear minimax risk:

w(@) = pr(t,)/pn(r,1) = 1 as T — 0, co. (4.41)

Indeed, for small 7, the middle term of is bounded by 72/ B(m,), which approaches 1,
as may be seen from (2.24). For large 7, the same limit results from (4.37)). Thus, as t — 0,
éo(y) = 0 is asymptotically optimal, while as T — o0, é(y) = y is asymptotically best.
These remarks will play a role in the proof of Pinsker’s theorem in the next chapter.

Least favorable priors are discrete*.

The fine structure of minimax rules is in general complicated, although some interesting and
useful information is available. First, a property of analytic functions which plays a key role,
both here and in Section 8.7
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Lemma 4.17 Let v be a probability measure and K (v) the smallest interval containing the
support of v. Suppose that r(0) is analytic on an open interval containing K (v) and satsifies

r@) <r, = / r(@)(do), 0 K©). (4.42)

Then either r(0) is constant on K(v), or v is a discrete measure whose support has no points
of accumulation.

Proof Property implies that the support of v is contained in the set {6 € K(v) :
r(6) = r,}. Now we recall that if the set of zeros of an analytic function, here r(6) —r,, has
an accumulation point 6y inside its domain D, then it is identically zero on the connected
component of D containing 6. O

Now to the minimax rules. Let f(é) = max|g|<¢ r(é, ). Given a prior distribution 7, let
M [rr] denote the set of points where the Bayes rule for 7 attains its maximum risk:

M(r) = {0 el=t.7] : r(6y,0) = f(é,,)}.

Proposition 4.18  For the non-linear minimax risk pn (z.€) given by ([{#.26)), a unique least
favorable distribution m, exists and (0,, ;) is a saddlepoint. The distribution w; is sym-
metric, supp(n,) C M|[n.] and M[m,] is a finite set. Conversely, if a prior w satisfies
supp(mw) C M[r] then O, is minimax.

Proof We apply Propositions and to the symmetric set P, of probability mea-
sures supported on [—7, 7], which is weakly compact. Consequently a unique least favorable
distribution 7, € P; exists, it is symmetric, and the corresponding Bayes rule 6, satisfies

r(0.0) < B(r,) = /r(éf,e)n,(de),

as we see by considering the point masses 7 = g for 6 € [—7, 7].

The risk function  — r(@,, 0) is finite and hence analytic on R, Remarknof Section
[2.5] and not constant (Exercise [4.2). The preceding lemma shows that supp(r;) C M(7,),
which can have no points of accumulation and (being also compact) must be a finite set.

Finally, if supp(r) C M [x], then r(@,,, 0) = r(@,,) and so 0 must be minimax:

7(0z) = B(By.m) = inf B, ) < inf7(h). O
6 7]

In general, this finite set and the corresponding minimax estimator can only be determined
numerically, see [Kempthorne| (1987); |Donoho et al.| (1990); |Gourdin et al.| (1994). Never-
theless, one can still learn a fair amount about these least favorable distributions. Since the
pos}erior distribution of 7, must also live on this finite set, and since the mean squared error
of 6, must be everywhere less than €2, one guesses heuristically that the support points of
7, will be spaced at a distance on the scale of the noise standard deviation €.

For small 7, then, one expects that there will be only a small number of support points,
and this was shown explicitly by (Casella and Strawderman|(1981). Their observation will be
important for our later study of the least favorable character of sparse signal representations,
so we outline the argument. Without loss of generality, set e = 1.

1. Proposition says that the symmetric two point prior 7, = (1/2)(8; + 6_;) is
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minimax if {—7, 7} C M(7m,). For this two point prior, the posterior distribution and mean
6. were given in Chapter 2, — ([2:23)), and we recall that the Bayes risk satisfies (2.24).
2. Since the posterior distribution concentrates on £7, one guesses from monotonicity
and symmetry considerations that M(r;) C {—t,0, t} for all 7. The formal proof uses a
sign change argument linked to total positivity of the Gaussian distribution — see |Casella
and Strawderman| (1981)).
3. A second sign change argument shows that for |7| < 13,

r(0;,0) < r(6y, 7).

Thus supp(w) = {—t,t} = M(7r;) and so ét is minimax for |t| < 1,, and numerical work
shows that 7, = 1.057.

This completes the story for symmetric two point priors. In fact, Casella and Strawderman
go on to show that for 7, < |7| < 73, an extra atom of the prior distribution appears at 0,
and 7, has the three-point form

e = (1 —a)do + (2/2)(8; + 5—r).
This three point prior appears again in Chapters [§and[I3]

A -
7‘(07_,0)

-7 T 0

O(e)

Figure 4.2 as the interval [—t, t] grows, the support points of the least favorable
prior spread out, and a risk function reminiscent of a standing wave emerges.

As |t] increases, prior support points are added successively and we might expect a picture
such as Figure[4.2]to emerge. Numerical calculations may be found in/Gourdin et al.| (1994).
An interesting phenomenon occurs as t gets large: the support points become gradually
more spaced out. Indeed, if the least favorable distributions 7, are rescaled to [—1, 1] by
setting v, (A) = 7w, (tA), then Bickel (1981) derives the weak limit v, = v, With

Voo(ds) = cos*(ms/2)ds, (4.43)

for |s| < 1, and shows that py(7,1) = 1 — w%/7? + 0o(t™2) as T — oo.

4.7 Hyperrectangles

In this section, we ‘lift’ the results for intervals to hyperrectangles, and obtain some direct
consequences for nonparametric estimation over Holder classes of functions.
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The set ® C £,(1) is said to be a hyperrectangle if

®=0(1r) =1{0: 6| < 7 foralli € I} = [ [[-. .

For ©(1) to be compact, it is necessary and sufficient that ) Tiz < oo, Example ??. Alge-
braic and exponential decay provide natural examples for later use:

O] < Ck™7, k>1,a>00C >0, (4.44)
|0k| < Ce™*, k>1,a>0C>0. (4.45)

We suppose that data y from the heteroscedastic Gaussian model (3.48) is observed, but
for notational ease here, we set €; = A;¢, so that

Yi = 9,' + €;z;, iel. (4.46)

We seek to compare the linear and non-linear minimax risks Ry (©(t),€) < Rp(0(7), €).
The notation emphasizes the dependence on scale parameter €, for later use in asymptotics.

Proposition says that the non-linear minimax risk over a hyperrectangle decomposes
into the sum of the one-dimensional component problems:

Ry(©(1),€) =Y pn(Ti,€0). (4.47)
Minimax linear estimators have a similar structure:

Proposition 4.19 (i) If éc (y) = Cy is minimax linear over hyperrectangles ©(t), then
necessarily C must be diagonal. (ii) Consequently,

RL(O(r).€) = pr(zi.€) (4.48)
i
Before proving this, we draw an immediate and important consequence: by applying The-
orem term by term, pr (7;, €;) < w*pn (1, €;), it follows that the Ibragimov-Hasminski
theorem lifts from intervals to hyperrectangles:

Corollary 4.20 In model (4.46)),
RL(O(7),€) < u*Rn(O(7),€). (4.49)

Proof of Proposition First note that a diagonal linear estimator éc (y) = (¢;y;) has
mean squared error of additive form:

r(fe.0) =Y e2c + (1— )07 (4.50)

Let f(éc) = sup{r(éc, 0),0 € ©(1)} and write d(C) = diag(C) for the matrix obtained
by setting the off-diagonal elements to 0. We show that this always improves the estimator
over a hyperrectangle:

F(Bc) = 7(bacc))- (4.51)
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Recall formula (3.57) for the mean squared error of a linear estimator. The variance term is
easily bounded—with A = diag(eiz), we have, after dropping off-diagonal terms,

rCTAC =) c2e} = > ciel =trd(C)TAd(C).
ij i
For the bias term, ||(C — I)8||?, we employ a simple but useful random signs technique.
Let 0 € O(t) = {(%o0;7)} denote the vertex set of the corresponding hyperrectangle ® (o).
Let 77, be a probability measure that makes 6; independently equal to +0; with probability
1/2. Then we may bound the maximum squared bias from below by an average, and then
use E6;0; = 076;; to obtain

sup [[(C = DO = E (cji — 8;:)°6:6;

0eV(o) i

=Y (cii — 1?0} = |[(d(C) = Do .

The risk of a diagonal linear estimator is identical at all the vertices of V(o )—compare
([4.50)—and so for all vertex sets V(o) we have shown that

sup r(éc,é’)z sup r(éd(c),Q).
feV (o) 0eV (o)

Since o € O(r) is arbitrary, we have established (#.51) and hence part (i).
Turning to part (ii), we may use this reduction to diagonal linear estimators to write

R (O(7),€) = inf sup E(ciyi — 6;)>.
(i) geo(r) IZ e

Now, by the diagonal form c;y; and the product structure of ©(7), the infimum and the
supremum can be performed term by term. Doing the supremum first, and using (.27),

R (O(7),€) = infr(b,, 7). (4.52)
c
Now minimizing over ¢, we get the right side of (4.49). O

Remarks. 1. It is evident from the proof that we only improve the maximum risk by
restricting each c¢; to the interval [0, 1].

2. For the admissibility result Theorem [2.3] all that was required was that a linear estima-
tor be diagonal in some orthonormal basis. For minimaxity on a hyperrectangle ®(t), which
has product structure in a given basis, the estimator needs to be diagonal in this basis.

Hyperrectangles and discrete loss functions

Suppose again that y; NN (0;,€?) fori = 1,...,n and consider the product prior

0; = L8y +6-r,).

We take a brief break from squared error loss functions to illustrate the discussion of product
priors, additive loss functions and posterior modes of discrete priors (cf. Section[2.3)) in the
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context of three related discrete loss functions

Lo(a.0) = > Ia; # 6:}.

N(a,0) = Zl{sgnai #sgn6;} and

Ne(a,6) = I{N(a,0) > cl.

Here L is counting error, while N counts sign errors and N,, which is not additive, is the
indicator of a tail event for N.

In each case, the Bayes rule for 7, in accordance with (2.7), is found by minimizing,
over a, the posterior expected loss. Since the prior has independent coordinates, so does the
posterior, which is given by the noise level € version of (2.21)). Hence the distribution of 6;
given y is concentrated on +1;, and by (2.22)), it follows that for all three losses E[L(a, 0)|y]
is minimized by the same Bayes rule

0 (v) = usgn(y),
and observe that
N(é,,,@) = Z[{sgn y;i 7 sgn 6;}

counts sign errors in the data.

Us o the equivalent frequentist view of Bayes estimators, B(9 ) > B(Q,,, ), cf. Sec-
tion 4.1} we have therefore shown, using loss N, as an example, that for all estimators 0,
and in the joint distribution IP of (0, y), that

P{N(6,0) > ¢} > P{N (B, 0) > c}.

Consider now a hypercube situation, in which all 7; = . Then in the joint distribution
P, we have N(éﬂ, 0) Z Bin(n, 1), where m; = P{N(t,€?) < 0} = ®(—1/¢). Hence, for
loss function N, the Bayes risk becomes a binomial probability tail event, P {Bin(n, w1) >
c}.

These remarks will be used later for lower bounds in the optimal recovery approach to
thresholding, Section[10.4}

Hyperrectangles and smoothness.

If (6;) represent the coefficients of a function f in an appropriate orthonormal basis, then the
rate of decay of t; in a hyperrectangle condition can correspond to smoothness information
about f. For periodic functions on [0, 1], the Fourier basis is natural. If f is C¥, in the sense
of Holder continuity (see Appendix [C.16)), then the Fourier coefficients satisfy {.44) for
some constant C (e.g. Katznelson| (1968, p. 25) for « integer-valued and [Zygmund| (1959,
p. 46) for 0 < o < 1.) However, the converse fails, so Fourier hyperrectangles do not
exactly capture Holder smoothness. On the other hand, a periodic function f is analytic if
and only if there exist positive constants C and a so that (#.43)) holds (e.g. [Katznelson| (1968,
p- 26)). However, analyticity conditions are less often used in nonparametric theory than are
constraints on a finite number of derivatives.
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From this perspective, the situation is much better for wavelet bases, to be discussed in
Chapter[7]and Appendix [B] since Holder smoothness is exactly characterized by hyperrect-
angle conditions, at least for non-integer «.

To describe this, we introduce doubly indexed vectors (6,%) and hyperrectangles of the
form

O%(C) ={(Bjx) : 0] < C27@TVUDI | j e Nk =1,...,2/}. (4.53)

Let (Br) for j > Oand k = 1,.. .,2/ be the coefficients of f in an orthonormal
wavelet basis for L,[0, 1] of regularity m > «. Then, according to Remark[9.5] f is C%, o ¢
N, if and only if for some constant C, the coefficients (6;x) € ©% (C) defined in (@.33).
The subscript co indicates that the bounds hold for all (j, k) and emphasizes that Holder
continuity measures uniform smoothness.

Proposition 4.21 Assume a Gaussian white noise model y jx = 0 i +€z ji, with 0 assumed
to belong to a Holder ball ©2 (C) defined at (4.53)). Then

Ry (0% (C),€) < CH1Ne2r r=2a/Qa+1). (4.54)

The notation shows the explicit dependence on both C and €. The expression a(€) =< b(¢)
means that there exist positive constants y; < y, depending only on «, but not on C or €,
such that for all €, we have y; < a(€)/b(¢) < y,. The constants y; may not be the same at
each appearance of <.

While the wavelet interpretation is not needed to state and prove this result (which is
why it can appear in this chapter!) its importance derives from the smoothness characteri-
zation. Indeed, this result exhibits the same rate of convergence as we saw for mean square
smoothness, i.e. for ® an ellipsoid. Note that here we also have a lower bound.

Proof Using (.47), we can reduce to calculations based on the single bounded normal
mean problem:

Ry (©,€) = ZijN(CZ_(“"'I/z)j,G).
J

Using #40), we have py (1, €) = y(t% A €?), where y € [1/(2u*), 1]. So let j. € R be the
solution of
Cor-@+1/Dje _

For j < j., the variance term €2 is active in the bound for py, while for j > j, it is the
squared bias term C2~(*+1J which is the smaller. Hence, with jo = [J.],

Ry(©.€) < Y 2/e*+C?> ) 272,
J=<Jjo J>Jo
These geometric sums are dominated by their leading terms, multiplied by constants de-
pending only on «. Consequently,

RN(@,E) = 2j*€2 + C22—20tj* = CZ/(2a+1)(€2)2a/(2(¥+1)

which becomes (4.54) on substituting for r. O
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4.8 Orthosymmetry and Hardest rectangular subproblems

Although the minimax structure of hyperrectangles is, as we have just seen, essentially
straightforward, it is a key tool for obtaining deeper results on minimax risks for more gen-
eral sets satisfying certain symmetry and convexity properties that we now define.

O is said to be solid and orthosymmetric if 6 € © and |&;| < |6;] for all i implies that
& € O also. If a solid, orthosymmetric ® contains a point t, then the same is true for the
entire hyperrectangle that it defines: ®(z) C ©.

Examples of solid orthosymmetric sets:

e Sets defined by the contours of symmetric increasing functions. Thus, if ¥ is increasing
on R*, then {6 : )" a;¥(67) < 1} is solid and orthosymmetric.

e {, bodies: defined by Y, a’|6;|? < C? for p > 0, and

e Besov bodies: defined by } _ 2754(3", 10jx|P)4/P < C4for 0 < p,q < o0, Section

Since ® contains ©(t) for each t € O, it is clear that Ry (®) > Ry (®(1)). Conse-
quently, a simple but often useful lower bound to the non-linear minimax risk is obtained by
restricting attention to the hardest rectangular subproblem of ©:

Ry(©) = sup Ry (O(7)). (4.55)
1€®

For linear estimation, we first observe that according to the proof of Proposition M.19] the
maximum risk of any linear estimator 6¢ over any hyperrectangle can be reduced by discard-
ing off-diagonal terms. Since this is true for every hyperrectangle and ® is orthosymmetric,
we must have

R.(®) = infsup (4., ). (4.56)
¢ he®

Here éc (y) = (¢;y;) denotes a diagonal linear estimator with ¢ € £, (N, (eiz)),

Quadratic convexity. To fully relate the linear minimax risk of ® to that of the rectangular
subproblems ®(t), we need an extra convexity property. ® is said to be quadratically convex
if 83 = {(6?) : 0 € O} is convex. Examples include sets of the form {6 : " a; ¥ (67) < 1}
for ¥ a convex function. This makes it clear that quadratic convexity is a stronger property
than ordinary (linear) convexity. Particular examples include

e {, bodies: for2 < p < oo, and
® Besov bodies: for2 < p < q < c0.

Just as in (4.55)) the linear minimax risk over O is clearly bounded below by that of the
hardest rectangular subproblem. However, for quadratically convex ®, the linear difficulties
are actually equal:

Theorem 4.22 (Donoho et al.}|1990) If ® is compact, solid orthosymmetric and quadrati-
cally convex, then

Ry (®) = sug R (O(7)). (4.57)

Combining @.57), @.49) and (@.53)), we immediately obtain a large class of sets for which
the linear minimax estimator is almost as good as the non-linear minimax rule.
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Corollary 4.23 If © is compact, solid orthosymmetric and quadratically convex, then
RL(©) = u* Ry (0).

This collection includes £, bodies for p > 2 — and so certainly ellipsoids, solid spheres,
etc. and the Besov bodies just discussed.

Proof of Theoremd.22]  First we observe that (4.57)) can be formulated as a minimax the-
orem. Indeed, displays the left side as an inf sup. Turning to the right side of (#.37),
and again to the proof of Proposition[4.19] we find from .52 that

sup Ry (®(1)) = sup 1nfr(9c, 7).
€@ ¢

To prove equality of (4.36) and the last display, we will apply the Kneser-Kuhn minimax
theorem (Corollary [A.4) with payoff function

flc,s) = X:Cizosi2 + (1 —ci)?s;.

Note that (8., 0) = f(c., #2) where 62 = (6?). Clearly f is convex-concave — indeed, even
linear in the second argument. By Remark 1 following Proposition 4.19] we may assume
that the vector ¢ € £»(N, (¢7)) N [0, 1]°, while s € ©F C {;. The latter set is convex
by assumption and £;-compact by the assumption that ® is £,-compact. Finally, f(c, s) is
trivially £;-continuous in s for fixed c in [0, 1]*°. O

Example. Let ©, 5(C) denote an £, ball of radius C in R": {# : Y| 67 < C?}. Theorem
M.22]says, in the homoscedastic case €; = ¢, that

n

RL(®,,,2(C),6)=sup{e2262+r Zr <C?,

and since s — s/(1 + s) is concave, it is evident that the maximum is attained at the vector
with symmetric components riz = C?/n. Thus,

2

—_— 4.58
nez + C27 ( )

RL(©,(C).€) = né*-
which grows from 0 to the unrestricted minimax risk ne? as the signal-to-noise ratio C2/ne?
increases from 0 to oo.

While the norm ball in infinite sequence space, ©,(C) = {0 € €, : |0 < C} is not
compact, the preceding argument does yield the lower bound

RL(©:(C),€) = C?,

which already shows that no linear estimate can be uniformly consistent as € — 0 over all
of ®,(C). Section[5.5] contains an extension of this result.

Remark. We pause to preview how the various steps taken in this chapter and the next
can add up to a result of some practical import. Let 055 5 denote the periodic smoothing
spline with regularization parameter A in the white noise model, Section If it is agreed
to compare estimators over the mean square smoothness classes ®* = ©5(C), cf §??,
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Remark 1, it will turn out that one cannot improve very much over smoothing splines from
the worst-case MSE point of view.

Indeed, borrowing some results from the next chapter (§5.1] §5.2)), the best mean squared
error for such a smoothing spline satisfies

Rss(©%,€) = inf sup r(fss.a,0:€) < (1 + c(a, €)) RL(0%¢),
0cO*

along with the bound lim¢_,¢ c(o,€) < 0.083 if « > 2. In combination with this chap-
ter’s result bounding linear minimax risk by a small multiple of non-linear minimax risk,
Corollary #.23] we can conclude that

Rss(©5(C). €) < (1.10)(1.25) Ry(€5(C). €)

for all @ > 2 and at least all sufficiently small €. Thus even arbitrarily complicated non-
linear esimators cannot have worst-case mean squared error much smaller than that of the
relatively humble linear smoothing spline.

4.9 Correlated Noise*

For this section we consider a modification of Gaussian sequence model (3.1)),
yi =6; + ez, i eN, Cov(z) = X, (4.59)

in which the components z; may be correlated. This will be of interest in the later discussion
of linear inverse problems with a wavelet-vaguelette decomposition, Chapter [12}

Make the obvious extensions to the definition of minimax risk among all non-linear and
among linear estimators. Thus, for example, Ry (©®, X) = infj supycq EL(é(y), 0) when
y follows (4.59). The first simple result captures the idea that adding independent noise
can only make estimation harder. Recall the non-negative definite ordering of covariance
matrices or operators: X’ < X means that ¥ — ¥’ is non-negative definite.

Lemma 4.24 Consider two instances of model {.59) with ¥’ < X. Suppose that the loss
Sfunction a — L(a, 0) is convex. Then

Ry(©.%) < Ry(©.%), and Ry (®,%Y) < R.(©,Y).

Proof A conditioning argument combined with Jensen’s inequality is all that is needed.
Indeed, let y follow (@.39) and in parallel let y* = 6 + ez’ with Cov(z’) = X'. Since
3 > ¥/, we can find a zero mean Gaussian vector w with covariance ¥ — X/, independent
of z/,sothat y = y’ + w. Let é(y) be an arbitrary estimator for noise 3; we claim that

6(Y) = Eold0)ly'1 = EI(Y' + w)|y]
has risk function at least as good as é(y). Indeed, using convexity of the loss function,
EgL(6()).0) < EgE[L(O(Y' + w).0)|y'] = Eg Eg[L(B(y). )|y = EsL(8(y).6).

SinceAthis holds for arbitrary é tpe statement for nonlinear minimax risk follows.
If 6(y) = Cy is linear, then 6(y’) = E[C(y’ + w)|y’] = Cy’ is also linear and so the
preceding display also establishes the linear minimax inequality result. O
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Corollary 4.25 In white noise model (3.1)), if €’ < €, then Ry(®,€’) < Ry(0©,¢).

When the noise is independent in each coordinate and ® is orthosymmetric, we have seen
at (4.56) that the minimax linear estimator can be found among diagonal estimators. When
the noise is correlated, however, diagonal estimation can be quite poor. First some notation:
for covariance matrix X, let ¥; = diag(X) be the diagonal matrix with entries taken from
the diagonal of . When considering only diagonal linear estimators, . ;(y) = c;y;, let

Rpr (0, X) = infsup r(éc, 0).
¢ 9e®

Of course, Rpr(®,X) = Rpr (0, ;) since Rpy involves only the variances of z. Finally,
let the correlation matrix corresponding to 3 be

_ w—1/2 —1/2
p(2) = 3,55,

Proposition 4.26 Suppose that y follows the correlated Gaussian model (4.59). Let Apin
denote the smallest eigenvalue of p(X). Suppose that © is orthosymmetric and quadratically
convex. Then

RL(©,%) < Rpr(0,%) < A, ,RL(0, %)

If X is diagonal, then A, = 1 and Rpy = Ry. This happens, for example, in the
Karhunen-Loe¢ve basis, Section If ¥ is near-diagonal—in a sense to be made more

precise in Chapter [[2}—then not much is lost with diagonal estimators. For general X, it can
happen that A, is small and the bound close to sharp, see the example below.

Proof Only the right hand side bound needs proof. It is easily verified that ¥ > A, 24
and that A;; < 1 and hence using Lemma that

RL(G)a Z) > RL(®, Aminzd) = AminRL(@): Ed)

By (@.56) in the independent co-ordinates model, Ry (®,X;) = Rpr(©, ;). But as noted
above, RDL((’D,EQ') = RDL(®,E). L]

Example 4.27 Consider a p-variate “intra-class” correlation model in which zx = on+wy
is built from a common variable 7 and from wy, all assumed to be i.i.d N(0, 1). Then one
checks that ¥ jx = 0% + &4 and then that Ay, (p(2)) = 1/(c% + 1).

Suppose that 0> > 1, and > = 77 — o0 but 77 = o(p). Then for the hypercube
O(r) =1{0 = Zf Orer : |0k| < 1}, it can be shown, Exercise that
RpL(8(1)) ~ (0% + DRL(O(7)), (4.60)

as p — 00, so that the bound of Proposition [4.26is essentially sharp.

4.10 The Bayes Minimax Method*

In this section we outline a general strategy for asymptotic evaluation of minimax risks
Ry (®) that will be useful in several settings.

We start with an upper bound, for fixed €, which is easy after exploiting the minimax
theorem. Suppose that L(6, a) is convex in a for each 6 € £,. Let M be a convex collection
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of probability measures on £, (/) containing ® in the sense that point masses 69 € M for

0 € ©. Then, as we have seen at (4.18]) and #.17),

Rn(®,¢) < B(M,¢e) = sup B(m). (4.61)
TeEM

We call the right side the Bayes-minimax risk. Often M is defined by constraints on marginal
moments and in general M will not be supported on ®. For example, if @ (C) is the ellipsoid
defined by Y_a?6? < C?, then M(C) = {n(df) : Y a?E,0? < C?}.

The idea is that a judiciously chosen relaxation of the constraints defining ® may make
the problem easier to evaluate, and yet still be asymptotically equivalent to ® as € — 0.

The main task, then, is to establish that Ry (®,€) ~ B(M,€) as € — 0.

(a) Basic Strategy. Suppose that one can find a sequence v, supported in ©, that is
nearly least favorable: B(ve) ~ B(M, ¢€). Then asymptotic equivalence would follow from
the chain of inequalities

B(ve) = Ry(©,€) = B(M,€) ~ B(ve). (4.62)

(b) Asymptotic Concentration. Often it is inconvenient to work directly with priors sup-
ported on ®. Instead, one may seek a sequence 7w, € M that is both asymptotically least
favorable, B(m.) ~ B(M, €) and eventually concentrates on ®:

7e(®) — 1. (4.63)
If one then constructs the conditioned prior ve = 7. (- |®) and additionally shows that
B(ve) ~ B(me), (4.64)

then asymptotic equivalence follows by replacing the last similarity in (4.62)) by B(M, €) ~
B(me) ~ B(ve).

There are significant details to fill in, which vary with the specific application. We try to
sketch some of the common threads of the argument here, noting that some changes may
be needed in each setting. There is typically a nested family of minimax problems with
parameter space ®(C) depending on C, so that C < C’ implies that ®(C) C O(C’).
Often, but not always, C will be a scale parameter: ®(C) = CO(1). We assume also
that the corresponding prior family is similarly nested. Let R(C,¢) < B(C, ¢€) denote the
frequentist and Bayes minimax risks over ®(C) and M(C) respectively. We exploit the
nesting structure by taking . as the least favorable prior for B(yC,¢) for some y < 1.
Although 7, will typically not live on ®(yC), it often happens that it is asymptotically
concentrated on the larger set ©(C).

We now give some of the technical details needed to carry out this heuristic. The set-
ting is £, loss, but the argument can easily be generalized, at least to other norm based
loss functions. Since C remains fixed, set ® = O(C). Let 7, be a prior distribution with
B(me) = yB(yC,€) and 7 (®) > 0. Set v, = m.(-|®), and let 8, be the Bayes estimator
of 6 for the conditioned prior v.. The issue is to relate B(ve) to B(r.). From the frequentist
definition of Bayes risk B(w.) < B(6,,, ), and so

B(1) < Ex {|l6u. — 01710} 7(©) + Ex_{||6,. — 6|
< B )me(©) + 2Ex {116, |* + 116]1%, ©°}.

2’ @C}
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Since also B(v¢) < R(C, €), on putting everything together, we have
YB(yC.€) < B(ne) < R(C.)1e(©) + 2Ex {[10,. 17 + |l6]]*. ©°5.
In summary, we now have a lower bound for the minimax risk.

Lemma 4.28 Suppose that for each y < 1 one chooses e € M(yC) such that, as € — 0,

B(me) = yB(yC,e), (4.65)
7e(®) — 1, (4.66)
Ex A6, > + 116117, ©} = o(B(yC. €)). (4.67)
Then for each such vy,
R(C,¢) = yB(yC,¢e)(1 4+ o(1)). (4.68)

Often the function B(yC, €) will have sufficient regularity that one can easily show

B
lim liminf 209 _

LR 4.
y/1 e>0  B(C,¢) (4.69)

See, for example, Exercise [4.6] for the scale family case. In general, combining (4.68)) with
(#@.69), it follows that R(C,€) ~ B(C,¢).

Remark. Versions of this approach appear

in the discussion of Pinsker’s theorem, where © is an ellipsoid, Chapter 5]

in estimation of n-sparse signals, where © is an £o-ball, Chapter (]

and of approximately sparse signals, where © is an £, ball, Chapter

and estimation of functions with spatial inhomogeneity, in which ® is a Besov ball,

Chapter 14}

bl e

4.11 Further details.

Proof of (.9): We may of course suppose that /(P) < oo, which entails that the density p
of P exists and is absolutely continuous, and permits integration by parts in the following
chain:

1= fp(y)dy = —[(y —w)p'(y)dy < f(y — n)?p(y)dy /[p’(y)]z/p(y)dy,
with equality if and only if

(P’ /p)(y) = (log p)'(y) = c(y — ).

Proof of @.11): (taken from (Belitser and Levit, [1995)). The argument is of the same fla-
vor as the Fisher information bound (@.9). Of course, by scaling arguments, we may reduce
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toe=1.Let A = (y)—0; and B = (3/38)[log (v —6) p(8)]. Then by Fubini’s theorem,
ExEodB = [ [(60)-6) @/08)Iogp(r ~0)p(®)] ¢ - O)p(@)dyds
— [ [@m-6) @00 - 0101 dbay
— [ [ o6 -orp@ra0 = 1.

Now apply the Cauchy-Schwartz inequality: we have
ELE¢A>=B@,7) and  E E¢B*=1+ I(n),

and now minimizing over  establishes @.IT). We note that improved bounds on the Bayes
risk are given by Brown and Gajek| (1990).

4.12 Notes

Aside: The celebrated paper of [Brown| (1971) uses (@.3) and (@.3) to show that statistical admissibility of
Ox is equivalent to the recurrence of the diffusion defined by dX; = Vlog p(X;)dt + 2d W;. In particular
the classical and mysterious Stein phenomenon, namely the inadmissibility of the maximum likelihood
estimator 6(y) = y in exactly dimensions n > 3, is identified with the transience of Brownian motion in
R"™,n > 3. See also|Srinivasan|(1973).

Brown et al| (2006) gives an alternative proof of the Bayes risk lower bound @.IT)), along with many
other connections to Stein’s identity (2.42).

The primary reference for the second part of this chapter is[Donoho et al| (I990), where Theorems[4.16]
@] and@] (for the case €; = €) may be found. The extension to the heteroscedastic setting given here is
straightforward. The short proof of Theorem [4.16] given here relies on a minimax theorem; [Donoho et al.
(1990) give a direct argument.

[J and MacGibbon?] A Bayesian version of the I-H bound is given by [Vidakovic and Dasgupta
(1996)), who show that the linear Bayes minimax risk for all symmetric and unimodal priors on [—7, 7] as at
most 7.4% worse than the exact minimax rule. [make exercise?]

It is curious that the limiting least favorable distribution found by Bickel| (1981)), after the trans-
formation x = sin(ms/2), becomes (2/m)v 1 — x2dx, the Wigner semi-circular limiting law for the
(scaled) eigenvalues of a real symmetric matrix with i.i.d. entries (e.g. |Anderson et al.| (2010, Ch. 2)).
Local repulsion—of prior support points, and of eigenvalues—is a common feature.

Least favorable distributions subject to moment constraints for the single normal mean with known
variance were studied by Feldman| (1991) and shown to be either normal or discrete.

Levit (1980, (1982} [1985) and |Berkhin and Levit| (1980) developed a more extensive theory of second
order asymptotic minimax estimation of a d-dimensional Gaussian mean. Quite generally, they showed
that the second order coefficient (here 72), could be interpreted as twice the principal eigenvalue of the
Laplacian (here = —2d?/dt?) on the fundamental domain (here [—1, 1]), with the asymptotically least
favorable distribution having density the square of the principal eigenfunction, here w(¢) = cos(xt/2). We
do not delve further into this beautiful theory since it is essentially parametric in nature: in the nonparametric
settings to be considered in these notes, we are still concerned with understanding the first order behaviour
of the minimax risk with noise level € or sample size n.

Exercises

4.1 (Less noise is easier.) Consider two versions of the sequence model: y = 6 + €z, and a lower
noise version, y' = 6 + €’z’, where €’ < €. Suppose that for each 6 € £, (1), the loss function
L(a,0) is convex in a.
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4.4

4.5

4.6

4.7

Exercises 117

(a) Show that for each estimator §(y), there is an estimator §’(y") such that for all ,
r(é’, 0:¢') < r(B,0:¢).
(b) Conclude that for any parameter space ®, and for any set of priors P,

RN(©,€') < Ry (0, ¢),
B(P,€') < B(P,¢).

(Qualitative features of risk of proper Bayes rules.) Suppose that y ~ N(0,€?), that 6 has a
proper prior distribution 7, and that Oy is the squared error loss Bayes rule.

(a) Show that r(@n, 0) cannot be constant for § € R. [Hint: Corollary /4. ]

(b) If Ex|0] < oo, then r(@,,, ) is at most quadratic in 6: there exist constants @, b so that
r(9,,, 6) < a + b62. [Hint: apply the covariance inequality (C.6) to E-[|0 — x|¢ (6 — x)].

(c) Suppose in addition that 7 is supported in a bounded interval /. Show that Py (é,t el)=1
for each 6 and hence that r(é,,, ) is unbounded in 6, indeed r(é,,, ) > ¢6? for suitable ¢ > 0.

(Fisher information for priors on an interval.) (a) Consider the family of priors mg(df) =
cg(1— |¢9|)/3. For what values of B is I(ng) < 00?

(b) What is the minimum value of /(g)?

(c) Show that v in (4.43)) minimizes /() among probability measures supported on [—1, 1].
(Truncation of (near) least favorable priors.) (a) Given a probability measure 7 (d6) on R, and
M sufficiently large, define the restriction to [-M, M] by 7™M (4) = n(A||0| < M). Show
that 7™ converges weakly to = as M — oc.

(b) If 7 satisfies f |0|Pdm < nP, show that aM does also, for M > n.

(¢) Given a class of probability measures P and y < 1, show using Lemma[4.8]that there exists
7 € P and M large so that B(m™) > yB(P).

(continuity properties of { , loss.) Consider the loss function L(a, 8) = |ja—0 ||§ as a function
of 6 € £,(N). Show that it is continuous for p > 2, while for p < 2 it is lower semi-continuous
but not continuous.

(Scaling bounds for risks.) Consider y = 6 + €z and squared error loss. Suppose that {©(C)}
is a scale family of parameter spaces in £ (1), so that ©(C) = CO(1) for C > 0.

(a) Use the abbreviation R(C, €) for (i) Ry (©(C); €), and (ii) R (®(C); €). In each case, show
thatif C’ < C and €/ < ¢, then

R(C,€) < (C/C")?(e/€")*R(C’, €,

and that if P(C) = CP(1) is a scale family of priors, that the same result holds for B(C,¢) =
B(P(C);e).
(b) Conclude that

... .B(yC,e
lim liminf ——— =
y—1 e=>0 B(C,¢)

(Two point priors.) Suppose that y ~ N(6, 1), and consider the symmetric two point prior
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4.8

4.9

4.10

Gaussian decision theory
n?) = (1/2)(6; + 6—;). Show that for squared error loss,
n({t}ly) = e /(e™ +e7 ™),
6x(y) = E(6]y) = ttanhy,
E[(6 — 6;)%|y] = 12/ cosh? Ty,
POy

B(m;) = 12772 .
cosh yt

(Bounded normal mean theory for L loss.) Redo the previous question for L(0,a) = |0 — a].
In particular, show that

éﬂ(y) =Tsgny, and B(r;) = 2t®(1),

where, as usual ®(7) = ftoo ¢ (s)ds. In addition, show that

X pL(T,€) 1
W = sup =
e pN(T,€) = B(m1)

Hint: show that py,(z,1) < pp(z, 1) = min(z, \/2/7).

= 1/.32 < oo.

(Continued.) For L1 loss, show that (a) py(t,€) = epny(t/€,1) is increasing in 7, and (b)

lim; 00 pN (T, €) = €Yo, Where yo = Eolz| = /2/7.
[Hint: for (b) consider the uniform prior on [—t, t].]

(Translation invariance implies diagonal Fourier optimality.) Signals and images often are
translation invariant. To make a simplified one-dimensional model, suppose that we observe,
in the “time domain”, x; = y; + on fork = 1,...,n. To avoid boundary effects, assume
that x, y and 5 are extended to periodic functions of k € Z, that is x(k + n) = x(k), and so
on. Define the shift of y by (Sy)x = yk+1. The set I' is called shift-invariant if y € T implies
Sy € I'. Clearly, then, S'y € T forall / € Z.

(a) Show that T' = {y : >3 _; |vk — ¥k—1| < C} is an example of a shift-invariant set. Such
sets are said to have bounded total variation.

Now rewrite the model in the discrete Fourier domain. Lete = e
Fourier transform y = Fx can be written

27i/n and note that the discrete

n—1
yk:Zeklxl, k=0,...,n—1.
1=0

Similarly, let 6 = Fy,z = Fnand ® = FT.
(b) Show that shift-invariance of I' means that § = (6) € © implies M'6 = (e/k6;) € © for
[ € Z. In particular, we have 7S = ML F.
(c) Let V(r) = {M'<,1 € Z} denote the orbit of T under the action of M. By using a random
shift (i.e. / chosen at random from {0, ...,n — 1}), modify the random signs method to show
that
sup r(éco’o, 0) < sup r(éc,b, ).

6eV(z) 6eV(z)
Thus, on a translation invariant set I', an estimator that is minimax among affine estimators
must have diagonal linear form when expressed in the discrete Fourier basis.
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411 (Linear and diagonal minimax risk in intra-class model.)
Consider the setting of Example[4.27]
(a) Show that in the basis of the Karhunen-Logéve transform, the variances are

&2 = po? +1, 8,%21, k>2.

(b) Show that Rz, (®(7)) = ) ; eizrz/(eiz—i-rz), and Rpr (O(1)) = p(1+02)72/(14+0%+12).
(c) Derive conclusion (#.60).
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Linear Estimators and Pinsker’s Theorem

Compared to what an ellipse can tell us, a circle has nothing to say. (E. T. Bell).

Under appropriate assumptions, linear estimators have some impressive optimality prop-
erties. This chapter uses the optimality tools we have developed to study optimal linear esti-
mators over ellipsoids, which as we have seen capture the notion of mean-square smoothness
of functions. In particular, the theorems of |Pinsker| (1980) are notable for several reasons.
The first gives an exact evaluation of the linear minimax risk in the Gaussian sequence model
for quadratic loss over general ellipsoids in £,. The second shows that in the low noise limit
€ — 0, the non-linear minimax risk is actually equivalent to the linear minimax risk: in other
words, there exist linear rules that are asymptotically efficient. The results applies to ellip-
soids generally, and thus to all levels of Hilbert-Sobolev smoothness, and also to varying
noise levels in the co-ordinates, and so might be considered as a crowning result for linear
estimation.

The linear minimax theorem can be cast as a simple Lagrange multiplier calculation,
Section Section examines some examples: in the white noise, ellipsoids of mean
square smoothness and of analytic function, leading to very different rates of convergence
(and constants!). Fractional integration is used as an example of the use of the linear minimax
theorem for inverse problems. Finally, a concrete comparison shows that the right smoothing
spline is actually very close in performance to linear minimax rule.

Section [5.3] states the “big” theorem on asymptotic minimax optimality of linear estima-
tors among all estimators in the low noise limit. In this section we give a proof for the white
noise model with polynomial ellipsoid constraints — this allows a simplified argument in
which Gaussian priors are nearly least favorable. The Bayes rules for these Gaussian pri-
ors are linear, and are essentially the linear minimax rules, which leads to the asymptotic
efficiency.

Section gives the proof for the more general case, weaving in ideas from Chapter
in order to combine the Gaussian priors with other priors needed for co-ordinates that have
especially ‘large’ or ‘small’ signal to noise ratios.

The chapter concludes with a diversionary interlude, Section [5.5] that explains why the
infinite sequence model requires a compactness assumption for even as weak a conclusion
as consistency to be possible in the low noise limit.

120
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5.1 Exact evaluation of linear minimax risk.

In this chapter we consider the non-white Gaussian sequence model, (3.48)), which for now
we write in the form

Vi = 0; + oiz;, i €N 5.1
Suppose that © is an ellipsoid in £, (N) :
®=0(a.C)={0:) a6} <C?}. (5.2)

A pleasant surprise is that there is an explicit solution for the minimax linear estimator over
such ellipsoids.

Proposition 5.1 Suppose that the observations follow sequence model (53.1)) and that © is
an ellipsoid (5.2). Assume that a; are positive and nondecreasing with a; — oo. Then the
minimax linear risk

RL(®) =) o2(1 —ai/u)4. (5.3)
i
where ;1 = u(C) is determined by
> ofai(n—ap)y = C?. (5.4)
The linear minimax estimator is given by
07(v) = civi = (1 —ai/ W+ i, (5.5)
and is Bayes for a Gaussian prior ¢ having independent components 6; ~ N (O, rl.z) with
7 =07 (u/a; — 1)y (5.6)

Some characteristics of the linear minimax estimator (5.5) deserve note. Since the ellip-
soid weights a; are increasing, the shrinkage factors ¢; decrease with i and hence down-
weight the higher “frequencies” more. In addition, there is a cutoff at the first index i such
that a; > p: the estimator is zero at frequencies above the cutoff. Finally, the optimal linear
estimator depends on all the parameters C, (0;), and (a;)—as they vary, so does the opti-
mal estimator. In particular, the least favorable distributions, determined by the variances riz

change with changing noise level.

Proof The set ® is solid, orthosymmetric and quadratically convex. Since supa; = oo
it is also compact. Thus the minimax linear risk is determined by the hardest rectangular
subproblem, and from Theorem §.22]

R (®) = flelg R (O(7)) = sup { 2,: 3 + 2 Zazrz < C2} (5.7)

This maximum may be evaluated by forming the Lagrangian

L= Z{ o+r} Za

Simple calculus shows that the maximum is attained at t? given by (5.6). The positive part
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constraint arises because riz cannot be negative. The Lagrange multiplier parameter p is
uniquely determined by the equation ) a?t? = C?, which on substitution for 7 yields
(5.4). This equation has a unique solution since the left side is a continuous, strictly in-
creasing function of . The corresponding maximum is then and the linear minimax
estimator, recalling (#.29), is given by 6*(y) = ¢; y; with
2
=T (14
o + 1} m/+

From this, it is evident that 6* is Bayes for a prior with independent N (0, riz) components.
O

5.2 Some Examples
Sobolev Ellipsoids.

Consider the white noise case, crlf = 2. Return to the Hilbert-Sobolev parameter space in

the trigonometric basisE] considered in Section ??, and with the ellipsoid (3.4) with a,; =
azy—1 = (2k)* for @ > 0, and write ® as ®5(C). Let us rewrite the condition (5.4) that
determines ¢ as

MZak—Zai = C?/é. (5.8)

keN keN

To describe the summation set N, observe that the weights ay &~ k with relative error at
most O(1/k) and so

N =N =1tk : ar < p} ~{k = k < p'/?.

Setting k,, = [(1!/%], we have the integral approximations

k
ko Copa+ 1
keN k=1

Substituting into (3.8)) and solving for e, we obtain

@+ DQa+1)CA\'T
pel® = (——2 : (59
o €
where, in the usual rate of convergence notation, r = 2«/ (2« + 1). We finally have
1 pl+i/e
o= B0 o L)
keN ® oot
2 _
= o 2 1/a — e r 2 1 CZ 1=r
o= (o) (@ ne?)
= P,C2Ier, (5.10)

' For concrete examples we index co-ordinates by k rather than i used in the general theory, in part to avoid
confusion with i = 4/—1!
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where the Pinsker constant
P, = ( )r(2a + 1)l "= ( ! )r(l r)r_l
g o+ 1 2—r ’

Remarks. 1. The rate of convergence €?” depends on the assumed smoothness «: the
greater the smoothness, the closer is the rate to the parametric rate €2,

2. The dependence on the scale C of the ellipsoid is also explicit: in fact, it might be
written C2(e2/C?)" to emphasise that the convergence rate r really applies to the (inverse)
signal-to-noise ratio €2/C?2.

3. The shrinkage weights wy = (1—k% /)4 assign weight close to 1 for low frequencies,
and cut off at k = p'/® oc (C2/€?)V/@¢+D Thus, the number of frequencies retained is an
algebraic power of C /¢, decreasing as the smoothness « increases.

Fractional integration

We turn to an example of inverse problems that leads to increasing variances o7 in the
sequence model. Consider the noisy indirect observations model

Y=Af +¢€Z, (5.11)
introduced at (3.55)), Here A = I is the operator of f—fold integration, for f is a positive
integer, applied to periodic functions in L, (0, 1) with integral 0. Thus

L)) = [0 F(s)ds.

Izzll(ll(f)),etc. .
In the trigonometric basis (3.7), it is easy to check, using the assumption fo f =0, that

Li(pak) = —27k) ' par—1, Li(p2k—1) = k) pox.

Writing, as in Section Y; = (Y,¢:),6; = (f, ¢;) and so on, we obtain the sequence
form (3.58), with
|bak| = |bak—1| = Q2rk)7°.

Setting now yx = Y /by, we recover model (5.1)) with
02k = O2k—1 = (2k)BJTﬁ€.

Proposition |5.1{allows the evaluation of minimax mean squared error over ellipsoids ®*(C)
corresponding to the mean square smoothness condition fol (D* f)? < C?/m**. Calculation
along the lines of Section shows that a straightforward extension of (5.10) holds:

R (O©%(C),€) ~ P, gC20T8) (gPe)2rs
with rg = 20/(2e + 28 + 1) and

P a "2 + 2B + 1)i7Ts
P \a 28+ 1 28 + 1 '

The index B of ill-posedness leads to a reduction in the rate of convergence from r =
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200/ (2a + 1) in the direct case to rg = 2a/(2a + 28 + 1). When B is not too large, the
degradation is not so serious.

Remark. When f > 0 is not an integer, an interpretation in terms of fractional integration is most

natural when described in terms of the basis of complex exponentials ey () = €27 ikt for k € 7. Indeed, if
f(@) ~ > crer(t), with co = 0, and if we define

I ~ Yk ,
(g £)(0) ; p O

then |Zygmund, (2002} Vol. II, p. 135) shows that

1 t
UsH0) = 555 /_ F(s)(@ — 5P~ 1ds.

Ellipsoids of analytic functions.

Return to the white noise setting o,f = ¢2. Again consider the trigonometric basis for pe-

riodic functions on [0, 1], but now with as; = as_; = e%*, so that O(a,C) = {6 :
Y e2ek (022k_1 + szk) < C?}. Since the semiaxes decay exponentially with frequency, these

ellipsoids contain only infinitely differentiable functions, which are thus much smoother
than typical members of the Sobolev classes.

Remark. To interpret the exponential decay conditions, it may help to think of the periodic function

2mikt

£ (@) as a Fourier series in complex exponentials f(1) = Y22 {e , where y is related to the real

Fourier coefficients 0,5 _1 and 0, as usual via 2{; = 0,1 —i6yy and 2¢_j = 65 _1 +i6,y. Consider
2mit

then the domain in which the function g(z) = ZSQOO Ck z¥ of the complex variable z = re remains

analytic. On the unit circle |z| = 1, g reduces to our periodic function f. Now if |} | = O(e~k1) then g

is analytic in the annulus Ay = {z : e™* < |z| < e®*} while a near converse also holds: if g is analytic in
a domain containing Ay, then |{; | = O(e~kl). Thus, the larger the value of «, the greater the domain of

analyticity.

We turn to interpretation of the linear minimax solution of Proposition [5.1] For given
W, the sum in (5.4) cuts off after k() = [(2c)~!log u], and so its evaluation involves
geometric sums like ZIIC e%P = ¢, ,e®*? for p = 1 and 2 which are, in contrast with the
Sobolev case, dominated by a single leading term.

To solve for p, set 4 = e*” and note that the constraint (5.4) may be rewritten as

F(r)=)_ e — %), = C?/(2€?).
k

Restricting r to positive integers, we have F(r) = e?*"y,, with yy = Cq.1 — Ca2 > 0, from

which we may write our sought-after solution as u = Se*™ for 8 € [1, e*) with

1 1 C?
ro=|=—1lo .
0 2 g2ya62

Now we may write the minimax risk (3.3) as € — 0 in the form

7o
RL(©.€) =2e*) " (1—p o),
k=1
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Thus it is apparent that the number of retained frequencies ry is logarithmic in signal to
noise—as opposed to algebraic, in the Sobolev case—and the smoothing weights ¢ =
1 — B~1e™@0=k) are very close to 1 except for a sharp decline that occurs near ro. In
particular, the minimax linear risk

2
€
R1(©,€) ~ 2e’rg ~ —loge™?
o
is only logarithmically worse than the parametric rate €2, and the dependence on ®(a, C)
comes, at the leading order term, only through the analyticity range « and not via the scale
factor C.

The minimax estimator compared with smoothing splines.

Still in the white noise setting, we return to the Sobolev ellipsoid setting to suggest that
information derived from study of the minimax linear estimate and its asymptotic behavior
is quite relevant to the smoothing spline estimates routinely computed in applications by
statistical software packages. The following discussion is inspired by |Carter et al.|(1992).

We have seen in Chapter [3]that the Lagrange multiplier form of smoothing spline problem
in the sequence model has form (3.29) with solution

5% = (1 + Aad) "y,

if we choose weights wy = ai corresponding to the ellipsoid (5.2)). This should be compared
with the linear minimax solution of (3.5)), namely

éu«,k = —ar/pm)syx.

If we make the identification A <> p 2, then the inequality (1 + x2)~! > (1 — x) valid for
positive x, shows that the spline estimate shrinks somewhat less in each frequency than the
minimax rule.

Pursuing this comparison, we might contrast the worst case mean squared error of the
Pinsker and smoothing spline estimates over Sobolev ellipsoids of smooth functions:

F(éA;e) = sup r(é;k, 0;¢).
009 (C)

It is necessary to specify the order of smoothing spline: we take the weights equal to the
(squared) ellipsoid weights: wy = ai, thus wox — wak—1 = (2k)?>*. When « is a non-
negative integer m, this corresponds to a roughness penalty [(D™ f)?. We also need to
specify the value of the regularization parameter A to be used in each case. A reasonable
choice is the optimum, or minimax value

As = argmin 17(9};6).
A
This is exactly the calculation done in Chapter [3] at and for the spline and

minimax families respectively . [Of course, the result for the minimax family must agree
with (5.10)!] In both cases, the solutions took the form

Ae ~ (c1€2/C?), F(Ay, €) ~ cref0 201 2r (5.12)
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with r = 2a/(2a + 1), and

55 =2, /0, esS =l /4T, Ve = (1 —1/2a)/sinc (1/2a),
M =15, /a, M=y, Vg = 20%/(a + 1) 20 + 1).

Thus the methods have the same dependence on noise level € and scale C, with differences
appearing only in the coefficients. We may therefore summarize the comparison through
the ratio of maximum mean squared errors. Remarkably, the low noise smoothing spline
maximal MSE turns out to be only negligibly larger than the minimax linear risk of the
Pinsker estimate. Indeed, for ® = ©%(C), using (5.12)), we find that as € — 0,

1.083 a=2

(©,¢) a\” .
oIS T

Similarly, we may compare the asymptotic choices of the smoothing parameter:

y 4331 a=2
ULLIN (“_ﬁ)r = 14219 a=4
)LM Vo
-4 o — 00,
and so Agg is approximately four times Ay, and this counteracts the lesser shrinkage of
smoothing splines noted earlier.

Furthermore, in the discrete smoothing spline setting of Section [3.4] [Carter et al| (1992)
present small sample examples in which the efficiency loss of the smoothing spline is even
smaller than these asymptotic values. In summary, from the maximum MSE point of view,
the minimax linear estimator is not so different from the Reinsch smoothing spline that is
routinely computed in statistical software packages.

5.3 Pinsker’s Asymptotic Minimaxity Theorem
We return to the general sequence model y; = 6; + 0;z;, where, for asymptotic analysis, we
introduce a small parameter € via
0; = €A;.
We make two assumptions on the ellipsoid weights (@;) and noise variances (67):

(i) a; are positive and nondecreasing with sup; a; = 0o, and
(i1) as u — oo, the ratio

n?(n) = max Oiz/ Z o2 — 0. (5.14)
= a;i<u/2

Theorem 5.2 (Pinsker) Assume that (y;) follows the sequence model (5.1) with noise levels
(0;). Let ® = O(a, C) be an ellipsoid (5.2)) defined by weights (a;) and radius C > 0.
Assume that the weights satisfy conditions (i) and (ii). Then, as € — 0,

Ry(®,¢) = Rp(O,¢)(1 + o(1)). (5.15)

Thus the linear minimax estimator (5.5)) is asymptotically minimax among all estimators.
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Remarks. 1. The hardest rectangular subproblem results of Chapter ?? say that Ry (®;¢€) <
1.25R N (®; €), but this theorem asserts that, in the low noise limit, linear estimates cannot
be beaten over ellipsoids, being fully efficient.

2. The condition that supa; = oo is equivalent to compactness of ® in £,. In Section[5.5]
it is shown for the white noise model that if ® is not compact, then Ry (0, €) does not even
approach 0 as € — 0.

3. Condition (ii) rules out exponential growth of o7, however it is typically satisfied if
2 = €2 or grows polynomially with ;.

4. Pinsker’s proof is actually for an even more general situation. We aim to give the
essence of Pinsker’s argument in somewhat simplified settings.

g

General comments and heuristics for the proof

The approach is to construct a family of priors, indexed by €, that has Bayes risk comparable
to the minimax linear risk as € — 0. Indeed, dropping explicit reference to ®, we know from
Chapter [4] that

Ry (€) > Ry(€) = sup{B(w) : supp & C O},
so that if we can construct a family of priors 7. C ® for which

liminf B(me)/Ry(€) = 1, (5.16)

then it must be that Ry (¢) ~ Ry (¢) ase€ — 0.

We give first a proof under some relatively restricted conditions:

e (white noise) 0; = ¢,
e (polynomial growth) b;i¥ < a; < b,i? for positive constants by, b, and y.

Pinsker’s linear minimax theorem provides, for each €, a Gaussian prior with independent
co-ordinates 6; ~ N (0, t2) where 12 = €*(je/a; — 1) and i satisfies Y, a; (e —a;) =
C?/€%. Since the sequence (t2) maximizes (5.7), we might call this the least favorable
Gaussian prior. It cannot be least favorable among all priors (in the sense of Section ??), for
example because it is not supported on ®. However, we will show that, under our restricted
conditions, that a modification is indeed asymptotically concentrated on ®, and implements
the heuristics described above. The modification is made in two steps. First, define a Gaus-
sian prior with slightly shrunken variances:

78 0; ~ N0, (1 —X)T2),

€

with A¢ \ 0 to be specified. We will show that 78 (®) — 1 and so for the second step it
makes sense to obtain a prior supported on ® by conditioning

7e(A) :== w8 (A|6 € ©).

Comparing Gaussian and conditioned priors. We can do calculations easily with JreG
since it is Gaussian, but we are ultimately interested in 7. (-) and its Bayes risk B(w.). We
need to show that they are close, which we expect because 78 (0) ~ 1.
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Let [E denote expectation under the Jomt distribution of (6, y) when 6 ~ 7&. Let b
denote the Bayes rule for prior 7, so that b = E[0]®, y].

Lemma 5.3
(1= A)RL(€) < B(me) + E[ 0. — 0]%, ©°). (5.17)

Proof Since 78 consists of co-ordinates 6; independently distributed as N(0, (1 — A¢)7?),

the Bayes risk is a sum of univariate terms:
B(xd) =) pr(V1=Aeti€) = (1= A) Y pr(ti€) = (1 = A)RL(e).  (5.18)
For any estimator é,
Ell§ — 8|1 = B(d,78) = B(xC) = (1 — 1) RL(e). (5.19)
We can also decompose
E[|6 - 60)” = E[1§ - 0]*|©]xZ (©) + E[|0 — 6]*. ©°].

If for § we take the Bayes rule for 7., namely 6., then by definition E[|| 6.—0 2|©] = B(n.).
Now, simply combine this with the two previous displays to obtain (5.17)). O

We turn to a bound for the second term in (5.17).

Lemma 5.4 E[||6c — 0|2, ©¢] < ¢S (O) /2R (€).
Proof Define an, = mina; and observe that on ©, we have ||0]* < a2 > a?6? <
a,2C?. Then

10c1* < E[I191121©. y] < azaC?.

min

By contrast, on ©¢, we have C? < Y a?6? and so

18 = 617 = 2[ 1617 + 16)2] = 20,2 [ €2 + Y a?6?] < 4az2 Y a?6?.
with the result that
E(|0c — 0], 0°) < 4a,2 ) a?E(2, 6°). (5.20)

Now use the Cauchy-Schwartz inequality, E(62, ©¢) < (E§*)'/278(©¢)!/2, along with
E6;* = 3t to see that the left side above is bounded by

4v3ag2 - wS(©)V2 N " ai?
Since Y a?t? = Ry (e), the lemma is proved. O

Putting together the two lemmas, we have
B = {1 = Ac = ex8(09) 2| Ry(e),

and so it remains to show that for suitable A, — 0, we also have JTEG (®°) — 0.
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G 2

nZ concentrates on ©. Let S =) a;

G

67 so that under 72,

ES=(1-1)> ait} = (1-21)C>, and
Var S = 2(1 — A¢)? Zafr{‘ <2(1 —A)*C?maxat’.

By the humble Chebychev inequality
78(©°) < P(S—ES > A.C? < A72C™*Var§

€

<2(A;' = 1)2C? maxa}t?.
1

(5.21)
Now a?t? = €%a;(jte —a;) < (€jie/2)*. We use the polynomial growth assumption to
bound jte. Indeed, choose the largest integer k. such that b, (ke + 1)” > u./2. Then a; <
e/2 foralli < k., and so

ke
C?/e* = Zai(ﬂe —a;)+ = bi(ue/2) Ziy-

Using an integral approximation and the definition of k.,

ke
S =+ 1) 2 ey e/ b))V,
1

where ¢, > 0 depends only on y. Combining these two displays yields, with 8 = 1/(2y+1)
and ¢ = ¢(by, ba, y),

(epe)? < cCHI=P) 2B,
In combination with (5.21)), this shows that
78 (0°) < cA7%(e/C)*P -0

if we choose, for example, A, = ehl2,

5.4 General case proof*

There are three ways in which asymptotic equivalence of linear and non-linear estimates
can occur. The first two are essentially univariate, and rely on the equivalence established at
pN (7. €)
pL(t.€)

The third situation, covering intermediate values of t/e, exploits high-dimensionality in
a critical way. It uses a Gaussian prior, for which the optimal estimator is linear. As we
have seen in the special case considered in the last section, a concentration of measure
property guarantees, as dimensionality grows, that such a prior is essentially supported on
an appropriate ellipsoid.

Pinsker’s proof handles the three modes simultaneously. The first step is to define a parti-
tion of indices i € N into three sets Ny, Nz and N} (with the mnemonics “small”, “gaussian”

—1 as /e — 0 or oo.
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I3 . ’Y) . . . . . 2 2 .
and “big”), with the co-ordinate signal-to-noise ratios z/2 /o7 determined by (5.6). The par-
tition depends on a parameter g > 1 and declares that

i€ Ny, N, Np,
according as
te/of € [0.97"]. @ "), [9. 00), (5.22)
which is seen for t? /07 = (j1/a; — 1)+ to be equivalent to
i € [qqiél’oo]’ (qu—é r qqiél)’ <O’ qﬁ-e 1]' (5:23)

Of course, the sets N, form € {s, g, b}, depend on € and q.

Example: Sobolev ellipsoids (white noise case) continued. It turns out that each of the
regimes “b”, “g” and “s” occurs for a large range of indices i even in this canonical case.
Indeed, recall from (5.9) that j1 = c4(C/€)?*/@*+D If we use the fact that a; ~ k¢, it is
easy to see, for example, that

Cll/a -1 / 2/ 241
- o —-r
|Ng|_(q+1)l/ac‘¥ (C /6) — 00,
with similar expressions for | Np| and | N;| that also increase proportionally to (C?2/e2)17".
e
&
q+1
o
N
e
q+1

Figure 5.1 The “big”, “gaussian” and “small” signal to noise regimes for Sobolev
ellipsoids

Definition of priors w1 = 7(€,q). A key role is played by the minimax prior variances
‘Eize found in Proposition We first use them to build sub-ellipsoids ©,, ©, and ®, C ©,
defined for m € {s, b, g} by

On = On(e,q) ={(0;,i € N,) : Zaf@f < Zafrﬁ}.
Nm an
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Since )" a?t: = C2, we clearly have O; x O, x O, C ©. We now define priors 7, =
Tm(€. q) supported on ©,,, see also Figure[5.2}

. ind . .
. fori € Ny, set 6; o 74, , the two point priors at 1,
14

. ind . . . . _
mpe:  fori € Ny, set§; ~ ', cosine priors on [—1;, 7;], with density 7, cos?(6; /21;),

ind

mge:  fori € Ng, firstdefine 7C, which sets §; '~ N(0, (1—1)t?) for some fixed A € (0, 1).

Then define g by conditioning:

7. (A) = 79 (A|6 € B,).
While the “Gaussian” components prior 7€ is not supported in ® ¢ for a suitable choice
A = A(e, g), we shall see that it nearly is, and so it makes sense to define 77, by conditioning.
The full prior me = mse X 7 X mpe and clearly 7 is supported on ©.

"high" O, "medium” O, "low" O,

Figure 5.2 The “small” components prior is supported on the extreme points of a
hyperrectangle in Oj; the “big” component prior lives on a solid hyperrectangle in
©p. The “Gaussian” components prior is mostly supported on @, cf. (5.30), note
that the density contours do not match those of the ellipsoid.

Observe that the minimax risk Rz (€) = Rs(€) + Rg(€) + Rp(€), where form = 5,1, g

Ry (e) = Z pL(Tie, 0i).

ieN,,
We show that the priors 7, = 7, (€, ¢) have the following properties:
() B(mse) = rs(q~V?)Ry(€) for all €, and r;(g~"/?) — 1 as ¢ — oo,
(i) B(mpe) = rp(q"/*)Rp(e) forall e, and r4(g'/?) — 1 as ¢ — oo, and

(iii) If § > 0 and ¢ = ¢(8) are given, and if Rg(¢) > SRy (€), then for € < €(§) sufficiently
small, B(wge) > (1 —8)Rg(€).

Assuming these properties to have been established, we conclude the proof as follows.
Fix § > 0 and then choose ¢(§) large enough so that both r;(¢g™') and r,(g) > 1 — 5. We
obtain

B(mtme) = (1 —8) Ry (e), form € {s, b}. (5.24)
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Now, if Rg(€) > SRy (€), then the previous display holds also for m = g and € suffi-
ciently small, by (iii), and so adding, we get B(;t¢) > (1 — §) Ry (¢) for € sufficiently small.
On the other hand, if Ry (€) < Ry (€), then, again using (5.24),

B(re) = (1= 8)[Rp(€) + Ry(e)] = (1 = 8[RL(€) — Rg(€)] = (1 = &)’ Ry (e).
Either way, we establish (5.16)), and are done.

Proofs for (i) and (ii). These are virtually identical and use the fact that two point and
cosine priors are asymptotically least favorable as 7; /0; — 0 and oo respectively. We tackle
B(7) first. For a scalar problem y; = 6, + 07z, with univariate prior 7 (d8) introduce the
notation B(r, 0q) for the Bayes risk. In particular, consider the two-point priors 7, needed

for the small signal case. By scaling, B(w;,0) = 02B(7¢/s, 1), and the explicit formula
(2.24) for B(m,o, 1) shows that when written in the form

B(T[DO—) = PL(f’ O')g(l'/O'), (525)

we must have g(¢) — 1 ast — 0. Now, using this and (5.22)) along with the additivity of
Bayes risks,

B(rige) = ) B(y,00) = Y 8(1ic/03)pr(tic, 03) = rs(q " /*)Ry(e),  (5.26)
NY NY

if we set rg(u) = info<;<, g(¢). Certainly rs() — 1 as u — 0, and this establishes (i).
For the large signal case (ii), we use the cosine priors 7}, and the Fisher information
bound {#.16)), so that the analog of (5.23) becomes

B(]TTV,O') > pr(t,0)h(t/0),
with h(t) = (t2 + 1)/(t? + I(x}))) — 1 ast — oo. The analog of (5.26), B(7ge) >
r5(q"?) Ry (€) follows with r4(q) = inf;s, h(t) — last — 1.

Proof of (iii): This argument builds upon that given in the special white noise setting in
the previous section. Let 8, = E[0|®,, y] denote the Bayes rule for 7z.. With the obvious
substitutions, the argument leading to (5.17) establishes that

(1= MRy (€) < B(mge) + E[]|0g — 0], ©5]. (5.27)

Now we estimate E[|| ég -0, O¢]. Here and below, we abuse notation slightly by writing
0 for (6; : i € Ng), and similarly for y. We first record two properties of indices in the
Gaussian range N,: fori, j € Ng,

¢ ' <aija; <q, 12 < (1 + q)pr(tie, 07). (5.28)

The first bound uses (5.23), as does the second after noting that t?/pr (t;, 0;) = j1/a;.
We now show an analog of Lemma 5.4}

E{[10; — 617, 05} < c(@)m® (©5)"* R (e). (5.29)
We bound the left side of (5.29) exactly as in (5.20), using now that a; /am, < ¢, and
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obtaining instead the upper bound 4¢2 > N, 92 @C] Using Cauchy-Schwartz as before,
and then the second part of (5.28)), this in turn is bounded by

4\/_q27rG(®C)1/ZZT <c(q)7rG(®c)1/ZZpL(t,e,0,
Ng Ng

which is the desired bound (5.29).

We now show, by modifying the earlier Chebychev inequality argument, that
7 (0%) < 2g(A7" = 1)’ (Ny), (5.30)

where
2 _ 2 2
n (N)—gg%( Ui/ZO'i.
ieN
The bound (5.30) reflects three necessary quantities, and hence shows why the method
works. First ¢ governs the signal to noise ratios 72 /07, while A governs the ‘slack’ in the

expectation ellipsoid. Finally n?(N,) is a surrogate for the number of components 1/N, in
the unequal variance case. (Indeed, if all o7 are equal, this reduces to 1/|Ng|).

. . . . . 2 _
Proof 1In the argument leading to (5.21)), restrict the indices considered to N, define C; =
> ien, 477}, and conclude that

G -1 2,2 2.2
7 (0g) =24, —D°C, max a;t}.

1

From definition (3.6)) of t? and bounds (5.23) defining the Gaussian range N:

2.2
i

alt} = ofa;i(u—a;)y € o] 1’lg(q + )72, 1/4],

and so
2.2 2
max a; T (g + 1)? max o}

a7 - 4 yor
Inserting bound (5.30) we obtain

?(Ng). N

E{[|fg — 012, 0%} < c(q)(AZ" — D)n(Ng) Ry (e). (5.31)

We now use the hypothesis Rg(€) > SRy (€) to obtain a bound for (N, ). Indeed, using
the definition of R, and (5.7), we have

D 67 = Re(€) = 6R(€) =8 o7 (1—ai/ )+

Ng
>(6/2) ) of,

a;i<u/2

and since (5.23)) says that Ny C {i : a; < e},

P (Ne) = maxo? [ 3 of < 2/8) (o).

i€ENg
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Combining this last bound with (5.3T)), we obtain
Elllfe — 617 O] < f(g. 4. 9)n(e) Re (e).
where f(q,A,8) = p(g)(A~! — 1)\/m. We may now rewrite to get

B(mge) = Rg()[1 — A — f(gq. A, 5)n(pe).

Observe that the condition (5.4), here with 07 = €217, along with the assumption (i) that
a; /' oo monotonically implies that e — 0o as € — 0. Our assumption (ii) then implies
that n(e) — 0. Set A = §/2 and note that for € < €(8, ¢(8)), we have f(q(8),A,8)n(e) <
8/2. This completes the proof of (iii).

Remark. The exponential bound (2.59) shows the concentration of measure more acutely. It is applied
here to z; = 6;/0;, with o; = (1 — )t)al.zrl.z and t = AC; < ||le|l1 so long as A < % If we set L equal
to the right side of bound (5.30), then we get nG(G)g) < exp{—1/(4L)}. The latter is less than L when

L < 0.1, so is certainly much stronger, but the Chebychev bound is enough for our purposes.

5.5 Interlude: Compactness and Consistency

This section, a digression, is included for variety, and because of the different methods
used. We have seen from Pinsker’s theorem that if an ellipsoid ®(a) is compact, then
Ry(®(a),e) — 0 as € — 0. In fact, for quite general sets ®, compactness is both nec-
essary and sufficient for the existence of a uniformly consistent estimator, so long as we use
the £, norm to define both the error measure and the topology on ®.

Theorem 5.5 [n the homoscedastic Gaussian sequence model (3.1), assume that © is
bounded in £5(I). Then as € — 0, Ry (®,€) — 0 if and only if © is compact.

Of course, if Ry (0, €) does not converge to 0, then there exists ¢ > 0 such that every
estimator has maximum risk at least ¢ regardless of how small the noise level might be.
This again illustrates why it is necessary to introduce constraints on the parameter space in
order to obtain meaningful results in nonparametric theory. In particular, there can be no
uniformly consistent estimator on {6 € £,(N) : ||8]2 < 1}, or indeed on any open set in the
norm topology.

Because there are no longer any geometric assumptions on @, the tools used for the proof
change: indeed methods from testing, classification and from information theory now appear.
While the result involves only consistency and so is not at all quantitative, it nevertheless
gives a hint of the role that covering numbers and metric entropy play in a much more refined
theory (Birgé, 1983)) that describes how the “massiveness” of ® determines the possible rates
of convergence of Ry (®).

A lower bound for misclassification error

Any method that chooses between a finite number m of alternative distributions necessarily
has an error probability bounded below in terms of log m and the mutual separation of those
distributions.
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In detail, let {0;,...,0,} be a finite set, and Py, ,..., Py, be a corresponding set of
probability distributions on (), By). For convenience, assume that the Py, are mutually
absolutely continuous, and so have positive densities p; with respect to some dominating
measure v. Then, the Kullback-Leibler divergence between two probability measures P and
0 having densities p, ¢ relative to v is

dP
K(P,Q) = /log— dP = /1og£ pdv. (5.32)
dQ q
The following lower bound is a formulation by Birgé (1983, Lemma 2.7) of a lemma due
to|Ibragimov and Has minskii| (1981}, pages 324-5).

Lemma 5.6 With the above definitions, let:Y — {61, ...,0m} be an arbitrary estimator.
Then
ave; ;j K(Py,, Py,) + log2

i Pod0 # 6} > 1
ave; Po. {0 #£ 6;} > log(m — 1)

(5.33)

Remark. Both averages in inequality (5.33) can of course be replaced by maxima over i
and (i, j) respectively.

Proof We first recall Fano’s lemma from information theory (e.g. (Cover and Thomas
(1991}, page 39)). Let 6 be a random variable with distribution P(8 = 6;) = ¢;. The
conditional entropy of 6 given Y is defined by

H@O|Y)=—EY P =06]Y)log P(6 = 6]Y),

where the expectation is taken over the ¥ marginal of the joint distribution of (6, Y). Let
h(q) = —qlogq — (1 —¢q)log(1 — gq) be the binary entropy function. Write p, = P(é % 0)
for the overall error probability when using estimator f. Fano’s lemma provides a lower
bound for p,:

h(pe) + pelog(m —1) = H(O|Y).
To apply this, we choose the uniform distribution for 6: g; = 1/m for all i. Hence the
marginal density of Y is just % > & Pk and the posterior probabilities P(6 = 6;|Y) =
pi/ >_; pj- Consequently,

1 pi Pi
H(|Y) :——/ Y = log > pic dv
mJ & Xpi TXpi g

J

1 Pi
=logm — — /p~10g— dv.
’"Xi: VY

Now apply Jensen’s inequality: log(% > pj) = L3 log p,;. Combine this with Fano’s

m
lemma and the bound A (p.) < log?2 to get
1 )
Ppelog(m — 1) > logm — e ZZ/[), logl% dv —log?2.
i

Divide through by log(m — 1) and insert definition (5.32)) to yield the result. O
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Necessity of compactness

For both parts of the proof, we use an equivalent formulation of compactness, valid in com-
plete metric spaces, in terms of total boundedness: ® is totally bounded if and only if for
every §, there is a finite set {0;, . .., 6,,} such that the open balls B(8;, §) of radius § centered
at 0; cover © : so that ©® C UL, B(6;,8). Also, since ® is bounded, it has a finite diameter
A = supi]|0) — 61| : 61,6, € OF.

Let § > 0 be given. Since Ry (®, €) — 0, there exists a noise level € and an estimator 55
such that

Egllfs —0]> <8%/2  foralld € ©. (5.34)

Let O3 be a finite and 26—discernible subset of ®: each distinct pair 6;, 6; in 5 satisfies

|6; — 6| > 25. From 65(y) we build an estimator s (y) with values confined to ®; by

choosing a closest 6; € O to 65 (y) : of course, whenever 65 # 0;, it must follow that
|65 — 6;|| > . Consequently, from Markov’s inequality and (5.34)), we have for all i

P, {05 # 6} < Pg,{||6s — 6;]| = 8} < 82E |05 — 6;]> < 1/2. (5.35)

On the other hand, the misclassification inequality (5.33)) provides a lower bound to the error
probability: for the noise level € Gaussian sequence model, one easily evaluates

K(Py,, Py,) = ||6; — 0,]1>/2€* < A*/2€2,
where A is the diameter of ®, and so
A%/2€? + log2
log(|®s] —1) -
Combining this with (5.35) gives a uniform upper bound for the cardinality of ®s:

max Py, {05 # 6;} > 1

log(|®s| — 1) < A% + 2log?2.

We may therefore speak of a 28—discer£ible subset @5 C ® of maximal cardinality, and
for such a set, it is easily checked that © is covered by closed balls of radius 45 centered
at the points of ®;. Since § was arbitrary, this establishes that © is totally bounded, and so
compact.

Sufficiency of Compactness

Given § > 0, we will construct an estimator 6, such that Ejg ||ée —0|* <2062 on O for all
sufficiently small €. Indeed, compactness of ® supplies a finite set O5 = {61,..., 6y} such
that ® C U, B(6;, ), and we will take 6, to be the maximum likelihood estimate on the
sieve ®s. Thus we introduce the (normalized) log-likelihood

L(0) = €*logdPgc/dPyc = (y,0) — 1110], (5.36)
and the maximum likelihood estimate

b = arg maxy, cg, L(6).
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Since ©® has diameter A, we have for any 6 € © the simple MSE bound

Egllfe — 017 < (482 + A2 > Poife = 6}, (5.37)
i:|6;—6(=46

We now show that the terms in the second sum are small when € is small. Let 6 € ® be
@xed, and choose a point in ®4, renumbered to 6 if necessary, so that 6 € B(6, §). To have
0 = 0; certainly implies that L(6;) > L(6;), and from (5.36))

L(6;) = L(61) = (y — 5(6: + 61), 6; — 61).

Substituting y = 6 + €z, putting u = (6; — 6,)/]|6; — 01|, and defining the standard
Gaussian variate Z = (z,u), we find that L(6;) > L(6,) implies

€Z = (5(6; + 61) — 0.u) = 5116; =61 = § = 5,

where in the second inequality we used [(61 — 6, u)| < [[61 — 0| < . Thus Pg{éE =6;} <
®(§/€), and so from (5.37)

Eol|0c — 0| < (48)* + mA2d(S/€) < 2082,

whenever ¢ is sufficiently small.

5.6 Notes and Exercises

Pinsker’s paper inspired a considerable literature. Here we mention only two recent works which contain,
among other developments, different proofs of the original result: Belitser and Levit| (1995) and [Tsybakov
(1997), and the examples given in Sections[5.2}-5.2]

As noted in the proof of Theorem[#.22] identity is itself a minimax theorem, indeed Pinsker gave a
direct proof.

The consistency characterization, Theorem[5.3] is a special case of a result announced by [Ibragimov and
Has’minskii| (1977), and extended in [Ibragimov and Khasminskii| (1997).

Exercises

5.1  Consider a more general ellipsoid ® = {# : 6T 40 < C} for a positive definite matrix A.
Suppose ¥ ~ N(6,X) and that A and ¥ commute: AX = X A. Show that there is a linear
transformation of Y for which the Pinsker theorems hold.

[The situation appears to be less simple if A and ¥ do not commute — references?]

5.2 (Non asymptotic bound for efficiency of smoothing splines.) This exercise pursues the obser-
vations of |Carter et al|(1992) that the efficiency of smoothing splines is even better for “non-
asymptotic” values of €.

(i) Revisit the proof of Proposition [3.9]and show that for & = m and the trigonometric basis

F(r:€) < vae2A~ V@0 4 (C2/a)) + €2,
(i) Revisit the evaluation of Ry (®, €) prior to (8.10) and show that

(o4 1/a

RL(©,¢) > ——¢? .
L. = —eul
(iii) Let A be the set of values (&, §) for which

1
83 (k)% [1— (8k)]+ 5/ V(1 — v*)dv.

k>0 0
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[It is conjectured that this holds for most or all @ > 0, > 0]. Show that

i (@+ D + 1) €2\ @D
peZjle=|—"—"—— :

o €2

so long as (a,ﬁe_l/a) € A.
(iv) Conclude that in these circumstances,

RSS(®§€) 2(1-r)
< + C
Rl (@;6) = Ca Ca(é/ )

for all € > 0. [Here e, is the constant in the limiting efficiency (3.13).]
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Adaptive Minimaxity over Ellipsoids

However beautiful the strategy, you should occasionally look at the results. (Winston
Churchill)

An estimator that is exactly minimax for a given parameter set ® will depend, often quite
strongly, on the details of that parameter set. While this is informative about the effect of
assumptions on estimators, it is impractical for the majority of applications in which no
single parameter set comes as part of the problem description.

In this chapter, we shift perspective in order to study the properties of estimators that can
be defined without recourse to a fixed ®. Fortunately, it turns out that certain such estimators
can come close to being minimax over a whole class of parameter sets. We exchange exact
optimality for a single problem for approximate optimality over a range of circumstances.
The resulting ‘robustness’ is usually well worth the loss of specific optimality.

The example developed in this chapter is the use of the James-Stein estimator on blocks
of coefficients to approximately mimick the behavior of linear minimax rules for particular
ellipsoids.

The problem is stated in more detail for ellipsoids in Section [6.1] The class of linear
estimators that are constant on blocks is studied in Section[6.2} while the blockwise James-
Stein estimator appears in Section The adaptive minimaxity of blockwise James-Stein
is established; the proof boils down to the ability of the James-Stein estimator to mimick the
ideal linear shrinkage rule appropriate to each block, as already seen in Section [2.6]

While the blockwise shrinkage approach may seem rather tied to the details of the se-
quence model, in fact it accomplishes its task in a rather similar way to kernel smoothers
or smoothing splines in other problems. This is set out both by heuristic argument and in a
couple of concrete examples in Section [6.4]

Looking at the results of our blockwise strategy (and other linear methods) on one of
those examples sets the stage for the focus on non-linear estimators in following chapters:
linear smoothing methods, with their constant smoothing bandwidth, are ill-equipped to deal
with data with sharp transitions, such as step functions. It will be seen later that the adaptive
minimax point of view still offers useful insight, but now for a different class of estimators
(wavelet thresholding) and wider classes of parameter spaces.

Section is again an interlude, containing some remarks on “fixed 6” versus worst
case asymptotics and on superefficiency. Informally speaking, superefficiency refers to the
possibility of exceptionally good estimation performance at isolated parameter points. In
parametric statistics this turns out, fortunately, to be usually a peripheral issue, but examples

139
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given here show that points of superefficiency are endemic in nonparametric estimation.
The dangers of over-reliance on asymptotics based on a single 6 are illustrated in an example
where nominally optimal bandwidths are found to be very sensitive to aspects of the function
that are difficult to estimate at any moderate sample size.

6.1 The problem of adaptive estimation

We again suppose that we are in the white noise Gaussian sequence model y; = 6; +¢€z;, and
consider the family of ellipsoids corresponding to smoothness constraints [ (D¢ f )2 < L?
on periodic functions in L,[0, 1] when represented in the Fourier basis (3.7):

O*(C)=1{0 € ly:0p+> (203, +6;)<C* a.C>0. (6.1)

I>1

As we have seen in the previous chapter, Pinsker’s theorem delivers a linear estimator
é(a, C, ¢), given by (5.3, which is minimax linear for all € > 0, and asymptotically mini-
max among all estimators as € — 0.

As a practical matter, the constants (¢, C) are generally unknown, and even if one be-
lieved a certain value (o, Co) to be appropriate, there is an issue of robustness of MSE
performance of é(ao, Cy, €) to misspecification of («, C). One possible way around this
problem is to construct an estimator family é: , whose definition does not depend on (¢, C),
such that if 0 is in fact restricted to some ®%(C), then 91* has MSE appropriate to that space:

sup r(0.60) < cc(O)Ry(O%(C).e)  ase — 0. 6.2)
0€6%(C)
where ¢ (0) is a bounded sequence. Write 7, for the collection of all ellipsoids {®%(C) :
a,C > 0}. One then calls 0, rate-adaptive: it “learns” the right rate of convergence for all
O €.

If 6 has the stronger property that c(®) — 1 for each ® € T, as € — 0, then it is called
adaptively asymptotically minimax: it gets the constant right as well! An adaptive minimax
estimator sequence for Sobolev ellipsoids 7, was constructed by [Efroimovich and Pinsker
(1984), and this chapter presents their blockwise estimator approach, lightly modified with
use of the James-Stein method. We will see that good non-asymptotic bounds are also pos-
sible, and that the dyadic-blocks James-Stein estimator is a plausible estimator for practical
use in appropriate settings.

6.2 Blockwise Estimators

Consider the Gaussian sequence model, at first with abstract countable index set Z : y; =
0; + €z;. Suppose that Z is partitioned into an ordered sequence of blocks B; of finite
cardinality n ;. We write y; for the vector of coefficients {y;,/ € Bj;}, and similarly for
0;,z; etc.

In this chapter, we will mostly focus on the case that Z = N, and suppose that the blocks
are defined by an increasing sequence /; :

B ={;+11;+2,....041}, nj =1l —1;. (6.3)
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Particular examples might include /; = j# for some B > 0,0r[; = [eV7]. However, we
will devote particular attention to the case of dyadic blocks. in which [; = 27, so that the
jth block has cardinality n; = 2/.

In this case, we consider a variant of the ellipsoids (6.1)) that is defined using weights that
are constant on the dyadic blocks: @; = 2/% if | € B;. The corresponding dyadic Sobolev
ellipsoids

O(C) =1{0: 07+ 2% 62 <C?}. (6.4)
j>0 IeB;
Let Tp,» denote the class of such dyadic ellipsoids {®%,(C),«, C > 0}.

The two approaches are norm-equivalent: write ||9||§;,a for the squared norm appearing

in (6.1) and |6 ||%), o, for that appearing in (6.4). It is easily seen that for all 6 € £,:

16lp.e < 101 F.e = 2%(16]| D (6.5)

Remark. For wavelet bases, weights that are constant on dyadic blocks are the natural way to rep-
resent mean-square smoothness—see Section In this case, the index I = (j, k), with j > 0 and
k e {1,...,27}. The success of octave based thinking in harmonic analysis and wavelet methodology
gives a distinguished status to the use of dyadic blocks vis-a-vis other choices, and we will focus most

attention on this version. Note also that there are no parameters left unspecified, save the noise level €, here

assumed known.

Block diagonal linear estimators. This term refers to the subclass of diagonal linear
estimators in which the shrinkage factor is constant within blocks: for all blocks j :

Ojc;(¥) =¢jy; cj €R.
The mean squared error on the jth block has a simple form
r(@e,.0)) = njec + (1= 16511
The corresponding minimax risk among block linear estimators is then
Rp1(©.€) = infsup ) " re(Bc,.6)).
/) © 7
The minimax theorem for diagonal linear estimators, Theorem4.22] and its proof have an

immediate analog in the block case.

Proposition 6.1 If © is compact, solid-orthosymmetric and quadratically convex, then
Rpr(®,¢) = sup(inf)Zre(éj,cj,Gj). (6.6)
o ()=
J
Proof As in the proof of Theorem we apply the Kneser-Kuhn minimax theorem, this

time with payoff function, for ¢ = (c;) and s = (s;) = (67), given by

f(c,s)zanezc?—i—(l—cj)zZsi. O
J

i€B;
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To simplify (6.6), we adopt the ideal linear shrinkage interpretation from Section [2.6] In-
deed the sum in (6.6)) is minimized term by term, by the blockwise ideal shrinkage estimators
given by (2.51) and with corresponding ideal MSE’s given by (2.52). Thus

_nie]0;112

6.7
nje + 6% ©.7)

Rpr(®,¢) = suere(HI ,0;) =su pZ

Block Linear versus Linear. Clearly R;(®,¢) < Rpr(®,€). In two cases, more can be
said:

(1) Call ® block symmetric if ® is invariant to permutations of the indices / within blocks.
A variant of the argument in Section employing random block-preserving permutations
(instead of random signs) shows that if ® is solid, ortho- and block- symmetric, then

R (®,¢) = Rpr(0,¢) for all € > 0. (6.8)

The dyadic Sobolev ellipsoids ®% (C) are block symmetrlc and so are an example for (6.8).
(ii) For general ellipsoids @(a C) as in , and a block scheme , measure the
oscillation of the weights a; within blocks by

a
osc(B;) = max -,
I,I’eB; ay

It follows, Exercise from the linear minimax risk formula (5.3) that if ax — oo and
osc(Bj) — 1, then

R (®,¢) ~ Rpr(0®,¢) as € — 0. (6.9)
In the Fourier ellipsoid case, applies to all ®(a, C) if one uses blocks B; defined by
either [; = (j + 1) for B > O orlj = ef—melthercaseosc(B ) = (lj+1/l )¢ — 1.

The block sizes are necessarily subgeometric in growth: for dyadic blocks, /; = 2/, the
condition fails: osc (B;) — 2¢.

6.3 Blockwise James Stein Estimation

We construct an estimator which on each block B; applies the positive part James-Stein

estimator (2.46):

7S _ (n; —2)¢? _
0700 = (1= F ) (6.10)

A key benefit of the James-Stein estimate is the good bounds for its MSE: the consequences
(2.49) and (2.52) of Proposition [2.6]show that when n; > 3,

re(975.0;) < 262 + (815, 6)). (6.11)
where we recall that the ideal risk
n;e’l|6;|?

T é!S,Q- = )
Ry A
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The full blockwise estimator, 8875, is then defined by

) Vj J<L
0775 =101S(yy) L=<j<e. (6.12)
0 j=Je

For the ‘earliest’ blocks, specified by L, no shrinkage is performed. This may be sensible
because the blocks are of small size (n; < 2), or are known to contain very strong signal,
as is often the case if the blocks represent the lowest frequency components.

No blocks are estimated after J.. Usually J. is chosen so that [, = ;. = €2, which
equals the sample size n in the usual calibration. This restriction corresponds to not attempt-
ing to estimate, even by shrinkage, more coefficients than there is data.

It is now straightforward to combine earlier results to obtain risk bounds for 6B7S that
will also show in many cases that it is asymptotically minimax.

Theorem 6.2 In the homoscedastic white noise model, let éBJ S denote the block James-
Stein estimator (6.12). R

(i) On dyadic blocks, for each ® = 0% (C) with « and C > 0, the estimator 6875 is
adaptive minimax as € — 0,

sup re (0875 0) ~ Ry (®,e). (6.13)
0e®
(ii) For more general choices of blocks, assume that osc(Bj) — 1 as j — oo and that the
block index J in (6.12) satisfies Je = o(e™™) for all n > 0. Then adaptive minimaxity (6.13))
holds also for each ® = @“(C) witha, C > 0.

We see that, unlike the Pinsker linear minimax rule, which depended on €, C and the
details of the ellipsoid weight sequence (here o), the block James-Stein estimator has no
adjustable parameters (other than the integer limits L and J,), and yet it can achieve asymp-
totically the exact minimax rate and constant for a range of values of C and «.

Proof We decompose the mean squared error by blocks,

re(0%75.6) = ) " r(67°.6)
J

and employ the structure of BIS given in (6.12). On low frequency blocks, j < L, the
estimator is unbiased and contributes only variance terms 7 je* to MSE. On high frequency
blocks, j > Je, only a bias term ||6;||? is contributed. On the main frequency blocks, L <
J < Je, we use the key bound (6.1T). Assembling the terms, we find

J—1
re(@B75.0) < (1L + 20 —2L)e + > re(015.0,) + > 07 (6.14)
j=L I>1

In view of (6.7), the first right-side sum is bounded above by the block linear mini-
max rule. Turning to the second sum, for any ellipsoid ®(a, C') with a; /" oo, define the
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(squared) maximal tail bias

Ac(©) = sup { 07> ajbp < CZ$ = C%a; 2. (6.15)

1>1.

We therefore conclude that

supre(9875,0) < (I + 2J)€® + Rpr(©,€) + A(O). (6.16)
®

Under either assumption (i) or (ii), we have as € — 0 that
Rpr(©,€) ~ RL(O,€) ~ Ry(0,¢),

where the first relation follows from or (6.9) respectively, and the second relation fol-
lows from Pinsker’s theorem.

Since the left side of is, by definition, larger than Ry (®, €), we will be done if we
show that the first and third right side terms in (6.16]) are of smaller order than Ry (®, €) <
€2 (with, as usual, r = 2a/(2a + 1)).

For the first term, note that [y is fixed, and that J.e? = o(e?>~") for each n > 0 by
assumption (ii), which is also satisfied by J. = log, ¢e2 in the dyadic blocks case (i).
Clearly we can choose 7 small enough that €2~7 = O(€?").

For the third term, since a; < [% and 2o > r,

Ae(@)) E CZI:Za = C2(62)2o{ << €2r‘ D

For traditional Sobolev ellipsoids, dyadic blocks are too large, since with a; ~ [¢,
osc (B;) — 2%, and so one has only rate adaptivity: Rp1(0,€) < 22*Ry (0, €)(1 + o(1)).
However part (ii) of the previous theorem shows that exact adaptation can be achieved with
smaller block sizes, for which osc B; — 1. Thus [; = eVi works, for example. However,
the sequence /; = (j + 1)# is less satisfactory, since /;, = €2 implies that J, = e~2/#
and so €2J, is not 0(€2") in the smoother cases, when 2« + 1 > S.

In fact, this last problem arises from the bound 2¢2 in (6:17), and could be reduced by using a modified
estimator éj =(1- y62/||yj ||2)yj with y € (n; —2,2n]. This reduces the error at zero to essentially a
large deviation probability (see e.g.|Brown et al.{(1997), who use %n ;7). However, in overall practical and
MSE performance, the choice n ; —2 has been preferred, and we have chosen to establish theoretical results
for an estimator closer to that which one might use in practice.

Theorem [6.2]is an apparently more precise result than was established in[4.21] for Holder
classes, where full attention was not given to the constants. In fact the preceding argument
goes through, since ®% (C) defined in satisfies all the required conditions, including
block symmetry.

Remark. The original Efroimovich and Pinsker| (1984])) estimator set

A Aini€? )
6; = (1 — ”’ = ) Vs j<Je (6.17)
yil? )+
with A; = 1+ ¢; for t; > 0. To prove adaptive minimaxity over a broad class of ellip-

soids (5.2)), they required in part that nj;/n; — 1 and t; — 0, but slowly enough that
> 1/ (t;’n j) < oo. The Block James-Stein estimator (6.10) makes the particular choice
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Aj = (nj—2)/n; < 1 and has the advantage that the oracle bound deals simply with
the events { 6 ;i = 0} in risk calculations.

We will see later that the prescription has also been used for block thresholding of
wavelet coefficients, but now using larger values of A ;, for example 4.505 in Cail (1999).

6.4 Comparing adaptive linear estimators

We now give some examples to make two points: first, that many linear smoothing meth-
ods, with their tuning parameter chosen from the data, behave substantially similarly, and
second, that the Block James Stein shrinkage approach leads to one such example, whether
conducted in blocks of Fourier frequencies or in a wavelet domain.

Consider the continuous Gaussian white noise model (I.18)) or equivalently its sequence
space counterpart (3.1)) in the Fourier basis. Many standard linear estimators can be repre-
sented in this basis in the form

br = k(hk)yk. (6.18)

As examples, we cite

1. Weighted Fourier series. The function x decreases with increasing frequency, corre-
sponding to a downweighting of signals at higher frequencies. The parameter 4 controls the
actual location of the “cutoff” frequency band.

2. Kernel estimators. We saw in Section [3.3] that in the time domain, the estimator has
the form é(l‘) = [h™'K(h™'(t — 5))dY(s), for a suitable kernel function K(-), typically
symmetric about zero. The parameter / is the bandwidth of the kernel. The representation
(6.18) follows after taking Fourier coefficients. Compare Lemma([3.5]and the examples given
there.

3. Smoothing splines. We saw in Sectionthat the estimator ék minimizes

D k=) + AT Y KO

where the penalty term viewed in the time domain takes the form of a derivative penalty
(D" f)* for some integer r. In this case, ék again has the representation (6.18) with
k(Ak) = [1 + (Ak)?" L

In addition, many methods of choosing /# or A from the data y have been shown to be
asymptotically equivalent to first order (see e.g. |[Hérdle et al.[ (1988)) - these include cross
validation, Generalized cross validation, Rice’s method based on unbiased estimates of risk,
final prediction error, Akaike information criterion. In this section we use a method based
on an unbiased estimate of risk.

The point of the adaptivity result Theorem however is that appropriate forms of the
block James-Stein estimator should perform approximately as well as the best linear (or non-
linear) estimators, whether constructed by Fourier weights, kernels or splines, and without
the need for an explicit choice of smoothing parameter from the data.

We will see this in examples below, but first we give an heuristic explanation of the close
connection of these linear shrinkage families with the block James-Stein estimator (6.10).
Consider a Taylor expansion of x(s) about s = 0. If the time domain kernel K(¢) corre-
sponding to « is even about 0, then the odd order terms vanish and «(s) = 1 + k552/2 +
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Kk45*/41+. .., so that for & small and a positive even integer g we have k (hk) = 1—b,h?k4,
compare (3.25).

Now consider grouping the indices k into blocks B; - for example, dyadic blocks B; =
{k 127 <k <2771}, Then the weights corresponding to two indices k, k in the same block
are essentially equivalent: k2" /k2" € [272",22"] so that we may approximately write

O = (1—¢;)yx. k € B;. (6.19)

Here c¢; depends on /4, but this is not shown explicitly, since we are about to determine c;
from the data y anyway.

For example, we might estimate ¢; using an unbiased risk criterion, as described in Sec-
tions[2.5/and 2.6} Putting C = (1 — ¢;) I, in the Mallows’s C_, criterion (2.39) yields

Ue, (y) = nje* —2n;e%c; + c3ly;|>. (6.20)

[As noted below (2.42)), this formula also follows from Stein’s unbiased risk estimator ap-
plied to 6, (y) = y; — ¢;;]. The value of ¢; that minimizes isé; =nje?/|y;l?,
which differs from the James-Stein estimate (6.10) only in the use of n; rather thann; — 2.

Thus, many standard linear methods are closely related to the diagonal linear shrinkage
estimator (6.19). In the figures below, we compare four methods:

1. LPJS: apply the James-Stein estimate (6.12) on each dyadic block in the Fourier fre-
quency domain: gLPIS (y) = (é ]].“P 7S(y;)). Dyadic blocking in the frequency domain is
a key feature of Littlewood-Paley theory in harmonic analysis, hence the letters LP.

2. WaveJS: apply the James-Stein estimate on each dyadic block in a wavelet coeffi-
cient domain: the blocks y; = (yx,k = 1,...,27).

3. AutoSpline: Apply a smoothing spline for the usual energy penalty [ (f”)? using a regu-
larization parameter A chosen by minimizing an unbiased estimator of risk.

4. AutoTrunc: In the Fourier frequency domain, use a cutoff function: K (hl) = I{l < [h~!]}
and choose the location of the cutoff by an unbiased risk estimator.

Implementation details. Let the original time domain databe Y = (Y(I),/ = 1,...,N) for N = 27.
The discrete Fourier transform (DFT), e.g. as implemented in MATLAB, sets

N
y) =Y ¥ E=DODIN oy = N 6.21)
I=1

If the input Y is real, the output y € C must have only N (real) free parameters. Indeed y (1) = Z{V Y()
and y(N/2+1) = Z{V (—1)IY(Z) are real, and forr = 1,..., N/2 — 1, we have conjugate symmetry

y(N/24+1+r)=y(N2+1—r). (6.22)

Thus, to build an estimator, one can specify how to modify y(1),...,y(N/2 + 1) and then impose the
constraints (6.22)) before transforming back to the time domain by the inverse DFT.
1. (LPJS). Form dyadic blocks

yj = {Re(y(1),Im(y(v)) : 277" < v <2/}

for j =2,...,J — 1. Note that n; = #(y;) = 27, Apply the James Stein estimator to each y;,
while leaving y(v) unchanged for v = 0,1, 2. Thus L = 2, and we take €2 = (N/2)o2, in view of (6.39).

3. (Autospline). We build on the discussion of periodic splines in Section [3.4] There is an obvious
relabeling of indices so that in the notation of this section, v = 1 corresponds to the constant term, and
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each v > 1 to a pair of indices 2(v — 1) — 1 and 2(v — 1). Hence, linear shrinkage takes the form éA(v) =
cy(A)y(v) with
ew(@) =1+ -1

Note that ¢, (1) is real and is the same for the “cosine” and “sine” terms. We observe that ¢ (1) = 1 and
decree, for simplicity, that cy/o41(4) = 0. Then, on setting d, = 1 — ¢, and applying Mallow’s Cp,
formula (2.39), we get an unbiased risk criterion to be minimized over A:

N/2

UQ) =n+ Y dy(M)2yw)* —4dv(d),
v=2

4. (AutoTruncate). The estimator that cuts off at frequency vy is, in the frequency domain,

5 y(v) v=vo
9\,0(1)) - 0 Vv > vg.

Using Mallows Cp, noting that each frequency v corresponds to two real degrees of freedom, and neglecting
terms that do not change with vg, we find that the unbiased risk criterion has the form

N/2
Uy (3) < 40+ Y [yw)[%, vo €{1,....N/2}.
vo+1
2. (WavelS). Now we use a discrete wavelet transform instead of the DFT. Anticipating the discussion
in the next chapter, Y is transformed into wavelet coefficients (y ks j=L,....J—1Lk=1,...,2/)and
scaling coefficients (Y .k = 1,..., 2Ly Weuse L = 2,J = Je and the Symmlet 8 wavelet, and apply
Block James Stein to the blocks y; = (y;x : kK = 1,...,27), while leaving the scaling coefficients jz,
unchanged.

These are applied to two examples: (a) the minimum temperature data introduced in Sec-
tion [L.T} and (b) a ‘blocky’ step function with simulated i.i.d. Gaussian noise added. The
temperature data has correlated noise, so our theoretical assumptions don’t hold exactly. In-
deed, one cas see the different noise levels in each wavelet band (cf Chapter [7.3). We used
an upper bound of 6 = 5 in all cases. Also, the underlying function is not periodic over this
range and forcing the estimator to be so leads to somewhat different fits than in Figure
the difference is not central to the discussion in this section.

The qualitative similarity of the four smoothed temperature fits is striking: whether an
unbiased risk minimizing smoothing parameter is used with splines or Fourier weights, or
whether block James-Stein shrinkage is used in the Fourier or wavelet domains. The sim-
ilarity of the linear smoother and block James-Stein fits was at least partly explained near
(6.19).

The similarity of the Fourier and wavelet James-Stein reconstructions may be explained
as follows. The estimator is invariant with respect to orthogonal changes of basis for
the vector y; = (yx : k € Bj). To the extent that the frequency content of the wavelets
spanning the wavelet multiresolution space W; is concentrated on a single frequency octave
(only true approximately), it represents an orthogonal change of basis from the sinusoids
belonging to that octave. The James-Stein estimator (6.10) is invariant to such orthogonal
basis changes.

The (near) linear methods that agree on the temperature data also give similar, but now
unsatisfactory, results on the ‘Blocky’ example. Note that none of the methods are effective
at simultaneously removing high frequency noise and maintaining the sharpness of jumps
and peaks.
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It will be the task of the next few chapters to explain why the methods fail, and how
wavelet thresholding can succeed. For now, we just remark that the blocky function, which
evidently fails to be differentiable, does not belong to any of the ellipsoidal smoothing
classes ®5(C) for « > 1/2 (based on the expectation that the Fourier coefficients decay
at rate O(1/k)). Hence the theorems of this and the previous chapter do not apply to this
example.

Canberra Temps LPJS, WaveldS

20

20

15}

-5 -5
-10 . . . . -10 . . . .
0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
AutoSpline AutoTruncate
20 T T 20 T T
151 1 15¢

-5} 1 -5}

-10 . . . . -10 . . . .
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1

Figure 6.1 Top left: Canberra temperature data from Figure[1.1] Top right: block
James-Stein estimates in the Fourier (solid) and wavelet (dashed) domains. Bottom panels:
linear spline and truncation smoothers with bandwidth parameter chosen by minimizing an
unbiased risk criterion.

6.5 Interlude: Superefficiency

This section looks at one of the motivations that underlies the use of worst-case and minimax
analyses: a desire for a robust alternative to “fixed 6” asymptotics. In fixed 6 asymptotics,
the unknown function 6 is kept fixed, and the risk behavior of an estimator sequence 6, is
analysed as € — 0. Asymptotic approximations might then be used to optimize parameters
of the estimator — such as bandwidths or regularization parameters — or to assert optimality
properties.
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Figure 6.2 Top panels: A “blocky” step function with i.i.d Gaussian noise added, N =
2048. Bottom panels: selected reconstructions by block James-Stein and by smoothing spline
(with data determined A fail to remove all noise.

This mode of analysis has been effective in large sample analysis of finite dimensional
models. Problems such as superefficiency are not serious enough to affect the practical im-
plications widely drawn from Fisher’s asymptotic theory of maximum likelihood.

In nonparametric problems with infinite dimensional parameter spaces, however, fixed
0 asymptotics is more fragile. Used with care, it yields useful information. However, if
optimization is pushed too far, it can suggest conclusions valid only for implausibly large
sample sizes, and misleading for actual practice. In nonparametrics, superefficiency is more
pervasive: even practical estimators can exhibit superefficiency at every parameter point, and
poor behaviour in a neighbourhood of any fixed parameter point is a necessary property of
every estimator sequence.

After reviewing Hodges’ classical example of parametric superefficiency, we illustrate
these points, along with concluding remarks about worst-case and minimax analysis.
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Parametric Estimation: the Hodges example.

Suppose that y ~ N(0,€?) is a single scalar observation with € small. A rather special
case of Fisherian parametric asymptotics asserts that if 6, is an asymptotically normal and

unbiased estimator sequence, e‘l(ée —0) Enwn (0,v(6)) when 6 is true, then necessarily
v(0) > 1. A consequence for mean squared error would then be that

lim inf € 2Eg(6c — 0)® = liminfre(9,0)/Rn(©,€) > 1.

[For this subsection, ® = R.] Hodges’ counterexample modifies the MLE 6 (y) =yina
shrinking neighborhood of a single point:

0 |yl < e

y otherwise.

a@>={

Since /e = ﬁ - € is many standard deviations in size, it is clear that if 6§ = O, this
estimator has MSE equal to 2€2 [, y2¢(y)dy << €2. On the other hand, if § # 0 and €

is small, and noting the rapid decay of the tails of the Gaussian distribution, then the interval
[—+/€, +/€] is essentially irrelevant to estimation of 6, and so

0 if6 =0,

€ 2Eg(f — 0)> — .
1 otherwise,

in clear violation of the Fisherian program. A fuller introduction to this and related super-
efficiency issues appears in |[Lehmann and Casella (1998| Section 6.2), Here we note two
phenomena which are also characteristic of more general parametric settings:

(i) points of superefficiency are rare: in Hodges’ example, only at & = 0. More generally,
for almost all 0,

liminf —o¢ %) S . (6.23)

(i1) Superefficiency entails poor performance at nearby points. For Hodges’ example, con-
sider . = 4/€/2. Since the threshold zone extends 1/(2+/€) standard deviations to the
right of 6., it is clear that ée makes a squared error of (4/€/2)? with high probability, so
€727 (Be, J€/2) = €72(:/€/2)? — co. Consequently

r (0., 0)
sup ———— —> 00
ol<ve Rn(©.€)

LeCam, Huber and Hajek showed that more generally, superefficiency at 8y forces poor
properties in a neighborhood of 6. Since broadly efficient estimators such as maximum like-
lihood are typically available with good risk properties, superefficiency has less relevance in
parametric settings.

(6.24)

Remark. Hodges’ estimator is an example of hard thresholding, to be discussed in some
detail for wavelet shrinkage in non-parametric estimation. It is curious that the points of
superefficiency that are unimportant for the one-dimensional theory become essential for
sparse estimation of high dimensional signals.
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Nonparametrics: Superefficiency everywhere

We return to the nonparametric setting, always in the Gaussian sequence model. Previous
sections argued that the dyadic blocks James-Stein estimate (cf. (6.12) and Theorem [6.2](i)
is a theoretically and practically promising method. Nevertheless, every fixed 6 is a point of
superefficiency in the sense of (6.23)):

Proposition 6.3 (Brown et al.|[1997) Let ® = @*(C) be a Sobolev ellipsoid (6.1)). Then
for every 8 € ®,

re(0275,0)
RN (@, 6)

Thus, if ® corresponds to functions with second derivative (m = 2) having L, norm
bounded by 1, say, then for any fixed such function, the blockwise James-Stein estimator
has rate of convergence faster than €3/° <> n=*/>.Brown et al. (1997) also show that con-
vergence cannot, in general, be very much faster — at best of logarithmic order in €' — but
the fixed 6 rate is always slightly different from that of a natural minimax benchmark. Of
course, in parametric problems, the rate of convergence is the same at almost all points.

(6.25)

Proof Fix ® = ©%(C) and recall from (5.10) that Ry (©,¢) = €* as € — 0, with
r = 2a/Qa + 1). A “fixed 6” bound for the risk of 6375 follows from (6.14) : indeed,
since L = 2 and ab/(a + b) < min(a, b), we may write

re(0575.0) <2J. + ) min(n;e? 6,11 + D 67

J [>e2

The proof of Theorem showed that the first and third terms were o(e2"), uniformly over
0 € O. Consider, therefore, the second term, which we write as R;(6, €). For any j, use
the variance component below j. and the bias term thereafter:

Ry(6,€) < 20<e® 4272 3" 2296, ||,
J=Je
To show that R, (0, €) = o(e?"), first fix a § > 0 and then choose j. so that 2/<€? = §e2".

[Of course, j. should be an integer, but there is no harm in ignoring this point.] It follows
that 272%e = §72%¢27 apd so

€ Ri(0.€) <8+ 226> = 8+ o(D).
JZJe
since the tail sum vanishes as € — 0, for § € ®*(C). Since § > 0 is arbitrary, this shows
that R (6, €) = 0(¢?") and establishes (6.25). O

The next result shows that for every consistent estimator sequence, and every parameter
point 6 € {,, there exists a shrinking £, neighborhood of 6 over which the worst case risk
of the estimator sequence is arbitrarily worse than it is at @ itself. Compare (6.24)). In para-
metric settings, such as the Hodges example, this phenomenon occurs only for unattractive,
superefficient estimators, but in nonparametric estimation the property is ubiquitous. Here,
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neighborhood refers to balls in £, norm: B(6y, 1) = {0 : |6 — 6y|l» < n}. Such neighbor-
hoods do not have compact closure in £,, and fixed 6 asymptotics does not give any hint of
the perils that lie arbitrarily close nearby.

Proposition 6.4 Suppose that ée is any estimator sequence such that r (9;, 6o) — 0. Then
there exists ne — 0 such that as € — 0,

re(be. 0

(6.26)
6eB(@ome) Te(Be, 00)

Remark. The result remains true if the neighborhood B(6y, 1¢) is replaced by its intersec-
tion with any dense set: for example, the class of infinitely differentiable functions.

Proof Let yf = 7 (ée, o) : we show that n. = ,/y. will suffice for the argument. The
proof is a simple consequence of the fact that B(1) = {# : |||, < 1} is not compact
(compare Theorem or the example following Theorem [4.22)), so that Ry (B(1),€) >
co > O even as € — 0. All that is necessary is to rescale the estimation problem by defining
6 =n"(0—6). 7 =n_"(y — ), € = 1 '€, and so on. Then 7 = § + &z is an instance
of the original Gaussian sequence model, and B(8y, n¢) corresponds to the unit ball B(1).

Rescaling the estimator also via 0 (7) = 7! (ée (y) — 6o).

Y2 Elbe — 012 = 2y Eellfe(5) — 612,
and so, writing S, for the left side of (6.26), we obtain

Se >y 'Ry (B(1),€) > coy. ! — o0 O

Ultra-asymptotic bandwidth selection

Here is a “fixed- f” argument often encountered in asymptotics. Consider kernel estimators
and the equispaced regression model discussed in Section 3.4 Using a gth order kernel,
(3.21), in estimate f;, (3.12), leads to an approximate MSE expression, (3.23), of the form

ra(h) = co(K)(nh)™ + e1 (K)h?? / (D f)* 6.27)

Then r,(h) is minimized at a bandwidth 2 = h,(f), and the minimum value r, (4, (f))
converges to zero at rate n=24/24+1)_ Since h,(f) still depends on the unknown function
. the “plug-in” approach inserts a preliminary estimator f, of f, and uses h,(f,) in the
kernel estimate, such as (3.12)) or (3.13)). This approach goes back at least to [Woodroofe
(1970), for further references and discussion see [Brown et al.| (1997).

We study a version of this argument in the sequence model (3.1)), which allows exacr cal-
culation of the small sample consequences of this asymptotic bandwidth selection argument.
We use the Fourier basis with Z as index, so that positive integers / label cosine terms of
frequency [ and negative [ label the sine terms, so that

@)=Y 6ycos2mlt + ) sin2xl (6.28)

>0 <0
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As in Section [3.3] and represent a kernel estimator in the Fourier domain by diagonal
shrinkage

O = ic(hl)yi, (6.29)
where k(s) = [e™' K(t)dt is the Fourier transform of kernel K. The g—th order moment

condition becomes a statement about derivatives at zero, cf. (3.25)). To simplify calculations,
we use a specific choice of g—th order kernel:

(s) = (1— |s]9)4. (6.30)
For this kernel, the mean squared error of (6.29) can be written explicitly as
re(éh, 0) = Z e2(1 —|hl|9)* + |hl 967 + Z 7. (6.31)
17l<[h=1] 71>[h=1]

Integral approximations to sums yield an asymptotic approximation to (6.31):
Fae(On, 0) = age®h™ + by(8)h?4,

which is exactly analogous to (6.27). Here a, = 4¢*(2¢ + 1)™'(¢ + 1), and b,(0) =
Y. 12967, is proportional to [ (D? f)* when expressed in terms of f. In order that b,(6) <
oo for all ¢, we assume that f is infinitely differentiable. The asymptotically MSE-optimal
bandwidth is found by minimizing & — 7,4, (éh, 0). The Variance-Bias Lemma 3.8| gives

g€ 1/(2¢+1)
he = he(0) = |: ] , (6.32)
2qbq(0)
and corresponding MSE
re(Bn. 9y 0) ~ cq (2qby(0)) P17V (a,e2)*/C1HY. (6.33)

with ¢, = 1 4 (2¢)~". Thus the rate of convergence, 2¢/(2q + 1), reflects only the order
of the kernel used and nothing of the properties of f. Although this already is suspicious,
it would seem, so long as f is smooth, that the rate of convergence can be made arbitrarily
close to 1, by using a kernel of sufficiently high order g.

However, this is an over literal use of fixed 6 asymptotics — a hint of the problem is already
suggested by the constant term in (6.33]), which depends on b,(#) and could grow rapidly
with ¢. However, we may go further and do exact MSE calculations with formula (6.37))
using kernel (6.30). As specific test configurations in (6.28)) we take

1|73 leven,l € [l,1,]
0, = C(ll, 12) |1|_3 lodd,—! € [ll, lz] (6.34)
0 otherwise,

and with c(ly,/,) chosen so that a Sobolev 2nd derivative smoothness condition holds:
> 1*67 = C2. Two choices are

M I, =4, [,=20, C =60,
) I, =4, I[,=400, C = 60.

which differ only in the number of high frequency terms retained.
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Figure 6.3 Two C functions, defined at (6.28)) - (6.34). Solid line is 67,
containing frequencies only through / = 20, dashed line is 877, with frequences up
to [ = 400.

Figure [6.4|shows the MSE r, (6,971, 877) occasioned by using the g—th order optimal
bandwidth for ¢ = 2,4, 8 with exact risks calculated using (6.31)). Clearly the 8th
order kernel is always several times worse than the 2nd order kernel for n = €72 less than
108. The 4th order kernel will dominate ¢ = 2 for n somewhat larger than 10, but ¢ = 8
will dominate only at absurdly large sample sizes.

Figure[6.5]shows that the situation is not so bad in the case of curve I : because the higher
frequencies are absent, the variance term in (6.31) is not so inflated in the ¢ = 8 case.

However, with moderate noise levels ¢, a test would not be able to discriminate beween
61 and 671 This is an instance of the nearby instability of MSE seen earlier in this section.

We can also use (6.32) to compute the relative size of optimal bandwidths for the two
functions, using R; = he 4(01)/ he q(62) as a function of g. Indeed, for g = 2,4, 8, one
computes that R, = 1,2.6 and 6.8.

Thus, at least for ¢ > 2, both h.(6) and r (éhé, ) are very sensitive to aspects of the func-
tion that are difficult or impossible to estimate at small sample sizes. The fixed 6 expansions

such as (6.27) and (6.33)) are potentially unstable tools.

Remarks. 1. Block James Stein estimation. Figures [6.4] and [6.3] also show the upper
bounds (6.14) for the MSE of the dyadic blocks James-Stein estimator, and it can be seen
that its MSE performance is generally satisfactory, and close to the ¢ = 2 kernel over small
sample sizes. Figure compares the ratio r.(0875,0)/r.(89,6) of the Block JS mean
squared error to the g—th order kernel MSE over a much larger range of n = € 2. The
James Stein MSE bound is never much worse than the MSE of the g—th order optimal
bandwidth, and in many cases is much better.

2. Smoothness assumptions. Since 67 and 67! have finite Fourier expansions, they are
certainly C°, but here they behave more like functions with about two square summable
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——q=2
—+—qg=4
0 —&—q=8 il
—*— DyadicJS |1

Figure 6.4 MSE of ideal bandwidth choice for 677 : re(éhs(gu), 617) resulting
from ¢—th order optimal bandwidth for ¢ = 2, 4, 8 with exact risks
calculated using (6.31)). Also shown is the upper bound (6.14) for the risk of the
dyadic blocks James Stein estimator (6.12).

——q=2
—+—q=4
—o—q=8 L
—*— DyadicJS |3

10 F El

10°F El

-3

4|

10

Figure 6.5 Corresponding plot of MSEs and James-Stein bound for ideal
bandwidth choice for 6.

derivatives. Thus from the adaptivity Theorem [6.2] for o large, one expects that Block JS
should eventually improve on the ¢ = 4 and ¢ = 8 kernels, and this indeed occurs in Figure
[6.6) on the right side of the plot. However, the huge sample sizes show this “theoretical”
to be impractical. Such considerations point toward the need for quantitative measures of
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smoothness—such as Sobolev or Besov norms—that combine the sizes of the individual
coefficients rather than qualitative hypotheses such as the mere existence of derivatives.

Risk ratio vs. sample size

—©-JS/Iq=2,3=20 ‘>\<>
— +-—JS/Iq=4 ey
—©-Js/q=8 &
—o—JS/q=2,J=400 e
—+—JS/q=4 ©
— o Js/q=8 AN
: .
10° 10"

Figure 6.6 Ratio of James Stein MSE bound to actual MSE for kernels of order
g =2,4,8at0 = 6! (dotted) and 077 (solid) over a wide range of sample sizes
n=e?2

3. Speed limits. There is a uniform version of that says that over ellipsoids of
functions with & mean-square derivatives, the uniform rate of convergence using the g-th
order kernel is at best (¢2)24/24+D 1o matter how large « is. By contrast, the adaptivity
results of Theorem [6.2] (and its extensions) for the block James-Stein estimate show that it
suffers no such speed limit, and so might effectively be regarded as acting like an infinite
order kernel. (Exercise 1 below has further details.)

Concluding discussion. Worst case analysis is, in a way, the antithesis of fixed 0 analysis.
The least favorable configuration—whether parameter point 6, or prior distribution r.—will
generally change with noise level €. This is natural, since the such configurations represent
the “limit of resolution” attainable, which improves as the noise diminishes.

The choice of the space ® to be maximized over is certainly critical, and greatly affects
the least favorable configurations found. This at least has the virtue of making clearer the
consequences of assumptions—far more potent in nonparametrics, even if hidden. It might
be desirable to have some compromise in between the local nature of fixed 6 asymptotics,
and the global aspect of minimax analysis—perhaps in the spirit of the local asymptotic min-
imax approach used in parametric asyptotics. Nevertheless, if one can construct estimators
that deal successfully with many least favorable configurations from the global minimax
framework—as in the blockwise James-Stein constructions—then one can have some de-
gree of confidence in such estimators for practical use in settings not too distant from the
assumptions.
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6.6 Discussion

[NEEDS REVISION. ] Visualizing least favorable distributions. Pinsker’s theorem gives
an explicit construction of the asymptotically least favorable distribution associated with the
ellipsoid © = {6 : )" a?6? < C?}: simply take independent variables 6; ~ N(0, t?), with
7; given by (5.6). Recalling that the 6; can be thought of as coefficients of the unknown
function in an orthonormal basis {¢; } of L5[0, 1], it is then instructive to plot sample paths
from the random function

X(t) =) 6ipi(0).

Figure ?7? shows two such sample paths, corresponding to smoothness m = 1 and m = 2
respectively (and with € = 27 and 27% respectively). [In fact, the pictures were generated
using a wavelet basis, and coefficient sequence @; = 2"I°22/1 'but since a;/a; € [27", 1]
relative to the trigonometric basis weight sequence (3.8), this has little influence on our
qualitative conclusions — see Johnstone| (1994)) for details.]

Notice the spatial homogeneity of the sample paths — even though the smoothness of the
paths is, as expected, very different in the two cases, the degree of oscillation within each
figure is essentially constant as one moves from left to right in the domain of the function.

Challenges to the ellipsoid model.

Of course, not all signals of scientific interest will necessarily have this spatial homogene-
ity:

Ex: NMR spectrum of tryptophan in heavy water from DJHS

Ex: plethysmograph signal from Nason & Silverman

In each case, there are regions of great “activity” or “oscillation” in the signal, and other
regions of relative smoothness.

Thus, by comparing sample paths from the Gaussian priors with the data examples, one
naturally suspects that the ellipsoid model is not relevant in these cases, and to ask whether
linear estimators are likely to perform near optimally (and in fact, they don’t).

Another implicit challenge to the ellipsoid model and the fixed bandwidth smoothers
implied by (5.5) begins to appear in the methodological and applied statistical literature at
about the same time as |Pinsker (1980). Cleveland| (1979) investigates local smoothing, and
Friedman and Stuetzle| (1981)), in describing the univariate smoother they constructed for
projection pursuit regression say explicitly “the actual bandwidth used for local averaging
at a particular value of (the predictor) can be larger or smaller than the average bandwidth.
Larger bandwidths are used in regions of high local variablility of the response.”

Commentary on the minimax approach. One may think of minimax decision theory
as a strategy for evaluating the consequences of assumptions - the sampling model, loss
function, and particularly the structure of the postulated parameter space ®. The results of
a minimax solution consist, of course, of the minimax value, the minimax strategy, the least
favorable prior, and also, information gained in the course of the analysis.

A particular feature of least favorable distributions is that they indicate the “typical en-
emy” corresponding to the parameter space ® chosen. The least favorable prior avoids both
the arbitrariness of an effort to choose a single “representative” function, and yet focuses
attention on elements of © that are “relevant” to the minimax problem. [Of course, whether
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the “typical enemies” thus exhibited are scientifically relevant depends on the particular ap-
plication.]

The minimax strategy is can be successful if the structure of ® is intellectually and/or
scientifically significant, and if it is possible to get close enough to a solution of the resulting
minimax problem that some significant and interpretable structure emerges.

Pinsker’s theorem is an outstanding success for the approach, since it yields an (asymp-
totically) sharp solution, along with the important structure of linear estimators, independent
Gaussian least favorable priors, decay of shrinkage weights with frequency to a finite cutoff,
and so on.

The clarity of the solution, paradoxically, also reveals some limitations of the result, or
rather, of the formulation. The juxtaposition of the Pinsker priors and particular datasets sug-
gests that for some scientific problems, one needs richer models of parameter spaces than
ellipsoids (and their quadratically convex relatives.) This is one motivation for the introduc-
tion of Besov (and Triebel) bodies in Chapter 0.6/ below.

6.7 Notes

van der Vaart| (1997) gives a review of the history and proofs around superefficiency.

The exact risk analysis in §[6.3]is inspired by the study of density estimation in[Marron and Wand|(1992),
which in turn cites|Gasser and Miiller| (1984).

Of course, the density estimation literature also cautions against the use of higher order (¢ > 2) kernels
due to these poor finite sample properties. We did not even attempt to consider the behavior of “plug-in”
methods that attempt to estimate /¢ (6) — variability in the data based estimates of /¢ (6) would of course
also contribute to the overall mean squared error. |[Loader| (1999) provides a somewhat critical review of
“plug-in” methods in the case g = 2.

While the choice ¢ = 8 may seem extreme in the setting of traditional density estimation, it is actually
standard to use wavelets with higher order vanishing moments — for example, the Daubechies Symmlet
8 discussed in [Daubechies| (1992} p. 198-199) or |Mallat| (1998, p. 252). Analogs of and (6.33) for
wavelet based density estimates appear in [Hall and Patil| (1993), though of course these authors do not use
the expansions for bandwidth selection.

Exercises

6.1  (Speed limits for q-th order kernels.)
We have argued that in the Gaussian sequence model in the Fourier basis, it is reasonable to
think of a kernel estimate with bandwidth % as represented by éh,l =k(hl)y;.
(a) Explain why it is reasonable to express the statement “K is a ¢—th order kernel,” ¢ € N, by
the assumption k (s) = 1 — ¢4s? + o(s9) as s — 0 for some ¢4 # 0.
(b) Let ©*(C) = {0 : Y_aj0} < C?} with ay_y = ay; = (21)* be, as usual, an ellipsoid
of «—mean square differentiable functions. If K is a g-th order kernel in the sense of part (a),
show that for each o > ¢,

inf sup  re(f),0) > cla, q, C)(e2)24/@a+D),
h>0ge@e(C)

[Thus, for a second order kernel, the (uniform) rate of convergence is n—4/5 , even if we consider

ellipsoids of functions with 10 or 10°® derivatives. Since the (dyadic) block James Stein estimate
has rate n 2%/ (22+1) gyer each ®%(C), we might say that it corresponds to an infinite order
kernel.]
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(Oscillation within blocks.) Let ©(a, C be an ellipsoid {(6;) : Y_a?6? < C?}. Assume that
a; /" co. Let blocks B; be defined as in (9.16) and the oscillation of a; within blocks by

aj
osc(B;) = max .
(B7) 1LI'eB; ap
Show that if osc(B;) — 1as j — oo then
Rp(®,¢) ~ Rpr(®,¢) as € —> 0.

(Block linear minimaxity.) Show that if ® is solid, orthosymmetric and block-symmetric, then

R;p(®,¢) = Rpr(0,¢) for all € > 0.

(White noise in frequency domain). Consider the discrete Fourier transform (6.2T)). Suppose in
addition that the Y (/) are i.i.d. mean zero, variance o2 variables and N is even. Show that

Var(Re(y(v))) = Var(Im(y(v))) = (N/2)a”. (6.35)

(Time domain form of kernel (6.30)). Let L(¢) = sint/(w¢). If, as in (6.30), x(s) = (1—|s|?)+,
show that the corresponding time domain kernel

K(1) = L(t) — (=)ILD(1).

Make plots of K for g = 2, 4 and compare with Figure@ Why is the similarity not surprising?
(Exact risk details.) This exercise records some details leading to Figures[6.31—[6.6]

(i) For vectors x, X € CV | the inverse discrete Fourier transform x = ifft (X) sets x(j) =
N1 lecvzl X(k)e 2miG—DG=D/N i — 1 N.Suppose now that

X(1) = Néb,y, Re X(I +1)=N6;, ImX(I+1)=Nbo_
for1 </ < N/2and X(k) = 0fork > N/2. Also, sett; = j/N, and verify that

N/2
Rex(j) = f(tj—1) =060+ Y _ 6pcos2mltjy + 6_ysin2xlt;y.  j=1.....N.
=1

(ii) Consider the sequence model in the form y; = 0; + €z; for [ € Z. For the coefficients
specified by (6.34) and below, show that risk function (6:31)

Iy LAl I
r(6p.0) = € +2e> Y 1= (WP +h*CH Y j270+ChH Y 78
1 1=, In+1

where I, = [h™!] and C%, = C?/ 252:11 2.
(iii) Introduce functions (which also depend on /1, /5 and C)

n nAly
Vim.n:ih.q) =Y [1— ()P, Bm.nip)=Ch Y jr=°

Il=m I=mvl,
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and confirm that in terms of V and B,
I
bg(6) = ChH Y j?77% = B(l1.12:2q)
I

rOn, 0) = €2 +22V(1, Iy h, q) + K24 B(1,1,;29) + By + 1,12;0).

The figures use a vector of values of €2 and hence of i1 = h¢ in (6:32) and /; these representa-
tions facilitate the vectorization of the calculations.

(iv) For the block James-Stein estimator, define blocks y, < (y7,2071 < |I| < 29), so that
np = 2b. Choose ne = €72 so that J, = log, n1¢ is an integer. Show that (6.14) becomes

e—1

J.

A B

r(BB75 6) < (). + 1)e? + kil
b

_ % g,
=2nb+ane ¢

where B, = B(2b~1 4+ 1,2%;0) and B = B2~ ! + 1,1, 0).
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A Primer on Estimation by Wavelet Shrinkage

When I began to look at what Meyer had done, I realized it was very close to some ideas in
image processing. Suppose you have an image of a house. If you want to recognize simply
that it is a house, you do not need most of the details. So people in image processing had
the idea of approaching the images at different resolutions. (Stéphane Mallat, quoted in
New York Times.)

When an image arrives on a computer screen over the internet, the broad outlines arrive
first followed by successively finer details that sharpen the picture. This is the wavelet trans-
form in action. In the presence of noisy data, and when combined with thresholding, this
multiresolution approach provides a powerful tool for estimating the underlying object.

Our goal in this chapter is to give an account of some of the main issues and ideas behind
wavelet thresholding as applied to equally spaced signal or regression data observed in noise.
The purpose is both to give the flavor of how wavelet shrinkage can be used in practice,
as well as provide the setting and motivation for theoretical developments in subsequent
chapters. Both this introductory account and the later theory will show how the shortcomings
of linear estimators can be overcome by appropriate use of simple non-linear thresholding.
We do not attempt to be encyclopedic in coverage of what is now a large area, rather we
concentrate on orthogonal wavelet bases and the associated multiresolution analyses for
functions of a single variable.

The opening quote hints at the interplay between disciplines that is characteristic of
wavelet theory and methods, and so is reflected in the exposition here.

Section begins with the formal definition of a multiresolution analysis (MRA) of
square integrable functions, and indicates briefly how particular examples are connected
with important wavelet families. We consider decompositions of L,(R) and of L,(][0, 1]),
though the latter will be our main focus for the statistical theory.

This topic in harmonic analysis leads directly into a signal processing algorithm: the “two-
scale” relations between neighboring layers of the multiresolution give rise in Section[/.2|to
filtering relations which, in the case of wavelets of compact support, lead to the fast O(n)
algorithms for computing the direct and inverse wavelet transforms on discrete data.

Section|/.3|explains in more detail how columns of the discrete wavelet transform are re-
lated to the continuous wavelet and scaling function of the MRA, while Sectiondescribes
the changes needed to adapt to finite data sequences.

Finally in Section we are ready to describe wavelet thresholding for noisy data us-
ing the discrete orthogonal wavelet transform of n = 27 equally spaced observations. The

161
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‘hidden sparsity’ heuristic is basic: the wavelet transform of typical ’true’ signals is largely
concentrated in a few co-ordinates while the noise is scattered throughout, so thresholding
will retain most signal while suppressing most noise.

How the threshold itself is set is a large question we will discuss at length. Section
surveys some of the approaches that have been used, and for which theoretical support exists.
The discussion in these two sections is informal, with numerical examples. Corresponding
theory is developed in later chapters.

7.1 Multiresolution analysis

This is not an ab initio exposition of wavelet ideas and theorems: some authoritative books
include Meyer| (1990), |Daubechies| (1992), Mallat| (1998), and others listed in the chapter
notes. Rather we present, without proofs, some definitions, concepts and results relevant to
our statistical theory and algorithms. In this way, we also establish the particular notation
that we use, since there are significantly different conventions in the literature.

It is a striking fact that the fast algorithms for discrete orthogonal wavelet transforms have
their origin in change of basis operations on square integrable functions of a continuous
variable. We therefore begin with the notion of a multiresolution analysis of L, (R). We
concentrate on the univariate case, though the ideas extend to L,(R¢). Constructions in
the frequency domain play an important role, but these are largely deferred to a sketch in
Appendix and especially the references given there.

Definition. A multiresolution analysis (MRA) of L,(R) is given by a sequence of closed
subspaces {V;, j € Z} satisfying the following conditions:

@ V; C Vg,
(i) f(x) € V;ifandonly if f(2x) € V;41,Vj € Z,
(iii) NjezV; = {0}, UjezV; = Lo(R).
(iv) J¢ € Vp such that {¢(x — k) : k € Z} is an orthonormal basis (0.n.b) for V.

The function ¢ in (iv) is called the scaling function of the given MRA. Set @jx(x) =
2//2¢(2/ x — k). One says that ¢ ;; has scale 2=/ and location k277 . Properties (ii) and (iv)
imply that {¢;x,k € Z} is an orthonormal basis for ;. The orthogonal projection from
L>(R) — V; is then

Pif =Y (foi)ei.
k
The spaces V; form an increasing sequence of approximations to L,(R): indeed property
(iil) implies that P; f — f in L,(R) as j — oo.

Example. Haar MRA. Set I = [277k,277 (k + 1)]. The “Haar multiresolution analysis”
is defined by

Vi=1{f € L2(R): fl1;, = cji}, ¢ =l

Thus V; consists of piecewise constant functions on intervals of length 27/, and P; f(x) is
the average of f over the interval [ j; that contains x.
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Example. Box spline MRA. Given r € N, set
Vi={felL,NnC 'and S 11;, is a polynomial of degree r}.

If r = 0, this reduces to the Haar MRA. If r = 1, we get continuous, piecewise linear
functions and if r = 3, cubic splines. For more on the construction of the scaling function
@, see Appendix

A key role in wavelet analysis is played by a pair of two scale equations and their associ-
ated discrete filter sequences. Given an MRA with scaling function ¢, since V_; C Vj, one
may express ¢_ o in terms of @ x using the two scale equation

1 x
—o(2) = hlkle(x — k). (7.1)
ﬁw( 5) Xk: [Klo(x — k)
The sequence {h[k]} is called the discrete filter associated with ¢, For the Haar MRA exam-
ple, h[0] = A[1] = 1//2.

Now take Fourier transforms, (C.7), of both sides: since @ox (§) = e k4¢3 (&), the two
scale equation has the reexpression

9(26) = 272h(©)p(®). (72)
where the transfer function

h(§) =" hlkle .

The MRA conditions imply important structural constraints on h (&). These in turn lead
to theorems describing how to construct scaling functions ¢ — some of these are reviewed,
with references, in Appendix

Now we turn to the wavelets. Define the detail subspace W; C L, as the orthogonal
complement of V; in V;1: V41 = V; @ W;. A candidate for a wavelet y € W_; C 1,
must satisfy its own two scale equation

1 X
—v(z) = k —k). 7.3
AL ;g[ lo(x — k) (13)
Again, taking the Fourier transform of both sides and defining g(£) = Y gre ™ *¢,
728) =27"72)p(®). (74)

Define ¥ jx(x) = 2//2y/(2/x — k). Suppose that it is possible to define v using
so that {{jx,k € Z} form an orthonormal basis for W;. Then it follows [proof ref
needed?] property (iii) of the MRA that the full collection {yjx, (j, k) € Z?} forms an
orthonormal basis for L, (R).

Thus we have decompositions

LyR)=®jezW; =V; @ @ Wi,
j=J
for each J, with corresponding expansions

F =D 0k =D (from)er+ D> (Lvix)Vik.

ik k ji=J k
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The first is called a homogeneous expansion, while the second is said to be inhomogeneous
since it combines only the detail spaces at scales finer than J.

A key heuristic idea is that for typical functions f, the wavelet coefficients ( f, jx) are
large only at low frequencies or wavelets located close to singularities of f. This heuristic
notion is quantified in some detail in Section[9.6]and Appendix [B]

Here is a simple result describing the wavelet coefficients of piecewise constant functions.

Lemma 7.1 Suppose Y has compact support [-S, S] and [ = 0. Suppose f is piece-
wise constant with d discontinuities. Then at level j at most (2S — 1)d of the wavelet
coefficients 0 = f SV jk are non-zero, and those are bounded by 212,

Proof Let the discontinuities of f occur at x1, ..., xg4. Since f v =0,

6 = / Fyg =279 / £+ )Y@

vanishes unless some x; lies in the interior of supp(/;x). In this latter case, we can use the
right hand side integral to bound |6,x| < || f |leo|¥[|1277/2. The support of v/ is k277 +
27/[-S, S], and the number of k for which x; € int(supp(¥ %)) is at most 25 — 1. So the
total number of non-zero 0 at level j is at most (2S5 — 1)d. O

Some S8 Symmlets at Various Scales and Locations
T T

T T T
(7.95)
(6.43)
(6.32)

T T
7
6 WA/\

‘\ﬁ[\ (6.21)
5

(5.13)
P I | U

/N (4.8)
3
2
1

27(k+S5)

Figure 7.1 Left panel: Wavelets (from the Symmlet-8 family), the pair (j, k)
indicates wavelet ¥ jx, at resolution level j and approximate location k27/. Right
panel: Schematic of a wavelet v ;; of compact support “hitting” a singularity of
function f.

The construction of some celebrated pairs (¢, ) of scaling function and wavelet is
sketched, with literature references, in Appendix [B.I] Before briefly listing some of the
well known families, we discuss several properties that the pair (¢, 1) might possess.

Support size. Suppose that the support of ¥ is an interval of length S, say [0, S]. Then
¥k is supported on K27/ + 277[0, S]. Now suppose also that f has a singularity at xo.
The size of S’ determines the range of influence of the singularity on the wavelet coefficients
0ik(f) = [ f¥jk. Indeed, at level j, the number of coefficients that ‘feel’ the singularity at
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Xo is just the number of wavelet indices k for which supp V% covers xo, which by rescaling
isequal to S (or § — 1 if x¢ lies on the boundary of suppy ;).

It is therefore in principle desirable to have small support for ¥ and ¢. These are in turn
determined by the support of the filter /2, by means of the two scale relations and (7.3).
For a filter h = (hx,k € Z), its support is the smallest closest interval containing the
non-zero values of 4. For example, [Mallat| (1999, Chapter 7) shows that

(i) supp ¢ = supp 4 if one of the two is compact, and

(ii) if supp @ = [Ny, N,), then supp ¢ = [M=0otl Mo=Mitl]

El

Vanishing moments. The wavelet v is said to have r vanishing moments if
/ka(x)dx =0 k=0,1,...r—1. (7.5)

Thus v is orthogonal to all polynomials of degree r — 1. As a result, the rate of decay of
wavelet coefficients of a smooth function is governed by the number of vanishing moments
of the wavelet . For example, in Appendix [B.T|we prove:

Lemma 7.2 If f is C* on R and ¥ has r > [« vanishing moments, then
(£ )] < ey €277,

If « is a positive integer, then the C* assumption is just the usual notion that f has
« continuous derivatives, and the constant C = || D® f || /a!. For « > 0 non-integer,
we use the definition of Holder smoothness, given in Appendix ??. Note the parallel with
the definition (3.21)) of vanishing moments for an averaging kernel K, and with expression
(3.22)) for the approximation error of a gth order kernel.

Daubechies| (1988) showed that existence of p vanishing moments for an orthogonal
wavelet implied a support length for %, and hence for ¢, ¥, of at least 2p — 1. Thus, for
such wavelets, there is a tradeoff between short support and large numbers of vanishing mo-
ments. The resolution of this tradeoff is perhaps best made according to the context of a
given application.

Regularity. Since f(x) => éjk ¥k (x), the smoothness of x — ¥ jx(x) can impact the
visual appearance of a reconstruction. However it is the number of vanishing moments that
affects the size of wavelet coefficients at fine scales, at least in regions where f is smooth.
So both properties are in general relevant. For the common wavelet families [to be reviewed
below], it happens that regularity increases with the number of vanishing moments.

For wavelet bases, regularity of ¥ implies that a corresponding number of moments van-
ish. We refer to Daubechies| (1992, §5.5) for the proof of

Proposition 7.3 If /x(x) = 2//2v(2/ x —k) is an orthonormal basis for L,(R), and if
is C”, with ¥ ® bounded for k < r and |y (x)| < C(1+ |x|)™"717¢, then kaW(x)dx =0
fork =0,...,r.

Some wavelet families. The common constructions of instances of (¢, ¥) use Fourier
techniques deriving from the two scale equations and and the filter transfer func-
tion h(£). Many constructions generate a family indexed by the number of vanishing mo-
ments p. For some further details see Appendix [B.I] and wavelet texts, such as Mallat Ch.7.
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Haar. The simplest and only rarely best: ¢ = Io 17 and ¥ = Ijo,1/2] — I[1/2,1]. It has a
single vanishing moment, and of course no smoothness.

Meyer. ¢(§), @(E) have compact support in frequency &, and so ¢(x) and ¥ (x) are C*°,
but do not have compact support in x — in fact they have only polynomial decay for large x.
The wavelet has infinitely many vanishing moments.

Battle-Lemarié spline. These are wavelets derived from the spline MRA. The pair ¢(x), ¥ (x)
are polynomial splines of degree m and hence are C™~! in x. They have exponential decay
in x, and are symmetric (resp. anti-symmetric) about x = 1/2 for m odd (resp. even). The
wavelet has m + 1 vanishing moments.

Compact support wavelets. Daubechies constructed several sets of compactly supported
wavelets and scaling functions, indexed by the number of vanishing moments p for .

(a) “Daubechies” family — the original family of wavelets D, , in which v has minimum
support length 2p — 1, on the interval [—p + 1, p]. The wavelets are quite asymmetric, and
have regularity that grows roughly at rate 0.2 p, though better regularity is known for small
p —e.g. justover C! for p = 3.

(b) “Symmlet” family — another family with minimum support [—p + 1, p], but with filter
h chosen so as to make ¥ as close to symmetric (about %) as possible.

(c) “Coiflet” family — a family with p vanishing moments for ¥ and also for ¢:

[<p=1, /tktp=0, 1<k<p.

This constraint forces a larger support length, namely 3p — 1.

Wavelets on the interval [0, 1].

In statistical applications, one is often interested in an unknown function f defined on an
interval, say I = [0, 1] after rescaling. Brutal extension of f to R by setting it to O outside
I, or even more sophisticated extensions by reflection or folding, introduce a discontinuity
in f or its derivatives at the edges of /.

If one works with wavelets of compact support (of length S, say), these discontinuities
affect only a fixed number 25 of coefficients at each level j and so will often not affect
the asymptotic behavior of global measures of estimation error on /. Nevertheless, both
in theory and in practice, it is desirable to avoid such artificially created discontinuities.
We refer here to two approaches that have been taken in the literature. [The approach of
“folding” across boundaries, is dicussed in|Mallat| (1999, Sec. 7.5.2.).]

(i) Periodization. One restricts attention to periodic functions on /.|Meyer| (1990, Vol 1,
Chapter III.11 ) shows that one can build an orthonormal basis for L, (/) by periodization.
Suppose that ¢ and i are nice orthonormal scaling and wavelet functions for L,(R) and
define

PR =Y k(x4 0), ) = > Yilx + 0.
LeZ LeZ
If ¢, ¥ have compact support, then for j larger than some j;, these sums reduce to a single
term for each x € [. [Again, this is analogous to the discussion of periodization of kernels

at (3.16) and (3.18)- (3.19).]
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Define Vi = span{¢f}’ .k € Z}, and W = span {y/7}".k € Z} : this yields an
orthogonal decomposition

Laper(1) =V, @ @ WJPer’

Jj=L

with dim V7' = dim W} = 2/ for j > 0. Meyer makes a detailed comparison of Fourier
series and wavelets on [0, 1], including remarkable properties such as uniform convergence
of the wavelet approximations of any continuous function on [0, 1].

(it) Orthonormalization on [0, 1] For non-periodic functions on [0, 1], one must take a
different approach. We summarize results of a construction described in detail in|/Cohen et al.
(1993b)), which builds on |[Meyer| (1991)) and |Cohen et al.|(1993a)). The construction begins
with a Daubechies pair (¢, ¥) having p vanishing moments and minimal support [—p +
1, p]. For j such that 2/ > 2p and for k = p,...,2/ — p — 1, the scaling functions (p‘"‘ =
@k have support contained wholly in [0, 1] and so are left unchanged. At the boundarles
fork =0,..., p— 1, construct functions (p,f with support [0, p + k] and go,f with support
[=p —k,0], and set

o =220k x), @M, =27k (x — 1)).

The 2 p functions (pk , (p,f are finite linear combinations of scaled and translated versions of
the original ¢ and so have the same smoothness as ¢. We can now define the multiresolution
spaces V™ = span{g!,k = 0,...,2/ — 1}. It is shown that diimV}" = 2/, and that they
have two key properties:

(i) in order that V_}"‘ C V,"L it is required that the boundary scaling functions satisfy two
scale equations. For example, on the left side

p+2k

() ZHkl(pl(x)+Zh WP (x —m).

(i) each Vim contains, on [0, 1], all polynomials of degree at most p — 1.

Tummg now to the wavelet spaces, W““ is defined as the orthogonal complement of
Vlnt in V]“L Starting from a Daubechies wavelet Y with support in [—p + 1, p] and with
p vanishing moments, construct 1//k with support in [0, p + k] and wk with support in
[-p — k,0] and define ““ as for (p““ replacing ¢, ¢F, oF by v, ¥/ and ¥R, It can be

verified that W™ = span{xﬂ‘/‘}{‘, k =0,...,2771} and that for each L with 2% > 2p,

Ly(0.1) = V" & P w)™. (7.6)

j=L

and hence f € L,[0, 1] has an expansion

2L—1 2/ -1
fx) = Z Bl () + > Y 0uyii(x)
j>L k=0

with B = (f, (p““) and O = (f. lm) Note especially from property (ii) that since V;™
contains polynomials of degree < p — 1, it follows that all w}m have vanishing moments of
order p.
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7.2 The Cascade algorithm for the Discrete Wavelet Transform

A further key feature of wavelet bases is the availability of fast O(N) algorithms for com-
puting both the wavelet transform of discrete data and its inverse. This “cascade” algorithm
is often derived, as we do below, by studying the structure of a multiresolution analysis of
functions of a continuous real variable. In practice, it is used on finite data sequences, and the
scaling function ¢ and wavelet ¥ of the MRA are not used at all. This is fortunate, because
the latter are typically only defined by limiting processes and so are hard to compute, com-
pare and (B.TT)). Thus there is a most helpful gap between the motivating mathematics
and the actual data manipulations. Since our goal later is to give a theoretical account of the
statistical properties of these data manipulations, our presentation here will try to be explicit
about the manner in which discrete orthogonal wavelet coefficients in fact approximate their
multiresolution relatives.

Suppose, then, that we have a multiresolution analysis {V;} generated by an orthonormal
scaling function ¢, and with detail spaces W, generated by an orthonormal wavelet ¥ so
that the collection {Vj, j, k € Z} forms an orthonormal basis for L, (R).

Analysis and Synthesis operators. Consider a function f € V;. Leta; = {a;[k]} denote
the coefficients of f in the orthobasis B; = {¢;r.k € Z}, so that

ajlk] = (f. #jx)-
Since V; = V;_; @ W,_;, we can also express f in terms of the basis
B ={¢pj-1k.k € Zy Uiy 14,k € Z}
with coefficients
ajalkl = (fdj-rk),  djalk] = (£ ¥j-1k), (7.7)

and mnemonics “a” for approximation and “d” for detail.
Since B and B’ are orthonormal bases for the same space, the change of basis maps

Aj: a;j—{aj_1.dj1} (“analysis”)
S A{aj-1.dji1}—aj (“synthesis”)
must be orthogonal, and transposes of one another:
AjAT =ATA; =1, S; =47 =4l

To derive explicit expressions for A; and S;, rewrite the two-scale equations and
(7.3) in terms of level j, in order to express ¢ _; x and ¥ ;_1 x in terms of ¢ jx, using the fact
that V;_; and W;_, are contained in V;. Rescale by replacing x by 2/ x — 2k and multiply
both equations by 2//2. Recalling the notation ¢« (x) = 2//2¢(2/ x — k), we have

01k (¥) = Y hllp;aksi(x) = Y hll = 2k]pj(x). (7.8)
l 1

The corresponding relation for the coarse scale wavelet reads

Vi) = gllpjani(x) = Y _ gl — 2klgji (x). (7.9)
I I
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Taking inner products with f as in yields the representation of A4 ;:
aj_1lk] = Zh[l —2kla;[l] = Rh * a;[2k]
: (7.10)
dj_1lk] = Zg[l —2kla;[l] = Rg * a;[2k],
l

where R denotes the reversal operator Ra[k] = a[—k], and » denotes discrete convolution
axblk] =Y alk —1]b[I]. Introducing also the downsampling operator Dalk] = a[2k], we
could write, for example, aj_; = D(Rh x a;). Thus the analysis, or “fine-to-coarse” step
Aj:taj — (aj—1,d;—1) can be described as “filter with Rh and Rg and then downsample”.

Synthesis step S;j. Since 91, € Vj—1 C Vj,wecanexpand ¢;_1 x as ) ;(@j—1,k.9j1)@jl
along with an analogous expansion for ¥;_; x € W;_; C V;. Comparing the coefficients

and yields the identifications
(Qj—1k,@j1) = h[l —2k], (Vicik.@j1) = gl —2k].

Since ¢;; € V; = V;_1 & W;_1, we may use the previous display to write

@i = 3 hll = 2Kl _1 i + gll = 2K1Y_1 4. (7.11)
k

[Note that this time the sums are over k (the level j — 1 index), not over / as in the analysis
step!]. Taking inner products with f in the previous display leads to the synthesis rule

a;j[l] = Zh[l —2klaj_ k] + g[l —2k]d;_1[k]. (7.12)
k
To write this in simpler form, introduce the zero-padding operator Za[2k] = alk] and
Za2k + 1] = 0, so that
ajlll =h*Za;_[l1)+ g Zd;_[l].
So the sythesis or coarse-to-fine step S; : (aj—1,dj—1) — a; can be described as “zero-pad,

then filter with / (and g), and then add”.

Computation. If the filters & and g have length L, the analysis steps (7.10) each require L
multiplys and adds to compute each coefficient. The synthesis step (7.12)) similarly needs L
multiplys and adds per coefficient.

The Cascade algorithm. We may represent the successive application of analysis steps
beginning at level J and continuing down to a coarser level L by means of a cascade diagram

ajq arq ar,

A\ <& \ \
d d d d

J-1 J-2 L+1 L

Figure 7.2 The cascade algorithm
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Composition of each of these orthogonal transformations produces an orthogonal trans-
formation W = Apyq---Aj_1A4y:

ay (—){dJ_l,dJ_z,...,dL,aL}. (713)

The forward direction is the analysis operator, given by the orthogonal discrete wavelet
transform W. The reverse direction is the synthesis operator, given by its inverse, W71 =
SySy-1--+Sp41-

W as a ‘matrix’. W represents a change of basis from V; = span{g i,k € Z} to

Vi@eWL @@ Wy_y =span{{pri} Uiy}, L <j <J —1,k € Z}.

DefineindexsetsD ={I = (j,k) : L<j<J—-1l;keZ}and A={I = (L,k) : k €
Z}. If we write W = (Wyy) for I € DU A and k € Z, then we have

, 1 €D
W = (V1. 0sk) €

(prir»orx) I = (LK) € A.

7.3 Discrete and Continuous Wavelets

Our goal now is to describe more explicitly how the vectors ¥; are related to the L,(R)
wavelets ;1 (x) = 2//2¢(2/ — k). For simplicity, we ignore boundary effects and remain
in the setting of £, (Z).

The discrete filtering operations of the cascade algorithm make no explicit use of the
wavelet ¥ and scaling function ¢. Yet they are derived from the multiresolution analysis
generated by (¢, ¥), and it is our goal in this subsection to show more explicitly how the
orthonormal columns of the discrete wavelet transform are approximations to the orthobasis
functions ¢ x and V¥ ji.

Approximating ¢ and W from the filter cascade. So far, the cascade algorithm has been
described implicitly, by iteration. We now seek a more explicit representation. Let /") =
hxZhx---%xZ 'hand g = h0—D x Z71g.

Lemma 7.4

aj k)= hOh—2ka;[n] = RA » a;[27k].
di k)= g"n—2kla;[n] = Rg" » a;[27k].

This formula says that the 2"-fold downsampling can be done at the end of the calcula-
tion if appropriate infilling of zeros is done at each stage. While not necessarily sensible in
computation, this is helpful in deriving a formula.

To describe the approximation of ¢ and ¥ it is helpful to consider the sequence of nested
lattices 2777 for r = 0, 1, .. .. Define functions ¢, ¥ on 27" Z using the r-fold iterated
filters:

0" @27"n) = 220V [n), v Q) =272 ). (7.14)
Clearly ¢ and v (© are the original filters 4 and g, and we will show that ¢ — ¢, ) —
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¥ in an appropriate sense. Indeed, interpret the function ¢ on 2777 as a (signed) measure
wr = p[e®)] that places mass 27" ¢ (27" n) at 27" n. Also interpret the function ¢ on R as
the density with respect to Lebesgue measure of a signed measure i = w[¢]. Then weak
convergence means that [ fdu, — [ fdpu for all bounded continuous functions f.

Proposition 7.5 1[¢ "] converges weakly to p[¢] as r — oo.

The left panel of Figure [7.3|illustrates the convergence for the Daubechies D4 filter. The
proof of this and all results in this section is deferred to the end of the chapter.

We now describe the columns of the discrete wavelet transform in terms of these approxi-
mate scaling and wavelet functions. To do so, recall the indexing conventions D and A used
in describing (Wj;). In addition, for x € 2-U+17, define

PR ) =200 x k), YR =2y x—k). (715

Proposition 7.6  Suppose that N = 27 . The discrete wavelet transform matrix (Wy;) with
I =(j,k)andi € Z is given by

w _ WWign) = NPy G/N) T = (jk) €D.

I = ( N — —1/2 (J L)

Lk, 91i) = N (i/N) Ie€A.

Thus, the Ith row of the wavelet transform matrix looks like 1//§J_j ) (where I = (j, k)),
and the greater the separation between the detail level j and the original sampling level J,
the closer the corresponding function w( 7) s to the scaled wavelet Yk (x).

Cascade algorithm on sampled data. We have developed the cascade algorithm assuming
that the input sequence ay[k] = (f, ¢sx). What happens if instead we feed in as inputs
a j[k] a sequence of sampled values { f(k/N)}?

Suppose that f is a square integrable function on 2777 = N~!Z. The columns of the
discrete wavelet transform will be orthogonal with respect to the inner product

(frg)n =NT"D " f(N"'m)g(N'n). (7.16)

nez
Proposition 7.7 Ifa;[n] = N~Y2 f(N~'n), and N =27, then for j < J,
a;lkl = (05 . fin.  dilkl= (5. fin. kel (7.17)

Formulas are an explicit representation of our earlier description that the sequences
{ajlk],.k € Z} and {d;[k], k € Z} are found from {a;[k],k € Z} by repeated filtering and
downsampling. Formulas suggest, without complete proof, that the iteration of this
process is stable, in the sense that as J —j increases (the number of levels of cascade between
the data level J and the coefficient level j ), the coefficients look progressively more like the
continuous-time coefficients (¢, f).

Table highlights a curious parallel between the “continuous” and “discrete” worlds:
the discrete filtering operations represented by the cascade algorithm, through the DWT
matrix W, are the same in both cases!
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Figure 7.3 Left: The function ¢") on 277 Z for the Daubechies D4 filter for
various values of 7. Right: rows of the wavelet transform matrix, N = 1024, for
the Daubechies D4 filter, showing scale j, location k and iteration number J = ;.

Continuous world Discrete World
aylk] = Aok, f) aslk] = N7V2 f(nN~1)
\: \

ajkl = e f) a4kl =tep " F)n
ikl = Wik, £)  dilkl =5 f)w

Table 7.1 Schematic comparing the orthogonal wavelet transform of functions f € L,(R) with the
discrete orthogonal wavelet transform of square summable sequences formed by sampling such
functions on a lattice with spacing N ~'. The vertical arrows represent the outcome of r = J — j
iterations of the cascade algorithm in each case.

7.4 Finite data sequences.

So far we have worked with infinite sequences a; and d; € {,(Z). We turn to the action of
the transform and its inverse on a finite data sequence a; of length N = 27 It is now neces-
sary to say how the boundaries of the data are treated. The transform W remains orthogonal
so long as £ is a filter generating an orthonormal wavelet basis, and either
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(i) boundaries are treated periodically, or

(i1) we use boundary filters (e.g. /Cohen et al.|(1993b)) that preserve orthogonality.

In either case, the detail vectors d; in are of length 2/, and the final approximation
vector ay is of length 2%, The orthogonal transform is then “non-redundant”, as it takes
N = 27 coefficients ay into 2771 + 2772 4 .. 4+ 2L 4+ 2L = N coefficients in the
transform domain. If 4 has B non-zero coefficients, then the computational complexity of
both W and WT is of order 2B(2/ 71 + 2772 + ... +2L) <2BN = O(N).

W maps a vector of data y = (y;,/ = 1,..., N) of length N = 27 into N wavelet coef-
ficients w = Wy. Identifying y with a;, we may identify w with {d;_,dj_»,....dp.ar}.
Compare again Figure[7.2] More specifically, we index w = (w;) with I = (j, k) and

wik=djx j=L,....J—landk=1,...,2
Wr—-1,k = ALk k = 1,...,2L.

With this notation, we may write y = W7 w in the form

Y= wiy; (7.18)

with ¥; denoting the columns of the inverse discrete wavelet transform matrix W7 . [The
bolding is used to distinguish the vector ¥ arising in the finite transform from the function
Y € Lr(R).] If we set ; = [ /N and adopt the suggestive notation

Vi) =Y.
then we may write the forward transform w = Wy in the form
wr =Y Yy (7.19)
I

7.5 Wavelet shrinkage estimation

Basic model. Observations are taken at equally spaced points t; = [/n, [ =1,...,n =27,
and are assumed to satisfy

Y, = f(t) + oz, 2 N, ). (7.20)
It is assumed, for now, that o is known. The goal is to estimate f, at least at the observation
points #;. The assumption that the observation points are equally spaced is quite important
whereas the specific form of the error model and knowledge of o are less crucial.

Basic strategy. The outline is simply described. First, the tranform step, which uses a finite
orthogonal wavelet transform W as described in the previous section. Second, a processing
step in the wavelet domain, and finally an inverse transform, which is accomplished by W T,
since W is orthogonal.

1) —— (wy)

l" (7.21)

WT

(f@) «— (@)
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Transform step. Being an orthogonal transform, W is non-redundant, and given n = 27/
data values (y;) in the “time” domain, produces n transform coefficients in the wavelet
domain, by use of the cascade algorithm derived from a filter %, as described in Section

The choice of filter & depends on a number of factors that influence the properties of
the resulting wavelet, such as support length, symmetry, and number of vanishing moments
(both for the wavelet and the scaling function). The tradeoffs between these criteria are
discussed in Section and in Mallat| (1999, Chapter 7). Common choices in Wavelab
include (boundary adjusted) versions of D4 or the symmlet S 8.

Processing Step. Generally the estimated coefficients i = n(w) are found by the follow-
ing recipe

R n(writ) I €D
wy =
wy I e A

Here n(wy;t) is a scalar function of the observed coefficient wy, usually non-linear and
depending on a parameter . We say that 1 operates co-ordinatewise. Often, the parameter ¢
is estimated, usually from all or some of the data at the same level as /, yielding the modified
expression n(wy;t(w;)), where I € Z;. In some cases, the function 7 itself may depend on
the coefficient index / or level j. Common examples include (compare Figure 2.1)) hard
thresholding:

na(writ) = wrl{lwy| =1},
and soft thresholding:
wy—t wy >t
ns(wr;t) =40 lwr| <t
wy +t wy < —t.

These may be regarded as special cases of a more general class of threshold shrinkage
rules, which are defined by the properties

odd: n(=x,t) = —n(x,t),
shrinks: n(x,t) <x if x >0,
bounded: x—nx,t) <t+b if x>0, (someb < 00),

threshold: n(x,t) =0iff |x| <zt.

Two examples (among many) of threshold shrinkage rules are provided by a) n(x,¢) =
(1 —12/x?%)+x which arises in the study of the non-negative garrote Breiman|(1995), and b)
the posterior median, to be discussed further below.

Other choices for 1, and methods for estimating ¢ from data will be discussed in the
next section. For now, we simply remark that James-Stein shrinkage, though not a co-
ordinatewise thresholding method, also falls naturally into this framework:

nis(wr;s(w;)) = s(w;)wy,
s(wj) = (1= (2 =20 /|w; )4

While this estimator does threshold the entire signal to zero if the total energy is small
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enough, |w;|* < (27 —2)0?, it otherwise applies a common, data-determined linear shrink-
age to all co-ordinates. When the true signal is sparse, this is less effective than thresholding,
because either the shrinkage factor either causes substantial error in the large components,
or fails to shrink the noise elements - it cannot avoid both problems simultaneously.

The estimator. Writing f for the vector ( f (tl)), we may summarize the estimation pro-
cess as

f=wTnwy).

This representation makes the important point that the scaling and wavelet functions ¢ and
Y are not required or used in the calculation. So long as the filter % is of finite length, and
the wavelet coefficient processing w — W is O(N), then so is the whole calculation.

Nevertheless, the iteration that occurs within the cascade algorithm generates approxima-
tions to the wavelet, as seen in Section[7.3] Thus, we may write the estimator more explicitly
as

fa) = D ) (n) (7.22)
1
= wier) + Y nwn¥r ),

IeA IeD

Thus, ¥; = W%_j ) here is not the continuous time wavelet ¥ ;; = 2//2y(2/ - —k), but
rather the (J — j)™ iterate of the cascade, after being scaled and located to match ko

compare (7.15)).

The (1, )th entry in the discrete wavelet transform matrix W is given by wj(.,{_j )(N )
and in terms of the columns ¥; of W, we have y; = > ; wi (N ~11).

First examples are given by the NMR data shown in Figure[I.2]and the simulated ‘Bumps’
example in Figure[7.4] The panels in Figure[I.2]correspond to the vertices of the processing
diagram (actually transposed!). The simulated example allows a comparison of soft
and hard thresholding with the true signal and shows that hard thresholding here preserves
the peak heights more accurately.

The thresholding estimates are

e simple, based on co-ordinatewise operations
e non-linear, and yet
e fast to compute (O(n) time).

The appearance of the estimates constructed with the /2 logn thresholds is

e noise free, with
e no peak broadening, and thus showing
e spatial adaptivity,

in the sense that more averaging is done in regions of low variability. Comparison with
Figure[6.2] shows that linear methods fail to exhibit these properties.
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(a) Bumps (b) Noisy Bumps

60

60

(c) VisuShrink[yBumps] (d) VisuShrinkH[yBumps]

60 60
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Figure 7.4 Panels (a), (b): artificial ‘Bumps’ signal constructed to resemble a
spectrum, formula in|Donoho and Johnstone|(1994a), || f||v = 7 and N = 2048
points. Li.d. N(0, 1) noise added to signal, so signal to noise ratio is 7. Panels (c),
(d): Discrete wavelet transform with Symmlet8 filter and coarse scale L = 5. Soft

(c) and hard (d) thresholding with threshold t = /2logn ~ 3.905.

The hidden sparsity heuristic. A rough explanation for the success of thresholding goes
as follows. The model (7.20)) is converted by the orthogonal wavelet transform into

wy = 0 + €3, e =o/Vn, 3 ENO, ). (7.23)

Since the noise is white (i.e. independent with constant variance) in the time domain, and
the wavelet transform is orthogonal, the same property holds for the noise variables Z; in the
wavelet domain—they each contribute noise at level €. On the other hand, in our sample
signals, and more generally, it is often the case that the signal in the wavelet domain is
sparse, 1.e. its energy is largely concentrated in a few components. With concentrated signal
and dispersed noise, a threshold strategy is both natural and effective, as we have seen in
examples, and will see from a theoretical perspective in Chapter[9)and beyond. The sparsity
of the wavelet representation may be said to be hidden, since it is not immediately apparent
from the form of the signal in the time domain.
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Estimation of o. Assume that the signal is sparsely represented, and so most, if not all,
data coefficients at the finest level are essentially pure noise. Since there are many (2/7!)
such coefficients, one can estimate o> well using a robust estimator

62 = MAD{wy 4.k € Ty_1}/0.6745,

which is not affected by the few coefficients which may contain large signal. Here M A D de-
notes the median absolute deviation (from zero). The factor 0.6745 is the population M AD
of the standard normal distribution, and is used to calibrate the estimate.

Soft vs. Hard thresholding The choice of the threshold shrinkage rule n and the selection
of threshold 7 are somewhat separate issues. The choice of 1 is problem dependent. For
example, hard thresholding exactly preserves the data values above the threshold, and as
such can be good for preserving peak heights (say in spectrum estimation), whereas soft
thresholding forces a substantial shrinkage. The latter leads to smoother visual appearance
of reconstructions, but this property is often at odds with that of good fidelity — as measured
for example by average squared error between estimate and truth.

Correlated data. If the noise Z; in (7.20) is stationary and correlated, then the wavelet
transform has a decorrelating effect. (Johnstone and Silverman| (1997)) has both a heuris-
tic and more formal discussion). In particular, the levelwise variances crf = Var(wjx) are
independent of k. Hence it is natural to apply level-dependent thresholding

Wik = n(wjk. 1;).

For example, one might take t; = 6;/2logn with 6; = MADy{w,x}/0.6745.

@) (@)

Figure 7.5 Ion channel data. Panel (a) sample trace of length 2048. Panel (b)
Dotted line: true signal, Dashed line: reconstruction using (translation invariant)
thresholding at 6 /2 logn. Solid line: reconstruction using TI thresholding at data
determined thresholds (a combination of SURE and universal).Further details in
Johnstone and Silverman|(1997).

Wavelet shrinkage as a spatially adaptive kernel method. We may write the result of
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thresholding using (7.18) in the form
Fay =Y "wrpr) b =cr(y)wy (7.24)
I

where we have here written 17 (w) in the “adaptive linear shrinkage” form c;(w)y;.
Inserting the wavelet transform representation into leads to a kernel repre-
sentation for f ():

F@) =Y cr¥r @)y =Y K.ty
I I

1

where the kernel

K(s.0) =Y crM¥r(&)¥:1(t),  s.tefy=1/N}. (7.25)
1

The hat in this kernel emphasizes that it depends on the data through the coefficients
c7(y). The individual component kernels K;(t,s) = ¥;(t)¥;(s) have bandwidth 2=/ B
where B is the support length of the filter . Hence, one may say that the bandwidth of K at
t; is of order 277  where

j() = max{j s c; (Y1) # 0. some I €L},

In other words, #; must lie within the support of a level j wavelet for which the corre-
sponding data coefficient is not thresholded to zero. Alternatively, if a fine scale coefficient
estimate ;. # 0, then there is a narrow effective bandwidth near 27/k. Compare Figure
By separating the terms in (7.23) corresponding to the approximation set A and the
detail set D, we may decompose

K=K4+Kp

where the approximation kernel K4(#;,tn) = Y  @1(t;)@1(t,) does not depend on the
observed data y.

Exercise. With W the N x N discrete wavelet transform matrix, let C = diag (c;)
be a diagonal matrix with entries c; defined as above and let §; € R have zero entries
except for a 1 in the /-th place. Show that the adaptive kernel at #;, namely the vector K ] =
{Ie (11, tm)}Y_,, may be calculated using the wavelet transform via K, =WICWS§,.

Translation invariant versions. The discrete wavelet transform (DWT) is not shift invari-
ant: the transform of a shifted signal is not the same as a shift of the transformed original.
This arises because of the dyadic downsampling between levels that makes the DWT non-
redundant. For example, the Haar transform of a step function with jump at 1/2 has only
one non-zero coefficient, whereas if the step is shifted to say, 1/3, then there are log, N
non-zero coefficients.

The transform, and the resulting threshold estimates, can be made invariant to shifts by
multiples of N~! by the simple device of averaging. Let S denote the operation of circular
shifting by N=1: Sf(k/N) = f((k + 1)/N), except for the endpoint which is wrapped
around: Sf(1) = f(1/N). Define

fTI = AVelsksN (S_k o f o Sk)
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Figure 7.6 Produces figure showing spatially adaptive kernel features of hard thresholding
as applied to the RaphaeINMR signal

The translation invariant (TT) estimator averages over all N shifts, and so would appear to
involve at least O(N?) calculation. However, the proposers of this method, (Coifman and
Donoho| (1995), describe how the algorithm can in fact be implemented in O(N log N)
operations.

It can be seen from Figure that the extra averaging implicit in f TT reduces artifacts
considerably. Experience in practice has generally been that translation invariant averaging
improves the performance of virtually every method of thresholding, and its use is encour-
aged in situations where the log N computational penalty is not serious.

7.6 Choice of threshold.

We give only a partial discussion of this large topic here, and choose only among methods
that have some theoretical support.

The key features of a threshold method are firstly, the existence of a threshold zone [—t, t]
in which all observed data is set to zero. This allows the estimator to exploit sparse signal
representations by ensuring that the mean squared error is very small in the majority of
co-ordinates in which the true signal is negligible.

Secondly the fail behavior of the estimate as |x| — oo is also significant. More specifi-
cally, the growth of x — n(x) — approaching zero or a constant or diverging — influences the
bias properties of the estimate, particularly for large signal components.

Often, one may know from previous experience or subjective belief that a particular
choice of threshold (say 30 or 50) is appropriate. On the other hand, one may seek an
automatic method for setting a threshold, and this will be the focus of subsequent discus-
sion.

‘Automatic’ thresholding methods can be broadly divided into fixed versus data-dependent.
“Fixed” methods set a threshold in advance of observing data. One may use a fixed num-
ber of standard deviations ko, or a more conservative limit, such as the universal threshold
t =o0./2logn.

1. “Universal’ threshold A,, = ,/2logn. This is a fixed threshold method, and can be
used with either soft or hard thresholding. If Zy, ..., Z, are i.i.d. N(0, 1) variates, then it
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Soft Haar Tl Hard Haar TI
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Figure 7.7 Figure to show SoftHaarTI-Blocks and HardHaarTI-Blocks with reference to
CoDo paper for other test functions.

can be shown (compare (8.21)) that for n > 2,
1

\/nlogn'

Similarly, it can be shown that the expected number of |Z;| that exceed the threshold will
satisfy the same bound. Thus, for a wide range of values of n, including 64 = 26 < n < 229,
the expected number of exceedances will be between 0.15 and 0.25, so only in at most a
quarter of realizations will any pure noise variables exceed the threshold.

[Since the wavelet transform is orthogonal,

Py = P{max |Z;| > /2logn} =

P{fp=0/f=0=1-—P, — 1.

Thus, with high probability, no “spurious structure” is declared, and in this sense, the univer-
sal threshold leads to a “noise free” reconstruction. [Note however that this does not mean
that f = f with high probability when f # 0, since f is not linear in y.]

The price for this admirably conservative performance is that the method chooses large
thresholds, which can lead to noticeable bias at certain signal strengths. This shows up in the



7.6 Choice of threshold. 181

theory as extra logarithmic terms in the rate of convergence of this estimator, e.g. Theorem
[10.10]

When combined with the soft thresholding non-linearity, the universal threshold leads to visually smooth
reconstructions, but at the cost of considerable bias and relatively high mean squared error (cf. Donoho et al.
(1995)).

2. False discovery rate (FDR) thresholding. This is a data dependent method for hard
thresholding that is typically applied levelwise in the wavelet transform. Suppose that y; ~
N(0;,0?) are independent, and form the order statistics of the magnitudes:

vl = yle = - = [Ylm-

Fix the false discovery rate parameter g € (0, 1/2]. Form quantiles tx = 0z(q/2-k/n). Let
kr = max{k : |y|&) > tx}, and set tr = 1, and use this as the hard threshold

Ok (y) = yil{lyk| = ir}. (7.26)

Figure 7.8 (a) 10 out of 10,000. u; = o = 5.21fori =1,...,n9 = 10and pu; = 0 if
i =11,12,...,n = 10,000. Data y; from model (T.3), € = 1. Solid line: ordered data
|¥1(k)- Solid circles: true unobserved mean value y; corresponding to observed |y |()-
Dashed line: FDR quantile boundary #;, = z(q/2 - k/n), ¢ = 0.05. Last crossing at

121: = 12 producing threshold /g = 4.02. Thus [¥l(10) and |y](12) are false discoveries out

of a total of k F = 12 discoveries. The empirical false discovery rate F DR =2 /12. (b) 100
out of 10,000. u; = po = 4.52fori = 1,...,n9 = 100; otherwise zero. Same FDR

quantile boundary, ¢ = 0.05. Now there are k F = 84 discoveries, yielding fr = 3.54 and
FDR = 5/84. (from|Abramovich et al.|(2006).)

The boundary sequence (f;) may be thought of as a sequence of thresholds for ¢ —statistics
in model selection: the more variables (i.e. coefficients in our setting) enter, the easier it is
for still more to be accepted (i.e. pass the threshold unscathed.)
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As is shown in|Abramovich et al.[(2006)), the FDR estimator has excellent mean squared
error performance in sparse multinormal mean situations - for example being asymptotically
adaptive minimax over £, balls. In addition (unpublished), it achieves the “right” rates of
convergence over Besov function classes - thus removing the logarithmic terms present when
the /2 logn threshold is used.

However, the choice of g is an issue requiring further study — the smaller the value of ¢,
the larger the thresholds, and the more conservative the threshold behavior becomes.

3. Stein’s unbiased risk estimate (SURE) thresholding. This is a data dependent method
for use with soft thresholding, again typically level by level. It has the special feature of al-
lowing for certain kinds of correlation in the noise. Thus, assume that y ~ N, (6, V), and
assume that the diagonal elements oy of the covariance matrix are constant and equal to o2.
This situation arises, for example, if in the wavelet domain, k — y ;i is a stationary process.

At [2.54), we derived the unbiased risk criterion for soft thresholding, and found that
Egl6 — 0> = EoU (t), where (putting in the noise level 62)

ﬁ(t)=02n+2y,%/\t2—20221{|yk| <t}
k k

Now set

fsyre = argmin U(t).
0<t<o./2logn

The criterion U (1) does not depend on details of the correlation (o ik, J 7 k) and so can be
used in correlated data settings when the correlation structure is unknown, without the need
of estimating it.

The minimization can be carried out in O(n logn) time.

The SURE estimate also removes logarithmic terms in the rates of convergence of wavelet
shrinkage estimates over Besov classes (though a ‘pretest’ is needed in certain cases to
complete the proofs).

4. Empirical Bayes. This data dependent method for levelwise thresholding provides
a family of variants on soft and hard thresholding. Again assume an independent normal
means model, y; = 6; + oz;, with z; i.i.d standard normal. As in Section allow 6; to
independently be drawn from a mixture prior distribution :
91' ~ (1 — w)50 + Wy,.

Here w is the probability that 6; is non-zero, and y,(d6) is a family of distributions with
scale parameter a > 0, for example the double exponential

Va(dO) = (a/2)e= 0.

Using L, loss ||é -0l =] |é,- — 6;|, it was shown in Sectionthat the Bayes rule
for this prior is the median 6gg(y) of the posterior distribution of 6 given y :

OeB.i(y) = n(yi;w,a),
and that the posterior median n has threshold structure:

ny;w,a) =0 if |y| <ot(w,a),
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while for large |y|, it turns out that |y — n(y)| ~ oa.
The hyperparameters (w, a) can be estimated by maximizing the marginal likelihood of
(w, a) given data (y;). Indeed, the marginal of y;

m(y:|w,a) = / bo (i — 6)7(d8) = (1 — W) (v1) + w / Bo (s — 0)7a(d6))

and the corresponding likelihood £(w, a) = []; m(y;|w, a).

Theory shows that the method achieves the optimal rates of convergence, while simula-
tions suggest that the method adapts gracefully to differing levels of sparsity at different
resolution levels in the wavelet transform (Johnstone and Silverman, 2004a)).

A numerical comparison. Table is an extract from two larger tables in Johnstone
and Silverman| (2004a) summarizing results of a simulation comparison of 18 thresholding
methods. The observations x = uols + z are of length 1000 with noise z; being i.i.d.
standard normal. The non-zero set S is a random subset of {1,..., 1000} for each noise
realization, and each of three sizes K = |S| = 5,50, 500 corresponding to ‘very sparse’,
’sparse’ and "dense’ signals respectively. Four signal strengths po = 3, 4, 5 and 7 were used,
though only two are shown here. There are thus 3 x 4 = 12 configurations. One hundred
replications were carried out for each of the values of K and pg, with the same 100,000
noise variables used for each set of replications.

Among the 18 estimators, we select here: ‘Universal’ or /2logn ~ 3.716 thresholding,
FDR thresholding with ¢ = 0.1 and 0.01, SURE thresholding, and empirical Bayes thresh-
olding respectively with a = 0.2 fixed and w estimated, and with (a, w) estimated, in both
cases by marginal maximum likelihood.

For each method 6,, and configuration 6., the average total squared error was recorded
over the n, = 100 replications:

rOnb) = 1"y 16m(0c + 2) — e,
1

Some results are given in Table[7.2]and the following conclusions can be drawn.

e hard thresholding with the universal threshold particularly with moderate or large amounts
of moderate sized signal, can give disastrous results.

e Estimating the scale parameter a is probably preferable to using a fixed value, though
it does lead to slower computations. In general, the automatic choice is quite good at
tracking the best fixed choice, especially for sparse and weak signal.

e SURE is a competitor when the signal size is small (1o = 3) but performs poorly when
o is larger, particularly in the sparser cases.

e If g is chosen appropriately, FDR can outperform exponential in some cases, but the
choice of ¢ is crucial and varies from case to case.

An alternative way to compare methods is through their inefficiency, which compares the
risk of 6, for a given configuration 6, with the best over all 18 methods:

rOnb) 1}

min,, r(ém.GC)

ineff(f,,, 6,) = 100 [
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Table 7.2 Average of total squared error of estimation of various methods on a mixed signal of
length 1000.

Number nonzero 5 50 500

Value nonzero 3 5 3 5 3 5 med 10th max
a=02 38 18 299 95 1061 665 18 30 48
exponential 36 17 214 101 857 783 7 30 52
SURE 38 42 202 210 829 835 35 151 676
FDR g=0.01 43 26 392 125 2568 656 44 91 210
FDR ¢=0.1 40 19 280 113 1149 651 18 39 139
universal soft 42 73 417 720 4156 7157 529 1282 1367
universal hard 39 18 370 163 3672 1578 50 159 359

The inefficiency vector ineff(ém) for a given method has 12 components (corresponding to
the configurations 6.) and Table[7.2]also records three upper quantiles of this vector: median,
and 10th and 12th largest. Minimizing inefficiency has a minimax flavor—it turns out that
the empirical Bayes methods have the best inefficiencies in this experiment.

S. Block Thresholding [TO BE ADDED. ]

7.7 Further Details

Proof of Lemmal[7.4]  We write this out for a;; there is a parallel argument for d ;. The argument is by
induction. The case r = 1 is the analysis step . For general r, (7.10) gives

ajrlk] = Rh*aj_ri1[2k],

and using the induction hypothesis for r — 1, we obtain
aj_plk) =Yl —2k1> V-2 a;n)
1 n

= "a;n Y WD -2l - 2.
n 1

Now h[l —2k] = Z" = h[2" 1] — 2" k] and since Z" "1 h[m] = O unless m = 2" 1], and so the inner sum
equals

Zh(’—l)[n —m)Z"  hm = 27k] = hO™D % 2" Vhfn = 27k] = KO [n — 27 k). =

m

Relating W 0 ¢. Recall that the scaling function ¢ was defined by the Fourier domain formula (RE\) =

o h@7/f)

=1
zero padding is given by

. This suggests that we look at the Fourier transform of h()_ First note that the transform of

Zh) =Y e ez =Y e k] = hQw),
1 k
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so that £ (") (w) = ]_[;,_:10 fz(Zpa)). Making the substitution w = 277§, we are led to define an rth approxi-
mation to ¢ as a distribution (p(r ) having Fourier transform
lL[ h2 7€)

O ey — /27 (T gy —
V(&) =271 (278 7

(7.27)
j=1

We now verify that <p(r ) can be thought of as a function (or more precisely, a measure) defined on 277 Z.
Indeed, a discrete measure =y, m[n]8—r, supported on 27" Z has Fourier transform

[1(§) = /e_"‘gxu(dx) =Y mlnle 2 = m (27T ).

Thus, the quantity 27T/2p(r) (277¢) in Ii is the Fourier transform of a measure ), 27T/2p(r) [n]62—75.
Secondly, a real valued function g(27"n) defined on 277 Z is naturally associated to the measure (g =
> n 27" g(27"n)8p—rp, (the normalizing multiple 27" can be motivated by considering integrals of func-

tions against (g ). Combining these two remarks shows that (p(’ ) is indeed a function on 277 Z, with
277" 20y = 2712 ). (7.28)
PROOF OF PROPOSITION We first re-interpret the results of Lemma [7.4] Suppose j < J. Since
®jk € Vy, we have

Qik = D @)k @In)Pin:

n
(and similarly for ¥, € W; C Vy.)If f € Vj and as before we set aj[k] = (f,¢;r), and dj[k] =
(f, ¥ k), then by taking inner products with f in the previous display,
ajlk] =Y (@jk-¢rn)arsln].
n

Replacing j with J — r and comparing the results with those of the Lemma, we conclude that
@s-rk-0rn) = O =2k (Wy—p-0an) = 7l = 2'k].
Comparing the first of these with and replacing r = J — j, we get
@i @an) =29 7D2U=D @I~y — oy = NT2G 5D /N,

which is the second equation of Proposition[7.6] The first follows similarly.
PROOF OF PROPOSITION Letr = J — j,sothata; = aj—, and, using Lemma[7.4 a;[k] =

>, B[ —27k) a s [n]. From (7.14),
KO =27kl =27"2M Q" n—k) = N_l/zwj.?(N_ln),

which implies that a ; [k] = N1 don (pxc) (N"In)f(N"In) = ((p%_j), /) n - The argument for d [k] is
exactly analogous.

7.8 Notes

§1. Many expositions rightly begin with the continuous wavelet transform, and then discuss
frames in detail before specialising to orthogonal wavelet bases. However, as the statistical
theory mostly uses orthobases, we jump directly to the definition of multiresolution analysis
due to Mallat and Meyer here in a unidimensional form given by Hernandez and Weiss
(1996):
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1. Warning: many authors use the opposite convention V;; C V!

3. Conditions (i) - (iv) are not mutually independent -see |Hernandez and Weiss| (1996).
Unequally spaced data? [TC & Lw: fill in!]

More remarks on L; loss leading to posterior median.

Include Eisenberg example?
Topics not covered here: Extensions to other data formats: time series spectral density

estimation, count data and Poisson estimation.

Books specifcially focused on wavelets in statistics include (Ogden| (1997), [Vidakovic
(1999)), Jansen| (2001 and Nason| (2008)). The emphasis in these books is more on describing
methods and software and less on theoretical properties. [Hardle et al.| (1998)) is a more the-
oretically oriented treatment of wavelets, approximation and statistical estimation, and has
considerable overlap in content with the later chapters of this book, though with a broader
focus than the sequence model alone.
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Thresholding and Oracle inequalities

Less is more. (Anon.)

Oracle, n. something regarded as an infallible guide or indicator, esp. when its action
is viewed as recondite or mysterious; a thing which provides information, insight, or
answers. (Oxford English Dictionary)

Thresholding is very common, even if much of the time it is conducted informally, or
perhaps most often, unconsciously. Most empirical data analyses involve, at the exploration
stage, some sort of search for large regression coefficients, correlations or variances, with
only those that appear “large”, or “interesting” being retained for reporting purposes, or in
order to guide further analysis.

For all its ubiquity, thresholding has received much less theoretical attention than linear
estimation methods, such as those we have considered until now. This is perhaps due, in
part, to the non-linearity that is inherent to thresholding: a scaled up version of the data does
not always yield a proportionately scaled-up version of the estimate, since the very act of
scaling up the data may put it over the retention threshold.

Consequently, the bias-variance decomposition cannot be used as directly for threshold
estimators as for linear ones: one needs other features of the distribution of the data beyond
first and second moments. The main concern of this chapter will therefore be to develop
tools for analysing and understanding the mean squared error of soft and hard thresholding
and its dependence on both the unknown mean and the threshold level.

Section[8.1]begins with a simple univariate mean squared error bound for hard threshold-
ing. This is immediately used to show much faster rates of convergence over £; balls in R”
than are possible with linear estimators.

A more systematic comparison of soft and hard thresholding begins in Section [8.2] with
univariate upper and lower bounds for mean squared error that differ only at the level of con-
stants. Soft thresholding is easier to study theoretically, but is not always better in practice.

Turning to data in n dimensions, we look at the properties of thresholding at € /2 logn,
a value closely connected with the maximum (alsolute) value of n independent standard
normal variates, here thought of as pure noise. Its mean squared error, for any signal 6 in
white Gaussian noise, is within a logarithmic factor of that achievable by an oracle who
knows which co-ordinates exceed the noise level.

Without further information on the nature or size of 6, this logarithmic factor cannot be

187
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improved. The demonstration of this, outlined in Section[8.5] benefits from the use of sparse
two point priors, supported mostly on O but partly on a given u > 0. So these are studied
first in Section [8.4] where they are set up precisely so that observed data near p will still, in
the posterior, be construed as most likely to have come from the atom at 0!

A simple class of models for a sparse signal says that at most a small number of co-
ordinates can be non-zero, k out of n say, though we do not know which ones. The min-
imax risk for estimation of 6 in such cases is studied in Sections and is shown,
for example, to be asymptotic to 2e2k, log(n/k,) in the case k, — oo more slowly than
n. Thresholding rules are asymptotically minimax in this case, and the upper bound is an
easy consequence of earlier results in this chapter. The lower bound proceeds in two steps,
through study of sparse priors in a univariate model, Section followed by use of the
Bayes-minimax method sketched in Chapter 4]

The highly sparse case, in which &, remains bounded as n grows, has some special fea-
tures. Section [8.9]looks at the case of a single spike and develops non-asymptotic upper and
lower risk bounds, which also find use later in Chapter 11}

8.1 A crude MSE bound for hard thresholding.

Consider a single observation y ~ N(, €2). The thresholding estimator may be written as
6 (y) = yIg where E is the event {|y| > A€} on which y exceeds the threshold and is
retained.

Denote the mean squared error of 6 by rg(A,0) = Eg[ylg — 6]*>. We construct two
bounds for the mean squared error, according as the signal 6 is smaller than the noise € or
not. It will be seen that this has the character of a bias or variance decomposition — since
such a thing is of course not really possible, we are forced to accept extra terms, either
additive or multiplicative, in the analogs of bias and variance.

Proposition 8.1 Ify ~ N(0, €?), there exists a constant M such that if A > 4

M[O? + Ap(A — 1)e?] if |0] <e

8.1
MA2e? if 0] > e. ©.1)

ra (4. 0) 5{

[As usual, ¢ denotes the standard normal density function. ]
Proof Consider first the small signal case |#| < €. Arguing crudely,
Eg[yIg —6)? <2Eqy*Ig + 26°.

The first term is largest when |0| = €. In this case, if we set x = y/e ~ N(1, 1) then
o0
Egy*lg < €*- 2[ x2p(x — 1dx < 4rp(A — 1)€?, (8.2)
A

where we used the fact that for y > 3, (y +1)%2¢(y) < 2(y2=1)¢p(y) = 2(d/dy) [y (»)].
In the large signal case, |#| > €, we use the relation y = 6 + €z to analyse by cases,
obtaining

€z if |y| > Ae,
ylg—0 = .
ez—y if|y| < e,
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so that in either case
(IE —0)* <2e%(z* + A?).

Taking expectations gives the result, for example with M = 8. We have however de-
emphasized the explicit constants (which will be improved later anyway in Lemma [8.5] and
(8.17)) to emphasise the structure of the bound, which is the most important point here. []

Exercise [8.2] shows how the condition A > 4 can be removed.

From the proof, one sees that when the signal is small, the threshold produces zero most
of the time and the MSE is essentially the resulting bias plus a term for ‘rare’ errors which
push the data beyond the threshold. When the signal is large, the data is left alone, and hence
has variance of order €, except that errors of order Ae are produced about half the time when
0 = Ae!

Example 8.2 Let us see how yields rough but useful information in an n-dimensional
estimation problem. Suppose, as in the introductory example of Section [[.3] that y ~
Nn(0,€2, 1) with €, = n~/2 and that 6 is assumed to be constrained to lie in an £;-ball
On1 = {0 € R" : > 16;] < 1}. On this set, the minimax risk for linear estimation equals
1/2 (shown at (9.21) in the next chapter), but thresholding does much better. Let B, be the
set of “big” coordinates |0;| > € = n~Y/? and S, = Bf. Clearly, when 0 € ©, ;, the
number of big coordinates is relatively limited: |B,| < n'/?. For the ‘small’ coordinates,
07 <n~'216;],s0 Y5 67 < n~'/2. Now using 1)

D ra(A.6) <MY A2+ MY (07 + Ap(h — 1)e?]

B” S"
< MM V2 4 Mn7V2 + 1A —1)].
Choosing, for now, A = 1 + /logn, so that ¢(A — 1) = ¢(0)n~"/2, we finally arrive at
E|6, — 0> < M'logn//n.

While this argument does not give exactly the right rate of convergence, which is (logn2/n)'/2,
let alone the correct constant, compare (I13.27) and Theorem [I3.16] it already shows clearly
that thresholding is much superior to linear estimation on the £ ball.

8.2 Properties of Thresholding Estimators

In this section we consider two types of thresholding estimators § (x) in the simplest univari-
ate case: x ~ N(u, 1). We introduce some special notation for noise level € = 1.
Hard Thresholding.

X x| >A

S (x. ) = 0 |x| <A

(8.3)

Soft Thresholding.
X—A x>A
8s(x,1) =10 x| < A (8.4)
X+A x<-—A.
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Similarities. These two estimators are both non-linear, and in particular have in common
the notion of a threshold region |x| < A in which no signal is estimated. Of course, hard
thresholding is discontinuous, while soft thresholding is constructed to be continuous, which
explains the names. Compare Figure The threshold parameter in principle can vary over
the entire range [0, 00], so the family includes the special linear estimators §(x,0) = x and
8(x,00) = 0 that “keep” and “kill” the data respectively. In general, however, we will be
interested in thresholds in the range between about 1.5 and a value proportional to the square
root of log-sample-size. We now make some comments specific to each class.

Differences. Hard thresholding preserves the data outside the threshold zone, which can
be important in certain applications, for example in denoising where it is desired to preserve
as much as possible the heights of true peaks in estimated spectra. The mathematical conse-
quence of the discontinuity is that the risk properties of hard thresholding are a little more
awkward—for example the mean squared error is not monotonic increasing in x> 0. Hard
thresholding also has the interesting property that it arises as the solution of a penalized least
squares problem

SH(x,/\) = arg min,, (x — W) + A2 {u # 0}.

Indeed, when  # 0 the criterion has minimum value A? when © = x and when y vanishes,
the criterion equals x2. Hard thresholding amounts to choosing the better of these two values.

Soft thresholding, on the other hand, shrinks the data towards O outside the threshold
zone. The mean squared error function is now monotone in © > 0, and we will see later
that the shrinkage aspect leads to significant smoothing properties in function estimation
(e.g. Chapter [I0). In practice, however, neither soft nor hard thresholding is universally
preferable—the particular features of the application play an important role. The estimator
that we call soft thresholding has appeared frequently in the statistics literature, for example
Efron and Morris| (1971), who term it a “limited-translation” rule. Soft thresholding also
arises from a penalized least squares problem

gs(x,k) = arg min,, (x — W)+ 24 ),

as may be verified directly.
Notice that in the case of n-dimensional data, the same calculation can be conducted
co-ordinatewise:

§s(x.2) = argmin, con D (xi — )2 + 20 Y |il,
i i

Since the penalty term is an £, norm of p, soft thresholding is sometimes also called the £, —
rule. In the same vein, the corresponding penalty for hard thresholding in R is ), I{u; #
0}, which with slight abuse of notation might be called an £y penalty.

Compromises. Many compromises between soft and hard thresholding are possible that
appear in principle to offer many of the advantages of both methods: a threshold region for
small x and exact or near fidelity to the data when x is large.

1) soft-hard thresholding (Gao and Brucel [1997)): This is a compromise between soft and
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hard thresholding defined by

0 if x| < 44
8ai,22(X) = {sgn(x)22B20 i, < x| < A,
X if |x] > A,.

2) S(x) = (x — A?/x)4 suggested by [Gao| (1998) based on the “garotte” of Breiman
(1995).

3) g(x) constructed as the posterior median for a prior distribution that mixes a point mass
at zero with a Gaussian of specified variance (Abramovich et al., {1998]).

While these and other proposals can offer useful advantages in practice, for these notes
we concentrate on soft and hard thresholding, because of their simplicity and the fact that
they encompass the main theoretical phenomena.

Soft thresholding.

The explicit risk function rg(u,A) = E [35 (x,A) — ]? can be calculated by considering
the various zones separately — explicit formulas are given in Section Here we focus
on qualitative properties and bounds. We first restate for completeness some results already
proved in Section Write ®(A) = f 4 9(2)dz for the standard Gaussian measure of an
interval A and let [, = [—A, A]. The risk function of soft thresholding is increasing:

9
@rs (A, ) = 2ud@([15 — u]) < 2pu, (8.5)

while

r(d,00) =1+ A2, (8.6)
which shows the effect of the bias due to the shrinkage by A, and
- < e /2 (all 1)
1500 =2 [ E-n@dz (el GzvD 6D
* ~ 4273¢(2) (X large).
(compare Exercise[8.3). A sharper bound is sometimes useful (also Exercise[8.3)
rs(A,0) < 41731 + 1.5072)p (1), (8.8)

valid for all A > 0. The risk at 4 = 0 is small because errors are only made when the
observation falls outside the threshold zone.
We summarize and extend some of these conclusions about the risk properties:

Lemma 8.3 Let7(A, u) = min{rg(A,0) + u?,1 + A2} Forall A > O and i € R,
) <rs(Ap) < F(AL ). (8.9)

The risk bound 7 (A, ) has the same qualitative flavor as the crude bound (8.1)) derived
earlier for hard thresholding, only now the constants are correct. In fact, the bound is sharp
when p is close to 0 or co. We may interpret rs(A,0) + u? as a “bias” term, adjusted for
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risk at zero, and 1 + A2 as a “variance” term, reflecting the risk for large w. Figure[3.1| gives
a qualitative picture of these bounds.

Proof Symmetry of the risk function means that we may assume without loss that & > 0.
Write r, (A, s) = (0/dp)rs (A, 0)]u=s- By (8.3), the partial derivative r,, < 2, and so

rs(A, u) —rs(A,0) = /()M ru(d, $)ds < u. (8.10)
The upper bound follows from this and (8.6). For the lower bound, write x = u + z, and
use the simple decomposition
E,L[Sg(x,/\) —u? > Elz=M)%z4+pu>A+u’Pz+p<2). (8.11)
If u < A, the right side is bounded below by
El(z =2z > A+ p2/2 = (rs(A,0) + 11%)/2,
using (8.7). If & > A, then from monotonicity of the risk function, rs(A, 1) > rs(i, 1),
and applying at = A,
rs(A, ) = E[(z=2)%z2>01+1%/2=22-24¢0) + 1/2> (A* + 1)/2
with the last inequality valid if and only if A > \/8/_7'[ . In this case, the right sides of the

last two displays both exceed 7 (A, t)/2 and we are done. The proof of the lower bound for
A < +/8/m is deferred to the Appendix. O

A
P

Figure 8.1 Schematic diagram of risk functions of soft and hard thresholding.
Dashed lines indicate upper bounds for soft thresholding of Lemma|8.3

Consequences of are well suited to showing the relation between sparsity and quality
of estimation. As was also shown in Section[2.7] using elementary properties of minima, one
may write

rs(A, ) <rs(A,0) 4+ (1 + A% A 2. (8.12)
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In conjunction with the bound rg(A,0) < e**12 ([877), we arrive at

Corollary 8.4 Suppose y ~ N(0,€?). Let§ > 0 and As = /2log 8. Then

rs(As,0) < 8?4+ (1 +2log8 1) (6% A €?). (8.13)
Hard thresholding

The risk function is easily written in the form

) =2 -+ [ 2 (8.14)
lz+up|>A
The extreme values for small and large p are:
rg(A,o00) =1
ra(A,0) = 2/ 22¢(2)dz = 2Xp(X) + 20(X) ~ 214 (1), (8.15)
A

as A — oco. Note that the value at oo reflects only variance and no bias, while the value
at zero is small, though larger than that for soft thresholding due to the discontinuity at A.
However (8.14) also shows that there is a large risk near u = A: for large A:

ra () ~ A2/2.

See Exercise[8.5]for more information near yu = A.
An analogue of the upper bound of Lemma [8.3]is available for hard thresholding. In this
case, define

min{r(1,0) + 1.2u%, 1+ p?} 0<pu<2A

r(A, = -
T = 2d - ey

and extend 7 to negative i by making it an even function.

Lemma 8.5 (a) For A > 0and 1 € R,
(5/12)Fr(A, ) < ra(A, p) < F(A, p). (8.16)

(b) The large v component of ¥ has the bound

A2)2 ifA > V2x,
A2 ifA>1.

sup > ®(p — A) < {
w=A

Proof Again we assume without loss that & > 0. The upper bound for y > A is a direct
consequence of (8.14). For 0 < p < A, the approach is as used for (8.10), but for the details
of the bound 0 < (d/du)rg (A, w) < 2.4u, we refer to [Donoho and Johnstone| (19944,
Lemma 1). As a result we obtain, for0 < pu < A,

ra(A, w) <rg(d,0) + 1.2u°.
The alternate bound, rg (A, 1) < 1 + u?, is immediate from (8.14).
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The lower bound is actually easier—by checking separately the cases & > A and u < A,
it is a direct consequence of an inequality analogous to (8.11):

E 8g(x.A)—u)? = E[2%. 2+ 1> A + u>P(z + p < A).
For part (b), set @ = p — A > 0 and define g (o) = (A + )2 ®(cr). We have
g@) =R +ap@h(@),  hl@)=2(d@/¢@)—-1-a,

and h(0) = +/2m — A < 0if A > /2x. Differentiation and the bound ® (o) < ¢ (a)/cx
show that / is decreasing and hence negative on [0, 00), so that g(a) < g(0) = A?/2. In the
case where we only assume that A > 1, we have g(a) < A2(1 + «)2®(«r) < A2, as may be
checked numerically, or by calculus. O

For use in later sections, we record some corollaries of the risk bounds. First, for A > 1,

rg(A,0) + 122 pn<l
A p) < 8.17
ra(A,p) = 1422 w1 (8.17)
Second (Exercise [8.4)
2 2 11
r(.0) < (2A + V2m)¢p(A) allA >0 (8.18)
4rp(A) A> 1.

Remark. In both cases, we have seen that the maximum risk of soft and hard thresh-
olding is O(A?). This is a necessary consequence of having a threshold region [—A, A] : if
8(x) is any estimator vanishing for [x| < A, then simply by considering the error made by
estimating 0 when = A, we find that

E;(8(x) = 1) = 22P{|x| < A} ~ A%/2 for large . (8.19)

8.3 Thresholding in R” and Oracle Inequalities

Let us turn now to the vector setting in which we observe n co-ordinates, y; = 6; + €z;,
with as usual, z; being i.i.d. N(0, 1). A leading example results from the discrete equispaced
regression model after applying a discrete orthogonal wavelet transform, compare
(7.23).

Consider an estimator built from soft (or hard) thresholding applied co-ordinatewise, at

threshold A,, = €/2logn:
05 . =38s(yi.ey/2logn). (8.20)

and let éﬁ denote hard thresholding at the same level.

Remarks. 1. Here is one reason for the specific choice A,, = /21logn (other choices will
be discussed later.) We show that this threshold level is conservative, in the sense that

P{H =06 =01
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as n — 00, so that with high probability, 6 does not assert the presence of “spurious struc-
ture”. To verify this, note that if each y; is distributed independently as N (0, €2), then the
probability that no observation exceeds the threshold A, equals the extreme value probability

< ; (8.21)
..... Jmlogn
valid for n > 2 (see 3° in Appendix).

Table [8.1| compares the exact value m, of the extreme value probability with the upper
bound b, given in . Also shown is the expectation of the number N, of values Z; that
exceed the /2 logn threshold. It is clear that the exceedance probability converges to zero
rather slowly, but also from the expected values that the number of exceedances is at most
one with much higher probability, greater than about 97%, even for n large. Compare also
Exercise And looking at the ratios b, /7,, one sees that while the bound b,, is not fully
sharp, it does indicate the (slow) rate of approach of the exceedence probability to zero.

n /2logn TTn T[;V EN, by

32 2.63 0.238 0.248 0.271 0.303
64 2.88 0.223 0.231 0.251 0.277
128 3.12 0210 0.217 0.235 0.256
256 333 0.199  0.206 0.222 0.240
512 353 0.190 0.196 0.211 0.226
1024 3.72 0.182 0.188 0.201 0214
2048 3.91 0.175  0.180 0.193 0.204
4096 4.08 0.169 0.174 0.186 0.196

Table 8.1 For i.i.d. Gaussian noise: sample size n, threshold \/21ogn, exceedance probability w,,
extreme value theory approximation an:V expected number of exceedances ENy,, upper bound by, of

@21

The classical extreme value theory result Galambos| (1978 p. 69) for the maximum of n
iid. N(0, 1) variables Z;, namely M, = max;—;, , Z; states that
bUM, —an] 2> W,  P(W <1)=expl—e), (8.22)

n
where a, = /2logn — (loglogn + log4mr)/(24/2logn) and b, = 1/,/2logn. Section
[8:10 has some more information on the law of M,,.

Here we are actually more interested in max;=; ., |Z;|, but this is described quite well
by M,,. (Exercise explains why). Thus the exceedance probability w,, might be ap-
proximated by 7}V = P(W < c¢y,) where c2, = (y/2logn — ay)/ba,). Although the
convergence to the extreme value distribution in (8.22)) is slow, of order 1/logn (e.g. [Hall
(1979), (Galambos| (1978, p. 140)). Table shows the extreme value approximation to be
better than the direct bound (8.21).

A non-asymptotic bound follows from the Tsirelson-Sudakov-Ibragimov bound Propo-
sition for a Lipschitz(1) function f : R” — R of a standard Gaussian n—vector
Z ~ Ny(0,1):

P{S(Z) = Ef(D)| =1} <272,

When applied to f(z) = max |z;|, this says that the tails of max | Z;| are sub-Gaussian, while
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the extreme value result in fact says that the limiting distribution has negligible variability
around a,,.

Alan Miller’s variable selection scheme. A method of Miller (1984 1990) offers an inter-
esting perspective on /2 logn thresholding. Consider a traditional linear regression model

y = XB + oz,

where y has N components and X has n < N columns [x;---x,] and the noise z ~
Nn (0, I'). For convenience only, assume that the columns are centered and scaled: x/1 = 0
and |x;|> = 1. Now create “fake” regression variables x, each as an independent ran-
dom permutation of the entries in the corresponding column x;. Assemble X and X* =
[x}---x*] into a larger design matrix X = [X X*] with coefficients ' = [B" B*'] and
fit the enlarged regression model y = X B by a forward stepwise method. Let the method
stop just before the first ‘fake’ variable x; enters the model. Since the new variables x; are
approximately orthonormal among themselves and approximately orthogonal to each x;, the
estimated coefficients B are essentially i.i.d. N(0, 1), and so the stopping criterion amounts

Ideal Risk. Suppose that y; = 6; + €z;, i = 1,...n, with, as usual z; being i.i.d.
N(0, 1). Given a fixed value of 6, an ideal linear estimator 6* ¢/ yi would achieve the

c,i =
best possible mean squared error among linear estimators for the given 6:

. * 07€ 1 2, .2
Irgnr(Gc,i,Q) =gie €[5, 1]-67 nem.

1

Because of the final bound, we might even restrict attention to the ideal projection, which
chooses ¢; from 0 or 1 to attain

min r(6*,,0) = 02 A €2,
cie€d0,1} (e 6) !

Thus the optimal projection choice ¢; (6) equals 1 if 67 > € and 0 otherwise, so that

6% () = yi if6? > €2
70 e < e

One can imagine an “oracle”, who has partial, but valuable, information about the unknown
: for example, which co-ordinates are worth estimating and which can be safely ignored.
Thus, with the aid of a “projection oracle”, the best mean squared error attainable is the ideal
risk:

R(0.€%) =) 62 ne,

[more correctly, R(6, €?) = ", (6? A €2).] In Chapter [0 we will discuss further the signifi-
cance of the ideal risk, and especially its interpretation in terms of sparsity.

Of course, the statistician does not normally have access to such oracles, but we now show
that it is nevertheless possible to mimick the ideal risk with threshold estimators, at least up
to a precise logarithmic factor.
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Proposition 8.6 Suppose that y ~ N,(0,1). For the soft thresholding estimator (8.20)

with A, = €,/2logn,

E|N6S —6]2 < (2logn + 1)[62 +Y 02 A 62]. (8.23)
1

A similar result holds for éli with the multiplier (2logn + 1) replaced by (2logn + 1.2).
The factor 21og n is optimal without further restrictions on 0, as n — 09,

: E|6 6>
inf sup

s gz p e = loem+ol)). (8.24)

Results of this type help to render the idea of ideal risk statistically meaningful: a genuine
estimator, depending only on available data, and not upon access to an oracle, can achieve
the ideal risk R(6, €) up to the (usually trivial) additive factor €2 and the multiplicative
factor 2logn + 1. In turn, the lower bound (8.9) shows that the ideal risk is also a lower
bound to the mean squared error of thresholding, so that

IR(0.€) < E|165 — 0|3 < 2logn + 1)[e* + R(8,€)].

This logarithmic penalty can certainly be improved if extra constraints upon 6 are added:
for example that 6 belong to some £, ball, weak or strong (Chapter. However, the lower
bound shows that the 2logn factor is optimal for unrestricted 6, at least asymptoti-
cally.

Note that the upper bounds are non-asymptotic, holding for all 8 € R” and n > 1.

The upper bound extends trivially to correlated, heteroscedastic data, since it thresholding
depends only on the univariate marginal distributions of the data. The only change is to re-
place €2 by €7, the variance of the i th coordinate, in the ideal risk, and to modify the additive
factor to ave 1<j<p eiz. There is also a version of the lower bound under some conditions on
the correlation structure: for details see Johnstone and Silverman|(1997).

Proof Upper bound. For soft thresholding, a slightly stronger result was already estab-
lished as Lemma [2.9] For hard thresholding, we use to establish the bound, for

An = /2logn

re(A, ) < Rlogn +1.2)(n™ ' + pu? A 1).
This is clear for i > 1, while for & < 1, one verifies that rg (1,0) = 2A¢(X) + 2P(X) <
(2logn + 1.2)n~! for n > 2. Finally, add over co-ordinates and rescale to noise level €.

Lower bound. The proof is deferred till Section [8.5] since it uses the sparse two point
priors to be discussed in the next section. O

Bound (8.8) leads to a better risk bound for threshold A,, = /2logn at 0 forn > 2
r(An,0) < 1/(n+/logn). (8.25)

Indeed, this follows from (8.8) for n > 3 since then A, > 2, while for n = 2 we just evaluate
risk (8.60) numerically.
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8.4 Sparse two point priors

We first study the curious properties of the two point prior
o = (1 —a)do + ad,, u >0, (8.26)

which we call a sparse prior in the case when « is small. The posterior distribution is also
concentrated on {0, i}, and

a¢(x — p) _ 1
ap(x —p) + (1 —a)p(x)  1+m(x)’

where the posterior probability ratio

_PQO) (- é() (-0 e
P({je}lx) a  p(x—p) o

is decreasing in x: m(x)/m(y) = e &),

The posterior indifference point is that value of x at which the posterior is indifferent
between 0 and p, so that P({0}|x) = P({u}|x). We focus on the apparently peculiar sit-
uation in which this indifference point lies to the right of w. Indeed, posterior equivalence
corresponds to m(x) = 1, and writing x = p + a, it follows that . and a are related by

P({pilx) =

m(x)

(8.27)

2

1—
'u—+a,u=log a'
2 o

(8.28)

Clearly a is positive so long as « is small enough that log(1 — o) /ax > ?/2.
Definition. The two point prior 7, , has sparsity a and overshoot a if p satisfies (8.28).
The prior probability on O is so large that even if x is larger than u, but smaller than © +a,
the posterior distribution places more weight on O than u.['|See Figure

o, (ut a) = p/2
) 2 N /

prior mass 1-a

v

prior mass «

|
u pta

Figure 8.2 Two point priors with sparsity o and overshoot a: posterior probability
ratio m(x) and posterior mean 8, (x)

1 Fire alarms are rare, but one may not believe that a ringing alarm signifies an actual fire without further
evidence.
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The Bayes rule for squared error loss, the posterior mean becomes

n
] = uP = —\ 2
() = pP () = T s (8.29)
Substituting (8.28)) into (8.27)), we obtain m(x) = exp{—u(x — u —a)} and
N W
57,(//6 + Z) = m. (830)

In particular, observe that 8, (1) is small, and even 6, (i + @) = w/2 is far from .
To prepare for some asymptotics, note that if sparsity @ < 1/2 and overshoot a are given

we may use (8.28)) to specify p(w, a). Indeed, if po(a) = u(e,0) = /2log[(1 — a)/«a],

then
w(@) = p(@.a) = \Jud(e) + a2 —a.

If we suppose further that @ — 0 and a = a(«) is chosen so that a(e) = o(pue(e)) =

o(y/2loga™1), then u(a) ~ po() and in particular,
(@) ~ /2logal. (8.31)

In this case, there is a simple and important asymptotic approximation to the Bayes risk of a
sparse two point prior.

Lemma 8.7 Let 7y () have sparsity o and overshoota = (2loga™")?, for0 <y < 1/2.
Then, as o« — 0,

B(7a, (@) ~ ap’(a).

Proof By definition, we have

B(7au@) = (I —=a)r(8x,0) + ar(8x, p(@)). (8.32)

Thus, a convenient feature of two point priors is that to study the Bayes risk, the frequentist
risk function of §, only needs to be evaluated at two points. We give the heuristics first.
When p(e) is large and the overshoot a is also large (though of smaller order), then (8.30)
shows that for x ~ N(u(x), 1), the Bayes rule §,, essentially estimates 0 with high prob-
ability, thus making an error of about 2. A fortiori, if x ~ N(0, 1), then §, estimates 0
(correctly) with even higher probability. More concretely, we will show that, as « — 0,

r@r (@) ~ (@), 1(8:,0) = olap’(@)). (8.33)

Inserting these relations into the Bayes risk formula (8.32) yields the result.
The first relation is relatively easy to obtain. Using (8.30), we may write

o d
R =

2
[+ erG—ap ~ p(e)”, (8.34)

as o — 0, since the integral converges to 1 as both (o) and a() — oo by the dominated
convergence theorem. The second relation takes a little extra work, see the appendix. O
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8.5 Optimality of /2 logn risk bound

To establish the minimax lower bound (8.24), we set ¢ = 1 without loss of generality and
bring in a non-standard loss function

16— 6

L#.0) = — =7
©.9) 1+Y,62A1

Let f(é, 0) and B(é, n)=[F (é, 0)7(d9) respectively denote risk and integrated risk for
the new loss function. By the usual arguments

Ry = iqfsupf(é, ) > infsup B(é,n) > sup B(),
6 0 0 =w b1

(using only the elementary part of the minimax theorem). So we look for approximately
least favorable distributions, and in particular construct i, from i.i.d. draws from a sparse
two-point prior 7, ,, With sparsity o, = (logn)/n and overshoot ¢ = (2loge, ') for
some 0 < y < 1/2. As seen in the previous section, this guarantees that

Un = p(an) ~ y/2loga, 1 ~ /2logn.

Under n draws from g, the number of nonzero 6; has N, ~ Bin(n,o,) with EN, =
no, = logn and Var N, < noy, = logn. Therefore 1 + Y 62 A1 =1+ N, ~ 1 + logn.

From these calculations and Lemma we see that B(m,) ~ no,u2 ~ logn - 2logn,
from which it is plausible that

R, > B(m,) ~ B(m,)/(1 + logn) > (2logn)(1 + o(1)). (8.35)

The remaining proof details are given in Section[8.11]

8.6 Minimax Risk for sparse vectors in R”

A natural measure of the sparsity of a vector 6 € R” is obtained by simply counting the
number of nonzero components,

1010 =#{i: 6; #0}.

The subscript 0 acknowledges that this measure is sometimes called the £y-norm—somewhat
inaccurately as it is not homogeneous.
The set of k-sparse vectors in R” will be denoted by

Ono(k) ={0 e R" : [|0]lo <k}, (8.36)

though we often just abbreviate this as ®, (k). If k <« n and the components of 6 represent
pixel intensities then ©,,(k), perhaps with an additional constraint that 6; > 0, models the
collection of “nearly black” images (Donoho et al.|{1992).

In the Gaussian white noise model

y; = 6; + €z, i=1,...,n, (8.37)
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we might expect that knowledge that 0 is sparse, or “nearly black”, could be exploited to
yield more accurate estimates. Thus, we might expect that the minimax risk

RN (Oy(kn),€x) = inf sup E[6 — 03 (8.38)
0 0€0©, (k,)

would be smaller, perhaps much smaller, than Ry (R", €,) = ne?.

Theorem 8.8 Assume model and parameter space withk = ky. Ifk,/n — 0
with k,, — oo, then the minimax risk satisfies

Ry (©,(ky), €,) ~ 26,2lkn log(n/ky),

and the (soft or hard) thresholding estimator 6; (y) = 8(yi ,en/2log(n/ky)) is asymptoti-
cally minimax.

Partial Proof. We establish the upper bound by using risk bounds for thresholding estab-
lished in For the lower bound we indicated heuristically how the result follows using
sparse priors; the full proof is deferred to the next section.

By rescaling, it suffices to consider €, = 1. For the upper bound, as in let (A, u)
denote the univariate risk of thresholding at A. Since & — r(A, w) is for both soft and
hard thresholding bounded by 1 + A2 for all u, and on ©®,,(k,) at most k, co-ordinates are
non-zero, we have

n
D r( ) < (0 —kn)r(A.0) + kysupr(d, p) < 4nA4p(A) + kn(1 + A%).
"

1

In the second inequality, the bound has exponent a = —1 for soft thresholding, (8.7), and
exponent ¢ = 1 for hard thresholding, (8.18). With A,, = /2log(n/k,), we have ¢p(A,) =
¢(0)k, /n, and so the first term on the right side is bounded by cA%k, and hence is of smaller
order than the second term, which is itself asymptotically 2k, log(n/k,), as claimed.

For the lower bound, again with €, = 1, we have by the usual arguments

Rn(®,(ky), €n) = sup{B() : supp w C O, (k,)}.
For an approximately least favorable prior for ®,,(k;), take n i.i.d draws from a (univariate)
sparse two point prior with sparsity «, = k,/n and overshoot a = (2logn/k,)'/*. Of
course, this is not quite right, as N,, = #{i : 6; # 0} ~ Bin(n, «,) has EN,, = na, = k,, so
7, doesn’t quite concentrate on ©, (k,). However, this can be fixed by setting o, = vk, /n

with y < 1 and by further technical arguments set out in the next two sections and Exercise
Proceeding heuristically, then, we appeal to Lemma(8.7]to calculate

B(m,) ~ n - ayp?(a,) ~ 2k, log(n/ k),
since % (atn) ~ 2loga, ! ~ 2logn/ky. O

8.7 Sparse estimation—univariate model

In this section and the next we formalize the notion of classes of n-sparse signals and con-
sider minimax estimation over such classes. We begin with a univariate model and then show
how it leads to results for sparse estimation in R”. Suppose, therefore, that Y = 6 4+ ¢ Z with
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Z ~ N(0,1) and that 6 is drawn from a distribution 7z which is non-zero with probability
at most 7. Thus let P(R) be the collection of probability measures on R and

mo(n) ={7r e PR): 7({0}) = 1 —n}.
Equivalently, mig(n) consists of those probability measures having a represention
= (1—=mn)8o + nv, (8.39)

where 8 is a unit point mass at 0 and v an arbitrary probability distribution on R. To avoid
trivial cases, assume that 0 < n < 1.

Given 7, the integrated risk, using squared error loss, for an estimator é(y) of 6 is then
B9, 7) = E;(6(Y) — 0)?. We study the Bayes minimax risk

Bo(n,€) = inf sup B(O,7) = sup{ B(n): 7 € wmo(n)},

6 memo(n)

where the second equality uses the minimax theorem From the scale invariance

Bo(n,€) = 62130(777 1),

it will suffice to study the unit noise quantity Bo(7, 1) which we now write as B¢ (n). We first
record properties of the least favorable distribution for fixed n and then look at the behavior
of B(n) as n varies.

Proposition 8.9 Assume 0 < n < 1. The Bayes minimax problem associated with (1)
and Bo(n) has a unique least favorable distribution rt,. The measure 1, is proper, symmetric
and has countably infinite support with £00 as the only accumulation points.

As the proof is a little intricate, it is postponed till the end of this section.

Proposition 8.10 The univariate Bayes risk Bo(n) is monotone increasing and continuous
for 0 < n <1, with Bo(n) = nand Bo(1) = 1. As n — 0, the minimax risk

Bo(n) ~ 2nlogn™",
and an asymptotically minimax rule is given by soft thresholding at > = (2logn~")~1/2.
Proof  First, monotonicity is obvious. For continuity suppose that 7, = (1 — n)d¢ + nvy,
achieves the maximum in (7). The modified priors 77, , = (1 — wn)dy + wnv, converge
weakly to 7, as w ' 1. Consequently, from continuity of Bayes risks, Lemma4.8|

Bo(wn) > B(”w,n) g B(nn) = Bo(n),

and this is enough for continuity of the monotone 8. When n = 1, there is no constraint on
the priors, so by @.20), Bo(1) = pn (00, 1) = 1. Concavity implies that B(1 —1)8o + nv) >
(1 —n)B(89) + nB(v), and since B(§y) = 0, maximizing over v shows that S¢(n) > 7.

For soft thresholding §;, we have (A, ) < 1 + A2, compare Lemma Since 7 =
(I —n)8o + nv, we have

By, m) = (1 —mnri,0) + 77/ r(, wv(dp) < r(d,0) +n(l +A%).
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For A = (2log n~")!/2, recall from (8.7)) that r(X,0) ~ 41 3¢ (1) = o(1), so that

Bo(n) < B(8x, ) <2nlogn™ + O(n).

For the lower bound we choose a sparse prior 7 as in Lemma with sparsity n and
overshoot a = (2log n~')!/*. Then, from that lemma and (8.31)), we obtain

Bo(n) = By, i) ~ ni’(n) ~ 2nlogn™". O

Proof of Proposition[8.9] The set m(n) is not weakly compact; instead we regard it as a
subset of P, (IR), the substochastic measures on R with positive mass on R, with the vague
topology. Since mig(n) is then vaguely compact, we can apply Proposition (via the
remark immediately following it) to conclude the existence of a unique least favorable prior
7y € P+(R). Since n < 1, we know that 7, (R) > 0. In addition, r,, is symmetric.

A separate argument is needed to show that m, is proper, 7,(R) = 1. Suppose on the
contrary that « = 1 — ,(R) > 0. From the Fisher information representation and
(@.21), we know that Py = ® » ,, minimizes /(P) for P variying over mo(n)* = {P =
® x 7 : T € mp(n)}. We may therefore use the variational criterion in the form given
at (C.I7). Thus, let Py = Py + a® » pu for an arbitrary (prior) probability measure u
on R. Let the corresponding densities be p; and py, and set Yo = —py/ po. Noting that
P1— Po = a¢ * 4, we may take u = 8y for each 6 € R, and becomes

Eq[~2y5 + 5] < 0.

Stein’s unbiased risk formula (2.42)) applied to d,(x) = x—¥(x) then shows that 7 (d,, 0) <
1 for all 8. Since dy(x) = x is the uniqgue minimax estimator of 8 when x ~ N (8, 1), Corol-
lary [4.9] we have a contradiction and so it must be that 7, (R) = 1.

As 7y, is proper and least favorable, Propositionyields a saddle point (é,,n , 7). Using
the mixture representation (8.39), with v, corresponding to r,,, well defined because 1 > 0,
we obtain from (4.22)) applied to point masses v = Jy that for all 0

F (B, 0) < / F (@, 600 ().

In particular, 6 — r(é,,n, ) is uniformly bounded for all 8, and so is an analytic function
on R, Remark [2.4] It cannot be constant (e.g. Exercise[4.2) and so we can appeal to Lemma
to conclude that v, is a discrete measure with no points of accumulation in R. The

support of v, must be (countably) infinite, for if it were finite, the risk function of énn would
necessarily be unbounded (again, Exercise {.2)). O

8.8 Minimax Bayes for sparse vectors in R”

We return to the n-dimensional setting and show that the gain due to sparsity can be ex-
pressed asymptotically in terms of the univariate Bayes risk Bo(7).

Theorem 8.11 Assume model and parameter space withk = k, — oo. If
Nn = kn/n — 1 > 0, then the minimax risk satisfies

Ry (®n (kn)v En) ~ 1’165,30(](,,/1’1).
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The proof uses the Bayes minimax method sketched in Chapter {] with both upper and
lower bounds derived in terms of priors built from i.i.d. draws from univariate priors in
mo(n,). As an intermediate, we need the class of priors supported on ©,,(k;),

My (ky) = {mw € PR") : supp # C O, (ky)}

and the subclass M¢ (k,) C M, (k,) of exchangeable priors.

The assumption that the number of non-zero terms k,, — oo is essential for the Bayes
minimax approach. If k,, remains bounded as n grows, we might say that we are in a “highly
sparse” regime. The case of a single spike, k,, = 1, is considered in the next section, and a

more general, related setting in Chapter[13.5]

Upper bound. This may be outlined in a single display,
Ry (On(kn).€n) < B(My. €n) < BIM;. ) = nezo(kn/n). (8.40)

For the details, recall that B(M,¢€) = sup{B(xw),w € M}. The first inequality follows
because M, contains all point masses &g for 6 € ©,(k,), compare (.18)). If we start with
a draw from prior 7 and then permute the coordinates randomly with a permutation o from
the symmetric group S,, we obtain a new, exchangeable prior 7¢ = ave(w o 0,0 € Sy).
Concavity of the Bayes risk, Remark guarantees that B(xr) < B(m®); this implies the
second inequality.

The univariate marginal 7; of an exchangeable prior 7 € M, (k,) belongs to mg(k,/n),
and the independence trick of Lemma4.14|says that if we make all coordinates independent
with marginal 7y, then the product prior 7{ is harder than 7, so that

B(x) < B(x}) = nB(m).

Rescaling to noise level one and maximizing over 7; € mg(k,/n), we obtain the equality
in the third part of (8.40).

Lower Bound. We apply the Bayes minimax approach set out in Chapter and in-
particular in Lemma [4.28] The family of parameter spaces will be ®,(k), nested by k. The
sequence of problems will be indexed by 7, so that the noise level ¢,, and sparsity k,, depend
on n. We use the exchangeable classes of priors M¢ defined above, with Bayes minimax
risk given by ne2Bo(ky/n), compare (8.40). We introduce the notation

B,(k,ey) = néZﬂO(K/n)a

which is equally well defined for non-integer «. For each y < 1, then, we will construct a
sequence of priors 1w, € M¢(yky,). Slightly different arguments are needed in the two cases
Nn — n > 0and n, — 0,k, — oo, but in both settings 7, is built from i.i.d. draws from a
suitable one-dimensional distribution 7y,. With ®,, denoting ®, (k,), we will show that 7,
has the properties

B(T[n) = an(anv En)’ (8-41)
1, (0®,) = 1, (8.42)
En, {100, 12 + 11612, 05} = 0(Bu(vkn, €2)) (8.43)
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where v, (-) = 7,(-|®,), and

. . . Bn (an ’ Eﬂ)
lim liminf ———— =
y—>1 n>oo By(k,,€,)

It then follows from Lemma [4.28] and the discussion after that Ry (®, (k,), €,) >
By (kyn,€,)(1 4+ 0(1)). In conjunction with the upper bound in this will complete the
proof of Theorem 8.11

First suppose that n,, — 1 > 0. By Proposition we have Bo(1,) — PBo(n). For
y < 1, we may choose M and a univariate prior s € mig(yn) with support contained
in [-M, M and satisfying B(mpr) > yBo(yn), compare Exercise The corresponding

(8.44)

prior 7, in the noise level €, problem is constructed as 6; = €, u;, where uy, ..., i, are
i.i.d. draws from 7. By construction and using 8o (17,) ~ Bo(n), we then have
B(rtn. €n) = neqyBo(yn) ~ yBu(vkn. €n). (8.45)

Since mpr{iu; # 0} < yn, we may bound ||€]|o above stochastically by a Binomial(z, y 1)
variable, N, say, so that

705} < PN, — EN, > ky —nyn} — 0,

for example by Chebychev’s inequality, since Var N, < k,, ~ nn.

For the technical condition (8.43), observe that under 7,, we have ||6]|> < ne2M? with
probability one, so that the same is true for || évn |2, and so the left side of is bounded
by 2nMe2m,(©F). On the other hand B(yky, €,) ~ ne2Bo(yn), so that also follows
from 7, (©F) — 0.

Property follows from the continuity of Bo(yn) asy — 1.

The case n, — 0,k, — oo has a parallel argument, but makes essential use of sparse
priors and the assumption that k,, — oo, as foreshadowed at the end of Section For
details, see Exercise[8.12]

8.9 Minimax risk for a single spike

Theorem requires that the number k,, of spikes grow without bound as n increases. It is
natural to enquire what happens when k, remains bounded. In this section, we look at the
simplest case, that of a single spike, k, = 1. The multiple spike situation is similar, but with
some non-trivial technical features, and so is postponed to Section[I3.5]

Consider then the sparsest possible setting: signals in R” with at most one non-zero co-
ordinate. We suppose that the index of this nonzero co-ordinate is unknown and evaluate the
cost of that ignorance in terms of minimax risk.

Our primary interest will lie with lower bounds, as earlier upper bounds apply easily here.
To develop such lower bounds, define a ‘bounded single spike’ parameter set by

B,(t)={0eR":0 =yerforl €{l,...,n}, |y| <t} (8.46)

Thus, ®,(7) is the union of n orthogonal needles, each corresponding to a 1—dimensional
bounded interval [—t, 7].
A natural candidate for least favorable prior on ®, () is the prior 7, obtained by choosing
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an index / € {l1,...,n} at random and then setting & = te;, for 7 to be specified below.
The posterior distribution of [ is

¢y —te)) e
Yy —te) e

The posterior mean has components given, for example, by

pin(y) = P(I =ily) = (8.47)

~

Or1 = E01]y) = tP(I = 1]y) = tp1a(y).

The maximum a posteriori estimator 6MAF = e j» where I = argmax, P(I =ily) =

argmax; y;. The MAP estimator also has the property that if | - || is any £, norm, 0 < p < oo,
and 0 is any estimator,

Po{ll6 — 0] = 1/2} = Po{0M4F — 0] = 1/2} = P, (I #I). (8.48)
By symmetry, and recalling that y; = 6; + z;,

Poll # 1} = P {y1 # max y;}
! (8.49)

.....

where M, := max;—; . z; is the maximum of n independent standard Gaussian variates

.....

and Z is another, independent, standard Gaussian.

From this single least favorable distribution, one can derive lower bounds of different fla-
vors for various purposes. We illustrate three such examples, which will all find application
later in the book. In two of the cases, we give the corresponding upper bounds as well.

First a bound that applies for the whole scale of £, error measures. It is phrased in terms
of the probability of a large norm error rather than via an expected p-th power error—this is
appropriate for the application to optimal recovery in Chapter [I0]

Proposition 8.12  Fix n > 0. There exist functions my(n) — 1 as n — oo such that for any

T, </ 2—n)lognandall p’ >0

inf sup Py{]|f — 0|
0 ©,(tn)

p = Tn/2} > my(n). (8.50)

For the next two results the focus returns to squared error loss. The first of the two is an
asymptotic evaluation of minimax risk in the style of Theorem but appropriate to this
single spike setting. Since ®,(t,) C ©, ,(t,), it actually applies to all £, balls of small
radius with p < 2. An extension of this result to the setting of a finite number of spikes is
given as Theorem ??

Proposition 8.13 Suppose p < 2 and fix n > 0. For t, < \/2logn and squared error loss

RN (On(tn)) ~ Ry (O p(Tn)) ~ 2.
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The second MSE result is an example of a non-asymptotic bound, i.e. valid for all finite 7.
This prepares for further non-asymptotic bounds in Section As might be expected, the
non-asymptotic bounds are less sharp than their asymptotic cousins. In this setting, recall
that for a single bounded normal mean in [—t, 7], Section showed that the minimax risk
satisfies

co(t* A1) < pn(t. 1) < T2 AL
Proposition 8.14 Suppose that y ~ Ny (0, I). There exists ¢y > 0 such that for alln > 2,
ci[t2 A(1+1ogn)] < Ry(O,(1)) < (logn) 2 + 2 A (1 + 2logn).

Proof of Proposition Since the spike prior 7, concentrates on ®,(t), we have
supgee Po(A) = Pr,(A), and hence from (8.48), the left side of (8.50) is bounded below by

P, (I # I).Now appeal to (8.49) and the hypothesis 7, < /(2 — 1) logn to conclude that
the minimax error probability is bounded below by

7y(n) = P{My—y — Z = /2 — ) logn}.

It is intuitively clear from (8.22) that w,(n) — 1 as n — oo for fixed 1. One possible
formal argument, admittedly crude, goes as follows. Set a = /(2—n)logn and a’ =

V(2 —n")logn for some ' < n. We have
PM, —Z>a)=PM,_, >a)P(Z <d —a).

For any 1 > 0, we have P(M,_; > a’) — 1, for example by (8.38) in the next section.
A little algebra shows that ' —a > /2y logn for some y(n,%’) > 0 and hence P(Z <
a’' —a) — 1 also.

Proof of Proposition For the upper bound, simply consider the zero estimator éo (y) =
0 whose MSE is just the squared bias ) 01-2. By a convexity argument, the maximum of
> 0% over 3 |6;|7 < TP equals 7> and is attained at (permutations of) a spike vector
7(1,0,...,0). [A generalization of this argument appears in Chapter [10.3]].

For the lower bound, we return to the spike prior 7, with 8 = 7,,e;. Compute the mean
squared error Bayes risk by symmetry and then decomposing on the event {/ = 1},

B(7ty) = nExEg(0,1 — 61)
= (n— 1) ExE[02 11 # 1]+ Eq e, (05,1 — )

We use the earlier heuristic that the primary contribution to the Bayes risk comes from the
error made by 6, ; when 6, in fact takes the rare value §, : this yields

B(m,) > T,%Er,zm [pln(y) - 1]2 (8.51)

and our strategy will be to show that p;,(y) — 0 for all y and use the dominated conver-
gence theorem to conclude that B(rr,) > t2(1+0(1)). Using (8:47)), and noting under P, .,
that y; =1, +zyand y; = z; for j > 2, we arrive at

rin(y) =[1+ Van—l]_I,
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where W,y = (n — 1)1 Y2 e™%~%/2 and V, = (n — 1)e~@/2"™71,
Let A, = y/2logn and assume initially that A,, — t, — oco. Then by Lemma below,

W, 2 1 asn — oo. For V,, observe that

A2 =12 =212 > (Mg — Ty — 24)(An + ) — 00, (8.52)
again because A, — 7, — o0. Consequently V,, — oo for each fixed z; and so p1,(y) — 0,
and B(m,) > t2(1 + o(1)).

If 7, < A, but A, — 7, » oo, then we simply choose t, ~ t, for which A, — 7, — oo
in the previous argument, to obtain B(m,) > t,2(1 + o(1)) ~ 12, as required.

Proof of Proposition[8.14] For the upper bound, consider the maximum risk of soft thresh-

olding at A, = /21logn. Bound (8.12) says that

sup r(é,ln, 0) < (n— Drs(An,0) + rs(An, 1) < nrs(Ay,0) + 72 A (1 +A2).
0, (1)
The upper bound now follows from (8.23).
For the lower bound, this time we seek a bound for B(s,) valid for all n. Introduce
£y, = /1 +logn and 7, = t A {,. We start from (8.31) and note that on the event E, =
{y1 # max; y;} we have p1,(y) < 1/2and so B(rn) > (1;;/4) Pr,e, (En). From (849),

P(Ey) > P{Z <0, My > 1y} = %P{Mn—l > T > %P{Mn—l > L}
We leave it as Exercise [8.8]to verify that P(M,_; > £,) > ¢ forn > 2.

The remaining lemma carries a small surprise.

Lemma 8.15 Letzy,...,z, iid N(0,1) and A, = /2logn. If Ay, — T, — o0, then

n
_ _2/2 P
W, =n"! E eI TTmI2 5,
1

Proof Since Ee™* = e/ 2, we have EW, = 1, but the variance can be large: Var W,, =
n~l(e% — 1) < e%'¢" When Var W, — 0, we have W, — 1 by the usual Chebychev
inequality argument, but this fails for 7, near /2 logn. Instead, we pick by € (1/2,1) and
for 7, < /b logn use the simple Chebychev argument. However, for \/bglogn < 1, < A,
such that A, — 7, — o0, we turn to the triangular array form of the weak law of large
numbers, recalled in Proposition Put b, = e™* and X, = e™? and consider the
truncated variables X,z = X {| Xnk| < bn} = e™* I{zx < A,}. A short calculation
shows that for any r,
EX!, = Ee"™"[{z < X,} = & “/2D(A, — ry).

We verify the truncation assumptions (i) and (ii) of Proposition Indeed, Z’l’ P(Xpnr >

bp) = n®(A,) < 1/A, — 0, and from the prior display

b;2 Z EX;fk = CO&)(ZTn — A/ P2ty — Ay) < co/2tn — An),
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where ¢cg = ¢(0). If 7, > /bologn with by > 1/2, then 27, — A, — oo and condi-
tion (ii) holds. Now set a, = Y7 EXpx = ne%/2®d(A, — 1,). Proposition says that
Yl e™* = a, + 0,(by), or equivalently that

Wy = ®(Ay — 1) + 0, (byn e 5/?).
Now b,n~te /2 = exp{—(A, — 1,)?/2} and hence W, L 1if A, — 1, — 00 O

Remark. The variable ) ;_, e™?F is the basic quantity studied in the random energy
model of statistical physics, e.g. Mézard and Montanari (2009, Ch. 5), where it serves as
a toy model for spin glasses. In the current notation, it exhibits a phase transition at 7, =
An = /2logn, with qualitatively different behavior in the “high temperature” (7, < A,)
and “low temperature” (t, > A,) regimes.

8.10 The distribution of M, = max Z;

Simple bounds follow from the concentration inequalities (2.56) and (2.57). Since z —
max z; is a Lipschitz(1) function, we have for ¢ > 0

P{|M, —MedM,| > 1} < ¢™"/? (8.53)
P{M, — EM,| >t} <2¢"/2.

Both MedM,, and EM,, are close to L, = /2logn. Indeed

|EM,, — MedM,| < \/21og2. (8.54)
L,—1<MedM, < L,, (8.55)
L,—1—/2log2 < EM, < L,. (8.56)

The bound (8.54) is Exercise[2.12] The right bound of (8.53)) follows from below, and
for the left bound see Exercise [8.9] The right hand bound of (8.56) is Proposition [C.9] and
the left bound then follows from (8.34) and (8.53). Of course, asymptotic expressions for
MedM,, and EM, follow from the extreme value limit theorem (8.22).

In fact M, is confined largely to a shrinking interval L, of width 21og® L, /L,. Indeed,
arguing analogously to (8.21)), we have forn > 2,

P{M, > L,} < 1/(V2xLy). (8.57)

while Exercise [8.9] shows that for L, > 3,
P{M, < L, —2L;"log* L,} < exp{—% exp(log” L,)}. (8.58)
Numerics. Finding the quantiles of M,,, defined by P{M, < x4} = «, is easily gone,

and yields the central columns in the table below. We abbreviate the lower bound by L, =
L,—2L; 1og* L,
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n L, X110 Xs0 X9 Ly

32 116 148 2.02 271 2.63
128 1.66 2.10 255 3.15 3.11
1024 231 2.84 320 371 3.72
4096 2770 3.26 3.58 4.05 4.08

8.11 Appendix: Further details

2°. The mean squared error of a thresholding rule K (x, ) (either hard or soft) is found by breaking the
range of integration into regions (—oo, —A),[—A, A] and (4, 00) to match the thresholding structure. For
example, with soft thresholding

r(, 1) = Epl8(x,2) — ul? (8.59)

.y A
- / (x + A — )2 (x — pydx + / 120 (x — wydx + / (x = A — 12 (x — pydx
— 00 A A

One obtains the following basic mean squared error formulas:

rs(A ) =147 + (2 =A% = D[@A — p) — D(—A — )] (8.60)
- A=A+ pu)— @A+ e —p),
ra (A ) = @2 [P0 — p) — ®(=A — )] + @A — 1) + (A + p) (8.61)

+ A=W —p) + A+ WP + )
where ¢ and @ denote the standard Gaussian density and cumulative distribution functions respectively,
and ®(x) = 1 — d(x).
3°. Proof of . We have that 7, = 1 — (1 — §)" < né, with

5 =2&>(\/@ - 2¢(y/2logn) 1

v2logn n,/zrlogn.

4°. Proof of lower bound in Lemma for 0 < A <2 Let 4  be the solution in  of r(4,0) + u? =
1 + A2, Since r(A,0) < A2 < 1, (compare (877) ), it is clear that 13 > A. For u < u we may write,

using (83),

rup)  r(h,0)+ [of 25D —s)ds
F(, ) r(A,0) + pu? '
We first verify that R(A, p) is decreasing in 0 < p . Indeed u — [c + f1()]/[c + f2(w)] is decreasing
if both f{ () < fy(u) and (f1/f2)(w) is decreasing. The former condition is evident, while the latter
follows by the rescaling v = s/ : for then (f1/f2)(n) = 2/01 D(I) — pv)dv.

For jt > ;. we also have R(A, 1) > R(A, ;) since r(A, ) > r(A, ;) while 7(A, ) = 1 + A2,
Consequently, for all p

R, p) =

RO ) = (A, )/ Ir(1,0) + p31,

and numerical evaluation for 0 < A < 2 shows the right side to be bounded below by .516, with the
minimum occurring for A € [.73,.74].

5°. Proof of second half of (8:33). Combining (8:27) and (828), we have m(x) = e*(#+a=%) Using
formula (8:29) for 5, then changing variables to z = x — y — a and finally exploiting (8.28), we find that

2 _ ¢ (x)dx e—(nta)z—z2/2 5,
(1—a)Eo82 = (1 —a)u? /[1 eiura=]2 =u Ol¢(ll)/ —reEp



8.12 Notes 211

We now verify that

(1—a)ES2(2) ® (uta)z—z2/2 ®© ¢(w)dw
W < (p(a)/o e M dz + /;oo W- (8.62)

Consider the integral first over (0, 00): we may replace the denominator by 1 to obtain the first term in
(B:62). Over (—o0, 0), we have e ™% /[1 + e##] < 1, and with v = —z this part of the integral is bounded
by

5 ® (v —a)dv
noa T

0 1 + ek

which with w = v — a leads to the second term in (§.62). By dominated convergence, both right hand side
terms converge to zero as i and a — o0.

)

6°. Proof of (8:33). This bears some resemblance to the technique used to complete the proof of Pinsker’s

theorem. We define an event A, = {N, < nay, + nn} on which m, concentrates, with n, = (log n)z/3
say, then show desired behavior on A, and control what happens on A¢.

Let &, denote the Bayes rule for w;, with respect to loss L. Using E to denote expectation under the
joint distribution of 8 ~ 7, and x, we have

g(”n) = E[Ln(gm 0)/(1 + Np)] = IE[Ln(gm ), An]/[1 + non + nn]
= (14 0())ELn(n. 0)/(1 +notn) (%)
> (14 o0(1))B(mn)/(1 +logn) ~ 2logn,
where to justify the critical step (%), we must verify that
E||§ — 017, A5] = o{B(ta)} = o(u;, logn).

We focus only on the trickier term IE[||(§||2, AS]. Set p(6) = 1+ Np(6). Using by turns the conditional
expectation representation for

E[6; /p(©)]x]
E[1/p@)lx]”
the Cauchy-Schwartz and Jensen inequalities, we find
E[|1612/p(8)|x]
E[1/p(6)lx]
E{18n 117, 45} < (Ep*(6) P*(45) E[|6]|®/ p* (6)}'/*
< Cu PY2(A5) logn = o(u2 logn),

8ni(x) =

18112 < <E[p@®Ix]E[|0*/p(®)lx]  and

since [|0]|® = Npud and ENS = O(log? n).

8.12 Notes

Problem. Find bounds sharper than (8:19) for the smallest maximum risk attainable by an estimator having
threshold zone [—A, A]. Since such estimators form a convex set, this should be accessible via the minimax
theorem and the formulas for posterior mean given in Chapter [d The problem is a little reminiscent of
bounding minimax risk subject to specified risk properties at a point (compare Bickel| (1983)).

Exercises
8.1  (Mill’s ratio and Gaussian tails.) The function R(A) = ®(1)/¢ (1) is sometimes called Mill’s

ratio. Show that the modified form

_ A [ e
M(A) e /0 e dv,
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8.3

8.4

8.5
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and hence that M (1) is increasing from 0 at A = Qupto 1 at A = oco.
Define the /-th approximation to the Gaussian tail integral by

(=D* T2k +1)
k! 2k)2k

I
QM) =21""pM) Y
k=0

Show that for each k& > 0 and all A > O that
o1V < D) < Doy (R).

[Hint: induction shows that (—1)!~1[¢™* — Zé(—l)kxk/k! > 0 for x > 0.]
As consequences, we obtain, for example, the bounds

A1 - 272 = D) = A7), (8.63)
and the expansion, for large A,

D) ~ATTpM[1 =212 43274 =150 + oA 79)]. (8.64)

(alternate hard threshold bound.) Show how the proof of Proposition@can be modified so as
to show that for all A > 0,

2[6% +2(A + 15)p(A — 1)e?] if |0] <€

A.0) <
0 =062 4 e if 6] > e.

(Risk of soft thresholding at 0.) Let z ~ N(0,1), and r(1,0) = Egg. (z) denote the mean
squared error of soft thresholding at A = 0.

(a) Use (8:63) and (8.64) to show that
r(A,0) < 41731 + 1.5172)¢p(1) A>0,
r(A,0) ~ 4A73¢ (1), A — oo
(b) Conclude that r(4,0) < 4A*1¢(A) if, say, A > V2.
— ,—A%/2 _ —
() Let §(1) = e 7(A,0). Use (8.63) to show that §() > 0 for A > A9 = 2¢(0).
(d) Show that §(4) is concave for A € [0, 1], and conclude that r(A,0) < e A*/2 for all A > 0.
Derive the following inequalities for hard thresholding, which are sharper than direct applica-
tion of the bounds in (8:16):
ru(AA) = (A2 +1)/2,
ra(4,0) = 24 v V21)¢(R),
ra(4,0) = (24 + V2m)¢(R)
ra(1,0) =22 +1/2)¢(A).
(Birgé and Massart, [2001})

(risk behavior near threshold.) In the notation of Section[8.2] show that
(i) for soft thresholding, as A — oo,

rs(A ) =A% —/2/mA +1/2 + ®(24) ~ A%
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(ii) for hard thresholding, as A — oo,

(A, A —2ylogd) = (A —2y/log 1)> + O((log H)™"/?),
ra(h2) NPEY)

ra(A A +2y/logh) < 1+ (2rlogh) =2,

(Number of exceedances of universal threshold.) Let Ny = Y | 1{|Z;| > \/2logn}.

(a) If Z; are i.i.d. N(0, 1), show that N,, ~ Bin(n, p,) with p, = 2®(,/2logn).

(b) Show that P(N, > 2) < (npp)? < 1/(x logn).

(Maximum of absolute values of Gaussian noise mimicks M»,.) Let hj,i = 1,... be indepen-
dent half-normal variates (i.e. h; = |Z;| for Z; ~ N(0, 1)), and ¢; be independent +1 variates,
independent of {A; }. Let Z; = h;€; and T, be the random time at which the number of positive
€; reaches n. Show that the Z; are independent standard normal and that

D
max |Z;|= max h; = max Z; = Mr,,
i=1,...,n i= i= T,

.....

and that T}, is close to 2# in the sense that

(Ty —2n)/~/2n = N(0, 1).
(Lower bound for maximum of Gaussians.) Let z; iid. N(,1) and M, = maxz;.Let{, =
v/ 1 + logn. Show that for some c; > 0, foralln > 2,

P(Mn Zﬁn) > (1.

Hint. Use and (1 — x)™ < e™™M*,

(Left tail bound for My.) Let L, = /2logn, and as above M;, = max z;.

(a) Show that P{M,, < A} < exp{—n®(1)}.

(b) Establish the left side of bound (8:33)) by using (8.63) for A > 1/2 to show that for n > 4,

n®(L, —1) > (e/2)y/e/(2n),
(c) Again use (8.63) to show that
P{M, < L, — 2L, 1og?(Ly)} < exp{—H (L) exp(log? L)}

where H(x) = ¢(0)(A~1 =17 3) exp (log2 x —2x"2log* x) and A = x —2x ! log? x. Verify
numerically that H(x) > 1/3 for x > 3 and hence conclude (8.58).

(Properties of Miller’s selection scheme.) Refer to Alan Miller’s variable selection scheme,
and assume as there that the columns are centered and scaled: (x;,1) = 0 and (x;,x;) = 1.
Show that the permuted columns are approximately orthogonal to each other and to the original
columns. More precisely, show that

(i) if j # k, then (x;‘, x;) has mean 0 and standard deviation 1/+/N — 1, and

(ii) for any pair (J, k), similarly (x}'f, X1 ) has mean 0 and standard deviation 1/+/N — 1.

(Miller’s selection scheme requires many components.) Suppose that x; = (1, —1,0)7 /+/2 and
x2 = (0,—1,1)T //2. Consider the random permutations x} and xJ described in A. Miller’s
selection method. Compute the distribution of (x},x3) and show in particular that it equals 0
with zero probability.

(Lower bound in Theorem sparse case) Adopt the setting of Section Suppose that
nn — 0 and that k, — 0. Let y < 1 be given, and build 7, from n i.i.d draws (scaled by
€p) from the univariate sparse prior 5, with sparsity yn, and overshoot (2log(y )~ H/4,
compare Section[8.4] Show that
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1. The number N, of non-zero components in a draw from 7, is distributed as Binomial(z, y 1),
and hence that 7, (©,) — 1 if and only if k, — oo,
2. on ®, we have ||9||2A§ Yy Ye2u2EN, (define pu,),and

3. forall y, show that ||6,,[|? < y~'e2u2 EN,.
As a result, verify that the sequence 7, satisfies conditions ([8:41) — (8:44), and hence that
RN (®n(kn),€n) > Bu(kn,€n)(1 + o(1)).
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Sparsity, adaptivity and wavelet thresholding

In this chapter, we explore various measures for quantifying sparsity and the connections
among them. In the process, we will see hints of the links that these measures suggest with
approximation theory and compression. We then draw consequences for adaptive minimax
estimation, first in the single sequence model, and then in multiresolution settings.

In Section traditional linear approximation is contrasted with a version of non-linear
approximation that greedily picks off the largest coefficients in turn. Then a more explicitly
statistical point of view relates the size of ideal risk to the non-linear approximation error.
Thirdly, we look at the decay of individual ordered coefficients: this is expressed in terms of
a weak-£, condition. The intuitively natural connections between these viewpoints can be
formalized as an equivalence of (quasi-)norms in Section[9.2]

Consequences for estimation now flow quite directly. Section|9.3|gives a lower bound for
minimax risk using hypercubes, and the oracle inequalities of the last chapter in terms of
ideal risk combined with the quasi-norm equivalences lead to upper bounds for /2 logn
thresholding over weak £, balls that are only a logarithmic factor worse than the hypercube
lower bounds. When p < 2, these are polynomially better rates than can be achieved by any
linear estimator-this is seen in Section 9.5 using some geometric ideas from Section 4.8

To interpret and extend these results in the setting of function estimation we need to relate
sparsity ideas to smoothness classes of functions.

The fundamental idea may be expressed as follows. A function with a small number of
isolated discontinuities, or more generally singularities, is nevertheless smooth “on average.”
If non-parametric estimation is being assessed via a global norm, then one should expect
the rate of convergence of good estimators to reflect the average rather than worst case
smoothness.

Thus, a key idea is the degree of uniformity of smoothness that is assumed, and this is
measured in an L, sense. Sectionintroduces this topic in more detail by comparing three
examples, namely uniform (p = o0), mean-squre (p = 2) and average (p = 1) smoothness
conditions, and then working up to the definition of Besov classes as a systematic framework
covering all the cases.

Focusing on the unit interval [0, 1], it turns out that many Besov classes of smoothness o
are contained in weak £y balls, Section After some definitions for estimation in the
continuous Gaussian white noise problem in Section[9.8] the way is paved for earlier results
in this chapter to yield, in Section broad adaptive near-minimaxity results for \/2logn
thresholding over Besov classes.

These results are for integrated mean squared error over all ¢ € [0, ]; Section shows

215
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that the same estimator, and similar proof ideas, lead to rate of convergence results for esti-
mating f'(¢y) at a single point .

The final Section gives an overview of the topics to be addressed in the second part
of the book.

9.1 Approximation, Ideal Risk and Weak ¢, Balls
Non-linear approximation

Let {¢;,i € N} be an orthonormal basis for L,[0, 1], and consider approximating f €
L[0, 1] by a linear combination of basis functions from a subset K C N :

Pgf =) 6.
ieK
The coefficients 6; = (f, ¥;), and we will not distinguish between fand the corresponding
coefficient sequence 0 = [ f]. Again, using the orthonormal basis property, we have

If = Peflz =26
i¢K
The operator Pk is simply orthogonal projection onto the subspace spanned by {;,i € K},
and yields the best L, approximation of f from this subspace. In particular, Pk is linear,

and we speak of best linear approximation.
Now consider the best choice of a subset K of size k: we have

ce(f) =inf{|f — Px fII5 : #(K) < k},
or what is the same
c2(6) = inf{z 02 : #(K) < k}. 9.1)
i¢K
Let |0|1) > |0]2) > ... denote the amplitudes of 6 in decreasing order. Then c,f (f) is what
remains after choosing the k largest coefficients, and so

R(f) =cZO) =) 103,
1>k
and we call cx (6) the compression numbers associated with 8 = 9[ f].

Let K (6) be the set of indices corresponding to the k largest magnitudes. Since Ky (f)
depends strongly on f, the best approximation operator Qk f = Pk, (o) f is non-linear:
Ok(f +8) # O« f + Qg

Thus the rate of decay of ¢ (6) with k measures the rate of non-linear approximation of
f using the best choice of k functions from the basis. To quantify this, define a sequence
(quasi)norm

1612, = sup k> Y1613y,
k=0 ok

with the convention that k** = 1 when k = 0. In other words, |0|., = C means that
Qi 10 |%i))1/ 2 < Ck~“for all k and that C is the smallest constant with this property.
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So far, the index set has been N. The expression (9.1)) for c,% () is well defined for any
finite or countable index set /, and hence so is |0|§,a, if the supremum is taken over k =
0,1,...,17]

Ideal Risk
Return to estimation in a Gaussian white sequence model
yi =0; +ez, iel,

thought of, as usual, as the coefficients of the continuous Gaussian white noise model
in the orthonormal basis {; }.

Suppose that K C [ indexes a finite subset of the variables and that Pk is the correspond-
ing orthogonal projection. The variance-bias decomposition of MSE is given by

Ecl|Pxy — fI? = #(K)e* + | P f — .

The ‘ideal’ subset minimizes the MSE for estimating f,

R(f.€):= inf Ec|Pgy - A (9.2)
s 2 . 2
= inf | ke? + cnt Pk f ] ! 9.3)
= i1]:f{ ke® + cp(0)}. (9.4)

The second and third forms show the connection between ideal estimation and non-linear
approximation, and hint at the manner in which approximation theoretic results have a direct
implication for statistical estimation.

Write S = ke* + cZ(6) for the best MSE for model size k. The differences

Sk — Sk—1 = €’ — |9|%k)

are increasing with k, and so the minimum value of k — Sy occurs as k — |9|%k) ‘crosses’
the level €2, or more precisely, at the index k given by

N(e) = N(B,€) = #{i : |6;] > €}, (9.5)

Compare Figure [ADD IN] . [in approximation theory, this is called the distribution func-
tion of |0, a usage related to, but not identical with the standard statistical term.]

It is thus apparent that, in an orthonormal basis, the ideal subset estimation risk coincides
with our earlier notion of ideal risk (Section [8.3):

R(f.e) =R(O.€) =Y 67 ne

The ideal risk measures the intrinsic difficulty of estimation in the basis {; }. Of course, it
is attainable only with the aid of an oracle who knows {i : |6;| > €}.
In addition, (9.4) and (0.5)) yield the decomposition

R(0.€) = N(€,0)e® + ¢ (0). (9.6)

Thus, the ideal risk is small precisely when both N(€) and ¢y are. This has the following
interpretation: suppose that N(e,0) = k and let K;(0) be the best approximating set of
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size k. Then the ideal risk consists of a variance term ke? corresponding to estimation of
the k coefficients in K¢ () and a bias term ¢7(9) which comes from not estimating all other
coefficients. Because the oracle specifies Kx(6) = {i : |6;| > €}, the bias term is as small
as it can be for any projection estimator estimating only k coefficients.

The rate of decay of R(8, €) with € measures the rate of estimation of 8 (or f[0]) using
the ideal projection estimator for the given basis. Again to quantify this, we define a second
sequence norm

075, = supe ™" Z 07 A €2
€>0 i
In other words, |0|;r, = B means that R(0,¢) < B?¢?" for all € > 0, and that B is the
smallest constant for which this is true.

Identity (9.6) says that good estimation is possible precisely when 6 compresses well in
basis {;}, in the sense that both the number of large coefficients N(¢) and the compres-
sion number CJZV( o) are small. Proposition below uses (9.6) to show that the compression
number and ideal risk sequence quasinorms are equivalent.

Weak { ,, and Coefficient decay

A further natural measure of the “compressibility” of 6 is the rate at which the individual
magnitudes |0;| decay. More formally, we say that 8 = (6;,i € I) € w{,, if the decreasing
rearrangement 0]y > |0|@2) > ... satisfies, for some C,

10]qy < C17/, I=1,....1|
and we set [|0],¢, equal to the smallest such C. Thus

16llwe, = maxk"/7|0]g).

Here ||0]|w¢, is a quasi-norm rather than a norm, since instead of the triangle inequality,
it satisfies only

10+ 602, <27(1612, + 1012, ). (p > 0). ©.7)
See 3° below for the proof, and also Exercise We write w{ ,(C) for the (quasi)norm ball
of radius C, or w{, ,(C) if we wish to emphasize that I = {1,...,n}.

Smaller values of p correspond to faster decay for the components of 6. We will be
especially interested in cases where p < 1, since these correspond to the greatest sparsity.

We note some relations satisfied by wt,(C).

1°.£,(C) C wl,(C). This follows from

k
[KM710]@))? < k- (1/k) Y1615, < 1617 .
1
2°.wl, C £, forall p’ > p,sinceif 6§ € wl,, then

D 10lGy = CP YK = Cre(p ).
1 1
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3°. A plot of N(0, €) versus € shows that the maximum of € — €? N(6, €) may be found
among the values € = |0|). Hence we obtain

||9||5[p = sulgepN(O,e). (9.8)

This representation makes it easy to establish the quasinorm property. Indeed, since
N +0',¢) < N(,¢/2) + N(6',¢/2),
we obtain immediately. Another immediate consequence of is the implication
€?N(©,¢) <CPforalle = © C w{,(C). (9.9)

9.2 Quasi-norm equivalences

In preceding subsections, we have defined three quantitative measures of the sparseness of
a coefficient vector 6.

(a) |0|c,« as a measure of the rate & of non-linear £, approximation of 6 using a given number
of coefficients,

(b) |0|rr,r as a measure of the rate r of mean squared error decrease in ideal statistical esti-
mation of # in the presence of noise of scale ¢, and

(¢) |0]we¢, as a measure of the rate 1/ p of decay of the individual coefficients 6] ).

We now show that these measures are actually equivalent, if one makes the calibrations
r=2ua/QCua+1), p=2/Qu+1), = p=2(1-r). (9.10)
Proposition 9.1 Let o > 0, and suppose that r = r(«) and p = p(«) are given by (9.10).
Then, with ¢, = [2/(2 — p)]/?,
37VP100we, < 1Blea < 10178, < cplOlue,- 0.11)

Proof We establish the inequalities proceeding from right to left in (9.11). Since all the
measures depend only on the absolute values of (6;), by rearrangement we may suppose
without loss of generality that 6 is positive and decreasing, so that 8 = |0]x).

1°. Suppose first that C = |0y, , so that O < Ck™'/?. Hence

0 oo
SRAP Y CHUTP AL < / (Cu=P)2 A 12 du
1 0

=u >+ ZLCZui‘Z/P = (1 + ZL) CPt?,
-P -P

Here u, = CP?¢77 is the point of balance in the pairwise minimum. Hence [6]3, =
Sup,»o 172 Y02 A 12 < [2/2— p)II6I2, .

2°. Now let C = |0|g,r. so that for all positive ¢, 172" >~ 2 A t* < C?2. In particular,
when t = 6, we obtain, for all k > 1,

07> (k67 + c2(0)] < C>.
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Hence 7 < k~'C? and so
C]%(Q) < elngZ < k—2r/p(c2)l+2r/p.

Since 2r/p = 2a, we conclude for every k > 1, that k2*c?(9) < C>(112%) = |0|%{’. It
remains to consider the exceptional case k = 0 : putting ¢ = 6, in the definition of |0|;r ,,
we find ¢2(8) < C262" and also that 62 < C2602". Hence 67 < C? and so c2(0) < C*/»,
which completes the verification.

3°. Let C = |0]c,q. so that ¢() < C*k~2* for k > 1 and ¢§(0) < C2. This implies
that 62 < C?,and fork > 2and 1 < r < k that

k
O <(1/r) Y 07 <C?/r(k—r)* < C>@3/k)'*,
k—r+1

where for the last inequality we set r = [k/2] > k/3. Consequently, for all k > 1,
1012, = supk?/?P67 < 3*/7C2, O
k

9.3 A Risk Lower Bound via Embedding of hypercubes.

We have just seen that N(6, €), the number of coefficients with modulus larger than e, is
a useful measure of sparsity. In combination with earlier minimax estimation results for
hyperrectangles, it also leads to a simple, but important lower bound for minimax risk for
solid, orthosymmetric ® under squared error loss.

Suppose O is solid and orthosymmetric. For each § € ©® and € > 0, the very defini-
tion shows that ® contains a hypercube ®(¢) with center 0, side length 2¢ and dimension
N(0, €). The e-hypercube dimension

N(®,¢€) :=sup N(b,¢) (9.12)
0e®
denote the maximal dimension of a zero-centered e-hypercube embedded in ®.
In the white Gaussian sequence model at noise level €, the minimax risk for a p-dimensional

e-hypercube [—¢, €]? is given, from and (@.33) by
Ry([—€.€]”.€) = pe’py(1. 1),

where ¢y = py (1, 1) is the minimax risk in the unit noise univariate bounded normal mean
problem on [—1, 1]. Since ® contains the hypercube ®(¢), we arrive at a lower bound for
the minimax risk

Ry (®,€) > coe?N(O, €). (9.13)
Examples. 1. £, balls. In Chapters and we study at length estimation over

lhp(C) =0, ,(C)={0eR: ) |6]|” <C”}. (9.14)
1

We clearly have #{i : |6;| > €} < Y| |6;|?/€”, and so the e-hypercube dimension

N, ,(C).€) = min(n, [C? /eP]). (9.15)



9.4 Near Adaptive Minimaxity for (weak) £ , balls 221
Hence, if C > ¢, we find from this and (9.13)) that
Ry £y ,(C),€) > ¢y min(ne?, CPe*P), (9.16)

where ¢; = ¢o/2. Since £, ,(C) C wl,, p(c), the same lower bound applies also to the
weak £, ball. In Section we will see that for p > 2 this bound is sharp at the level of
rates, while for p < 2 an extra log term is present.

2. Products. Since N((0;,65),¢) = N(01,¢) + N(0,, €), we have

N(@l X B,, E) = N(@],G) + N(@z,E). 9.17)

9.4 Near Adaptive Minimaxity for (weak) £, balls

We are now ready to combine upper and lower bounds to arrive at an adaptive minimaxity
result, up to logarithmic terms, for /2 logn thresholding on £, balls, both strong and weak.
More precise results will be given in later chapters, but the charm of the present statement
lies in the relatively simple proof given the tools we have developed.

ansider the n-dimensional Gaussian white noise model y; = 6; 4+ €z; fori = 1,...,n.
Let 8Y denote soft thresholding at € /2 log n. From the soft thresholding oracle inequality,
Proposition we have

re(8Y,0) < 2logn + [ex + R(0, €)].

If we have a bound on the weak £, norm of €, then we can use Proposition to bound

R(0.€) < |0|7g,€*" < [2/Q2—=pIOI5, €77 (9.18)
In addition, R(0,€) = Y | 67 A €? < ne?, and so, with ¢, = 2/(2 — p),
sup re(éU, ) < (2logn + 1)[e* + ¢, min(ne?, C?e* 7). (9.19)
fewl,, ,(C)

To summarize, let r, p(C ,€) = min(ne?, CPe?P); this is also the main term in lower

bound (9.16) for Ry (£, ,(C), €).
Theorem 9.2 Ify ~ N,(0,€I) thenfor0 < p <2ande < C,
17y ,(C.€) < Ry(Ly p(C),€) < Ry(wly,»(C),€)
< (2logn + 1)[e* + cprn »(C,E)].

The latter bound is attained for all € by U, soft thresholding at € /2 log n, compare (©.19).

The minimax risks depend on parameters p, C and €, whereas the threshold estimator
i requires knowledge only of the noise level e—which, if unknown, can be estimated as
described in Chapter Nevertheless, estimator U comes within a logarithmic factor of
the minimax risk over a wide range of values for p and C. In the next section, we shall see
how much of an improvement over linear estimators this represents.

The upper bound in Theorem [9.2] can be written, for e < C and n > 2, as

cxlogn -1, (C,e€)
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if one is not too concerned about the explicit value for ¢,. Theorem gives upper and
lower bounds that differ by constants rather than logarithmic terms.
Exercise 0.2 extends the weak £, risk bound (9-19) to general thresholds A.

9.5 The woes of linear estimators.

‘We make some remarks about the maximum risk of linear estimators. While the techniques
used are those of Section the statistical implications are clearer now that we have estab-
lished some properties of non-linear thresholding.

For any set ® C {,([/), we recall the notation for the “square” of ®, namely @ =
{(6;)? : 0 € O}. The quadratically convex hull of ® is then defined as

QHull(®) = {6 : (6;)* € Hull(©3)}, (9.20)

where Hull(S) denotes the closed convex hull of S. Of course, if ® is closed and quadrati-
cally convex, then QHull(®) = ©®. However, for £ ,— bodies with p < 2,

QHull(®,(a)) = {6 : Y a767 <1}

is an ellipsoid. The key property of quadratic convexification is that it preserves the maxi-
mum risk of linear estimators.

Theorem 9.3 Let © be solid orthosymmetric and compact. Then
R (®,¢) = Ry (QHull(®), €).

Proof Since © is orthosymmetric, (4.56) shows that linear minimax estimators may be
found that are diagonal, with risk functions given by (@.50). Such risk functions are linear in
s = (#?) and hence have the same maximum over Hull(©? ) as over ©7. O

Remark. Combining Theorems and0.3], we observe that the minimax linear risk of
O is still determined by the hardest rectangular subproblem, but now of the enlarged set
QHull(®). Of course, QHull(®) may be much larger that ®, and so (in contrast to Corollary
it could certainly happen now that Rz (®) > Ry (®) : we will see examples in the
later discussion of £, balls and Besov spaces.

For a key example, let p < 2 and consider 0, ,(C) = {6 : >.7|6;|? < CP?}. Since
QHull(©,,,(C)) = ©,,(C), we have using (.58),

ne*C? _
RL(O, 5(C).€) = RL(O,2(C), €) = ——— € [3, 1] min(ne?, C?). 9.21)
nez 4+ C
Combining this with Theorem 9.2, which we may do by contrasting r, , with r; ,, we

see that CPe* P « C? exactly when € < C and so for p < 2, the non-linear minimax
risk is an algebraic order of magnitude smaller than the linear minimax risk. Furthermore,
+/2log n thresholding captures almost all of this gain, giving up only a factor logarithmic in
n.
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9.6 Function spaces and wavelet coefficients

To draw consequences of these results for function estimation, we need to relate sparsity
ideas to smoothness classes of functions. We have seen when smoothness of functions is
measured in, say, a mean-square sense—corresponding to L, integrals [(D® f)*>—that lin-
ear estimators are close to optimal for mean-square error. On the other hand, it is appar-
ent that non-linear estimators, for example using thresholding of wavelet coefficients, can
greatly outperform linear estimators. In order to have a mathematical framework to describe
this, we measure smoothness using other L, measures, typically for p < 2, if estimation
error is measured in mean-square. It might at first seem simplest, then, to consider L, in-
tegrals of derivatives [ |D® f|?, the Sobolev (semi-)norms. However, when working with
wavelet bases {1/}, it turns out to be helpful to have the flexibility to sum separately over
location k with an £, index and over scale j with an £, index. For this purpose it has proved
helpful to formulate the notion of smoothness using Besov spaces.

This section gives some motivation for the definition of Besov measures of smoothness of
functions. More systematic discussion can be found in the books by Meyer| (1990), Frazier
et al. (1991)) and Triebel| (1983)). Instead the approach here is

o first, to give some heuristic remarks on L, measures of smoothness and the tradeoff
between worst-case, p = 0o, and average case, p = 1, measures,

e then, to explore the use of magnitudes of wavelet coefficients to describe smoothness of
functions in examples with p = 1,2 and oo, and

¢ finally to give a definition of Besov norms on sequences of wavelet coefficients that en-
compasses the three examples.

This approach is somewhat roundabout, in that we do not begin with directly with Besov
smoothness measures on functions. There are two reasons for this: the first is pragmatic: it is
the sequence form that is most heavily used for the statistical theory. The second is to sim-
plify exposition—while the rich theory of Besov spaces B ,(£2) on domains and B} ,(R")
on Euclidean space can be approached in various, largely equivalent, ways, it does take some
work to establish equivalence with the sequence form in terms of wavelet coefficients. To
keep the treatment relatively self-contained, Appendix [B|gives the definition of By ([0, 1])
in terms of moduli of smoothness and shows the equivalence with the sequence form using
classical ideas from approximation theory.

Some Heuristics

Some of the traditional measures of smoothness are based on using L , norms to measure the
size of derivatives of the function: through the seminorms | f |yx = (f |D* £17)'/P where
1 < p < o0o. When p = oo, the integral is replaced by a supremum sup,, | DX £(x)|.

These seminorms vanish on polynomials of degree less than k, and so it is customary to
add the L, norm of the function in order to obtain an actual norm. Thus the (p* h power) of
the Sobolev norm is defined by

£ Ly = [1717+ [ D% 117
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The Sobolev space Wlf of functions with k derivatives existing and integrable in L, is then
the (Banach) space of functions for which the norm is finite. Again, in the case p = oo, the
norm is modified to yield the Holder norms

1 llex = 11/ lloo + 11D f lloo-

M peaks

1A AL

a b 1/N

Figure 9.1

Figure [0.1] contains some examples to illustrate how smaller p corresponds to a more
averaged and less worst-case measure of smoothness. For the function in the first panel,

If =2 Ifl2=v1/a+1/b.  [If'lec =1/a.

In the 1—norm the peaks have equal weight, while in the 2—norm the narrower peak domi-
nates, and finally in the co—norm, the wider peak has no influence at all. The second panel
compares the norms of a function with M peaks each of width 1/N:

I =M. Nflla=vMN, [l =N.

The 1—norm is proportional to the number of peaks, while the co—norm measures the slope
of the narrowest peak (and so is unaffected by the number of spikes), while the 2—norm
is a compromise between the two. Thus, again smaller values of p are more forgiving of
inhomegeneity.

Decay of wavelet coefficients—some examples

A basic idea is to use the magnitude of wavelet coefficients to describe the smoothness of
functions. We explore this in three examples, p = 1, p = 2 and p = oo, before showing
how Besov sequence norms provide a unifying framework. To avoid boundary issues, we
work with an orthonormal wavelet basis for L,(R), and so assume that a square integrable
function f has expansion

) =) Braork (@) + Y Y Oxvrjr(x). (9.22)
k

J=zL k

In the following proof, we see for the first time a pattern that recurs often with multires-
olution models: a count or error that is a function of level j increases geometrically up to
some critical level j, and decreases geometrically above jgy. The total count or error is then
determined up to a constant by the critical level. While it is often easier to compute the
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bound in each case as needed, we give a illustrative statement here. If 8,y > 0, then on
setting 7 = y/(B + y) and cg = (1 —27P)~!, we have

D 826 AC2 < (cptcy)CITTS (9.23)
JEZ

The critical level may be taken as jo = [j«], where j, is the solution to §28/+ = C27V/+,

Holder smoothness, p = co. We consider only 0 < « < 1, for which | f(x) — f(y)] <
C|x — y|® for all x, y. Reflecting the uniformity in x, the conditions on the wavelet coeffi-
cients are uniform in k, with the decay condition applying to the scales .

Theorem 9.4 Suppose that 0 < o < 1 and that (¢, ) are C' and have compact support.
Then f € C*(R) if and only if there exists C > 0 such that

|Bril < C, k| < C27@F/2i >, (9.24)

Proof Assume first that f € C. Although this is a special case of Lemma[7.2] we give
the detail here. What we rely on is that f ¥ = 0—this follows from Proposition since ¥
is C'—and allows the wavelet coefficient to be rewritten as

fo vl = 277 / LGk +2770) — fuo)]¥ () (9.25)

for x; = k27/. The Holder smoothness now provides the claimed bound

(firjx) <2772 flq277® / [v]%Y (V)dv = cyql fla27/ @2 (9.26)

In the reverse direction, from (9.22)), we can decompose the difference f(x) — f(x’) into
terms Ag(f) + Ag(f), where, for example,

ANo(f) =D Oul¥e(x) = ¥ju(x)].
jk
We focus on Ag(f) here, since the argument for Ag(f') is similar and easier. Using the
decay (9.24) of the coefficients 6 j,

[Ag(f)] = C Y 27CFIDIN 22|y 27 x — k) — Y (2" — k).
Jj=L k

If the length of the support of v is S, then at most 25 terms in the sum over k are non-zero.
In addition, the difference can be bounded using ||1/'||c When |2/ x —2/x’| < 1, and using
simply 2||v ||oo otherwise. Hence

1A (f)] < ey C Y 27 min{2/|x — x|, 1},
j=L

where ¢y = 28 max{2||¥ |00, [|[¥'[}. Let j« € R satisfy 27/« = |x — x’|. The summands
above increase geometrically for j < j, (using the assumption that @ < 1!), and decrease
geometrically for j > j.. Consequently

|Ag(f)] < cay C27%* < C'|x — x'|%,
which, together with the bound for Ag( /) gives the Holder bound we seek. O
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Remark 9.5 We mention the extension of this result to « > 0. Let r = [«]. Assume
that ¢ and ¢ are C” with compact support, and that ¥ has at least r vanishing moments.
If f € C*(R), then there exists positive C such that inequalities hold. Conversely,
if @ > 0 is not an integer, these inequalities imply that f € C*(R). The proof of these
statements are a fairly straightforward extension the arguments given above (Exercise[0.4])

When « is an integer, to achieve a characterization, a slight extension of C* is needed,
see Section[B.3]for some extra detail.

Mean square smoothness, p = 2. Already in Chapter [3] we studied smoothness in the
mean square sense, with norms || f||? ;= [ f?+ [(D" f)*. Mean square smoothness also
has a very natural expression in terms of wavelet coefficients. Suppose that (¢, ¥) are C”.
Then we may formally differentiate the homogeneous wavelet expansion f = > Jk Oix ¥k
to obtain

D f(x) = 270,95 (x).

jk

The system {W](-Q} is no longer orthonormal, but it turns out that it is the next best thing,
namely a frame, meaning that there exist constants Cy, C; such that for all f € W,

QY6 < [0 Q) < 6 Y26k ©9.27)
. -

J

J

These remarks render plausible the following result, proved in Appendix [B.4]

Theorem 9.6 If (¢, V) are C” with compact support and W has r + 1 vanishing moments,
then there exist constants Cy, C, such that

Cllf Gy <D B+ D 2705 < Gl f Iy (9.28)
k

J=0,k

Average smoothness, p = 1. Observing that |1/fjk|W1' = 2/2||y'||; and applying the
triangle inequality to the wavelet expansion (9.22)), we get

|flws < 2220010 Y B+ 1yl Y 272> " 10
k J k

with a similar expression for || f |1, with 2//2 replaced by 27//2 and ||y'||; by |¥/|l:.
We adopt the notation 8;. for the coefficients (8, ) at the jth level (and similarly for 8;.).
We have established the right hand half of

Theorem 9.7 Suppose that (¢, V) are C ! with compact support. Then there exist constants
C, and Cy such that

cl[nﬁbul n sung/2||ej.||1] <1l < cz[nﬁL.m n sz”nej.ul].
J=

J=L



9.6 Function spaces and wavelet coefficients 227

For the left hand inequality, we suppose that f € W,'. Since ¥ is C!, we conclude as
before that [y = 0, and it follows from integration by parts that if suppy C I, then

<1
/Im/fl <yl /, DS

Suppose that ¢ has support contained in [-S + 1, S]. Applying the previous bound to 6 =
[ f¥k yields a bound |0x| < ¢y, 277/2 fljk |Df|, where 1 is the interval 27/ [k — S +
1,k + S]. For j fixed, as k varies, any given point x falls in at most 2§ intervals [z, and
so adding over k yields, for each j > L,

22 10kl <28 ey - | flwy-
k

A similar but easier argument shows that we also have ||Bz.l; < 222 - 2S|¢lloo - | fI1-
Adding this to the last display yields the left bound.

Besov sequence norms

Comparing the three cases, we may contrast how the coefficients at a given level j are
weighted and combined over k:

Holder, p = oo, 227116, || oo,
Mean square, p = 2, 2%7110,. 1.
Average, p = 1, 2j(a—1/2)||0j.||1.

Introducing the index a = o + 1/2 — 1/ p, we can see each case as an example of ¢; =
2%7|6;.|| p. To combine the information in ¢;; across levels j, we use £, norms (ijL le;j|9)Ve,
which spans a range of measures from worst case, ¢ = 0o, to average case, g = 1.

We use 6 as an abbreviation for {81k} U {0k, j = L,k € Z}, and define

e — ajiqa|g. |14 Ha

10, = 18215 + (32 29065018) 9.29)
jzL

where again,a = « + 1/2 — 1/ p. In the case ¢ = oo, this is interpreted as

101lbg . = l1BLlIp + sup 2476 .
j=L

In full indicial glory, (9.29) becomes
1/p . 1/q
10055, = (X 1Bel?) " + (o 294X 10Imye7) .
k j>L k
Thus, the three parameters may be interpreted as follows:

a>0 smoothness
p € (0, 00] averaging norm over locations k
q € (0, 0] averaging norm over scales j.
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With the Besov index notation, we may summarize the inequalities described in the three
function class examples considered earlier as follows:

(i) Holder smoothness, p = oo. Then [|0]pe, < || fllce for @ > 0, with the Zygmund
class interpretation of C* when « € N, cf.

(ii) Mean-square smoothness, p = 2. Then ||9||§¢2,2 < [|fI>+|D*f|>.

(iif) Total variation, p = 1. Then Cy |||, = < [1f1+IDf]| < CallOllpr . (e =1
here).

Example 9.8 Consider f(x) = A|x|#g(x). Here g is just a window function included to
make f integrable; for example suppose that g is equal to 1 for |x| < 1/2 and vanishes
for [x| > 1 and is C*° overall. Assume that f > —1/p so that f € L,. Suppose that the
wavelet ¥ has compact support, and r > 8 + 1 vanishing moments. Then it can be shown
(Exercise that ||0][pe . < cappA < oo whenever o < B+ 1/ p. Thus one can say that f

has smoothness of order B + 1/p when measured in L ,. Again, smaller p is more forgiving
of a local singularity.

Besov function space norms

Our discussion here is brief; see Appendix [B| for more detail and references. To test if a
function f(x) belongs to function space Bj ,, one starts with an integer r > « and the
r-th order differences of Aj(f, x) of step length &, averaged over x in L,. The largest
such average for 1 < t defines the integral modulus of smoothness w, (f,?),. The function
S € Bj  if the ratio w,(f,1),/t* is uniformly bounded in # > 0. If instead the ratio
belongs to L4((0,00),dt/t) then f € By . In each case the L, norm of w,(f,1),/t*
defines the seminorm | f | g« and then the norm || f||g«, = | fll, + | f|8,-

The discussion in Appendix [B|is tailored to Besov spaces on a finite interval, say [0, 1].
It is shown there, Theorem that if (¢, 1) are a C” scaling function and wavelet of
compact support giving rise to an orthonormal basis for L, [0, 1] by the CDJV construction,
then the sequence norm (9.29) and the function norm are equivalent

Cill flloz, < IIflBg, < Call flloe, - (9.30)

The constants C; may depend on (¢, ¥, «, p,q, L) but not on f. The proof is given for
1<p,g<oocand0<a <r.

Relations among Besov spaces. The parameter g in the Besov definitions for averaging
across scale plays a relatively minor role. It is easy to see, for example from (9.29), that

B% C B*

P.q1 g2’ forgi < ¢»

so that B , C B},  forall g, [I and so we mainly focus on the B ., or more precisely the
b3, o norm in our discussion.

The relation between smoothness measured in different L , norms as p varies is expressed
by embedding theorems (see e.g.|Peetre| (1975, p. 63)

L 1f (By, || - |11) and (B2, || - ||2) are normed linear spaces, By C B means that for some constant C, we
have || fll1 < C|[f |2 forall f € By.
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Proposition 9.9 Ifa < o' and p > p’ are relatedby o — 1/p = o’ — 1/p/, then
B, ,CB,,.

In fact, the proof becomes trivial using the sequence space form (9.29).

The situation can be summarized in Figure[9.2] which represents smoothness « in the ver-
tical direction, and 1/ p in the horizontal, for a fixed value of ¢. Thus the y—axis corresponds
to uniform smoothness, and increasing spatial inhomogeneity to 1/ p. The imbeddings pro-
ceed down the lines of unit slope: for example, inhomogeneous smoothness («’, 1/ p’) with
a’ > 1/p’ implies uniform smoothness of lower degree « = o’ — 1/p’.

The line @« = 1/ p represents the boundary of continuity. If « > 1/p, then functions in
Bj, , are continuous by the embedding theorem just cited. However in general, the spaces
with ¢ = 1/p may contain discontinuous functions — one example is given by the contain-
ment B{ | C TV C B .

Finally, for B ([0, 1]), the line @ = 1/p — 1/2 represents the boundary of L, compact-
ness -if @ > 1/p —1/2, then B , norm balls are compact in L,: this observation is basic
to estimation in the L, norm.

(1/p',\a') a=1/p
/,x'&':l /p-1/2
1 /2 1/p

Figure 9.2 Summarizes the relation between function spaces through the primary
parameters o (smoothness) and 1/ p (integration in L ).

Besov and Sobolev norms. While the Besov family does not match the Sobolev family
precisely, we do have the containment, for r € N,
W, C B, -
In addition, when p < 2 we have
B, ,CW,.

We can write these embedding statements more explicitly. For r € N, there exists a
constant C such that

1
£l =C [ 1717 +107 11 9.31)
! 0
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In the other direction, for 0 < p < 2 and r € N, there exists a constant C such that

1
[ =curi,. ©32)
0 |

A proof of (9.31)) appears in Appendix [B] after (B.26), while for (9.32)), see Johnstone and
Silverman| (2005b), though the case p < 1 is elementary.

More generally, W, = F, , belongs to the Triebel class of spaces, in which the order of
averaging over scale and space is reversed relative to the Besov class, see e.g. |[Frazier et al.
(1991) or [Triebel (1983). In particular, this approach reveals an exceptional case in which
W; = Bj ,, cf Theorem[0.6]

Simplified notation

Consider a multiresolution analysis of L,[0, 1] of one of the forms discussed in Section[7.1]
For a fixed coarse scale L, we have the decomposition L,([0,1]) = V, W, W1 D--- ,
and associated expansion

201 2/ -1
F) =" Beore@) + Y > i), 9.33)
k=0 Jj=L k=0

For the statistical results to follow, we adopt a simplified notation for the Besov sequence
norms, abusing notation slightly. To this end, for j < L, define coefficients 6% to ‘collect’
all the entries of (Bx):

Ojk = Boik 0<j<LO0<k<2,

9.34
0-1,0 = Bo- O3

If we now write

19135, = 227771613,

J

then we have an equivalent norm to that defined at (9.29). Indeed, since L is fixed and all
norms on a fixed finite dimensional space, here R2" are equivalent, we have

k—1

_ 1/q
181, = (Z 2“”||9,~.||;f,) .

j=—1

In the case of Besov spaces on [0, 1], we will therefore often write ©% _ instead of b3 .
Notation for norm balls. For C > 0, let

©%,(C) = {9 : > 2994)16,.]19 < cq}.

J

Note that ©F ,(C) C O (C), where

0% o(C) =10 : 16,.|l, < C27¥ forall j > —1}. (9.35)
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9.7 Besov Bodies and weak {, Balls

We have seen that the weak £, quasi-norm measures the sparsity of a coefficient sequence
0, with smaller p corresponding to greater sparsity. If a parameter set ® is contained within
wf,, then all elements 6 € O satisfy the same decay estimate. We now describe some
relationships between the Besov and weak £, norms for the Besov spaces on [0, 1]. [As a
matter of notation, we note that ¢, will denote a constant depending only on « and p, and
not necessarily the same at each appearance.]

Proposition 9.10 Suppose that« > 1/ p—1/2, or equivalently that p > py, = 2/Q2a+1).
Then

@‘;‘,,q C wlp,.
but ©F , & wl; for any s < pq.

Recall that the notation By C B, for (quasi-)normed linear spaces means that there exists
a constant ¢ such that || x|| g, < c¢||x| s, forall x.

1/2 /pla) 1/p

Figure 9.3 Besov spaces ©F , on the dotted line are included in w{ ()

Proof Using the simplified notation for Besov norm balls, we need to show that, for some
constant ¢, allowed to depend on « and p,

®% ,(C) C wly, (c:C) (9.36)

for p > pg, but that no such constant exists for wf; for s < p,.

Since ®% , C ©% . it suffices to establish (9.36) for @ (C ), which in view of (9.33))
is just a product of Z balls 5/ ,(C27%). Hence, using (9.17) and (9-13) to calculate di-
mension bounds for products of £, balls, and abbreviating ® 07%.4(C), we arrive at

N(®.e) <1+ Y min{2/ (Ce'274)7}.
J
The terms in the sum have geometric growth and decay away from the maximum j, defined
by equality between the two terms: thus 2/+(@+1/2) = C/¢, independent of p > p,. Hence
N(®, €) < cgp2’* where we may take cup = 3 + (1 —279)~! < 0o forap > 0, which is
equivalent to p > p,. Now, from the definition of j., we have €?~ 2Jx = CP=_ and so

ePrN(O,€) < cpgCPe (9.37)
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and so, using the criterion (9.9), we obtain (9.36) with ¢; = c},{f “.

For the second part, consider the Besov shells ©V0) = {§ 0% ,(C) 1 0;x =Ounless j =
Jo-} = £y; ,(C27/9). Consider the shell corresponding to level j = [j«] with j, determined
above: since this shell belongs to ® = @9 (C) for all ¢, we have, from (9.13)

N(®,€) > min{2/,[(C277%/€)?]} > L2/ = L(C/e)P=, (9.38)
and hence that e’ N(0, €) > %CP‘* €*7Pe is unbounded in € if s < p,. O

Remarks.
1.(1/p,@) Diagram showing spaces embedding in wf,«. See Figure
2. Note that in the case « = 1/p — 1/2, we have a = 0, and so

©% (C)=1{0:> "> 10il” < CP} = £,(C).
Jj k

Note that there is no compactness here!
3. What happens to the embedding results when p = p,? For ¢ < p, we have

®(Ix7ot9q(c) C ®(;ocapoz (C) = epa (C) c wepoc (C)

It can also be seen that £, (C) C O (C).
4. However, there is no containment relation between wt,, (C) and ©F (C):
(i) The vector 6 defined by 0 = Cdgo € O, ,(C) butis notin wl,, (C’) for any C'.

(ii) The vectors 67° defined by 6]’,‘2 = 8;;,Ck™V/P fork = 1,...2/ are each in wi,, (C),

but [|67° s, . ~ Cjo’”.

9.8 A framework for wavelet shrinkage results

As always our setting is the continuous Gaussian white noise model (I.18). This can be con-
verted into a sequence model by taking coefficients in any orthonormal basis, as described
in (I.21) - (T.23). Let us repeat this now explicitly in the context of an orthonormal wavelet
basis adapted to L5[0, 1].

Given a fixed coarse scale L, suppose that we have an orthonormal basis {¢rx,k =
0,....2L—1}u {Vjk,k = 0,...,27 —1,j > L} leading to expansion (9.33) for any
f € L,[0,1]. Asking the reader’s forbearance for an arrant abuse in service of compact
notation, we propose to use the symbols ¥ i for ¢z 54 when0 < j < L,0 <k < 2/
(and y_ 1o for ¢, o). We may then, consistent with the convention (9.34)), define an index set
I={Gk):j>0,k=0,...,27 —1}U{(—1,0)} and write 05 = (f, ¥x) for (jk) € L.
With this understanding, our wavelet sequence model becomes

ik = Ojk + €zjk, (jk) eI, (9.39)

with yjx = (Y. dY) and z i = (Y, dW).

Every function f € L;[0, 1] has the expansion f = )_ 67V, and the Parseval relation
[ f* = >, 67 shows that the mapping from f to € is an isometry, which we sometimes
write 6 f]. Thus 6[f]; = (f, ¥;) for I € Z. For the inverse mapping, we write f[0] for
the function defined by f[0](¢) = >_ 01y (2).
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In the continuous white noise model, we estimate the function f using mean integrated
squared error [(f — f)?, and of course

If = f13=> 0 —0)* =16 —0]2,. (9.40)
A

We can now use the Besov bodies to define function classes
F=F,,(C)={f:0[f]€0] ,(C). (9.41)

secure in the knowledge that under appropriate conditions on the multiresolution analysis,
these function classes will be equivalent to norm balls in By [0, 1].

Our choice of definitions has made the continuous white noise estimation problem exactly
equivalent to the seqence model. Using the natural definition of minimax risks, we therefore
have the identity

Re(F.€) = inf sup Ef || f — f]? (9.42)
feg F

= inf sup Eg||f — 0> = Re(©, ¢).
fee ©

Here £ might denote the class of all estimators. We will also be particularly interested in
certain classes of coordinatewise estimators applied to the wavelet coefficients. In the se-
quence model, this means that the estimator has the form 01 (y) = 8 1, where § belongs to
one of the four families in the following table.

Family Description Form of §; )
L Diagonal linear procedures (§IL y)=cr-y
in the wavelet domain
Es Soft thresholding of wavelet coefficients g}g () = (ly| = Ar)+sgn(y)
En Hard thresholding of wavelet coefficients 8? ) = ylgy=an
En Scalar nonlinearities Arbitrary §¥ (y)

of wavelet coefficients

The corresponding estlmators in classes € in (©:42) in the continous white noise model
are deﬁnedbyf f101=>, 81( wl,dY))l//I,whereQ € &g, &L and so on.

9.9 Adaptive minimaxity for /2 log n thresholding

We combine the preceding results about Besov bodies and weak £, with properties of thresh-
olding established in Chapter (8| to derive adaptive near minimaxity results for ,/2logn
thresholding over Besov bodies ®%  (C). Consider the dyadic sequence model (9.39) and
apply soft thresholding to the first n = €2 = 27 coefficients, using threshold A, =
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V2loge2 = /2logn:

_nsjrsAee) < J

U — 9.43
* 7)o ji>J. ©43)

Letn = e 2 =27 andZ, = {(jk) : j < J} denote the collection of indices of the first n
wavelet (and scaling) coefficients. The corresponding function estimate

Sy =" 059 (9.44)
(Jk)EZ,

Remarks. 1. A variant that more closely reflects practice would spare the coarse scale
coefficients from thresholding: 6 (y) = yjx for j < L. In this case, we have

2L—1 J—12/-1
fat) = Z Yeprk () + D D" 6% (0) (9.45)
j=L k=0

where yrr = (@Li,dY). Since L remains fixed (and small), this will not affect the asymp-
totic results below.

2. Although not strictly necessary for the discussion that follows, we have in mind the
situation of fixed equi-spaced regression: y; = f(i/n) + oe; — compare (2.64). After a
discrete orthogonal wavelet transform, we would arrive at (9.39), restricted to j < J =
log, 1, and with calibration € = on~"/2. The restriction of thresholding in (9.43)) to levels
J < J corresponds to what we might do with real data: namely threshold the n empirical
discrete orthogonal wavelet transform coefficients.

The next theorem gives an indication of the broad adaptation properties enjoyed by wavelet
thresholding.

Theorem 9.11  Assume thata > (1/p —1/2)4,0 < p,g < 00,0 < C <o0. If p <2,
then assume also that o« > 1/p. Let 0U denote soft thresholding at €\/2logn, defined at
(©.43) Then for any Besov body ® = 0% (C) and as € — 0,

supre(8Y,0) < cop(2loge2)C2IeX (1 + 0(1)) (9.46)
€]

< cap(2log € 2)RN(O,€)(1 + o(1)).

A key aspect of this theorem is that thresholding “learns” the rate of convergence appro-
priate to the parameter space ©. The definition (9.43) of Y does not depend at all on the
parameters of @‘;‘,, p (C), and yet, when restricted to such a set, the MSE attains the rate of
convergence appropriate to that set, subject only to extra logarithmic terms.

Proof Let ™ and 6™ denote the first n coordinates — i.e. (j, k) with j < J —of 6 and
6 respectively. To compute a bound on the risk (mean squared error) of é, we apply the soft
thresholding risk bound (8.23)) of Proposition m to 6™ Since 6 ix = 0 except in these first
n coordinates, what remains is a “tail bias” term:

r(éU’ 0) = EHHé(n) _ e(n)”z + ”9(”) _ 0”2
< Q2loge™ + DIe> + RO &) + Y 16,1, (9.47)

jz=J
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Bound (9.47) is a pointwise estimate — valid for each coefficient vector 6. We now
investigate its consequences for the worst case MSE of thresholding over Besov bodies
0 = 07 ,(C). Given «, we set as before,

r=2ua/Qa+1), Pa=2/Qa+1)=2(1—-r).

Then, using the definition of the ideal risk seminorm, followed by the third bound of (9.11)),
we have for any 6 € ©F (C):
RO, €) < |03z, < calbl05) € < cupC? e, (9.48)

where the final inequality uses the Besov space embedding result of Proposition[9.10} com-
pare (9.36).

Tail bias. First, note the simple bound
sup{[|0]> : 0], < C.0 € R"} = Cn/>7/P+, (9.49)

which follows from a picture: when p < 2, the vectors having largest £, norm in an £,
ball are sparse, being signed permutations of the “spike” C(1,0,...,0). When p > 2, the
extremal vectors are dense, being sign flips of Cn=Y/7(1,...,1).

Now we combine across levels to obtain a tail bias bound. Suppose that 6 € ©F , C
©% o: we have [|6;]|, < C27%, and after using (9.:49), also [|0, ], < C27%/, after we set
o =a—(1/p—1/2)4. Clearly then 3 _;_, [|0; |2 is bounded by summing the geometric
series and we arrive at the tail bias bound

sup  ||0™ — 0% < ¢p C2272% (9.50)
0% ,(C)

Inserting the ideal risk and tail bias bounds (9.48)) and (9.50) into (9.47), we get the non-
asymptotic bound

r(0Y.0) < 2loge ™ + 1)[€2 4 capC2 1] + c4p C2*. (9.51)

Now suppose that C is fixed and € — 0. We verify that €2* = o(e”). This is trivial when
p > 2,since 2a > r. When p < 2, the condition « > 1/ p implies 2o’ = 2a > 1 > r. This
completes the proof of (9.47).

Lower Bounds. We saw in the proof of Proposition that ©F (C) contains €— hy-

percubes of dimension N(©, €) > ¢(C/€)?®. Hence the general hypercube lower bound
(©.13) implies that

Ry (©,¢€) > ¢1(C/e)?@e? = ¢, 20N e2r, (9.52)
O]

Remark. The condition @ > 1/p inthe p < 2 case could be weakenedtoa > 1/p—1/2
by choosing to threshold, say (log, € 2)? levels rather than log, e 2. However, we retain
the latter choice in order to stay closer to what one does with data in practice. The condi-
tion @ > 1/p implies, by embedding results mentioned in Section that the functions
f[6] are continuous, which seems a reasonable condition in order to speak sensibly of point
evaluation in model (2.64).
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9.10 Estimation at a point.

In this section, we change point of view and consider the estimation of the value f(zy) of
a function at a point ¢y € (0, 1) on the basis of observations from dyadic sequence model
(©.39). We again consider the wavelet threshold estimator with threshold 8, = €,+/2logn,
this time without shrinkage of coarse scale coefficients, so that the estimator f:, (o) is given
by (©.43).

In global estimation, we have seen that results are naturally obtained for average (p < o0)
as well as uniform (p = oo) measures of smoothness. For estimation at a point, we need
smoothness information locally, near that point, which would not be directly guaranteed by
an average measure. For that reason, we adopt a hypothesis of Holder smoothness here.

Recall from (9.41)) that F5, (C) = {f : 0[f] € % (C)}.

Theorem 9.12  Suppose that the wavelet \ is C%, has compact support and has at least
[a] vanishing moments. Let r = 20/2a + 1. Then

o _ logn
sup  Elfulto) = f(10)P < cuC2 DRy (14 0(1). 953)
FE€FE% 00 (C) n
Proof Decompose the estimation error over ‘coarse’, ‘mid’ and ‘tail” scales:

Salto) = ft) =Y ar+ Y ar+y ar. (9.54)

Iec Iem Iet

The main term runs over the mid scales,

J—1
Yoar=" G — 0¥ lo),
Iem j=L k

and points to the new point in the proof. In global estimation, the error || f — f|? is ex-
pressed in terms of that of the coefficients, Z(él — 07)2, by Parseval’s equality, using the
orthonormality of the basis functions v/ . In estimation at a point fo, there is no orthogonal-
ity in ¢, and instead we bound the root mean squared (RMS) error of a sum by the sum of
the RMS errors:

E(Za,)2 =Y Eajay <Y /ET%JET% =X \/ETz;)z (9.55)
1 1,J 1,J 1

We can use previous results to bound the individual terms Ea7. Indeed, recall from (8:9)
the mean squared error bound for a soft threshold estimator with threshold A, here given for
noise level € and A2 = 1 + A2

rs(he,0:€) < €2r(A,0) + 0% A A2e2 (9.56)

Since A = /2logn, we have from that 7(1,0) < n~1. We use the Holder continuity
assumption and Lemmato bound |0x| < ¢C27@*1/2)J Tn conjunction with v/a + b <
JVa + /b, we obtain

VEai < [¥1(0)] [ey/r(2,0) + [07] A Ae]

<cy2/? [1/n+ C27@TDI A6,
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where 8§, = Ae can be taken as /2 logn/n by increasing ¢y, slightly.

In the sum over /, to control the number of terms we use the compact support assumption
on V¥ : suppose that it has length S. Then for a given level j, at most S terms ¥ i (fo) are
non-zero. Hence

Z VEa? <eS2'2/n + ¢S Z 212(C2~@F1/2J A 5.

Iem j<J
<c/n+ceyCEL, (9.57)

where we have used geometric decay bound (9.23).
To organize the rest of the proof, combine (9.54) and (9.53)); we obtain

Elito) ~ fao = £( 3 al)zi( > ea)

2

IecUmUt IecUmUt
In the coarse scale sum over I € c, the terms a; = (yrx — Bri)eLk(to) for k =
0,...,2F — 1. We have Ea? < c;n_1 and so
> VEa} <2kcon 2 (9.58)
Iec

In the tail sum over I € ¢, we have a; = 07y (tp) for I = (jk) and j > J. Using again
the Holder coefficient decay bound and the compact support of v,

D lar| <y Sy €27tV Q2 < cC2 = cCn (9.59)

Iet j=J

Combining the coarse, mid and tail scale bounds (9.38)), (9.57) and (9.59), we complete
the proof:

Elfa(to) = f(t0)]* < (cxn™ " + ¢2C' 78] 4 ¢3Cn ™) < 3C*I87 (14 o(1)),
O

Remark. If we knew « and C, then we could construct a linear minimax estimator fn""c =
>, cryr where the (cy) are the solution of a quadratic programming problem depending
on C, o, n (Ibragimov and Khas’minskii| (1982)); [Donoho and Liu| (1991); Donoho| (1994)).
This estimator has worst case risk over A%(C) asymptotic to ¢, C 21~ n~". However, if the
Holder class is incorrectly specified, then this linear estimator will have a suboptimal rate of
convergence over the true Holder class (cf. also the discussion ending Section[10.6).

In contrast, the wavelet threshold estimator (9.44) does not depend on the parameters
(C, @), and yet achieves nearly the optimal rate of convergence — up to a factor log” n — over
all the Holder classes.

Lepskii| (1991) and Brown and Low| (1996b) have shown that this rate penalty log" 7 is in
fact optimal: even if the correct Holder class is one of two, specified by pairs («g, Co) and
(orp, Cy with og < 1, then

i}lf irggxl(cf(”_l)n"') j\gp(Ci)E [fu(to) — f(to)]* > c2log"™ .

Remark. 1t is evident both intuitively from Lemma that the full global constraint of
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Holder regularity on [0, 1] is not needed: a notion of local Holder smoothness near ¢ is all
that is used. Indeed Lemmais only needed for indices I with ¥;(¢y) # 0.

9.11 Outlook: Overview of remaining chapters.

The statistical results which concluded the first part, Theorems and make quite in-
formative statements about co-ordinatewise ‘universal’ thresholding. For example, the class
of parameter spaces is broad enough to decisively distinguish thresholding from any linear
estimator. The results do however raise or leave open a number of related questions, some
of which are explored in more detail in the second part of the book, and are outlined here.

One basic theme, already apparent in the structure of this chapter, recurs in each setting.
A result or technique is first formulated in a ‘single sequence’ model, as for example in
Theorem The same technique can then be carried over to function estimation by regard-
ing each level j in the wavelet transform as an instance of the sequence model, and then
combining over levels, as for example in Theorem [9.11]

Other loss functions (Chapter [I0). In Theorems [9.2] and .11} as in most of the rest
of this book, the focus has been on the squared error loss function. We give an analog of
the near-minimaxity result Theorem [9.11|for loss functions |6 — 0]|,«r from the class of

'’

Besov norms. Wavelet thresholding, at threshold € /2 logn, is simultaneously near asymp-
totic minimax (up to at most a logarithmic factor) for all these loss functions. The technique
is borrowed from the deterministic optimal recovery model of numerical analysis. The early
sections do the preparatory work in the single sequence model.

Losing the log term: optimal rates (Chapters[I1}[I2)). Itis of both theoretical and practical
interest to understand whether it is possible to remove the logarithmic gap (log 7 in Theorem
and log €2 in Theorem between upper and lower bounds, while still using adap-
tive estimators of threshold type. (Recall, for example, Figure in which the threshold
+/2logn was too large).

This question is intimately linked with the use of data-dependent thresholds. We sketch a
heuristic argument that suggests that an estimator using a constant threshold Ae (even if A
depends on 7) cannot be simultaneously minimax over £, balls £, ,(C) as p and C vary.

Suppose y ~ N,(6,€*I) and é(g,i (y) = ns(yi,eAs) where A = /2logd~!. Using
Corollary and adding over co-ordinates yieldf]

n
r(ég, 0) < 28ne* + (1 4+ 2logs™t) Z@f A €2
i=1
Now maximize over A € £, ,(C)—it canbe shown, e.g. Lemma(l3.19thatfor 1 < (C/€)? <
n, we have ) 07 A €* < CPe>7P and so

sup r(é(g, 0) < 28ne* + (1 +2logé™")CPe* 2.
0el, ,(C)

We might select § to minimize the right side bound: this immediately leads to a proposed
choice § = n~1(C/e)? and threshold A = /2logn(e/C)?. Observe that as the signal to

2 the factor 28ne€2, while a looser bound than given by (8.13), leads to cleaner heuristics here.
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noise ratio C /¢ increases from 1 to n!/?, the nominally optimal threshold decreases from
+/2logn to 0, and no single threshold value appears optimal for anything other than a limited
set of situations.

A number of approaches to choosing a data dependent threshold were reviewed in Section
In Chapter |11| we explore another alternative, based on complexity penalized model
selection. Informally it may be described as imposing a penalty of order 2k log(n/k) on
models of size k. If we denqte by k the size of the selected model, the associated threshold
is often close to €(2logn/k)'/?, so that larger or ‘denser’ selected models correspond to
smaller thresholds and ‘sparser’ models to larger ones. A virtue of the complexity penalized
approach is the existence of oracle inequalities analogous to Proposition[8.6] but without the
multiplicative log term—Iloosely, one may say that the logarithm was incorporated instead
into the penalty. The corresponding estimator is defined adaptively, i.e. without reference to
p and C, and yet satisfies non-asymptotic upper and lower bounds for MSE over the range
of £, balls, that differ only at the level of constants.

The complexity penalized bounds have implications for wavelet shrinkage estimation of
functions when applied separately at each level of a multiresolution analysis. In Chapter
[12] we show that this leads to estimators that are rate-adaptive over a wide range of Besov
spaces: essentially an analog of Theorem [0.11] without the log » multiplicative term. In this
chapter we also return to the theme of linear inverse problems used as a class of examples in
earlier chapters: the wavelet-vaguelette decomposition (WVD) allows one to construct adap-
tive rate-optimal wavelet shrinkage estimators for a class of inverse problems possessing a
WVD.

Exact constants (Chapters[I3] [[4). In discussing adaptive minimaxity, we have empha-
sized the practical importance of estimators which do not not depend on the indices of pa-
rameter spaces such as £,(C) and ©F ,(C). However, in order to calibrate the performance
of these estimators, and to more fully understand the structure of these estimation settings, it
is also of interest to evaluate exactly or asymptotically the minimax risk for specific param-
eter sets such as the £, balls or Besov bodies. Such an evaluation should be accompanied
by a description of the (approximately) minimax estimator and their corresponding least
favorable priors.

Thus, in Chapter. the optimality results for £, balls are summarized, and the thresholds
A = /2logn(e/C)P derived heuristically above are shown in fact to be asymptotically
minimax for £, ,(C). In particular, thresholding rules are found to be asymptotically optimal
among all esimators in the limit n=1(C, /€,)? — 0.

In Chapter |14 these considerations are extended to Besov bodies. A key structural re-
sult is that separable rules, one for which 6;(y) depends on y; alone, can be found which
are asymptotically minimax, and the corresponding least favorable priors make individual
wavelet coefficients independent. Of course, these estimators and priors depend strongly on
the indices «, p,q and C.

Epilogues.
A. Continuous versus discrete ...
B. Some related topics. ...
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9.12 Notes

(Remark on p/((2— p) as difference between weak and strong £, norm minimax risks.
Also FDR connections?).

Meyer| (1990, Section 6.4) explains that it is not possible to characterize the integer Holder
classes C™(R) in terms of moduli of wavelet coefficients.

Theorem and Remark extend to C*([0, 1]) with the same proof, so long as the
boundary wavelets satisfy the same conditions as .

§6. Diagrams using the (c, 1/p) plane are used by Devore, for example in the survey
article on nonlinear approximation DeVore| (1998)).

Exercises
9.1  (Quasi-norm properties.) (a) Give an example of 6 and 6’ for which
16+ 6llwe, > 10llwe, + 10 llwe, -
(b) Verify that fora,b € Rand p > 0,
2(1=p)+ (a? +bP) < (a + b)? < 2(p=1)+ (a? + bP).

9.2 (Fixed thresholds on weak £, balls). Suppose that y ~ Ny(6,€21), and letc, = 2/(2 — p).
@) Let 6% denote soft thresholding at Ae. Show that

Fe(0* wln p(C)) = sup  re(8*.0) <ne®rg(A,0) + cp(1 + A2 7P/2CP2P,
fewl, ,(C)

This should be compared with bound (9:19) for A = ¢,/2logn.
(ii) Let Cy, €, depend on n and define the normalized radius 1, = n~1/p (Cu/en). fny — 0

asn — 0o, set A, = +/2logn,? and show that
Fe(6* wln p(C)) < ¢p -ne - nf 2log ™)' P2 (1 + 0(1)).

[This turns out to be the minimax risk for weak £ ,; compare the corresponding result for strong
¢, in (13:43).]

9.3 (James-Stein and thresholding on a sparse signal.) Suppose that X ~ Np(un, 1), let ﬂjs
denote the James-Stein estimator (@I), and [:L)L soft thresholding at A.
(1) Suppose that ||,un||§ ~ yn as n — oo. Show that (275, un) ~ [y/(y + D]n.

(ii) Let upx = n'/2k~YP k = 1,...,n be the weak £, extremal vector, with 0 < p < 2.
Show that with A, = /(2 — p)logn,
F(AM, ) < cpnp/z(logn)l_p/z, while r(i7S, ) ~ cpn.

9.4 (Holder smoothness and wavelet coefficients.) Assume the hypotheses of Remark [09.3] and in
particular that smoothness « satisfies m < o < m + 1 for m € N. Show that the bounds

1BLil = C, 6] < C2~@+1/D],

imply that
D™ f(x) = D™ f(y)| = C'|lx —y|*™™.
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9.6
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(Besov norm of a singularity.) Verify Example for example as follows. Let S(v ;) denote
the support of wavelet ¥ ;i . Establish the bounds

C27 I B+ | |==B) ¢ SW k)

Okl < .
105kl = C2—i(B+1/2) 0e S,

and hence show that 2/¢ 19,11, < c2/@=p=1/p),

(Thresholding at very fine scales.) We wish to weaken the condition « > 1/p in Proposition
15.4 and Theorem 15.5 to @ > 1/p — 1/2. Instead of setting everything to zero at levels
J and higher (compare (15.5)), one possibility for controlling tail bias better is to apply soft
thresholding at very high scales at successively higher levels:

é _ SS(yjk!)LjEL .] <J2
Jk = . 2
0 =

where for/ =0,1,...,J — 1,

A =20+ Dloge  for 17 = j < +1)J.

Show that if, now o > 1/p —1/2, then the upper risk bound in Theorem 15.5 continues to hold
with log € =2 replaced by, say, (loge2)3.
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The optimal recovery approach to thresholding.

We have seen that the fact that the maximum of n independent standard normal variates
is usually bounded by /2 logn leads to some attractive properties for threshold estimators
which use this relatively high threshold. In this chapter we will see how some quite gen-
eral conclusions about /2 logn thresholding may be drawn by analyzing a related optimal
recovery problem with deterministic noise.

The plan is to consider a whole class of parameter spaces ® and loss functions ||é —
0| (in contrast with our previous focus mainly on squared error loss). We again establish
near optimality properties for a single estimator over many settings, rather than an exact
optimality result for a single setting which may be dangerously misleading if that setting is
not, in fact, the appropriate one.

The setting is the projected white noise model (15.12) with n = 27 observations, ex-
pressed in the wavelet domain as

yr = 0r + ez, 1eT’, (10.1)

with € known and z; iid N(0, 1). We consider a soft threshold estimate, with threshold set
at §, = e/2logn:

~ S( I ] I1eT’
63,0 () = {15V 2 . (10.2)
0 otherwise.
This estimator will be seen to have several useful features:
First, it can be easily used in practice. If data is observed that can be reasonably approxi-

mated by the finite sample regression model
Y = f(l/n) + 0%, I=1,...n, (10.3)

then the estimator can be applied to the discrete wavelet transform of y;. [Compare
diagram (7.21).] Indeed, the algorithm runs in O(n) time (if the wavelet filters have finite
support) and is widely distributed in software. The results of the previous chapter show that
properties of (10.2) proved in model (I0.T)) are at least asymptotically equally valid when
the same estimator is applied to the wavelet transform of discrete data (10.3).

Secondly, estimator (I0.2) possesses a number of pleasant properties. We have already
discussed spatial adaptation, Section and adaptation in estimation at a point, Section
.10} In this chapter, we will focus on

(a) The function estimates f[#] corresponding to (10.2)) are in a strong sense “as smooth

242
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as” f, so that one has, with high probability, a guarantee of not “discovering” non-existent
features. (Theorem|[10.7)

(b) For a large class of parameter spaces ® and global error measures | - || derived from
Besov and Triebel norms, the estimator (10.2) is simultaneously near minimax (Theorem
10.10).

Finally, the proofs of the properties (a) and (c) exploit a useful connection with a deter-
ministic problem of optimal recovery, and highlight the key role played by the concept of
shrinkage in unconditional bases, of which wavelet bases are a prime example.

(Other remarks.) The modulus of continuity provides a convenient summary describing
the rate of convergence corresponding to || - |- and ©y.

The device of ‘Besov shells’ consists in looking at signals # whose only non-zero com-
ponents lie in the j-th shell. Focusing on the j-th shell alone reduces the calculations to an
{, ball. By studying the modulus as the shell index j varies, we see again the pattern of
geometric decay away from a critical level j. = j.(p).

With the expanded scale of loss functions, the shell calculations reveal a new phenomenon
a distinct, and slower, rate of convergence for parameter combinations p in a ‘logarithmic’
zone. (The reason for the name appears after the detailed statement of Theorem [10.10})

While this structure emerges naturally here in the study of /2 logn thresholding, it pro-
vides a basic point of reference for studying properties of other threshold selection schemes
over the same range of p. For example, this structure is used heavily in Johnstone and Sil-
verman| (2005b)) to study wavelet shrinkage using an empirical Bayes choice of threshold,
introduced in Section

10.1 A Deterministic Optimal Recovery Model

Consider the following deterministic version of the sequence model. Data x = (xj) is
observed that satisfies
x; =07 +8uy lus| <1 I el (10.4)

It is desired to recover the unknown vector 0, but it is assumed that the deterministic noise
u might be chosen maliciously by an opponent, subject only to the uniform size bound. The
noise level § is assumed known. The worst case error suffered by an estimator 6 is then
e(0,0:8) = sup |0(x)—0]. (10.5)
lusl<1

We will see that a number of conclusions for the statistical (Gaussian) sequence model
can be drawn, after appropriate calibration, from the deterministic model (10.4).

Assumptions on loss function and parameter space. Throughout this chapter we will as-
sume:

(1) ® C £,(Z) is solid and orthosymmetric, and

(i1) The error norm || - || is also solid and orthosymmetric, in the sense that

1§11 <161 VI = [I§ll < [16].

The error norm can be convex, as usual, or at least p-convex, 0 < p < 1, in the sense that
16 +&01° < [10]1” + [1&]]°.
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Remark. The literature on optimal recovery goes back to|Golomb and Weinberger| (1959)
and a 1965 Moscow dissertation of Smolyak. See also [Micchellil (1975); Micchelli and
Rivlin| (1977) and [Donoho, (1994), who makes the connection with statistical estimation.
These latter references are concerned with estimation of a linear functional, while here we
are concerned with the whole object 6.

The Uniform Shrinkage Property of Soft Thresholding. Soft thresholding at threshold
A can be used in the optimal recovery setting:

031 (x1) = sgn(xr)(Jxr| — A)+.

The shrinkage aspect of soft thresholding has the simple but important consequence that the
estimate remains confined to the parameter space:

Lemma 10.1 If ® is solid orthosymmetric and A > 8, then 6 € © implies 6, € ©.

Proof Since soft thresholding shrinks each data coordinate x; towards O (but not past 0!)
by an amount A that is greater than the largest possible noise value § that could be used to
expand 6; in generating xy, it is clear that |6, ;| < |0r|. Since ® is solid orthosymmetric,
this implies 6, € ©. O

Minimax Error. The minimax error of recovery in the determinstic model is

E(©,8) = inf sup e(é, 0),
0 6€0O

where e(é, 0) is given by (10.5). Good bounds on this minimax error can be found in terms
of a modulus of continuity defined by

Q@) =Q@:0.[-Ih=sup {[|6o—01]: 66— 0l =8 (10.6)
(00,91)E®X®

Theorem 10.2 Suppose that © and the error norm || -|| are solid and orthosymmetric. Then
(1/2)2(8) = E(©,6) = Q(26).

In addition, soft thresholding 0s is near minimax simultaneously for all such parameter
spaces and error norms.

Proof For each noise vector u = (1) under model li and 6 € ©, we have 05 € © by
the uniform shrinkage property. In addition, for each u,

165 — Olloo < 185 — Xlloo + [Ix — Oloo < 26.

Hepce (55, ) is a feasible pair for the modulus, and so it follows from the definition that
e(0s,0) < Q(26).

Turning now to a lower bound, suppose that the pair (6y, 0;) € ® x ® attains the value
Q(8) defining the modulus E] The data sequence x = 0; is potentially observable under
(T0-4) if either & = 6y or 6 = 6, and so for any estimator 6,

supe(d,0) > sup [6(6)) — 0] = Q(8)/2. O
EC) 0€{60,01}

U If the supremum in (T0.6)) is not attained, the argument above can be repeated for an approximating sequence.
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We now define a modified modulus of continuity which is more convenient for calcula-
tions with £, and Besov norm balls.

Q°@: -1, ©) = sup{[|f]| : 0 € ©, [|]|c <}
If ® is a norm ball ®(C) = {0 : ||#]| < C} (so that 0 € ®), and if || - || is p-convex, then it
follows easily that
Q°(8) < Q(8) <2Y/PQ°(27/*§). (10.7)

10.2 Monoresolution model: upper bounds

In the deterministic model of optimal recovery, Theorem [I0.2]is a strong statement of the
near optimality of soft thresholding over a range of parameter spaces and error norms,
phrased in terms of the modulus of continuity €2(§).
Consider now a monoresolution Gaussian error model
iid.

yi = 6; +€z; z; ~"N(@,1), i=1,...,n. (10.8)

The connection with the optimal recovery model (with Z = {1, ...,n} is made by consider-
ing the event

Ay, = {sup|zy| < /2logn}, (10.9)

IeT
which because of the properties of maxima of i.i.d. Gaussians (c.f. Section[8.10) has proba-
bility approaching one:

PAy) =m,>1—-1/y/mlogn /1 asn — oo.

The key idea is to apply results from the optimal recovery model with deterministic noise
level §, = €./2logn on the set A,. Thus, in the statistical model we consider the soft

thresholding estimator 6, of (10.2)) at level € \/2 log n. We therefore obtain immediately

Proposition 10.3  Consider the Gaussian model (10.8) with n observations. If (®, || - ||) is
solid, orthosymmetric and © is convex, then

sup P{||én — 0| <2Q(e/2logn)} > m, — 1.
0c®

In the next two sections, we explore the implications for estimation over £ ,-balls in R”
using error measured in £,, norms. We need first to evaluate the modulus €2 for this class of
® and || - ||, and then to investigate lower bounds to match the upper bounds just proved.

10.3 Modulus of continuity for £, balls

In the definition of the modulus Q(§), we take ©® = 0, ,(C) = {# e R" : > 76;|? < C?}
and || - || equal to the norm of £, , for I < p’ < oo. While the leading case is perhaps
p’ = 2, the method works equally well for more general p’. We introduce a new notation
Waip,p(8,C) = Q%(8: Onp(C), |- 1)
= sup{[|0], : [|0llc =6.110], = C}.
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Usually we write more simply just W, (8, C). Equivalently,

n n
W' (8,.C) =sup{y 07 ~ns”" : Y |6]P < CPY.
1 1

‘We show that
W2 (8.C) = nost’,

with the least favorable configurations being given (up to permutations and sign changes)
by

6* = (80, .o .,80,0,...,0), 80 f 8, (1010)

with ng non-zero coordinates and 1 < ny < n. The explicit values of (19, §¢) are shown in
the diagrams below.

The verification is mostly by picture—compare Figure [10.1] First, however, set x; =
|6; |7, so that we may rewrite

WP =sup{y " xl"7 0 Y xi < CPlxlloe < 873,

The function f(x) =Y x7 /7 is concave for p’ < p and strictly convex for p’ > p, in both
cases over a convex constraint set. We take the two cases in turn.

(1) p > p'.Letx = ave x;, and X = (x,..., x). By concavity, f(X) > f(x), and so the
maximum of f occurs at some vector c(1,...,1).

(ii) p < p’. Convexity implies that the maximum occurs at extreme points of the con-
straint set. For example, if C n~1/P < § < C, then

0*=(,...,8,n,0,...,0), with ngé? + n? = C”?.
Hence W2 (§) = nOS{)’/ + 5" with 8, = §, and we have W,? (§,C) ~ CP8” =P, or more
precisely
LcrPsP =P < WP'(8,C) < 2078770,

Indeed, using the equation n¢8? + n? = C? withng > 1, we find

’

we. no8? + n? c ng no-+1
CP8P'—P  (ng8P + nP)sr'—» no+ 1" ny

} €[1.2].

Thus n¢ (or the ratio no/n) measures the sparsity of the least favorable configuration.
When p > 2, the least favorable configurations are always dense, since the contours of the
£, loss touch those of the £, norm along the direction (1, ..., 1). On the other hand, when
p < 2, the maximum value of £, error over the intersection of the £ p ball and §—cube is
always attained on the boundary of the cube, which leads to sparser configurations when
C < n'/?,

For later use, note the special case when there is no constraint on ||6|| -

Wosprp (00, C) = sup{[|0]  : [|0]], < C} =n/P7V/PxC. (10.11)
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6 f=c

= 16,/ ~C*

/

.\

C

Figure 10.1 Top panel: Concave case p > p’, Bottom panel: Convex case p < p’

10.4 Lower Bounds for £, balls

In the statistical problem, one does not have an overtly malicious opponent choosing the
noise, which suggests that statistical estimation might not be as hard as optimal recovery.
However, a statistical lower bound argument, based on hypercubes, will show that in fact
this is not true, and that in many cases, the modulus yields (up to logarithmic factors), a
description of the difficulty of the statistical problem as well.

For now, we restrict to parameter spaces which are £, balls: ®, ,(C) = {0 € R" :
31 16;17 < CP}. In stating lower bounds for the statistical model over £, balls, we need to
recall the structure of extremal configurations for the modulus Q(¢) = Q(e; ©, ,(C), || ||2)-
Indeed, let ng = no(p,C,€,n) be the number of non-zero components in the extremal
vectors 6y, 5, of (10.10). We develop two bounds, for the dense (n, large) and sparse (no =
1) cases respectively.

Proposition 10.4  Assume data is taken from model (10.8).
(i) (Dense case). Let ng = no(p,n, C, €) be the number of components of size 8¢ in the
least favorable configuration for ©, ,(C). Let mg = ®(—1)/2. Then

inf sup P{|6— 0], > (m0/2) /" Wy(e.C)} = 1 — 2075 (10.12)
0 ©,,,(C)

(ii) (Sparse case). Fix n > 0 small. There exist functions w,(n) — 1 as n — oo such that
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forany 8, < e/(2—n)logn, then, as n — oo,

inf sup P{||6 — 0] = 18,} = 7, (n). (10.13)
6 ©,.p0n

Remarks. 1. Now imagine a sequence of problems indexed by n with C = C,, and € = ¢,,.
In the dense case, p > p’, we always have no = n, compare Figure Again from the
figure, in the sparse case p < p’, now ng — oo so long as C, /€, — o00. The improved
lower bound of part (ii) applies so long as C,, /¢, < /(2 —n) logn.

2. Thus, in the statistical model, an upper bound for estimation over ®, ,(C) is given,
on a set of high probability, by (e, /21ogn), whereas the lower bound in the dense case
is of order 2(¢,). Thus there is a logarithmic gap between the two bounds. However,
the near optimality of /2 logn soft thresholding holds quite generally: the method of proof
works for all £, losses, and over all £, balls ®, ,(C).

3. In the sparse case, p < p’, the result is just a slight rephrasing of Proposition One
can rewrite the lower bound in terms of the modulus €2 by setting ¢, = (1 —n/ 2)'/2. Then
8n/2 = (cy/2)2(en+/21ogn). Thus in the sparse case the logarithmic term appears in the
lower bound also, so that there are cases in which the optimal recovery method yields exact
rate results in the statistical model.

Proof Dense Case. The argument uses a version of the hypercube method. Let (7, §9) be
parameters of the worst case configuration for W, (e, C): from the figures

min{e, Cn~Y/?} if p > p’
min{e, C} ifp<p.

from which it is clear that §3 < €. Let 7 be the distribution on # which makes 8; indepen-
dently equal to =8 with probability % fori =1,...,ny, and all other co-ordinates 0. Since
supp m C ©, we have for any (6, y)—measurable event A4,

sup Py(A) > PL(A). (10.14)
0ec®

Suppose now that é(y) is an arbitrary estimator and let N(é(y), 0)=>; I{éi (»)6; <0}

be the number of sign errors made by 8, where the sum is over the first no coordinates. Under
Py,

16 =61} = 8§ NG().6). (10.15)

Combining (10.14) and (T10.13), we conclude that
sup Po{[10 — 0115, = 83} = Px{N(0.6) = c}.
0ec®

It was shown in Section that the right side probability is minimized over 6 by the rule
Or.i(y) = dosgn(y;) and that since N (0, 6) counts sign errors in the data, the minimizing
probability is a binomial tail probability. Hence

S(c) = infsup Pa{||6 — 0] > ¢82'} > P{Bin(ng, 1) > ¢},
6 ©
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where 7y = Pr{y10; < 0} = P{8g + €z < 0} = P(—8p/€) > 2my. We recall the
Cramér-Chernoff large deviations principleE] 1if mp > my, then

P{Bln (no,]Tl) < nOJTO} f e—noD(ﬂo,ﬂl),

where D (o, 1) = K(Be(mg), Be(mr1)) = mg log(mwo/m1)+ 70 log(7o/71). Here D (g, 1)
denotes the Kullback-Leibler divergence between two Bernoulli distributions, and 7; =
1 — m;. Noting alsdﬂ that D(my, 1) > 2(my — mo)?, we conclude that

—noD(mo, —2non2
1 —S(nomo) <e 0(01)56 07y

and since no52 > (1/2)W,”’ (e, C), this establishes (T0.12). O

10.5 Multiresolution model: preservation of smoothness

An unconditional basis {y} for a Banach space B can be defined by two properties:
()(Schauder basis) Yv € B, 3 unique sequence {6} C C such thatv = ) 7" 6;y, and (ii)
(Multipliers) 3C s.t. VN ,and sequences {m;} C C with |m| <1

N N
1> " mi6ryrll < 1Y Oyl (10.16)
1 1

Several equivalent forms and interpretations of the definition are given by [Meyer| (1990, I,
Ch. VI). Here we note only that (I0.16) says that shrinkage of coefficients can not grossly
inflate the norm in unconditional bases. This suggests that traditional statistical shrinkage
operations - usually introduced for smoothing or stabilization purposes - are best performed
in unconditional bases.

A key consequence of the sequence norm characterisation results described in Section
is that wavelets form unconditional bases for the Besov and Triebel scales of function
spaces. Indeed, when viewed in terms of the sequence norms

119, = 3@ Y lasl?)”,
' j k

the multiplier property is trivially satisfied, since || f'|| depends on « jx only through |o ji|.
Donoho| (1993}, [1996) has shown that unconditional bases are in a certain sense optimally
suited for compression and statistical estimation.

Example 10.5 Suppose that the orthonormal wavelet v is C® and has D vanishing mo-
ments. Consider a scale of functional spaces

C(R,D) = {B% [0, 1], F¢_[0,1] : 1/p < & < min(R, D)}. (10.17)

These spaces are (i) all embedded in CJ0, 1] (since « > 1/p), and (ii) the wavelet sys-
tem {y;x} forms an unconditional basis for each of the spaces in the scale (since o <
min(R, D)).
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Example 10.6 Preservation of Smoothness. Suppose now that {y;} is an unconditional
basis for a function space F with norm | - || . Data from model can be used to
construct an estimator of f = Y_ 671, by setting f => é;t, 1¥r. The uniform shrinkage
property combined with the multiplier property implies that whatever be the noise
u,

1A lF<Clfl=.

This means that one can assert that f is as smooth as f. In particular, if f is identically 0,
then so is f! Furthermore, for a CR wavelet ¥ with D vanishing moments, this property
holds simultaneously for all spaces F in the scale C(R, D) of (10.17).

Preservation of Smoothness

As a first illustration, consider the smoothness preservation property of Example E@ On
the event A, of (I0.9), the uniform shrinkage property Lemma implies that 65, € ®
whenever 6 € ©. Hence, for function spaces in the scale C(R, D), we have on A, that

I full7 < C(F)| |7 Hence

Theorem 10.7 For each function space F € C(R, D) there exists a constant C(F) such
that

P{ fulls < CHAfllr VFeC)>m, — 1.

Thus, one can assert that with high probability, the estimator f; is as smooth as the “truth”
f simultaneously over many smoothness classes. In particular, if f = 0, then f, = 0 with
probability at least 7, so that one can assert that f, does not find “spurious structure”.

10.6 Statistical Upper and Lower Bounds

For much the same reasons as in Section|15.2} we will also need to consider a projected data
version of the optimal recovery model in which

x; =0 + Suy I € Ly, | Zny| = n.

Again, one still attempts to recover the entire object 8, and the corresponding minimax
recovery error is

E(©,8;n) = inf sup e(6(x™),0).
f(xm) ©

Projection onto the n—data model is defined by

91 IEI(,,)

P,0); =
(Pn6)1 0  otherwise.

Even when the noise level § = 0, there is still an error of recovery due to the attempt to infer
the full vector 8 from only n components. Hence we make the

Definition. The tail n—width of ® in norm || - || is

A, O, | -|) = sup{||f] : P.6 =0} = E(©,0;n). (10.18)
0e®
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It is then straightforward to establish the following finite data analog of Theorem

Proposition 10.8 Suppose that © is solid, orthosymmetric and convex, and that the error
norm || - || is solid and orthosymmetric. Then

max{ 8),A(n)} < E(0,8;n) <22(8) + A(n).

In addition, soft thresholding 0s is near minimax simultaneously for all such parameter
spaces and error norms.

Global Estimation Bounds

In a similar manner, we can immediately convert the upper-bound part of Proposition [I0.§]
to a statement in the projected Gaussian model with &, = €, /2 logn: for the soft threshold

estimator égn, we have for all solid, orthosymmetric (and convex) ® that

sup P{[|05, — 0] <29Q(5) + A(n)} > 7w, — 1.
®

Thus the statistical model is not harder than the optimal recovery model, up to factors in-
volving /logn. We may say, using the language of |Stone| (1980), that 22(§) + A(n) is an
achievable rate of convergence for all qualifying (®, || - ||).

Now specialize to the case of parameter space ® and error norm || - || taken from the Besov
scale.

We first summarize the results of calculation of the Besov modulus and bounds for the
tail bias, the details being deferred to the next section.

An interesting feature is the appearance of distinct zones of parameters p = (&, p, ¢, ', p’, ¢’):

Regular R={p <p} U {p>pa+1/2)p> (@ +1/2)p}
Logarithmic L= {p>p.(a+1/2Qp < (& +1/2)p"}

In the “critical case” (@ + 1/2)p = («’ 4+ 1/2) p’, the behavior is more complicated and is
discussed in|Donoho et al.|(1997).

Theorem 10.9 Let ® = ©F (C)and || - || = | - ||bi;‘q/.Assume that

a=a—a —/p—1/p)+ >0.
(a) Then the modulus Q(8;©, || - ||) given by (10.6) satisfies

Q) <Cl7s" as 8§ — 0. (10.19)
where the rate exponent is given by r =
(o — )
=—_ 7 eR
TR «+1)2 forp
= @ forpe L
T 2—1/p orp

(b) the tail bias satisfies, with ¢ = (1 —27%4")=1/4",

A(n) < c,Cn~¢%, (10.20)
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If in addition & > 1/ p, then A(n) = o(Q(n""?)).

Part (b) shows that the condition & > 0 is needed for the tail bias to vanish with increasing
n; we refer to it as a consistency condition. In particular, it forces o’ < «. In the logarithmic
zone, the rate of convergence is reduced, some simple algebra shows that for p € £ we have
ry; <TrR.

Some understanding of the regular and logarithmic zones comes from the smoothness pa-
rameter plots introduced in Chapter[9.6] For given values of the error norm parameters o’ and
p’, Figure[10.2]shows corresponding regions in the (1/p, «) plane. The regular/logarithmic
boundary is given by the solid line « = w/p — 1/2 having slope @ = (&’ + 1/2)p’. The
consistency boundary corresponding to condition o > &’ + (1/p — 1/p’)+ is given by the
broken line with inflection at (1/p’, @’). Note that the two lines in fact intersect exactly at
(1/p'. o).

If w > 1, or what is the same, if a’ = «’+1/2—1/p’ > 0, then there is a logarithmic zone.
In this case, the consistency boundary lies wholly above the continuity boundary & = 1/ p,
so the condition o > 1/ p imposes no additional constraint.

On the other hand, if < 1 ora’ < 0, the zone boundary line is tangent to the consistency
line and there is no logarithmic zone. This explains the why there is no logarithmic zone for
traditional squared error loss, corresponding to o’ = 0, p’ = 2. In this case the continuity
boundary & = 1/ p implies a further constraint to ensure negligibility of the tail bias.

As particular examples, on might contrast the error measure [ |D? f|, witha’ = 2, p’ =
1 and @ = 5/2, which has a logarithmic zone, with the measure [(Df)? witha' =1, p’ =
2 and w = 3/4, which does not.

)
1/p 1/p

Figure 10.2 Schematic representation of regular R and logarithmic £ zones in in
two cases: left panel when w = (a’ + 1/2)p’ > 1, and right panel with » < 1 and
no logarithmic zone. In both cases, solid line is consistency boundary

a=ao + (1/p—1/p’)4, dashed line is the regular/logarithmic boundary

o = w/p — 1/2 and dotted line is the continuity boundary & = 1/ p.
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Make the normalization € = n~/2. Using the bounds derived for the Besov modulus and

for the tail bias in Theorem [10.9] we obtain
Theorem 10.10 Let® = ©F (C)and ||| = || [lpe; . Assume that@ = a —a' —(1/p —
1/p)+ > 0and thata > 1/ p. Then ’

sup P{||6s, — 0] < cQn~*/logn)} > 7, — 1.
9€0(C)

There exists a constant ¢ = c(p) such that

infsup P{||6 — 0] > cQ(n~"?)} - 1. (10.21)
6 ©

In the logarithmic case, the lower bound can be strengthened to Q(n='/2 1ogn).

Thus, soft thresholding at §, = €,+/2logn is simultaneously nearly minimax (up to
a logarithmic term) over all parameter spaces and loss functions in the (seven parameter)
scale C(R, D), and indeed attains the optimal rate of convergence in the logarithmic case.

To appreciate the significance of adaptive estimation results such as this, note that an es-
timator that is exactly optimal for one pair (O, || - ||) may well have very poor properties
for other pairs: one need only imagine taking a linear estimator (e.g. from Pinsker’s theo-
rem) that would be optimal for an ellipsoid ®3 , and using it on another space ©F , with
p < 2 in which linear estimators are known (e.g. Chapter [9.9) to have suboptimal rates of
convergence.

10.7 Besov Modulus and Tail Bias

In this section we evaluate the asymptotic order of the modulus of continuity €2(§) when
both parameter space ©F , and error measure || - [| - ~are taken from the Besov scale. The
b P/ 11/

approach is to reduce the optimisation defining the modulus to a hardest resolution level Js
where one is effectively dealing with scaled versions £, norms in both the error measure and
in the reduced parameter space.

First define the Besov shells

OV ={ec®:0;, =0,1¢7T;}.
If ) is derived from 6 by setting to zero all components #; with I ¢ Z;, then
169 leg, = 2471611 - (10.22)

This shows that ) is isomorphic to a scaled £,—ball: V) =~ @,; ,(C27%). The mod-
ulus of continuity, when restricted to the jth shell, reduces in turn to a scaled form of the
{ ,—modulus:
Qi) :=Q°6;09 | -
i (8) /'( I II). . N (10.23)
= 29T W, (§,C27Y) = W, (2478, C27@=4)7),

where we have used the invariance bW,,(§, C) = W, (b8, bC). It is easy to verify that noth-
ing essential (at the level of rates of convergence) is lost by considering the shell moduli:
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with p = ¢’ A 1 and ¢, = 217,
[1€2; (O llece = $2(8) = c,lI$2(8/cp)lle, - (10.24)
[Proof of (10.24). Using the scaling (10.23),
0 = sup { 3109 3N0DNE < €109 oo < 8
J J

< D sup {6V 16911 < €916V < 8}
j

since doing the maximizations separately can only increase the supremum. The second ex-
pression is just ) j Q?/ (6) and so the upper bound follows from (I0.7). The lower bound is
easier: simply restrict the supremum in the first line to the j-th shell: then Q2°(§) > ;(5)
for each j.]

In view of (I0.23) we can use the £,-modulus results to compute 2 ;(§) by making the
substitutions

nj = 27, 8; = 2a/j5, C;, = C2~@=a)j,

‘Sparse’ case p < p’. We use the lower panel of Figure as § = §; increases, the
three zones for W translate into three zones for j — 2, illustrated in the top panel of
Figure|10.3

Zone (i): §; < Cjnj_-l/”. This corresponds to

2@t1/P)J = 2@t/ /8§,
so that the zone (i)/(ii) boundary occurs at o satisfying 2+1/2Jo = C/§. In zone (i),
p_ e _ ep'n(14+p'a)j
Q7 =n;é; =872 )

and with ng = 27 the maximum possible, this is a ‘dense’ zone.
At the boundary jg, on setting ro = (@« — ') /(a + 1/2), we have

Qj, = §2Jjola’+1/p") S(C/S)(a/+l/2)/(a+l/2) — Cl-rogro.
Zone (ii): C jn]_-l/ ? < §; < C;. The right inequality corresponds to § < C27%, so that
the zone (ii)/(iii) boundary occurs at j; satisfying 2%/t = C/§. In zone (ii),
QP — cPgP—r — crgp'—py—(pa—p'a)j
j i % ’
and observe usinga = o + 1/2 — 1/ p etc., that
pa—pa =pla+1/2)—p' +1/2)

is positive in the regular zone and negative in the logarithmic zone, so that £2; is (geomet-
rically) decreasing in the regular zone and geometrically increasing in the logarithmic zone.
The least favorable configuration has non-zero cardinality

no = (C;/8,)? = (C/(g)pz—paj — 2pa(j1—j)’

decreasing from 270 at j = joto 1 at j = jj, so this is a zone of increasing sparsity.
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Zone (iii): C;j < §;. In this sparse zone, no = 1 and
Qf/ — C](/ = Py raa)j
where we note that for p < p/,
a—a =a—-a —1/p—-1/p)=a >0,

by our hypothesis. At the boundary j;, we have, on settingry = 1 —a’/a = a&/(a + 1/2 —
1/p),

Q;, = C27@ I = ¢@§/C)eVa = clngn,

The dense case, p > p’ is simpler. We refer to the bottom panel of Figure
Zone (i) §; < Cjn;l/p. This zone is the same as in the sparse case, so for j < j, defined
by 2@+1/2Jjo = C/§, we have

Q;” — §P'p(+p'a)j — gp'p(a+1/2)p'j

and at the boundary level jo, again 2 ;, = C'7"0§" with r, as before.
Zone (ii) Cjn]_.l/p < §;. We now have
Qf’ _ n}—p//pcjp’ = CP'p—a=a)p'j
and Q; = Qj02_(“_°‘/)(j_f0),
Again we see that the geometric decay property holds, with j. = jo and r = ry,
and (as at all levels j) the least favorable configuration at level j, is dense, ny = 27°.

To summarize, under the assumptions of the Theorem and outside the critical case
(¢+1/2)p = (&' + 1/2)p/, there exists j. € Rand k = «(a,a’, p, p’) > 0 such that

Q;(8) < srclrorlizidd, (10.25)

Thus we have geometric decay away from a single critical level. In the regular case, j« = jo
and r = ry and the least favorable configuration at level j, is dense, ny = 270 In the
logarithmic case, j. = j; and r = ry, and the least favorable configuration at level j; is
sparse, ng = 1.

The evaluation (10.19)) follows from this and (10.24).

Evaluation of Besov tail widths These can be reduced to calculations on Besov shells by
the same approach as used to prove (10.23). If we set

Aj = sup{l|0D |y 169 < C},
then the full tail width is related to these shell widths by

Ajyr £ AQ7.0) < I(A) 51 le, - (10.26)
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Figure 10.3 Schematic of the Besov modulus €2 (§), defined by (10.23)), when
viewed as a function of level j, with §, C held fixed. Top panel is ‘sparse’ case,
p < p’ (in the regular zone), bottom is ‘dense’ case p > p’

Using Besov shell identity (10.22),
Aj =2 sup{[|6;l : 16511, < €274}
= 2'ia, sz N (OO, C27aj).
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Substituting the identity (T0.11]), W, (o0, C) = n(/?"=1/P+C we find
A= 2id' 2 j(/p'=1/P)y Ccp—a] — Cp~/&.
In view of (10.26)), the full tail bias A(2”) is equivalentto Ay = C2/% = Cn~¢,

We now verify that the assumption & > 1/p (continuity) guarantees negligibility of the
tail bias term: A(n) = o(Q(n~1/?)). From (10.20), A(n) = O(n~%), while from (T0.19),
Q(n~Y?) < n7"/2, so it is enough to verify that @ > r/2. If p is in the logarithmic zone,
this is immediate when o > 1/ p.

If p is in the regular zone, the condition @ > r/2 becomes a —a' — (1/p — 1/p')+ >
(¢ —a')/Qa + 1). If p’ < p this is trivial, while for p’ > p it is the same as

200
20+ 1
Now the condition for p to be regular, namely 2’ + 1)/(2a + 1) < p/p’, is equivalent

to the previous display with the right side replaced by ap(1/p — 1/p’). So, again using
« > 1/p, we are done.

(@—a)>{1/p—1/p).

10.8 Lower Bounds

We again use the device of Besov shells to reduce to previous results obtained for £, balls
and their associated least favorable configurations.
For a shell at any level j, we have |0z > ||8V| 5 and also ©Y) C ©, and so
sup P{[|6 — 015 = y} = sup {8V — 695 = y}. (10.27)
[¢) o)
Now since [|§] g = 247 |6,.|| ,» and since 6U) € @) if and only if ||0;.]|, < C27%,
the right hand side above equals

sup  P{|6;. — 0], = y27¥I1. (10.28)
®2j’p(C2*af)

Regular case. The Besov shell we use corresponds to the critical level jo = (1/p(«)) log,(C/3),
where p(a) = 2/(2a + 1) and we set § = € = n~'/2. The setting is ‘dense’ because (cf.
top panel of Figure there are no = 2/° non-zero components with size §o = 2/¢¢.

Hence, we apply the dense £ ,-ball modulus lower bound, Proposition 0 ©yp ,(C 274y,
Hence, comparing (10.28) and (10.12), we are led to equate

Y2740 = ¢ Waio (€, C2790),

after putting ¢,y = (7o/ 2)!/P" Recalling the definition of the shell modulus, (T0.23), we get
Y = cpjy(e).

Because of the geometric decay of the shell modulus away from j,, compare (10.25)), there
exists ¢ = c¢(p) for which

Q(e) <12, (e). (10.29)
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Combining the prior two displays, we can say that y > ¢,€2(¢) and hence

infsup P{[0 — 0]l 5 > c2Q(e)} = 1 — e 2075
6 ©

Here ng = 2/0 = (C/€)?®@ = (C /n)?® — oo as n — 00, and so the regular case part
of Theorem [10.10|is proven.

Logarithmic case. From the modulus calculation, we expect the least favorable configu-
rations to be at shells near j; and to be highly sparse, perhaps a single spike. We therefore
use the lower bounds derived for the ‘bounded single spike’ parameter spaces discussed in
Section[8.9]

First we note that if §; < C27%, then ©,, (§;) C O,/ ,(C27%).Ifalso§; < €/(2—1n)log2/,
then from Proposition (8.50), we can say that

inf sup PO — 0,y = 8,/2} = my(2).
0 ©,; ,(C24)

Bearing in mind the two conditions on &, it is clear that the largest possible value for §; is

Sj = min{e+/(2 — ) log2/,C27%}.

The implied best bound in (10.27) that is obtainable using the j-th shell is then given by the
solution to ;2747 = §; /2, namely

vi = 32775;.

Let j; = max{j : €/(2—n)log2/ < C27%}.1Itis clear that y; is increasing for j < j;
and (since a > a’) decreasing for j > jj, so our best shell bound will be derived from y;, .
Since we only observe data for levels j < log,n = log, €2, we also need to check that

J1 < log, €72, and this is done below. To facilitate the bounding of y;,, we first observe that
from the definition of j, it follows that

et c M < §; < C27

and, after inserting again 6, = cy€+/Jj1,

- 1/a
cy (Ecﬂ) < 2—j1 < c,,(a) (6

and also, after taking logarithms, that for € < €;(a, C),

j1 > (1/(2a))loge™ .

From the second display, we have j; < (1/(2a))loge™2 + log(c(n,a)C?%) < log, €2 for
€ < €3(a, C) since 2a > 1 > log2. Hence, as claimed, j; < log, n for € small.
Using the last three displays in turn, we find that

J1
C

)1/a

Vi, > p—a—2cp—jila—a) >cC (%ﬁ) > cCl_’[e /loge—l]r,

where the constant ¢ = ¢(a, a’, n) may differ each time.
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Returning to (10.27)) and inserting y;, , we have

infsup P{||é —0|lp = cC'" " (ey/loge1)} > 7, (27)
6 ©

for e < €(a,C); ie. forn > n(a,C). From the third display it is clear that j; — oo as
n — oo so that 7, (2/1) — 1.

10.9 Further Details

El Here is a proof of the Cramér-Chernoff result, using a standard change of measure argu-
ment. Let P, denote a binomial distribution Bin (#¢, ), and let B denote the corresponding
random variable. The likelihood ratio

dPﬂo - - \ho—
P Z(ﬂo/ﬂl)B(ﬂo/m) B-

Defining A = log 7o/, and A = log 7 /7, rewrite the loglikelihood ratio as

dP, - -
L =10gdP 2 = (A —=A)B + npA.
sl

Since 7y < 71 implies A < A, it follows that {B < E.. B} ={L > E, L}, while
E”OL = noD(T[o, 7'[1) = I’lo(?T())L + ﬁoi)
Consequently, using Markov’s inequality along with E,; e = 1, we have

Py {B < nmy} = Py lel > e"P} <e™PE, ol = ¢7m0P,

T 1—m
D(ro. m1) = 7molog = + (1 — 7o) log ——
1 1—m
Tt —du ™1 du
=7To/ (1= 70)
o o l—u

T _ g
= / udu >4 (u — mo)du = 2(mwy — mo)>.
o u(l —M) 0

10.10 Exercises
1. Use (8.63) to show that if n > 15, then
medM, > L, — 1.

2. Use the concentration of measure bound (8.53) and the median bound to show
that

P{M,_y>Z+(1—n)L,}>nm,(n) — 1.
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Model Selection, Penalization and Oracle Inequalities

Our ultimate goal is to obtain sharper bounds on rates of convergence - in fact exactly opti-
mal rates, rather than with spurious log terms.

However, this is a situation where the tools introduced are perhaps of independent interest.
These include model selection via penalized least squares, where the penalty function is not
£, or even £; but instead a function of the number of terms in the model. We will call such
things complexity penalties.

Many of the arguments work for general (i.e. non-orthogonal) linear models. While we
will not ultimately use this extra generality in this book, there are important applications and
the model is of such importance that it seems reasonable to present part of the theory in this
setting.

While it is natural to start with penalties proportional to the number of terms in the model,
it will turn out that for our later results on exact rates, it will be necessary to consider a larger
class of “2k log(p/k)” penalties, in which, roughly speaking, the penalty to enter the k*"
variable is a function that decreases with k approximately like 2 log(p/k).

We will be looking essentially at “all subsets” versions of the model selection problem. If
there are p variables, then there are (f) distinct submodels with k variables, and this grows
very quickly with k. In order to control the resulting model explosion, good exponential
probability inequalities for the tails of chi-square distributions are needed. We will derive
these as a consequence of a powerful concentration inequality for Gaussian measures in R”.
We give a separate exposition of this result, as it is finding increasing application in statistics.

11.1 All subsets regression and complexity penalized least squares

We begin with the usual form of the general linear model with Gaussian errors:
y=XB+ez=pu+ez, z ~ N,(0,1). (11.1)

There are n observations y and p unknown parameters 8, connected by an n x p design
matrix X with columns

X =[xy, ,xp)]
There is no restriction on p: indeed, we particularly wish to allow for situations in which
p > n. We will assume that the noise level € is known.

Example: Overcomplete dictionaries. Here is a brief indication of why one might wish to take p > n.
Consider estimation of /" in the continuous Gaussian white noise model (T.18), d Y (z) = f(t)dt +ed W(t),

260
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and suppose that the observed data are inner products of ¥ with n orthonormal functions V1, ..., ¥ . Thus
vi = (i) + €z;, i=1,...,n.
Now consider the possibility of approximating f by elements from a dictionary D = {¢1,$2,...,¢p}.

The hope is that by making D sufficiently rich, one might be able to represent f well by a linear combination
of a very few elements of D. This idea has been advanced by a number of authors. As a simple illustration,
the v; might be sinusoids at the first n frequencies, while the dictionary elements might allow a much finer
sampling of frequencies

¢ () = sin(2wkt/p), k = 1,...,p=nﬂ > n.

with p = nP for some B > 1. If there is a single dominant frequency in the data, it is possible that it will
be essentially captured by an element of the dictionary even if it does not complete an integer number of
cycles in the sampling interval.

If we suppose that f has the form f = 25.7:1 Bj¢;, then these observation equation become an

instance of the general linear model (IT.I) with
Xij = (Vi ¢;).
Again, the hope is that one can find an estimate /§ for which only a small number of components ,é j #0.

All subsets regression. To each subset J C {l,..., p} of cardinality n; = |J| corre-
sponds a regression model which fits only the variables x; for j € J. The possible fitted
vectors u that could arise from these variables lie in the model space

Sy =span{x; : j € J}.

The dimension of S is at most 7, and could be less in the case of collinearity.

Let Py denote orthogonal projection onto Sy : the least squares estimator iy of u is given
by ity = Pyy. We include the case J = @, writing ng = 0, Sy = {0} and [ig(y) = 0. The
issue in all subsets regression consists in deciding how to select a subset J on the basis of
data y: the resulting estimate of j is then ft = Pjy.

Mean squared error properties can be used to motivate all subsets regression. We will use
a predictive ris criterion to judge an estimator 8 through the fit it = X B that it generates:

E|XB - XBI* = Ella — pll*.

The mean of a projection estimator (i ; is just the projection of w, namely Efi; = Pjpu,
while its variance is €trP; = €2dim S. From the variance-bias decomposition of MSE,

Elfy = pl? = 1Py — pl? + €2dim ;.
A saturated model arises from any subset with dim S; = n, so that i; = y “interpolates
the data”. In this case the MSE is just the unrestricted minimax risk for R”:
E|p—pl? = ne.

1 Why the name “predictive risk? Imagine that new data will be taken from the same design as used to
generate the original observations y and estimator 8: y* = X8 + €z™. A natural prediction of y* is X 8,
and its mean squared error, averaging over the distributions of both z and z*, is

Ely* — XBI> = E|XB — XBII* + ne?,

so that the mean squared error of prediction equals E || it — ]|, up to an additive factor that doesn’t depend
on the model chosen.]
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Comparing the last two displays, we see that if p lies close to a low rank subspace —
n = Z_ie s Bjx;j for |J| small—then /i, offers substantial risk savings over a saturated
model. Thus, it seems that one would wish to expand the dictionary D as much as possible
to increase the possibilities for sparse representation. Against this must be set the dangers
inherent in fitting over-parametrized models — principally overfitting of the data. Penalized
least squares estimators are designed specifically to address this tradeoff.

This discussion also leads to a natural generalization of the notion of ideal risk introduced
in Chapter For each mean vector u, there will be an optimal model subset J = J(u)
which attains the ideal risk

R(p,€) = min [[pu = Pyu||* + €*dim S,

Of course, this choice J(u) is not available to the statistician, since p is unknown. The
challenge, taken up below, is to see to what extent penalized least squares estimators can
“mimick” ideal risk, in a fashion analagous to the mimicking achieved by threshold estima-
tors in the orthogonal setting.

Complexity penalized least squares. The residual sum of squares (RSS) of model J is

Iy = sl = lly = Psyll,

and clearly decreases as the model J increases. To discourage simply using a saturated
model, or more generally to discourage overfitting, we introduce a penalty on the size of the
model, pen(n ), that is increasing in s, and then define a complexity criterion

C(J.y) = |ly — fis|*> + €>pen(ny). (11.2)

The complexity penalized RSS estimate /i,., is then given by orthogonal projection onto the
subset that minimizes the penalized criterion:

~

Jpen = argmin; C(J,y), flpen = Pj ¥ (11.3)
The simplest penalty function grows linearly in the number of variables in the model:
peny(k) = A3 k. (11.4)

where we will take )Lf, to be roughly of order 2 log p. [The well known AIC criterion would
set )tf, = 2: this is effective for selection among a nested sequence of models, but is known
to overfit in all-subsets settings.

For this particular case, we describe the kind of oracle inequality to be proved in this
chapter. First, note that for pen, (k), minimal complexity and ideal risk are related:

min C(J, ) = min [||p — Pyu|* + €*pengy(ny)]
< Apmin [[|[p— Prpl® + €ny] = A5 R, €).

Let A, = ¢(1 + /2logp) for¢ > 1and A({) = (1 —¢ )7, [need to update.]
Then for penalty function (11.4)) and arbitary u,

E|fpen — 11> = ADALICE + R, €)]-

Thus, the complexity penalized RSS estimator, for non-orthogonal and possibly over-complete
dictionaries, comes within a factor of order 2 log p of the ideal risk.
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Remark. Another possibility is to use penalty functions monotone in the rank of the
model, pen(dim J). However, when k — pen(k) is strictly monotone, this will yield the
same models as minimizing (I1.2)), since a collinear model will always be rejected in favor
of a sub-model with the same span.

11.2 Orthogonal Case
For this section we specialize to the n-dimensional white Gaussian sequence model:
yi=witez, i=1,....n. z"% N©OD. (11.5)
This is the canonical form of the more general orthogonal regression setting ¥ = X +¢Z,
with N dimensional response and 7 dimensional parameter vector f linked by an orthogonal
design matrix X satisfying X7 X = I,,, and with the noise Z ~ Ny (0, ). This reduces to
(11.5) after premultiplying by X7 and setting y = XTY, u=pfandz = XT Z.

We will see in this section that, in the orthogonal regression setting, the penalized least
squares estimator can be written in terms of a penalty on the number of non-zero elements
(Lemma [IT.T). There are also interesting connections to hard thresholding, in which the
threshold is data dependent.

The columns of the design matrix implicit in (I1.5) are the unit co-ordinate vectors e;,
consisting of zeros except for a 1 in the i” position. The least squares estimator correspond-

ing to asubset J C {1,...,n} is simply given by co-ordinate projection P;:
yi J&eJ
Pry); =
(Pyy); 0 jé¢d

The complexity criterion becomes
C(Jv y) = Z y? + Gzpen(n.])’
JES
where n; = |J| still. Using |y|(; to denote the order statistics of |y;|, in decreasing order,
we can write

minC(J,y) = min > Iyl + €*pen(k). (11.6)
- T j>k

There is an equivalent form of the penalized least squares estimator in which the model
selection aspect is less explicit. Let N(u) = #{i : u; # 0} be the number of non-zero
components of L.

Lemma 11.1 Suppose that k — pen(k) is monotone increasing. In orthogonal model
(T1.3), the penalized least squares estimator can be written

ﬂpen(y) = argmin ”y - M”z + Ezpen(N(/‘L))-
w

Proof The model space S; corresponding to subset J consists of vectors u whose compo-
nents ; vanish for j ¢ J. Let S;” C S be the subset on which the components p; # 0
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for every j € J. The key point is that on S;r we have N(u) = ny. Since R” is the disjoint
union of all S;r—using {0} in place of Sg —we get
min |y — p|f* + e*pen(N(n)) = min min ||y — |* + €>pen(ny).
nw J ,U«Esj
The minimum over u € § ;L can be replaced by a minimum over p € S; without changing

the value because if u € S J\S;r there is a smaller subset J’ with u € S;r,—here we use
monotonicity of the penalty. So we have recovered precisely the model selection definition

(TT3) of fipen. O

When pen(k) = A%k, we recover the {o penalty and the corresponding estimator is hard
thresholding at e A. To explore the connection with thresholding for more general penalties,

consider the form pen(k) = Zl;zl t,i ;- Then
R k
k= argminZ|y|%j) —|—€221‘3’j (11.7)
ko sk j=1

and flpen corresponds to hard thresholding at a data-dependent value fpen =1,;-

Proposition 11.2  [fk — t, i is strictly decreasing, then

sy < €l < 1l (11.8)
and

yi lyil=zet, ;
0  otherwise.

ﬂpen,j ()’) = (11-9)

Proof Let S = €2 Zl;zl 7+ 2k |y|%j), for notational simplicity, we write #; instead
of 1, . We have

Sk — Sk—1 = €17 — [y |5
Now & minimizes k —> Sk, so in particular we have both §; < §;_ and §; < §; 10 which
respectively imply that
|y|(,€) > €ly, and |y|(,2+1) <etp,, <et,
where at the last strict inequality we used the assumption on f;. Together, these inequalities
yield (TT.8) and also the set identity
Uyl z ey =47 < lyil = |ylgh

Since the set on the right side is J, we have shown (TT.9). O

Example. FDR estimation. In Chapter (7.26) described a data dependent threshold
choice that is closely related to penalized estimation as just described with ti « = z(kq/2n).

Indeed, let kp = max{k : |y|x) > €ty k) denote the last crossing, and consider also the first
crossing kg + 1 = min{k : |y|k) < €tni}. If kpen denotes the penalized choice (11.7),
then Section shows that

kG < kpen = kF
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and in simulations it is often found that all three agree.
In Exercise|1 1.1} it is verified that if k, possibly depending on 7, is such that k /n — 0 as
n — oo, then

k
2 <(1/k)Y 17 <1 + c(k) ~ 2log(n/k - 2/q) (11.10)
1

and hence that
pen(k) ~ 2klog(n/k -2/q). (11.11)

The idea to use penalties of the general form 2¢2k log(n/ k) arose among several authors
more or less simultaneously:

e [Foster and Stine| (1997) pen(k) = €2 Zlf 2log(n/j) via information theory.

e George and Foster| (2000) Empirical Bayes approach. [u; Hd- (1 —w)§p + wN(0,C)
followed by estimation of (w, C)]. They argue that this approach penalizes the k™ variable
by about 22 log(((n + 1)/k) — 1).

e The covariance inflation criterion of |Tibshirani and Knight| (1999) in the orthogonal case
leads to pen(k) = 2¢? Z]f 2log(n/j).

e FDR - discussed above (?).

e Birgé¢ and Massart| (2001) contains a systematic study of complexity penalized model
selection from the specific viewpoint of obtaining non-asymptotic bounds, using a penalty
class similar to, but more general than that used here.

11.3 Oracle Inequalities

Consider a penalty of the form

pen(k) = Ck(1 + /2Ly)? (¢>1,L; >0). (11.12)

This form is chosen both to include the 2k log(n/ k) class introduced earlier and to be conve-
nient for theoretical analysis. Thus, the penalty reduces to pen, if L is identically constant.
Typically, however, Ly = L,k is chosen so that L, x > log(p/k) and is decreasing in k.
We will see in Section and the next chapter that this property is critical for removing
logarithmic terms in convergence rates.

As a concession to theoretical analysis, we will need { > 1 and the extra “1” in (11.12),
which are both needed for the technical arguments, but make the implied thresholds a bit
larger than would otherwise be desirable in practice.

We abuse notation a little and write L for L, ,. Associated with the penalty is a constant

M = Ze—L-'"f. (11.13)
J

Let us look at a couple of examples of penalty functions and the associated evaluation of
M

(i) Penalty (I1.4), namely peny(k) = )t?,k, takes the form (II.12)) if A, is written in
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the form A, = \/E(l + 2alog p), and we set Ly = alog p. Since there are at most
(i) < p¥/k!subsets of {1, ..., p} having cardinality n; = k,

M = Ze—njozlogp _ Z (k) —kalog p < Z (p- p
J

k=0

—a\k
) <exp(p'™)

The last term is uniformly bounded in p so long as « > 1. Thus, convergence of (I1.13) and
the theorem below require that A?, ~ ¢ - (2log p) or larger when p is large.
(i1) Now suppose that Ly = log(p/k) + y. Proceeding much as above,

P ok
P\ —kL p k —yk o~ =Dk
M = E K E — | = L4 E Y . 11.14
k=0 (k)e S 0 k' (p) < Y ( )

using Stirling’s formula, k! = ~/2wkk*e™** with (12k)™' < @ < (12k + 1)~'. The last
sum converges so long as y > 1.

Theorem 11.3  Let i be a penalized least squares estimator of — for a penalty
and constant M as defined above. There exists a constant K = K () such that

Ellf—pl* < K[2Me* + min C(J, )], (11.15)

The constant K may be taken as K(¢) = 2¢(¢ + 1)3(¢ —1)73

Proof 1°. Writing y = u + €z and expanding (I1.2), we have
C(J,y) = llaj =l +26(z. = ) + €l|z]> + *pen(n ;).

We aim to use the minimizing property, C J, y) < C(J,y), to get an upper bound for
17 — wl|*. To this end, for an arbitrary index J, writing P+ =1—Pyandpu; = Pyp,
we have

1P7yII* = 1Py il® +2¢(Pyz, Pyp) + €| Py z|?
< 1Pyull? +2e(z, = ps) + €1z
Consequently
C(J,y) = |Pyy|?> + ®pen(ny) < C(J, ) + 2€(z, . — py) + €1z

By definition, C (f ,y) < C(J, y), so combining the corresponding equations and cancelling
terms yields a bound for i ; — ju:

I — 1l < C(J, 1) + 2€(z, i — jus) — €>pen(n }). (11.16)

The merit of this form is that we can hope to appropriately apply the Cauchy-Schwarz in-
equality, (TT-20) below, to the linear term (z, {1 ; — i), and take a multiple of || ; — pu]|?
over to the left side to develop a final bound.

2°. We outline the strategy based on (IT.16). We construct an increasing family of sets
Qy for x > 0, with P(Q2§) < Me™ and then show for each n € (0, 1) that there are
constants a(n), b(n) for which we can bound the last two terms of (IT.16): when w € Q,,

2e(z, iy —py) —€’pen(ny) < (L= n); — pl*> +amC, w) + b(ne*x. (11.17)
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Now we can move the first term on the right side to the left side of (I1.16]). We get

Ia; —pmll> <n2(1L+am)CJ, k) + n2b(n)e* X, (11.18)

where X(w) = inf{x : v € Q,}. Clearly X(w) > x implies that v ¢ 2, and so using the
bound on P(£2¢) gives EX = f0°° P(X > x)dx < M. Hence, taking expectations, then
minimizing over J, and setting A(n) = n72(1 + a(n)) and B(n) = n~2b(n), we get

Ellfj = pl* = A min C(J, ) + B(n)e> M. (11.19)
3°. We turn to the derivation of (I1.17). Consider a pair of subsets J, J': we imagine

J as fixed, and J’ as being varied (it will later be set to J .) To effectively bound the inner
product term, introduce random variables

Ko = supt(z.u)/Jull.u € Sy & S},

so that

(z,g —pg) =y — gl 20,00 (11.20)
Clearly )(3,1/ ~ )(%d) with degrees of freedom d = dim (S; & Sy/) <njy +ny.

We now use the Lipschitz concentration of measure bound (2.58), which says here that
P{xwa > Vd +1} < e /2 forall t > 0, and, crucially, for all non-negative integer d. (If
d = 0, then y() = 0.) For arbitrary x > 0, let E;/(x) be the event

x5 <Any+np+/2(Lpnyp + x), (11.21)

and in the concentration bound set 1> = 2(L yny + x). Let Q, = N E;/(x), so that

P(QY) <e™ Ze‘L-’/"’/ = Me™™ .
J/

Using va + b < Ja+ Vb twice in (TT.21) and then combining with (11.20), we conclude

that on the set Q,

(z.gr —pg) =y — pall - [Wnp (1 + V2L ) + /ny + V2x].

The key to extracting ||t — js||*> with a coefficient less than 1 is to use the inequality
2aB < ca® + ¢! B2, valid for all ¢ > 0. Thus, for0 < n < 1,

2e(z, fiyr — pr)
2

2
< (=l = sl 7 [Var (4 VaL) + Vg + Vo] 1.22)

Now use this trick again, now in the form (o + 8)? < (1 + n)a? + (1 + n~1)B2, on each of
the right side terms. In the first term, use |Gy — ws || < iy — pll + llpes — || and get

A=)y —pl? + 0 =mls —pl?
In the second, use pen(ny:) = ¢ny /(1 + /2L )? and get

1+7 1+7nt
l—n 1—n

t'e?pen(ny) + e2(2ny + 4x).
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Now, choose 7 so that (1 +1)/(1 — ) = ¢, and then move the resulting €?pen(n ;) term to
the left side. To bound the rightmost terms in the two previous displays, set

1+ 2 41+ 7"
a(n) = max fyt —n, L2022 (11.23)
1-n ¢ 1—n
and note that {ny < pen(ny). Finally, setting J' = J, we recover the desired inequality
(LL.17).
From the choice of 5, we have a(n) = 2n~! and b(n) = 4n~'¢. The constant

K(¢) = max(A(n), B(n)/2) = 17> max(2 + n,2¢) = 257%¢, (11.24)

since £ > 1+ n/2forall 0 < n < 1 and the expression for K(¢) follows. O

Remark. We have not sought to optimize the value of K({) that might be attained with
this method. There is room for such optimization: that this value of K({) appears unchanged
in the modification in Theorem[I1.9)is a symptom of this.

11.4 Back to orthogonal case
In the orthogonal setting (11.5)), we explore the links with thresholding for the penalties

pen(k) = kAL, A = VZ(I+ V2Ly)
introduced for the oracle inequalities of the last section.
Defining 17 = kA — (k — 1)A7_,, we can write pen(k) = ok t7 in the form needed for
the thresholding result Proposition , which interprets [y, as hard thresholding at 7 = i

where k = || is the size of the selected model.
It is heuristically plausible that #; & Ax, but here is a more precise bound.

Lemma 11.4  Suppose that the function k — Ly appearing in A is decreasing, and for
some constant b > 0 satisfies

Lj > max(3,2b), k(Ly — Lx—y) <b. (11.25)
Then we have the bounds
Ak —4Eb/ Ak <ty < Ak.

Note in particular that if Ly is constant, then we can take » = 0 and fx = Aj. More
generally, if Ly = (1 + 28)log(ny/k) for B > 0, then condition holds with b =
1 + 2B solong as y > e2.

In sparse cases, k = o(n), we have Ay =< /logn and #; gets closer to A; as n grows.

Proof From the definition of 17 and the monotonicity of A7 we have
t,f — A2 = (k- 1)(/\,2c - )L,zc_l) <0,
so that f; = A. For the other bound, again use the definition of t,f, now in the form

Az -t} A1+ Ak
M=t <Apog —tp = K==Lk — Akt — Ak). 11.26
kol S her—le= 2 o /\k—1+lk(k1 k) ( )




11.4 Back to orthogonal case 269

Setting § = Ax —fr and A = Ag—; + Ak, this takes the form

8 _ k1 = M) k(-1 — M)
AT A+t T A—§ '

(11.27)

Using now the definition of A, then the bounds Lz_; > % and k(Ly — Lx—1) < b, we find

k(Lg—1— Lg) 2¢-b 2¢h
k(Ag—1 — Ax) = V2¢ < ==, (11.28)
VL +VLe 7 T+ V20y) Mk
The bound Lj > 2b implies A7 > 4¢b, and if we return to first inequality in (TT.27) and
simply use the crude bound #; > 0 along with (11.28]), we find that

§/N <2th/A; < 1/2.

Returning to the second inequality in (T1.27), we now have §/A < 2k(Ax—; — Ar)/A, and
again using (I1.28), we get § < 4¢b /Ay, which is the bound we claimed. O

An important simplification occurs in the theoretical complexity C(J, i) in the orthogo-
nal case. As in Section[I1.2] but now using j rather than y,

CU. ) =) g + €>pen(ny)
k¢J
The minimum theoretical complexity is denoted by
R(p) = minC(J, p.
Then, as at (I1.6) we have

R(w) = min. > ul, +kAzer. (11.29)
- T >k

There is a simple co-ordinatewise upper bound for theoretical complexity.

Lemma 11.5 If pen(k) = kAZ with k — A7 is non-increasing, then

n
R(w) < Z ey A AZ€E”.
k=1
Proof Without loss of generality, put € = 1. Let k = max{k > 1 : Axe < |u|@} if
such an index exists', other\.’vise setik = 0.Let My =3 ;4 ,u%j). Since both k — Ay and
k — || are non-increasing, we have

n K
D Wy AAR =) Gy A+ Me = ke (ufy AAD) + M (11.30)

k=1 1
=K/\,%+MKZInkian+k/\i. O
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We have been discussing several forms of minimization that turn out to be closely related.
To describe this, we use a modified notation. Consider first

k n
Rs(s,y)=or<nki£1n25j—|—2yj. (11.31)
="=" k+1

With the identifications s <> t}ik and yr <> | y|,%, we recover the objective function in the
thresholding formulation of penalization, (11.7). When using a penalty of the form pen(k) =
kl,%, compare (11.29), we use a measure of the form

Re(s.y) = min kse + > v (11.32)
- k+1

Finally, the co-ordinatewise minimum
n
R(s.¥) =) Sk A Vk. (11.33)
1

Under mild conditions on the sequence {si}, these measures are equivalent up to con-
stants. To state this, introduce a hypothesis:
(H) The values s = o(k/n) for o (u) a positive decreasing function on [0, 1] with

lim uo (u) = 0, sup [uo’(u)| < c;.
u—0 o<u<l

For such a function, let ¢, = 1 + ¢1/a(1).
A central example is given by o (#) = 2log(y/u), withc; = 2and ¢, = 1 + (logy)~!.

Proposition 11.6 Let the sequence {sy} satisfy hypothesis (H). Let Rs, R¢ and 'R be the
minima defined in (IL31)—(T1.33) above. Then the measures are equivalent: for all non-
negative, decreasing sequences y € R",

c;'Rs(s,y) <Rc(s,y) <R(s,y) < Rs(s,y) < coRe(s,y).

Remark. The central two inequalities, in which ¢, does not appear, are valid for any
positive decreasing sequence {si }, without any need for hypothesis (H).

Proof Consider first the bounds not involving the constant ¢,. The bound R¢ < R is
precisely Lemma|[I1.5] while R < Ry is immediate since each sum appearing in (I1.31) is
bounded below by > sx A yx. The bounds with ¢, will follow if we show that (H) implies

lecsj < cgksg fork =0,...,n.But

k

k k/n
Zs,- = Zﬁ(j/n) < n/I o(u)du,

1

and by partial integration

/va(u)du =vo(v) + /U ulo’(w)|du < vjo(v) + ¢1] < covo (v).
0 0

Combining the previous two displays gives the bound we need. O
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11.5 Non-asymptotic bounds for ¢ ,-balls

Suppose that we observe data from the n-dimensional Gaussian signal plus noise model
(T1.5), and that p is constrained to lie in a ball of radius C defined by the £, norm:

© =0,,(C) = {ueR": ) |ul” < C7}. (11.34)

i=1

We seek to evaluate the nonlinear minimax risk
. A 2
Ry(®) = infsup E[|f — pll5.

n ne®

In this section we will study non-asymptotic upper and lower bounds for the minimax
risk — and will see that these lead to the optimal rates of convergence for these classes of
parameter spaces.

The non-asymptotic bounds will have a number of consequences. We will see a sharp
transition between the sparse case p < 2, in which non-linear methods clearly outperform
linear ones, and the more reqular setting of p > 2.

The upper bounds will illustrate the use of the 2k log(n/ k) type oracle inequalities estab-
lished in earlier sections. They will also be used in the next chapter to derive exactly optimal
rates of convergence over Besov spaces for certain wavelet shrinkage estimators.

The lower bounds exemplify the use of minimax risk tools based on hyperrectangles.

While the non-asymptotic bounds have the virtue of being valid for finite € > 0, their dis-
advantage is that the upper and lower bounds may be too conservative. The optimal constants
can be found from a separate asymptotic analysis as € — 0 (see Chapter [13]|below).

A control function. The non-asymptotic bounds will be expressed in terms of a control
function r,,, ,(C) defined separately for p > 2 and p < 2. The control function captures key
features of the minimax risk Ry (®,,,(C,€) but is more concrete, and is simpler in form. As
with the minimax risk, it can be reduced by rescaling to a unit noise version

Tnp(C,€) = €1y ,(C/e). (11.35)

For p < 2, the control function is given by

C? if C <4/1+logn,

rap(C) = 1 CP[1 +1log(n/C?)]' "% it /T+Tlogn < C <n'/», (11.36)
n if C >nl/P,

See Figure [I1.1] As will become evident from the proof, the three zones correspond to
situations where the least favorable signals are ‘near zero’, ‘sparse’ and ‘dense’ respectively.
A little calculus shows that C — r, ,(C) is indeed monotone increasing in C for 0 < p <
2, except at the discontinuity at C = /1 + logn. This discontinuity is not serious—even
for n = 2 the ratio of right limit to left limit exceeds 0.82 for 0 < p < 2, and the ratio
approaches 1 for large n.

For p > 2, the control function is simpler:

nl=2/PC2 if C <nl/?,

€)= it ¢ =nllr.

(11.37)
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7,(C)
n
(near (sparse) (dense)
zero)
¢
/T+Togn n'/”

Figure 11.1 Schematic of the control function (TT.36) for p < 2, showing the three
zones for C, and the discontinuity at C = /1 + logn.

To show that the bounds provided by the control function can be attained, we use a pe-
nalized least squares estimator (ip with a specific choice of penalty of the form (I1.12)),
with

Ly = (1 +2B)log(ny/k).
Thus pen(k) = kA2 with e = /Z(1 + /2L x).

The parameter f is included for applications to inverse problems in Chapter[12} for most
other purposes we can take § = 0. The constant y is included to obtain convergence of the
sum defining the constant M: when f = 0 we need y > e (compare (I11.14)).

Here is the main result of this section, saying that the minimax MSE for £ ,-balls is de-
scribed, up to constants, by the control function r, ,(C), and that penalized least squares
estimation can globally mimick the control function.

Theorem 11.7 Forn > 1,0 < p < 00,0 < C < o0, there exist constants a; and
c1(¢, B,y) so that

airn,p(C,€) < Ry(0,,,(C)) (11.38)
< sup E|fp —pl? < cil€? +rqp(C, o). (11.39)
/1-[7(

Note that a single estimator [i p, defined without reference to either p or C, achieves the
upper bound. We may thus speak of fip as being adaptively optimal at the level of rates of
convergence.

Constants convention. In the statement and proof, we use ¢; to denote constants that de-
pend on (¢, B, y) and a; for to stand for absolute constants. While information is available
about each such constant, we have not tried to assemble this into the final constants a; and
¢y above, as they would be far from sharp.

Proof 1°. Upper Bounds. We may assume, by scaling, that ¢ = 1. As we are in the
orthogonal setting, the oracle inequality of Theorem takes the form

Eliap —pl* < K2M + R,
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where K = K(¢),M = M(B,y) and
R(u) = min > udy, + kA (11.40)
sksn =
For the upper bound, then, we need then to show that when p € ©, ,(C),
R(1) < carn (C). (11.41)

We might guess that worst case bounds for occur at gradually increasing values of
k as C increases. In particular, the extreme zones for C will correspond to k = 0 and n. It
turns out that these two extremes cover most cases, and then the main interest in the proof
lies in the sparse zone for p < 2. Now to the details.

Firstputk = n in . Since A2 is just a constant, ¢z say, we obtain

R(n) < csn (11.42)

valid for all C (and all p), but useful in the dense zone C > n 1/p,

For p > 2, simply by choosing k¥ = 0 in (11.40), we also have

R =nort S = 7 )

Combining the last two displays suffices to establish (I1.41) in the p > 2 case.

2/p
<n'7?rC2, (11.43)

For p < 2, note that 3" | ;|? < C? implies that |u|(;y < Cj~"/?, and hence that

n
>y = CP 1)1 Sy = Co )1
j>k Jj>k

We can now dispose of the extreme cases. Putting k = 0, we get R(t) < C2, as is needed
for C < /1 +logn.For C > n'/?, again use bound corresponding to k = n.

We now work further on bounding R (i) for the range C € [/1 4 logn, n'/?]. Inserting
the last display into (11.40) and ignoring the case k = n, we obtain

R(w) < min C2(k + )77 £ k)2 (11.44)
0<k<n
Now observe from the specific form of L,k that we have A7 | < c4(1 + logn/k) for
2 < k < n. Putting this into (I11.44)), we arrive at
R(u) < ¢4 min {C2k'72/P 4 k(1 + logn/k)}. (11.45)
1<k<n

We now pause to consider the lower bounds, as the structure turns out to be similar enough
that we can finish the argument for both bounds at once in part 3° below.

2°. Lower Bounds. For p > 2, we use a hypercube lower bound. Since ©, ,(C) contains
the cube [-Cn~'/? Cn~'/?]", we have by and (@#40), with a, = 2/5,

Ry (©) > n,ON(Cn_l/p, 1) > asn min(Czn_z/p, 1).
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For p < 2, we will use products of the single spike parameter sets ®,,(t) consisting of a
single non-zero component in R” of magnitude at most z, compare (8.46). Proposition 8.14]
gave a lower bound for minimax mean squared error over such single spike sets.

Working in R”, for each fixed number k, one can decree that each block of [r/ k] succes-
sive coordinates should have a single spike belonging to ®[,/«](t). Since minimax risk is
additive on products, Proposition (4.25)), we conclude from Proposition that for each k

Ry (TT¥ O 11 (1)) > ask(e® A (1 + log[n/k)).

Now ®,, ,(C) contains such a product of k copies of O, /x1(7) if and only if k¥ < C?,
so that we may take © = Ck~'/? in the previous display. Therefore

Ry (€y,5(C)) = a4 max C2' 722 A (k + klog(n/ k). (11.46)
1<k<n

where we also used 1 + log[x] > (1 + log x)/(1 + log2) for x > 1.

Again we draw two quick conclusions: for C < /1 + logn, the choice k = 1 yields the
bound C?2, while for C > n'/?, the choice k = n gives the lower bound 7.

3°. Completion of proof. Let us summarize the remaining task. Define two functions

g(x) = C2x'72/7, h(x) = x + xlog(n/x).

Then, for \/1+1logn < C < n'/?,and r(C) = C?[1 + log(n/Cp)]l_p/z, with p < 2,
we seek absolute constants a5 and ag so that

asr(C) < 1m1?X gk) A h(k)

' (11.47)
< min g(k) + h(k) < aer(C).

Since g is decreasing and / is increasing for 0 < x < n, it is natural to look for x, =
x,(C) € R at which g(x,) = h(x,), compare Figure At the point of intersection,

x. =CP[1+ log(n/x*)]_p/z, (11.48)
g(x,) = C[1 +log(n/x,)]' """, (11.49)
It is clear from Figure that C — x, (C) is strictly increasing, with

x.(y/1+1logn) =1, and x,(n'/?)=n.

Hence 1 < x, < n if and only if \/1 +logn < C < n'/?; this explains the choice of
transition points for C in the definition of r(C).
We now relate the intersection value g(x,(C)) to r(C); we will show that

r(C) = g(x.(C)) = 2r(C). (11.50)

One direction is easy: putting x, < n into (11.48) shows that x, < C?, and hence from
(11.49) that g(x,) > r(C). For the other direction, make the abbreviations

s =1+ log(n/x,), and t =1+log(n/C?).

Now taking logarithms in equation (11.48) shows that s < ¢ 4 logs. Butlogs < s/2 (since
s > 1 whenever x, < n), and so s < 2¢. Plugging this into (IT.49), we obtain (I1.50).
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't g9(x)

Figure 11.2 Diagram of functions g and 4 and their intersection, when p < 2 and

V1+logn <C <n'/>.

A detail. We are not quite done since the extrema in the bounds (11.47)) should be com-
puted over integers k,1 < k < n. The following remark is convenient: for 1 < x < n, the
function #(x) = x + x log(n/x) satisfies

La([x]) < h(x) < 2h(|x]). (11.51)

Indeed,  is concave and ~(0) = 0, and so for x positive, (x)/2 < h(x/2). Since & is
increasing for 0 < y < n, it follows that if x < 2y, then 2(x) < 2h(y). Since x > 1 implies
both x < 2|x] and [x] < 2x, the bounds (11.51] follow.

For the upper bound in (11.47), take k = [x.]: since g is decreasing, and using (11.51)
and then (T1.50), we find

min g +h < (g +h)([x.]) = g(xs) + 2h(x,) = 3g(xs) = 6r(C).

1<k<n
For the lower bound, take k = | x, |, and again from the same two displays,

max g Ah = (g Ah)([x.]) = h(lx.]) = 3h(x.) = 38(x.) = 3r(C). O

1<k<n

11.6 Aside: Stepwise methods vs. complexity penalization.

Stepwise model selection methods have long been used as heuristic tools for model selection.
In this aside, we explain a connection between such methods and a class of penalties for
penalized least squares.

The basic idea with stepwise methods is to use a test statistic—in application, often an
F-test—and a threshold to decide whether to add or delete a variable from the current fitted
model. Let J; r denote the best submodel of size k:

Ji = argmax, {|| Pyy|? :ny =k},
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and denote the resulting best k-variable estimator by Qry = P j,y- The mapping y —

Q1 (y) is non-linear since the optimal set Ji (y) will in general vary with y.
In the forward stepwise approach, the model size is progressively increased until a thresh-
old criterion suggests that no further benefit will accrue by continuing. Thus, define

ko = firstk st Okl — 1QeyI? < €22, (1152)

Note that we allow the threshold to depend on k: in practice it is often constant, but we wish
to allow k — t;, « to be decreasing.

In contrast, the backward stepwise approach starts with a saturated model and gradually
decreases model size until there appears to be no further advantage in going on. So, define

kr =lastk st | Qxy[?> = Qk-1y? = €17 ;. (11.53)

Remarks. 1. In the orthogonal case, y; = w; + €z;,i = 1,...,n with order statistics
Iyl = 1yl@) = ... = [¥]|@), we find that

k
10ky 1> =D 1¥[¢)-
j=1

so that

kAF =max{k : |y|@x) > €tpir}, (11.54)

and that k p agrees with the FDR definition with ¢, x = z(gk/2n). In this case, it is
critical to the method that the thresholds k — ¢, x be (slowly) decreasing.

2. In practice, for reasons of computational simplicity, the forward and backward stepwise
algorithms are often “greedy”, i.e., they look for the best variable to add (or delete) without
optimizing over all sets of size k.

The stepwise schemes are related to a penalized least squares estimator. Let

k
Sk)=lly = Quyl>+€ > 12 .

J=1

(11.55)

ky = argming ;. _, S(k).

Thus the associated penalty function is pen(k) = Z’f t;’ ; and the corresponding estimator

is given by (I1.2)) and (I1.3).

The optimal model size for pen(k) is bracketed between the stepwise quantities.

Proposition 11.8 Let lQG,IE F be the forward anq backward stepwise variable numbers
defined at (|I 1 .52[) and (i] 1 .53[) respectively, and let ky be the global optimum model size for

pen(k) defined at (11.55)). Then

ke <k, < kp.
Proof Since ||y — Qry[* = [y1* — 1Ok ¥ II*
Stk +1)=Sk) = 0xy* = 1| Qk+171I* + 62t§,k+1-
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Thus

< >

=§ S(k) accordingas || Qx| — |Qky|? H €12 i1
> <

Stk +1)

Thus, if it were the case thatAlgz >k F, then necessarily S (122) > S (122 — 1)’ whigh would
contradict the definition of k, as a global minimum of S(k). Likewise, k, < kg is not
possible, since it would imply that S(k, + 1) < S(k»). O

11.7 A variant for use in inverse problems

Suppose that y = 6 + €z, now with z assumed to be zero-mean Gaussian, but weakly
correlated: i.e.

£l < Cov(z) < &1, (11.56)

where A < B means that B — A is non-negative definite. We modify the penalty to pen(k) =
¢E1k(1 + /2Lk)*. We want to replace the constant M in the variance term in (TT.13) by
one that excludes the zero model:

M = Z e Lbins,

J#{0}

Theorem 11.9  Consider observations in the weakly correlated model (11.56)). Let i be a
penalized least squares estimator of - for a penalty and constant M’ as defined
above. There exists a constant K = K({) such that

Elf - pl? < KRM'§€ + inf C(J. )] (11.57)
The value of K may be taken as in Theorem|l 1.3

Proof 1°. We modify the proof of the previous theorem in two steps. First fix J and
assume that Cov(z) = I.Let Q) = Ny 2z Ey(x) and X’ = inf{x : @ ¢ Q'.}. On the set
J # {0}, we have, as before,

;= pl*> < ACW, ) + B(n)eX'.

Now consider the event J = {0}. First, note that if || ][> < €2pen(1), we have on J = {0}
that, for all J

Iz — ml? = Iul* < €, ).

Suppose, instead, that ||1||*> > €?pen(1), so that C(J, u) > €?pen(1) for all J—here we
use the monotonicity of k — pen(k). Pick a J/ with n;» = 1; on Q/ we have

(z.—ws) < sl - xoo < lpsll - [0+ V2L + /g + v2x].

We now proceed as in the argument from (T1.22)) to (TT.23)), except that we bound e*pen(1) <
C(J, ), concluding that on Q' and J = {0}, we may use in place of (I1.17)

2¢(z,—ps) < (1 =P)lpl*+ C(J. p)
+a(n)C(J, 1) + b(n)e*x.
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Consequently, combining all cases

Ia; —pl? <n 2@ +am)CWJ, 1) + 0 2b(n)e’ X',

which might be compared with e (11.18). Taking expectations, then minimizing over J,

we obtain again (TT.19), this time with A(n) = n72(2 + a(n)). In (T1.24), now K(¢) =
n~3 max(2 + 27, 2¢), but since in fact { > 1 + 7 for all n, the value for K(¢) is unchanged.

2°. The extension to weakly correlated z is straightforward. We write y = u + €21,
where €; = \/E € and ¥y = Cov(z;) < I. We apply the previous argument with €, z
replaced by €; and z;. The only point where the stochastic properties of z; are used is in the
concentration inequality that is applied to y ;. In the present case, if we put z; = Ei/ ’z
for Z ~ N(0, I), we can write

x50 = |PE?Z|,

where P denotes orthoprojection onto S; & Sy. Since )LI(E}/ %) < 1, the map Z —
x 7.0 (Z) is Lipschitz with constant at most 1, so that the concentration bound applies. [

In particular, we will in Chapter [I2] make use of penalties for which
Lyx = (1 +28)log(y.n/k) (11.58)

with y, =y logzn. For this choice, the constant M’ in (I1.57) satisfies (after using the
Stirling formula bound k! > 27k kke=%),

no_k 28 k
, n* /o k \k(1+28) 1 k e
w56 =X )

k=1 Yn k

k—1
L ) <
Vn k>1 27Tk y}11+2/3 _nzﬂyn

||M8

D = =

(11.59)

= 52

so long as either y, = y > /1428 or y,, = log? n.

11.8 Notes

The formulation and proof of Theorem is borrowed from Birgé and Massart| (2001}).
Earlier versions in [D-J, fill in.]

2. The formulation and methods used for Theorem are inspired by Birgé and Massart.
(2001).

Exercises

11.1 (Gaussian quantiles and 2k log(n/k) penalties.) Define the Gaussian quantile z(n) by the
equation ®(z(n)) = 7.
(a) Use (8.63) to show that

22(n) = 2log ™" —loglogn™" —r(n),
and that when 7 < 0.01, we have 1.8 < r(n) < 3 (Abramovich et al.|[2006).
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(b) Show that z’(7) = —1/¢(z(n)) and hence that if 7, > 1y > 0, then
N2 —mM
nz(m)

z(m2) —z(m) <

(c) Verify (TT-10) and (TT.T1).
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Exact rates for estimation on Besov spaces

The claim made for wavelet shrinkage has been that it takes advantage of the local nature of
wavelet basis functions to achieve spatial adaptation to inhomogeneous smoothness.

We have modelled inhomogeneous smoothness theoretically using Besov spaces B} , for
p < 2, and their sequence space norm balls %  (C).

In studying /2logn thresholding, we showed that it was adaptively optimal up to a
logarithmic factor of order 2loge~!. That is, we showed under conditions give in Theorem

that for a wide range of Besov balls ® = @‘;’q, ase — 0,

sup E[16Y — 0> < c(loge )Ry (©. €)(1 + o(1)).
e
While this already a quite strong adaptivity statement, the extralog ! is undesirable, and
indeed reflects a practically important phenomenon: /2 log n thresholds can be too high in
some settings, for example in Figure and lower choices of threshold can yield much
improved reconstructions and MSE performance.

In the first section of this chapter, we apply the 2k logn/k oracle inequality of Chapter
and its £, ball consequences to show that appropriate penalized least squares estimates
(i.e. data dependent thresholding) adapt exactly to the correct rates of convergence over
essentially all reasonable Besov bodies. Thus, we show that for an explicit 0r,

sup E[|0F = 0|12 < cRy (O, €)(1 + o(1))
(€]

simultaneously for all ® = ©F (C) in a large set of values for («, p, g, C).

Our approach is based on the inequalities of Chapter which showed that the £ ,-ball
minimax risk could, up to multiplicative constants, be described by the relatively simple
control functions 7, ;,,(C, €) defined there. The device of “Besov shells”, consisting of vec-
tors @ € O that vanish except on level j, and hence equivalent to £ ,-balls, allows the study
of minimax risks on ® to be reduced to the minimax risks and hence control functions
Rj = ru; p(Cj, €;) where the parameters (n; = 2/, Cj,€;) vary with j. Accordingly, a
study of the shell bounds j — R; yields our sharp rate results. Since this works for both
direct and indirect estimation models, it is postponed to Section[12.3]

Also in this chapter, we finally return to the theme of linear inverse problems, introduced
in Chapter [3| with the goal of broadening the class of examples to which the Gaussian se-
quence model applies. We now wish to see what advantages can accrue through using thresh-
olding and wavelet bases, to parallel what we have studied at length for direct estimation in
the white noise model.

280
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We describe an alternative to the singular value decomposition, namely the wavelet-
vaguelette decomposition, for a class of linear operators. The left and right singular function
systems of the SVD are replaced by wavelet-like systems which still have multiresolution
structure and yield sparse representations of functions with discontinuities. The function
systems are not exactly orthogonal, but they are nearly orthogonal, in the sense of ‘frames’,
and are in fact a sufficient substitute for analyzing the behavior of threshold estimators.

In Section[12.2] then, we indicate some drawbacks of the SVD for object functions with
discontinuities and introduce the elements of the WVD.

Section lists some examples of linear operators A having a WVD, including inte-
gration of integer and fractional orders, certain convolutions and the Radon transform. The
common feature is that the stand-in for singular values, the quasi-singular values, decay at
a rate algebraic in the number of coefficients, «; ~ 2787 at level j.

Section [12.4] focuses on a particular idealisation, motivated by the WVD examples, that
we call the “correlated levels model”, cf (12.31)). This generalizes the white noise model
by allowing noise levels €; = 28/ ¢ that grow in magnitude with resolution level j, a key
feature in inverting data in ill-posed inverse problems. In addition, the model allows for the
kind of near-independence correlation structure of noise that appears in problems with a
WVD.

Using co-ordinatewise thresholding—with larger thresholds chosen to handle the variance
inflation with level-we easily recover the optimal rate of convergence up to a logarithmic
factor. This analysis already makes it possible to show improvement in the rates of conver-
gence, compared to use of the SVD, that are attainable by exploiting sparsity of representa-
tion in the WVD.

By returning to the theme of penalized least squares estimation with 2n log n/ k penalties,
we are again able to dispense with the logarithmic terms in the rates of convergence in the
correlated levels model. This is also done in Section[12.4

12.1 Direct estimation

We consider the projected sequence model
Yk =0k +ezjp k=1,...2";j=0,...,J-1 (12.1)

with zjx ~ N(0, 1) independently and J = log, €.
Estimator: Use a penalized least squares estimator at each level j separately. We use a
penalty of 2n log(n/ k) type used in Section |1 1.5} but with n = n; = 27. Thus, introduce

pen; (k) = kA5, Ay = V(1 + V2log(2y/k)).

and define

6p(v;) = argmin |ly; —6;]* + €*pen; (N(6))). (12.2)
6,
where N(6;) denotes the number of non-zero entries in 6;. According to Lemmal|I 1.1} this is
an equivalent form of the complexity penalized projection estimator (TT.2)—(T1.3) to which
the oracle inequality of Theorem|I1.3|applies. From Proposition[IT.2|and Lemma|[I1.4] it is
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equivalent to hard thresholding at ¢ J= R Aj £ where lg_/ =N (ép (y;)) is the number

of non-zero entries in fp ;).
We put these levelwise estimates together to get a wavelet penalized least squares estimate
0F = F):

bp(v)) Jj<J

0P (v) =
P =0, =

Theorem 12.1 Let OF be the wavelet penalized least squares estimate described above,
and assume that y > e. Fora > (1/p —1/2)4 along with0 < p,q < oo and C > 0, there
exist constants c¢; such that

coC?™ e < Ry (0% ,(C).¢)

< sup E||éP — 0% < ¢3C2IE 4 ¢,C2(e2)* 4 12 loge 2,
0%.4(C)

wherer =2a/Qa + 1) whilea' =aif p>2anda =a+1/2—1/pifp <2.

Remarks. 1. The dependence of the constants on the parameters defining the estimator
and Besov space is given by ¢; = ¢1(¢,y),c2 = c2(o, p) and ¢3 = ¢3(¢, ¥, o, p).

2. Let us examine when the C21~¢2" term dominates as € — 0. Since r < 1, the
€2 log? €72 term is always negligible. If p > 2, then 2o’ = 2« > r and so the tail bias term
is also of smaller order. If p < 2, a convenient extra assumption is that « > 1/ p, for then
a' = a > 1/2 > r/2. Note that the condition @ > 1/p is necessary for the Besov space
Bj, , to embed in spaces of continuous functions.

3. One may ask more explicitly for what values of € the tail bias C?(e2)%*" < C2U-)¢2r,
Simple algebra shows that this occurs when

€ < C—r/(Za/—r),

showing the key role of the radius C.

Proof Upper bound. The levelwise structure of 67 yields the MSE decomposition
E6F =01 =" E6p(y;) — 0; 1 + As(6). (12.3)
j<J
where Ay (6) = ) =7 110; |? is the “tail bias” due to not estimating beyond level J. The

maximum tail bias over @ _ (C)) was evaluated at (9.50) and yields the bound ¢ (e, p)C?(€?)>*".
Applying Theorem [T1.3]on each level j, we obtain a bound

E|0p(v)) = 0,17 < 1€ + 1R (8. ). (12.4)
where in accordance with ((11.29), the level j theoretical complexity is given by
R;(#;.€) = min D 16515y + kA%, (12.5)
R B
where |0;|(;, denotes the /-th largest value among {67, j = 1,..., 2k,

Summing over j < J = log, €2, the first term on the right side of (12.4) yields the
c1€%log €72 term in Theorem (12.3).
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To bound ) _; R (8, €) we use the Besov shells OV = e® : 6; =0forl ¢
Z;} introduced in Section and their interpretation as {,~balls: @) = ©,,, ,(C;) for
n; =2/ and C; = C27%. The maximum of R ;(6;, €) over O can therefore be obtained
by maximizing over ©®/) alone, and so

SE)PZRJ(@J',G) < Z(Sal(llz R;(0;.€).
j i ®Y

The maximization of theoretical complexity over £ ,-balls was studied in detail in Section
Let r,,,(C, €) be the control function for minimax mean squared error at noise level €.
The proof of Theorem yields the bound

R](e_]’ 6) S CZrnj,p(Cja €)
for 6; € ©,,,,(C;), compare (IT.41)). Combining the two previous displays shows that we
need to bound ), 7, ,(C;, €).
In Section{12.5) we show that the shell bounds R; = r,; ,(C;, €) peak at a critical level

J, and decay geometrically away from the value R, at this least favorable level, so that the
series is indeed summable. So the final bound we need, namely

sgp Z Rj(0j,¢€) < c;C202r
J

follows from Propostion (12.37).

Lower bound. We saw already in Theorem that Ry (©,€) > ¢C?>1 2" but we
can rewrite the argument using Besov shells and control functions for £, balls. Since each
shell ®Y) ¢ ©, we have

Ry(©,€) = Ry(OY),€) = Ry(On, 5(C)), €) = arrn, ,(C; ),

by the lower bound part of Theorem Consequently Ry (®, €) > a; max; R;, and that
this is bounded below by ¢; C217"¢?" is also shown in Proposition (12.37). O

12.2 Wavelet-Vaguelette Decomposition

Stochastic observation model. Let A be a linear operator from D(A) C L,(T) to R(A) C
L, (U). We consider an idealized model in which A f is observed in additive Gaussian noise.
We assume that we observe

Y =Af +€Z, (12.6)
which is interpreted to mean that, for all g € L,(U), we have
Y(g) =[Af. gl +€Z(g). (12.7)
and the process g — Z(g) is Gaussian, with zero mean and covariance
Cov(Z(g). Z(h)) = [g. h]. (12.8)

A defect of the Singular Value Decomposition.
Suppose that A : L,(T) — L, (U) is a linear operator with singular value decomposition
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Aer = Axhy in terms of orthogonal singular systems {ex } for L,(T) and {h} for L,(U).
In the examples of Chapter[3.8] and more generally, the singular functions are ‘global” func-
tions, supported on all of 7" and U respectively. Consequently, the representation of a smooth
function with isolated singularities may not be sparse.

Consider a simple example in which {ey} is a trigonometric basis on [0, 1] and f is a
(periodic) step function, such as I[1/4,3/4(¢). If A is a convolution with a periodic kernel
a(t) with coefficients Ay = (a, ex), then in Chapter we derived the sequence model
Vi = Or + €xzx with €, = €/Ag. The coefficients 6 = (f, ex) would typically have slow
decay with frequency k, of order |0x| < O(1/k). The (ideal) best linear estimator of form
(cx yr) for the given 6 has the form

infr(0.,0) =" Ocei
infr(0,,0) =
c - 07 + €

For a typical convolution operator A4, the singular values A; decrease quite quickly, while
the coefficients 6; do not. Hence even the ideal linear risk for a step function in the Fourier
basis is apt to be uncomfortably large.

We might instead seek to replace the SVD bases by wavelet bases, in order to take advan-
tage of wavelets’ ability to achieve sparse representations of smooth functions with isolated
singularities. As a running example for exposition, suppose that A is given by integration on
R:

2
€
5 < ZefAF. (12.9)
k k k

A ) = D) = /_ F(ydr. (12.10)

Let {¥, } be a nice orthonormal wavelet basis for L,(R): as usual we use A for the double
index (j, k), so that ¥ (t) = 2//2y(2/t — k). We may write

AV () = / u 22y 27t —kydt =277 - 272 (y V) 2T u — k)

—00

=277 () ).

The initial difficulty is that {u; := (D), } is not orthonormal in the way that {1/, } is.

Suppose initially that we consider an arbitrary orthonormal basis {ex } for L,(T), so that
f = > ([, ex)ex. Suppose also that we can find representers gx € L,(U) for which

(f.ex) =[Af. gl

According to Proposition this occurs when each e € R(A*). The corresponding se-
quence of observations Yy = Y(gx) has mean [Af, gx] = (f. ex) and covariance €2Xy;
where Xy, = Cov(Z(gk), Z(g1)) = [8k, &]- We might then consider using estimators of
the form f = ), cx(Yk)ex for co-ordinatewise functions cx (Y% ), which might be linear or
threshold functions. However, Proposition@] shows that in the case of diagonal linear esti-
mators and suitable parameter sets, the effect of the correlation of the Y on the efficiency of
estimation is determined by A, (0(X)), the minimum eigenvalue of the correlation matrix
corresponding to covariance X. In order for this effect to remain bounded even as the noise
level ¢ — 0, we need the representers gx to be nearly orthogonal in an appropriate sense.
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To see this, set uy = gr/||gx|l2, and observe that

Amin(p(2)) = infla’p(S)e : a2 = 13
= int fvar (12 12 ¥ ) s =1
= inf{“ Zakuk” el = 1} .

Hence, we obtain the necessary control if the normalized representers satisfy a bound
|| Zak”knz > clle]l2 forall o € £5,. (12.11)

We will see that this is indeed often possible if one starts with a wavelet basis {y; } for
L, (T).

Remark. In developing the WVD, it is convenient initially to take 7 = R to avoid
boundary effects, and to exploit translation invariance properties of R. In such cases, it may
be that the operator A is only defined on a dense subset D(A) of LZ(T) For example, with

integration, (12.10), the Fourler transform formula A f &) = (@&)7! f (&§) combined with
the Parseval relation (C.8)) shows that A4 f € L,(R) if and only if f belongs to the subset of
L>(R) defined by [ |S| 2|f(§)|zdé < oo. Similarly, using A*g = [ g(t)dt, it follows

that R(A*) is the subset of L, corresponding to [ |£|? | £ (£)|2dE < oo.

Let us turn again to wavelet bases. Suppose that {1, } is an orthonormal wavelet basis for
L>(T) such that ¢, € D(A) N R(A*) for every A. Proposition [C.5] provides a representer
g, such that

(fiva) =[Af. gal- (12.12)

Suppose, in addition, that ||g, || = cx;l is independent of k. Define two systems {u, }, {va} €
L, (U) by the equations

Uy = K;ga, vy = K7 AP (12.13)

Since forevery f € D(A) wehave (f, A*u,) = [Af, k;g1] = {f. k;¥a), we may conclude
that

A*uy = Ky, Ay, = kjv;. (12.14)
In addition, the {u } and {v, } systems are biorthogonal:
(i up] = k7 [AVa. gl = 15 K (Yo ) = S (12.15)
Since (f, V) = [Af. ga] = Kj_l [Af, u,], we have the formal reproducing formula
F=) v =D kAL v (12.16)

Example. Let A again correspond to integration. Suppose that the wavelet ¥ is C!, with
compact support and [y = 0, so that € D(4) N R(A*). Then formula (12.12) and
integration by parts shows that the representer

=—) = -2/ (Y.
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Since [|ga]l2 = ¢y2/, with ¢y, = [|[¥/||2, we can set k; = 27/, and then from (12.13)),
s = (V). v = (W)

We now turn to showing that the (non-orthogonal) systems {u } and {v, } satisfy (I2.11).
To motivate the next definition, note that members of both systems {u,} and {v, } have,
in our example, the form w; (1) = 2//2w(2/t — k). If we define a rescaling operator

(Saw)(x) = 2772w (x + k)), (12.17)
then in our example, but not in general, (S)w;)(t) = w(t) is free of A.

Definition 12.2 A collection {w,} C L,(R) is called a system of vaguelettes if there exist
positive constants Cy, C, and exponents 0 < n < 1’ < 1 such that for each A, the rescaled
function w = S w, satisfies

W) < Cy(1+ [t~ (12.18)
/u?(t)dt =0 (12.19)
[W(t) —W(s)| < Calt —s|" (12.20)

fors,t € R.

In some cases, the three vaguelette conditions can be verified directly. Exercise[12.2] gives
a criterion in the Fourier domain that can be useful in some other settings.

The following is a key property of a vaguelette system, proved in Appendix We use
the abbreviation ||« || for |[(ca)||¢,

Proposition 12.3 (i) If {w,} is a system of vaguelettes satisfying (12.18)— (12.20), then
there exists a constant C, depending on (C1, Ca, 1, 1') such that

H D s Hz = Cllel (12.21)
A

(it) If {u.}, {v,} are biorthogonal systems of vaguelettes, then there exist positive constants
¢, C such that

clallz = | Y e .
A

The second part is a relatively straightforward consequence of the first key conclusion;
it shows that having two vaguelette systems that are orthogonal allows extension of bound
(12.27)) to a bound in the opposite direction, which we have seen is needed in order to control
Amin(p(%)).

Thus, if we have two biorthogonal systems of vaguelettes, then each forms a frame: up to
multiplicative constants, we can compute norms of linear combinations using the coefficients
alone.

Example continued. Suppose again that Af(u) = [“_ f(r)dt and that v is a C? or-
thonormal wavelet with compact support and two vanishing moments, so that [ ¢ = [ty =
0. We saw that {uy = ()} and {v; = —(¥');} satisfy (1) with «; = 27/, and (2).

| Y, = Clal. (12.22)
A
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In order to obtain the frame bounds for property (3), we verify conditions (12.18)-(12.20)
for ! and v, and then appeal to Lemma Indeed, ¥’ and ¥V have compact sup-
port, the latter because v does and [ = 0. So holds. Turning to (12.19), we have
[ ¥’ = 0 by compact support of ¥, and integration by parts shows (using compact support
of 1) that [ YV = — [uy(u)du = 0. Finally ¥ is C' and ¥V is C? so the Holder
property follows again from the compact support.

Definition 12.4 (Donoho| (1995)) Let {¥;} be an orthonormal wavelet basis for L,(7T)
and {u, }, {v,} be systems of vaguelettes for L,(U). Let A be a linear operator with domain
D(A) dense in L,(T) and taking values in L,(U). The systems {2}, {ux}, {va} form a
wavelet vaguelette decomposition of A if they enjoy the following properties:

(1) quasi-singular values: (12.14)

(2) biorthogonality: (12.13))

(3) near-orthogonality: (12.22).

Note that the quasi-singular values «; depend on j, but not on k.

12.3 Examples of WVD

1. r-fold integration. If (Af)(u) = ffoo f(t)dt and r is a positive integer, we may define
the r-fold iterated integral by A, f = A(A,_1 f). We also write £ ") for A, f. The WVD
follows by extending the arguments used for r = 1. Suppose that ¢ is a C” orthonormal
wavelet with compact support and r + 1 vanishing moments, then the WVD is given by

k=27 =T =

In particular, for later use we note that {W,Y)} forms a system of vaguelettes and satisfies the

frame bounds (12.22).

2. Fractional Integration. Suppose that A is the fractional integration operator

N = i [ L=y (1223)

for0 < B < 1and Wg(u) = u’i /T'(B). Define the order § fractional derivative and integral
of ¥ by ¥® and ¥ P respectively. The WVD of A is then obtained by setting

kp =270 uy =@ =), (12.24)

To justify these definitions, note that the Fourier transform of Wy is given by (e.g.|Gel fand
and Shilov| (1964, p. 171)

Ws(§) = Qg
where Q(£) equals cg = ie!®=D7/2 for £ > 0 and cge ™ for & < 0. We use the Parseval

formula (C-8) to express the representer equation (T2.12) in the form | Foa = / 7@5
from which one formally obtains

S.6) = Vi /Ys(8) = 1P Y (5)/QE).
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It is easy to check that || €3 |2 = ||€o]|22%/# so that we may take k; = 27/# and u; = «; g3,

and, as in (T2.13)) set vy, = /c;lAlm.
Thus {u,} and {v,} are biorthogonal, and one checks that both systems are obtained by
translation and dilation of in (12.24)), with

VB = 15T /0. vP = EPQET®). (12.25)

The biorthogonality relations for {u} and {v;} will then follow if we verify that ) and

¥ P satisfy (TZ.18)—(12.20). The steps needed for this are set out in Exercise

3. Convolution. The operator

o]

(Af)(u)=/ a(u—1) f()dt = (a > f)(u)

is bounded on L, (R) if [ |a| < oo, by (C.24), so we can take D(A) = L,(R). The adjoint
A* is just convolution with @ (u) = a(—u), and so in the Fourier domain, the representer g,
is given by

&, = Va/a. (12.26)

where a(§) = a(—£).
As simple examples, we consider

ai(x) = e*I{x <0}, ar(x) = Le 1, (12.27)
It is easily checked that
ai(§)=1-i®)™, @@ =0+,
and hence that
Go=v—W),  ga=va— W) (12.28)

Either from representation (12.26)), or more directly from (12.28), one finds that with
B = 1 and 2 in the two cases, that

2218 as j — o0,
ligall2 ~ :
1 as j — —oo.
This is no longer homogeneous in j in the manner of fractional integration, but we can still
set k; = min(1,2778).

The biorthogonal systems {u; } and {v,} are given by (12.13). In the case of u; = «;gx,
the rescaling S;u; can be found directly from (12.28), yielding 27/ + v in the case
J > 0. The vaguelette properties (12.18)— then follow from those of the wavelet .
For v, = KJTI A, it is more convenient to work in the Fourier domain, see Exercise ??

4. Radon transform. For the Radon transform in R?—compare Section [3.8| for a version
on the unit disk—Donoho| (1995) develops a WVD with quasi-singular values k; = 27/2.
The corresponding systems {u;}, {vi} are localized to certain curves in the (s, ¢) plane
rather than to points, so they are not vaguelettes, but nevertheless they can be shown to have
the near-orthogonality property.
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Here is a formulation of the indirect estimation problem when a WVD of the operator
is available, building on the examples presented above. Suppose that we observe A in the
stochastic observation model (12.6)—(12.8)), and that {y/, u,, v, } form a wavelet-vaguelette
decomposition of A. Consider the observations

Y(uy) = [Af.up] + €Z(u;).

Writing Y = Y(u,),z)y = Z(uy) and noting that [Af, u,] = «;{f, Y1) = k;04, say, we
arrive at

Y, =k;0y + €z, (12.29)

Let X be the covariance matrix of z = (z,). Since

BSTB = Var () paza) = VarZ (Y Brws) = I'Y Braual3,

the near orthogonality property guarantees that
cl <¥ <ClI, (12.30)

where the inequalities are in the sense of non-negative definite matrices. We say that the
noise z is nearly independent.

We are now ready to consider estimation of f from observations on Y. The reproducing
formula suggests that we consider estimators of f of the form

F= " vy,
A

for appropriate univariate estimators 7, (). The near-independence property makes it plau-
sible that restricting to estimators in this class will not lead to great losses in estimation

efficiency; this is borne out by results to follow. Introduce y; = «;'Yi ~ N(63,k72€?).

We have f — f =2",In(yx) — O1]¥, and so, for the mean squared error,
Elf = f1I3=Y EmOu) —0:2 = rn.bik;'e).
A

A
Notice that if k; ~ 277/, then the noise level x;'e ~ 2%/ ¢ grows rapidly with level j. This
is the noise amplification characteristic of linear inverse problems and seen also in Chapter
In the next section, we study in detail the consequences of using threshold estimators to

deal with this amplification.

12.4 The correlated levels model

We assume that

=00 + €7k, €-=2ﬂj€, >0
Vjk jk JjZjk J B = (12.31)
gl <X <&1.
Here the indices j > 0,k = 1,..., 27 and the noise is assumed to be zero mean Gaus-

sian, with the inequalities on the covariance matrix understood in the sense of non-negative
definite matrices.
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This is an extension of the Gaussian white noise model in two significant ways:
(i) level dependent noise €; = 287 ¢, capturing the noise amplification inherent to invert-
ing an operator A of smoothing type, and (ii) the presence of correlation among the noise
components, although make the key assumption of near-independence.

Motivation for this model comes from the various examples of linear inverse problems in
the previous section: when a wavelet-vaguelette decomposition exists, we have both proper-
ties (i) and (ii). The model is then recovered from (12.29)—(12.30) when A = (jk) has the
standard index set, k; = 27%/ and yj; = /cj_lY_,-k.

Let us first examine what happens in model (I2.3T) when on level j we use soft thresh-
olding at a fixed value A je;. Thus Qj.sk = 1s(yjk,Aj€;). Decomposing the mean squared
error by levels, we have

r(6%.0) =Y E[65 —0;]
andif A; = ,/2log 87!, we have from the soft thresholding risk bound (8.13) that

E[67 —0,]> <2/8;¢3 + (A3 + 1)) 0% A el
k

The noise term 2/8;€% = §;20+2)J €2, showing the effect of the geometric inflation of the
variances, ef = 2287 €2, To control this term, we might take §; = 27(1+28)J = n/_.(l+2ﬁ).

This corresponds to threshold

Aj = /2(1+2B)logn;,

which is higher than the ‘universal’ threshold /\gj = /2logn; when B > 0. With this
choice we arrive at

E67 —0;]> < +cpj Yy 0% n2?P e
k

At this point we can do a heuristic calculation to indicate the benefits of using the sparse
representation provided by the WVD. This will also set the stage for more precise results to
follow.

Now suppose that the unknown function f is piecewise continuous with at most d dis-
continuities. Then the wavelet tranform of f is sparse, and in particular, if the suppport of
Y is compact, there are at most a bounded number of non-zero coefficients ;; at each level
7, and those coefficients are bounded by c27//2 by Lemma Hence

Z 07 A 2%7e? < cqyr (277 A2 ),
k
To find the worst level, we solve for j = j, in the equation 27/ = 228/¢2, 5o that
20+2B)jx = €2 On the worst level, this is bounded by 27/ = (€2)/(1+28) The max-
ima on the other levels decay geometrically in |j — j.| away from the worst level, and so
the sum converges and as a bound for the rate of convergence we obtain

j*2_j* = (log 6_2)(62)1/(1+2ﬁ).
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Comparison with SVD. For piecewise constant f, we can suppose that the coefficients in
the singular function basis, 6y = (f, ex) decay as O(1/ k). Suppose that the singular values
bx =< k=P . Then from (12.9)),

2

2 € -2 28 2 _ 1—1
E:@k/\b—zAE:k N S
k k

where k, solves k=2 = k?$ €2, so that k' = (¢2)'/@+28)_ Hence, the rate of convergence
using linear estimators with the singular value decomposition is O((€2)"/?+28)) while we
can achieve the faster rate O (log e ~2(¢2)/(1+28)) with thresholding and the WVD.

In fact, as the discussion of the direct estimation case (Section showed, the log €72
term can be removed by using data-dependent thresholding, and it will be the goal of the
rest of this chapter to prove such a result.

We will see that the rate of convergence over ©% _(C) is C2(""7e?", with r = 2/ (20 +
2B + 1), up to constants depending only on (¢, p, g) and .

The proof has the same structure as in the direct case, Section The lower bound, af-
ter bounding the effect of correlation, is found from the worst Besov shell. The upper bound
uses a penalized least squares estimator, after a key modification to the oracle inequality,
Section to control the effect of noise inflation with level j. With these (not unim-
portant) changes, the argument is reduced to the analysis of the £,-ball control functions
n;,p(Cj, €;); this is deferred to the following section.

The penalized estimator is constructed levelwise, in a manner analogous to the direct
case, Section[@ but allowing fgr the modified noise structure. Thus, at level j, we use a
penalized least squares estimator 6p(y;), (12.2), with pen; (k) = kkik. However, now

Ajge = V& (1 + (/2Ln; k), Lp; k= (1+2p)1og(yn,n;/ k). (12.32)

where n; = 2/ and y, is specified below.

The penalized least squares estimator is equivalent to hard thresholding with level and
data dependent threshold 7; = t,, i, Where i = kAj — (k —1)Ai_, ~ A{ and k;, =
N (ép (¥;)) is the number of non-zero entries in Op ;).

The levelwise estimators are combined into an overall estimator 67 = (§ 7)) with 6 HOE
6 p(y;) for j > 0. [Note that in this model there is no cutoff at a fixed level J.]

Theorem 12.5 Assume the correlated blocks model (12.31)) and that
a> QB+ 1)(1/p—1/2);. (12.33)

Then for all such a,C > 0and 0 < p,q < oo, for the penalized least squares estimator
Jjust described, there exist constants ¢; such that if e/ C < ¢y,

coC?" e < Ry (0% ,(C).€)

< sup E”ép — 0] < c1€% + ¢,C2Uer
05.4(C)

withr = 20/ Qa+28+1). The constants ¢1 = ¢1(B,y, ¢, &) and ¢, = co(a, B, y, p, ¢, &1).

(12.34)
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The key point is that the estimator ép achieves the correct rate of convergence with-
out having to specify any of («, p, g, C) in advance, subject only to smoothness condition

([233)

This is essentially a generalization of Theorem [12.1} to which it reduces if f = 0 and
£y = & = 1. We could modify 6p to cut off at a level J = log, €2 as in that theorem;
the result would be an additional tail bias term ¢ C 2(¢2)?® in (12.34). In that case, we could

also use y, = y > e rather than y, = log? n in the definition (12.32), and the variance term

c1€? would change to c1e? log e 2.

Proof We begin with the lower bound. It follows from the covariance comparison Lemma
M.24] that the minimax risk in correlated model (I2.31)) is bounded below by the risk in a
corresponding independence model in which the z j are i.i.d. N(0, §,). We may then restrict
attention to the Besov shell ©) ~ @,,, ,(C;) and conclude that

Ry (OF ,(C),€) = RN(On; »(C)), lo€) = airn,, p(C;, &oe),

by the lower bound part of Theorem It will be shown in the next section that this is
bounded below by ¢, £2" C21)¢e?r,

Turning now to the upper bound, the levelwise structure of Op implies that

El6p — 017> =" Elfp; — 0;]%
J

and we will apply at each level j the inverse problem variant, Theorem of the oracle
inequality for complexity penalized estimators. Indeed, from (IT.13) with n; = 2/, and
with the notation R ;(0;,€;) = inf; C;(J, 8;), we can bound the overall risk

J

Elfp —0]> <2K& Y M2+ K> R;(0).€)). (12.35)
J

For the first term, note from (IT.59) that M} < C 5,272#/ j~2_indeed, obtaining rapid
decay with j was the primary reason for the variant in Theorem[I1.9] Consequently,

SSMIE} < Cpy Y22 < gy 1236
j J

so that the first term in the MSE bound for 8p is O(€?).
To bound ;R ;(6;,€;) we using Besov shells as in the direct case, obtaining

supZRj(Oj,ej) <c Zrnj,p(Cj,ej)
© j
which we show in Proposition below is bounded by ¢3C20—¢?", O

12.5 Taming the shell bounds

Proposition 12.6  Suppose that for each j > 0, the shell and noise parameters are

n;=2, C;=C2%, ¢ =2 (12.37)
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Here0 < p<oo,a=a+1/2—1/pand B > 0. Suppose thata > 2+ 1)(1/p—1/2)+
and putr = 20/ (2 42 + 1). Then there exist constants c; («, B, p) such that if e/ C < cy,
then

e, C2Ir < I}lf())( n;p(Cj.€5) = Zrn,/,p(cjfj) < e, C N (12.38)
o j=0
Proof Let us make the abbreviations
R =710, 5(Cj,€;), R, = C*17Ner, (12.39)

The essence of the proof is to show that the shell bounds j — R; peak at a critical level
Jx, and decay geometrically away from the value R, at this least favorable level, so that the
series in (12.38)) is summable. The behavior for p < 2 is indicated in Figure[I2.1} the case
p > 21is similar and simpler.

R]' R*:CZ(PT)GW

Figure 12.1 Schematic behavior of ‘shell risks’ R ;; with j treated as a real
variable.

More specifically, in the case p > 2, we show that

R2CBTDG=1) <

;= R2-2a(—72 i (12.40)
with the critical level j,. € R being defined by
2@+B+1D)e — C /e (12.41)

and the maximum shell bound being given by a multiple of R, in (12.39).
In the case p < 2, by contrast, there are three zones to consider and we show that

R,2CB+DG=]) i<
R; = { R27PPU—II + 2(j — j)I' P2 ju<j < ji (12.42)
R+2—Za(j—j+) Jj > Jj+
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where R, is as before and p = a—(28+1)(1/p—1/2)] > 0in view of smoothness assump-
tion (12.33). The values of 7 and R are given below; we show that R is of geometrically
smaller order than R,.

In either case, the geometric decay bounds are summable, leading to a bound that is just
amultiple of Ry: Y R;j < capp R

To complete the proof, we establish the geometric shell bounds in (12.40) and (12.42),
starting with the simpler case p > 2. For convenience, we recall the scale—e version of the
control function

C.o nl=2/PC2 C > enl/?
r ,€) =
P ne? C <en'/r,

We apply this level by level, using the £ ,—ball interpretation of the Besov shell 0, so that
n;=2, C;=C2%Y, ¢ =2 (12.43)

witha = o + 1/2 — 1/p. Thus, on shell j, the boundary between samll C; and large
C; zones in the control function is given by the equation (C; /e j)n]_.l/ ? = 1. Inserting the
definitions in the previous display, we recover formula (I2.47)) for the critical level j,.

In the large signal zone, j < j, the shell risks grow geometrically: R; = n je? =
20@B+DJj¢2 The maximum is attained at j = J,, and on substituting the definition of the
critical level j,, we obtain (12.39).

In the small signal zone, j > j., the shell bounds R; = C 22-20j gpd it follows from
that C2272%+ = R,. We have established (T2.40).

Turning to the case p < 2, we again recall the form of the control function, now given in
scale-e form by

C? C <e/1+logn
Fnp(C,€) = { CPe>P[1 + log(ne?/CP)' P12 ¢ /T1+1logn < C <en'/?

ne? C <en'l?,

We may refer to these cases, from top to bottom, as the ‘small signal’, ‘sparse’ and ‘dense’
zones respectively, corresponding to the structure of the least favorable configurations in the
lower bound proof of Theorem|I1.7]

First, observe that the sparse/dense boundary, the definition of j, and the behavior for
J =< Jj« correspond to the small/large signal discussion for p > 2. However, in the sparse
zone, j > jy, the shell risks R; = C}’ef_p[l + log(n ;€7 C;7)]'~7/2. Using (12.37), the
leading term

Cp€2—p — CPe2pp—pa=2p/pth)j
J i

decays geometrically for j > j, due to the smoothness assumption (12.33)); indeed we have
a=28(1/p—1/2) =a— 2B+ 1)(1/p—1/2) > 0. The logarithmic term can be rewritten
using the boundary equation (12.41):

log(n;e?C;?) = p(a+ B +1/2)(j — jx) log?2.
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Sett = p(a + B + 1/2)log?2 in (12.42), we have shown that
Rj = CPe P2 Pl 4+ 1(j — ju)]' 72

Putting j = j. gives R;, = CP€>~P27PPIx and yields the middle formula in (12.42).
The boundary of the sparse and highly sparse zones is described by the equation

1= (C;/ep)(1 +logn )72 = (C/e)2~@HFHUDIHIP(1 + jlog2)™2.
Using (12.41)) as before, and taking base two logarithms, we find that the solution j satisfies
(@+B)j+ = (@+ B+ 3)jx —L(j), (12.44)

where £(j) = %[logZ(l + jlog?2)].
In the highly sparse zone, the shell risks R; = C? = C?272% decline geometrically

from the maximum value R, = C2272%+_ It must be shown that this maximum is of
smaller order than R,. Indeed, using (12.39), R /R« = (C/€)?" 2724+ and hence

log, (R+/Ry) = 2(jx —aji) = —[pj+ — 20l (j+)]/ (@ + B+ 1/2).

after some algebra using (12.44)) and recalling the definition of p from below (12.42). For
J = 2 wehave 2{(j) < log, j, and setting p, = p/(o + B + 1/2) we arrive at

log(R+/Rs) < —p2j+ +log, j+.
Since jix < jt+ < cappjx from (12.44), we have
Ri/Ry < Cappjx2 P2 = '(C/e) " log(C/e).
Thus, if €/C < ¢y, it is evident that Ry < R,.
For the lower bound, it is enough now to observe that
max R; = max(Ry;,), Rr;,1).
O

Note. We cannot argue that Ry < R, directly from j; > j. because the control function
C — ry,p(C,¢€) is discontinuous at the highly sparse to sparse boundary, compare Figure

ML

Exercises

12.1 (Simple Fourier facts)
Recall or verify the following.
(a) Suppose that ¥ is C L with compact support. Then vy (£) is infinitely differentiable and

WO @) < Cle™L forall r.

(b) Suppose that ¢ has K vanishing moments and compact support. Then forr =0,..., K—1,
we have ) (&) = O(|€|K ") as £ — 0. )
(c) For f such that the integral converges, | f(t)| < (27)~! [ | f(§)|d& and

/() = f)] = @)~ 'e —SI/ HRGIES
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12.2

Exact rates for estimation on Besov spaces
() If £(§)is C2 for 0 < |§| < oo and if £ (&) and f”(£) vanish as £ — 0, 0o, then

1F@0)] < @) '2 / L (€)lde,

(Vaguelette properties for convolution examples) (a) Let S), be the rescaling operator (12.17),
and suppose that the system of functions w; can be represented in the Fourier domain via 5} =
S, wy. Show that vaguelette conditions (T2.18)~(T2.20) are in turn implied by the existence of
constants M;, not depending on A, such that

o / 15, (6)|dE < Mo, / 15(6)|dE < M.
(i) 5,0) =0, and (i) / €] 18,.(6)|d& < M,

with 53 (£) and 53/ (£) vanishing at 0, +00.
(b) Show that if Af = a = f, then for the two systems

vy = k7 AY;. 5.6 =«7'a@ o)y )
Uy = Kjgas 53.8) = [k /a(=2 OY ().

(c) Suppose A is given by fractional integration, (I2.23), for 0 < B < 1. Suppose that v is C3,
of compact support and has L = 2 vanishing moments. Show that {1, } and {v, } are vaguelette
systems.

(d) Suppose that 4 is given by convolution with either of the kernels in (12.27). Let 8 = 1
for a; and B = 2 for a,. Suppose that ¥ is C2+# of compact support and has L = 2 + f
vanishing moments. Show that {u, } and {v, } are vaguelette systems.



13

Sharp minimax estimation on £, balls

Suppose that we observe n-dimensional data
yi =6; +ez; i=1,....n (13.1)

where 0 is constrained to lie in a ball of radius C defined by the £, norm:

O =0,,C)={0ecR":> |67 <C"}. (13.2)

i=1

We seek to estimate 6 using squared error loss ||9 —-0)* = Zi(éi — 60;)?, and in particular
to evaluate the nonlinear minimax risk

Ry(®) = infsup E||6 — ]2, (13.3)
0 6e®
and make comparisons with the corresponding linear minimax risk Ry (®).

Although this model is finite dimensional, it is non-parametric in character since the di-
mension of the unknown parameter equals that of the data, and further we consider asymp-
totics as n — oo. The £, — constrained parameter space © is permutation symmetric and
certainly solid, orthosymmetric and compact. It is thus relatively simple to study and yet
yields a very sharp distinction between linear and non-linear estimators when p < 2. The
setting also illustrates the Bayes minimax method discussed in Chapter 4]

Our object is to study the asymptotic behavior of the minimax risk Ry as 7, the number
of parameters, increases. We regard the noise level € = ¢, and ball radius C = C,, as known
functions of n. This framework accomodates a common feature of statistical practice: as the
amount of data increases (here thought of as a decreasing noise level € per parameter), so
too does the number of parameters that one may contemplate estimating.

In previous chapters we have been content to describe the rates of convergence of Ry (0),
or non-asymptotic bounds that differ by constant factors. In this chapter, and in the next for
a multiresolution setting, we seek an exact, if often implicit, description of the asymptotics
of Ry(0®). Asymptotically, we will see that Ry depends on the size of ®, ,(C) through
ne? times the dimension normalized radius 7, = n~"/?(C /¢).

Although the asymptotic behavior depends on p and C (as well as on €, and n), the struc-
ture revealed in the least favorable distributions repays the effort expended. So long as the
normalized radius 7, is not too small, the exact asymptotic behavior of Ry (®) is described
by a Bayes-minimax problem in which the components 6; of 8 are drawn independently
from an appropriate univariate near least favorable distribution 7 ,. When p < 2, this least

297
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favorable distribution places most of its probability at 0, so that most components 6; are zero
and the corresponding vector 6 is sparse.

The strategy for this chapter, then, is first to study a univariate problem y = 6 + €z, with
z ~ N(0, 1) and 0 having a prior distribution 7, subject to a moment constraint [ |0|?dx <
7P, In this univariate setting, we can compare linear, threshold and non-linear estimators
and observe the distinction between p > 2, with “dense” least favorable distributions, and
p < 2, with “sparse” least favorable distributions placing most of their mass at zero.

The second phase in this strategy is to “lift” the univariate results to the n-dimensional
setting specified by (I3.1)—(13.3). Here the independence of the co-ordinates of y; in (13.1)
and of the 6; in the least favorable distribution is crucial. The details are accomplished using
the Minimax Bayes approach sketched already in Chapter[d] In the sparse case (p < 2) with
nn — 0, the least favorable distribution corresponds to vectors 8; in which most co-ordinates
are zero and a small fraction a,, at random positions have magnitude about €, /2 log n,,*.

The Minimax Bayes strategy is not, however, fully successful in extremely sparse cases
when the expected number of spikes no,,, remains bounded as n grows. A different tech-
nique, using exchangeable rather than independent priors, is required for the lower bounds.
The “random energy model” of statistical physics makes an appearance; its “phase transi-
tion” properties are needed to complete the argument.

We also study linear and threshold estimators as two simpler classes that might or might
not come close in performance to the full class of non-linear estimators. In each case we also
aim for exact asymptotics of the linear or threshold minimax risk.

13.1 Linear Estimators.

With linear estimators, exact calculations are relatively straightforward and serve as a point
of reference for work with non-linear estimators in later sections.

The £, balls ®, ,(C) are solid and orthosymmetric and compact for all 0 < p < oo.
However they are quadratically convex only if p > 2, while for p < 2,

QHUH[®n,p )] = ®n,2(C)‘

Theorem [0.3] says that the linear minimax risk is determined by the quadratic hull, and so
we may suppose that p > 2. Our first result evaluates the linear minimax risk, and displays
the “corner” at p = 2.

Proposition 13.1 Let p = pv2andij = n~"/?(C /€). The minimax linear risk for squared
error loss is

RL(©y,5(C),€) = ne®n? /(1 + 7%),
with minimax linear estimator éL given coordinatewise by
OLi(v) = 7/ + )y

Remark. For large C, and hence large 7, the minimax linear risk approaches the uncon-
strained minimax risk for R”, namely ne?2.

Proof Theorem [{.22]says that the linear minimax risk is found by looking for the hardest
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rectangular subproblem:
R (®) = sup {Z /(e + 1) : Z P < C”} )

In terms of new variables u; = t7/C?, and a scalar function £(t) = t*/(1 + 1?), this
optimization can be rephrased as that of maximizing

) =€ 4(Ce u}’)

over the simplex Y ju; < 1 in the non-negative orthant of R”. Since f is symmetric
and increasing in the co-ordinates u;, and concave when p > 2, it follows that the max-

imum is attained at the centroid u; = n_l(l, ..., 1). Introducing the normalized radius
il = n~YPV2(C /€), we may write the corresponding minimax risk as ne2£(7j). From ([#.29)),
the corresponding linear minimax estimate is 6, = £(7,)y. O

Example 13.2 The calibration € = 1/./n arises frequently in studying sequence model
versions of nonparametric problems (compare (I.24) in Chapter [3). Consider the ¢, ball of
radius C = 1: 0, = {0 : 37 6;| < 1}. We see that j = n~1/2.n'/2 = 1 and that

RL(©n)) = 1/2, 0L(y) = y/2.

Of course ®,,; has the same /inear minimax risk as the solid sphere ®, , which is much
larger, for example in terms of volume. We have already seen, in Example that non-
linear thresholding yields a much smaller maximum risk over ®,, ; — the exact behavior of

RN (0©,,1) is given at (13.27) below.

13.2 Univariate Bayes Minimax Problem

We consider a generalization of the bounded normal mean problem of Section 4.6] and the
sparse normal mean setting of Section Suppose that y ~ N(6,€?), and that 6 is dis-
tributed according to a prior (d6) on R. Assume that 77 belongs to a class satisfying the
p-th moment constraint

(1) = {m(d6) : / 617 7(d6) < <7},

which is convex and weakly compact for all p < oo and 7 < co. Such moment constraints
are a population version of the “empirical” constraints on (61, ... 6,) defining an £ ,-ball—
compare (13.2). We study the Bayes minimax risk
Bp(t,€) =inf sup B(é, ) =sup{B(m) : m € m,y(7)}. (13.4)
0 mem,(z)
where the second equality uses the minimax theorem and (@.14) of Chapter 4}

Of course, iy (7) equals the set of priors supported on the bounded interval [—t, 7],
and s0 Boo(7,€) = pn (7, €), compare (@.26). With an abuse of notation one can regard the
sparse signal model of Section|[8.7]as being the p = 0 limit of the p-th moment constraint.
Since [ |0|Pdw — 7{0 # 0} as p — 0, we can view mo(r) = { : 7{f # 0} <t} as
lim,_,o 1, (¢'/?). In addition, the sparse Bayes minimax risk Bo(, €) = lim,_.o 8,(n'/?, €).
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Remark on Notation. We use the lower case letters 8 and p for Bayes and frequentist min-
imax risk in univariate problems, and the upper case letters B and R for the corresponding
multivariate minimax risks.

We begin with some basic properties of 8,(t, €), valid for all p and 7, and then turn to
the interesting case of low noise, T — 0, where the distinction between p < 2 and p > 2
emerges clearly.

Proposition 13.3  The Bayes minimax risk B, (t, €), defined at (13.4)), is
1. decreasing in p,

2. increasing in €,
3. strictly increasing, concave and continuous in ¥ > 0,
4. and satisfies (i) By(z.€) = €2B,(t/e, 1), and

(ii)  Bplat,e) <a?By(t,€) foralla > 1.
Proof First, (1) and 4(i) are obvious, while (2) and 4(ii) are Exercises .T(a) and [4.6(a)
respectively. Turning to (3), let t = t”: the function ,g(t) = sup{B(x) : [|0|Pdn =t} is
concave in ¢ because m — B(rr) is concave and the constraint on 7 is linear. Monotonicity
in 72 is clear, and continuity follows from monotonicity and 4(ii). Strict monotonicity then
follows from concavity. O

The scaling property 4(i) means that it suffices to study the unit noise situation. As in
previous chapters, we use a special notation for this case: x ~ N(u, 1), and write 8, (1) for
Bp(n, 1) where n = t/e denotes the signal to noise ratio.

Information about the least favorable distribution follows from an extension of our earlier
results for p = oo, Proposition B.18] and p = 0, Proposition [8.9] (For the proof, see
Exercise[13.3).

Proposition 13.4 For p and t in (0,00), the Bayes minimax problem associated with
m,(t) and B,(t) has a unique least favorable distribution ww,. If p = 2, then n; is Gaus-
sian, namely N(0,t2); while for p # 2 instead . is proper, symmetric and has discrete
support with 00 as the only possible accumulation points. When p < 2 the support must
be countably infinite.

Thus, the only case in which completely explicit solutions are available is p = 2, for
which B,(t,€) = 12€2/(z2 + €2) = p(r,€) (Corollary [4.7). From now on, however,
we will be especially interested in p < 2, and in general we will not have such explicit
information about the value of 8,(t, €), least favorable priors or corresponding estimators.
We will therefore be interested in approximations, either by linear rules when p > 2, or
more importantly, by threshold estimators for all p > 0.

p = 2versus p < 2in low signal-to noise.

When 7 is small and p < 2, appropriate choices of two point priors my,, = (1 —a)p + ad;,
turn out to be approximately least favorable. We build on the discussion of sparse two point
priors in Section A one parameter family of priors 7y, (o) Was defined there by requiring
u(a) to satisfy the equation

w?/2 4+ 2loga™HY*u =log(1 — )/, (13.5)
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and the resulting sparse prior (defined for @ < 1/2) was said to have sparsity o and overshoot
a = (2loga~ )14,

Definition 13.5 The sparse £, prior m,[n] is the sparse prior my ) With @ = o,(n)
determined by the moment condition

au? (@) = n?. (13.6)
We write 1, (1) = (o, (n)) for the non-zero support point.

Exercise [13.1] shows that this definition makes sense for n sufficiently small. Recalling
from (8.31) that u(a) ~ /21loga~! for  small, one can verify that as n — 0,

ap(n) ~n?(2logn 7)?12
1y (n) ~ (2logn?)"/2.

We can now state the main result of this subsection.

Theorem 13.6 Asn — 0,
2
n 2sp=o
By () ~ s (13.7)
n?(2logn=?)' 7 0<p<?2.
If p > 2, then 80 = 0 is asymptotically minimax and w = (§_, + 8,)/2 is asymptotically
least favorable.
If p < 2, then §,, soft thresholding with threshold A = /2logn=?, is asymptotically
minimax. The sparse £, prior 7w, [n] of Definition is asymptotically least favorable.

Remarks. 1. In the “nearly black” model of Section corresponding to p = 0,
we found that Bo(n) ~ n- (2logn~!) with gl(x) being asymptotically minimax with
A = /2logn~! and an asymptotically least favorable prior being 1, ,,;). To see that this
{, theorem is consistent with the p = O limit, observe that implies B,(n'/?) ~
n(2log n~1)'=7/2 and recall that Bo(1) = lim,—o B,(n'/?).

2. Consider the special choice € = n~'/2. Then nf = n='(C/€)? = n~'*P/2C? and so
A2 =2logn,” = (2— p)logn —2plog C. Hence larger signal strength, represented both
in index p and in radius C, translates into a smaller choice of minimax threshold. Note that
in a very small signal setting, n& = 1/n, we recover the choice A, = /2logn discussed in
earlier chapters.

3. The threshold estimator § J2logn=7 18 also asymptotically minimax when p > 2.

Proof Consider first p > 2. For any prior 7 € m, (),
B(So, ) = Expt® < (Ex|pl?)*'? < P, (13.8)

Consequently B(w) < n?, and so also ,(n) < n*. In the other direction, consider the
symmetric two point prior 7, = (1/2)(8, + 6_5); formula for the Bayes risk shows
that B,(n) > B(m,) ~ n*asn— 0.

Suppose now that p < 2. For the lower bound in (I3.7), we use the priors 7 ,[5] and the
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asymptotics for their Bayes risks computed in Lemma [8.7] Note also that the p-th moment
constraint @ = n? /u” () implies that
12 (ay) ~ 2loga, ' = 2logn™? + plog u?(a) ~ 2logn~>.

Putting these observations together, we obtain our desired lower bound as o« — 0

Br(1) = B(maqy) ~ ap?(a) = ap’ (@) - p>~? (o) ~ n? (2logn?)' 772,

For the upper bound, we use an inequality for the maximum integrated risk of soft thresh-
olding:
sup  B(Si., ) < rs(A,0) + 17 (1427772, (13.9)

wemy, ()

Assuming this for a moment, we note that 8,(n) is bounded above by the left side, and in the
right side we set A = /21og n~?. Recalling from that rg(A,0) ~ 4A73¢p(L) = o(n™P)
as 7 — 0, we see that the second term is dominant and is asymptotically equivalent to
n?(2log n~?)'"P/2 as n — 0.

It remains to prove (I3.9). We use the risk bound for soft thresholding given at (8.12),
and shown schematically in Figure Now, define 11; = (1 4+ A?)!/2, and then choose
¢ = ¢, so that

cuf =pi =1+2%

that is, ¢ = (1 4+ A?)'~?/2, Compare Figure We conclude that

o

P 1—1—)\2

Ky 2

Figure 13.1 Schematic for risk bound: valid for p < 2

B ) = /rs(l,u)dn < rs(2,0) +c/u”dﬂ
=rs(A,0) +n?(1 + A%)'7/2.

As this holds for all & € m, (1), we obtain (13.9). Here we used symmetry of u — (A, 1)
about 0 to focus on those 7 supported in [0, 00). O

Remark. There is an alternative approach to bounding sup,, () Bs(4, ) which looks for
the maximum of the linear function w — Bg(A, 7) among the extreme points of the convex
1, (1) and shows that the maximum is actually of the two point form (8.26). This approach
yields (see Exercise [I3.6)
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Proposition 13.7 Let a threshold A and moment space w,(n) be given. Then

sup{ B8y, ) : w € wp(n)} = sup r(,0) + (n/W)[r(, p) — (A, 0)]
w=n (13.10)

<r(A.0)+n7u;?

where ), is the unique solution of

The least favorable prior for 81 over mi,(n) is of the two point prior form with a determined
fromnand p = by B.26). As A — oo, we have

i~ A+ 0 (p/2). (13.12)

Hard thresholding. It is of some interest, and also explains some choices made in the
analysis of Section to consider when hard thresholding 85 is asymptotically minimax.

Theorem 13.8 If p < 2 and n — 0, then the hard thresholding estimator 8 H.,)\ IS asymp-
totically minimax over w ,(n) if

Az_§2logn_1’ ifo<p<l

. (13.13)
2logn ™ + alogRlogn™) if 1 <p<2,a>p—1.

The introductory Section considered an example with p = 1 and 7, = n~"/2 so that
2logn,! = logn. In this case the threshold A = /logn is not asymptotically minimax:
the proof below reveals that the risk at O is too large. To achieve minimaxity for p > 1, a
slightly larger threshold is needed, and in fact A, = /log(n log® n) works for any & > 0.

Proof We adopt a variant of the approach used for soft thresholding. It is left as Exercise
to use Lemma|8.5]to establish that if ¢; = A77(1 4+ A2) and A > X¢(p), then

ra (o i) < ra(A,0) + cap?. (13.14)

Consequently, integrating over any w € m (1), we obtain
BB, m) < ru(h,0) + can”.

Since our choices A(n) — oo as n — 0, we may use (§.13), namely rg (A, 0) ~ 2A¢ (1), to
conclude that

sup B8z, ) < 240 (1) + A2 P9P](1 4 o(1)).

wemp(n)

Since A ~ 2log n~?, we obtain minimaxity for hard thresholding so long as the term due to
the risk at zero is negligible as n — 0:

Ap(A) = o(A*7PnP).

It is easily checked that for 0 < p < 1, this holds true for A2 = 2logn~?, whereas for
1 < p < 2, we need the somewhat larger threshold choice in the second line of (13.13). [J
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For soft thresholding, the risk at zero rg(1,0) ~ 4A73¢ (1) is a factor A~* smaller than
for hard thresholding with the same (large) A; this explains why larger thresholds are only
needed in the hard threshold case.

13.3 Univariate Thresholding

We have just seen that thresholding at an appropriate level is minimax in the low noise
limit. In this section we look more systematically at the choice of threshold that minimizes
mean squared error. We consider the optimal performance of the best threshold rule over the
moment space m ,(7) with the goal of comparing it to the minimax Bayes estimator, which
although optimal, is not available explicitly. Define therefore

Bs.p(t.€) =inf sup B, ), (13.15)

wem,(t)

where 3 4, refers to a soft threshold estimator with threshold A. Throughout this section,
we work with soft thresholding, sometimes emphasised by the subscript “S”, though some
analogous results are possible for hard thresholding (see Donoho and Johnstone| (1994b).)
A goal of this section is to establish an analogue of Theorem which in the case of a
bounded normal mean, bounds the worst case risk of linear estimators relative to all non-
linear ones. Over the more general moment spaces m ,(7), the preceding sections show that
we have to replace linear by threshold estimators. To emphasize that the choice of estimator
in (T3.15) is restricted to thresholds, we write B(A, 7r) for B (8,, 7).

Let Bs(w) = inf; B(A, i) denote the best MSE attainable by choice of soft threshold.
Our first task is to establish that a unique best A(7r) exists, Proposition below. Then
follows a (special) minimax theorem for B(A, ). This is used to derive some properties of
Bs,p(t. €) which finally leads to the comparison result, Theorem[13.14}

To begin, we need some preliminary results about how the MSE varies with the threshold.

Dependence on threshold. Let ry(A, ) = (9/9A)r (A, u); from (@.39) and changes of
variable one obtains

R0 =2 [ wptw-dw.
I(w)
where (@) = (—o0, —it) U (—o0, i). In particular, for all A > 0 and pu

—|ul

7 (0, n) = 4/ wo(w)dw < 0, and (13.16)
0
ry(A,0) = 4/ wo(w —A)dw < 0. (13.17)
and by subtraction,
el
ra(A, ) —ry(A,0) :2/ |lw|p(w — A)dw. (13.18)
—lul

After normalizing by |r4 (A, 0)|, the threshold risk derivative turns out to be monotone in
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A; a result reminiscent of the monotone likelihood ratio property. The proof is given at the
end of the chapter.

Lemma 13.9 For u # O, the ratio

RO
Vh,pw) = OO (13.19)

is strictly increasing in A € [0, 00), with V(0, ) < 0and V(A, ) /" oo as A — oo.

Integrated threshold risk. Define B(A, ) as above. Since 4 — r(4, ) is a bounded (by
1 + A?) and analytic function, B(A, ) is well defined and differentiable, with

(3/0A)B(A, ) = /m(x, (). (13.20)

Now it can be shown that given , there is always a unique best, i.e. risk minimizing,
choice of threshold.

Proposition 13.10 [f 7 = &y, then A — B(A, 1) decreases to 0 as A — oo. If m # o,
then the function A — B(A, ) has a unique minimum A(), 0 < A(7w) < oo, and is strictly
decreasing for A < A(m) and strictly increasing for A > A (7).

Proof First, B(A, 8g) = r(A,0) is strictly decreasing in A by (13.17), and that it converges
to O for large A is clear from the risk function itself.

For m # &y, it is convenient to normalize by |r; (4, 0)|, and so to use (13.19) and (13.20)
to define

(0/0A)B(A, ) /‘
WA)=—"—= [ VA, w)n(dp).
2 (1.0) Shns

From (I3.16), it is clear that W(0) < 0, while Lemma [I3.9] shows that W(X) /' oo as
A — o0. Hence there exists a zero, W(4o) = 0. Now for any A

W(h) — W(ho) = / V1) = V(oo i)l (dp),

and so strict monotonicity of A — V(A, u) for u # 0 guarantees that this difference is < 0
or > 0 according as A < Ao or A > Ay. Consequently (d/0dA)B(A, ) has a single sign
change from negative to positive, A(77) = A is unique and the Proposition follows. O

The best threshold provided by the last proposition has a directional continuity property
that will be needed for the minimax theorem below. (For proof, see Further Details).

Lemma 13.11 [f g and 7| are probability measures with gy # 8o, and 7w, = (1 —t)me +
tmy, then A(m;) — A(mg) as t N\ 0.

A minimax theorem for thresholding. Just as in the full non-linear case, it is useful to think
in terms of least favorable distributions for thresholding. Since the risk function r (A, w) is
bounded and continuous in u, the integrated threshold risk B(A, ) is linear and weakly
continuous in 7. Hence

Bs(w) = ialfB()k, )
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is concave and upper semicontinuous in 7. Hence it attains its supremum on the weakly
compact set m ,(7), at a least favorable distribution 7o, say. Necessarily o 7# 8o. Let A¢ =
A(7o) be the best threshold for 7o, provided by Proposition [I3.10}

The payoff function B(A, ) is not convex in A, as is shown by consideration of, for
example, the risk function A — rg(A,0) corresponding to 7 = &p. On the other hand,
B(A, ) is still linear in 77, and this makes it possible to establish the following minimax
theorem directly.

Theorem 13.12  The pair (Ag, 7¢) is a saddlepoint: for all A € [0, 00) and w € m (1),

B(Ao, ) < B(Ao, o) < B(A, 7o), (13.21)
and hence

inf sup B(A, ) = sup inf B(A, )

m, (7) m,(x) A
and
Bs,p(t,€) =sup{Bs(m): w € m,(1)}. (13.22)

Proof This is given as Theorem [A.7} in which we take P = m (7). The hypotheses on
B(A, ) are satisfied by virtue of Lemma|13.11|and Proposition|13.10 O

Remark. Proposition shows that B(A, ) is quasi-convex in A, and since it is also
linear in 7 on a convex set, one could appeal to a general minimax theorem, e. g. Sion
(1958). However, the general minimax theorems do not exhibit a saddlepoint, which emerges
directly from the present more specialized approach.

With minimax threshold theorem in hand, we turn to understanding the threshold minimax

risk Bs,p(7, €) defined at (13.15).

Proposition 13.13  The minimax Bayes threshold risk Bs, ,(t, €) also satisfies the proper-
ties (1) - (5) of Bp(t, €) enumerated in Proposition

Proof Proposition [13.12] gives, in (13.22), a representation for Bs ,(z,€) analogous to
(13.4) for B,(t,€), and so we may just mimick the proof of Proposition except in
the case of monotonicity of in €, compare Exercise[13.4] O

We have arrived at the destination for this section, a result showing that, regardless of the
moment constraint, there is a threshold rule that comes quite close to the best non-linear
minimax rule. It is an analog, for soft thresholding, of the Ibragimov-Has minskii bound

Theorem .16
Theorem 13.14 (i) For 0 < p < o0,

sup Bs.p(T,€)
e PBp(T,€)

(ii) For p = 2, A(p) <2.22.

= A(p) < 0.
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Unpublished numerical work indicates that A(1) = 1.6, so that one may expect that even
for p < 2, the inefficiency of the best threshold estimator is quite moderate. In addition, the
proof below shows that the ratio

up(m = Bsp(n.1)/Bp(n,1) > 1 as n—0,o00. (13.23)

Proof Most of the ingredients are present in Theorem and Proposition [I3.13] and we
assemble them in a fashion parallel to the proof of Theorem The scaling Bs ,(t.€) =
€2Bs.p(t/€, 1) reduces the proof to the case € = 1. The continuity of both numerator and
denominator in = 7 /€ shows that it suffices to establish (13.23).

For small n, we need only reexamine the proof of Theorem the upper bounds for
Bp(n) given there are in fact provided by threshold estimators, with A = 0 for p > 2 and
A= 4/2logn=? for p < 2.

For large 7, use the trivial bound Bs ,(n.1) < 1, along with the property (1) that B, (1)
is decreasing in p to write

up(m) < 1/Boc(n) = 1/pn(n, 1) (13.24)

which decreases to 1 as  — oo, by (4.36) - (4.37). This completes the proof of (i).
For part (ii), use (I3.24) to conclude that for any p and for n > 1, that p,(n) <
1/pn(1,1) = 2.22. For n < 1 and now using p > 2, we use Bs, ,(n) < n* (compare

(13:8)) to write 11, (1) < n?/Boo(n) = n*/pn (1, 1). The final part of the proof of Theorem
showed that the right side is bounded above by 1/py (1, 1) = 2.22. O

13.4 Minimax Bayes Risk for n—dimensional data.

We are at last able to return to the estimation of a n—dimensional parameter constrained to an
£, ball and observed in white Gaussian noise of scale €, - compare model and (13.2).
The asymptotics of Ry (®,, ,(C,)) will be evaluated by the Bayes minimax approach of
Section This approach allows reduction to the basic one dimensional Bayes minimax
problem studied in the previous section. We choose a collection of priors on R”

My ={m(d0): Ez Y _16;]" < CP}. (13.25)
1

which relaxes the £,-ball constraint of ®, ,(C,) to an in-mean constraint. The set M,
contains all point masses 8y for 8 € ®,, and is convex, so using (4.18]), the minimax risk is
bounded above by the Bayes minimax risk

RN (©,,,(Cy)) < B(M,,) = sup{B(n), 7 € My}
= B, p(Cy, €n).

We first show that that this upper bound is easy to evaluate in terms of a univariate quantity,
and later investigate when the bound is asymptotically sharp.

Recall the dimension normalized radius 7, = n~'/?(C/¢). This may be interpreted as
the maximum scalar multiple in standard deviation units of the vector (1,...,1) that is
contained within ®, ,(C). Alternatively, it is the average signal to noise ratio measured in
£p,—norm: (n=1 3" 16; /e|P)V/P < n=VP(C/e).
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Proposition 13.15 Let B,(n) denote the univariate Bayes minimax risk for unit
noise, and let , = n="?C, /€,. Then

B, p(Cu,€n) = nesy Bp(11n). (13.26)

Proof We use the ‘independence trick’ to show that the maximisation in B(M,) can be
reduced to univariate priors. Indeed, for any = € M,, construct a prior 7 from the product
of the univariate marginals 7r; of . We have the chain of relations

B(r) < B(W) = ) B(m) < nB( ).

Indeed, Lemma .14 says that 7 is harder than 7, yielding the first inequality. Bayes risk is
additive for an independence prior: this gives the equality. For the second inequality, form
the average 7; = n~! Y, m; and appeal to the concavity of Bayes risk.

The p-th moment of the univariate prior 7, is easily bounded:

n
f 017d7y =n' > Ex|6:|7 <n'CP.
1

because 7 € M, and so we can achieve the maximization of B(M,) by restricting to
univariate priors in m ,(t) with t = n=/2C,. In other words,

Bn,p(Cn, 6”) = nﬂp(n_l/pcn» En)

and now the Proposition follows from the invariance relation 4(i) of Proposition[I3.3] ~ [J

EXAMPLE continued. Let us return to our original example in which p = 1, the
noise €, = 1/4/n, and the radius C, = 1. Thus 5, = n~' - /n = n~/2. It follows that

RN(O1,) < By (Cu.en) =n-(1/n)- B1(1/+/n) ~ (logn/n)"'?, (13.27)

and the next theorem will show that this rate and constant are optimal. Recall, for compari-
son, that Rz (®, 1,€,) = 1/2.

The main result of this chapter describes the asymptotic behavior of the the non linear
minimax risk Ry (®), and circumstances in which it is asymptotically equivalent to the
Bayes minimax risk. In particular, except in the highly sparse settings to be discussed in the
next section, the least favorable distribution for Ry (®) is essentially found by drawing n
i.i.d rescaled observations from the least favorable distribution 7, (7,) for m,(n,). We can
thus incorporate the small 7 results from the previous section.

Theorem 13.16 Let Ry (C,, €,) denote the minimax risk (13.3)) for estimation over the £,
ball ®,,,(C,) defined at (13.2). Introduce normalized signal-to-noise ratios

o =n""P(Cafen).  yn = Qlogn)"2(Co/en).
For2 < p < oo, ifn, = n € [0, 0], then
RN (Cyen) ~ n€2Bp (). (13.28)
For0 < p <2, (a)ifn, — n €[0,00] and y,, — o0, then again holds.
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(b)If n, — 0and y, — y € [0, 00), then

AZe2([y?] + {y?}?*'7), ify >0

RN(Cve)N .
e An€ly? ify =0,

(13.29)

where [-] and {-} denote integer and fractional parts respectively.

Before proving this result, we draw some implications.

Near minimaxity of thresholding in R".
Let GAA () denote soft thresholding at Ae for data from n-dimensional model (13.1)):
05 = 8s(yi. €M), (13.30)
The minimax risk among soft thresholding estimators over the £ ,-ball ®, ,(C) is given by

Rs(C.€) = Rs(0, ,(C),€) =inf sup Egllfy — 0|2
A 0€®,.,(C)

The next result is a fairly straightforward consequence of Theorems[13.14]and [13.16]

Theorem 13.17 Adopt the assumptions of Theorem If n, — n € [0, 0] and, when
p < 2, ifalso y, — oo, then there exists A(p) < oo such that

Rs(Cy,€x) < A(P)RN(Cy,€n) - (1 +0(1)). (13.31)
If also n,, — O, then
RS(Cns 6n) ~ RN (Cn, 6n)-

The proof shows that A (p) can be taken as the univariate quantity appearing in Theorem
as so from the remarks there, is likely to be not much larger than 1. Thus, in the high
dimensional model (13.T)), soft thresholding has bounded minimax efficiency among all esti-
mators. In the case when 7,, — 0, the threshold choice A,, = €, /21og n,,? is asymptotically
minimax among all estimators.

Proof For a given vector 8 = (6;), define u; = 6;/¢, and let 7, denote the empirical
measure n~' Y. §,,. We can then rewrite the risk of soft thresholding at Ae,, using our
earlier notations, respectively as

EY (0hi—60)> = ) r(h pi) = ne;B(. 1),
i i
If 8 € ©,,,(Cy), then the empirical measure satisfies a univariate moment constraint

[ wirdm, = S /el < nCafen” = . (13.32
Consequently 7, € m,(17,), and so

ialfsup E9||9A,1 —0|* < né? ir/%f sup  B(A,m).
[

wemp(m,)
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Now recalling definition (I3.15)) of Bs ,(17) and then Theorem [13.14] the right side equals

”6,2,,35,;;(77;1) =< A(p) nGiﬁp(ﬂn) = A(p)Bn,p(Cna én)s

where at the last equality we used the minimax Bayes structure Proposition Putting
this all together, we get

RS(Cna En) = A(p)Bn,p(Cn’ En)

and the conclusion (13.31)) now follows directly from Theorem If n, — 0, then
Bs,p(Mn) ~ Bp(nn) by Theorem and so we obtain the second statement. O

Remark 13.18 There is a fuller Bayes minimax theory for thresholding, which allows for
a different choice of threshold in each co-ordinate. There is a notion of threshold Bayes
minimax risk, Bg., ,(C,€) for priors satisfying (I3.23)), and a vector version of Theorem

1314
Bsin,p(C.€) < A(p)Bn,p(C,€). (13.33)

In this Bayes-minimax threshold theory, there is no advantage to allowing the thresholds
to depend on the co-ordinate index: the minimax A* has all components the same. This
provides some justification for the definition (13.30). Exercise has details.

Proof of Asymptotic Equivalence Theorem

The approximation follows from Proposition[I3.T5|once we establish the asymptotic
equivalence of frequentist and Bayes minimax risks. The detailed behavior of Ry and the
structure of the asymptotically least favorable priors and estimators follow from the results
of the previous subsections on the univariate quantity 8,(n, 1) and will be described below.
The asymptotic equivalence fails when y,, remains bounded; the behavior described in part
(b) of the theorem requires different tools, see Section[I3.5]

Asymptotic equivalence of Ry and B. To show that the Bayes minimax bound is asymp-
totically sharp, we construct a series of asymptotically least favorable priors 7, that essen-
tially concentrate on ®,. More precisely, following the recipe of Chapter for each
y < 1 we construct priors 7, satisfying

B(my) = yBy p(YChr, €2) (13.34)
7,(®,) — 1,and (13.35)
En, {1160, 11 + 10112, 05} = 0(By.p(yCn, €1)) (13.36)

where 8, (y) = Ex, (0|0 € ©,.).
In addition, we need the analog of (#.69)), which in the present model becomes

. . Bn,p(ycnsen) T . ﬁp(V”n) _
lim lim ——— = lim lim ———~ =
y/'1n—>00 Bn,p(Cn’ €n) y/11n—>00 ﬂp(nn)

As indicated at Lemma and the following discussion, if we verify (13.34) - (13.37) we
can conclude that Ry (Cy, €,) ~ By p(Cy, €5).
We will always define 7, by i.i.d rescaled draws from a univariate distribution 77 (du) on

(13.37)
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R (in some cases m; = m, depends on n): thus ,(d0) = n},(d0/e,). Therefore, using
(13.26)), condition (13.34) can be reexpressed as

B(m1n) = yBp(¥nn), (13.38)

and property (13.33)) may be rewritten as

J-[}'l((’arl) = Pﬂln{n_l Z |l’l’l|p S ’75}'

(1). Suppose first that n, — n € (0, o0]. Given y < 1, there exists M < oo and a prior
71 in m, (yn) supported on [—M, M| whose Bayes risk satisfies (13.38), compare Exercise
4.4 Noting E|u|? < yPn? and that |p;| < M, property (I3.35) follows from the law of
large numbers applied to the i.i.d. draws from ;. Since |ii| < M under the prior 7, both
1612 and ||6, ||? are bounded by ne2M?2, the latter because |6, |2 < Ex, {||0]120 € On. y}.
Hence the left side of (T13.36)) is bounded by 2ne2 M2, (©¢) while By ,(yCy, €,) is of exact
order ne?, and so (13.36)) follows from (13.33). Property follows from continuity of
B, Proposition

In summary, Ry ~ ne2B,(n), and an asymptotically minimax estimator can be built
from the Bayes estimator for a least favorable prior for mt, (7).

Now suppose that 7, — 0. First, observe from (13.7) that 8,(yn.)/B,(Mx) — Y, so

that (13.37) holds.
(2). Suppose first that p > 2. This case is straightforward: we know from the univariate
case that the symmetric two point priors 7, = mw,, = (§,, + 6—,,)/2 are asymptotically

least favorable, so 7, satisfies (13.38) for large n. The corresponding measure 7, is already
supported on ©,,, so the remalnlng conditions are vacuous here.
In summary, Ry ~ ne2n? and 6 =0is asymptotically minimax.

(3). Suppose now that p < 2 (and still n, — 0). This case is more interesting. Given
y < 1, let w1, be the sparse prior 7 ,[yn,] of Definition and set

U = p(Yn)s  Hn = Wp(VTIn)-
From the proof of Theorem and Lemma(8.7] we have

Bp (i) ~ B(mwin) ~ anpt;. (13.39)

Observe that the number N, of non-zero components in a draw from n, = =nf, isa

Binomial(n, o, ) variable, and that )", |6;|? = Ny i . The support requirement becomes
{0 € ®,} ={N, <CP/(elul)}. (13.40)

Rewriting the moment condition
anpl = (yna)? = yPn~'Cl /el (13.41)
along with EN,, = na, and Chebychev’s inequality leads to
71.(0°) = P{N, > y Pna,} < ¢,,Var N, /(EN,)>. (13.42)

We verify that no,, — oo is equivalent to ¥, — oo. Indeed, from (I3.41) and pu, =
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p(e) ~ (2loga, 1)/2, we have

o (Cfer e (o " nay ( log(na,))"'?
" (logn)r’2  yr \ \/2logn V24 logn '

If y,, — oo then, for example arguing by contradiction, no, — oo. Conversely, if na, —
00, then argue separately the cases with log(na,)/logn > 1/2 and < 1/2.

The right side of converges to zero exactly when EN, = na, — oo and so the
previous paragraph shows that follows from y, — oo. The proof of also
follows from the fact that na, — oo, but is postponed to the appendix.

In summary,

Ry ~ ne2n?(2logn,P) =72 (13.43)

and soft thresholding with A,, = (2log 1, ”)!/?€, provides an asymptotically minimax es-
timator. Hard thresholding is also asymptotically minimax so long as the thresholds are
chosen in accordance with (13.13).

The role of the assumption that y,, — oo is to ensure that EN,, — oo. In other words,
that ©, has large enough radius that the least favorable distribution in the Bayes minimax
problem generates an asymptotically unbounded number of sparse spikes. Without this con-
dition, asymptotic equivalence of Bayes and frequentist minimax risks can fail. For an ex-
ample, return to the case p = 1,e¢ = n~'/2, but now with small radius C, = n~/2. We
have 1, = n~! and hence B(C,,¢,) ~ n~!,/2logn. However, the linear minimax risk is
smaller: Ry ~ ne2n*> ~ n~!, and of course the non-linear minimax risk Ry is smaller still.
In this case EN,, = na, = nn, /iy = 1/, — 0, since u,, ~ /2logn.

The proof of equivalence thus demonstrates the existence of three different regimes for
the least favorable distribution.

(i) Dense: n, — n > 0. The least favorable distribution 7, (1) € m ,(n) has high probability
of yielding non zero values ;.

(ii) Sparse: n, — 0, EN, — oco. Members of the least favorable sequence of two point dis-
tributions have an atom at 0 with probability increasing to 1, but still produce on average
EN, = na, /' oo non-zero “spikes” at ju, = v/2logn,? asn — oo.

(iii) Highly sparse: n, — 0,limsup, EN, < oo. In this case the signal to noise ratio n /e,
is so small that only a finite number of non-zero spikes appear. The practical importance
of this case has been highlighted by Mallat in a satellite image deconvolution/denoising
application. Hence we devote the next section to its analysis.

13.5 Minimax Risk in the Highly Sparse Case

The moment constrained Bayesian approach to evaluating minimax risk Ry (0,,) fails in the
highly sparse case because i.i.d. samples from the least favorable prior for the moment space
m ,(7n,) do not concentrate on ®, even asymptotically. In turn, this is a consequence of the
small size of ®,, which entails that the expected number of non-zero ‘spikes’ is finite.

Thus in the highly sparse case, to obtain sharp lower bounds, we are forced to work with
priors that concentrate entirely on ®,. We therefore abandon independence priors, and use
instead exchangeable priors with a fixed number of non-zero components.
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Remarks on Theorem part (b) of 0 < p < 2.

1. In this setting, 2log n,” = 2logn —2plog(Cy,/€,) ~ 2logn = A2 and so the Minimax
Bayes expression in the p < 2 sparse case, ne2nh (2logn,?)!=7/2 ~ CF(epAn)*?
agrees with the present result A2¢2y when when y,, — 00, as expected. For finite limits
y however, it is strictly larger than (13.29) except when y is an integer. Compare Figure
13.2

2. In particular, note that when y < 1 the bound e ?C/? A2~ ? predicted by the Minimax
Bayes method is too large and hence incorrect as the limiting value of Ry .

3. The parameter y; measures the number of ‘spikes’ of height about €, /2logn that ap-
pear in the least favorable configuration for ®, ,(C,).

Figure 13.2 The function R(y) = [y?] + {y?}?*/? plotted against y? for p = 1
(solid) and p = 1/2 (dashed). The 45° line (dotted) shows the prediction of the
Bayes minimax method.

Upper Bound. By scaling, it suffices to carry out the proof in the unit noise case ¢, = 1.
Use the risk bound (8.9) for soft thresholding with A, = /2 logn and maximize over ©:

Ry(©) <sup Y rs(Ay.0;) <nrs(An.0) +sup Yy 62 A (A2 +1).
(€] i C] i

Using §7), nrs(A,,0) < cing(ry)/A3 < c2/(logn)*? — 0. The upper bound now
follows from the next lemma, on setting A2 = A2 + 1 ~ A2 as n — oo.

Lemma 13.19 Lety = C/A. Then
n Cc? ifC <X
sup Y 02 AAZ = QA3 ([yP] + {yPP/P) ifA < C <nllPA (13.44)
101 =C i=y ni? ifC >n'/P).
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Proof If C < A, then the £, ball is entirely contained in the £, cube of side A, and
the maximum of ) 6? over the £, ball is attained at the spike 6* = C(1,0,...,0) or
permutations. This yields the first bound in (T3.44). At the other extreme, if C > n'/PA,
then the £ cube is contained entirely within the £, ball and the maximum of )" 67 is

attained at the dense configuration 6* = A(1,...,1).
If A < C < n'/P), the worst case vectors are subject to the £, constraint and are then
permutations of the vector 8* = (A,...,A, u,0,...,0) with no components of size A and

the remainder = {A} being determined by the £, condition:
noA? 4+ uPA? = C?.

[To verify that this is indeed the worst case configuration, change variables to u; = 6/
the problem is then to maximize the convex function u — ) uiz/ ? subject to the convex
constraints ||u||; < C? and ||u||c < A?. This forces an extremal solution to occur on the
boundary of the constraint set and to have the form described.] Thus no = [C?/A?] and
uP ={CP?/AP}. Setting y? = C? /AP, we obtain

D07 AN =nA* + p2A?
= 271+ 22y -

Lower Bound. In the case y < 1, a single non-zero component occurs: this case was
established in Proposition In the general case, there will be [y] spikes of size approxi-
mately A, = /2logn and an additional spike of size approximately uA,, where u = {y}.
For notational simplicity, we consider in detail only the case 1 < y < 2.

Perhaps the chief technical point of interest that appears, already in this case, is the need
to bound sums of the form S,(8) = Y] ef% for z;,...,z, £y N(0,1) and B above
the phase transition at A, = ,/2logn. Indeed, suppose that y, — y > 0. In Lemma
we saw that when y < 1, the sums S(y,A,) satisfy a weak law of large numbers,
Sy (YnAn) ~ e(FrDloen There is however a “phase change” at y = 1. The following
proposition, proved at the end of this section, is based on the discussion of the Random
Energy Model in|Talagrand (2003, Ch. 1.1, 2.2)

Proposition 13.20 With the previous definitions,

IOg Sn(yn/\n) i} 1+ )/2 Yy = 1

13.45
logn 2y y > 1. ( )

We return to the lower bound in the case 1 < y < 2. As in the proof of the single spike
case, Proposition [8.13] the size of the primary spike needs to be somewhat smaller than A,,.
Thus, choose 1, so that both 7, ~ A, and A,, — 7, — oo and also fix 0 < u < 1. The near
least favorable prior 1, is defined by

0 = t,e; + utpep,

where I # I’ are chosen at random from {1, ..., n}. Clearly for large n, we have ) _ |6;|? =
o + Pty < ys with probability one, and so supp 7, C 0, ,(C,). We will show that

B(my) > t2(1 4+ u®) (1 + o(1)) ~ A2(1 + u?). (13.46)
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Since this works forall & < y—1, we conclude that Ry (Cp, €,) > A2[1+(y—1)?](140(1)).

Let ® denote the n(n — 1) equiprobable support points of this prior. The risk func-
tion r(é,,, 6®) is symmetric in k, and so the Bayes risk is given by any one of these val-
ues, B(m,) = r(é,,, 6() say. Write the posterior probabilities p;(y) = P(I = i|y) and
pi(y) = P(I' =i|y). The components of the Bayes estimator are given by

Ori = E(0;1y) = tpi(y) + ntapi(y).
Henceforth, write £, and Py, for expectation and distribution conditional on 8 = oM =
T,e1 + UT,e2. We retain only the first two co-ordinates in the summed squared error loss,
and then rely on the inequality

B(mn) = 1o Enl(p1(y) + npi(0) — D> + (p2() 4+ ups(y) — w)?].

It therefore suffices to show that p;(y) and p;(y) converge in P;,-probability to zero, for
then we obtain (13.46).
Using the i.i.d. Gaussian structure, the joint posterior of (I, I’) is seen to be

P(I =i, 1'=1i'ly) = exp{tnyi + utnyi'}/Dn (13.47)
Writing S (B) = 3.7 e#?%, the denominator
Dy =Y expl{tay; + utayr} = Sy () Sy () — Sp((1 + p)70) (13.48)

J#J’
Everything we need will follow from two convergence properties. Below, we write X, ~

Y, to mean that the ratio converges in probability to 1. First, under Py,, for 0 < u < 1 we
have for each fixed k

e = 0,(Sy(uta)),  and S (uty) ~ Sp(uty) ~ eHHI2 0 (13.49)
Second, there is qualitatively different behavior above the phase transition: for 0 < pu < 1
UMy — o (eCHrIT/2) and S/ ((1 4+ w)T) = 0,(eCTIW/2) . (13.50)
Indeed, assuming for now these properties, we can simplify D,,:
Dy ~ S, (@) S () > eCH1E2,

where a, 3> b, means that the ratio converges to co. Hence, using also (13.47),

pi(y) = e (D emm) [ Dy < e /51 (@) - (1 + 0,(1) = 0,(1),
i'i
Interchanging i with i’, and 7, with jt,, we get the same conclusion for p;(y), and are
done.

Finally we must verify (13.49)—(13.50). First, note that under Py,, we have y; = 7, + z1,
Y2 = MuT, + 22 and yr = zx for k > 3. In the first equality of each of the displays,
we need therefore only consider yq, since under Py, it is the stochastically largest of each
vk. The approximation for S,(ut,) follows from Lemma and n = e’“le/ 2. To see
that e#™1 = 0,(S,(UTy)), use (8:32), after extracting an additional term (1 — w)?t2. We
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may then also conclude that S, (17,) ~ S,(i7,) as the two differ in at most the first two
summands.
Turning to (I3.50) and behavior above the phase transition, note first that Proposition

[13.20]implies that
1og Sy (1 + 1)10) ~ 2(1 + ) logn ~ (1 + ;.

and that for 0 < p < 1, we have (3 + u?) —2(1 + ) = (1 — u)® > 0. Hence the bound of
holds for S, ((1 4+ w)7,). Again for 0 < p < 1 one checks that (3 + u?)t? —2(1 +
1) Tn(Tn + z) — oo for each z. So the first part of follows for k = 1, and hence for
each k, and the second part is verified as well.

Remark. If one were falsely to approximate S, ((1 4+ )1,) by e T+’ %/2 then this
term would seem to dominate S,(7,)S,(ut,) for w > 1/2 — this shows how the phase
transition ‘rescues’ the use of factorization (13.48).

Proof of Proposition[[3.20] 1°. Denote the function on the right side of (13.45) by p(y),
and let p,(y) = ElogS,(yA,)/logn. Concentration of measure shows that it suffices to
establish (T3:43) for the expectation p,(y,). Indeed, for the function f(z) = log )"} VLELS
we find

D @f/0z1)* = B2 Y P /(Y ePr)? < g2
and so f is Lipschitz with Lipschitz constant 8. Hence, by Proposition [2.10}
P{[10g Sy (yahn) = Elog Su(yadn)| = €Ay} < 2expi—€A5/(2y;)} — 0.

2°. The upper bound p,(y) < p(y) is given as Proposition|C.9] setting there f = yA,.
3°. We finally have to show that liminf p,(y,) > p(y).Let N, = {j : z; > sA,}; clearly
N, ~ Bin(n, g,5), where g s = Cb(sk,,) is within a factor of two of ¢(sA,)/sA,, from the
Mill’s ratio inequalities (8.63) (for large n). Consider the event 4, = {N, < EN,/2}, a
short calculation using Chebychev’s inequality shows that P(A4,) < 4/(ng,s) — 0ifs < 1.
On A€, we have S, > (1/2)gnse*""*%, and so

ElogS, > P(A;)[log(n/2) + log qns + sy,,)ki] + El4,logS,.
The second term on the right side is easily bounded: as S, > eVnhnzi
El4,108S, = ynAnEz114, > —ynAnE|z1| = o(logn).

For the first term, P(A%) — 1 and from the Mill’s ratio bounds, log g,s ~ —s*A2/2. Hence
fors <1,

liminf p,(y,) > 1 — s + 2sy.

For y < 1, choose s = y, while for y > 1, let s = 1 — € and then take € small. I
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13.6 Appendix: Further details
3°. Proof of Lemma That V (0, n) < 0 follows from (13.16). From (13.18)), we have
VA, u) =2R(A, pn) —1 (13.51)

where, after writing ¢, for ¢(w — 1),

RO = [ wiga/ [ 1wigs = NG/ DG,
and the intervals N = (—|u|, |i|) and D = (—o0, 0). One then checks that
D)?(3/dM)R(A, p) = DAYN'(A) — N(A) D' (1)

= [ i [ wlulss— [ wiwiss [ uign

after cancellation, and each term on the right side is positive when % 0 and A > 0 since

|l
/ w|w|¢A:/ w2 p(w —A) —p(w + A)]dw > 0.
N 0

This shows the monotonicity of V' (A, i) in A. We turn to the large A limit: writing u for ||,
a short calculation shows that as A — oo

® < < A
NQ) = /0 wp(w —A)dw = A[PA —p) = PA)] + ¢(A) —p(n —4) ~ ;475()L )
D(A) = —A®) + (1) ~ ¢(1)/A%,
so that R(A, jt) > Ape*1#/2(1 + 0(1)) — oo as A — oco.

4° Proof of Lemmal|l3.11} Let D(A, ) = 9, B(A, 7); from Proposition|13.10| we know
that A — D(A, 7) has a single sign change from negative to positive at A (7). The linearity

of 1 — D(A, ) yields
DA, ) = D(A, o) + tD(A, my — ) = D(A) +tE(A),

say. Given € > 0, a sufficient condition for A, = A(7;) to satisfy [A, — A¢| < € is that
D(Ao+e€)+tEAg+€)>0, and DA)+tE(R) <O

forall A < Ag — €. Since D(Ag —€) < 0 < D(Ag + €) and A — E(A) is continuous and
bounded on [0, Ao 4 1], the condition clearly holds for all # > 0 sufficiently small.

5° Proof of (13.36). From (13.42)) we have that on ®,, necessarily N, < EN,/y?, and
o)

160,12 < E {11612 | 6 € ©n.y} = 2U2E {Ny |0 € Op.y} < 2u2EN,/y”.
Thus
Ex, {10,,1% + 0% 05} < y P2 U2 Ey {EN, + N, 05},

whereas using Proposition[13.15|and (13.39),

By, p(yCu,€n) ~ néqanjiy ~ €x i ENy.
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The ratio of the two preceding displays converges to zero because no, — oo implies both
P(®¢) — 0and E|N, — EN,|/EN, < \/VarN,,/EN, < (na,)~'/?2 — 0. Since the order
of magnitude of B, ,(yCy, €,) does not depend on y, we have shown (13.36).

13.7 Notes

[To include:] DJ94—{,lossesand p < q vs p > q.]

[Feldman, Mallat?, REM discussion/refs.]

Remark. [later?] A slightly artificial motivation for the £, balls model comes from
the continuous Gaussian white noise model dY; = f(t)dt + n~"/2dW, t € [0, 1] in which
f has the form f = Y Okbn k. Where ¢y (1) = n'2¢(nt — k). If ¢ is the indicator of
the unit interval [0, 1], then || f — £ |7, = >_(6; — 6;)* and since

[ =y g,
1

an L , norm constraint on f corresponds to an £, constraint on 6. This connection becomes
much more natural and useful in the context of sequence space characterizations of Besov
and Triebel classes of functions to be discussed later (ref).

Remark. The discussion here will be confined to squared error loss, but the main results
and phenomena remain valid for £,- loss, 0 < g < oo, with the non-linearity phenomena
appearing in case ¢ < p. Details are given in Donoho and Johnstone| (1994b).

Exercises

13.1 Consider the sparse prior 74 () Specified by equation @) with sparsity « and overshoot
a = (2loga~')?/2. Let n > 0 be small and consider the moment constraint equation au (c)? =
n?. Show that m(«) = ap(a)? has m(0+) = 0 and is increasing for o > 0 sufficiently small.
Show also, for example numerically, that for some y, m(«) ceases to be monotone for larger
values of «.

13.2 Use Lemma to establish (13.14) by considering in turn € [0,+/3], & € [v/3,A] and
i > A. Give an expression for Ag(p).

13.3 (Structure of the p-th moment least favorable distributions.) Establish Proposition [13.4] by
mimicking the proof of Proposition allowing for the fact that m , (7) is weakly compact.
(a) Let v¢(d6) = t7P|60|P7(d0) and use strict monotonicity of §,(r) to show that v; has
total mass 1.
(b) Let r(0) = rp|9|_P[r(é,, 0) — r(ér, 0)] and verify that for 8 # 0,

r(6) < / r(0')ve(d6)).

(c) Complete the argument using Lemma[#.17)and Exercise

13.4 (Monotonicity of threshold minimax risk.) Let r(A, ; €) denote the MSE of soft thresholding
at A when x ~ N(u,€2), and r(A, ) = r(A, ; 1). Show that the proof of monotonicity of
€ — Bs,p(7, €) can be accomplished via the following steps:
() Tt suffices to show that if €’ < ¢, then r(A€’, u;€’) < r(Ae, u;¢€) for all p and A.
(b) Writing ' = u/p, verify thatif p > 1,

(d/dp)r(pA.p:p) = 2pr(A, 1) — pru(A, 1) = Ep{(85(x) — p)?:|x| = A}
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(Motivation for minimax threshold value.) Show that the value A , (17) minimizing the right side

of integrated risk bound (I3.9) satisfies A ,(17) ~ /2logn=P as n — 0.
(Proof Outline for Proposition ) (a)Let &, (1)) = fi\ ¢ (x — n)dx and show that

2D (0, kMP) = P (IR — p)u™" + Dy log @y (1)}

(b) For 0 < p < 2, there exists k. > 0 such that the function x — r (4, Kl/p), is convex for
k € (0,k.] and concave for k € [k, 00). [Assume, from e.g. [Prékopal (1980, Theorem 3 and
Sec. 3), that u — ®,,(I) is log-concave on (0, 00).]
(c) Show that the extreme points of m , () have the form (1 — o), + 8., , but that it suffices
to take f19 = 0, and hence recover (13.10).
(d) Show that (T3-TT)) is equivalent to solving for u = p in

RG2) Jo s@g(Ip)ds 2

U) = 7= —.
@,(1) fou sds p

Show that R(A + u) — 1/®(u) uniformly on compact u-intervals and so conclude (T3.12).
(Bayes minimax theory for thresholding.) Let A = (4;) be a vector of thresholds, and define
now Q;L by 9,1 () = 85(yl,)k,e) If v is a prior on 6 € R”, set B(A, ) = E,,E9||9)L -0
Define M, the priors satisfying the ®,_,(C) constraint in mean, by (I3.25) and then define
the Bayes-minimax threshold risk by

Bsin,p(C.€) = inf sup B(A, 7).
ne/\/[,,

(a) Let Bg () = inf) B(A, 7). Show that a minimax theorem holds

inf sup B(A, ) = sup Bg (),
A M, n
and that a saddlepoint (A*, ™) exists.
(b) Show that the least favorable 7* has i.i.d. co-ordinates and that the components /\;‘ of the
minimax threshold do not depend on i.
(c) Conclude that the vector bound (13:33) holds.
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Sharp minimax estimation on Besov spaces

14.1 Introduction

In previous chapters, we developed bounds for the behavior of minimax risk Ry (®(C), €)
over Besov bodies ®(C). In Chapters @ and we showed that thresholding at /2 loge~!
led to asymptotic minimaxity up to logarithmic factors O(loge™!), while in Chapter we
established that estimators derived from complexity penalties achieved asymptotic minimax-
ity up to constant factors.

In this chapter, we use the minimax Bayes method to study the exact asymptotic behavior
of the minimax risk, at least in the case of squared error loss. The “price” for these sharper
optimality results is that the resulting optimal estimators are less explicitly described and
depend on the parameters of ©.

In outline, we proceed as follows. In Section we replace the minimax risk Ry (©(C), €)
by an upper bound, the minimax Bayes problem with value B(C, €), and state the main re-
sults of this chapter.

In Section we begin study of the optimization over prior probability measures
required for B(C, €), and show that the least favorable distribution necessarily has inde-
pendent co-ordinates, and hence the corresponding minimax rule is separable, i.e. acts co-
ordinatewise. The B(C, €) optimization is then expressed in terms of the univariate Bayes
minimax risks f,(z, €) studied in Chapter[13]

In Section [14.5] a type of ‘renormalization’ argument is used to deduce the dependence
of B(C,¢€) on C and € up to a periodic function of C/e. At least in some cases, this function
is almost constant.

In Section [14.6] we show that the upper bound B(C, €) and minimax risk Ry (©(C), €)
are in fact asymptotically equivalent as ¢ — 0, by showing that the asymptotically least
favorable priors are asymptotically concentrated on ®(C).

The minimax risk of linear estimators is evaluated in Section using notions of
quadratic convex hull from Chapter f—revealing suboptimal rates of convergence when
p <2

In contrast, threshold estimators, Section [14.4] can be found that come within a constant
factor of Ry (®(C), €) over the full range of p; these results rely on the univariate Bayes
minimax properties of thresholding established in Chapter[13.3]

320
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14.2 The Dyadic Sequence Model

We consider the Gaussian sequence model (3.1) with countable index set, in the dyadic
indexing regime

yr =0 +e€zp (14.1)

where I denotes the pair (j, k), supposed to lie in the set Z = U;>_1Z;, where for j > 0,
Z; ={(j,k) :k =1,...,2/} and the exceptional Z_; = {(—1,0)}.

Parameter Space. We restrict attention, for simplicity of exposition, to the Besov bodies
O%(C) =10 = (6) : 1.1, < C27 forall;}, a=a+1/2-1/p.

This is the ¢ = oo case of the Besov bodies ®F  considered in earlier chapters. They are
supersets of the other cases, since ©F ,(C) C ©F (C) for all g, and from the discussion
of the general case in Donoho and Johnstone| (1998)), it is seen that the rate of convergence
as € — 0 is the same for all g.

We note that ® is solid and orthosymmetric, and compact when o« > (1/p — 1/2).

(Exercise [14.1]a)).

We focuse on global £, estimation: that is we evaluate estimators with the loss function
— = 1 — 07)“ and the minimax ris
6 —0l3 67 — 6;7)? and th k

Ry(©,€) = infsup Eq]|0 — 6]]2.
6 O

In principle, a similar development could be carried out for the £, loss ||é —015=> |é —
017, or weighted losses of the form } _ 2775 10k — 0k |-

14.3 Bayes minimax problem

We relax the ‘hard’ constraint that [|0]52., < C by a constraint ‘in mean’ with respect to a
prior 7. We define a class of priors

M = M(C) = {m(df) : Ex Y |0x|” < CP277 forall j}.
k

As in earlier chapters, define the integrated risk B(é, )= E Eg ||é — 0|? and the Bayes
minimax risk
B(M, €) = inf sup B(4, ). (14.2)
6 meM
Since ® C M, Ry (©,€) < B(M, ¢). We will again see that it is (relatively) easier to study
and evaluate the Bayes minimax risk B(M, €). To emphasize the dependence on C and e,
we sometimes write B(C, ¢) for B(M, ¢).

Our results build on the univariate Bayes minimax problem introduced in Section [13.2]
with minimax risk 8, (z, €) corresponding to observation y = 6 + €z and moment constraint
E;|0|? < 72 for the prior . We use the notation ,(n) for the normalized problem with
noise € = 1. Let ;) denote the least favorable prior for 8,(n) and §,, = 6(x; n) denote the
corresponding Bayes-minimax estimator, so that B(8,, w,) = B(r,) = B,(n).
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A first key property of the Bayes minimax problem is that minimax estimators are sepa-
rable into functions of each individual coordinate:

Theorem 14.1 Suppose that 0 < p < oo and a > (1/p — 1/2)+. A minimax estimator
Sfor B(M, €) has the form

fr(y) = 8 (), IeT, (14.3)

where § j‘ (y) is a scalar non-linear function of the scalar y. In fact there is a one parameter

family of functions from which the minimax estimator is built: Let $ (x;n) be the Bayes
minimax estimator for the univariate Bayes minimax problem B ,(n) recalled above. Then

8 (yr) = €b(yr/esn)), (14.4)
where 1 = (C/e)2=@+1/2J,

For p # 2, the explicit form of 8 (; n) is not available, but we will see that useful approx-
imations of §(-; ) by threshold rules are possible.

Second, the exact asymptotic structure of the Bayes minimax risk can be determined.
Theorem 14.2  Suppose that0 < p < ocoanda > (1/p —1/2)4. Then B(C,€) < oo and
B(C.€) ~ P(CJe)-C2U M2 ¢ 50,

where r = 20/Q2a + 1) and P(-) = P(;a + 1/2, p) is a continuous, positive periodic
function of log, (C /¢).

This periodic function might be viewed as reflecting the arbitrary choice of the location
of frequency octaves that is implicit in discrete dyadic wavelet bases.

Third, we establish asymptotic equivalence of frequentist and minimax Bayes risk.
Theorem 14.3 ForO0 < p <ocandoa > (1/p —1/2)4,
Ry (©,¢€) = B(C,e)(1 + o(1)), e — 0. (14.5)

Combining Theorems , we conclude that the estimator 6* is asymptotically min-
imax for R as € — 0. In short: a separable nonlinear rule is asymptotically minimax.

14.4 Separable rules

We begin the proof of Theorem by noting that M is convex—this follows immedi-
ately from the linearity in 7 of the expectation constraints. This allows use of the minimax
theorem Theorem to write that B(M) = sup, B(r), so that we may look for a least
favorable prior. The optimization is simplified by noting that M is closed under the opera-
tion of replacing 7 by the levelwise average of marginals. Given a prior & € M, form the
univariate marginals 7 ;; and then levelwise averages ; = aveg (¢ ). Form a new prior 7
by making 6 independent, with 6 ~ 7;. By construction

aver Ez|07|7 = aver E|0;]7,
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so that 7 € M. As we showed in earlier chapters, e.g. Lemma [4.14] the prior 7 is more
difficult for Bayes estimation, so B(7w) > B(sw). Thus it suffices to maximise over priors
7 eM.

The independence structure of 7 means that the Bayes estimator é,—, is separable - since
prior and likelihood factorize, so does the posterior, and so

A

9;‘1,1 = Ez, (0rlyr).

In addition, the Bayes risk is additive: B(77) = ), B(7;). The constraint for membership
in M becomes, for 7,

Ez, |07 < CP27@tDi forall j.

Let®w = o+ 1/2 and note that ap + 1 = wp. The optimization can now be carried out on
each level separately, and, since 77 is a univariate prior, expressed in terms of the univariate
Bayes minimax risk, so that

B(C.€) = sup B(w) =sup{y 2/ B(7;) : Ez,|0n|" < CP27*/}
TeEM >0

=) 2B,(C27e). (14.6)

Jj=0
Using the scale invariance of f,(t, €), Proposition [13.13] and introducing a parameter {
through 2%¢ = C /e, we have
B(C.e) =€) 2/ B,(27°U9). (14.7)
J=0
Hence the Bayes-minimax rule must be separable. Recalling the structure of minimax
rules for B,(n), we have

07 (y) = €8(yr/e.nj) n, = (C/e)2™*.
This completes the proof of Theorem[14.1]

14.5 Exact Bayes minimax asymptotics.

To start the proof of Theorem [14.2] we observe that, since B,(n) < 1, we can extend the
sum in (14.6) to all j € Z at cost of at most €2:

Q(C.e) =) 2/B,(C27 .€) = B(C.€) + O(e). (14.8)

JEZ

Since a discrepancy of order €? is negligible in non-parametric problems as € — 0, we may
safely proceed to study Q(C, €). Note that Q(C, €) satisfies the invariances

Q(C.o)=€*Q(Cle.),  Q(C27".e) =2"Q(C.e). (14.9)
Starting now from (14.7) and writing 2/ = 2/7¢ . 25 we have

Q(C.e) =€) 28,27V 9) = 225 P(Y),

jez
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where P (¢) is the 1—periodic function
P@Q) =) _27¢B,2U"9) = Y 2"B,(27").
J vEZ—C
Since 26 = (C/e)V/® with 1/w = 2/Qa + 1) = 2(1 —r), we get
622§ — C2(1—r)€2r’
yielding the formula in the display in Theorem [14.2]
To check convergence of the sum defining P({), observe that for large negative v, we
have F(v) = 2"B,(27%Y) = 2%, while for large positive v, referring to (13.7)
F) 2V . Q720v with2w — 1 =20 >0 if p>2
v) =
2V . 27Povy1=P/2  with po — 1 = p(a +1/2) — 1 >0 if p < 2.

Continuity of P({) follows from this convergence and the continuity of 8,(n). This com-
pletes the proof of Theorem[14.2]

Remark. How does the location of the maximum j in Q(C, €) depend on €? Suppose that
v, is the location of the maximum of the function v — 2% ,(27*"). Then the maximum in

Q(C,€) occurs at uy, = vy + ¢ = v4 + @ ' log,(C/¢). Using the calibration ¢ = n~'/2
and @ = 1/(2a + 1), we can interpret this in terms of equivalent sample sizes as
1 log, C
f= ol 8T L (14.10)

1420 a+1/2

The “most difficult” resolution level for estimation is therefore at about (log, n)/(1 + 2a).
This is strictly smaller than log, n for « > 0, meaning that so long as the sum con-
verges, the primary contributions to the risk B(C, €) come from levels below the finest (with
log, n corresponding to a sample of size n).

Example. When p = 2, explicit solutions are possible because B,(n) = n?/(1 + n?)
and g(x; n,2) = wx = [n?/(1 + n?)]x. Recall that n; = (C/€)27%/ = 27°U~D decreases
rapidly with j above { = w™!log,(C /¢), so that 8 ; is essentially O for such .

We have P() = ), g(j —¢) for

v

(v) :
V) = =
g 1 + 22wv 1+€bv

fora =log2and b = (2 + 1)log2 > a. An easy calculation shows that the maximum of
g occurs at v, = log,(1/(2e))/(1 + 2«), compare also (14.10).

Figure shows plots of the periodic function P(¢) for several values of «. For small
o, the function P is very close to constant, while for larger « it is close to a single sinusoidal
cycle. This may be understood from the Poisson summation formula (C.10). Indeed, since g
is smooth, its Fourier transform g(&) will decay rapidly, and so the primary contribution in
the Poisson formula comes from Py, = g(0) = ffzo g(t)dt. The integral may be expressed
in terms of the beta function by a change of variables w = (14 ¢%")~!, yielding 5! B(c, 1 —
¢) = b7'I'(c)T' (1 — ¢) for ¢ = a/b. From Euler’s reflection formula I'(z)['(1 — z) =
7/ sin(r z), and using the normalized sinc function sinc (x) = sin(7x)/(7wx), we arrive at

av

Py = (log?2 - sinc((2a + 1)) . (14.11)
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Figure shows that Py, provides an adequate summary for o < 2.

2.5r

15—

Figure 14.1 Periodic function P({) appearing in Bayes-minimax risk, Theorem
14.2] for p = 2 and, from bottom to top, « = 4,2, 1,0.5. Solid circles show the
approximation by (I4.T1) in each case.

14.6 Asymptotic Efficiency

We again use the approach outlined in Chapter .10} which involves constructing near least
favorable priors 7 that asymptotically concentrate on ® as € \ 0. More specifically, in
line with the strategy (.65) — @.67), for each y < 1, we construct 7. € M, such that
B(me) > yB(yC, €) and verify that 7. (®) — 1. as well as the technical step (4.67).

The idea is to use the renormalized problem Q(1, 1) and Q(y, 1) to build approximately
least favorable priors and then to “translate” them to the appropriate sets of resolution levels
corresponding to noise level €.

Thus, for each given value y < 1, we choose J = J(y) and M = M (y) and then priors
mj.j =—J,....J such that suppr; C [-M,M]and E,, |u|P < yP27*/7 and together
{m;} form a near maximizer of Q(y, 1):

J 00
D 2By =yQ(. ) =y Y 2/B,(y27).
—J —00

To construct the individual 7 ;, we may proceed as in case (1) of the proof of Theorem
for £ ,-balls. To obtain J, we rely on convergence of the sum established in the proof of
Theorem [14.21

To perform the “translation”, we focus on a subsequence of noise levels €, defined by

C/en = 2°" for h € N. The prior n,, concentrates on the 2J + 1 levels centered at
h =w 'log, C/e. Let {ix, k € N} be an i.i.d. sequence drawn from ;. For | j| < J, set
Onsjk = enpljn  k=1,...,2"7, (14.12)

Hence, as ¢ — 0, the near least favorable priors charge (a fixed number of) ever higher
frequency bands.
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We now verify conditions — (4.67) for the sequence e, , noting that J and M are
fixed. Working through the definitions and exploiting the invariances (14.9), we have

h+J J

B(re) =€ Y 2/B(mjp) =€2" > 2/B(x))
j=h—J j=

> 762" Q(y. 1) = yQ(yC,en) = yB(yC. e).

Recalling the definition of €5 and thata = « + 1/2 —1/p = @ — 1/p, we have with
probability one under the prior mr., that

0 €OC) & > Oy jkl? < CP27*HP for |j| < J,
k
njn
S Y ukl? <277 for |j| < J,
k=1
where nj;, = 277",
Write X jx = | k|? — E|pjk|? and set ; = (1 — y)27/“P. From the moment condition
on 7}, it follows that {# ¢ ©(C)} C U’__,Q; where
njn
Qi ={n5 D X > 15},
k=1
Since P(£2;5) — 0 as h — oo by the law of large numbers, for each of a finite number of
indices j, we conclude that 7., (®(C)) — 1.

Finally, to check (@.67), observe first that ||6
me, we have, with probability one,

> < Ex, [II0]?]6 € ©,y] and that for

veh

2/ +h

J
1012 = €2 > > |l < M7 120l
j=—J k=1

Consequently,
E{[16u 1> + 1012, ©°} < 2¢(M. J) B(C, €) ¢, (O°)

and the right side is o(B(C, €5,)) as required, again because r, (©€) — 0.

14.7 Linear Estimates

Using results from Chapter[] it is relatively straightforward to show that over Besov bodies
with p < 2, linear estimates are suboptimal, even at the level of rates of convergence.

First, we recall that the Besov bodies ©® = ©F (C) are solid and orthosymmetric, so that
by Theorem[9.3|the linear minimax risk is determined by the quadratic hull of ©. It follows
from the definitions (Exercise[14.2) that

QHull(®%) =©%  p'=pv2 o =a—1/p+1/p. (14.13)

In particular, ©F is quadratically convex only if p is at least 2. The Ibragimov-Hasminskii
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theorem shows that the linear minimax risk of a quadratically convex solid orthosym-
metric set is between 1 and 5/4 times the non-linear minimax risk. Hence

RL(©%(C).€) < Ry(©%.€)
= 2= 2 r =20/ + 1). (14.14)

In particular, when p < 2, we have o/ = o — (1/p — 1/2), so that the linear rate r’ is
strictly smaller than the minimax rate r. This property extends to all ¢ < oo (Donoho and
Johnstone,|1998]). For example, on the Besov body @}’1 corresponding to the Bump Algebra,
one finds that o’ = 1/2 and so the linear minimax rate is O(¢), whereas the non-linear rate
is much faster, at O(e*/3).

Let us conclude this section with some remarks about the structure of minimax linear
estimators. Since the spaces ® = ©%(C) are symmetric with respect to permutation of co-
ordinates Wiﬂ’lii’l resoAlution levels, it is intuitively clear that a minimax linear estimator will
have the form 6 = (0,.,), where for each j, ¢; € [0, 1] is a scalar and

~

9]"61. =CjYj, (1415)
and hence that
RL(®.€) = infsup Y E|b;., — 0] 14.16
L(6.) = int @p; 107, = 651 (14.16)
A formal verification again uses the observation that R, (©) = R7(©) where © =

QHull(®) = @;’, as described earlier. Given T € ©, construct 7 by setting f]?k = avey rjz,k :
since p’ > 2, one verifies that 7 € ® also. Formula [@#.48) shows that R(®(t)) is a concave
function of (¢?), and hence that R(©(7)) > R(©O(t)). Consequently, the hardest rectangular
subproblem lies among those hyperrectangles that are symmetric within levels ;. Since the
minimax linear estimator for rectangle 7 has the form 6.z, ; = 77 /(77 + €?)y;, it follows
that the minimax linear estimator for ® has the form (T4.13)), which establishes (T4.16).

14.8 Near Minimaxity of Threshold Estimators

Although described in terms of a two parameter family of co-ordinatewise Bayes estimators,
the asymptotic minimax estimators derived at (14.4) are still not available in fully explicit
form. In this section, we show that nearly minimax estimators exist within the family of soft
threshold estimators.

Consider level dependent soft thresholding estimators, so thatif A = (1), we set

03k (¥) = 8s(jk. Aje),

where 35 (y, A) is soft thresholding, cf (8.4). The minimax risk among such soft threshold
estimators over ® is defined by

Rs(©,€) = inf sup Eql|6, — 0>
@) o

Over the full range of p, and for a large range of «, thresholding is nearly minimax among
all non-linear estimators.
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Theorem 14.4  For0 < p <occanda > (1/p —1/2)4, with ® = O9(C), we have
Rs(®,¢) < A(p)RN(O,€)(1 + o(1)), ase — 0.

Proof The argument is analogous to that for soft thresholding on £ ,-balls in R”, Theorem
We bound Rg (O, €) in terms of the Bayes minimax risk B(C, €) given by (14.2)) and
(T4.6), and then appeal to the equivalence theorem Ry (©®,€) ~ B(C, €).

Given 0 = (0), let w,x = 6 /€. Let w; denote the empirical measure of {{jx, k =
1,...,27}, sothat 7; = 277 3", §,,,,. Recalling the definitions of threshold risk r(A, 1)
and Bayes threshold risk B(A, ) for unit noise level from Chapter[13] we have

Eollfy = 017 = 3 _€’r(hj. pwjp) = ) 2/ B 7;).
Jk J
Let n; = (C/€)27*/; one verifies exactly as at (13.32) that 6 € ©%(C) implies 7; €
m,(n;), so that
inf sup Ee”é}t — 9”2 = Z2j€2,33,p(77_/),
A e5(0) F

since the minimization over thresholds A; can be carried out level by level. Now apply
Theorem [13.14] to bound Bs ,(n;) < A(p)B,(n;), and so the right side of the preceding

display by A(p) 3 ; 2/ B,(C27*/, €). Hence, using (1£.6)
Rs(®,¢€) < A(p)B(C,e).
Our conclusion now follows from Theorem O

Remark. In principle, one could allow the thresholds to depend on location k as well as
scale j: A = (A,x). Along the lines described in Remark [13.18]and Exercise[13.7] one can
define a Bayes minimax threshold risk Bg (M, €), show that it is bounded by A(p) B(M, ¢),
and that minimax choices of A in fact depend only on j and not on k. Further details are in
Donoho and Johnstone| (1998, §5).

Since A(p) < 2.22for p > 2, and A(1) & 1.6, these results provide some assurance that
threshold estimators achieve nearly optimal minimax performance. The particular choice of
threshold still depends on the parameters («, p, g, C), however. Special choices of thresh-
old not depending on a prior specifications of these parameters will be discussed in later
chapters.

Similar results may be established for hard thresholding.

14.9 Notes

General case. When g < oo, the levels j do not decouple in the fashion that led to (14.8)).
‘We may obtain similar asymptotic behavior by using homogeneity properties of the Q(C, €)
problem with respect to scaling and level shifts — details may be found in [Donoho and
Johnstone| (1998)).

Remark. [Retain?] Here and in preceding chapters we have introduced various spaces
of moment-constrained probability measures. These are all instances of a single method, as
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is shown by the following slightly cumbersome notation. If 7 is a probability measure on
£,(Z), let T, () denote the sequence of marginal pth moments

(7)1 = (Ex|67]7)"7. €I, pe(0,00].
If ® is a parameter space contained in £,(Z), then set
M,(0) ={mr € P(l,(2)) : 1p(7) € BO}.

In the following examples, the left side gives the notation used in the text, and the right side
the notation according to the convention just introduced.

() Intervals ® = [—7,7] C R: M, (7)) = Mp([—7, 1)).

(i) £, balls: M, = Mp(0,,,(C)),

(iii) Ellipsoids in Pinsker’s Theorem: M (C) = M,(©(C)),

(iv) Besov bodies: MG (C) = Mppg (85 ,(C)).

[Reference to Triebel case.]

Exercises

14.1 (Compactness criteria.) (a) Show, using the total boundedness criterion REF, that ®"I‘, (C) is
£r-compact when o > (1/p —1/2)+.
(b) Show, using the tightness criterion REF, that M (C) is compact in the topology of weak
convergence of probability measures on P({,) whena > (1/p — 1/2)+.

142 (Quadratic hull of Besov bodies.) Verify (I4.13). [Hint: begin with finding the convex hull of
sets of the form {(o;x) : 3= ; (3 |0_,~k|”)“/” <1}]

14.3 (Threshold minimax theorem.) Formulate and prove a version of the threshold minimax theorem
[[3:12)in the Bayes minimax setting of this chapter.
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Continuous v. Sampled Data

Our theory has been developed so far almost exclusively in the Gaussian sequence model
(3.1). In this chapter, we indicate some implications of the theory for models that are more
explicitly associated with function estimation. We first consider the continuous white noise
model

Yo(t) = /0, F(s)ds + €W (1), telo,1], (15.1)

which we have seen is in fact an equivalent representation of (3.1).
Less trivial, but closer to many applications is the sampled data model in which one
observes

yi=ft)+oZ, i=1,...n, (15.2)

and it is desired to estimate the function f € L,[0, 1].

For many purposes, the models (15.1)) and (15.2) are very similar, and methods and results
developed in one should apply equally well in the other. A general equivalence result of
Brown and Low| (1996a) implies that for bounded loss function £(.) and for collections F
which are bounded subsets of Holder classes C*,«a > 1/2, we have as € — 0,

inf sup E¢(1| £ (V) = £ Bage,y) ~ inf sup E€(1 /) = f1ag0,) (15.3)
f feF f ferF

the expectation on the left-hand side being with respect to white noise observations Y in

(T5.1)) and on the right hand-side being with respect to y in (I5.2). However, the general

equivalence result fails for @ < 1/2 and we wish to establish results for the global estimation

problem for the unbounded loss function || f — f||» that are valid also for Besov (and Triebel)

classes satisfying & > 1/p, where p might be arbitrarily large.

In addition our development will address directly the common and valid complaint that
theory is often developed for “theoretical” wavelet coefficients in model while com-
puter algorithms work with empirical wavelet coefficients derived from the sampled data
model (15.2). We compare explicitly the sampling operators corresponding to pointwise
evaluation and integration against a localized scaling function. The approach taken in this
chapter is based on | Donoho and Johnstone| (1999) and Johnstone and Silverman| (2004b).

15.1 The Sampled Data Model: A Wavelet Crime?

The simplest non-parametric regression model (15.2)) posits an unknown function observed
in homoscedastic Gaussian noise at equally spaced points #; = [/n. We assume that the Z;

330
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are 1.1.d standard Gaussian variables and that the noise level o is known. For convenience,
suppose throughout that n = 27 for some integer J.

We have studied at length the white noise model which after conversion to wavelet
coefficients y; = (dYe, ¥y), 0 = (f, ¥1),z1r = (d W, ¥y) takes the sequence model form

yr =07 +ezg, [ =@k, j>0k=1..2. (15.4)

This leads to a possibly troubling dichotomy. Much of the theory developed to study
wavelet methods is carried out using functions of a continous variable, uses the multireso-
lution analysis and smoothness classes of functions on R or [0, 1], and the sequence model
(I5.4). Almost inevitably, most actual data processing is carried out on discrete, sampled
data, which in simple cases might be modeled by (15.2).

There is therefore a need to make a connection between the continuous and sampled
models, and to show that, under appropriate conditions, that conclusions in one model are
valid for the other and vice versa. For this purpose, we compare minimax risks for estimation
of f based on sequence data y from with that based on sampled data y from (15.2).
Hence, set

R(F,e) = inf sup E| f(y)— |, (15.5)
f(y) feF

R(F.,n) = inf sup E| f(F)— fI3.
f) feF

Note that the error of estimation is measured in both cases in the norm of L,[0, 1]. The
parameter space JF is defined through the wavelet coefficients corresponding to f, as at

(9.41):
F={f:0[f]€ 0] ,(C).

Remark. One might also be interested in the error measured in the discrete norm

nUf = FI2 = /) Y L @) = faP. (15.6)

Section shows that this norm is equivalent to fol ( f — f)? under our present assump-
tions.

Assumption (A) on wavelet. In this chapter the choice of «, p and ¢ is fixed at the out-
set, so that we focus on a fixed Besov space B;’q [0, 1]. Given this selection, we choose a
Daubechies pair (¢, ¥) and an orthonormal wavelet basis (y7) for L,[0, 1] consisting of
wavelets of compact support, with elements having R continuous derivatives (y; € CF)
and (D + 1) vanishing moments. The basis is chosen so that min(R, D) > «, so that it is an
unconditional basis of B [0, 1], and the norm is equivalently given by the Besov sequence
norm on wavelet coefficients. We also assume that the CDJV construction (cf. Section [7.1))
is used for wavelets that intersect the boundary of [0, 1].

Theorem 15.1 Leta > 1/pand 1 < p,q < o0; orelseax = p = q = 1. Then, with
€n = 0//n we have

R(F,n) > R(F.e,)(1 +0(1)), n— oo. (15.7)
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In words, there is no estimator giving a worst-case performance in the sampled-data-
problem which is substantially better than what we can get for the worst-case perfor-
mance of procedures in the white-noise-problem (15.4).

For upper bounds, we will specialize to estimators derived by applying certain coordi-
natewise mappings to the noisy wavelet coefficients.

For the white noise model, this means the estimate is of the form

f=>"80nw
I

where each function §;(y) either belongs to one of three specific families — Linear, Soft
Thresholding, or Hard Thresholding — or else is a general scalar function of a scalar argu-
ment. The families are:

(€L) diagonal linear procedures in the wavelet domain, 5}“ (y)=cr-y,
(Es) soft thresholding of wavelet coefficients, 8% (y) = (|y| — A7)+sgn(y),
(Em) hard thresholding of wavelet coefficients, 7 (y) = y1/4,}, and
(En) scalar nonlinearities of wavelet coefficients, with arbitrary §V (y).

For the sampled-data problem, this means that the estimate is of the form

F=Y 66" (15.8)
1

where y§") is an empirical wavelet coefficient based on the sampled data (3;), see Sec-
tion below, and the §; belong to one of the families £. Then define the £-minimax risks
in the two problems:

Re(F.€) = inf sup Ey.||f — f32p01 (15.9)
fe€ feF
and
Re(F.n) = inf sup Ey, || f — f 17210, (15.10)
fe€ feF

With this notation established, we have

Theorem 15.2 Leta > 1/pand1 < p,q < occora = p = q = 1. Adopt assumption
(A) on the wavelet basis. For each of the four classes £ of coordinatewise estimators,

Re(F.n) < Re(F.en)(1 +0(1)), n— 0. (15.11)

Our approach is to make an explicit construction transforming a sampled-data prob-
lem into a quasi-white-noise problem in which estimates from the white noise model can
be employed. We then show that these estimates on the quasi-white-noise-model data be-
have nearly as well as on the truly-white-noise-model data. The observations in the quasi-
white-noise problem have constant variance, but may be correlated. The restriction to co-
ordinatewise estimators means that the correlation structure plays no role.

Furthermore, we saw in the last chapter in Theorems [I4.T}- [I4.3] that co-ordinatewise
non-linear rules were asymptotically minimax: R(F,€,) ~ Rg, (Fe,) for the ¢ = oo cases
considered there, and the same conclusion holds more generally for p < ¢ (Donoho and
Johnstone, |1998)).
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Remark. The assumptions on (e, p,q) in Theorems and are needed for the
bounds to be described in Section Informally, they correspond to a requirement that
point evaluation f — f(¢y) is well defined and continuous, as is needed for model to
be stably defined. For example, if @ > 1/ p, then functions in Bj , are uniformly continuous
(by the embedding result Proposition [0.9), while if « = p = g = 1, one can use the
embedding Bll,1 C TV to make sense of point evaluation, by agreeing to use, say, the left
continuous version of f € T'V. For further discussion, see (Donoho}, (1992, Section 6.1).

15.2 The Projected White Noise Model

Finite dimensional submodels of (15.1) are of interest for a number of reasons. Firstly, when
the noise level € is of order n~1/2, a model with n observed coefficients is a closer relative
of the regression model (15.2). Secondly, for a given parameter space ©, finite dimensional
submodels can be found with dimension m(€) depending on € that are asymptotically as
difficult as the full model. This proves to be a useful technical tool, for example in proving
results for the sampling model.

Let ¢ be the scaling function corresponding to the orthonormal wavelet ¥ used in the pre-
vious section. We consider only projections on to the increasing sequence of multiresolution
spaces V; = span {¢p;;,i = 1,...27}. Givenee, fix alevel J = J(¢), setm = m, = 27©
and define

yi=(¢)1i,dY>, Zj=<¢_]i,dW>, i=1,...m.
The projected white noise model refers to observations

yi = ([, i) + €z, i=1,...m. (15.12)

Write y™! for the projected data yi,..., y,,. When € = n~'/2, the choice J = log, n
yields an n-dimensional model which is an approximation to (I5.2), in a sense to be explored
below.

The projected white noise model can be expressed in terms of wavelet coefficients. In-
deed, since V; = @ ;s W;, itis equivalent to the 27 _dimensional submodel of the sequence
model given by

yi =01 +ezy, 1eT’, (15.13)

where we define Z7 = U;;Z;.

Estimation of the unknown coefficients ( f, ¢,;) is done in the wavelet basis. Recall that
¢ is an orthobasis for V; and that {7, I € Z7} is an orthobasis for the wavelet spaces
{W;.j < J}. The orthogonal change of basis transformation W on R?’ that maps ( f, ¢, )
to { f, Y1) = 0y is called the discrete wavelet transform W . Its matrix elements Wy, are just
the inner products (Vy, ¢y, ).

The estimation procedure could then be summarized by the diagram

) =, 1)

l l (15.14)

(o) < 1)
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which is the same as (7.21]), except that this diagram refers to observations on inner products,
(15.12), whereas the earlier diagram used observations from the sampling model (7.20)), here
written in the form (I5.2).

Consider now the minimax risk of estimation of f € JF using data from the projected
model (T5.12)). Because of the Parseval relation (I1.23), we may work in the sequence model
and wavelet coefficient domain. A

Suppose, as would be natural in the projected model, that 6 is an estimator which has
non-zero co-ordinates only in Z7. Set |03 ,, = > ;<7 07 and 10113, = > r¢zs 07 The
following decomposition emphasises the “tail bias” term that results from estimating only
up to level J :

16 =617 = 18 — 6115, + 161135, (15.15)
Of course, in terms of the equivalent f = f[6], and with P, denoting the orthogonal
projection of L5[0, 1] onto V7, the tail bias |62 | = || f — Pu f >
We write y when needed to distinguish data in the projected model from data y in the
full sequence model. In the projected model, we consider estimation with loss function
L(©6.0) = 160" =013, (15.16)
and the projected parameter space
O(C) ={0 e R™ : [|0]sg, < C}
The minimax risk in this reduced problem is

Ry(O"(C);e) =inf sup  E[O(yI™) —0]2,,.
6 gednI(C) ’

We look for a condition on the dimension m = 27 so that the minimax risk in the pro-
jected model is asymptotically equivalent to (i.e. not easier than ) the full model. For this it

is helpful to recall, in current notation, a bound on the maximum tail bias over smoothness
classes ®%  that was established at (9.50).

Lemma 15.3 Leta’ =a — (1/p —1/2)4+ > 0. Then for a constant K = K(o'),

Ap(©) = sup |[f = Po fI?= sup [0}, <KC?27,
F5.4(C) 05.4(C) ’
Suppose J = J(¢) = ylog, € 2; one verifies that if y > (1/(2a + 1))(a/a’), then the
tail bias term becomes neglibible relative to the order (¢2)2*/2+D of the minimax risk.
It will be helpful to use the minimax Theorem [.T1]to reexpress

Ry(©M(C):e) = sup B(m;e) = B(C,e¢), (15.17)
nCOmI(C)

where, as usual, B(r, €) denotes the Bayes risk in (I5.13)) and (15.16) when the prior 7 (d6)
on OMI(C) is used.

We can now establish the equivalence of the projected white noise model with the full
model.
Proposition 15.4 Let J(€) = ylog, e 2 If y > (1/(2a + 1))(a/d’), then

Ry (O(C), €) ~ Ry (O(C), €) e — 0.
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Proof An arbitrary estimator é( y"1) in the projected model can be extended to an esti-
mator in the full sequence model by appending zeros—let £ denote the class so obtained.
From (15.15) we obtain

Jinf sup E[|6 — 0% < Ry (O"(C), €) + An(O).

fectm ©(C)
The left side exceeds Ry (®(C), €) while Lemma|15.3|shows that A,,,(®) = o(Ry (O(C), €)),
so we conclude that the projected model is asymptotically no easier.

In the reverse direction, suppose that é,, is the Bayes estimator for the least favorable
prior 7 = 7w, for Ry(®, €). Define 7, = 7y, as the marginal distribution of the first m
coordinates of 8 under 7, : clearly the corresponding Bayes estimate éﬂm =E; (Oly) =
E(P,0|y) depends only on l/(”’) and so is feasible in the projected problem. Since both 7
and r,, are supported on ®, 8, — 0, = E. (0 — P,,0]y) and so by Jensen’s inequality and

Lemmal[l5.3]
165 — Or,, Il < E(|6 = Publl2ly) < KC277 = o(")

by the choice of J(¢) specified in the hypotheses. Using E(X + Y)? < [(EX?)Y? +
(EY?)'/2]2, we have then, forall § € ©,

E|l0r,, — 01> < ({Eq |0 — 0]2}"% + 0(¢"))?
and hence

Ry (®"™(C),€) < sup E||6y, — 0] < Ry(©,€)(1 + o(1))
7]

since 6, is minimax for ©. O]

Remark. The ratio (1/(2a + 1))(a/a’) is certainly less than 1 whenever (i) p > 2 and
a>0,or(ii) p<2anda > 1/p.

15.3 Sampling is not easier

It is perhaps intuitively clear that sampled data does not provide as much information as the
continuous white noise model, but a formal argument is still necessary. Thus, in this section,
we outline a proof of a lower bound to minimax risk in the sampling problem. The idea is
to show that a prior distribution that is difficult in the continuous model sequence problem
induces a difficult prior distribution in the sampled data setting.

Proposition [I5.4] shows that the continous problem, in sequence space form, can be pro-
jected to a level Jo, = y log, €, given by without loss of difficulty. Let us formu-
late the sampling problem in a corresponding manner.

In the “sampling problem”, we observe data in model and seek to estimate f, in
principle using loss function || f () — f||3. However, we only make our task easier by re-
stricting attention to estimating P, f, the projection of f onto V,, and hence to estimation
of @ = (6;,1 € I7°). The loss function is then

LA(5),0) = 10G) — 0112, (15.18)
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Since f =31« s, 011, we may rewrite (15.2) as

yi=({T0); +0z, (15.19)
where T is given in co-ordinates by
(TO) = 011 (1). (15.20)
I
We regard this as a map from (R™, || - [|2.m) to (R?, || - ||»), where || - ||, is the time domain
norm (I5.6). It is not a (partial) isometry since the vectors (Y;(#;) : [ = 1,...,n) are

not orthogonal in the discrete norm. However, it comes close; at the end of the section we
establish

Lemma 15.5 Under assumption (A) on the wavelet system (Y1), if T is defined by (15.20)
form =270 < n, then
A (TIT) < 1+ cJo2% /n.
The minimax risk in the sampling problem is, setting €, = o//n,
Ry(©"(C):ey) = inf sup E[6(7) ~ 013,
0(3y) 6eB"1(C)
= sup B(m;e) = B(C.ep), (15.21)
TCOnl(C)

where we have again used the minimax theorem and now E(n, €,) denotes the Bayes risk

in (T5.19) and (15.18) when the prior 7 (d6) on ®"(C) is used.
As remarked earlier, estimation of P,, f is easier than estimation of f', and so from (15.5))

and (I5.13) we have

R(F,n) > Ry(O™(C);ey,)

With all this notational preparation, we have recast the “sampling is not easier” theorem
as the statement

B(C,e€,) = B(C.en)(1 + 0(1)). (15.22)

Pushing the sequence model observations (at noise level €,) through 7' generates some
heteroscedasticity which may be bounded using Lemma|I5.3] To see this, we introduce e;, a
vector of zeros except for 4/ in the ith slot, so that |le;||, = 1 and (Ty); = /n{e;, Ty),.
Then

Var(Ty); = ne,E{e;, Tz)s = 0| T"e/||3,, < 0°A;

where A2 = Ana (T T") = Apax(T'T) is bounded in the Lemma. Now let 1 be a zero mean
Gaussian vector, independent of y, with covariance chosen so that Var(T'y + w) = A2021,.
By construction, then, Ty + w 2 y=T0+ A,0Z.

To implement the basic idea of the proof, let & be a least favorable prior in the sequence
problem so that B(m,€,) = B(C,¢€,). Let é,,, 1,0 (V) denote the Bayes estimator of
6 in the sampling model (15.19) and (15.18) with noise level A, o.

We construct a randomized estimator in the sequence model using the auxiliary variable
w:

0(y, 1) = b 1,0 (Ty + 1) 2 052,06 (F)
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where the equality in distribution holds for the laws of 7'y + w and y given 8. Consequently
B(O.7:€n) = ExBpie, 16y, ) = 013,y = ExEr9:s,0 |0n.2,0 (F) = 0115,y = Blmwi Anein).
Use of randomized rules (with a convex loss function) does not change the Bayes risk B(7)—
see e.g. in Appendix [A}-and so

B(C.ey) = B(m;€,) < B8, 75€4) = B(w: Anen) < B(C:hne),

where the last inequality uses (I5.21)). Appealing to the scaling bounds for Bayes-minimax
risks (e.g. Exercises[4.1]and 4.6)) we conclude that

2p . 2R((C- .
B(Ciaey < VX BE/L) =A2B(Cie) ifA>1
B(C:e) if <1

In summary, using again Lemma [5.5]
B(C.e) < (A2 V1) B(C.en) < B(C.e,)(1 +0(1)).
This completes the proof of (I5.22)), and hence of Theorem[15.1]

Proof of Lemmal[I5.5] The matrix representation (a;;/) of A = T'T in the basis (Y7, €
TI70) is given by

arp = (Y1, ¥y =n"" Z V()Y ().
/

Exercise[I5.1]bounds on the distance of these inner products from exact orthogonality:
(1. 9r)n =810 < en™ 27H2 (1. 1), (15.23)

where y(I,1’) = 1if supp ¥ intersects supp ¥’ and = 0 otherwise.
We aim to apply Schur’s lemma, Corollary [C.19| to A with weights x; = 27//2, hence
we consider

St =Y lagp|27"? <2792 en™t Y 2UHI2 QUmD 7T
I/ j/
where we used (15.23) and bounded ) ,, (1, I’), the number of ¥,/x» whose supports hits
that of /7, by ¢2¥' =)+ The sum is over j’ < J, and hence

S; <2721 + en~1Jy270)

and the result follows from Schur’s lemma. L]

15.4 Sampling is not harder

In this section, our goal is to show that, at least when using scaling functions and wavelets
with adequate smoothness and vanishing moments, the standard algorithmic practice of us-
ing the cascade algorithm on discrete data does not significantly inflate minimax risk relative
to its use on genuine wavelet coefficients.

To do this, we exploit a projected model sequence indexed by dyadic powers of n, using
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less than log, n levels, but of full asymptotic difficulty. Indeed, Proposition shows that

given ©F . full asymptotic difficulty can be achieved by choosing 1 > 0 such that
l «
y=2a+1(7+17<1, (15.24)
and then setting
m, =27 Jo, =ylog,n = yJ, (15.25)

Specifically, we prove

Theorem 15.6 Suppose that o > 1/p,1 < p,q < oo and that (¢, V) satisfy Assumption
A. Let € be any one of the four coordinatewise estimator classes of Section and let my,
be chosen according to (15.24) and (15.23). Then as n — oo,

Re(®"™(C),€,) < Re(®M(C), €,)(1 + 0(1)).

We outline the argument, referring to the literature for full details. A couple of approaches
have been used; in each the strategy is to begin with the sampled data model (15.2) and con-
struct from (3;) a related set of wavelet coefficients (3;) which satisfy a (possibly correlated)
sequence model

Jr=0; +eMz;. (15.26)

We then take an estimator é(y) known to be good in the (projected) white noise model and
apply it with the sample data wavelet coefficients y = (¥;) in place of y. The aim then is to
show that the performance of é(f) for appropriate ® and noise level €™ is nearly as good
as that for é(y) at original noise level ¢,,.

(i) Deslauriers-Dubuc interpolation. Define a fundamental function ¢ satisfying the inter-
polation property ¢ (/) = 8, and other conditions, and then corresponding scaling functions
$1(t) = d(nt —1),1 = 1,...,n. Interpolate the sampled function and data values by

B f(0) =Y fU/mi(0). FP0 =3 nidi@). (15.27)
=1 =1

Let {y/; } be an orthonormal wavelet basis as specified in Assumption A and 8; = (P, f, ;)
Let €™ be the largest standard deviation among the variates (3™, ;) for j < Jy: it can
be shown, in a manner similar to Lemma m that €™ ~ ¢, for n large. Now let y; =
(3™, v1) 4 ny, where the n; are noise inflating Gaussian variates independent of 7
chosen so that Var(j;) = [¢"™]?. We thus obtain (T5.26) though here the variates Z; are
in general correlated. This approach is set out in [Donoho and Johnstone| (1999). Although
somewhat more complicated in the processing of the observed data y; it has the advantage
of working for general families of wavelets and scaling functions.

(ii) Coiflets. If the wavelet basis {1/} is chosen from a family with sufficient vanishing
moments for the scaling function ¢, then we may work directly with y; (and 6;) derived
from the discrete wavelet transform of the observations y; (and 6;). This approach is set out
in Johnstone and Silverman| (2004b)). While somewhat simpler in the handling of the sam-
pled data yy, it is restricted to scaling functions with sufficient vanishing moments. It has
the advantage that, in decomposition (I3.26)), the interior noise variates Z; are an orthogonal
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transformation of the the original noise Z; and hence are independent with €™ = ¢,. The
boundary noise variates Z; may be correlated but there are at most ¢ Jy of these, with uni-
formly bounded variances VarZ; < ce2. So in the coiflet case, we could actually take £ to
be the class of all estimators (scalar or not).

We will restrict attention to estimators vanishing for levels j > J,, where 270" = m =
m,, is specified in (T5.23). In view of the unbiasedness of 7 for 6 in (15.2), it is natural to
decompose the error of estimation of 8 in terms of 0:

16(5) -6

Concerning the second term on the right side, in either the Deslauriers-Dubuc or coiflet
settings, one verifies that

7) = Ollam + 10 — 0|2 m- (15.28)

sup |60 — 612, < cC?272, (15.29)
a(C) ’

where m = 27 and @’ = o — (1/p — 1/2)+. [For Deslauriers-Dubuc, this is Lemma 4.1
in |Donoho and Johnstone| (1999), while for coiflets it follows from Proposition 5 as in the
proof of Theorem 2 in Johnstone and Silverman|(2004b)].

Turning to the first term on the right side of (I5.28), the key remaining issue is to establish
that if 6 has bounded Besov norm, then the Besov norm of the interpolant coefficients 6
below level Jy, is not much larger. To emphasise this, we write P, 6 for the vector whose
(J, k)—th coefficient is 6 ik if j < Jon and O otherwise. The two references just cited show
the existence of constants A, = A, (¢, ¥, «, p, q) such that

1 Pnfllpg, < (1 + A)[0]lsg.,- (15.30)

Hence, if we set C, = (1 + A,,)C, then 8 € ©(C) implies that P,,6 € O(C,). Suppose
now that 6* is asymptotically £— minimax over ®(C,) — note that we have chosen Jy,
expressly so that this can be achieved with an estimator that vanishes for j > Jy,. Thus,
since we only attempt to estimate the first m components of 6,

sup E|0*() - 612, < sup E6*(G)— 8|2,
0€B(C) 6ed(Cp)

< Re(Ca €™)(1 + 0(1)).
Lemma 15.7 Ife€; > €9 and C; > Cy, then for any of the four estimator classes £
Re(Cy.€1) < (e1/€0)*(C1/Co)* Re(Co. €o). (15.31)

For the proof, see[Donoho and Johnstone|(1999). Combining (15.28)), (15.29) and (15.37)),
we obtain

sup  E[|6*(5) — 0] < (€™ /€,)2(Ca/ C)?Re(C, €x)(1 + 0(1))
6e®(C)

= Rg(C, Gn)(l + 0(1))7

which establishes Theorem
Remark. One can rephrase the bound (13.29) in a form useful in the next section. Indeed,
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let P, f be given in the Deslauriers-Dubuc case by (15.27) and in the Coiflet case by P, f =
n~Y23" f(t;)$;;. Then the arguments referred to following (15.29) also show that

sup | Py f — fII? < cC?n™2 = o(n™"). (15.32)
F(C)

15.5 Estimation in discrete norms

We will now show that the condition (15.32)) in fact implies that the quality of estimation in
continuous and discrete norms is in fact equivalent:

R(F,n; Ly) ~ R(F,n;y,) = inf sup n~ ZE [f (1) — Fn)]? (15.33)
fG) feF

(and similarly for R.) We describe this in the Coiflet case, but a similar result would be
possible in the Deslauriers-Dubuc setting.

Given a continuous function f € L,[0, 1], we may consider two notions of sampling
operator:

(So )i = vVn{f.dn), (Ss ) = f(n).

Let P, denote projection onto V; = span {¢;;} and P, the “interpolation” operator, so that

Pof =Y (fipndpn. and  Pog=Y n""gt)¢s.
p P

From this we obtain Parseval identities like

(Pn f, ﬁng>2 = n_l(S¢f, Ss&)n
and
1Ssf = Ss flln = 1Puf = Puflla- (15.34)

First suppose that f ( f (1)) is a good estimator for £, , loss. Construct the interpola-
tion £(r) =n~Y2 " £(1;)¢,:(t). From the decomposition

f_fzf_ﬁnf+ﬁnf_f
and the identity ||f— P.flla= |/ = Ssf . we obtain from (15.32)
1f = flla U1 = flln+00™?)

so that f has essentially as good performance for L, loss as does f for loss €5 .
Now suppose on the other hand that f (¢) is a good estimator for L loss. Construct a

discrete estimator f using scaling function coefficients Fn) = (S f );. From the identity
(15.34) and the decomposition

Pof —Puf =Pu(f —f)+Puf —f+f—Puf

we obtain first using (15.34), and then exploiting projection P,, Lemma [I5.3]and (15.32),
that

nV2f =S5 flln < IIf = flla+om™"?).
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Exercises
15.1 Show that
(Wi (s) — Yy )] < c2U 02207 5 ¢,
and that if || f||L = sup|f(x) — f(»)|/|x — y|, then

tit1

n”fm>—l‘*f

1,-2
=znCIfle

and hence establish (T5.23), and an improvement in which 71 is replaced by n=22/V/",
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Epilogue

Brief mentions of topics of recent activity not discussed:

Compressed sensing

sparse non-orthogonal linear models
covariance matrix estimation

related non-Gaussian results
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Appendix A

Appendix: The Minimax Theorem

The aim of this appendix is to give some justification for the minimax Theorem[4.T1] restated
below as Theorem[A.5] Such statistical minimax theorems are a staple of statistical decision
theory as initiated by Abraham Wald, who built upon the foundation of the two person zero-
sum game theory ofjvon Neumann and Morgenstern|(1944)). It is, however, difficult to find in
the published literature a statement of a statistical minimax theorem which is readily seen to
cover the situation of our nonparametric result Theorem In addition, published versions
(e.g.|Le Cam|(1986, Theorem 2.1)) often do not pause to indicate the connections with game
theoretic origins.

This appendix gives a brief account of von Neumann’s theorem and one of its infinite-
dimensional extensions (Kneser, [1952) which aptly indicates what compactness and conti-
nuity conditions are needed. Following |Brown| (1978)), we then attempt an account of how
statistical minimax theorems are derived, orienting the discussion towards the Gaussian se-
quence model. While the story does not in fact use much of the special structure of the
sequence model, the Gaussian assumption is used at one point to assure the separability of
L 1-

In later sections, a number of concepts and results from point set topology and functional
analysis are needed, which for reasons of space we do not fully recall here. They may of
course be found in standard texts such as/Dugundji| (1966) and |Rudin|(1973).

Finite two person zero sum games.

A finite two person, zero sum game can be described by an m X n payoff matrix A =
{A(i, j)}, with the interpretation that if player I uses strategy i € {1,...,m} and player II
chooses strategy j € {1,...,n}, then player /[ receives a payoff A(i, j) from player /.

If player I declares his strategy, i say, first, then naturally player I/ will choose the
maximum payoff available in that row, namely max; A(Z, j). Expecting this, player / will
therefore choose i to achieve min; max; A(i, j). On the other hand, if player I/ declares
his strategy j first, player / will certainly pay only min; A(i, j), so that I/ will receive at
most max; min; A(7, j). Intuitively, /1 is better off if / has to declare first: indeed one may
easily verify that

max min A(7, j) < minmax A(, j). (A.1D)
oo i

When equality holds in (A.T)), the game is said to have a value. This occurs, for example,
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if the game has a saddlepoint (iy, jo), defined by the property
A(l(),]) < A(io,jo) < A(l,j()) for all l,]

However, saddlepoints do not exist in general, as is demonstrated already by the matrix ( 39 )
The situation is rescued by allowing mixed or randomized strategies, which are probability
distributions x = (x(i))7 and y = ((¥(j))} on the space of nonrandomized rules for each
player. If the players use the mixed strategies x and y, then the expected payoff from I to
11 is given by

fy) =xTAy =) x()AG )y (). (A2)
i,J
Write S,, for the simplex of probability vectors {x € R" : x; > 0, > x; = 1}. The classical
minimax theorem of von Neumann states that for an arbitrary m x n matrix A4 in (A.2),
min max f(x,y) = max min f(x,y). (A.3)
x€S;, yES, yeS, xeSy,
For the payoff matrix ((1) ‘1’) it is easily verified that the fair coin tossing strategies x = y =
(% %) yield a saddlepoint.
We establish below a more general result that implies (A.3).

Bilinear semicontinuous payoffs

In - (A3), we observe that f is a bilinear function defined on compact, convex sets
in Euclidean space. There have been numerous generalizations of this result, either relaxing
bilinearity in the direction of convexity-convavity type assumptions on f, or in allowing
more general convex spaces of strategies, or in relaxing the continuity assumptions on f.
Frequently cited papers include those of [Fan| (1953) and |Sion| (1958), and a more recent
survey is given by |Simons|(1995).

We give here a result for bilinear functions on general convex sets due to Kneser]| (1952)
that has a particularly elegant and simple proof. In addition, Kuhn| (1953) and [Peck and
Dulmage|(1957) observed that the method extends directly to convex-concave f . First recall
that a function f : X — R on a topological space X is lower semicontinuous (Isc) iff
{x : f(x) > t} is open for all ¢, or equivalently if {x : f(x) < ¢} is closed for all ¢.
[If X is 1st countable, then these conditions may be rewritten in terms of sequences as
f(x) < liminf f(x,) whenever x,, — x.] If X is also compact, then an Isc function f
attains its infimum: infyex f = f(xo) for some xo € X.

Theorem A.1 (Kneser, Kuhn) Let K, L be convex subsets of real vector spaces and [ :
K x L — R be convex in x for each y € L, and concave in y for each x € K. Suppose also
that K is compact and that x — f(x,y) is Isc forall y € L. Then
inf sup f(x,y) = sup inf f(x,y). (A4)
xekK yeL yeL xeK
A notable aspect of this extension of the von Neumann theorem is that there are no com-
pactness conditions on L, nor continuity conditions on y — f(x, y) : the topological con-
ditions are confined to the x-slot.
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Note thatif x — f(x, y) is lower semi-continuous forall y € L, then x — sup,¢; f(x,y)
is also lower semi-continuous and so the infimumu on the left side of is attained for
some xg € K.

Here is an example where f is not continuous, and only the semicontinuity condition of
the theorem holds. Let R* denote the space of sequences: a countable product of R with the
product topology: x™ — x iff for each coordinate i, xi(") — x;. Then the infinite simplex
K={xeR®:x; >0,), x; < 1}is compact. Consider a simple extension of the payoff
function , fx,y) = X xjyifory e L ={y :0 <y < C forall i}. Equality
can easily be checked directly. However, the function x — f(x, 1) is not continuous:
the sequence x™ = (1/n,...,1/n,0,0,....) converges to 0 but f(x™, 1) = 1. However,
f(x,y)islscin x, as is easily verified.

Kneser’s proof nicely brings out the role of compactness and semicontinuity, so we present
it here through a couple of lemmas.

Lemma A.2 Let f1,... f, be convex, Isc real functions on a compact convex set K. Sup-
pose for each x € K that max; f;(x) > 0. Then there exists a convex combination that is
positive on K: for some o € S,

n
Zaifi(x)>0 forall x € K.
1

Remark. This lemma implies the standard separating hyperplane theorem in R™: if K is
compact, convex with 0 ¢ K, then there exists a hyperplane separating 0 from K. Indeed,
simply let # = 2m and f;(x) = x; and f4i(x) = —x;.

Proof Once the case n = 2 is established (n = 1 is vacuous), an induction argument can
be used. So, with a slight change of notation, assume for all x that max{ f(x), g(x)} > 0.
By lower semicontinuity, the sets M = {x : f(x) < 0}and N = {x : g(x) < 0} are
closed, and hence compact. The positivity condition implies that M and N are disjoint, and
we may assume they are both non-empty, since otherwise the conclusion is trivial. Again by
the positivity, on M, both g > 0 and the ratio — f/g is defined and usc. Arguing similarly
on N, we obtain
=y —as & _8y=p>

max . . (p)=a=>0, max 7 7 (g9 =p8=0. (A.S)
Since f(p) < 0 and f(g) > O, there exists n > 0 such that nf(p) + 7./(g) = 0 [we
have set § = 1 — n.] Thus, writing p, = np + 5jq, convexity of f implies f(p,) < 0. By
convexity of g and the positivity condition, ng(p) + 11g(¢) > g(p,) > 0. Combining these
conclusions with (A.3)),

ng(p) > —ng(q) = 1Bf(q) = —nBf(p) = nafg(p),

which implies that «ff < 1.
Thus, we may increase « to y and § to § in such a way that y§ = 1. Equalities (A.5) then
become strict inequalities:

8
f+)/g>0’ On N, S+

On M,
1+vy 1+6

> 0.
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Since y§ = 1, defined = 1/(1+y) =48/(1 +68). Thuson M U N, wegetof +og > 0,
and on the rest of K this holds trivially, so the proof is done. O

Lemma A.3  Either (I) for some x, sup, f(x,y) <0, or
(1) for some y, miny f(x,y) > 0.

Proof If (I) is false, then for every x, there exists some value of y, which we call p(x),
such that f(x, p(x)) > 0. Lower semicontinuity implies that each of the sets 4, = {x :
f(x,y) > 0} are open, and we have just shown that x € A,). Hence K is covered by
{A )}, so extract a finite subcover indexed by y; = p(x;) for some xy, ..., x,. This means
exactly that for each x, max; f(x,y;) > 0. The previous lemma then gives a probability
vector 0 € S, such that for each x, > o; f(x, y;) > 0. By concavity, at y* = > 0i ),
we have f(x, y*) > 0 for each x. Again using compactness and Isc, minyegx f(x, y*) > 0,
which implies alternative /1. O

Proof of Theorem[A. 1] That the right side of (A.4) is less than or equal to the left side is
elementary, just as in (A.I). Let us suppose, then, that the inequality is strict, so that for
some c¢,

supinf f < ¢ < infsup f. (A.6)
y *oy

Replacing f by f — ¢ does not harm any of the hypotheses, so we may assume that ¢ =
0. The left inequality in implies that Alternative II in the previous lemma fails, so
Alternative I holds, and so infy sup, f < 0, in contradiction with the right hand inequality
of (A.6)! Hence there must be equality in (A.6). O

The following corollary is a trivial restatement of Theorem [A.T] for the case when com-
pactness and semicontinuity is known for the variable which is being maximised.

Corollary A4 Let K, L be convex subsets of real vector spaces and f : K x L — R
be convex in x for each y € L, and concave in y for each x € K. Suppose also that L is
compact and that y — f(x, y) is upper semicontinuous for each x € K. Then

inf sup f(x,y) = sup inf f(x,y). (A7)
xeK yelL yelL xeK
Proof Apply Theoremto F(r.x) =—f(x,y). O

A statistical minimax theorem

First, we state the Gaussian sequence model in a little more detail. The sample space X' =
R, the space of sequences in the product topology of pointwise convergence, under which
it is complete, separable and metrizable. [Terminology from point-set topology is recalled at
Appendix [C.T1], It is endowed with the Borel o—field, and as dominating measure, we take
Py, the centered Gaussian Radon measure (see [Bogachev| (1998, Example 2.3.5)) defined
as the product of a countable number of copies of the standard N(0, 1) measure on R. For
each 8 € ® = {,(N, A), the measure Py with mean 6 is absolutely continuous (indeed
equivalent) to Py, and has density fs(x) = dPs/dPy = exp{(6,x), — [60]13/2}. Because
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Py is Gaussian, the space L, (X, Py) of square integrable functions is separable (Bogachev,
1998, Corollary 3.2.8), and hence so also is Ly = L1(X, Py).

Let R = R U {—o00, 00} denote the two point compactification of R. As action space
we take the countable product A = (R)® which with the product topology is compact, 2°
countable and Hausdorff, and again equip it with the Borel o —field.

We consider loss functions L(a, 6) that are non-negative, and perhaps extended-real val-
ued: L : Ax ® — [0, o0].

Theorem A.5 For the above Gaussian sequence model, we assume (i) that for each 6, the
map a — L(a,0) is convex and Isc for the product topology on A, and (ii) that P is a
convex set of prior probability measures on £>(N, A). Then
inf sup B(6, ) = sup inf B(4, ). (A.8)
0 meP neP 6
Our applications of this theorem will typically be to loss functions of the form L(a, §) =

w(|la — 0] ), with w(-) a continuous, increasing function. It is easy to verify that such loss
(n)

functions are Isc in a in the topology of pointwise convergence. Indeed, if ;" — al(oo) for

each 7, then for each fixed m, one has

m m

(OO) T (n) . .
E la;” —6;|7 = hgn E la;”" — 0;|7 < Im}lmf“a(") —0%.
i=1 i=1

Theorem [A.5] and other statistical minimax theorems, while closely related to Theorem
[A.1] as will be seen below, do not seem to follow directly from it, using instead separating
hyperplane results (compare Lemma[A.2)).

A general framework for statistical decision theory, including minimax and complete class
results, has been developed by its chief exponents, including A. Wald, L. LeCam, C. Stein,
and L. Brown, in published and unpublished works. A selection of references includes Wald
(1950); ILeCam| (1955)); |[Le Cam|(1986]); Diaconis and Stein|(1983)); [Brown| (1977, {1978).

The theory is general enough to handle abstract sample spaces and unbounded loss func-
tions, but it is difficult to find a statement that immediately covers our Theorem We
therefore give a summary description of the steps in the argument for Theorem using
freely the version of the Wald-LeCam-Brown approach set out in|Brown|(1978)). The theory
of Brown| (1978)) was developed specifically to handle both parametric and nonparametric
settings, but few nonparametric examples were then discussed explicitly. Proofs of results
given there will be omitted, but we hope that this outline nevertheless has some pedagogic
value in stepping through the general method in the concrete setting of the nonparametric
Gaussian sequence model.

Remark. There is a special case (which includes the setting of a bounded normal mean,
Section @ in which our statistical minimax theorem can be derived directly from the
Kneser-Kuhn theorem. Indeed, if ® C R” is compact, and P = P(®), then P is com-
pact for weak convergence of probability measures. Let K be the class of estimators ¢
with finite risk functions on ©, let L = P and for the payoff function f take B(0,7) =
Jor(0,0)7(d0).

Observe that K is convex because a - L(a, 0) is; that L is convex and compact; and
that B is convex-linear. Finally = — B(6, i) is continuous since in the Gaussian model
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yi = 0; +€A;z;, the risk functions 6 — r(é, ) are continuous and bounded on the compact
set ©. Hence the Kneser-Kuhn Corollary (A.7)) applies to provide the minimax result.

Randomized decision rules.

The payoff function B(é, ) appearing in Theorem is linear in 7, but not in 6. Just as
in the two-person game case, the standard method in statistical decision theory for obtaining
linearity is to introduce randomized decision rules. These are Markov kernels §(da|x) with
two properties: (i) for each x € X', §(:|x) is a probability measure on A which describes the
distribution of the random action a given that x is observed, and (ii), for each measurable A,
the map x — 6(A|x) is measurable. The risk function of a randomized rule § is

r(,0) = //L(a,@)S(da|x)P9(dx), (A9)

and the payoff function we consider is the integrated risk against a probability measure 7:

B(S,7) = /r(5, 0)7(db).

A major reason for introducing B(8, 7r) is that it is bilinear in § and 7. Further, writing D
for the class of all randomized decision rules, we note that both it and P are convex. To
establish a minimax statement

inf sup B(8, ) = sup inf B(§, ), (A.10)
8€D gep nep 8€D

Kneser’s theorem suggests that we need a topology on decision rules § with two key prop-
erties:

(P1) D is compact, and
(P2) the risk functions § — B(8, ) are lower semicontinuous.

Before describing how this is done, we explain how follows from using the
convexity assumption on the loss function. Indeed, given a randomized rule §, the standard
method is to construct a non-randomized rule by averaging: 65 (x) = [ ad(da|x). Convexity
of a — L(a, 6) and Jensen’s inequality then imply that

L(Bs(x), 0) §[L(a,0)8(da|x).

Averaging over X ~ Py, and recalling (A.9) shows that 05 is at least as good as §:
r(0s,0) <r(5,0) foralld € ®. (A.11)

Consequently, with convex loss functions, there is no reason ever to use a randomized deci-
sion rule, since there is always a better non-randomized one. In particular, integrating with
respect to an arbitrary  yields

sup B(0s, ) < sup B(S, 7). (A.12)
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We then recover (A.8) from (A.10) via a simple chain of inequalities:
inf sup B(é, ) < inf sup B(ég, ) < iIélfSup B, )
[*] /4 96‘ T T

= supilslfB(& ) < supiI}fB(é, ) < infsup B(é, ),
T T 6 6 =

and since the first and last terms are the same, all terms are equal.

A compact topology for D

We return to establishing properties [P1] and [P2]. The approach is to identify decision
rules § with bilinear, bicontinuous functionals, and then use the Alaoglu theorem on weak
compactness to induce a topology on D.

For this section, we write Lg(a) for the loss function to emphasise the dependence on a.
The risk function of a rule § may then be written

r(5.6) = / / Lo(a) fo(0)8(dalx) Po(dx) = bs(fo. Lo).

Here the probability density fp is regarded as a non-negative function in the Banach space
Ly = L{(R®, B(R*®), Py) which is separable as noted earlier. Since A = (R)™ is com-
pact, metrizable and second countable, the Banach space C = C(A) of continuous functions
on A, equipped with the uniform norm, is also separable. The functional

bs(g.c) = / / ¢(0)c(@)3(dalx) Po(dx)

belongs to the Banach space B of bilinear, bicontinuous functionals on L; x C with the
operator norm ||b|| g = sup{|b(g,c)| : lgllL, = llcllc = 1}. Under assumptions satisfied
here, [Brown| (1978)) shows that the mapping ¢ : § — bs is a bijection of D onto

Bl ={beB:b>0and b(g,1) = |g|l, Vg > 0}
C{b:|bllp <1},

and the latter set, by Alaoglu’s theorem, is compact in the weak topology, which by separa-
bility of L, and C is also metrizable on such norm bounded sets. Thus, B1+ , being a closed
subset, is also compact. The map ¢ is then used to induce a compact metrizable topology on
D = ~!(B;") in which convergence may be described by sequences: thus §; — § means
that

bs; (g,c) = bs(g,c) V(g,c)e L, xC. (A.13)
This topology also satisfies our second requirement: that the maps § — B(§, ) be Isc.

Indeed, since A is second countable, the Isc loss functions can be approximated by an in-
creasing sequence of continuous functions ¢; € C: Lg(a) = lim; ¢; (a). This implies that

r(8,0) = sup{bs(fy.c) : ¢ < Lg}.

The definition (A.T3) says that the maps § — bs(fy, c) are each continuous, and so § —
r(8, 0) appears as the upper envelope of a family of continuous functions, and is hence Isc.
Finally Fatou’s lemma implies that § — B(8, ) = [ r(8,0)m(d6) is Isc.
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A separation theorem

We have now established B(§, i) as a bilinear function on D x P which for each 7 fixed is
Isc on the compact D. What prevents us from applying Kneser’s minimax theorem directly
is that B(8, ) can be infinite. The strategy used by [Brown|(1978) for handling this difficulty
is to prove a separation theorem for extended real valued functions, and derive from this the
minimax result.

Slightly modified for our context, this approach works as follows. Let T = T (P, [0, oo])
denote the collection of all functions b : P — [0, oo] — with the product topology, this space
is compact by Tychonoff’s theorem. Now define an upper envelope of the risk functions by
setting I' = p(D) and then defining

[ ={b e T : there exists b’ € T with b’ < b}.

Brown uses the D topology constructed above, along with the compactness and lower semi-
continuity properties [P1] and [P2] to show that [ is closed and hence compact in 7.

Using the separating hyperplane theorem for Euclidean spaces — a consequence of Lemma
[A.2]- Brown shows

Theorem A.6 Suppose that [ is convex and closed in T and that by € T\f‘. Then there
exists ¢ > 0, a finite set (w;)T" C P and a probability vector (&) such that the convex
combination g = ) _ &;m; € P satisfies

bo(mg) < ¢ < b(mwe)  forallb eT. (A.14)

It is now easy to derive the minimax conclusion (A.T0). Indeed, write V = infs sup, B(4, ).
If V < o0, lete > 0 and choose by = V — € — clearly by ¢ I". Convexity of D entails con-
vexity of f‘, which is also closed in T as we saw earlier. Hence, the separation theorem
produces ¢ € P such that

V —€ =bo(me) < i%lfB((S,]Tg).

In other words, sup,, infs B(§, 7) > V — € for each € > 0, and hence it must equal V. If
V' = o0, a similar argument using bg = m for each finite m also yields (A.10).

A.1 A special minimax theorem for thresholding

It is sometimes of interest to restrict the estimator § in B(8, i) to a smaller class, for example
threshold rules that depend on a single parameter, the threshold A. We write B(A, i) for the
payoff function in such cases (for details, see Section[14.4).

In such cases A — B(A, ) need not be convex and so our earlier minimax theorems
do not directly apply. In addition, we would like to exhibit a saddle point. In this section,
then, we formulate and prove a special minimax theorem tailored to this setting. First, a
definition. We call a function A(7r) defined for 7 in a convex set P Gdteaux continuous at
7o if A((1 — #)7o + 1711) — A(mo) as t — O for each 7y € P.

Theorem A.7 Suppose A C R is an interval and that ‘P is convex and compact. Suppose
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that B : A x P — R is linear and continuous in v for each A € A. Then there exists a least
favorable 1.

Suppose also for each 7 that B(A, ) is continuous in A, that there is a unique A(w) that
minimizes B, and that A (1) is Gdteaux continuous at wy. Set Ay = A (o).

Then the pair (Mg, 7o) is a saddlepoint: for all A € [0,00) and 7w € P,

B(Ao. ) < B(Ao, ) < B(A, 7o), (A.15)

and hence

infsup B(A, w) = supinf B(A, &) = sup Bs (7).
AP P A P

Proof The right side of (A.T3) follows from the definition of A (7). For the left side, given
an arbitrary 7 € P, define 7, = (1 —t)my + tm; fort € [0, 1]: by convexity, 77, € P. Let
A; = A(7;) be the best threshold for 7, so that B(xr;) = B(A,, 7r;). Heuristically, since g is
least favorable, we have (d/dt) B(mt;)|;=0 < 0, and we want to compute partial derivatives
of B(A;, m;) and then exploit linearity in 7.

More formally, for t > 0 we have

B(A;, 7)) — B(Xo. 7o) = B(A;. 70) — B(Ao. 7o) + B(Ao.7;) — B(Ao. m0) + A’ B,
where the left side is < 0 and
A’B = B(A;, 7;) — B(Ar. mo) — B(Ao, ;) + B(Ro, o).

Now also B(A;, mg) > B(Ag, o) and by linearity B(Ag, ;) — B(Ao, m0) = t[B(Ao, 1) —
B(Ag, mo)] and so

0> B(Ag, 1) — B(Ao, mo) + A*B/1t.
Again using the linearity in
A’B/t = [B(A;, 1) — B(Ao, m1] — [B(As. 70) — B(Ao. mo)] — O
as t — 0, since A, — Ao by Gateaux continuity of A(xr), and since A — B(A,x) is

continuous. This shows that B(Lg,m1) < B(Ag, 7o) for any w1 € P and completes the
proof. O

Remark. Proposition [13.10]shows that B(A, 7r) is quasi-convex in A, and since it is also
linear in 7 on a convex set, one could appeal to a general minimax theorem, e. g. Sion
(1958). However, the general minimax theorems do not exhibit a saddlepoint, which emerges
directly from the present more specialized approach.

Exercise. Complete the induction step for the proof of Lemma
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More on Wavelets and Function Spaces

B.1 Building scaling functions and wavelets

We sketch two common constructions of a scaling function ¢ (and then the corresponding
wavelet ¥/): (a) beginning from a Riesz basis, and (b) starting from discrete (especially finite)
filters.

(a) Using a Riesz basis. A family {ex }xen iS a Riesz basis for a Hilbert space H if (i)
for all A € H, there is a unique representation 7 = ) ke, and (ii) there exist positive
absolute constants Cy, C, such that forall h € H, Cy||h||*> < Y, lex|* < Ca|lh||%.

It is more common to replace the multiresolution analysis condition (iv) by the weaker
condition

(iv’) 360 € Vy suchthat {6(x — k) : k € Z} is a Riesz basis for VOEI

That (iv’) is equivalent to (iv) follows from the “orthonormalization trick” discussed below.

A key role in constructions and interpretations is played by the frequency domain and the
Fourier transform (C.7)). The Plancherel identity (C.8) leads to a frequency domain charac-
terization of the orthnormality and Riesz basis conditions (iv) and (iv’):

Lemma B.1 Suppose ¢ € L,. The set {¢(x — k), k € Z} is (i) orthonormal iff
Y IpE+2%mP =1 ae., (B.1)
k

and (ii) a Riesz basis iff there exist positive constants Cy, Cy such that
¢ < Z |P(E +2km)|> <C,  ae. (B.2)
k

Partial Proof We give the easy proof of (B.T)) since it gives a hint of the role of frequency domain methods.

The Fourier transform of x — ¢(x —n) is e_i”s(ﬁ(é). Thus, orthonormality combined with the Plancherel
identity gives

on = [ ot —mdx = [ emHp@)Pa.

Now partition R into segments of length 27, add the integrals, and exploit periodicity of "% to rewrite the
right hand side as

2w
7 e S 16 + 2km P = son.
0
k

' This use of the @ symbol, local to this appendix, should not be confused with the notation for wavelet
coefficients in the main text.

352
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The function in (B.I) has as Fourier coefficients the delta sequence 8o, and so equals 1 a.e. O

The “orthonormalization trick” creates (B.I)) by fiat:

Theorem B.2  Suppose that {V;} is an MRA, and that {0(x — k), k € Z} is a Riesz basis
for V. Define

P(E) = &) /1) _ 10 + 2km)2}/2. (B.3)
k

Then ¢ is a scaling function for the MRA, and so for all j € Z, {¢jx : k € Z} is an
orthonormal basis for V.

Example. Box spline MRA. (See also Chapter ) Givenr € N, set y = Ijp,;) and 6 =
0, = y *---x y = x*"+VY. Without any loss of generality, we may shift 6, = y*"+1 by
an integer so that the center of the support is at 0 if r is odd, and at 1/2 if r is even. Then it
can be shown (Meyer, |1990, p61), (Mallat, {1999, Sec 7.1) that

sin§/2)ﬂrl ict)2 1 reven
e == 9
£/2 0 rodd

> 16:(5 + 2km)* = Pay(cos§/2).
k

0o = (

where P,, is a polynomial of degree 2r. For example, in the piecewise linear case r = 1,
P,(v) = (1/3)(1 + 2v?). Using (B.2), this establishes the Riesz basis condition (iv’) for
this MRA. Thus (B.3) gives an explicit Fourier domain expression for ¢ which is amenable
to numerical calculation. Mallat| (1999, pp. 226-228) gives corresponding formulas and pic-
tures for cubic splines.

(b) Using finite filters. The MRA conditions imply important structural constraints on

h(£): using and it can be shown that

Proposition B.3 [f ¢ is an integrable scaling function for an MRA, then
(CMF) hEP +hE+m)?=2 VEeR (B.4)
(NORM) h(0) = V2. (B.5)

(B.4) is called the conjugate mirror filter (CMF) condition, while is a normalization
requirement. Conditions (B.3)) and (B.4) respectively imply constraints on the discrete filters:

> he =2, dong=1

They are the starting point for a unified construction of many of the important wavelet fami-
lies (Daubechies variants, Meyer, . .. ) that begins with the filter {i[k]}, or equivalently /(§).
Here is a key result in this construction.

Theorem B.4 (Meyer, Mallat) If fz(g) is 2w —periodic, C' near ¢ = 0 and (a) satisfies
and (B.3), and (b) inf_r /2, z/21 |h(E)| > O, then

. = h27g)
-T2 B.6
@(é) =7 (B.6)
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is the Fourier transform of a scaling function ¢ € L, that generates an MRA.

Notes: 1. That ¢ is generated by an infinite product might be guessed by iteration of the
two scale relation (7.2)): the work lies in establishing that all MRA properties hold.

2. Condition (b) can be weakened to a necessary and sufficient condition due to |(Cohen
(1990) (see alsoCohen and Ryan|(1995)).

Building wavelets. The next lemma gives the conditions on g in order that ¢ be an
orthonormal wavelet: it is an analog of Proposition B.3

LemmaB.5 [Mallat Lemma 7.1]{Ykx,k € Z}is an orthonormal basis for W;, the
orthocomplement of V; in V1 if and only if, for all § € R,

1EEN+18¢E+m)> =2 (B.7)
GER*(E) + g(& + 0h*(E + 1) =0. (B.8)

Here h* denotes the complex conjugate of h.

One way to satisfy and is to set
g =R E + m) (B.9)

To understand this in the time domain, note that if §(§) has (real) coefficients s, then
conjugation corresponds to time reversal: §*(§) <> s_g, while modulation corresponds to
time shift: e’¥5(§) <> sx41. and the frequency shift by 7 goes over to time modulation:
5(£ + m) < (=1)*s;. To summarize, interpreting (B.9) this in terms of filter coefficients,
one obtains the “mirror” relation

gk = (=)' (B.10)

Together, (7.4) and provide a frequency domain recipe for constructing a candidate
wavelet from @:

V(26 = eEh"E + m)E). (B.11)
Of course, there is still work to do to show that this does the job:

Theorem B.6 [Mallat Th. 7.3]Ifg isdefined by (B.9), and y by (1.4), then {y ik, (j, k) €
72} is an orthonormal basis for L,(R).

Example. Box splines again. Given ¢, one constructs & from (7.2), g from and ¥
from (7.4). This leads to the Barttle-Lemarié spline wavelets (see also [Chui| (1992)). The
case r = 0 yields the Haar wavelet: ¥ (x) = If1/2,11(x) — Ij0,1/2)(x) - verifying this via this
construction is possibly a useful exercise in chasing definitions. However, the point of the
construction is to yield wavelets with increasing regularity properties as r increases.

Example. The class of Meyer wavelets (Meyer,|1986) is built from a filter hA(S )on [—m, ]
satisfying
V2 &l <x/3

"O=00 =203,

the CMF condition (B.4), and that is also required to be C” at the join points /3 and
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+27/3. In fact C > functions exist with these properties, but for numerical implementation
one is content with finite values of n, for which computable descriptions are available: for
example n = 3 in the case given by Daubechies| (1992| p137-8).

The scaling function ¢(§) = [[3°27Y2h(277&) then has support in [—47/3,47/3],
and the corresponding wavelet (defined from and (B.9)) has support in the interval
+[27/3, 87 /3]. Since ¢ and ¥ have compact support, both ¢(x) and ¥ (x) are C* — un-
like, say, Daubechies wavelets. However, they cannot have exponential decay in the time
domain (which is impossible for C* orthogonal wavelets, according to |Daubechies (1992
Corollary 5.5.3)) — at least they are O(|x|™~!) if & is C". Finally, since ¢ vanishes in a
neighborhood of the origin, all its derivatives are zero at 0 and so i has an infinite number
of vanishing moments.

Flgure@]shows a schematlc of the qualitative frequency domain properties of the squared
modulus of ¢, h, & and finally w It can be seen that the space 1} generated by translates of
¢ corresponds roughly to frequencies around %[0, 7], while the space W; contains frequen-
cies around £[2/ 7,2/ *1]. More precisely, it can be shown (Hernindez and Weiss, 1996,
p-332, and p.61) that ¢ and the dilations of ¥ form a partition of frequency space in the
sense that

BEP+DY_IWQ7HP =1  ae (B.12)

J=0

e(&)’

- 0 7‘T £€R

o / \

19(&)]? =|(&+)P

RO =l3(©)e(©)F /2 f\ m
21

2 26eR

Figure B.1 qualitative frequency domain properties of scaling function ¢, transfer
functions h £ and wavelet w corresponding to the Meyer wavelet; dotted lines
show extension by periodicity

Vanishing moments. The condition that ¥ have r vanishing moments has equivalent for-
mulations in terms of the Fourier transform of v and the filter 4.
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Lemma B.7 Let  be an orthonormal wavelet. If lﬁ is C? at & = 0, then the following are
equivalent:

(i) /z-/&p:(), j=0,....,p—1.
(ii) D’ (0) = 0, j=0,....p—1.
(iii) D'h(r) =0 j=0,....p—1.  (VM,) (B.13)

See for example Mallat (1999)[Theorem 7.4] or Hardle et al.|(1998)[ Theorem 8.3].
Meyer| (1990)[p38] shows that a wavelet deriving from an r-regular multresolution anal-
ysis necessarily has » + 1 vanishing moments.

Example. Daubechies wavelets. Here is a brief sketch, with a probabilistic twist, of some
of the steps in Daubechies’ construction of orthonormal wavelets of compact support. Of
course, there is no substitute for reading the original accounts (see [Daubechies| (1988)),
Daubechies| (1992, Ch. 6), and for example the descriptions by Mallat (1999, Ch. 7) and
Meyer (1990, Vol 1, Ch. 3)).

The approach is to build a filter 1 = {h;}~! with i; € R and transfer function ﬁ(é) =

,1::01 hie %€ satisfying these conditions and then derive the conjugate filter g and the
wavelet ¢ from (B.9), (B.TT) and Theorem The vanishing moment condition of order
p (VM) implies that #(§) may be written

o= (CY v, e = Yne

0

with N = p +m + 1 and ry € R. Passing to squared moduli, one may writeE]
A 2 2 & .2 &
|h(E)|" = 2(cos” 5)? P(sin” 5)

for some real polynomial P of degree m. The conjugate mirror filter condition (B.4) then
forces, on putting y = sin® £/2,

1=»PPy)+y’P(l—-y) =1 0<y=L (B.14)

To have the support length N as small as possible, one seeks solutions of (B.14)) of minimal
degree m. One solution can be described probabilistically in terms of repeated independent
tosses of a coin with Pr(Heads ) = y. Either p tails occur before p heads or vice versa, so

P(y) = Pr{p T's occur before p Hs}/(1— y)?

- (p-l—k—l) K

certainly solves (B.14). Further, it is the unique solution of degree p — 1 or lesf] .

To return from the squared modulus scale, appeal to the F. Riesz lemma: if s(§) =
Y ske k& > 0, then there exists (§) = ¢ ree ¢ such that s(§) = |r(£)|?, and
if {s¢ } are real, then the {r} can be chosen to be real also.

The lemma is applied to s(§) = P(sin® i) > 0, and so one arrives at orthonormal
wavelets with support length N = 2p for p = 1,2,... The uniqueness argument shows

IIM
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that N < 2p is not possible. The choice N = 2 yields Haar wavelets and N = 4 gives
the celebrated D4 wavelet of Daubechies. For N > 6 there are non-unique choices of so-
Iution to the construction of the “square root” r () (a process called spectral factorization),
and |Daubechies| (1992, Ch. 6) describes some families of solutions (for example, directed
towards least asymmetry) along with explicit listings of coefficients.

Discussion. Table sets out some desiderata for a wavelet basis. The last three re-
quirements are in a sense contradictory: it turns out that higher regularity of ¥ can only be
achieved with longer filters. One advantage of Daubechies’ family of wavelets ¥y, indexed
by support size N, is to make this tradeoff directly apparent: the smoothness of y increases
with N at approximate rate 0.2N (Daubechies, |1992, §7.12).

Table B.1 Desirable properties of orthonormal wavelet family, together with corresponding
conditions on the filter h

1. Orthonormal wavelet ¥ <> CMF (B.4) and NORM (B.3)

2. p vanishing moments <~ VM,
3. (small) compact support <> N small

4. (high) regularity of

Proof of Lemma We first recall that Holder functions can be uniformly approximated
by (Taylor) polynomials, cf. (C.20). So, let p(y) be the approximating Taylor polynomial
of degree [a] — 1 at x; = k27/. Using a change of variable and the vanishing moments

property,
f F(x)2729 (2 x —k)dx = 277/? / [f(ex +277v) — p77 )]y (v)dv.

Hence, using the Holder bound (C.20),

v )] < 272C 2 [ rors

Setting ¢y equal to the latter integral yields the result. O

Vanishing moments for the scaling function. The approximation of point values f(z;)
of a function by scaling function coefficients (f,2//2¢;;) is similarly dependent on the
smoothness of f and the number of vanishing moments of ¢. Bearing in mind that the
scaling function itself has f ¢ = 1 (e.g. from (??)) we say that ¢ has r vanishing moments
if

/xk(p(x)dxzo k=1,...r—1
Lemma B.8 If f is C* on R and ¢ has at least r = [« vanishing moments,
(fro) — 2772 f(k277)| < ¢y, C27TC@H1/D)

Proof Modify the proof of Lemma [7.2] by writing the approximating polynomial at x; =
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k277 in the form p(y) = f(xx) + p1(y) where p; is also of degree r — 1, but with no
constant term, so that [ p;¢ = 0. Then

/ Fom— 29 f () = 27972 / L G+ 2770) = £ ) — 1 @7 )lp(w)dv
and so

[(frojn) =277 fa)| < 2772C27 %,

where again ¢, = [ |v|*|@(v)|dv. O

Life on the interval.

Vanishing moments for wavelets on [0, 1]. Let P, denote the space of polynomials of degree
p. The vanishing moments theorem (e.g. Mallat| (1999, Theorem 7.4)) states that if ¢ and
have sufficiently rapid decay, then i has p vanishing moments if and only if the Strang-Fix
condition is satisfied:

()= > kKot-kyePr 1=01...p-1L (B.15)

k=—00

The condition (B.13)) says that P,_; C V; and further (see/Cohen et al.|(1993b)) that for j >
Jx, Pp—1 C V;[0, 1]—the multiresolution spaces corresponding to the CDJV construction.
Consequently P,_; L W;[0,1]andsofor j > J., k =1,..., 27, we have

/z’w}",;(z>dr=o, I—01. pol.

A key point is the existence of approximations by V; with better smoothness and approx-
imation properties than those of the Haar multiresolution. Following [Meyer| (1990, p22), we
say that a multiresolution analysis {V;} of L,(R) is r—regular if D¥6(x) is rapidly decreas-
ing for 0 < k < r € N. [ A function f on R is rapidly decreasing if for all m € N, then
|f()] = Cu(1 + [x)7™. ]

B.2 Further remarks on function spaces and wavelet coefficients

In Section we took an idiosyncratic route, exploring some function spaces on R, then
defining Besov sequence norms on R and finally focusing on Besov sequence and function
norms on [0, 1]. In this section, again without attempting to be comprehensive, we collect
some complementary remarks on these topics, and prepare the way for a proof of equivalence
of Besov function and sequence norms on [0, 1] in the next section.

Spaces on R.

The Besov and Triebel scales of function spaces on R” unify many of the classical spaces
of analysis. They form the subject of several books, e.g. [Frazier et al.| (1991)); |Nikol ‘skii
(1975)); [Peetre| (1975); Triebel| (1983 |1992)).
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Although it is not our main focus, for completeness we give one of the standard defini-
tions. Let ¥ be a “window” function of compact support in the frequency domain: assume,
say, that supp ¥ C {1/2 < |€| < 2} and that || > ¢ on {3/5 < |€| < 5/3}.

Given a function f, define “filtered” versions f; by f,(é) = @(2‘j &) f (&): thus f}(S)
is concentrated on the double octave |£| € [2/71,2/*!]. Fora € Rand 0 < p,q < oo, the
Besov and Triebel seminorms are respectively defined by

Flag, = (201000 1fleg, = |(Zeinn)™],

’
P

with the usual modifications if p = oo or ¢ = oo; thus | f] po . = SUD; 29| f;lloo- Thus
the Besov norm integrates over location at each scale and then combines over scale, while
the Triebel seminorm reverses this order. They merge if p = g: Bg, p = F ».p- Despite the
importance of the Triebel scale—F 1];,2 equals the Sobolev space W*, for example—we will
not focus on them here.

These are the “homogeneous” definitions: if f;(x) = f(x/t)/t, then the seminorms
satisfy a scaling relation: || f;|| ;3 = 1A/l £ ;- There are only seminorms since they
vanish on any polynomial. The “inhomogeneous” versions are defined by bringing in a “low
frequency” function ¢ with the properties that Supp ¢ C [—2,2], and ¢ > ¢ on [-5/3,5/3].
Then

1/q

1 £ llsg, = llg = flle, + (D C7140L,)")

Jj=1

with a corresponding definition for || f || rg,. These are norms for 1 < p,g < oo, otherwise
they are still quasi-norms

Many of the traditional function spaces of analysis (and non-parametric statistics) can
be identified as members of either or both of the Besov and Triebel scales. A remarkable
table may be found in [Frazier et al.| (1991)); here we mention the Holder spaces C* =
B, - & N, the Hilbert-Sobolev spaces W,* = Bj , and also the more general Sobolev
spaces W = Fp, for 1 < p < oo, with in all cases « > 0. If the window function ¥ also
satisfies the wavelet condition ) ; |1ﬁ(2‘f £)|?> = 1 a.e., then it is straightforward to verify
that | f'| By, 8 defined above satisfies

Flsg, = [ leP1f@Pa

corresponding with the Fourier domain definition of [(D® f).

[TIDY UP:] Using the Meyer wavelet, Lemarié and Meyer| (1986) established, among
other things, the equivalence fore € R and 1 < p, g < oco. for homogeneous Besov norms.
This result is extended to 0 < p,g < oo and the Triebel scale by |[Frazier et al.| (1991,
Theorem 7.20) After a discussion of numerous particular spaces, the inhomogenous Besov
case is written out in Meyer] (1990}, Volume 1, Chapter VI.10).

If (¢, ¥) have lower regularity (e.g. the Daubechies families of wavelets), then these
characterisations hold for restricted ranges of («, p, q). For example Meyer]| (1990, 1, ch.
VI.10), if ¢ generates an r— regular MRA, then (9.30) holds for p,q > 1, |a| < r.
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B.3 Besov spaces and wavelet coefficients

Let (¢, ) be an orthonormal scaling and wavelet function pair, complemented with bound-
ary scaling functions and wavelets to yield an orthonormal basis for L,[0, 1]:

f= Z,Bk(,‘bLk + Z Zejklﬁjk-
k

jzL k

We have made frequent use of Besov norms on the coefficients 8 = (Bx) and 0 = (0,.) =
(8x)- To be specific, define

If g, = 181, + 1016z, (B.16)

where, settinga = o +1/2—1/p

1017 = 1015, = > 216,11, (B.17)

J=L

In these definitions, one can take « € R and p, g € (0, oo] with the usual modification for p
or g = o0.

This appendix justifies the term ‘Besov norm’ by showing that these sequence norms are
equivalent to standard definitions of Besov norms on functions on L ,(I).

We use the term CDJV multiresolution to describe the multiresolution analysis of L,[0, 1]
resulting from the construction reviewed in Section It is based on a Daubechies scaling
function ¢ and wavelet 1 with compact support. If in addition, ¥ is C"—which is guaran-
teed for sufficiently large S, we say that the MRA is r-regular.

The main purpose of this section is to establish the following result.

Theorem B.9 Let r be a positive integer and suppose that {V;} is a r-regular CDJV mul-
tresolution analysis of L,[0, 1]. Suppose that 1 < p,q < oo and 0 < o < r. Let the Besov
function space norm || f || g, be defined by (B.26)), and the Besov sequence norm || f ||pg ,

by (B.16). Then the two norms are equivalent: there exist constants Cy, C, depending on
(o, p, q) and the functions (¢, V), but not on f so that

Cill fllog, = L1 By, = Call fllog, -

Equivalences of this type were first described by [Lemarié and Meyer| (1986) and de-
veloped in detail in [Meyer| (1992, Chapters 6 - 8). for I = R. Their Calderén-Zygmund
operator methods make extensive use of the Fourier transform and the translation invariance
of R.

The exposition here, however, focuses on a bounded interval, for convenience [0, 1], since
this is needed for the white noise models of nonparametric regression. On bounded inter-
vals, Fourier tools are less convenient, and our approach is an approximation theoretic one,
inspired by |Cohen et al.| (2000) and [DeVore and Lorentz|(1993)). The survey of nonlinear ap-
proximation, |[DeVore| (1998)), although more general in coverage than needed here, contains
much helpful detail.

The conditions on «, p, g are not the most general. For example,|Donoho|(1992) develops
a class of interpolating wavelet transforms using an analog of L, multiresolution analysis
for continuous functions with coefficients obtained by sampling rather than integration. For
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this transform, Besov (and Triebel) equivalence results are established for 0 < p,q < oo,
but with & now in the range (1/p, r).

An encyclopedic coverage of Besov and Triebel function spaces and their characteriza-
tions may be found in the books Triebel (1983|1992, 2006 2008)).

Outline of approach. One classical definition of the Besov function norm uses a modulus
of smoothness based on averaged finite differences. We review this first. The modulus of
smoothness turns out to be equivalent to the K—functional

K(fory=inf{||f —gl, +tlf N, : g€ W)}

which leads to the view of Besov spaces as being inferpolation spaces, i.e. intermediate
between L, (/) and W,(1).

The connection between multiresolution analyses {V/;} and Besov spaces arises by com-
paring the K —functional at scale 27"%, namely K( f,27"%), with the approximation error
due to projection onto Vg,

ex(f) =1 =Peflp.

This comparison is a consequence of two key inequalities. The ‘direct’ or ‘Jackson’ in-
equality, Corollary[B.17]below, bounds the approximation error in terms of the rth derivative

Lf = Pefllp < C27Ef O .

Its proof uses bounds on kernel approximation, along with the key property that each V; con-
tains P,_;. The ‘inverse’ or ‘Bernstein’ inequality, Lemma below, bounds derivatives
of g € Vg:

lg®1l, < C27* gl -

DeVore| (1998)) has more on the role of Jackson and Bernstein inequalities.

From this point, it is relatively straightforward to relate the approximation errors ey ( f)
with the wavelet coefficient norms (B.I7). The steps are collected in the final equivalence
result, Theorem

Moduli of smoothness and Besov spaces

This section sets out one of the classical definitions of Besov spaces, based on moduli of
smoothness, and drawing on |DeVore and Lorentz| (1993)), which contains a wealth of extra
material. For more on the extensive literature on Besov spaces and the many equivalent
definitions, see |Peetre| (1975); [Triebel (1983} |1992). An expository account, limited to R
and 0 < « < 1 is|Wojtaszczykl (1997).

The definition does not explicitly use derivatives; instead it is built up from averages, in
the L, sense, of approximate derivatives given by finite differences. For L , norms restricted
to an interval A, write

1710 = ([ 1reorrax) .

and, as usual, || f [leo(4) = sup,ey [f(X)].
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Let Ty f(x) = f(x + h) denote translation by /. The first difference of a function is
Ap(fix) = f(x+h)— f(x) = (Th — 1) f(x).

Higher order differences, for r € N, are given by

W) = (M= 1 f0) =) (,Z)(—l)”‘f(x +kh).  (B18)

k=0

To describe sets over which averages of differences can be computed, we need the (one
sided) erosion of A:set A, = {x € A : x +h € A}. The main example: if A = [a, b], then
Ap = [a, b — h]. The r'™ integral modulus of smoothness of f € L ,(A) is then

or(f.1)p = sup [AL(f)p(Arn)-

0<h=<t

For p < oo, this is a measure of smoothness averaged over A; the supremum ensures mono-
tonicity in . If p = oo, it is a uniform measure of smoothness, for example

@1(f:)oo = sup{[f(x) = fF(W)|. x.y € A, [x —y[ =7}

The differences Aj ( f, x) are linear in f, and so for p > 1, there is a triangle inequality

or(f +81)p Swr(fit)p + 0r(g.1)p. (B.19)
Again by linearity, [|A} (f,-)|l, <2"|| f ||, and so also
or(f0)p =27 flp. (B.20)
and more generally, for 0 < k <,
or(fi1)p <27 Fwr(fi1),. (B.21)
Forn € Nand 1 < p < oo it can be verified that
o (fint), <n"w.(fi1),. (B.22)

When derivatives exist, the finite difference can be expressed as a kernel smooth of band-
width /4 of these derivatives:

LemmaB.10 Let y be the indicator of the unit interval [0, 1], and x*" be its r'* convolution
power. Then, for f € W,

"(fix)=h" / FO(x 4+ hu) x*" (u)du. (B.23)

The easy proof uses induction and the fact that differentiation commutes with A;l_l. A
simple consequence of (B.23) is the bound

o (fi)p =t flw), (B.24)

valid for all # > 0. Indeed, rewrite the right side of l| ash” [ K(x,v) f ™) (v)dv, using
the kernel

K(x,v) =h™' y*" (h™ (v = x))
for x € I, and v = x + hu € I. Now apply Young’s inequality (C.22), which says that the
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operator with kernel K is bounded on L ,. Note that both M; and M, < 1 since x*" is a
probability density, so that the norm of K is at most one. Hence

IALCLI N pUrn) < BT flwgza,
and the result follows from the definition of w,.

B.11 Uniform smoothness. There are two ways to define uniform smoothness using mod-
uli. Consider 0 < o < 1. The first is the usual Holder/Lipschitz definition

|f|Lip(a) = Supt_awl(fv t)OO’
t>0

which is the same as (C.19). The second replaces the first-order difference by one of (possi-
bly) higher order. Let r = [o] + 1 denote the smallest integer larger than « and put

|f|LiP*(¢¥) = supt_"‘a),(f, 1)oo-
>0

Clearly these coincide when 0 < @ < 1. When @ = 1, however, Lip*(1) = Z is the
Zygmund space, and

| S +h)=2f(x) + f(x + h)|
x,xtheA h .

It can be shown (e.g. DeVore and Lorentz| (1993} p. 52)) that Lip* (1) D Lip(1) and that the
containment is proper, using the classical example f(x) = xlogx on [0, 1].

I/ iy = 1/ oo +

Besov spaces. Leta > 0 and r = || + 1. Let A = R, or an interval [a, b]. The Besov
space By  (A) is the collection of f € L,(A) for which the seminorm

\flps, = (/Ooo [W]q ?)1/4 ©25)

is finite. If ¢ = oo, we use | f'|pe ., = sup, 1 “w,(f.1),. The seminorm vanishes if f is a
polynomial of degree less than r. As norm on B}  (A), we take

I8y, = ILfIIp+ 1/ 1Bg,- (B.26)

If p=qg =ocoand o < 1, so that r = 1, we recover the Lip(«) or Holder-o« seminorm.
Ifo =1, thenr = 2 and B;o,oo is the Zygmund space.
A simple inequality between Besov and Sobolev norms states that for m € N,

lap < C/ D" 1.
I

Indeed, take r = m + 1 in the definition of the B}’  norm, then apply (B.21)) and (B.24) to
get

Om1(fit)p S 20n(fi1)p <217 flwy

so that | f'| gy, < 2| f|wy as required.

Remarks. 1. The assumption that r > « is used in at least two places in the equivalence
arguments to follow: first in the interpolation space identification of By ,, Theorem [B.12]
and second in Theorem[B.20|relating approximation error to the K-functional. This indicates
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why it is the Zygmund space—and more generally Lip* (o)—that appears in the wavelet
characterizations of B, ., for integer «, rather than the traditional C* spaces.

2. The modulus based definition is equivalent (on R") to the earlier Fourier form if o >
n(p™ —1)4,0 < p,q < o, (e.g. Triebel (1983, p. 110), [Fora > 0,1 < p,q < oo, see
also Bergh and Lofstrom|(1976| Th. 6.2.5))].

Besov spaces as interpolation spaces

This section shows that Besov spaces are intermediate spaces between L (1) and W, (1).
First we need the notion of K-functional, reminiscent of roughness penalized approxima-
tions in the theory of splines:

K(f.t) = K(f.t: Lp, Wp) = inf{|| f —gll, +1[D"gll, : g € W,

The main fact about K ( £, ¢) for us is that it is equivalent to the 7/ modulus of smoothness

wy(f,t)p — see Theorem below.

First some elementary remarks about K( f,¢). Since smooth functions are dense in L p, it
is clear that K( f,0) = 0. But K( f,¢) vanishes for all # > 0 if and only if f is a polynomial
of degree at most r — 1. Since K is the pointwise infimum of a collection of increasing linear
functions, it is itself increasing and concave. Further, for any f

K(f.t) = min(z, )K(f. 1), (B.27)
while if /€ W} then by choosing g equal to f orOas? < lorz > 1,
K(f.t) = min(, D[ fllws- (B.28)

A sort of converse to will be useful. We first state a result which it is convenient
to prove later, after Proposition Given g € W, let I1,_;g be the best (in L»(1))
polynomial approximation of r — 1 to g. Then for C = C(/,r),

lg = Tagll, = Clig™ . (B.29)
Now, let f € L, and g € W; be given. From the definition of K and (B.29),
K(fo)=Ilf —Hraagllp = 1/ —gllp + g =gl
<Ilf —glp+Clg®lp,
where C = C(/I,r). Hence, for all t > a,
K(f.t) <max(Ca™ ', 1)K(f a). (B.30)

The K—function K(f,) trades off between L, and W at scale 7. Information across
scales can be combined via various weighting functions by defining, for 0 < 6 < 1,

p(foq = /0 W[K%’ t)]qﬂ)l/q 0<g<oo (B.31)

t

and, when ¢ = 00, p(f)g,00 = SUPp<;<c0 79K (f.1).

Replacing K( f,¢) by min(1,¢) in the integral (B.31) leads to the sum of two integrals
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[3 1004141 and [°1=%47dr, which both converge if and only if 0 < 6 < 1. Hence
property shows that in order for p( f)g,4 to be finite for any f other than polynomials,
itis necessary that 0 < 6 < 1.

On the other hand, property shows that

P(og = cogll fllwg- (B.32)
We therefore define intermediate, or interpolation spaces
Xo,q = (Lp, W;)G,q =S €Lp:p(fleg < oo}

for0 <g <ococand0 < 6 < 1,andset || fllx,, = | fll, + p(f)o.q-
From the definition and (B.32),

W, C(Lp,Wpy)oq C Lp.
The parameters (6, g) yield a lexicographic ordering:
X91,t11 C ng’qz if 01 > 92, or if 91 = 02 and q1 < q>.

The main reason for introducing interpolation spaces here is that they are in fact Besov
spaces.

Theorem B.12 Forr e N,and1 < p <o00,0<qg<o00,0<a <r,
(Lp, Wp’)a/,,q = B;’,‘,q.
This follows from the definitions and the next key theorem, which shows that the K—function
is equivalent to the integral modulus of continuity.

Theorem B.13 (Johnen, ref) Let A = R,R;, T or[0,1]. For 1 < p < oo, andr € N,
there exist C1, C; > 0 depending only on r, such that for all f € L,

Cror(f.1)p < K(fit; Ly, WI) < G, (f.1) ) >0, (B.33)

Proof We work on the left inequality first: from the triangle inequality followed by
(B.20) and derivative bound (B.24)), we have for arbitrary g,

wr(f, t)p <o (f _gJ)p +wr(gat)p
<2 f —gllp +1"Iglw;-

Minimizing over g, we obtain the left inequality in (B.33)) with C = 2".
For the right inequality, we only give full details for A = R. Given f, we choose

g(0) = 700+ 0 [ AL (fxx (B34
By the Minkowski integral inequality (C.26),
lg = fllp < / 1AL (Sp ™ W)du < w,p(firt)p <17 0r(fi1)p, (B.35)

where the second inequality follows because y*" is a probability density supported on [0, r],

and the third uses (B.22)).
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Now estimate [ g || ,. Differentiate (B.34) with expansion (B.I8) for A7, (f, x) to get

g(r)(x) — 2’: (;) (_1)k+1 / f(r)()C + ktu))(*r(u)du

k=1

-2 (;)H)k“(kzmz,(ﬁ ),
k=1

where the second equality uses identity (B.23). Again using (B.22), we find

r r\, .
g, = (k)k o, (fkt), <20, (fi1),.
k=1

Putting this last inequality and into the definition of K(f,¢") yields the right hand
bound.

If A = [0, 1], then g is defined in forx € I; = [0,3/4]ift < 1/4r%. By symmetry,
one can make an analogous definition and argument for /, = [1/4, 1]. One patches together
the two subinterval results, and takes care separately of ¢ > 1/4r2. For details see (DeVore
and Lorentz, (1993, p. 176, 178). O

For work with wavelet coefficients, we need a discretized version of these measures.

Lemma B.14 Letr L € N be fixed. With constants of proportionality depending on 1,1, 0, q
and L but not on f,

Py = Y RITK(L 27, (B.36)
J=L

Proof Since K(f,t) is concave in ¢t with K(f,0) = 0, we have eK(f,t) < K(f, €t), and
since it is increasing in ¢, we have for 277U+D < ¢ < 2777

2TK(£,277) < K(£,277YFY) < K(f1) < K(f,27).
From this it is immediate that, with @ = 27", the sum Sz (f) in (B.36) satisfies

SL(f) = /O”[K(t{;,t)]qﬂ

t

with constants of proportionality depending only on (8, ¢, r). From (B.30),

/ W[K(f;’t)rﬂ < CIK(f.a)a™")"

t

where C depends on (I, L,r,0,q). Witha = 2L this last term can be absorbed in the
sum Sy (f), completing the proof. O

MRAs on [0, 1]

We use the term CDJV multiresolution to describe the multiresolution analysis of L5[0, 1]
resulting from the construction reviewed in Section It is based on a scaling function
¢ and wavelet i with support in [—S + 1, S] and for which i has S vanishing moments.
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The MRA of L;[0, 1] is constructed using S left and S right boundary scaling functions
LoR k=0 S—1
o0 k=0,... .
Choose a coarse level L so that 2& > 2S. For J > L, we obtain scaling function spaces
V; = span{gj} of dimension 2/. The orthogonal projection operators Pj: Ly(I) = V;
have associated kernels

Ej(x.y) =) ¢ (X)jx(y),
k
as may be seen by writing

PLAW) = Ym0 = [ 300 ) £y,
k

k

If in addition, ¥ is C"—which is guaranteed for sufficiently large S, we say that the MRA
is r-regular. Since ¥ is C" it follows (e.g. by Daubechies| (1992, Corollary 5.5.2)) that v
has r vanishing moments. The CDJV construction then ensures that P,_;, the space of
polynomials of degree r — 1 on [0, 1] is contained in V7. In fact, we abuse notation and write
Vi—1 = Pr_1. The corresponding orthogonal projection operator Py : Lo(I) — Vi

has kernel
r—1

Mo (xy) =) pe)pe(y)  x,y el (B.37)
k=0

Here pr(x) = +/2k + 1Px(2x — 1) are orthonormal on L5[0, 1] with Pi(x) being the
classical Legendre polynomial of degree k on [—1, 1] (Szegd |[1967).

A simple fact for later use is that P; have uniformly bounded norms on L ,[0, 1]. To state
it, define

aq(¢) = max{lllg. g g I lg. k = 0.....8 =1},

Lemma B.15  Suppose that {V;} is a CDJV multresolution analysis of L0, 1]. Then for
l<p=o0

1Pl <2Sai(¢)ac(e), (B.38)
| PL—1ll, < C(r). (B.39)

Proof We simply apply Young’s inequality (C.22)). For j > L, we need the bounds
Slen] =252 ante). [ lontldy 27 axe)
k

from which it follows that [ | E; (x, y)|dy < 2Sa1(¢)aso(¢) and similarly for [ |E; (x, y)|dx.
We argue similarly for j = L — 1 using the bounds

r—1
Yimmizcr [inmiy <1 0
k=0

With the addition of boundary wavelets 1//kL, w,f, k =0,...,5 — 1, one obtains detail
spaces W; = span{y/jx,k = 0,...,2/ — 1} and the decomposition

Ly[0,1] =VL @ @=L W,.
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Approximation Properties of Kernels and MRA’s

We first look at the approximation power of a family of kernels Kj(x, y). Let I C R be an
interval — typically I = [0, 1] or R itself. Define

Knf(x) = /I Ka(x. ) f(y)dy xel.

In the proof to follow, || f||, = (/; | £17)Y/? is the L, norm on /.
Proposition B.16  Suppose that the kernel Ky (x, y) satisfies
(i) Kpnm=mn forme P,
(i) Kn(x,y)=0 if|y —x[> Lh,
(iii) |Kn(x,y)| < Mh™".

on an interval I C R. For p > 1, there exists a constant C = C(L, M, r) such that for
fewy),
If = Knfllp < CR"|D" fllp, h>0.

The key requirement is that K, preserve polynomials of degree at most r — 1. Assumption
(ii) could be weakened to require sufficient decay of K, as |[x — y| grows.

Proof A function f € W () has continuous derivatives of order k = 0, 1,...,r — 1. If
x € I, we may therefore use the Taylor approximation to f at x by a polynomial 7, of
degree r — 1, so that f(y) = mx(y) + Rx(y) with the integral form of the remainder term

y
R:(y) = ¢, / (D" £Y(w)(y —u)""'du, 1 =1/(r = 1)!

Since K}, leaves such polynomials invariant, Ky, f = m, + Kp R, and since 7, (x) = f(x),

(K f)(x) — f(x) = /1 Kn(x. »)Re(3)dy
y
— | , =1 ()
. /1 Kn(x. ) / O —uw)~ O ) dudy
:/kh(x,u)f“)(u)du,
I

where Kj,(x,u) is a new kernel on I x I, about which we need only know a bound, easily
derived from the above, along with conditions (ii) and (iii):

Bye)| < cMhY(Lh)" if|x —u| < Lh
x,u)| <
’ 0

otherwise .

Since [, |Kn(x,u)|du < 2cL"™'MA’, with a similar bound for the corresponding inte-
gral over x € I, our result follows from Young’s inequality (C.22) with M; = M, =
2eL"TIMK. O

A common special case occurs when K (x,y) = h~'K(h™'(x — y)) is a scaled trans-
lation invariant kernel on R. Condition (i) is equivalent to the vanishing moment property
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[t*K(t)dt = 8o fork = 0,1,...,r — 1. If K(y) is bounded and has compact support,
then properties (ii) and (iii) are immediate.

As a second example, consider orthogonal polynomials on / = [0, 1] and the associated
kernel IT,_;(x, y) given in (B.37). Assumptions (i) - (i) hold for # = L = 1. The bound
|P,(x)| < 1on[—1,1] shows that (iii) holds with M = r2. Consequently, for f € Wy (I)
and setting C = 2r/(r — 1)!, we obtain || f — I, f ||, < C | £ ||, which is just (B:29).

Our main application of Proposition [B.16]is to multiresolution analyses.

Corollary B.17  Suppose that {V;} is a CDJV multresolution analysis of L[0, 1]. Let P;
be the associated orthogonal projection onto V;, and assume that 2/ > 2S. Then there
exists a constant C = C(g) such that for all f € W, (1),

If=Pifllp < C277 | flw;.

Proof We claim that assumptions (i)-(iii) hold for the kernel £; with / taken as 27/, The
CDJV construction guarantees that P;_; C V; so that (i) holds. In addition the construction
implies that (ii) holds with L = 2.5 and that

#Hk @jr(X)@jx(y) # 0} <28.

It follows that (iii) holds with M = 2pa2_(¢). O

Bernstein-type Inequalities

First a lemma, inspired by Meyer] (1990, p.30), which explains the occurence of terms like
2/(/2=1/P) jp sequence norms.

Lemma B.18 Let {y i,k € K} be an orthonormal sequence of functions satisfying

(i) Zl)/jk(x)l < boo2'/?, and
&

(i) max / Vsl < by272,
Then for all 1 < p < oo, and any sequence A = (Ag,k € K),

C,270/2=1UP |3, < szk)/jk H < G/ UP| . (B.40)
P
k

Here Cy = b7 (b1 /boo)? and Cy = boo (b1 /boo)'/?.

Remarks. 1. If ¢ is an orthonormal scaling function and y;x(x) = 2//2¢(2/x — k) for
k € Z, and |supp¢| < B, then (i) and (ii) are trivially satisfied with b, = B||¢||c and
by = o[-

2. If {yjx} = {¢jk} correspond to a CDJV boundary MRA for [0, 1] derived from a
scaling function ¢ with supp¢ C [—S + 1, S], then (i) and (ii) hold with boe = 2Sacc(¢)
and b; = a;(¢). Analogous remarks apply with wavelets, when {yx} = {Vj«}.

3. The right side in does not require the assumption of orthonormality for {yx}.
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Proof This is just the extended Young inequality, Theorem Identify u(dx) with
Lebesgue measure on R and v(dy) with counting measure on k € K. Then match K(x, y)
with y;(x) and f(y) with Ax. Conditions (i) and (ii) imply that M; = a,27//? and
M, = as2’/? suffice for the conditions of the theorem. The right hand inequality above
now follows from (C.22). Note that orthonormality of {yz} is not used.

For the left hand inequality, assume that g(x) = >, Axyjk. Since the {y i } are orthonor-
mal,

K*ox = [ yatgtody = i
and now the result follows from the adjoint form (C.23) of Young’s inequality. O
Now to the variant of the Bernstein inequality that we need. We now require v to be C”.

Lemma B.19  Suppose that {V;} is a r-regular CDJV multresolution analysis of L,[0, 1].
ForgeViand1l < p < oo,

1D gllp < 2" lgllp-

Proof Since g € V;, it has an expansion g§ = ) Ax¢jk, and so
D'g =Y MD'gx =2" > hvik,

where the functions y ;i are formed from the finite set {D" ¢, D’¢£, D’¢,i} by exactly the
same set of linear operations as used to form ¢ jx from the set {¢, ¢£, b4}

Since the {¢;x} system satisfy the conditions (i) and (ii) of Lemma the same is true
of the {y;x} system. From the right side of that Lemma,

1D gl = 27713 Aaysilly < 227727027 1P ],
Now apply the left side of the same Lemma to the (orthogonal!) {¢ %} system to get

1D7gllp < c2e1 27| Ayl = 2127 gl 0

Approximation Spaces and Besov Spaces

This section relates the approximation properties of a multiresolution analysis to the be-
haviour of the K—functional near 0. Specifically, let the approximation error of a function
S € W, (I) by its orthogonal projection Py f onto the space Vi be given by

ex(f) =/ = Pefllp-

We will show that the rate of decay of e (f) is comparable to that of K( f,277%), using the
Jackson and Bernstein inequalities, Corollary and Lemma [B.19| respectively. In order
to handle low frequency terms, we use the notation V;_; to refer to the space of polynomials
of degree at most » — 1, and adjoin it to the spaces Vi, k > L of the multiresolution analysis.

Theorem B.20 Suppose that {V;} is a r-regular CDJV multresolution analysis of L,[0, 1].
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Letr € Nbe given. For 1 < p < 00,0 < g <ooand0 < a < r. With constants depending
on (o, p,q,r,¢, V), but not on f, we have

oo oo

Y oR*e (NI = Y 2FK(£27)) (B.41)

L—-1 L-1

Proof 1°. The main work is to show that fork > L — 1

k
Crex(f) < K(f,27¥) <G Y7 27 7¢(f). (B.42)

j=L-1

For the left hand inequality, let /' € L, and g € W be fixed. Write f — Py f as the sum
of (I — Pr)(f —g) and g — Prg, so that

ex(f) = = P)(f =+ ex().
It follows from (B.38) that ||/ — Pi|, < 1 4 aia. Together with Jackson inequality
Corollary B.17|for k > L and (B.29) for k = L — 1, this yields
ex(f) = Cll S —gllp +27"Iglw]-

Minimizing now over g yields the left side of (B.42).

For the right inequality, set ; = P; f — Pj_1f € V; and write Py f = ZI;=L v+
Pp_, f.Now Pp_, f is a polynomial of degree at most r — 1, so | Py f'|w; = 0. For the
other terms, apply the Bernstein inequality Lemma[B.19|to obtain

k k k
Peflwg < D [Wilwy <2 D 27505 < €2 Y27 e, (f) + ().
L L

Jj=L

Finally, put this into the K—function definition:
K(f27) < \If = Pefllp + 27 1P flwg

k
<1+27%e) Yo 27® e
j=L-1
2°. The left to right bound in is immediate from (B.42). For the other inequality,
let by = 2% ¢, (f)and ¢ = 2""‘K(f, 2_”‘) for k > L — 1 and 0 otherwise. Then bound
says that ¢ < Z;‘;L_l ak—jb; fork > L — 1, where ax = C27K0=®) [ {k > 0}.
Our bound ||c|ly < ¢;oC2||b]l4 now follows from Young’s inequality (C.23). O

Wavelet coefficients, finally

The last step in this chain is now quite easy, namely to relate seminorms on wavelet coef-
ficients to those on approximation errors. Let Q ; be orthogonal projection onto the details
space W;, thus Q; = P;41 — P;. Suppose that for fixed j, {{/x} is the orthonormal basis
for W; so that

Qi f = 0iuVjk. O = (L)
k
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Let ||6,.]| , denote the £ ,—norm of (6jx),anda = o +1/2—1/p.

Lemma B.21 Fora > Oand 1 < p < oo, and an r—regular CDJV multiresolution
analysis of L,[0, 1],

DoRTNQ S 11 = IRV, = YR (NN

Jj=L Jj=L Jj=L

X

Proof The first equivalence follows from Lemma [B.18|and the Remark 2 following it:
1011l = 27427120, 1, (B.43)

For the second equivalence, let 6y = ||Qk f ||, and ex = ex(f) = || f — Px f || p. Clearly
8k < er + er+1, which suffices for one of the inequalities. On the other hand, ' — P; f =

Dksj Qkf.andsoe; <3 ;. . &, or equivalently
2e; <y amekpky,
k>j
The other inequality now follows from Young’s inequality (C.23). O
Remark. The same argument as for applies also to the projection onto Vi, given
by Prf = > Brdrk to show that, with B = (B),
1PLf || = 222212y, (B.44)

Summary: norm equivalence

We assemble the steps carried out in earlier sections.

Theorem B.22 Let r be a positive integer and suppose that {V;} is a r-regular CDJV mul-
tresolution analysis of L,[0, 1]. Suppose that 1 < p,q < oo and 0 < o < r. Let the Besov
function space norm || f || pe, be defined by @, and the Besov sequence norm || f |2,
by (B.16). Then the two norms are equivalent: there exist constants Cy, C, depending on
(o, p, q) and the functions (¢, V), but not on f so that

Cill flloz, < IIflBg, < Call fllo,-

Proof We combine the definition of the Besov seminorm (B.25)), the equivalence of mod-
ulus and K —functional (B.33) (with s = ¢” and 6 = «/r), the dyadic discretization (B.36))
and the («, ¢)—equivalence of K—functional and MRA-approximation errors (B.41) to find

0o (D)) qd
iy - o]

re t
_ [CTK(f9)] ds
- 55
> RYK(f27))

j=zL-1

> RYe ()

J=L-1

X

X
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Note that the sums here begin at L — 1.
On the other hand, the previous section showed that for sums beginning at L, we may
pass from the MRA approximation errors to the Besov seminorm on wavelet coefficients:

D R%e () < 16017 (B.45)
j=L

Although the ranges of summation differ, this is taken care of by inclusion of L, norm of
f, as we now show. In one direction this is trivial since the sum from L is no larger than the
sum from L — 1. So, moving up the preceding chain, using also (B.44) with (B.38), we get

11l = 1B, +101s < CllPLS N, + Clf 8 = CULSNp + 1/ 18) = Cl S5

In the other direction, we connect the two chains by writing | f|g < Cler—1(f) + |6]s]

and observing from (B.39) that ey 1 (f) < [ — Pr—1llpllfll, < C| flp. Consequently,
1A s =11, +1f18=CUSflp+10]5).

Now || fll, < e(f) + |PLf ||, which is in turn bounded by C(|6], + [|8]5) by (B.43)
and (B.44). Putting this into the last display finally yields || f ||z < C|| f |l5- O

B.4 Vaguelettes and frames

We rewrite Definition without the rescaling operators. A collection {w,} with A =
(j.k)and j € Z,k € A; C Zis called a system of vaguelettes if there exist constants
C1, C, and exponents 0 < n < 1’ < 1 such that

lwy(x)] < C272(1 + [27x —k|)~77, (B.46)
/w,x(x)dx =0, (B.47)
lwj (X)) — wy(x)] < C27/ 24 | — |7, (B.48)

Proof of Proposition[I2.3} (i) (Meyer and Coifman, 1997, Ch. 8.5) Let K;,» = [ wawy,
our strategy is to use Schur’s Lemma|[C.19to show that K is bounded on £,. The ingredients
are two bounds for |K; ;/|. To state the first, use to bound |Ky;/| < C27V' =721,
where L) - is the left side of the convolution bound

/ 2IN" dx - C
(1 + 27 x =k (1 4 |27 x = k') = (1 + 2078 |k'2=0" — k2-7|)1+n"”

(B.49)

verified in Exercise Denoting the right side by CM ;;”,, the first inequality states

|Kau| < 270 =012 00 (B.50)

For the next inequality, use the zero mean and Holder hypotheses, (B.47) and (B.48), to
argue, just as at (9.23) and (9.26), that for j' > j,

| K| < C2j(1/2+")/ e — k"2 [wys (x) |dx.
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Using again (B.46)) to bound wy, and then n < 1’ to assure convergence of the integral, we
arrive at the second inequality

|Kar| < Cp27 1710724, (B.51)

The two bounds are combined by writing | K |'~?|K3/|® and then using (B-50) in the
first factor and (B.51)) in the second to obtain

| K| < C327 V77107240 pp ks (B.52)

by setting § = 01 for 6 > 0 sufficiently small that 1 + & < (1 — 0)(1 + 7).

We apply Schur’s Lemmwith weights p; = ) = 277/2 so that, noting the sym-
metry of K, , we need to show that S; = 2712 > |K,W|2_j//2 is uniformly bounded in
A = (jk). From we need to bound

(= )/2 7 =111/24+8) 148
D 2R D M.
j/ k/

Consider the sum over k. If d = j' — j > 0, then

274 dt
274 MH = <27 /—<C,
LM =2 =y =2 g <O

while if j' < j with e = 277/, the terms M}/’ < C(1 + [k’ — ke|)™'~% have sum
over k' uniformly bounded in k and ¢ < 1. Hence in both cases, > ., M ;;8 is bounded by
Cs2U' =D+ Since u + |u| —2uy = 0, we have S < C > 27817"=J1 < C uniformly in A
as required.

(ii). The biorthogonality means that Y |e; |* = (Y aaua, Y. @, v,,), and hence by Cauchy-

Schwarz that
ol < 1S apalll S vl

From part (i), we have || Y a,v,| < Cll|, so it follows that | Y ausl > C71«].
Reverse the roles of # and v to establish the same lower bound for || Y o v, - O

Proof of Theorem[9.6] We abbreviate || f ||w; by || f ||, and the sequence norm in (9.28) by
Il £11?. We establish || £]|, < C [|.£]l, for f € V; and conclude by density. For f € V; we
can differentiate term by term to get

J
D f =Y Bepg + Y. 270,y =D fo + D" fi.
k j=0 k

Under the hypotheses on 1, it was shown in Section example 1, that {(y?),} is a
system of vaguelettes and hence by Proposition[I2.3]satisfies the frame bounds (9.27). Apply
the frame bound to conclude that | D" 1]l < C || ||, and Lemma[B.18|(for p =2, j =0
with orthogonality not required) to obtain ||D” fo|l. < C Y B7. Putting these together, we
get || fllr < C|lfl, for f € V. The density argument says that for f € W), we have
P;f — finL,andthat D" Py f is an L, Cauchy sequence (since | D" (Py f — Pk f)|2 <
C |||PJf — PKf|||r) SO PJ — f in W2r.
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In the other direction, for f € Vj, we have D" f = 3, _;, 27" wir), since the sum
converges in L, at J = —oo from the frame bound. Hence

32063 < 3 (296,07 < C2D" £

Jj=0.k J=<J.k

while Y~ 82 < || £ 3. Add the bounds to get || f]|7 < C2|| £||? and extend by density. [

B.5 Notes

E} Footnotes such as this will be used to explain certain simple details. Thus, if 7(§) =
S e ¥, with 1 € R, then [r(§) = rE)r*(€) = r®)r(=§) = Y, see i is
both real and even, so s_x = s and hence it is a polynomial of degree m in cos& =
1 — 2sin?(£/2). In addition, |(1 + e77¥)/2]> = cos?(£/2).

Pl 1f Py, P, are degree p — 1 solutions of (B.14), then Q = P; — P, satisfies (1 —
y)PO(y) + y?Q(1 — y) = 0, which implies that the degree p — 1 polynomial Q has
QW) =0for0<j < pandso Q =0.

B.1

Exercises

Verification of (B49). (a) Sett = 2/'x —k,p = 2/77" and A = k — pk’ and show that the
inequality reduces to

/°° di - Sy

—oo (L+|pt =AY + [ty = (1 + A1)
fory=14+7n>1land0<p<1,A€R.

(b) Show that for A < 1 this bound is immediate and for A > 1set g(¢) = (1+|A—pt])(1+]z])
and obtain the inequality from the bounds

(T+ )1+ 2] t<0,

T+ A/2)(1+1) 0<t</(2p),
A/A+ [t —=A/pD)  A/2p) =t =A/p.
AL+t —21/p) t>A/p.

g(t) =



Appendix C

Background Material

The reader ... should not be discouraged, if on first reading of §0, he finds that he does
not have the prerequisites for reading the prerequisites. (Paul Halmos, Measure Theory).

Here we collect bits of mathematical background, with references, that are used in the
main text, but are less central to the statistical development (and so, in that important sense,
are not prerequisites). Not a systematic exposition, this collection has two aims: initially to
save the reader a trip to an authoritative source, and later, if that trip is needed, to point to
what is required. References in brackets, like [, indicate sections of the main text that
refer here.

Hilbert spaces etc. [§1.4] [add, also refs.] If{y;,i € I}isacomplete orthonor-
mal basis for L,(T'), then f can be expanded as ) _; ¢;¢; with coefficients ¢; = [ f¢; that
satisfy the Parseval relation

[ 1rord = jar (R}

iel

C.1 Norms and gquasi-norms.

Compact operators, Hilbert-Schmidt and Mercer theorems. [{3.8]

We begin with some definitions and notation, relying for further detail on|Reed and Simon
(1980, Ch. VL.5,6) and Riesz and Sz.-Nagy| (1955, Ch. VI, §97,98).

Let H and K be Hilbert spaces, with the inner product denoted by (-, -), with subscripts H
and /C shown as needed. A linear operator A : H — K is bounded if || A|| = sup{|| Ax||« :
|x]|#} < oo. The null space of 4 is N(A4) = {x : Ax = 0}. The adjoint operator A* : kL —
‘H is defined by the relations (4*y, x)» = (y, Ax)x forall x € H,y € K. Operator A is
self-adjoint if A* = A. We say A is compact if A takes bounded sets to sets with compact
closure, or equivalently, if for every bounded sequence {x,} C H, the sequence {Ax,} has
a convergent subsequence.

Theorem C.2 (Hilbert-Schmidt) Let A be a compact self-adjoint linear operator on H.
There exists a complete orthonormal basis {¢,} for H such that

Ay = Ay@n, with A, € Rand A,, — 0asn — oo.

376
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The Singular Value Decomposition. Suppose A : H — K is linear and compact. Then
A*A : 'H — H is self-adjoint and compact, and so the Hilbert-Schmidt theorem yields an
orthonormal set {¢, } with positive eigenvalues

A*Ap, = b2g,, b% > 0.
The set {¢,} need not be complete! However A*A = 0 on the subspace N(4) = N(A*A)
orthogonal to the closed linear span of {¢, }. Define
Apn
I Al

Yn = n A

The set {1, } is orthnormal, and

Ay, = by, A Yy = bpoy. (C2)

It can be verified that {v,,} is a complete orthonormal basis for the closure of the range of
A, and hence that for any f € H, using (C.2)

Af = ZAfwn Yn =Y balfs0n)Vn. (C3)

Relations (C.2)) and (C.3) describe the singular value decomposition of A, and {b,} are the
singular values.
We have also

= b (AL V) +u, u € N(A). (C4)
In (C.3) and (C.4)), the series converge in the Hilbert norms of /C and H respectively.

C.3 Kernels, Mercer’s theorem. [{3.9] §3.8]] An operator A € L(H) is Hilbert-Schmidt if
for some orthobasis {e; }

1AIzs = Y I(ei, Aej)I?
i,
The value of ||A[|% ¢ does not depend on the orthobasis chosen: regarding A as an infinite
matrix, || 4|3 ¢ = tr A* A. Hilbert-Schmidt operators are compact. An operator 4 is Hilbert-
Schmidet if and only if its singular values are square summable.

Further, if H = L?(T,du), then A is Hilbert-Schmidt if and only if there is a square-
integrable function A(s, t) with

Af(s) = / AGs.0) f(O)du(0).

and in that case

1Al s = // |AGs. 1) P (s)dp(0). C.5)

Suppose now that T = [a,b] C Randthat A : L2(T,dt) — L?(T, dt) has kernel A(s, 1).
The kernel A(s,t) is called (i) continuous if (s,t) — A(s,t) is continuous on T x T, (ii)
symmetric if A(s,t) = A(t,s), and (iii) non-negative definite if (Af, f) > 0 for all f.
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These conditions imply that A is square-integrable, [[. . A%(s,t)dsdt < oo, and hence
that A is self-adjoint, Hilbert-Schmidt and thus compact and so, by the Hilbert-Schmidt
theorem, A has a complete orthonormal basis {¢, } of eigenfunctions with eigenvalues A2.

Theorem C.4 (Mercer) If A is continuous, symmetric and non-negative definite, then the
series

A(s, 1) = ) A2gn(s)gn (1)

converges uniformly and in L>(T x T).

[§12.2]] In constructing the WVD in Chapter[I2] in some cases it is necessary to consider
possibly unbounded linear operators A defined on a dense subset D(A) C L,(T). See, for
example, Reed and Simon| (1980, Ch. VIII). We give a useful criterion for the existence of
representers g for linear functionals ( f, ), in the sense that [Af, g] = (f, ¥). Let R(A) de-
note the range of A. The following formulation is from |Donoho| (1995) and |Bertero| (1989).

Proposition C.5 Suppose that A : D(A) C Lo(T) — L,(U) with D(A) = L,(T) and
that A is one to one. For a given \ € L,(T), the following are equivalent:
(i) There exists g € L,(U) such that

(fLy)=1[Afgl forall € D(A).
(ii) There exists C such that {f, ) < C||Af |2 forall f € D(A).
(iii) ¥ € R(A*).
Proof We prove (iii) = (i) = (ii) = (iii). If ¥ = A*g, then (i) follows from the definition
of A*. Then (i) = (ii) follows from the Cauchy-Schwarz inequality with C = || g||».
(i) = (iii). The linear functional Lh = (A~'h, ) is well defined on R(A) since 4 is
one-to-one. From the hypothesis, for all A = Af, we have |Lh| = |{f, ¥)| < C| k||2. Thus

L is bounded on R (A) and so extends by continuity to a bounded linear functional on R(A4).
The Riesz representation theorem gives a g € R(A) such that

[Af.g]l = L(Af) = (f.¥)  forall f € D(A4).
Since (f, A*g) = (f, ¥) for all f on a dense subset of L,(T), we recover vy = A*g. [

[§4.2]. An extended form of the dominated convergence theorem, due to |Young| (1911)
and rediscovered by [Pratt (1960), has an easy proof, e.g. Bogachev| (2007, Vol I, Theorem
2.8.8)

Theorem C.6 If f,, g, and G, are ji-integrable functions and

L fo— f, & — gand G, — G a.e. (), with g and G integrable,
2. g0 < fu <Gy foralln, and

3 [gn— [gand [ G, — [ G,
then f is integrable, and [ f, — [ f.
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Covariance inequality. [Exer.[4.2]]. Let Y be a real valued random variable and suppose
that f(y) is increasing and g(y) is decreasing. Then, so long as the expectations exist,

E[f(Y)g(Y)] = E[f(Y)]E[g(Y)]. (C.6)

[§7.1] §12.2] §B.1]|. The Fourier transform of an integrable function on R is defined by

£ = / Fx)e ¥ dx. €7

If f is sufficiently nice (SEE REF'S), it may be recovered from the inversion formula
I [ . ;
=5 [ F@etae
T Joo

The function f has p vanishing moments, i.e. [ x* f(x)dx =0fork =0,1,...,p—1,
exactly when the derivatives f(k) 0)=0fork=0,1,....,p—1.
The Parseval (or Plancherel) identity states that if f,g € L1 N Lo,

[ 1ozt = o [ Fez@ae 8

[ §14.5]]. The Poisson summation formula (Dym and McKean| [1972| for example)
states that if (1 + x*)[| f(x)| + [f'(x)] 4 | f”(x)[] is bounded (or if the same condition
holds for f), then

Y fk)y =" f@rk). (C.9)
keZ keZ

When applied to f(x) = g(x + t), this yields a representation for the periodization of g
(REF??):

> gt +k)y=>) ek g@2nk), t €R. (C.10)
k k

Some further properties of the Gaussian distribution. [§2.§]|.

Lemma C.7 .(a)IfX ~ N,(i, Z) and M is an mxn matrix, then MX ~ Ny,(Mu, MEMT).
(b) If X ~ N,(0,0%1) and U is an n x n orthogonal matrix, then UX ~ N,(0,0%1)
also.
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C.8 Brownian motion, Wiener integral. [§1.4] §3.9]|. A process {Z(t),t € T} is Gaussian
if all finite-dimensional distributions (Z (1), ..., Z(t)) have Gaussian distributions for all
(t1.t2, ..., 1) € T* and positive integer k. It is said to be continuous in quadratic mean if
E[Z(t +h)—Z(@)]* - 0ash — Oatall ¢.

The following basic facts about Brownian motion and Wiener integrals may be found, for
example, in [Kuo| (2006, Ch. 2). Standard Brownian motion on the interval [0, 1] is defined
as a Gaussian process {W(¢)} with mean zero and covariance function Cov (W (s), W(t)) =
s A t. It follows that {W(¢)} has independent increments: if 0 < #; < 1, < --- < t,, then the
increments W(t;) — W(t;—;) are independent. In addition, the sample paths t — W(t, w)
are continuous with probability one.

The Wiener integral X = I(f) = fol f()dW(t) of a deterministic function f is defined
first for step functions and then for f € L5[0, 1] by convergence of random variables in the
Hilbert space L,(£2) with inner product (X, Y) = EXY . In particular, the identity

(/. &)Lo10.1 = EICS)I(g)

holds, and I(f) ~ N(O, || f113). If f is continuous and of bounded variation, then 7(f') can
be interpreted as a Riemann-Stieltjes integral.
If {¢; } is an orthonormal basis for L,[0, 1], then f = > (1, ¢;)¢; and

I(f) =Y (fro (@),

where the variables z; = [(¢;) are i.i.d. standard Gaussian, and the series converges almost
surely. In particular,

W 2 Y x| ads

with the series converging almost surely (Shepp, [1966)). Particular examples for which this
representation was known earlier include the trigonmetric basis ¢ (f) = /2 cos(k — %)th
(Wiener) and the Haar basis ¢ (1) = 2//2h(2/t — k) for h(t) equal to 1 on [0, 1] and to —1
on [%, 1] (Lévy).

[§8.10} §13.5]. The moment generating function of a standard Gaussian variable is
EeP? = o2, (C.11)

Proposition C.9 (Talagrand (2003), Proposition 1.1.4.) Let zy,...,z, ~ N(0, 1). Then

n 172 .
Bzi 3B% +logn  ifp < /2logn
Elog(XI:e )5{ A

and, as a consequence,

(C.12)

Emaxz; < /2logn. (C.13)

i<n

Note that the z; need not be independent.
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Proof Let ¢,(B) = Elog ( M ez ) From the moment generating function (C.11)), we
have E Y ef% = nef’/2. The first bound in follows from Jensen’s inequality and
concavity of the logarithm.

Since Bmaxz; < log (Y ] eﬁzf), we conclude that E maxz; < %,B + B~ 'logn, and
substitute § = y/2logn to obtain (C.13).

Write now A, = /2 logn and observe that for all j.

$n(B) = E(Zzieﬂz’/zeﬁz’) < Emaxz; < Ay,

while from the first part of (C:12) we have ¢, (1,) < A2. Consequently ¢, (8) < A, for all
B > A,, which is the second part of (C.12). O

[§8.9]l. Weak law of large numbers for triangular arrays. Although designed for vari-
ables without finite second moment, the truncation method works well for the cases of

rapidly growing variances that occur here. The following is taken from Durrett| (2010, Thm
2.2.6).

Proposition C.10 For each n let Xyx,1 < k < n, be independent. Let b, > 0 with
by, — o0, and let Xpx = Xuk I{| Xnk| < bn}. Suppose that as n — oo,

(i) Y ki P(1Xnk| > by) — 0, and

(ii) b2 Y iy EX% — Oasn — oo. )

Let Sy = Xp1 + ...+ Xun and put ay = _y E Xyk. Then

Sp = an + 0,(by).

[Orthogonality of measures]
[Support of ul

[Convex Set]

[l.s.c. and max on compact]
[metric space: seq cty = cty]

C.11 [complete, separable, metrizable, Borel field, Radon measure,
second countable, Hausdorff....]

A subset K of a metric space is compact if every covering of K by open sets has a finite
subcover.

A subset K of a metric space is totally bounded if it can be covered by finitely many balls
of radius € for every € > 0.

[Ref: Rudin FA p 369] If K is a closed subset of a complete metric space, then the fol-
lowing three properties are equivalent: (a) K is compact, (b) Every infinite subset of K has
a limit point in K, (c) K is totally bounded.

[(§4.2] §4.4].. First recall that a function f : X — R on a topological space X is lower



382 Background Material

semicontinuous (Isc) iff {x : f(x) > t}is open for all ¢, or equivalently if {x : f(x) <t} is
closed for all ¢.
If { f : @ € A} is a set of lower semicontinous functions, then the pointwise supremum

J(x) = sup fo(x)

a€A

is lower semicontinuous.

C.12 If X is compact, then an Isc function f attains its infimum: infyex f = f(xo) for
some xo € X.

[If X is 1st countable, then these conditions may be rewritten in terms of sequences as
f(x) <liminf f(x,) whenever x,, — x.]

A function g is upper semicontinuous if f = —g is Isc.

Weak convergence of probability measures. [§4.4]. Let Q be a complete separable metric
space—for us, usually a subset of R” for some n. Let P(£2) denote the collection of prob-
ability measures on 2 with the Borel o—algebra generated by the open sets. We say that
m, — m in the weak topology if

/de,, —>[de (C.14)

for all bounded continuous ¥ : 2 — R.

A collection P C P(R2) is called right if for all ¢ > 0, there exists a compact set K C
for which 7(K) > 1 — ¢ for every m € P.

Prohorov’s theorem (Billingsleyl 1999, Ch. 1.5) provides a convenient description of com-
pactness in P(2): aset P C P(2) has compact closure if and only if P is tight.

Thus, if Q@ = [—r, 7] then P(2) has compact closure. If @ = Rand P = {7 :
[101P(df) < nP}, then Markov’s inequality shows that 7w([—M, M]¢) < n?/M? for
any 7 € P, so that P is tight and hence weakly compact.

C.13  Vague convergence. [§4.4]. Let Q@ = R and P (R) be the collection of sub-stochastic
measures on R. Equivalently, P, = P(R) for R = R U {#00}, allowing mass at £=c0. We
say that ,, — 7 in the vague topology if holds for all continuous ¥ with compact
support, or (equivalently) for all continuous ¥ that vanish at +oo.

Clearly weak convergence implies vague convergence, and if P C P(R) is weakly com-
pact, then it is vaguely compact. However P (R) is not weakly compact (as mass can escape
to £oo) but P4 (R) is vaguely compact. [REF?]

[(§4.2] §8.7]|. The Fisher information for location of a distribution P on R is

'dP)?
() = sup %—de), (C.15)

where the supremum is taken over the set C; of C'! functions of compact support for which
[ ¥*dP > 0. For this definition and the results quoted here, we refer to Huber and Ronchetti
(2009, Chapter 4), [HR] below.
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It follows from this definition that /(P) is a convex function of P. The definition is how-
ever equivalent to the usual one: /(P) < oo if and only if P has an absolutely continuous
density p, and [ p?/p < oco. In either case, I(P) = [ p"*/p.

Given Py, Py with I(Py),I(P1) < ocoand 0 <t < 1,let P, = (1 —t)Py + tP;.
Differentiating I(P;) = [ p/?/p: under the integral sign (which is justified in HR), one
obtains

d 206, , .\ _ PG
SPlmo = [ 220}~ iy~ 251 - po)
po Po (C.16)
— [ 2000}~ vipldx ~ 1Po)

where we have set Yo = —p;/po for terms multiplying p| and p; and observed that the
terms involving only pg and p collapse to —1(Pp).

Since I1(P) is the supremum of a set of vaguely (resp. weakly) continuous functions, it
follows that P — I(P) is vaguely (resp. weakly) lower semicontinuousﬂ Consequently,
from|[C.12} if P C P+ (R) is vaguely compact, then there is an Py € P minimizing /(P).

Formula (C.16)) yields a helpful variational criterion for characterizing a minimizing Py.
LetP; = {P; € P: I(P;) < oo} and for given Py and Py, let P, = (1 —1) Py + tP;. Since
I(P)is convex in P, a distribution Py € P minimizes /(P) if and only if (d/dt)I(P;) > 0
att = 0 for each P; € P;.

A slight reformulation of this criterion is also useful. The first term on the right side of
(CT6) is [ —2vy0(p} — po) = [2¥(p1 — po) (Justify!) and so Py minimizes I(P)
over P if and only if

/[2% —¥31(p1 — po) > 0. (C.17)

C.14 (Uniqueness). Suppose (i) that P is convex and Py € P minimizes /(P) over P with
0 < I(Py) < o0, and (ii) that the set on which py is positive is an interval and contains the
support of every P € P. Then Py is the unique minimizer of /(P) in P.

In our applications, P is typically the marginal distribution ® x 7 for a (substochastic)
prior measure 7. (For this reason, the notation uses P* for classes of distributions P, which
in these applications correspond to classes P of priors through P* = {P = O x7z, w € P}.)
In particular, in the uniqueness result, pq is then positive on all of R and so condition (ii)
holds trivially.

C.15 Stein’s Unbiased Estimate of Risk. [§2.6]. We provide some extra definitions and
details of proof for the unbiased risk identity that comprises Proposition As some im-
portant applications of the identity involve functions that are only “almost” differentiable,
we begin with some remarks on weak differentiability, referring to standard sources, such as
Gilbarg and Trudinger| (1983) Chapter 7), for omitted details.

! indeed, if Vi, (P) denotes the ratio in (C.13), then { P : I1(P) > t} is the union of sets of the form
{P:Vy(P)>t,[¥?dP > 0} and hence is open.
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A function g : R¢ — R is said to be weakly differentiable if there exist functions h; :
R?Y - R,i =1,...d, such that

/Whi = —/(D,wﬂ)g for all ¥ € Cg°,

where C§* denotes the class of C* functions on R? of compact support. We write i; =
Dig .

To verify weak differentiability in particular cases, we note that it can be shown that
g is weakly differentiable if and only if it is equivalent to a function g that is absolutely
continuous on almost all line segments parallel to the co-ordinate axes and whose partial
derivatives (which consequently exist almost everywhere) are locally integrable.

Proof of Proposition[2.5] First note that by a simple translation of parameter, it suffices to
consider 1 = 0. Next, consider scalar C* functions ¥ : R? — R of compact support, so
that formula (2.41)) becomes a simple integration by parts:

/nW@W@szfwhﬂ—&¢@WU
(C.18)

=/waqum

To verify (2.41)) for general g we take limits in (C.18)), and exploit a standard convergence
criterion: suppose that /2; and g belong to L1(®) = L(R?, ¢(x)dx). Then h; = D;g if and
only if there exists a sequence of C§® functions {v,, } with x; {, (x) converging to x; g(x) in
L1(®) such that D;,, — h; in L1(®).

Formula (2:42) follows immediately from 2.41) (since E, || X — u|* = d). O

C.16 Holder spaces. [§4.7] §B.3]l. The Holder spaces C* (/) measure smooth-

ness uniformly on an interval I, with smoothness parameter «. The norms have the form
| fllce = || flloo,s + |fla> since the seminorm | f'|, reflecting the dependence on o will
typically vanish on a finite dimensional space.

If « is a positive integer, then we require that f have o continuous derivatives, and set

| fle = I1D* flloo.-

For 0 < o < 1, we require finiteness of
|f(x) = Sl
|x —y[*

If m is a positive integer and m < o < m + 1, then we require that f have m uniformly
continuous derivatives and also finiteness of

|f|0t = |Dmf|a—m-

We note also that Holder functions can be uniformly approximated by (Taylor) polyno-
mials. Indeed, we can say that f € C%([) implies that there exists a constant C such that
for each x € I, there exists a polynomial p,(y) of degree [] — 1 such that

[fx+y)—pWI=Cly*.  ifx+yel (C.20)

| fla = sup{ X,y e 1}. (C.19)
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The constant C can be taken as cu| f|o, Where ¢, equals 1 if 0 < o < 1 and equals
MM @+ 1-j)ifo> 1.

Total Variation. [§ When I = [a, b], this norm is defined by
1fllrviy = suptS £ @) — FG)] a=to <ty < <ty =b.n € N},
i=1

It represents a scientifically interesting enlargement of W', since when f € W', we may
write

If1zv = [ 1011 C21)
[explain equivalence of norms]

[§B.3]l. Background. For convenience, we record a straightforward extension of Young’s
inequality for convolutions.

Theorem C.17 Let (X, By, i) and (Y, By, v) be o—finite measure spaces, and let K (x, y)
be a jointly measurable function. Suppose that

W) / KGeyludx) <My ae (v),  and

(i) / KCey)lvdy) < M ace. ().

For 1 < p < oo, the operator

(Kf)(x) = / K(x. ) f()v(dy)
maps L,(Y) — L,(X) with
IKf 1l < MYTPM, 20 £ 1. (C.22)

Proof For p = oo the result is immediate. For 1 < p < oo, let g be the conjugate exponent
1/q = 1—1/p.Expand |K(x, y)| as |K(x, y)|"/2|K(x, y)|"/? and use Holder’s inequality:

1/p

&7 = [ [ ke o] [ [1kenirora)] .

so that, using (ii),

IKf ()7 =< sz/q/IK(x,y)IIf(y)I"V(dy)-

Now integrate over x, use Fubini’s theorem and bound (i) to obtain (C.22)). The proof for
p = 1 is similar and easier. O

Remark. The adjoint (K*g)(y) = [ g(x)K(x, y)u(dx) maps L,(X) — L,(Y) with
IK*gll, < My~ 7 M, g, (C.23)

Two traditional forms of Young’s inequality are immediate consequences.
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Corollary C.18 (§12.3] §B.3) . Suppose that1 < p < oc.
() IFKf(x) = [ K(x =) f(y)dy, then

KA Mo = KIS p- (C.24)
(i) If ck = )_ ey k—jbj, then
lell, < llallulibl,- (C.25)

Another consequence, in the L, setting, is a version with weights. Although true in the
measure space setting of Theorem |C.17} we need only the version for infinite matrices.

Corollary C.19 (Schur’s Lemma) [§75.3] §B.4|]. Ler K = (K(i, j))i,jen be an infinite
matrix and let (p(i)) and (q(j)) be sequences of positive numbers. Suppose that

(i) Y pK(G.j)<Mgq(j) jeN,  and
(i) Y K@ j)g()=Mpli) €N,
J

Then the operator (Kb)(i) = Zj K(i, j)b(j) is bounded on £, and

IKDll2 = v MiMs|b])>.

Proof Use the argument for Theorem|C.17] this time expanding |K (i, j)| as
K@ DI2q()Y2 1K G DIMa() 72 O

Theorem C.20 (Minkowski’s integral inequality) [§B.3|]. Let (X, Bx, ) and (Y, By, v)
be o—finite measure spaces, and let f(x,y) be a jointly measurable function. Then for

1 <p=<oo
p 1/p 1/p
M(dX)) < / ( [ |f<x,y>|1’u<dx>) bdy).  (C26)

(/’/f(x,yw(dy)

See, e.g.|Okikiolu| (1971} p. 159). [More canonical reference?]

Gauss’ hypergeometric function [§3.8]]. is defined for |x| < 1 by the series

> nbn "
F(Oé,ﬁ,y;X)=Z%z—!,

n=0
provided that ¢ # 0,—1,-2,...;and (@), = ala+ )@+ 2)---(a+n—1),(a)eo = 1is

the Pochhammer symbol. For Rey > Re 8 > 0 and |x| < 1, Euler’s integral representation
says that

1
F(a.B.y;x) = BB,y — B~ /0 P A =) P (1 —tx)dt,

where B(8,y) = ['(B)T'(y)/ T'(B + y) is the beta integral. These and most identities given
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here may be found in |Abramowitz and Stegun| (1964, Chs. 15, 22) See also Temme| (1996,
Chs. 5 and 6) for some derivations. |Gel fand and Shilov| (1964, §5.5) show that this formula
can be interpreted in terms of differentiation of fractional order

y—1 ~ xﬂ_l(l —x)
F(a.B.y:x) = D V(g) c2
roy P T 27

They then show that the identity D~ D=7 = D#~Y=3 becomes, in integral form

X" F (o, By + 8;x) = B(y,8)7! / VR, By ) (x — 1) dr. (C.28)
0

Jacobi polynomials arise from the hypergeometric function when the series is finite
PP (1—2x) = (n :a) F(—n,a+b+n+1,a+1;x),

where the generalized binomial coefficientis I'(n +a + 1)/ I'(n + 1)I"(a + 1). The polyno-
mials P%?(w),n > 0 are orthogonal with respect to the weight function (1 — w)4(1 + w)®
on [—1, 1]. Special cases include the Legendre polynomials P,(x), witha = b = 0, and the
Chebychev polynomials T, (x) and U,(x) of first and second kinds, witha = b = —1/2
and a = b = 1/2 respectively.

The orthogonality relations, for the corresponding weight function on [0, 1], become

1
/ PYP (1= 2x) PP (1= 2x) x*(1 — x)Pdx = g2 .. 8m.
0

where
n! Fra+b+n+1)
8o = : (C.29)
2n+a+b+1Ta+n+DIGB+n+1)

Notation.
8jr = 1ifi = j and O otherwise.



Appendix D

To Do List

The general structure of the book is approaching final form, unless feedback now—which
is welcome!—should lead to changes. Nevertheless, many smaller points still need clean-up.
Especially, each chapter needs bibliographic notes discussing sources and references; this
is by no means systematic at present.

Specific Sections:
§2.8 on more general linear models needs rewriting.
§6.6 Discussion (on adaptive minimaxity) needs rewriting
§7.6 (or elsewhere) discussion of block thresholding
A section/epilogue on topics not covered
Appendix C needs to be organized.
Some overview remarks about lower-bound techniques somewhere

Overall:
Each chapter clean up, attention to explaining flow. Also bibliographic notes, sources.
Table of Symbols/Acronyms,
Index.

388
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