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Canonical correlation analysis is a widely used multivariate statis-
tical technique for exploring the relation between two sets of variables.
This paper considers the problem of estimating the leading canonical
correlation directions in high dimensional settings. Recently, under
the assumption that the leading canonical correlation directions are
sparse, various procedures have been proposed for many high dimen-
sional applications involving massive data sets. However, there has
been few theoretical justification available in the literature. In this
paper, we establish rate-optimal non-asymptotic minimax estimation
with respect to an appropriate loss function for a wide range of model
spaces. Two interesting phenomena are observed. First, the minimax
rates are not affected by the presence of nuisance parameters, namely
the covariance matrices of the two sets of random variables, though
they need to be estimated in the canonical correlation analysis prob-
lem. Second, we allow the presence of the residual canonical corre-
lation directions. However, they do not influence the minimax rates
under a mild condition on eigengap. A generalized sin-theta theorem
and an empirical process bound for Gaussian quadratic forms un-
der rank constraint are used to establish the minimax upper bounds,
which may be of independent interest.

1. Introduction. Canonical correlation analysis (CCA) [17] is one of
the most classical and important tools in multivariate statistics [3, 24]. It
has been widely used in various fields to explore the relation between two
sets of variables measured on the same sample.

On the population level, given two random vectors X € RP and Y € R™,
CCA first seeks two vectors u; € RP and v; € R™ such that the corre-
lation between the projected variables u}{X and v{Y is maximized. More
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2 GAO, MA, REN AND ZHOU

specifically, (u1,v1) is the solution to the following optimization problem,

(1) max  Cov(u/X,v'Y), subject to Var(u'X) = Var(v'Y) =1,
uERP veER™

which is uniquely determined up to a simultaneous sign change when there

is a positive eigengap. Inductively, once (u;,v;) is found, one can further

obtain (u;4+1,vi+1) by solving the above optimization problem repeatedly

subject to the extra constraint that

Cov(u'X,u;X) = Cov(v'Y,v}Y) =0, for j=1,...,i.

Throughout the paper, we call the (u;,v;)’s canonical correlation directions.

It was shown by Hotelling [17] that the (Zglc/zui, 211/21)1-)’8 are the successive
singular vector pairs of

(2) 2;1/22$y2;1/27

where ¥, = Cov(X),3, = Cov(Y) and X;, = Cov(X,Y). When one is
only given a random sample {(X;,Y;) : i = 1,...,n} of size n, classical
CCA estimates the canonical correlation directions by performing singular
value decomposition (SVD) on the sample counterpart of (2) first and then
premultiply the singular vectors by the inverse of square roots of the sample
covariance matrices. For fixed dimensions p and m, the estimators are well-
behaved when the sample size is large [2].

However, in contemporary datasets, we typically face the situation where
the ambient dimension in which we observe data is very high while the sam-
ple size is small. The dimensions p and m can be much larger than the sample
size n. For example, in cancer genomic studies, X and Y can be gene expres-
sion and DNA methylation measurements respectively, where the dimensions
p and m can be as large as tens of thousands while the sample size n is typi-
cally no larger than several hundreds [25]. When applied to datasets of such
nature, classical CCA faces at least three key challenges. First, the canonical
correlation directions obtained through classical CCA procedures involve all
the variables measured on each subject, and hence are difficult to interpret.
Second, due to the amount of noise that increases dramatically as the ambi-
ent dimension grows, it is typically impossible to consistently estimate even
the leading canonical correlation directions without any additional struc-
tural assumption. Third, successive canonical correlation directions should
be orthogonal with respect to the population covariance matrices which are
notoriously hard to estimate in high dimensional settings. Indeed, it is not
possible to obtain substantially better estimator than the sample covariance
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SPARSE CCA 3

matrix [23] which usually behaves poorly [18]. So the estimation of such
nuisance parameters further complicates the problem of high dimensional
CCA.

Motivated by genomics, neuroimaging and other applications, there have
been growing interests in imposing sparsity assumptions on the leading
canonical correlation directions. See, for example, [36, 37, 26, 16, 21, 33,
4, 34] for some recent methodological developments and applications. By
seeking sparse canonical correlation directions, the estimated (u;, v;) vectors
only involve a small number of variables and hence are easier to interpret.

Despite these recent methodological advances, theoretical understanding
about the sparse CCA problem is lacking. It is unclear whether the sparse
CCA algorithms proposed in the literature have consistency or certain rates
of convergence if the population canonical correlation directions are indeed
sparse. To the best of our limited knowledge, the only theoretical work avail-
able in the literature is [12]. In this paper, the authors gave a characterization
for the sparse CCA problem and considered an idealistic single canonical pair
model where Y, the covariance between X and Y, was assumed to have a
rank one structure. They reparametrize ¥, as follows,

(3) Yoy = TpAuv'Sy,

where A € (0,1) and «'Y,u = v'3,v = 1. It can be shown that (u,v) is
the solution to (1), so that they are the leading canonical correlation direc-
tions. Under this model, Chen et al. [12] studied the minimax lower bound
for estimating the individual vectors u and v, and proposed an iterative
thresholding approach for estimating u and v, partially motivated by [22].
However, their results depend on how well the nuisance parameters >, and
¥, can be estimated, which, to our surprise, turns out to be unnecessary as
shown in this paper.

1.1. Main contributions. The main objective of the current paper is
to understand the fundamental limits of the sparse CCA problem from a
decision-theoretic point of view. Such an investigation is not only interest-
ing in its own right, but will also inform the development and evaluation of
practical methodologies in the future. The model considered in this work is
very general. As shown in [12], ¥, can be reparametrized as follows,

(4) Sy = S (UAV))S,, with U'S,U=V'S,V = I,

where 7 = min(p, m), A = diag(A1,..., A7) and 1 > Ay > -+ > Az > 0. Then
the successive columns of U and V are the leading canonical correlation
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4 GAO, MA, REN AND ZHOU

directions. Therefore, (4) is the most general model for covariance structure,
and sparse CCA actually means the leading columns of U and V' are sparse.
We can split UAV” as

(5) [IAlf’::EEJ\1L?<+-LQ1\QVQ,

where A; = diag(A1,..., ), A2 = diag(Nrg1,..., A7), Ul € RP*" V] €
R™*7T U, € RP*™ and Vo € R™*™ for ro = ¥ — r. In what follows, we
call (U, V1) the leading and (Us, V2) the residual canonical correlation di-
rections. Since our primary interest lies in Uy and Vi, both the covariance
matrices X, and ¥, and the residual canonical correlation directions Us and
V5 are nuisance parameters in our problem. This model is more general than
(3) considered in [12]. It captures the situation in real practice where one is
interested in recovering the first few sparse canonical correlation directions
while there might be additional directions in the population structure.

To measure the performance of a procedure, we propose to estimate the
matrix U;V{ under the following loss function

(6) L(U:\V{,UhV]) = [V} — Ui V.

We choose this loss function for several reasons. First, even when the A;’s are
all distinct, U; and V] are only determined up to a simultaneous sign change
of their columns. In contrast, the matrix U1V is uniquely defined as long as
Ar > Apg1. Second, (6) is stronger than the squared projection error loss. For
any matrix A, let P4 stand for the projection matrix onto its column space.
If the spectra of ¥, and X, are both bounded away from zero and infinity,
then, in view of Wedin’s sin-theta theorem [35], any upper bound on the loss
function (6) leads to an upper bound on the loss functions || Py, — Py, |2 and
| Py, — ]3\/1 |2 for estimating the column subspaces of Uy and V;, which have
been used in the related problem of sparse principal component analysis
[9, 32]. Third, this loss function comes up naturally as the key component
in the Kullback-Leibler divergence calculation for a special class of normal
distributions where ¥, = I,, ¥y = I,,, and A,y =--- = As = 0in (4).

We use weak-1, balls to quantify sparsity. Let ||(U1);«|| denote the £ norm
of the j-th row of Uy, and let [[(U1) |l > --+ > [[(U1)(p)«|l be the ordered
row norms. One way to characterize the sparsity in U; (and V}) is to look
at its weak-¢, radius for some ¢ € [0, 2),

7 Utllow = (T ||
(7) 1U1]lq, ljié?pfjll( 1) Gyl

under the tradition that 09 = 0. For instance, in the case of exact spar-
sity, i.e., ¢ = 0, ||U1|lo,o counts the number of nonzero rows in U;. When
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SPARSE CCA 5

q € (0,2), (7) quantifies the decay of the ordered row norms of U, which
is a form of approximate sparsity. Then, we define the parameter space
Foq(Su, Susp,m,r, X; K, M), as the collection of all covariance matrices

X Xay
== s 5]

with the CCA structure (4) and (5), which satisfies

1. Uy € RP" and Vi € R™*7 satistying [|U1]|,,, < su and [[Vi][,,, < su;
2. ||, VIIZL < M for I = =£1;

op Yllop
B.LI>KRA>AN > > A >A>0.

Throughout the paper, we assume kA < 1 — ¢y for some absolute constant
¢o € (0,1). The key parameters sy, S, p, m, r and A are allowed to depend on
the sample size n, while kK, M > 1 are treated as absolute constants. Com-
pared with the single canonical pair model (3) in [12], where rank(X%;,) = 1,
in this paper, the rank of ¥, can be as high as p or m, r is allowed to grow,
and we do not need structural assumptions on X, and X, such as sparsity.

Suppose we observe i.i.d. pairs (X1,Y7),...(X,,Yn) ~ Npim(0,X). For
two sequences {ay} and {b,} of positive numbers, we write a,, < b, if for
some absolute constant C' > 1, 1/C < a, /b, < C for all n. By the minimax
lower and upper bound results in Section 2, under mild conditions, we obtain
the following tight non-asymptotic minimax rates for estimating the leading
canonical directions when ¢ = 0:

inf s Es|0 - OV
UL V! LeF (su,sv,p,m,r,)\)
(8) o
ep em
= — <r(su + 8y) + Sy log — + s, log ) ,
nA Su Sv

In Section 2, we give a precise statement of this result and tight minimax
rates for the case of approximate sparsity, i.e., ¢ € (0, 2).

The result (8) provides a precise characterization of the statistical fun-
damental limit of the sparse CCA problem. It is worth noting that the
conditions required for (8) do not involve any additional assumptions on the
nuisance parameters X, 3,, Us and Va. Therefore, we are able to establish
the remarkable fact that the fundamental limit of the sparse CCA problem is
not affected by those nuisance parameters. This optimality result can serve
as an important guideline to evaluate procedures proposed in the literature.

To obtain minimax upper bounds, we propose an estimator by optimizing
canonical correlation under sparsity constraints. A key element in analyzing
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6 GAO, MA, REN AND ZHOU

the risk behavior of the estimator is a generalized sin-theta theorem. See
Theorem 4 in Section 4.1. The theorem is of interest in its own right and can
be useful in other problems where matrix perturbation analysis is needed.
It is worth noting that the proposed procedure does not require sample
splitting, which was needed in [9]. We bypass sample splitting by establishing
a new empirical process bound for the supreme of Gaussian quadratic forms
with rank constraint. See Lemma 8 in Section 4.1. The estimator is shown
to be minimax rate optimal by establishing matching minimax lower bounds
based on a local metric entropy approach [20, 7, 38, 9].

1.2. Connection to and difference from sparse PCA. The current paper
is related to the problem of sparse principal component analysis (PCA),
which has received a lot of recent attention in the literature. Most literature
on sparse PCA considers the spiked covariance model [30, 18] where one
observes an n X p data matrix, each row of which is independently sampled
from a normal distribution N,(0,%Xy) with

(9) Yo = VAV’ +0%I,.

Here V' € RP*" has orthonormal column vectors which are assumed to be
sparse and A = diag(A1,...,Ar) with Ay > --- > A, > 0. Since the first r
eigenvalues of ¥y are {\; +0? r_, and the rest are all o2, the \;’s are referred
as “spikes” and hence the name of the model. Johnstone and Lu [19] pro-
posed a diagonal thresholding estimator of the sparse principal eigenvector
which is provably consistent when = 1 in (9). For fixed r, Birnbaum et al.
[8] derived minimax rate optimal estimators for individual sparse princi-
pal eigenvectors, and Ma [22] proposed to directly estimate sparse principal
subspaces, i.e., the span of V', and constructed an iterative thresholding al-
gorithm for this purpose which is shown to achieve near optimal rate of
convergence adaptively. Cai et al. [9] studied minimax rates and adaptive
estimation for sparse principal subspaces with little constraint on r. See also
[32] for the case of a more general model. In addition, variable selection,
rank detection, computational complexity and posterior contraction rates
of sparse PCA have been studied. See, for instance, [1, 10, 5, 14] and the
references therein.

Compared with sparse PCA, the sparse CCA problem studied in the cur-
rent paper is different and arguably more challenging in three important
ways.

e In sparse PCA, the sparse vectors of interest, i.e., the columns of V' in
(9) are normalized with respect to the identity matrix. In contrast, in
sparse CCA, the sparse vectors of interest, i.e., the columns of U and V'
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SPARSE CCA 7

are normalized with respect to X, and X, respectively, which are not
only unknown but also hard to estimate in high dimensional settings.
The necessity of normalization with respect to nuisance parameters
adds on to the difficulty of the sparse CCA problem.

e In sparse PCA, especially in the spiked covariance model, there is a
clean separation between “signal” and “noise”: the signal is in the
spiked part and the rest are noise. However, in the parameter space
considered in this paper, we allow the presence of residual canonical
correlations UaA2Vy, which is motivated by the situation statisticians
face in practice. It is highly non-trivial to show that the presence
of the residual canonical correlations does not influence the minimax
estimation rates.

e The covariance structures in sparse PCA and sparse CCA have both
sparsity and low-rank structures. However, there is a subtle difference
between the two. In sparse PCA, the sparsity and orthogonality of V'
in (9) are coherent. This means that the columns of V' are sparse and
orthogonal to each other simultaneously. Such convenience is absent in
the sparse CCA problem. It is implied from (4) that Z}/ 2U1 and Zé/ 2 %]
have orthogonal columns, while it is the columns of U; and V; that are
sparse. The orthogonal columns and the sparse columns are different.
The consequence is that in order to estimate the sparse matrices U
and V1, we must appeal to the orthogonality in the non-sparse matrices

522Uy and ©/°1.

1.3. Organization of the paper. The rest of the paper is organized as
follows. Section 2 presents the main results of the paper, including upper
bounds in Section 2.1 and lower bounds in Section 2.2. All the proofs are
gathered in Section 3, with some auxiliary results and technical lemmas
proved in Section 4 and the appendix.

1.4. Notation. For any matrix A = (a;j), the i-th row of A is denoted
by Ajx and the j-th column by A,;. For a positive integer p, [p] denotes
the index set {1,2,...,p}. For any set I, |I| denotes its cardinality and [¢
its complement. For two subsets I and J of indices, we write Aj; for the
|I| x |J| submatrices formed by a;; with (é,j) € I x J. When I or J is the
whole set, we abbreviate it with an *, and so if A € RP*¥, then Ay, = Aqir
and A,j = Ap,);. For any square matrix A = (a;;), denote its trace by
Tr(A) =, asi. Moreover, let O(p, k) denote the set of all p x k orthonormal
matrices and O(k) = O(k, k). For any matrix A € RP*¥, 5;(A) stands for its
i-th largest singular value. The Frobenius norm and the operator norm of
A are defined as [|Allp = \/Tr(A’A) and [|A]|,, = 01(A), respectively. The
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8 GAO, MA, REN AND ZHOU

support of A is defined as supp(A) = {i € [n] : ||Ai|| > 0}. The trace inner
product of two matrices A, B € RP** is defined as (A, B) = Tr(A’B). For any
number a, we use [a] to denote the smallest integer that is no smaller than
a. For any two numbers a and b, let a Vb = max(a,b) and a A b = min(a, b).
For any event E, we use 1(gy to denote its indicator function. We use Py, to
denote the probability distribution of Npi.,(0,%) and Ey, for the associated
expectation.

2. Main Results. In this section, we state the main results of the pa-
per. In Section 2.1, we introduce a method to estimate the leading canonical
correlation directions. Minimax upper bounds are obtained. Section 2.2 gives
minimax lower bounds which match the upper bounds up to a constant fac-
tor. We abbreviate the parameter space Fg(sy, sy, p, m, 7, \; k, M) as Fy.

2.1. Upper bounds. The main idea of the estimator proposed in this pa-
per is to maximize the canonical correlations under sparsity constraints.
Note that the SVD approach of the classical CCA [17] can be written in the
following optimization form,

(10) max Tr(A'S,,B) st AS,A=B'S,B=1I,.

We generalize (10) to the high-dimensional setting by adding sparsity con-
straints.

Since the leading canonical correlation directions (Uy, Vi) are weak [,
sparse, we introduce effective sparsity for ¢ € [0,2), which plays a key role
in defining the procedure. Define

2 q/2
(11) xZ:maX{0§x§p2x§5u<n)\)> },

r + log(ep/x
(12) szmax{OSxSm:xSsv (M)qp}.
The effective sparsity of U; and V) are defined as
(13 b =Ta), k=)

For j > kg, it can be shown that

1/2
r + log(ep/kq)
[(U1) Gyl < (n)\zq ,
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SPARSE CCA 9

for which the signal is not strong enough to be recovered from the data. It
holds similarly for V;.

For n ii.d. observations (X;,Y;), i € [n], we compute the sample covari-
ance matrix

~

$ =

~

Yy

Y i:]\ch
Ey

The estimator ((71, 171) for (U1, V1), the leading r canonical correlation di-
rections, is defined as a solution to the following optimization problem,

Tr(A'S,,B
(14 (TE?BX) r(A'XeyB)
st. AS,A=B'S,B =1, and ||Al|y,, =k ||Bll,, = ki-

When ¢ = 0 we have kj = s, and k; = s,. Then, the program (14) is just
a slight generalization of the classical approach of [17] with additional I,
constraints || Ay, = sy and || Bl|g,, = s

Set 7

1 u v “ ep v em
(15) € = —2 (r(kq + ky) + kg log Tu + kg log kﬂ’)’
q q

which is the minimax rate to be shown later.
THEOREM 1. Under the assumption that

(16) e

n

(17) Ars1

< g
< e,
for some sufficiently small constant ¢ € (0,1). For any constant C' > 0,
there exists a constant C > 0 only depending on M,q,x and C’, such that
for any ¥ € Fy,
|U: V] = i ||} < Cer,

with Px;-probability at least 1 — exp(—C’(ky + log(ep/ky))) — exp(—C’ (kg +
log(em/k};))).

REMARK 1. It will be shown in Section 2.2 that the assumption (16) is
necessary for consistent estimation. The assumption (17) implies A, 41 < cA,

for ¢ € (0,1), such that the eigengap is lower bounded as A, — \.41 >
(1—c)A\ > 0.
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10 GAO, MA, REN AND ZHOU

REMARK 2. The upper bound €2 has two parts. The first part # (r(k:g—l—
k:g)) is caused by low rank structure, and the second part ﬁ (k‘g log(ep/ kg )+
ki log(em/kY)) is caused by sparsity. If r < log(ep/k¥) A log(em/kY), the
second part dominates, while the first part dominates if r > log(ep/ky) V
log(em/ky).

To obtain the convergence rate in expectation, we propose a modified
estimator. The modification is inspired by the fact that U;V] are bounded
in Frobenius norm, because

(18)  [iWlle < 15 P lloplIZ3 2 Unlle 1=y * Vi llopll =y 2 lop < M/r.
Define U/l\Vl’ to be the truncated version of ﬁl 171’ as

UV = Ui 16,070 <anryr) -

The modification can be viewed as an improvement, because whenever || U1 V/||p >
2M /7, we have

10V — UiV |lp 2 |0V lp — UL VY |le > M/ > |0 — U VY.

Then it is better to estimate U1 V{ by 0.
THEOREM 2. Suppose (16) and (17) hold. In addition, assume that

(19) exp(Cr (K +log(ep/kL)) > n2,
(20) exp(C1(k, + log(em/ky))) > nAZ,

for some C1 > 0, then there exists Co > 0 only depending on M,q,x and
C1, such that

sup Ex||[U1 V! — U3 V{||E < Caé?.
$EF,

REMARK 3. The assumptions (19) and (20) imply the tail probability
in Theorem 1 is sufficiently small. Once there exists a small constant § > 0,
such that

p\/ekg > n® and mVeMd > n?

hold, then (19) and (20) also hold with some C; > 0. Notice that p > n’
is commonly assumed in high-dimensional statistics to have convergence
results in expectation. The assumption here is weaker than that.
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SPARSE CCA 11

2.2. Lower bounds. Theorem 1 and Theorem 2 show that the procedure
proposed in (14) attains the rate €2. In this section, we show that this rate is
optimal among all estimators. More specifically, we show that the following
minimax lower bounds hold for ¢ € [0,2).

THEOREM 3. Assume that 1 <7 < kg/z\kg , and that
ep em
21 2\ > O log — V log —
(1) w2 (1t lox 1ok 52 )

for some sufficiently large constant Cy. Then there exists a constant ¢ > 0
depending only on q and an absolute constant cy such that the minimax risk
for estimating U1 V| satisfies

inf  sup Ex||U1 V] — Ui V{3 > c€2 A co.
(U1,V1)E€.7:q

REMARK 4. The assumption (21) is necessary for consistent estimation.
3. Proof of Main Results.
3.1. Proof of upper bounds. In this part, we prove Theorems 1 and 2.

3.1.1. OQutline of proof and preliminaries. To prove both Theorems 1 and
2, we go through the following three steps:

1. We decompose the value of the loss function into multiple terms which
result from different sources;

2. We derive individual high probability bound for each term in the de-
composition;

3. We assemble the individual bounds to obtain the desired upper bounds
on the loss and the risk functions.

In the rest of this subsection, we carry out these three steps in order. To
facilitate the presentation, we introduce below several important quantities
to be used in the proof.

Recall the effective sparsity (ky, k;) defined in (13). Let S, be the index
set of the rows of U; with the k:f]‘ largest ls norms. In case U; has no more
than kj nonzero rows, we include in Sy the smallest indices of the zero rows
in Uy such that |S,| = k. We also define S, analogously. In what follows,
we refer to them as the effective support sets.

We define (U7, V7") as a solution to

max Tr(A'S,,B)
(22) (4,B)
s.t. A'S;A = B'S,B = I, and supp(A) C S, supp(B) C S,.
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12 GAO, MA, REN AND ZHOU

In what follows, we refer to them as the sparse approrimations to Uy and
V1. By definition, when ¢ = 0, Uy (Vy*) = U1 V}.
In addition, we define the oracle estimator (U;,V{") as a solution to

max Tr(A’ EwyB)
(23) (4,5)
st A'S A = B'in = [, and supp(A) = Sy, supp(B) = 5.

In case the program (22) (or (23)) has multiple global optimizers, we define
(U, V") (or (U1 , V1 )) by picking an arbitrary one.
We note that

(UD)sex = (U)sex =0, (Vi)ses = (V) gex = 0.

By definition, the matrices (U7, V[") are normalized with respect to X, and
2y, and (Ul , Vl ) are normalized with respect to S, and E
Last but not least, let

(24) Su=supp(T1), S, =supp(V1).

By the definition of (U1, V1) in (14), we have |S,| = kg and 15,| = kg with
probability one. Remember the minimax rate €2 defined in (15).

3.1.2. Loss decomposition. In the first step, we decompose the loss func-
tion into five terms as follows.

LEMMA 1.  Assume %(k}]‘ log(ep/ky)+kylog(em/ky)) < c for sufficiently
small ¢ > 0. For any constant C' > 0, there exists a constant C > 0 only
depending on M and C’, such that

|0 V] — U VY |1}
(25) < 3|UF(VY) -V IR

(26) 3T (V) — U (v |13
6C L
(27) . <E Us Ao Vs, Us (Vi) — U1V1/>
6C e
(28) - (Bey = S U1 (V) = TV
6C /& T3k A TxI5 / 73k (1 rx\/ TR
(29) - <ExUlA1V1 S, — S UL A VIS, UF (V) — U1V1> ,

with probability at least 1 —exp(—C'ky log(ep/ky)) —exp(—C'ky log(em/ky)).
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PROOF. See Section 4.2. ]

In particular, Lemma 1 decomposes the total loss into the sum of the
sparse approximation error in (25), the oracle loss in (26) which is present
even if we have the oracle knowledge of the effective support sets S, and Sy,
the bias term in (27) caused by the presence of the residual term UsA3Vy
in the CCA structure (4), and the two excess loss terms in (28) and (29)
resulting from the uncertainty about the effective support sets. When ¢ = 0,
the sparse approximation error term (25) vanishes.

3.1.3. Bounds for individual terms. We now state the bounds for the
individual terms obtained in Lemma 1 as five separate lemmas. The proofs
of these lemmas are deferred to subsections 4.3 — 4.7.

LEMMA 2 (Sparse approximation). Suppose (16) and (17) hold. There
exists a constant C' > 0 only depending on M, k,q, such that

* * C
(30) 075 - OV < 5o,
* *\/ 12 Cq 2 9
(31) NUT AL (VYY) — Ui MiVi g < 27_(])\ €.

LEMMA 3 (Oracle loss).  Suppose # (k};+k};+log(ep/k:};)—|—log(em/l<:g)) <
¢ and that (17) holds for some sufficiently small ¢ > 0. For any constant

C'" > 0, there exists a constant C > 0 only depending on M,q,x and C’,
such that

~ Cr ep em
* *\/ _ T7* *\/(12 < u v e "
2 1B = VORI < o5 |+ +1os (72) +1os (35)]
with probability at least 1 — exp(—C'(ky + log(ep/ky))) — exp(—C'(ky +
log(em/ky))). Moreover, if (16) also holds, then with the same probability
(33) ITF A (V) = UF (VY IR < CNe,.

Since r < k¥ A kY, (32) is bounded above by Cez. The error bounds in
Lemma 3 are due to the estimation error of true covariance matrices by
sample covariance matrices on the subset S, x S,,.

LEMMA 4 (Bias). Suppose l(k:qqJ log(ep/ky) + kj log(em/k})) < Cy for

n
some constant Cy > 0. For any constant C' > 0, there exists a constant
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14 GAO, MA, REN AND ZHOU
C > 0 only depending on M, k,Cq and C', such that

(3 U2h2V53,, U7 (VY = T )

< O (I05(VF) = OV IR + 00V = TR )
with probability at least 1 —exp(—C'ky log(ep/ky)) —exp(—C'ky log(em/ky)).
The bias is Lemma 4 is 0 when UaA2Vj is 0.

LEMMA 5 (Excess loss 1).  Suppose (16) holds. For any constant C' > 0,
there exists a constant C > 0 only depending on M and C’, such that

((Sey = Sas THTFY = TW)| < OOl = 07 (V) I,

with probability at least 1—exp(—C'(r(ky+ky)+k; log(ep/ky)+ky log(em/ky))).

LEMMA 6 (Excess loss 2).  Suppose (16) and (17) hold. For any constant
C" > 0, there exists a constant C > 0 only depending on M, k,q and C’,
such that

(ST 0 (Y, = S VIS, 01 (%) = 0| < Cxeal T3 (V) = D1 I,

with probability at least 1 — exp(—C'(k} + log(ep/ky))) — exp(—C'(ky +
log(em/k};))).

3.1.4. Proof of Theorem 1. For notational convenience, let
R= |0V -UiVlle, 6= U7 (V)= lle, 6= 07 () =0T (V) [le-

Consider the event such that the conclusions of Lemmas 1 — 6 hold, which
occurs with probability at least 1—exp(—C’ (kg +log(ep/ky)))—exp(—C' (kg +
log(em/ky))) according to the union bound. On this event, Lemma 2 and
Lemma 3 imply that

0> < Ce2 and 6% < O,
Moreover, Lemma 4 implies

*
Ar

C/\r+1

<ExU2A2V2’Ey, U (V) — 17117{> < S (R 4674 07),

Lemma 5 implies

1 P .
= (Zay = S0, UH() = i) | < Cen(R+6+0),
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SPARSE CCA 15
and Lemma 6 implies

IS 7% T\ * (¥ 73 17
~ <er1 MVPYS, — SoUi A VIS, U (V) — U1V1’> < Cen(R+0+50).

r

Together with Lemma 1, the above bounds lead to

R < O+ 2 + Lornt

C>\r+1
A

—IT(RY 4 6% 4 6%) + Cen(R+ 60+ 6)

< R4 CenR A+ Ce

Under assumption (17), we have %R2 < Cep R+ C2, implying
R?<Cé,

for some C' > 0. We complete the proof by noting that the conditions of
Lemmas 1 — 6 are satisfied under assumptions (16) and (17).

3.1.5. Proof of Theorem 2. Recall the definition of €, in (15), and let Cy
be the constant in (19) and (20). The result of Theorem 1 implies that we
can choose an arbitrarily large constant C’ such that C’ > Cy. Given C’,
there exists a constant C, by which we can bound the risk as follows

Es|U1V/ — U V) |I%

S EE |:||U1V'1’ _ UlVIIHI%‘]-{HU V/ U1V’||2 <CEQ}:|

T 1112 -
+EE |:HU1‘/1 Ul‘/1||F1{||U1V1’—U1V1’%>Ce%}:|

(31)  <C&+Ex [<2HU1V{|I% +20Tn VY ) 1{@%%,”%%6%}]

(35) < C& +6M*rPy (||(71171’ — U VY|R > ceg)

(36) < Coél.

Here, the inequality (34) is due to the triangle inequality and the fact that
{10V —0vilit > cet} < {Ionv - v > et}

In fact, if ||U, V] — UiV{||3 < Cé€2, then ||U1V1HF < Ce2 + M?r < 2M?r. By
our definition of the estimatior, this means U1V1 U1V1, which further im-
plies ||U1V{} — U1 V] || < Cé2. The inequality (35) follows from our definition

of estimator U;V{ and (18). The last inequality follows from the conclusion
of Theorem 1 and the assumptions (19) and (20). This completes the proof.
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16 GAO, MA, REN AND ZHOU

3.2. Proof of lower bounds. In this part, we prove Theorem 3. We divide
the proof into two parts. In the first part, we establish the desired lower
bounds for the exact sparse case ¢ = 0 in Section 3.2.1. In the second
part, we extend the arguments to the approximate space case ¢ € (0,2) in
Section 3.2.2. Without loss of generality, we assume r < (p — kg + 1) A (m —
ki +1).

Throughout the proof, we focus on the special case where U = 0 and
Vo =0 in (5). Thus, we omit the subscript 1 in Uy, A; and V; in the rest of
the proof.

3.2.1. The case of ¢ = 0. We first present a lemma on the Kullback-
Leibler divergence between data distributions generated by a special kind of
covariance matrices. The lemma also partially explains why (6) is a natural
loss function to consider. Its proof is deferred to the appendix.

L AV
)“/(i)U(/i) I with A € (0,1),
Uiy € O(p,r) and Vi) € O(m,r). Let Py denote the distribution of a
random i.i.d. sample of size n from the Npym (0,3 ;) distribution. Then

LEMMA 7. Fori=1,2, let ¥ =

n\2

D(Py)||Pg)) = 21— 2

1TV = Uy Vi I
The main tool for our proof is Fano’s lemma, which is based on multiple

hypothesis testing argument. The following version of Fano’s lemma is from
[39, Lemma 3].

PROPOSITION 1. Let (O, p) be a metric space and {FPy : § € O} a col-
lection of probability measures. For any totally bounded T C ©, denote by
M(T, p,€) the e-packing number of T with respect to p, i.e., the mazimal
number of points in T whose pairwise minimum distance in p is at least €.
Define the Kullback-Leibler diameter of T' by

(37) dx1(T) = sup D(Py|| Py).
0.0'cT

Then

2
(38) inf sup Eg[p?(0(X),0)] > sup sup < <1

dgL(T) + log 2)
i 0co Tco e>0 4 '

 log M(T, p, e)

PrROOF OF THEOREM 3 (CASE ¢ = 0). Note that in this case, kj = s,
and k§ = sy.
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SPARSE CCA 17

1° We establish first the term involving 7 (s, + s,). To this end, let Uy =
[g] € O(p,r) and Vp = [1071 € O(m,r). For some ¢ € (0,
to be specified later, let

B(eo) = {U € O(p, ) : supp(U) C [sul, |U = Vollr < €0} -

and

_Jy_| b W
To—{z— |:)\VY0U/ I, .UEB(GU) .
It is straightforward to verify that Ty C Fy. By Lemma 7,

nA2
dKL TO = sup
( ) U(;y€B(eo) (1 - )‘2)

n\2
= sup

U(i>€B(60) 2(1 - )\2)

U Vs — U Vol

39
(39) 2n\2e €

11—

1Uqy — Ul =

Here, the second equality is due to the definition of V[, and the third due to
the definition of B(ep).

We now establish a lower bound for the packing number of 7. For some
a € (0,1) to be specified later, let {U Uy} € O(p,r) be a maximal

set such that supp(UZ) [su], and for any 7 7éj € [N],
(40) 1T Ul — Ualglle < €0, 10w Ul — UpnUlsy e = V2ae0.

Then by [9, Lemma 1], for some absolute constant C' > 1,

1 r(su—T)
> | — .
v (za)

(41) U(z) = (7(1)0(1), for O(Z) = argn%m HU O — UOHF
0€O0(r)

For each ﬁ(i), define

Then for any i € [N], by definition, Uyy € O(p,r), supp(U;)) C [s4], and
U Uiy = UwUj;)- Tn addition, [28, Theorem I1.4.11] implies

1Ty — Uslle < 04Ty — UeUllr < co,
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18 GAO, MA, REN AND ZHOU

and so U;) € B(e). On the other hand, note that ||l7(i)(7(’i) — ﬁ(j)ﬁ(’j)HF <
ﬂ”ﬁ(i) - ﬁ(j)HF, and hence for i # j € [N],

Uiy — Uil = —= Uiy Uty — Ui Ul llp = —= [Ty 0y — Ty Tt e >

10 = Uglle = EH @OY@ — Y0) (j)HF - EH Y@ — Y0) (j)HF = Q.

Let p(z(l), 2(2)) = ||U(1)V0, — U(2)VO/HF = ||U(1) — U(Q) |lp. Then the foregoing
argument implies that for € = e,

1
492 ] T, > (s, — 1) log ——.
(42) og M(Ty, p,€) > r(sy — 1) log o

Setting € = co[\/(r A (sy — 7)) A ln_)\);zr(su —r)] for a sufficiently small
absolute constant ¢y and also setting a > 0 to be a sufficiently small absolute
constant, we obtain a lower bound of order

1— )2

N (8y — N ——
rA(s T) 2

r(sy —7)

by applying Proposition 1 with (39) and (42). By symmetry, we also have
the above lower bound with r(s, — r) replaced by r(s, — r). Noting that A
is bounded away from 1 and that r < %(su A $y), we obtain the lower bound

of order
7(Sy + Sv)

AT,
n\2
2° We turn to establishing the desired lower bound involving s, log g +
Sy log %, which can be obtained from the rank-one argument spelled out in
[12]. Without loss of generality, we may assume s, < & and s, < . To be
rigorous, consider the following subset of the parameter space:

e [ L AUV L 0
i e N L |

uy € SPHL [supp(u,)| < sy — 1 + 1}.

Restricting on the set 77, the minimax risk for estimating UV” is the same as
the minimax risk for estimating u, under the squared error loss ||u, — 4, |/%.
Let X = [X] X»] with X; € R™ (=D and Xy € R P+ and Y = [Y] Yy
with Y] € R (=1 and Y, € R (m=7+1) Then it is further equivalent to
estimating u; under squared error loss based on the observation (X2,Y>),
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SPARSE CCA 19

because (Xo2,Y2) is a sufficient statistic for u,. Applying the argument in
[12, Appendix G], we obtain the lower bound of order

1 ep)
— [ sylog— | AL
nA2 ( w OB

By symmetry, the same lower bound holds if we replace p and s, by m and
$y. This completes the proof. ]

3.2.2. The case of q € (0,2).

PROOF OF THEOREM 3 (CASE ¢ € (0,2)). 1° Asin the case of ¢ = 0, we
first establish a lower bound of order
r(kg + kfj)
ni2

Following the lines in the proof of [9, Theorem 2], we can find a collection

of {(Nf(l), -, Uy} € O(p,r) such that (40) holds for

AT,

€0 =\ A (kY —7) A 52 k.,

that Hﬁ(i)Hq,w < sy, and that for some absolute constant C, N > (&-)
For each i € [N], set Uyy = Ug;)O(y, which is defined in (41). Then that
Oy € O(r) and [9, Eq.(110)] implies that ||Ug)llg.w = H[}(i)H%w < sy. The
rest of the argument then follows that in Section 3.2.1.

2° Next, we establish a lower bound of order

rky /2

1 ep em
q q

To this end, we apply the same reduction argument as in Section 3.2.1, and

the argument in [12, Appendix G] leads to the desired claim. O

4. Proof of Auxiliary Results. In this section, we prove Lemmas 1
— 6 used in the proof of Theorem 1 and 2. Throughout the section, without
further notice, €2 is defined as in (15).

4.1. A generalized sin-theta theorem and Gaussian quadratic form with
rank constraint. We first introduce two key results used in the proof of
Lemmas 1 — 6 that might be of independent interest.

The first result is a generalized sin-theta theorem. For the definition of
unitarily invariant norms, we refer the readers to [6, 28]. In particular, both
Frobenius norm || - [|[r and operator norm || - ||op are unitarily invariant.
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20 GAO, MA, REN AND ZHOU

THEOREM 4. Consider matrices X,Y € RP*™, Let the SVD of X and
Y be
X = AlDlBi + AQDQB&, Y = A\lﬁléi + A\QBQEé,
with Dy = diag(dy, ...,d,) and Dy :Adiag(c?l, e c/Z\r) Suppose there is a posi-
tive constant 6 € (0,d,| such that | Da|op < dr — 6. Let || - || be any unitarily
invariant norm, and € = [|[A1(X = Y)|| V(X =Y)B1||. Then, we have

V2(dy + dy) . 1) .

(43) |A1 DBy — AlDlB | < ( 5

If further there is an absolute constant & > 1 such that di V c?l < Kd,, then
there is a constant C > 0 only depending on K, such that

C
(44) |41 B; - AiBj|| < .

REMARK 5. In addition, when X and Y are positive semi-definite, A; =
B, Al = Bl for [ = 1,2, we recover the classical Davis—Kahan sin-theta
theorem [13] ||A1 A} — A1A’ || < Ce/d up to a constant multiplier.

The second result is an empirical process type bound for Gaussian quadratic
forms with rank constraint.

LEMMA 8. Let {Zi}1<i<n be i.i.d. observations from N(0,1). Then,
there exist some C,C’ > 0, such that for any t > 0,

< ZZZ’ I, K >

4.2. Proof of Lemma 1. Recall the definition of (S, S,) and (S,,S,) in
Section 3.1.1. From here on, let

P sup < exp(C'rd—Cn(t*At)).
{K:||K|r<1, rank(K)<'r}

(45) T,=S,US, and T,=S,US,.

The proof of Lemma 1 depends on the following two technical results. For
their proofs, see the appendix.

LEMMA 9. For matrices A, B, E, F and a diagonal matriz D = (d;)1<i<r
withdy >do > ...>d, >0 and AAA = B'B=FE'E = F'F = I, we have

d d
||AB' — EF'|[3 < (ADB', AB' — EF') < 2| AB' — EF'|%.
2 2
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SPARSE CCA 21

LEMMA 10. Under the assumption of Lemma 1, for any constant C' > 0,
there exists a constant C > 0 only depending on M and C', such that for
any matriz A supported on the T,, x T, we have

CTHIANR < IIZ2AS) )7 < ClIAllR,
with probability at least 1—exp(—C'k; log(ep/ky)) —exp(—C'k; log(em/ky)).

PROOF OF LEMMA 1. First of all, the triangle inequality and Jensen’s
inequality together lead to

1TV = U V][
3 (1050 = Ur Vil + 0LV = 7 VI + U7 Vi = TV I )
Now, it remains to bound ||UV{ — UV |2. To this end, we have

1TV = TVl

(47) < CIS 2OV = V) SR
(48) < QAC <i§/ O A VSY2, SO0 - 171171)§1”>
= (DTS, O - D)
- 2;7 <§foAﬂ71*’§y — Sy, UF VR (71171’>
- /\(i Sy, Ui Vi — U1V1/>
(19) < Qf (5,07 M VS, — S0y, U1V — iV )
(50) - QAC@ PNV, - S UM VE, O - D)
-2 (ma eV, OV - 7))
+ 22 (50~ 80, OIV — AT

Here, (47) is implied by Lemma 10 and (48) is implied by Lemma 9. To
see (49), we note (Up, V1) is the solution to (14), and so Tr(Ulilxyvl) >
Tr((U]) 24y Vi), or equivalently

(S B9 = 0107} <0
The equality (50) comes from the CCA structure (4) and (5). Combining
(46)-(50) and rearranging the terms, we obtain the desired result. O
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22 GAO, MA, REN AND ZHOU

4.3. Proof of Lemma 2. The major difficulty in proving the lemma lies
in the presence of the residual structure UsAoVy in (5) and the possible
nondiagonality of covariance matrices 3, and X,. To overcome the difficulty,

we introduce intermediate matrices (Uy, V1) defined as follows. First, we
write the SVD of (£39,5,)"/ U1, A1(Vig,+) (Sys,s,)"/? as

(51) (Zasu5.)2Urs, M1 (Vis, o) (Sys,s,) % = PAQ),

and let U = (Y,5,5,) /2P and V% = (3,5,5,)”/2Q. Finally, we define
U; € RP*" and Vi € R™*" by setting

(52) (U1)sus = U, (U1)sex =0,  (Vi)suse = V2, (V1) gex = 0.

By definition, we have Uy g, «A1(Vis,«)' = Urs,«A(Vis,)' Last but not least,
we define

(53)

== PMQ+(I-PP')(Sas,5,) /805, U2AoV3Eyss, (Sys,5,) /2 (1-QQ)).

We now summarize the key properties of the (71, 171 and 1~X1 matrices in the
following two lemmas, the proofs of which are deferred to the appendix.

LEMMA 11. Let P,Q and E be defined in (51) and (53). Then we have:

1. The column vectors of P and Q) are the r leading left and right singular
vectors of Z;

2. The first and the r-th singular values i and Ay of = satisfy 1.1kA >
Xl > Xr > 0.9, and the (r + 1)-th singular value Xr+1 < ¢ for some
sufficiently small constant ¢ > 0.

3. The column vectors of 2315/2[71 and 2?1/2‘71 are the r leading left and

right singular vectors of 2}/2&&‘7{2;/2.
LEMMA 12.  For some constant C' > 0,
|07 2.0al12 < CllUrsg.lp and [, Val2 < ClVisga I
In what follows, we prove claims (30) and (31) in order.
PRrROOF OF (30). By triangle inequality,
(54) UV =iV |le < |UFVY = DV [le + [0V = Un V] e

It is sufficient to bound each of the two terms on the right side.
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1° Bound for ||[U,V] — UyV{||p. Since the smallest eigenvalues of ¥, and
¥, are bounded from below by some absolute positive constant,

|01 V] = Ui V{|lp < CIZY2(Th V] — U V) S p.

By Lemma 11, Egl/ U 1 and E%/ 2‘71 collect the r leading left and right singular
vectors of 2915/2(71K1 ‘71/231/2, and by (4), EiﬂUl and E;/ZVl collect the r
leading left and right singular vectors of 2915/ 2U1A1V1’ Ell/ 2, Thus, Theorem 4
implies

~ - C e~
ISY2(O V] — U VS < XHE}/Q(UlAlV{ — UM V)5 ?|p.
The right side of the above inequality is bounded as

(55) UL A V] — UL A V] |

|T15,:81 (Vi) = Uts,s A1 (Vis,) [l + [Ursg i (Vis, o) |
+U15, <M (Visge) I + | Ursgah (Vi) e

< CA(|IUisexllr + [Vaisexllr)-

IN

Here, the last inequality is due to (51) and (52). For the last term, a similar
argument to that used in Lemma 7 of [9] leads to

Cq Cq

2 u u\2/q 2

Cx k Su k S

1550l < 5oL k(o0 < 2L
C C

Visgals < . gk (s /) < 5

(56)

where the last inequalities in both displays are due to (11) — (13). Therefore,
we obtain

~ C
(57) 1TV — U V|13 < qqei.

2° Bound for UV — Uy V/||p. Let A denote the (r 4 1)-th singular
value of (X5,5,) /*Suys.5, (Sys,s,) /2. Then we have

U Vi = TV e

= 1UTs,«(Vis,s)" = Ursu(Vig, ) Il

< Oll(Zes,8.) 2 U750 (Vis) = Uis,(Vis, ) 1(Zys,s,) Il

< Cll(Zes,8.)~ 1/22wysusv(2ysvsv)_l/2 —E|r

58
o A= Al
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24 GAO, MA, REN AND ZHOU

Here, the first equality holds since both U;V;* and 171\71’ are supported on
the S, x S, submatrix. Noting that by the discussion before (22), (52) and

collect the leading left and right singular vectors of (Zus,5,) ™ ?Zuys.s, (Zys,s,)

and = respectively, we obtain the last inequality by applying (44) in Theo-
rem 4. In what follows, we derive upper bound for the numerator and lower
bound for the denominator in (58) in order.

Upper bound for ||(Zzs,5.) "/ *Lays.s, (Zys,s,) /2 — Z|lp . First, we de-

compose Yzys, s, as
SeySuSe = SaSex(U1A V] 4+ UaAoV3)Syss,
(59) = 208,8. U158, M V15, 2y, 5, + Tas,8, Vs, M Vige . Dyses,
+ EmSuSﬁ Ung*Alvllzy*Sv + ExSu*U2A2V2/Ey*SU-

Then (59), (53) and (51) jointly imply that

1(Zesus.) " *Taysus, (Tys,s,) > = Ellr
< (Ersu5.) " Las,se Unsg e M ViTyas, (Sys,s,) e
+ [1(Zas,5.) " 2Uts, e M Visen Syses, (Zys,s,) e
+1PP (Se,5,) "/ Das,: U0 ViSyus, (Sys,5,) (1 = QQ') e
F 1(Zasus.) ? 050Uz A2ViSys, (Sys,5.) /2QQ ||
< CA([|[Ursexllp + [[Visex|lr)
+ CN1 (P (Z28,8.) 2805, U2 llF + 1Q (Bys,s,) ™/ Sys,: Vallr)
= CA([UrseellE + [[VisesllE) + CArir (1012 Us e + [[V{Sy Vall)-

Here, the last equality is due to the definition (52). The last display, together
with (56) and Lemma 12, leads to

(60) 1(Z28u8.) "/ *Daysus, (Sys,s.) "2 — E|E < 222

Lower bound for XT—)\:H. The bound (60), together with Weyl’s inequality
[15, p.449] and Hoffman-Wielant inequality [29, p.63] implies

INie1 = Ara] VAT = Adlr

(61) B 3 _ q
< (Eesus.) ™ Saysus, (Sys,s,) 2 = Elr < O/ 5 q)\ﬁn <0.1A
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Together with Lemma 11, it further implies
(62) A — A1 2 A — )‘r+1 ‘)\r+1 — A1 = 0.7

Combining (58), (60) and (62), we obtain

C
g2,

(63) 10V = UiV If <

The proof of (30) is completed by combining (54), (57) and (63). O
PRrROOF OF (31). Note that

[UT MV = Ui AV ||r
< !!UfAl Vi = iAW e + Ui A V) — UL VY I
<UFAVY = Uil Ve + [ A V] = U A V] e
+ CllAT — Aiflp + CllA = Ayl
<N UF A3V — UMV ||p + C'|| UM V] — UM V] ||p + CAS — Ayl

Here the last inequality is due to
(64) [AL — Adllp < |[SY2(UA V] — UL AL V) S,

a consequence of Lemma 11 and Hoffman-Wielandt inequality [29, p.63].

We now control each of the three terms on the rightmost hand side of the
second last display. First, the bound we derived for (55), up to a constant
multiplier, ||U; A1V — Ui A1V{||r is upper bounded by the righthand side of
(31). Next, the bound for [|[A¥ — A1||p has been shown in (61). Last but not
least, applying (43) in Theorem 4, we obtain

IUF ATV = T AV e

_COut X P /7
< ( 1 )H( :n g u) 1/2nysus1)(zysvsv) 1/2 _.:HF < C 23(])\6”,

X = M

where the last inequality is due to (60), (61), (62) and Lemma 11. The proof
is completed by assembling the bounds for the three terms. O

4.4. Proof of Lemma 3. The proof relies on the following lemma, which
is a simple consequence of Propositions D.1 and D.2 in [22].
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LEMMA 13. Assume %(k‘}; + kg + log(ep/ky) + log(em/ky)) < C1 for
some constant C; > 0. Consider deterministic sets B, C [p] and B, C [m]
with |By| = Cyky and |By| = Cyky for any constants Cy, Cy, > 0. For any
constant C' > 0, there exists C > 0 only depending on M,Cy,C,,C, and
C’, such that,

S C u u
||2xBuBu - ECUBuBu ||(2)p S E(kq + ]‘Og(ep/kq ))7
S C v v
12yB,8, — SyB,, lop < (kg +log(em/ky)),

S c v u u v
ey, = Zaypunllop < — (kg + kg +log(ep/ky) +log(em/ky)),
with probability at least 1 — exp(—C'(ky + log(ep/ky))) — exp(—C'(ky +

log(em/kg))).
By Lemma 13 and Lemma 2.2 in [27] (see also Lemma 16 in appendix), we

obtain the following concentration inequalities for square-roots of covariance
matrices:

S ¢ u u
S ¢ v v
(66) ||(Zy5vsv)1/2 - (EySvSv)1/2||gp S g(kq + log(em/kq))’

with probability at least 1 — exp(—C"(ky + log(ep/ky))) — exp(—C'(ky +
log(em/ky))). Furthermore, under the condition of Lemma 3, there exists
some constant C7 > 0 such that with the same probability,

(67) 15,50 llop V [1Z45,5, lop < C1, i ==+l
In what follows, we prove claims (32) and (33) in order.

PROOF OF (32). Since both U;V; and U;V;" are supported on the S, x
S, submatrix, we have

IUFVE = UiV lle = UTs,« (Vils,.)" = Uls, (Vs ) I
< Oll(Zes,8.) 21075, (Vo) = Ui, (Vis, ) 1(Sys,5,) 2l

By the triangle inequality, up to a constant multiplier, the rightmost hand
side of the last display is further upper bounded by the sum of the following
two terms:

1(Sasusa) Y2 Uss, . (Vis, ) (Zys,5.) 1

(68) ~ T
— (Za8u5.) 2 Uts, s (Vi) (Sysusa) V2 p,
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and

In what follows, we show that up to constant multipliers, both (68) and (69)
are upper bounded by the rate in (32).

(69)

1° Bound for (68). By the triangle inequality,

(68) < I(Zesus)” = (Sasus.) 21075, (Vis,) (Sys,s.) e
11 Ersu5) 2T, Vs, [(Syss.) Y2 = (S80I
<N 0ts, (Vis, ) (Sysus) V2 el (Sasusn) /2 = (Sesusn)?llop
+ 11 Srsu5) 2075, 0 (W) 151 (Bys,8.) % = (Sy5,5,) 2 lop-

To further bound the rightmost side of the last display, we note that with
high probability

107 5s (Vs ) (Zys,8.) 2w < 1 (Basus) 2 Uts, I ll(Easis,) ™2 llop
X H(Zysvsv)_l/QHOpH(Zysvsv)l/QHOP

N

Together with (65), this implies that with high probability,

1075, (Vo) (Sys,8.) 2 lpl (Bass)? = (Sasus) o

r ep em
< C\/n <k‘g+k‘}1’+logkg —I-logkg> .
By asimilar argument, |(Sss,5,)" *Ufs, . (Vis, ) 9l (Sys,,) " —(£y5,5,) 2 llop
satisfies the same upper bound. Thus, (68) is upper bounded by the rate in

(32) with the desired probability by noting that A < 1.

2° Bound for (69). By definition, (ixSuSu)l/Qﬁﬂ;u* and (iysvsv)lﬂffl*sv*

collect the r leading left and right singular vectors of (3495, )~/ Qixysu S, (f)ysv 5,) Y2,
and (X,s,s,)"? 15, and (Zys,5,) "2 s« collect the r leading left and
right singular vectors of (2,5,5,) ?*Zeys.5, (Zys,s,) /2. To apply Theo-
rem 4, let \* denote the r-th singular value of (X,5,5,) ™2 Sys.5, (Sys,s,) 2
and X:+1 the (r 4+ 1)-th singular value of (ixSuSu)il/ZixySuSv (iygvgv)*lm.
For

~

A = (Zus,8.) 0ys.5, (Eysus,) 2

- (EISuSu )71/229{32457151) (Eysvsv )71/27
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Theorem 4 implies

ClAlle  _ CVrlAfop

(70) (69) < <
Ar= A A Ay

~

In what follows, we upper bound ||Alo, and lower bound (A, — Ay, ;) re-
spectively.
To control ||A|op, observe that A = Z?:1 A;, where

A1 = (Z08,8.) V2 (Bysus, — Seysus.) (Sysus,) V2,
Ao = (Z05,5.) "2 (Besus)? = (Besus) VD) (Besus.) *ayses, (Sys,s,) 2,

~

A3 = (ZISuSu)_l/inySuSv(iysusv)_l/z((iysusu)l/Q - (EySuSv)1/2)(2%%51;)_1/2-

By Lemma 13 and the bounds (65) — (67), we obtain

3
C
(7)1 Allop < D I1Alop < \/n(%’ + kg +log(ep/kg) + log(em/ky))
=1

with the desired probability.

Turning to Ay — A%, {, on the event such that (71) holds, the condition of
the lemma further implies that the rightmost side is upper bounded by \/4.
Thus, Weyl’s inequality [15, p.449] leads to

~ ~ A
Ron = XV I3 = X< Al < 5

Together with the results on the Af’s in (61) and Lemma 11, the last display
leads to

(72) NS = Ny > 080 — 0.0\ — [Aiy — Afq| > 0.4,

We obtain the desired bound hence complete the proof of (32) by assembling
(70) — (72). O

PROOF OF (33). Now we provide a bound for ||l7fA1171*/ — Uy M VY ||
Following the lines of the proof of (32), up to a constant multiplier, this
quantity can be upper bounded by the sum of the following two terms:

|| (imsusu)1/2ﬁiksu*A1 (‘/71%1,*),(2:93@5@ )1/2

(73) 7% 7%
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and

”(ixSuS ) /2U15 *Al(vlS *) ( yS Sy )1/2

(74)

Using arguments similar to those for bounding (68), the term (73) can be
upper bounded by using (65) and (66). Namely, we have

.
(73) < O\ (b + ogfen/3) + by +log(em/ k).

with probability at least 1 — exp(—C'(k; + log(ep/ky))) — exp(—C'(ky +
log(em/ky))). The only difference from the bound of (68) is the extra factor
A due to the presence of Aj.

We now turn to (74). Using the triangle inequality, it can be bounded by
the sum of the following three terms:

75) 1(Ees.5.) 2015, AT (Vis, ) (Sys,s,)

= (Basu.) 20T, AT (VES, ) (Bysis,) 2 v,
(76) 1(Zes.5.)" Ufs, e (AT = M) (Vi) (Bys,s,) 2 Ir,
(77) (25,5, 2Uts,« (AT = A1) (Vi) (Sys,s.) 2 k.

In the rest of the proof, we derive upper bounds for these three terms in
order.
By (43) of Theorem 4, we can bound (75) by

Cr(\f + A; C
MHAH@ < \/nT(k;g + k¥ + log(ep/k¥) + log(em/kY)).

By Weyl’s inequality [15, p.449], we can bound (76) by

s Cr
CVTIR=A]llop < CVFAop < \/ (kg -+ + log(ep/ky) + log(em/k)).

Finally, by (61) and the bound for (64) (which is from (55) and (56)), we
can bound (77) by

C””Ai< — AIHF < C”HA;< — KlHF =+ C’HKI — AIHF < 01 / 5 E q)\En

The last three displays joint give the bound for (74). Together with the
bound for (73), it leads to the desired upper bound for (33). O
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4.5. Proof of Lemma 4. In this proof, we need the following technical
result, which is a direct consequence of Lemma 13 by applying union bound.
Remember the notations T, and T, defined in (45).

LEMMA 14. Assume l(k}; log(ep/ky) + kylog(em/k;)) < Ci for some

n
constant Cy > 0. For any constant C' > 0, there exists some constant C' > 0

only depending on M,Cy and C’, such that

~ C
~ C
Byrr = Synmlle, < —(kglog(em/ky)),

with probability at least 1—exp(—C'k; log(ep/ky')) —exp(—C'k] log(em/ky)).
In addition, we need the following result.

LEMMA 15 (Stewart and Sun [28], Theorem I1.4.11). For any matrices
A, B with A’A = B'B = I, we have

inf A — BW | < A4’ — BB'||r.

We first bound <Z‘ZU2A2V2’EZ,, U1 171’> By the definition of trace product,
we have

(SaUaAaVizy, O V]) = (MaV5m, Vi, Uss, 0 )
< AVES W p|UZ 8T e
< At |VIE VRT3 ST [
Define the SVD of matrices U; and (71 to be
U, =ORH', U, =ORH'

For any matrix W, we have

U1, Uslp = ||(Ui — UyHR "W RH')'S,Us||r
< C|U; —U HR'WRH'||p
< C[R[opl® — OW (R,

where HRHOP < ||U1H0p < H(EITuTu)_1/2”OPH(imTuTu)1/2ﬁlTu*||0p < C with

probability at least 1 —exp(—C"k; log(ep/k;')) — exp(—C'ky log(em/k;)) by
Lemma 14. Hence, by Lemma 15, we have

(78) |08aUzllp < Cinf||6 — OW|p < C[|06' — €/ |r.
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We note that both ©0' and OO’ are the projection matrices of the left
singular spaces of 61‘71’ and U V] respectively and the eigen-gap is at con-
stant level since the r-th singular value of U;V{ is bounded below by some
constant and the (r + 1)-th singular value of 61‘71’ is zero. Then a direct
consequence of Wedin’s sin-theta theorem [35] gives

(79) 166" - 08'[lr < CIITIVY — U Vi |r.

Combining (78) and (79), we have HUIE Usllp < ClHUlVl Ui V{||r. The
same argument also implies ||V5%, V1 e < C’1HU1V1 Ui V{|lr. Therefore,

(5o U2b2V5%,, T V] )| < Codvit |0V = ULV I
Using the similar argument, we also obtain

(ZU200V5%,, TH () )| < Codrit |7 () = D1V .

By triangle inequality, we complete the proof.

4.6. Proof of Lemma 5. Define

I urvy — o, v/
UiV = Uiy 0
Then simple algebra leads to
~ A~ A~ NS 1 s
(80) <zxy — Sy, U1V — U1V1’> — <2 -3, W> .

In the rest of the proof, we bound (X - S, W) by using Lemma 8.
Notice that the matrix U1 V1 — U1V1 has nonzero rows with indices in
T, = S, U Su and nonzero columns with indices in T, = S, U Sv. Hence, the
enlarged matrix W has nonzero rows and columns with indices in T" x T,
where
Tr=1T,U (Tv + p)

with T, + p = {j +p: j € T,}. The cardinality of T is |T| = |T.| + |T»| <
2(ky + k). Thus, we can rewrite (80) as

<zxy — Sy UV — (71{71’> - <2 s W>

N

1 N
= 5 <2TT - 27T, WTT>
1 _1/22 _
1/2 28 ~1/2
= *||E ! WTTETTHF <I|T\ TT/ ETTETT/ >KT>
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1/2 1/2

S AWrrS

where KT = I%T—TTTT Note that
1= W%TETTHF

SIS S < CIWaalle = CIW e = VECI G177~ 0¥ .
To obtain the desired bound, it suffices to show that
(81) ‘<IIT| - Sl ETTETII“/27KT>‘

is upper bounded by C'Ae, with high probability.
To this end, we note that T, = 5, U S has at most ( ) different possi-

ble configurations since S, is deterministic and S, is a random set, of size
kg. For the same reason, T}, has at most ( ) different possible configura-

tions. Therefore, the subset T has at most N = (ku) (kv) different possible
q q
configurations, which can be listed as 17,15, ..., Tx. Let
21/2 Wz, 21/2

KT =
”21/2 WTT ETT HF

for all j € [N]. Since each Wr,7, is of rank at most 2r, so are the K Tivs,
Therefore,

(801 < max (T = S0y Srn St KD

1<G<N

1/2
S BN s o V1 B S T )]
=I=V | K|p<trank(K)<2r

Then the union bound leads to

Ps(/(81)] > 1)

N
< ZE:HD< sup ’<Iﬂ}\" 71% Xh~7v27f4271(>‘ >,t>
j=1 | K|r<1rank(K)<2r
N
(82) < ) exp(C'r|Ty| — Cn(t At?))
j=1

< (é) (Z"L) exp(Cir (kY + k2) — Cn(t A t2))

< exp (Clr(k" +ky) + Ky log T P ky log k— — Cn(t A t2)>
q q
where the inequality (82) is due to Lemma 8. We complete the proof by
choosing t? = CoA%€? in the last display for some sufficiently large constant
Cy > 0, which, by condition (16), is bounded.
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4.7. Proof of Lemma 6. First, we apply a telescoping expansion to the
quantity of interest as

<§z(71*A1171*’§y — S UMV, UiV — ﬁ1\71’>

(83) = (SOIMVS, - SUTMVES, O - i)
(84) + (DU M V'S, - S VIS, O = Th V)
(85) + (S TEMS, = ST Vs, iV = T ).

In what follows, we bound each of the terms in (83) — (85) in order.

1° Bound for (83). Applying (33) in Lemma 3, we obtain that with prob-
ability at least 1 —exp(—C'(ky +log(ep/ky))) —exp(—C'(ky +log(em/ky))),

(83)] < CITF MV = U MV el TT V" — iV Il

Cy/ %q%nH(Aff‘Affl — UVl

2° Bound for (84). Applying (31) in Lemma 2, we obtain

IN

(84)] < CIUF MV — UMV |[p]| U5V — U3 V] ||

q Iyt rw! T
Cy\/5— q/\EnHUlvl — UiV |lp.

3° Bound for (85). We turn to bound (85) based on a strategy similar to
that used in proving Lemma 5. First, we write it in a form for which we
could apply Lemma 8. Recall the random sets T;, and T, defined in (45).
Then for

IN

x Sy1, 1, Vir M (Uir,.) (Serr,) 2,
ng = (ZyTvTv)l/Qvl*Ty*Al (Ul*Tu*)/

X EwTuTu(ﬁikTu*(‘//\i?v*)/ - (/leu*(‘ZTU*),)(E?JTUTU)I/27
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and H . =HIv/|H g, H —HTU/||HTUHF, we have

(S0 = 50, (G = TV, MDY )

+ <§y — Xy, ‘Z*Alﬁflzx(ﬁff/f/ - 61‘71/)>‘

(S, = Sanuns O (Vi) = O (Vi) Sy, Vi, o (O, ) )
+ ‘ Syr,r, = Synm Vir b (Ui, ) Sarr, (Ui, (Vi) — UlTu*(VlTv*)')>’
VBT e | (Catn) ™ Satm, (Carn) ™2 = By )|

_ S _ T
+”Hgv‘|F ‘<(ZyTvTv) 1/2EyTvTv (EyTvTv> 1/2 - I‘Tv" Hy >’ .

We now bound each term on the rightmost hand side. Applying Lemma
8 with union bound and then following a similar analysis to that leading to
(81) but with T replaced by T, and T, we obtain that
(86)

1«&%nr”%ﬂux&nnrm—AnwﬁWW§G¢i(”“%ZD’
q

IN

_1/2a ky em
’<(EyTvTu) V2 yr, (Syrr,) Y = Iy H >‘ < C\/ <1" + log k”)

with probability at least 1—exp(—C"k} (r+log(ep/k;'))) and 1—exp(—C"ky (r+
log(em/ky))) respectively.

To bound ||HI | and HH;VHF, we note that it follows from Lemma
14 that all eigenvalues of imTuTu and invTv are bounded from below and
above by some universal positive constants with probability at least 1 —
exp(—C'ky log(ep/ky ) —exp(—C'ky log(em/k;)) under assumption (16). Thus,
with the same probability we have

T, Tt _ 7.0 2 5
IHE e < ONITTV = ORI 7, Vit lop

1/2 1/2 —1/2
sz/TUTU||op||zx/TuTuUm*||op||szjTu||op
(87) < ONTFVY = Vg,

IN

A* 1/2
1EEr < OMTTVE — Ui RIS 2, Vi lop

1/2 1/2 * S—1/2
szT{Tv||op||zm/m“UlTu*||op||szjTuuop
(88) < OOV = UV ||
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Combining (86), (87) and (88), we obtain

(85)] < ON2e,||UF VY — U Vi,

with probability at least 1—exp(—C"kj log(ep/ky)) —exp(—C'ky log(em/ky)).
Noting that A < 1, this completes the proof.
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