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Abstract—In addition to exploring its various regularity prop-
erties, we show that the minimum mean-square error (MMSE)
is a concave functional of the input-output joint distribution.
In the case of additive Gaussian noise, the MMSE is shown to
be weakly continuous in the input distribution and Lipschitz
continuous with respect to the quadratic Wasserstein distance for
peak-limited inputs. Regularity properties of mutual information
are also obtained. Several applications to information theory and
the central limit theorem are discussed.

Index Terms—Bayesian statistics, minimum mean-square error
(MMSE), mutual information, Gaussian noise, non-Gaussian
noise, central limit theorem.

I. INTRODUCTION

Monotonicity, convexity and infinite differentiability of the
minimum mean square error (MMSE) in Gaussian noise as a
function of the signal to noise ratio (SNR) have been shown in
[2]. In contrast, this paper deals with the functional aspects of
MMSE, i.e., as a function of the input-output joint distribution
Pxy, and in particular, as a function of the input distribution
Px when Py|x is fixed. We devote special attention to
additive Gaussian noise.

The MMSE is a functional of the input-output joint distri-
bution Pxy defined on (R?%, B), or equivalently of the pair
(Px, Py|x): Define

m(Pxy) = m(Px, Py|x) (1)
= mmse(X|Y) )
= E[(X - E[X|Y])?). 3)

These notations will be used interchangeably. When Y is
related to X through an additive-noise channel with gain /snr,
ie.,Y = 4/snrX+N where N is independent of X, we denote
mmse(X, N,snr) = mmse(X|y/snrX + N), 4)
mmse(X,snr) = mmse(X, Ng,snr), 5)

where Ng is standard Gaussian distributed. Similarly, we
denote the mutual information by

I(X,N,snr) = I(X;\/snrX + N), 6)
I(X,snr) =I(X, Ng,snr), 7

In Section II we study various concavity properties of the
MMSE functional defined in (3) — (5). Unlike the mutual
information I(Px, Py|x ), which is concave in Px, convex in
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Py |x but neither convex nor concave in Pxy, we show
that the MMSE functional m(Pxy ) is concave in the joint
distribution Pxy, hence concave individually in Px when
Py x is fixed, and in Py|x when Px is fixed. m(Px, Py |x)
is neither concave nor convex in the pair (Px, Py|x).

Various regularity properties of MMSE are explored in
Section III. In particular, we show that:

o mmse(X, N, snr) is weakly lower semi-continuous (l.s.c.)
in Px but not continuous in general.

e When N has a continuous and bounded density, Px —
mmse(X, N, snr) is weakly continuous.

e When N is Gaussian and X has a finite moment of a cer-
tain order, Px — mmse(X,snr) is Lipschitz continuous
with respect to the Wasserstein distance [3].

For more general distortion functions (not necessarily mean-
square), concavity and lower semicontinuity properties of the
optimal distortion as a function of the input distribution or
channel statistics have recently been studied in [4] in the
context of stochastic control.

Via the I-MMSE relationship' [5]

snr
I(X,snr) = %/ mmse(X, vy)d~, (8)
0

regularities of MMSE are inherited by the mutual information
when the input power is bounded. Several applications of these
continuity properties are given in Section IV:

o Using the weak continuity of MMSE, we prove that the

differential version of the -MMSE relationship

w = %mmse(X,snr) 9
holds for all snr > 0 as long as the mutual information is
finite, thus dropping the finite-variance condition imposed
on X in [5, Theorem 1].

e The Lipschitz continuity of MMSE enables us to gauge
the gap between the Gaussian channel capacity and the
mutual information achieved by a given input by comput-
ing its Wasserstein distance to the Gaussian distribution.

o We give upper bounds on the convergence rate (in terms
of relative entropy) in the central limit theorem for
densities obtained as the convolution of Gaussian with
another distribution under various moment assumptions.

o We give an example of the central limit theorem in the
sense of weak convergence where the non-Gaussianness
is finite but does not vanish.

'Throughout the paper natural logarithms are adopted and information units
are nats.



We also give a new bound on the decrease of MMSE due to
additional observations in terms of the mutual information.

In Section V we discuss the data processing inequality
associated with MMSE, which implies mmse(X, N, snr) is
decreasing in snr for those [N with a stable distribution,? e.g.,
Gaussian.

In Section VI we present relevant results on the extrem-
ization of the MMSE functional with Gaussian inputs and/or
Gaussian noise. While the least favorable input with additive
Gaussian noise is Gaussian, the worst random transformation
faced by Gaussian inputs is an attenuation followed by additive
Gaussian noise, which coincides with the optimal forward
random transformation achieving the Gaussian rate-distortion
function, i.e. the backward random transformation is an ad-
ditive Gaussian noise. Nonetheless, the worst additive-noise
channel is still Gaussian. We also discuss MMSE-maximizing
input distribution under amplitude constraint and its discrete
nature.

II. CONCAVITY

Theorem 1. For any Pxy,Qxy and 0 < a < 1,

m(aPxy + (1 — a)Qxv)

=am(Pxy)+ (1 —a)m(Qxy) + a(l — a)x (10)
[ ) @pX1Y =)~ BolxIY = ul)* ¥ ()

where A = aPy + (1 — «)Qy, Py and Qy denote the
marginals of Y under Pxy and Qxy respectively. Conse-
quently, m(Pxy) is a concave functional in Pxy.

Proof: Appendix A. [ ]

Corollary 1. m(Px, Py|x) is individually concave in each
of its arguments when the other one is fixed.

Remark 1. MMSE is not concave in the pair (Px, Py|x).
We illustrate this point by the following example: for ¢ = 1, 2,
let ¥; = X; + N;, where X; and N; are independent
and equiprobable on {0,1}, X5 and N, are independent
and equiprobable on {8,10} and {4,6} respectively. Then
mmse(X1]Y1) = & and mmse(X|Y2) = 3. Let Y = X + N,
where the distribution of X (resp. N) is the equal mixture of
those of X; and X5 (resp. N7 and Ns). Then

mmse(X|Y) =

[mmse(X1]Y7) + mmse(X2|Y2)]  (11)

< — [mmse(X1|Y1) + mmse(X2|Y2)].  (12)

(NSRS

Corollary 2 (Non-strict concavity). In general MMSE is not
strictly concave.

Proof: According to (10), it can be shown that

m(aPXy + (1 — Oé)QX}/) = Oém(ny) + (1 — Oé)m(Qxy)
(13)

2A distribution P is called stable if for X1, X5 independent identically
distributed according to P, for any a, b € R, the random variable a X1 +b.X2
has the same distribution as ¢X + d for some ¢,d € R [6, p. 6].

(y)

holds for all 0 < o < 1 if and only if

Ep[X]Y =y] = Eq[X]Y = y] (14)
holds for Py-a.e. and Qy-a.e. y. Therefore, instances of non-
strict concavity can be established by constructing pairs of
distributions which give rise to the same optimal estimator.
Consider the following examples:

1) Let Y = X + N where X and N are i.i.d. By symmetry,
E[X|Y = y] = E[N|Y = y]. Then since E[X|Y =
y] + E[N|Y = y] = y, the optimal estimator is given by
E[X|Y = y] = y/2, regardless of the distribution of X.
Therefore, in this case, the mapping Pxy +— m(Pxy) is
affine between those joint distributions.

2) Let X and N be independent and standard Gaussian.
Denote the joint distribution of (X,+/snrX + N) and
(X, 5\”/2%1 X) by Pxy and Qxy respectively. Then the
optimal estimators of X under Pxy and @) xy are both
X(y) = \/gly. Therefore, Py|x — m(Px, Py|x) is
not strictly concave.

3) Let Y = X + 27N, where N is independent of X and

equiprobable Bernoulli. Consider two densities of X:

le(fﬂ) - QD(ZL’),
fxy () = o(x)(1 +sinz),

15)
(16)

22
where () £ %677 denotes the standard normal

density. It can be shown that the optimal estimators for
(15) and (16) are the same:

ooy 2mp(y —2m)
AW = S e —2m)

hence the MMSE functional for this channel is the same
for any mixture of (15) and (16).

a7)

|

Despite the non-strict concavity in Px for general Py |x,

in the special case of additive Gaussian noise, MMSE is

indeed a strictly concave functional of Py, as shown next. The

proof exploits the relationship between the optimal estimator

in Gaussian channels and the Weierstrass transform [7] of the
input distribution.

Theorem 2. For fixed snr > 0, Px +— mmse(X,snr) and
Px — I(X,snr) are both strictly concave.

Proof: Appendix B. [ ]

III. REGULARITY OF MMSE

A. Continuity and semi-continuity

In general the functional m(Pxy) is not weakly semi-
continuous. To see this, consider (X,,Y,) = (X,X/n),
which converges in distribution to (X,Y") = (X, 0). Therefore
mmse(X|Y’) = varX. However, mmse(X,|Y;,) = 0 for each
n. Thus,

mmse(X|Y") > lim sup mmse(X,,|Y;,)

n—oo

(18)



and therefore m(Pxy ) is not lower semi-continuous (l.s.c.) in
Pxy. On the other hand, consider Y,, =Y = 0 and

0 wp.1—2
Xn:{ G

19)
Then X,, = X = 0. Since mmse(X|Y) = varX = 0 and
mmse(X,|Y,) = varX,, = n — 1, it holds that m(Pxy) is
not u.s.c.:

mmse(X|Y) < lim inf mmse(X,|Y,). (20)
n—oo

Nevertheless, assuming either bounded input or additive
noise, MMSE is indeed a weakly u.s.c. functional.

Theorem 3. Let E € Bg2 be such that {z : (z,y) € E}
is bounded. Denote the collection of all Borel probability
measures on E by M(E). Then Pxy — m(Pxy) is weakly
u.s.c. on M(E).

Proof: Variational representations prove effective tools in
proving semi-continuity and convexity of information mea-
sures (for example relative entropy [8], Fisher information [9],
etc). Here we follow the same approach by using the following
variational characterization of MMSE?:

1)
= inf E[(X—f(Y))] (22)

feCo(R)

where B(R) and Co(R) denote the collection of all real-valued
Borel and continuous bounded functions on R respectively,
and (22) is due to the denseness of Cy in L2.

For a fixed estimator f € Cy(R),

ENY*ﬂYDﬂ://@*f@D%&yML@D 23)

is weakly continuous in Pxy. This is because (z,y) — (z —
f(y))? € Co(R?) since E is bounded in z. Therefore by (22),
m(Pxy) is weakly u.s.c. because it is the pointwise infimum
of weakly continuous functions. In view of the counterexample
in (20), we see that the boundedness assumption on E is not
superfluous. ]

Remark 2. The variational representation of MMSE in (22)
provides an alternative proof of its concavity as follows: since
for any f € B(R), E[(X — f(Y))?] is affine in Pxy, m(Pxy)
is concave because it is the pointwise infimum of affine
functions. This proof does not rely on the boundedness of
E. Hence we could set £ = R2.

Theorem 4. Let E[N?] < cc. Then for any snr > 0, Py
mmse(X, N, snr) is weakly u.s.c. In addition, if N has a con-
tinuous and bounded density, then Px — mmse(X, N, snr) is
weakly continuous.

Proof: Appendix C. ]

3The Borel measurability of estimators in (22) is not superfluous. For
example [10], it is possible to construct a random variable ¥ and a non-
measurable function f such that X = f(Y") is a random variable independent
of Y. Then mmse(X|Y) = varX while E[(X — f(Y))2] = 0.

Remark 3. Theorem 4 cannot be extended to snr = 0, because
mmse(X, N, 0) = varX, which is weakly Ls.c. in Px but not
continuous, as the example in (19) illustrates. For snr > 0,
Px +— mmse(X, N,snr) need not be weakly continuous
if the sufficient conditions in Theorem 4 are not satisfied.
For example, suppose that X and N are both equiprobable
Bernoulli. Let X = g X, where ¢y, is a sequence of irrational
numbers converging to 1. Then X — X in distribution, and
mmse(X, N, 1) = 0 for all k, but mmse(X, N, 1) = &. This
also show that under the condition of Theorem 3, m(Pxy)
need not be weakly continuous in Pxy .

Corollary 3. For fixed snr > 0, Px +— mmse(X,snr) is
weakly continuous.

Corollary 3 guarantees that the MMSE of a random variable
can be calculated using the MMSE of its successively finer dis-
cretizations, which paves the way for numerically calculating
MMSE for singular inputs (e.g., Cantor distribution) in [11].
However, one caveat is that to calculate the value of MMSE
within a given accuracy, the quantization level needs to grow
with snr such that the quantization error is much smaller than
the noise.

In view of the representation of the MMSE by the Fisher
information of the channel output with additive Gaussian noise
[5, (58)] (known as Brown’s identity in the statistics literature
[12, (1.3.4)]):

snr- mmse(X,snr) =1 — J(y/snrX + Ng), (24)

Corollary 3 implies the weak continuity of J(y/snrX + Ng)
in Pyx. While Fisher information is only Ls.c. [9, p. 79], here
the continuity is due to convolution with the Gaussian density.

B. Lipschitz continuity

Seeking a finer characterization of the modulus of conti-
nuity of Py — mmse(X,snr), we introduce the Wasserstein
distance [3].

Definition 1. For 1 < p < oo, the Wasserstein space of order
p on R is defined as the collection of all Borel probability
measures with finite p''-order moments, denoted by P,(R).
The Wasserstein distance of order p (W), distance) is a metric
on P,(R), defined for p,v € P,(R) as

Wy v) = inf {|X = V]|, s X ~pY ~ v}, @25)

where the infimum is over all joint distributions of (X,Y").

On the real line the W), distance coincides with the L,
distance between the quantile functions of two distributions
[13], [14]:

W, (Px, Py) = ||Fx' — Fy'!

(26)

p )
where F'x denotes the cumulative distribution function of X.
By Holder’s inequality,

Wy(Px, Py) < Wy(Px,Py), p<q. 27

The W, distance metrizes the topology of weak convergence
plus convergence of p**-order moments. Because in general,



convergence in distribution does not yield convergence of mo-
ments, this topology is strictly finer than the weak-* topology.
Since Wy convergence implies convergence of variance, in
view of Corollary 3, for all snr > 0, Px — mmse(X,snr) is
continuous on the metric space (P2(R), Ws). Capitalizing on
the smoothness of the optimal estimator in Gaussian channel,
the Lipschitz continuity of Px ~— mmse(X,snr) can be
established as follows:

Theorem 5. For any snr > 0 and any 1 < p,q < oo with
1,1

—+ - =1,

p ' q

|[mmse(Z, snr) — mmse(X, snr)|
vvarX 4+ vvarZ
< [V2(I X3, + 1Z]5,) + 2snrvarX + 1| W, (X, Z).

(28)

Consequently, Px — mmse(X,snr) is W,.-Lipschitz continu-
ous on any compact set in Py, ;—2y(R) for any 2 < r < 6.

Proof: Appendix D. [ ]
Finally we present two results which frequently enable us
to approximate MMSE of a given input using its truncated
version, where the approximation error is uniform in the
random transformation.

Lemma 1. For any Pxvyz,

‘\/mmse(X|Y) - \/mmse(Z|Y)‘ <X - Z[,. (9
Proof:

vmmse(X|Y) < | X —E[Z]Y]], (30)

< X =Zll, + 12 -E[Z]Y]l, G

= | X - Z||, + vVmmse(Z]Y). (32)

Interchanging the roles of X and Z, (29) follows. ]

Lemma 2. Let X be distributed according to P. For A > 0,
denote by Py the distribution of X conditioned on the event

{X| < A} ie, Pa(E) = W for any measurable
set E. Then For any Py |x,

m(P, Py|x) — 4E [X*1{x|> 4}]

< m(PA,Py‘X) (33)
m(PaPY\X)
= B{X| < A4 B9

Proof of Lemma 2: Let X 4 be distributed according to
P4 and Y4 be the output of Pyl x when the input is X 4. Then
the joint distribution of (X 4,Y4) is equal to the distribution
of (X,Y) conditioned on the event {|X| < A}, i.e.,

P{X € EN[-A,A],Y € B}
P{X N[-A,AJ}

P{XA €EFE, Yy EB}Z
(35

Since

Xa(y) 2E[Xa|Ya =y (36)

is a suboptimal estimator of X, we have

mmse(X 1Y)

<E[x - XA(Y))2] (37)
— B [(X — Xa(¥)?] X < 4] P{IX] < 4}

+E {(X —XA(Y))21{|X‘>A}] (38)
<E|[(Xa— Xa(V)?| P{IX| < 4}

+4E [| X1 x> 4] (39)

= mmse(X4|Ya)P{|X| < A} + 4E [|X|* 1 x> 3], (40)
which implies (33). To show (34), note that

mmse(X|Y)
=E[(X —E[X|V])’] (D)
>E[(X -EXY)?|IX| < A]P{X| <4} @2)
> mmse(X4|Y4)P{|X]| < A}. (43)
|

IV. APPLICATIONS TO MUTUAL INFORMATION
A. Finite mutual information and the I-MMSE relationship
Capitalizing on the weak continuity of MMSE proved in
Theorem 4, we prove that the -MMSE relationship holds as
long as the mutual information is finite, thus removing the

finite-variance condition imposed on the input in [5, Theorem
1].

Theorem 6. For any random variable X, the following are
equivalent:

a) I(X,snr) < oo for any snr > 0;

b) I(X,snr) < oo for all snr > 0;

¢) H(|X]) < o0.

Furthermore, if I(X,snr) < oo, then (9) holds for all snr > 0.

It should be remarked that (X, snr) < oo is much weaker
than E [X 2] < 00, as the following sufficient condition shows,
which also applies to non-Gaussian noise:

Lemma 3. Let N have a density with h(N) > —oo. Let 9 :
R+ — R be an increasing continuous function that satisfies
the following conditions:

1)
/ e @ dr < oo
Ry

2) For any 0 < X\ < 1, there exists ay,bx,cy > 0, such that

(44)

YAz + (1= N)y) < axp(z) +bap(y) +en, Vao,y > 0.
(45)
If
E[p(X])] < oo (46)
E[p(IN])] < o0 (47)
Then

1) I(X, N,snr) < oo for all snr > 0.



2) snr— I(X, N,snr) is continuous on R.

Proof: See Appendix E. ]
Examples of function v that satisfies (45) include:

1) 9 is convex.
2) v is increasing and subadditive (e.g., ©¥» concave with
$(0) = 0).

Consequently, any convex, increasing and non-constant
satisfies both (44) and (45). Particularizing to Gaussian noise,
choosing 1 to quadratic implies that varX < oo is sufficient
for I(X,snr) < oco. In fact, choosing 1 to be nested logarith-
mic, we obtain a family of sufficient conditions much weaker
than square integrability: define

I(z) £ logo---olog(ty + |x|), (48)
—_——

k times

where t;, denotes the (kK — 1)™ tetration (iterated exponen-
tial) of e. Then E [l5(X)] < oo for some k € N implies
I(X,snr) < oo for all snr > 0.

Proof of Theorem 6: The equivalence between a) and
¢) has been shown in [15, Theorem 1]. To prove that a) <
b), assume that I(X,snr’) < oo for some snr’ > 0. By
monotonicity, it is sufficient to consider snr > snr’. Since
X — (y/snrX 4+ Ng) — (v/snr' X 4+ Ng) forms a Markov chain,
we have

I(X,snr) — I(X,snr")

= I(X;\/snrX + Ng|Vsnr'X + Ng) (49)
1

< §E {log (1 + var(X|Vsnr'X + Ng)ﬂ (50

< %log(l + mmse(X, snr’)) (51)
1 1

< =1 1 2

_20g<+snr/>, (52)

where (50) follows from the concavity of the logarithm.
Therefore I(X,snr) < oo for all snr > 0.
Next we show that for any 0 < snr’ < snr < oo,

snr

I(X,snr) — I[(X,snr') = %/ mmse(X,v)dy.  (53)

snr’

For m € N, let X,,, be a random variable distributed according
to the distribution of X conditioned on the event {|X| < m},
ie., P{X,, € A} = W for any Borel subset A.
This is well-defined because the denominator is positive for
sufficiently large m. Since X, is bounded, we have

snr

1
I(Xp,snr) — [( Xy, snr’) = 7/ mmse(X,,,7)dy. (54)

snr’

Since X,, — X in distribution, by the weak continuity
of MMSE proved in Corollary 3, lim,,_, . mmse(X,,,7v) =
mmse(X, ). Since mmse(X,vy) < %, which in integrable
on the interval (snr’,snr), applying dominated convergence
theorem to (54) yields

1 snr
lim I(X,,,snr) — I(X,,snr’) = f/ mmse(X,v)dy.
m—0o0
) (55)

nr’

To establish (53), it remains to show

lim I(X,,,snr) =1(X,snr).

m—o0

(56)

By the lower semicontinuity of relative entropy, it is sufficient
to show

lim sup I(X,,,snr) < I(X,snr). (57)
m—»o0
Note that

I(X,snr) = I (X,1{x|<my; VenrX + Ng) (58)
> I(X;vsnrX + Ne|l{x|<m}) (59)

> P(IX| <m)I (X;vsarX + Ng||X| < m)
(60)
= P(|X]| < m)I(X,,snr), (61)

which implies the desired (57).

In view of the continuity of mmse(X,-) on (0,00) estab-
lished in [2, Proposition 7], differentiating (53) yields (9) for
every snr > 0. [ ]

Remark 4. It can be shown that the integral I-MMSE rela-
tionship (8) holds for all snr > 0. First consider the case of
I(X,snr) < oco. Sending snt’ — 0 in (53) and applying the
monotone convergence theorem, we have

1 snr
I(X,snr) — Srl]irpilOI(X, snr’) = 5/0 mmse(X,v)dy. (62)

Therefore establishing (8) for any X amounts to proving the
continuity of I(X, ) at snr = 04, which has been established
in [16] for arbitrary X with finite mutual information.

In case of I(X,snr) = oo, the integral -MMSE relationship
(8) still holds in the sense that both sides are infinity. To
see this, let X 4 be distributed according to the conditional
distribution P4 defined in Lemma 2. Then

1 snr
- / mmse(X, v)dy
2Jo

1 snr

= —liminf P {|X]| < A}/ mmse(X, v)dy (63)
2 A—oo 0
1 snr

> — liminf mmse(X 4, y)dy (64)
2 A—oo 0

> liminf I(X 4, snr) (65)
A—o0

> I(X,snr) = oo, (66)

where
e (64): by (34);
e (65): by (8), since X 4 is bounded;
e (66): by the lower semicontinuity of Px — I(X,snr).

B. Regularity of mutual information

Note that unlike the finite-dimensional setting (e.g. [17]), the
concavity of mutual information does not imply continuity. In
view of the weak lower semi-continuity of relative entropy [8],
I(X,snr) is weakly Ls.c. in Px but not continuous in general,
as the following example illustrates: Let

Py, = (1— k™ )N(O.1) + k' N(0,exp(8k%)  (67)



with @ > 1 and 8 > 0, which converges weakly to Px =
N(0,1) regardless of the choice of (c, 3). Using the concavity
of I(-,snr) and the dominated convergence theorem, it can be
shown that for any snr > 0,

1(B+1log(l+snr) a=1

(68)
00 a>1

I(Xg,snr) — {
but 7(X,snr) = £ log(1 + snr).

Nevertheless, mutual information is indeed weakly contin-
uous in the input distribution if the input variance is bounded
and the additive noise is Gaussian. Applying Corollary 3 and
the dominated convergence theorem to (8), we obtain:

Theorem 7. If X D X and supvarXy < oo, then
I(Xk,snr) — I(X,snr) for any snr > 0.

By the Ws-continuity of MMSE (in Theorem 5), I(-,snr)
is also Ws-continuous. Moreover, Lipschitz continuity holds
when the input is peak-limited, as the following result shows,
which is obtained by integrating both sides of (28) and (8):

Corollary 4. Under the conditions in Theorem 5, For any
snr>0,1<p,q<oco with I%—&—%:l,
I(Z,snr) — I(X, snr)
vvarX + vvarZ

snr
< % [VRAIXIE, + 1215,) + snrvarX + 1] W, (X, 2).

(69)

Consequently, Px — I(X,snr) is W,-Lipschitz continuous on
any compact set in Py, /(r—2)(R) for any 2 <r < 6.

In fact Ws-continuity also carries over to non-Gaussian
noise:

Theorem 8. Let Wi (Pyx,,Px) — 0, ie, X — X and
second-order moments also converge. Then I(Xj, N,snr) —
I(X, N,snr) whenever N has finite non-Gaussianness

D(N) 2 D(Py || N(E[N],varN)). (70)

Proof: Note that

I(X, N,snr)

1 1 14 snrvarX
=— 10 —_—
2 & variN

Since variance converges under W, convergence, the upper
semi-continuity Px +— I(X, N,snr) follows from the lower
semi-continuity of relative entropy. As we mentioned before,
the lower semicontinuity of Px — I(X, N,snr) is inherited
by that of relative entropy. ]

As a consequence of Theorem 7, we can restrict inputs
to a weakly dense subset (e.g., discrete distributions) in the
maximization

) — D(v/snrX + N) + D(N), (71)

1
C(snr) = E[I;{lgl])él I(X,snr) = 5 log(1+snr)  (72)
with max replaced by sup. It is interesting to analyze how
the gap between C(snr) and the maximal mutual information
achieved by unit-variance inputs taking m values, denoted by
Cyn(snr), closes as m grows. The Wo-Lipschitz continuity of
mutual information allows us to obtain an upper bound on the

convergence rate. It is known that the optimal W, distance
between a given distribution and discrete distributions taking
m values coincides with the square root of the quantization
error of the optimal m-point quantizer [18], which scales
according to % [19]. Choosing X to be the output of the
optimal quantizer and applying a truncation argument, we
conclude that C(snr) — C(snr) = O (). In fact, the gap
vanishes exponentially fast [20].

C. Applications to the central limit theorem

We proceed to prove upper bounds for the convergence rate
of non-Gaussianness in central limit theorem with i.i.d. random
variables whose distribution is the convolution between a
Gaussian distribution and an arbitrary distribution satisfying
certain moment assumptions.

Theorem 9. Let {X;} and {W;} be independent i.i.d. se-
quences of random variables where W; ~ N(0,02). Let

Zi = X1+W1 and

1 n
S, =— Z. 73
7 ; (73)
Then
« IfE [Xﬂ < 00, then
D(S,) = O(n™%). (74)

o If the moment generating function of X1 is finite, then

D(S,) = O(n"?). (75)
Proof: Let T,, = ﬁZ?:l X;. Thej‘l S, = T, + oNg
with independent Ng ~ AN(0,1). Let X; denote a normal
random variable with the same mean and variance as X;. Let
1<p,qg <ooand % + % = 1. According to (71), we have

D(S,) =D (i” + NG) (76)
=I(X1,07%) = I(T,,,07?) (77)
< Lp Wap(Px,, Pr,), (78)

with
L, 2 VPo™? {\TQ(HX}HZQ +ITal2,) + Po2 + 1] . (79)
where (78) follows from Corollary 4.

The Wasserstein distance between Pr, and Py, satisfies the
following:

o Forr > 2, if E[|X1|"] < oo, then [21], [22, (1.5)]
W,(Px,, Pr,) = O(n7"3%). (80)

o If the moment generating function of X, is finite, then
[22, (1.6)] for any r > 1,
W, (Px,. Pr,) = O(n" %),

Note that ||T},]], = HXlHr +o(1) if E[|X]|"] < oo. Applying
(80) with » = 6 and (81) to (78) respectively, we obtain the
desired results in (74) and (75). |

(81)



Remark 5. Non-asymptotic upper bounds on D(S,,) can be
obtained by combining (78) and the non-asymptotic results
on the Wasserstein distance in [22, Theorem 2.1 and (1.6)].
Theorem 9 can also be generalized to non-i.i.d. sequences by
applying [22, Theorem 4.1].

Remark 6. The asymptotics of D(S,,) is studied in [23],
where it is shown that D(S,) = o(1) if and only if
D(Sp,) < oo for some ng € N. Previous work in [24], [25]
showed that if Z; has finite Poincaré constant [25, Definition
1.2], the non-Gaussianness D(S,,) vanishes as the optimal
rate O(n~1). However, finiteness of the Poincare constant
implies Z; has moments of all orders [26], while (74) only
assumes the existence of the sixth moment. In the special
case of compactly-supported X;, [27, Theorem 1.8] implies
that Z; has a finite Poincaré constant. Therefore in this case
D(S,,) = O(n~1), which is stronger than (75).

After the submission of the present paper, the exact asymp-
totics of D(S,,) has been established in [28, Theorem 1.1]
using Edgeworth-type expansions: Let .S,, be defined in (73)

with E [Z}] < oc. Then
( : )
o )
nlogn

E[23])°
which improves Theorem 9 significantly.

DlSn) = 3,

To conclude this section, we give an example where the
non-Gaussianness of a sequence of absolutely continuous
distributions does not vanish in the central limit theorem.
Consider the following example [29, 17.4]: let {Z;} be a
sequence of independent random variables, with

P{Z,=1}=P{Z, = -1} = %(1 — k%), (83)
P{Z,=k}=P{Z, =k} = %k‘z. (84)

Define S,, = ﬁ 22:1 Zi. While var S,, — 2, direct compu-

tation of characteristic functions reveals that S, =N (0,1).
Now let ¥, = S, + Ng = N(0,2). Since {var¥,} is
bounded, by Theorem 7, I1(S,,;S,, + Ng) — %log 2. In view
of (71), we have D(Y,,) — 3log 3.

D. Bounds on MMSE via mutual information

To conclude this section, we present a result related to Tao’s
inequality [30], [31], which shows that the contribution of Z
in estimating X never exceeds half of the mutual information
between X and Z.

Theorem 10. Let X take values in the unit ball of an
Euclidean space. For any Py zx,

1
mmse(X|Y) — mmse(X1Y, Z) < §I(X; Z|Y). (85)
In particular,
1
var(X) —mmse(X|Z) < §I(X; Z). (86)

Proof: Let B = {z : ||z||, < 1}. Then
mmse(X|Y) — mmse(X|Y, Z)

= E |[E[X]Y] - E[X]Y, Z]|j] (87)

2

:/Pyz(dyvdz)

/Bff(PX|Y(d$|y) — Pxy,z(dzly, 2))
(88)

g/?MNMﬂ@(Ajﬂbﬁkw@ﬂw—FkxA®w¢N>

(89)
< /Pyz(dy,dz) | Pxjy =y — PX|Y:y,Z:zH? (90)
< Q/PYZ(dyadZ)D(PX\Y:y | Px|y—=y,z==) 2y
— 20(X; Z|Y). 92)

where (90) makes uses of the fact that = belongs to the
unit ball, (91) follows from the Kullback-Csiszar-Kemperman-
Pinsker inequality (e.g. [32]) and (89) follows from:

/Bx(dP —dQ)

To verify (93), assume P # (). Let p denote the normalized
version of |P — @), i.e., u = WW— Q|- Denote by |z|
the absolutely value of = taken componentwise. Then

s/ﬁwm&P—QL 93)
2 B

H/Mﬂh@@ s’/udP—@ (94)
2 2

= |P — B d 95

| QM)H/mu2 %)

g|f)—wguznt/anm2du (96)

t/WMdP—QM ©7)

where (96) follows from Jensen’s inequality and the convexity
of norms. |

V. DATA PROCESSING INEQUALITY

In [33] it is pointed out that, like mutual information,
MMSE satisfies a data processing inequality. We prove this
property along with a necessary and sufficient condition for
equality to hold.

Theorem 11. If* X —Y — Z, then
mmse(X|Y) < mmse(X|Z) (98)
with equality if and only if E[X|Y] = E[X|Z] a.e.

Proof: By the orthogonality principle and the Markov
property,

mmse(X|Z) — mmse(X|Y) = E(E[X|Y] - E[X|Z])%. (99)
|

Corollary 5. For any X, mmse(X,snr) is decreasing in snr.

4X —Y — Z means that X and Z are conditionally independent given Y,
ie., (X,Y,Z) is a Markov chain.

2



Proof: The monotonicity is a consequence of Theorem

11: for any X and snry > snrp >0, X — (X+ Slm N(;) —
1
(X + 51 NG) forms a Markov chain. [ |
nr2

Using the same reasoning we can conclude that, for any N
with a stable law, mmse(X, N, snr) is monotonically decreas-
ing in snr for all X.

It should be noted that unlike the data processing inequality
for mutual information, equality in (98) does not imply that
Z is a sufficient statistic of Y for X. Consider the following
example of a multiplicative channel: Let U, V, Z be indepen-
dent square integrable random variables with zero mean. Let
Y=ZUand X =YV.Then X —Y — Z and

E[X|[Y]=E[YV|Y] =YE[V|ZU]=YEV =0. (100)

Similarly E[X|Z] = 0. By Theorem 11, mmse(X|Z) =
mmse(X|Y) = varX. However, X — Z — Y does not hold.

VI. MAXIMIZATION OF MMSE

In this section we consider the maximization of MMSE over
a convex set of Px for fixed Py|x and vice versa.

A. The worst input distribution

Theorem 12 ([2, Proposition 12]). Let N ~ N(0,0%)
independent of X,

02 0'2
max _ mmse(X|X + N) = A= (101)
PX:vangag( OnN + Ox

where the maximum is achieved if and only if X ~ N (a, 0§<)
for some a € R.

Through the I-MMSE relationship (8), Theorem 12 provides
an alternative explanation for optimality of Gaussian inputs
in Gaussian channels, because the integrand in (8) is maxi-
mized pointwise. Consequently, to approximate the capacity-
achieving Gaussian distribution under some given constraints,
it is equivalent to find X whose MMSE profile approximates
the Gaussian MMSE in the L; norm. This observation has
been exploited in Section IV to estimate how discrete inputs
approach the Gaussian channel capacity.

Theorem 12 states that the least favorable input distribution
under the variance constraint is Gaussian. However, under the
amplitude constraint, the input distribution P} that achieves

mmse(X|X + N) (102)

max

Px:|X|<A
is finitely supported (see, for example, [34]), a consequence
of the analyticity of the Gaussian density. This phenomenon
is reminiscent of the fact that the capacity-achieving input
distribution for the Gaussian channel under amplitude con-
straints is also finitely supported [35]. In general, there are no
closed-form solutions for P (see [36] for numerical recipes).
However, when A < 1.05, it has been shown that the worst
input distribution is binary [37]:

1
Py = 5(5,44—5,,4). (103)

Capitalizing on the I-MMSE relationship (8), this result has
been used to establish that (103) also achieves

I(X;X + N) (104)

max
Pxi|X|<A

when A < 1.05 [38].

The behavior of P} when A is large has been investigated
in [39], where it is shown that if X is distributed according
to Pj, then LX3 2 P* as A — oo, where the limiting
distribution P* has the following density:

. T
p*(z) = cos® % Llal <1y (105)
Moreover,
2 1
PXIZ?)%T(SAmmse(X|X +N)=1- el +o <A?> . (106)

An intuitive explanation for (105) and (106) is the following:
Let X = AZ}. By (24),

mmse(X | X% + N) = A2mmse(Z}, A?) (107)
= 1-J(AZ, +N) (108)
=1-A2J(Z+A'N). (109)

Suppose that Z7% converges to Z* in distribution and that
J(Z4 + A7IN) = J(Z*) + o(1). Then Z* must minimize
the Fisher information among all distributions supported on
[—1,1]. This unique minimizer is given by (105) [40], [39].
Similarly, if a variance constraint varX < aA? is added to
(102) in addition to the amplitude constraint, it can be shown
that %XZ converges in distribution to the density supported
on [—1, 1] that minimizes the Fisher information with variance
not exceeding «, which has been obtained in [41].

Compared to (105), it is interesting to observe that the
capacity-achieving input distribution in (104) has a different
limiting behavior: Let X* achieves (104). Then %Xj‘ con-
verges to the uniform distribution on [—1, 1], which maximizes
the differential entropy instead of minimizing the Fisher infor-
mation.

B. The worst random transformation

In this subsection we investigate the variance-constrained
additive noise that maximizes the MMSE of the input given its
noisy version. It is important to note that we do not constrain
the noise to be independent of the input. If the criterion is the
minimization of mutual information and the additive noise is
not allowed to depend on the input, the worst-case noise is
known for specific input distributions such as Gaussian and
binary [42].

Theorem 13.

R - S mmse(X|Y) = min{o%, D},  (110)
holds for any X with finite mean.
Proof of Theorem 13: (Converse)
mmse(X|Y) = mmse(Y — X|Y) (111)
< min{o%,var(Y — X)} (112)
< min{o%, D}. (113)



(Achievability) If D > 0%, mmse(X|Y) = 0% is achieved
by Y = E[X]. If D < 0%, let Z = \/snrX + Ng with Ng
independent of X and snr chosen such that mmse(X, snr) =
D. Such an snr always exists because mmse(X,snr) is a
decreasing continuous function [2, Proposition 7] in snr which
vanishes as snr — oo. Moreover, it can be shown that
mmse(X,snr) — 0% as snr — 0, even if 0% = oo. Then
Y = E[X|Z] achieves the upper bound since E[(X —Y)?] =
mmse(X|Y) = mmse(X,snr) = D. [ |

It is interesting to analyze the worst channel in (110) for
Gaussian input X ~ N(0,0%). When D < 0%, the maximal
MMSE is achieved by an attenuator followed by contamination
by additive independent Gaussian noise

D D2
0x \/ 0x

Interestingly, (114) is the minimizer of

Rx(D) = i I(X:Y 115

x (D) PY‘X:E?;@X)ZSD( ;Y) (115)
1 o2

= —logt (X 11

5108 (D), (116)

where log™ (z) £ max{log x, 0}. Hence the backward random
transformation Py |y consists of additive Gaussian noise with
variance D. Nonetheless, the worst independent additive-noise
channel is still Gaussian, i.e.,

2
oxD

mmse(X‘X +N) = m,
X

(117)

max
Pn:varN<D
because when NV is independent X, by (111), the problem
reduces to the situation in Theorem 12 and the same expression
applies.

APPENDIX A
PROOF OF THEOREM 1

Proof: Let Px,y, and Px,y, be two joint distributions.
Let B be a random variable taking values on {1,2} with
P{B=1} = a; = 1 — as. Let (X,Y) be distributed
according to Py,y, conditioned on B = ¢ for ¢ = 1 or 2. Then
(X,Y) has joint distribution Pxy = a1Px,y, + @2Px,v,.
Denote the densities of Px,y, and Py, with respect to Pxy
and Py by h; and g; respectively.

The optimal estimator for X; based on Y; is given by

fi(y)

Xi(y) 2E[X|Y; = y] = )

(118)

where

fily) & / whi(e,y) Pxpy (daly). (119)

Then the optimal estimator for X based on Y is given by

() LE[X]Y = 4] = / Py (dely) = aufi (y)+asfs(y)
(120)
since a1hy + ashy = 1.

By the orthogonality principle and o191 + aego = 1,

m(qulel + QQPX2Y2) - alm(Plel) - an(PX2Y2)

= mmse(X|Y) — mmse(XY, B) (121)
= E[(E[X]Y, B] - E[X|Y])?] (122)
2
- E Kfl - X) (Y)‘B —1
g1
2
+asE (f—X) (v)|B =2 (123)
2
_ 2
= aras / U192 = 29" p () (124)
9192
= a1 E [gl(Y)gg(Y)(Xl(Y) - XQ(Y))Q} . (125)
This proves the desired equality (10). [ ]

APPENDIX B
PROOF OF THEOREM 2

Proof: The concavity follows from Corollary 1. To prove
strict concavity, it is sufficient to consider snr = 1. Suppose
that for X; with distribution P; (¢ =1,2) and 0 < a < 1, we
have

mmse(aP; + (1 — )P, 1) = ammse(Py, 1)+

(1 — a)mmse(Pa,1). (126)

Denote Y; = X; + Ng and )A(z(y) =E[X;|Y; = y] fori=1,2.
Then by (14), . X
X1(y) = Xa(y)

holds for Lebesgue-a.e. y € R.
The density of Y; is given by:

r.(0) = Elpty — X)) = = [exp (500 - X»?)l,
(

8)
which is the Weierstrass transform [7] of P,. Define the
A
li(y) = )
The following properties of the log-likelihood ratio are proved
in [43] and [44, Property 3] respectively:

likelihood ratio as
X2
=E |exp (—’ —&-yXi)} )
e(y) [ 2
d N
—logli(y) = Xi(y),

(127)

(129)

1
Qy (130)
d2
e logl;(y) = var(X;|Y; = y). (131)
The solution of (130) is
y A
u) = e ([ Kar),  am
0

hence in view of (127), we have for all y € R,

hy) _ L) 133

1(0)  12(0)
Next we show that P, = P,. For ¢ = 1, 2, define a probability
measure (; according to

Elexp(—X?/2)

(134)



for each positive Borel function f. From (129), we observe that

é_ Ey; is the Laplace transform of @);. By (133), we conclude

that Q1 = Q5. Then

E[f(X1)] = L(0)Eq, [f(X) exp(—X?/2)] (135)
= 12(0)Eq, [f(X) exp(—X?/2)] (136)
= E[f(X2)], (137)

where (136) follows from

1(0) = e = = 1(0).
Eq, [exp(X?/2)]  Eq,[exp(X?/2)]

(138)

By (137) and the arbitrariness of f, we conclude that P, = Ps.
In view of (8), the strict concavity of Px — I(X,snr) follows.
| |

APPENDIX C
PROOF OF THEOREM 4

Proof of Theorem 4: Note that
snr- mmse(X, N,snr) = mmse(y/snrX|v/snrX + N) (139)

= mmse(N|v/snrX + N) (140)
= mmse (N, X, snrfl) . (141)

Therefore it is equivalent to prove the upper semi-continuity
of Px +— mmse(N, X,snr~1). Without loss of generality we
shall assume that snr = 1.

Let Px, be a sequence of distributions converging to Px,
weakly. By the Skorohod’s representation [45, Theorem 25.6],
there exist a sequence of random variables {Xj}r>0 with
distributions {Px, } respectively, such that X **% Xj. Let
N be a random variable defined on the same probability space
and independent of {X}}.

Denote Y, = Xi + N. Let gi(y) = E[N|Y), = y]. By the
denseness of Cy in L2, for all € > 0, there exists § € Cy such
that [|go(Yo) — §(Yo)||, < €. Then

lim sup v/ mmse(N, Xy, 1)

k—o0
< 1imsupHN— ch)H2 (142)
k—o0
<IN = g(Yo)l, +[|9(Yo) — §(Yo) |,
+limsup [|§(Yo) — 9(Ya) |, (143)
k— o0
< v/mmse(N, Xg,1) + ¢, (144)

where (142) is due to the suboptimality of ¢ and (144) follows
from the dominated convergence theorem. By the arbitrariness
of ¢, the proof for upper semi-continuity is complete, and it
remains to show

lim inf mmse(N, X, 1) > mmse(N, X, 1)

k—o0

(145)

under the assumption that /N has a continuous and bounded
density fy. For every positive integer m define the following
continuous and compactly supported function

x |z] <m
m(l+m—|z]) m<|z|<m+1.
0 |z] >m+1

hn () = (146)

Denote the density of Yj by pi(y) = E[fn(y — Xi)]. For
fixed m > 0, define
Uk(:‘/) £ Var( m( )‘Yk = y) (147)
= E[hy, (N)[Ys = y] — (E[hm(N)|Ye = y])?, (148)
where
Elhn(y— X - X
Blhn (VY = 5] = == SISl )
E[h? (y—X - X
e 1LY

Since fy is continuous and bounded, x — h,,(z)fy(z) and
x + h2 (x)fy(z) are both continuous and bounded functions.
Therefore {vgpi} is a sequence of nonnegative measurable
functions converging pointwise to vgpg. By Fatou’s lemma,

hkmlnfmmse( m(N)|YE) = likminf ve(y)pr(y)dy (151)
> [wwmdy  as2)

R
= mmse(h,,(N)|Yp). (153)

Note that var(h,,(N)) < var(N) for any m. By Lemma 1,
for any £,

[mmse(N|Yy) — mmse( m(IN)|Y:)]
< 2y/var(N) [N — hpo (N) |5 (154)
<2 VE]I’(N)E [N21{|N|2m}j|~ (155)
Plugging (155) into (153) yields
lim inf mmse(N|Y;) > mmse(N|Yy)—
k— o0
2 var(N)]E [N21{\N\2m}] , (156)
which, upon sending m — oo, gives the desired (145). [ ]

APPENDIX D
PROOF OF THEOREM 5

First we prove an upper bound on the conditional variance,
which improves the estimate in [46, Proposition 1.2]:

Lemma 4. Let Y = /snrX + Ng, where Ng ~ N(0,1) is
independent of X. If varX < oo, then for any y € R,

var(X|Y =y)

2 <1 ‘o y? +snrvarX>
s U 2By (y)

Sl 1+logy2—+—snrvarX_’_yQ—ksnrvarX as8)
snr 2 2

IN

(157)

where fy(y) =
function of Y.

E [o(y —

\/san)] is the probability density



Proof: Without loss of generality we assume that E [X] =
0. Fix A > 0. Then

E [NE]Y =y]
- \/STX)( )( —— (159)
< AE [(y — vEnrX)*] + (160)
g [W = Vs X)?o(y — venrX) ]
Iy () {oy—vamrX)>Afy ()}

< A(y? +snrvarX) + 2log (161)

1
V2rAfy (y)

where (161) follows from that {¢(y — /snrX) > a} =
{(y — v/snrX)? < 2log —7—}. Minimizing the upper bound

in (161) by choosing A = yQ+sn+arX’ we have
E [NEY =y]
2
y° + snrvarX
<2|1+log ) (162)
( 2v27 fy (y)
<2(1 4108 y? + snrvarX N y? +snr +varX 163)
2 2
where (163) follows from Jensen’s inequality:
— /snrX)?2
Varfy(y) = E {exp ((y;"r))] (164)
2 X
> exp (—W) . (165)

The proof of (157) and (158) is completed by observing that

var(X|Y =y) = $var(Ng|Y =y) < %E [Ny =y].
(166)
|
Proof of Theorem 5: Let X and Z be jointly distributed

according to their optimal coupling so that

| X — Z||2p = W (Px, Pz). (167)

Let X(y) =
and (131), X
derivative

E [X|y/snrX + Ng = y|. In view of (130)
is an increasing differentiable function with

0<X'(y) = \/snrvar(X|\/san + Ng =v)

(y* 4 snrvarX),

(168)

< (169)
F

where the upper bound follows from further weakening (158)
by applying the inequality log(1 + x) < x. Then

mmse(Z, snr)

< HZ—X(\/sTrZ—FNg)‘L (170)
< |x - Xeanex + No) |+ 1X - 21,

n HX(MX+N@ —X(MZ+NG)"2 171)
= V/mmse(X,snr) + || X - Z|, +

HX(\/srTrXJrNG) —X(\/srTrZ+NG)H2 (172)

where (170) follows from the suboptimality of Z for estimat-
ing X.

Next we upper bound the third term in (172): fix w € R
and let f(z) = X (y/snrz + w). Then for any z, z € R,

| X ( \/sn rz 4+ w) — X (vsnrz + w)|
= dy‘ (173)
<2 / (y* + snrvarX)dy‘ (174)
2
< §|x3—z3|+2snrvarX|x—z|, (175)
where (174) follows from (169). Therefore
HX(\/SHI’X + Ng) — X(v/snrZ + Ng)H2
20
<3 | X? — Z%||, + 2snrvarX | X — Z|,. (176)
Since
|0 — 22 = B [x* - 27 a7)
< gE (X —2)*(X* + 2%)] (178)
9 1
< SE[(X - 2y P E[(X* + 2417 (179)
9 2 4 4
< 5 1X =215, (XN +11Z21ly,)-  (180)
where

o (178): by (u? + v +uv)? < 2(u? + %)% < J(u* +0t).
e (179): by Holder’s inequality with 1 < p,q¢ < oo and
Iti=1
Taking square root on both sides of (180) before applying it
to (176), we have

H)A((\/san + Ng) — X(\/san + Ng)H2
2 2
<V2IX = Z|,, (IX|3, + 1Z2]l3,) + 2snrvarX | X — Z], .
(181)

Substituting (167) and (181) into (172) and using the fact that
mmse(X,snr) < varX, we obtain

mmse(Z, snr) — mmse(X, snr)

vvarX + vvarZ
2 2
< V21X = Zly, (X[l + 1Z113,)+
(1+2snrvarX) || X — Z|,,

(182)

which implies (28) since |X —Z|, < [[X—Z,, =
Wap(Px, Pz).

The W,-Lipschitz continuity of mmse(-,snr) follows from
setting » = 2p. Since W,-distance is finite on P for s > 7,
we require 4q = T4_T2 >r,1e.,2<r<6.

APPENDIX E
PROOF OF LEMMA 3
4/ snr
Vsnr+1

Zane = AX + (1 = A)N.

Proof: Let A = and

(183)



In view of (44), we define a reference probability density ¢

on R by
1

_ —v(|)
q(z) = fRe—Wdexe ¥ (184)
Then
I(X, N,snr)
= h(v/snrX + N) — h(N) (185)
=E [log q(Zl)} +log(1 + +/snr) — D(pz,, I| ¢) — h(N)
(186)
< E[AIX]|+ (1= NIN|)] + log(1 + +/snr)+
log (/ e_w(xl)dx> — h(N) (187)
R
< axE [ (|X])] + bAE [4(|N])] + cx + log(1 + v/snr)
+ log /e_w(l“’l)dx) — h(N) (188)
R
<00, (189)
where

o (187): by the monotonicity of ¢ and the nonnegativity of
relative entropy;
o (188): by (45).
o (189): by (44), (46) and (47).
Next we establish the continuity of snr — I(X, N, snr)
on R, . In view of the weak lower-semicontinuity of relative
entropy [8], we have

liminf I(X, N,~) > I(X, N, snr). (190)
y—>snr

Hence it remains to show
limsup I(X, N,v) < I(X, N, snr). (191)

y—rsnr

By (186), we have
I(X,N,v) = E[{(|Z,])] + log(1 + +/snr) — h(N)+

log ( / e‘“w')dx) —D(pz, |lg). (192)
R

For any’ vy € (snr — e, snr + ¢),

wiz,h < v (VRN

Vsnr—e|X| +|N|
max {w )
vsnr—e+1
" Vsnr+¢€|X|+ |N| }
Venr+e+1 '
As reasoned to obtain (188), the right-hand side of (193) is
integrable. By the continuity of ¢ and the reverse Fatou’s
lemma,

IN

(193)

limsup E [/(] 2 )] < E [2(| Znr|)] -

y—snr

(194)

By the lower semicontinuity of relative entropy, we have
lim inf D(pz, [lq) > D(pz., || q)- (195)
y—snr

Plugging (194) and (195) into (192) yields the desired (191).
|

SIf snr = 0, replace snr — e by 0.
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