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Cascade and Triangular Source Coding With Side
Information at the First Two Nodes

Haim H. Permuter, Member, IEEE, and Tsachy Weissman, Senior Member, IEEE

Abstract—We consider the cascade and triangular rate-distor-
tion problem where side information is known to the source en-
coder and to the first user but not to the second user. We char-
acterize the rate-distortion region for these problems, as well as
some of their extensions. For the quadratic Gaussian case, we show
that it is sufficient to consider jointly Gaussian distributions, which
leads to an explicit solution.

Index Terms—Cascade source coding, empirical coordination,
multihop coding, Pareto frontier, quadratic Gaussian, rate distor-
tion, side information, source coding, triangular source coding.

1. INTRODUCTION

AMAMOTO [1] considered the cascade source coding
Y problem, where a source sends a message to User 1, and
then User 1 sends a message to User 2. In this paper, we extend
Yamamoto’s cascade source coding problem to the case where
side information is known to the source and to User 1, but not
to User 2. The problem is depicted in Fig. 1.

More recently, Vasudevan et al. [2] have considered the cas-
cade source coding problem, where side information Y is known
to the source encoder and to User 1, additional side information Z
isknown to User 2, and the Markov relation X—-Z-Y holds. They
provided an inner and an outer bound and showed that the bounds
coincide for the Gaussian case. Cuff et al. [3] considered the cas-
cade problem where the side information is known only to the in-
termediate node and provided aninner and an outer bound. An ad-
ditional related problem, which was considered and solved in [4],
is that of cascade source coding when side information is known
to all nodes with a limited rate. Table I summarizes the literature
on cascade source coding with side information.!
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IThe case that was considered in [1] seems slightly different from the case
where all switches are open; however, the cases are equivalent. Yamamoto con-
sidered in [1] the case where there are two sources available to the encoder,
called X, Y'; decoder 1 reproduces X by X, and decoder 2 reproduce ¥ by
Y. Clearly, if we consider X = Y in [1], we obtain the case of Fig. 2 where
all switches are open. Conversely, if we take in Fig. 2 the source to be X' =
(X,Y) , the distortion function d, (X', X 1) to equal d1 (X, X1 ), and similarly
d>(X, X3) = d2(Y, X2), we obtain exactly the case that is considered in [1].

X

Y

Fig. 1. Cascade rate-distortion problem with three nodes (encoder, User 1, and
User 2), where the first two nodes have side information Y. User 1 and User 2
need to reconstruct the source X, within distortion criteria.

The cascade source coding framework, of compressing a
source through an intermediate node (or relay) which may
reconstruct the source and then relay it to the next node, is a
building block of fundamental importance in a growing variety
of compression and communication scenarios. It captures key
aspects of multihop coding common in wireless communication
in general [5], and in particular in cellular communication [6],
sensor networks [7], [8], and ad hoc networks [9].

The specific setting that we consider in this paper is the case
where the intermediate node has side information that is also
available to the source. For instance, the side information may
be a modified version of the source sent in a previous transmis-
sion. The work in this paper has been recently extended by Chia
et al. [10] for the case where additional side information is avail-
able at the last node and has been recently used by Tandon ez al.
[11] to derive the cascade rate-distortion function when the side
information is an eraser.

Of special interest in lossy source coding is the Gaussian
case with quadratic distortion, which in many source coding
problems is amenable to an analytical solution such as in the
Wyner--Ziv problem [12] where side information is available to
the decoder, the Heegard--Berger problem [13] where side in-
formation at the decoder may be absent, Kaspi’s problem [14],
[15] where side information is known to the encoder and may
or may not be known to the decoder, the multiple description
problem [16], [17], the two-way source coding problem [18], the
multiterminal problem [19], [20], the CEO problem [21]-[23],
rate distortion with a helper [24], [25], and successive refine-
ment [26] and its extension to successive refinement for the
Wyner--Ziv problem [27].

Our main result in this paper is that the achievable region for
the problem depicted in Fig. 1 is given by R(D1, D2), which is
the set of all rate pairs (R1, R2) that satisfy

Ry > 1(Y, X; X) (M
Ry > 1(X; X1, X,|Y) @
for some joint distribution P(z,y)P(Z1, Z2|z,y) for which

Ed;i(X,X;) < D;, i=1,2. 3)
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TABLE 1
LITERATURE OVERVIEW OF CASCADE SOURCE CODING WITH SIDE INFORMATION AS SHOWN IN FIG. 2

| switch a | Switch b | Switch ¢

Gaussian quadratic case

General case ||

open open open Solved [1] Solved [1]
open open closed Solved [2] Upper and lower bounds [2]
open closed open Upper and lower bounds [3] [ Upper and lower bounds [3]
open closed closed Solved [2] Upper and lower bounds [2]
closed open open Solved [1] Solved [1]
closed open closed Solved [2] Upper and lower bounds [2]
closed closed open Section 1V Section II
bel Definition 1 (cascade rate-distortion code with side informa-

Fig. 2. Cascade rate-distortion problem with several options of side informa-
tion. Table I summarizes the literature on this problem.

An extension of the cascade source coding problem is the
triangular setting [28], where there is an additional direct link
from the source encoder to User 2. We solve this problem where
side information exists at the source encoder and User 1, but not
at User 2.

The remainder of this paper is organized as follows. In
Section II, we formalize the problem and present the theorem
establishing the achievable region. In Section III, we provide
the converse and achievability proofs of the theorem, and in
Section IV we explicitly compute the rate region for the Gaussian
case. In Section V, we extend our result to the triangular case,
and conclude in Section VI with further extensions to multiple
users and to the corresponding coordination problem.

II. CASCADE RATE DISTORTION: PROBLEM DEFINITIONS AND
MAIN RESULTS

Here, we formally define the cascade rate-distortion problem
where side information is known to the source encoder and to
User 1. We present a single-letter characterization of the achiev-
able region. We use the regular definitions of rate distortion, and
we follow the notation of [29]. The source sequences {X; €
X, i = 1,2,...}, and the side information sequence {Y; €
Y, i = 1,2,...} are discrete random variables drawn from
finite alphabets X and ), respectively. The random variables
(X;,Y;) are iid. ~ P(z,y). Let X; and X5 be the recon-
struction alphabets, and d; : X x X, — [0,00),i = 1,2, be
single-letter distortion measures. Distortion between sequences
is defined in the usual way

1 n
dia", @) = = di(wy dig), i=1,2. )
j=1

Let M, denote a set of positive integers {1,2, ..., M;} fori =
1,2.

tion at the first two nodes): An (n, My, M, D1, D3) code for
source X and side information Y consists of two encoders

fr: AT x Y = My

fo : Y X My — Mo )]
and two decoders

g1V X My — A

gs : Mo — 2?2" 6)
such that

1 & .
E |- di(X;, X;:)| <D;, 5=1,2. 7
n; i(Xi, X;0)| < Dj, J (N
The rate pair (R, Rs) of the (n, My, Ma, D1, D) code is de-
fined by

1
n

Definition 2: Given a distortion pair (Dy, D5), a rate pair
(R, R2) is said to be achievable if, for any ¢ > 0, and suffi-
ciently large n, there exists an (n, 251,272 D) + ¢ Dy +¢)
code for the source X with side information Y.

Definition 3: The (operational) achievable region
RO(Dy, Dy) of cascade rate distortion is the closure of
the set of all achievable rate pairs.

Our the main result is the following.

Theorem 1: For the cascade rate-distortion problem with side
information at the source and User 1, as depicted in Fig. 1, the
achievable region is given by

R(D1, Ds) = R(D1, D) ©9)
where the region R(D1, Ds) is defined in (1)—(3).

III. PROOF OF THEOREM 1

Achievability: The proof follows classical arguments, and
therefore, the technical details will be omitted. We describe
only the coding structure and justify why the indicated region
is achievable. We fix a joint distribution Py y- 5 e for which
(3) holds, and ¢ > 0, and we show that there exists a code with
rates

Ry =1(Y,X; X5) +¢
Ry =I(X; X1, Xs|Y) + 3¢

(10)
Y
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complying with the distortion constraints.

Generate randomly 27/ (X,Y5X2)+¢) codewords using ani.i.d.
~ PX2~ Then, bin the codve)rds into A2"(I (X5X2[Y)+2e) biAns. In
each bin, there are 2 (X,Y3X2) = I(X5X2[Y) =€) — on(I(Y3X2)—¢)
codewords. In addition, for any typical sequences y",
&% generate 2n(I(XGX 1|YX2)+E) codewords using the pmf
Pty 2%) = [[;o, P |Y}g>($1 ilYi, $2,:).-

The source encoder recelves the sequences z™,y™ and first
looks for a codeword z7 that is jointly typical with ™, y". If
there is such a codeword, the source encoder sends the index
of the bin that includes this codeword to User 1. User 1 looks
which codeword in the received bin is jointly typical with the
side information ". Since there are less than 2" (Y5X2) ip the
bin, with high probability only one codeword will be jointly typ-
ical with y™ and it would be the codeword sent by the encoder.
User 1 then forwards the codeword to User 2.

Now we can think of a new problem where the source en-
coder and User 1 have side information Y™, X 3, and hence,
arate I(X; X1]Y, X5) + € is needed to generate X7 that is
jointly typical with (X™, Y™, X,). Therefore, a total rate to
User 1 of Ry = I(X; X2|Y) + 2¢ + I(X; X1|Y X2) + e=
I(X; Xy, X2|Y) + 3¢ is needed, and an additional rate Ry =
I(Y,X; X,) + e is needed from User 1 to User 2.

Converse: Assume that we have an (n, My = 2"F M, =
282 Dy, Dy) code as in Definition 1. We will show the
existence of a joint distribution Py y- ¢ <, that satisfies
(1)=(3). Denote Ty (XY™ € {1 ..... ,2"F1) - and
T2 = fg(Tl, ) € {1 ..... 2nR2} Then

TLRQ Z H(Tg)
> I(X", Y™ Ty)

=1

ST H(X.LY) - H(X:, Vil X, To, XL YY)

i=1

> if(xm;f(?,i)

i=1

H(X;,Yi|Tp, X1 YY)

12)

where equality (a) follows from the fact that the reconstruction
at time ¢, X5 ;, is a deterministic function of 75. Now consider

TLRl Z H(Tl)
>H(Ty|Y")
Y g1, Tly™)
Z I(Xn7 T17 T2|Yn)

= ZH(Xi|Yi)

Y3 HXY)

i=1

> S H(XY)

i=1

= ZI(X7,X1,7,X2,7|}/L)

i=1

— H(X;|Y™, Ty, T, X 1)
— H(Xi|Yn7T17T27Xi_17X1,i7X2,i)
— H(X1‘,|Y1:,)A(1,1:7X2,i)

(13)
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where equality (a) follows from the fact that 75 is a determin-
istic function of 7 and Y™, and, similarly, equality (b) follows
from the fact that X 1,i and X 2,; are deterministic functions of
(T1,Y™) and 75, respectlvely

The proof is concluded in the standard way by letting () be a
random variable independent of X", Y, uniformly distributed
over the set {1,2,3,...,n}, and considering the joint distribu-
tion of Xq, Yo, X LQ> X 2,¢- For this joint distribution, inequal-
ities (12) and (13) imply that (1) and (2) hold, respectively, and
(7) implies that (3) holds.

IV. CASCADE RATE DISTORTION: THE GAUSSIAN CASE

In this section, we explicitly calculate the rate region
R(D1, D7) for the cases where X and Y are jointly Gaussian
and the distortion is the square-error distortion. The converse
and the achievability in the previous sections are proved for
the finite alphabet case, but it can be extended to the Gaussian
case [12].

Our first step in finding the achievable region for the quadratic
Gaussian case is to show that it suffices to consider only jointly
Gaussian distributions PX7Y7 .50 in order to exhaust the rate
region. Then, we solve an optimization problem to find the
achievable rate region explicitly.

Lemma 2 (Optimality of Jointly Gaussian Distributions):
For the quadratic Gaussian cascade rate-distortion problem
with side information known to the source encoder and to User
1,i.e., X, Y are jointly Gaussian and dy(z,%1) = (z — #1)2,
do(z,%2) = (z — &2)?, it suffices to consider only jointly
Gaussian distributions Py y- ¢ ¢ in order to exhaust the rate
region R(Dy, D3) given in (1)-(3).

Proof: Let us fix a point (Rq, Ry, D1, D5) in the rate re-
gion and let Py Son e be a joint distribution that satisfies
(1)—(3). Such a dlstrlbutlon must exist since inequalities (1)—(3)
define the rate region (Theorem 1). Note that it is enough to
consider only distributions PX VX X where the mean of X,
and X. 5 is zero since X, Y have zero mean and the distortion
is the mean square distortion. Let K denote the covariance ma-
trix induced by PX7Y7 X050 and let PXX’ X050 denote a normal
joint distribution with mean zero and covariance matrix K. Now
let us show that (1)—(3) also hold where the joint distribution
is ISX_Y’ %,.%, - Inequality (3) is automatically satisfied, since it
depends on the distribution of (X, Y, X1, X;) only through the
covariance matrix K. Consider

Ry > I(X; X1, Xs|Y)
:h(X|Y) (X|X17X2,Y)
W LXY) = h(X = (1 X1 + s X + a3Y)| X1, X0, Y)
S HEIY) — h(X — (011 + 005 + aY)
ChXIY) = hp(X = (X1 + asXs + asY)
D (X Xy, Xo]Y) (14)

where equality (a) is true for any set of scalars (a, aa, 3) and
in particular if we choose those who are the linear estimator of
X given X1, X5,Y. Note that the coefficients (a1, a9, a3) and
the variance F(X — (a1X1 + ay Xy + a3Y))? are a function
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Fig. 3. Gaussian quadratic rate region. The graph on the left-hand side shows the rate region for the case where 0% = 0% = 1, D> = 0.35,and D; = 0.4. Since
D, < aﬁ(‘y , the rate region is given by cases (a) and (b) in (17). The right-hand side graph shows the rate region for the case where 03 = 0% = 1, D> = 0.65,
and Dy = 0.5. Since D> > crf\,‘y, the rate region is given by cases (c) and (d) in (17).

only of the covariance matrix K. Inequality (b) follows from the
fact that conditioning reduces entropy, and (c) follows from the
fact that, given a variance, the Gaussian distribution maximizes
the differential entropy.

The term I (X; X1, X,]Y) denotes the mutual information
induced by the Gaussian distribution PX v, X, and equality
(d) follows from the fact that for the Gau551an dlstrlbutlon the
error, i.e., X — (a1X1 + ap Xy + asY'), is independent of the
observations X1 X27Y

Similarly, we have

Ry > 1(Y, X; X5)
=1(Y; X5) + 1(X; X5|Y)

ZIP(Y;X2)+IIB(X;X2|Y) (15)

where the last inequality follows from the same steps as (14). H

The next theorem provides an explicit expression for the
Gaussian case. The proof is provided in Appendix A and is
based on Lemma 2 and on solving an optimization problem
with quadratic constraints and a linear objective.

Theorem 3 (Cascade Gaussian Case): The rate region of the
cascade source coding with side information at the first two
nodes, where the source X and the side informationY = X +7
are jointly Gaussian distributed, where X and Z are mutually
independent, and where the distortion is quadratic, is given by

Fig. 3 depicts the regions for two specific values of D1 and D»
such that it captures all four cases of (17). Now, let us consider
several extreme cases that can be easily solved using Theorem 3.

1) Side Information Is Independent of the Source X L1 Y:

This means that Ugle = 0% and 0% = oo. For such a
case, (17) becomes

U§(|VV,Y(D1>D2~,R2)

0%, if Dy < 0% and % < 22R2 <7
=4 Dy, ifDy<o% and22R > 2 (18)
00, if Dy > 0%, and 2282 >
and this implies that
Ru(Dy, Da, Ry) = + max 1og§ log — o) (19
’ ) 2 D27 D1 ’

recovering a result that appears in the successive refine-
ment source coding paper [26].

2) Side Informanon Equals the Source, i.e., X =Y For this
case, 0X|Y = 0; hence, Ry = 0 and 228> > DJZ con-
sistent with the well-known rate-distortion function of the
Gaussian source.

3) Ry —» oo If Dy < Ug(IY’ then

o2 2

2 2 1 x|y Xy

1 oxy 0% v I
Ry(D1, Dy, Ry) = = max [ log 2\|) log XY 0 Ri(D1, D2, Rs) 5 Max log —— D, og D, ,0] (20)
2 Ix|w,y Dy
(16) and if Dy > agqy, then
where UX Wy is given by four cases in (17), which is shown at
-1 1 02\7 -
— X

the bottom of the page and o = (— - 1) . Ry(D1, Dy, Ry) = 5 max log ) 0] 21

( 2R -1 2 2 2 2

2°"2Dy—0 -2 . 2 o 2R, 0, (6% —D>) o3

( Uioiazx + UX]Y) ’ if D2 < UX|Y and D_)g < 2 < a?/‘a?\,sz;(aingazx Dz

- 2 2R oy(0x=Dy) X
) D Do Ry — Do, if Dy < Xy and 2°/*2 > xe X’ Dao? —DyoZ D—\z 1
oxw,y (D1, D2, Rp) = PR2D. g 5 \ ! ) 2 - " (17)
X - ] X 2 X
( 0’?0’2 a? + UX]Y) ’ if D2 2 UX|Y and Do < 2 < O'QXD2+O'%/4D270'%\ U?/,
4
2 : 2 2R, ox
| Tx )y if Dy > Xy and 2 > — D2+0%*D270§(U§
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el

Y

Fig. 4. Extreme case where the rate R and the distortions D are large enough
so that the message that User 2 receives depends only on the side information.

Y Y

R
R; 2

User 2

X,
Fig. 5. Triangular rate-distortion problem with three nodes (encoder, User 1,
and User 2), where side information Y is known to the encoder and User 1, but

not to User 2. User 1 and User 2 need to reconstruct the source X to within
distortion criteria.

Note that for this case we can assume that the side infor-
mation Y is known to all three nodes; hence, only U?\’|Y is
manifested in the expression.

4) The Message That User 2 Receives Depends Only on the
Side Information: In this extreme case, the rate R» and the
distortion Do are large enough so that the message that
User 2 receives depends only on the side information. This
case is depicted in Fig. 4.

For this extreme, the rate region is simply

Ry > I(X; X41]Y)

Ry > 1(Y; Xy) (22)
for all joint Gaussian distributions that satisfy U2\'IY < S
“ s 1
D1 and O'i( X, S Dz.
More explicitly, this region is given by
2 (52.9-2R> 2
Dy > JX(UX2 2+ ) 23)
ox t 0z
2
1 o
Ry > 3 max <log l);lly’()) . 24)

Indeed, if (23) holds, then according to Theorem 3,
2
RI(D17D27R2) =

TX|y 0

max IOg D,

1
2

V. TRIANGULAR SOURCE CODING WITH SIDE INFORMATION

In this section, we extend the cascade source coding discussed
in previous sections by adding a direct link from the encoder
to the second user, as depicted in Fig. 5. The definition of the
code (n, My, My, M3, D1, D5) is similar to the one given in
Definition 1 for the cascade case, with an additional message
M3 at rate R3 sent from the source to User 2.
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A. Main Theorem and Its Proof

Theorem 4 (The Achievable Rate Region for the Triangular
Case): The achievable region for the problem depicted in Fig. 5
is given by Ra (D1, D5), which is defined as the set of all rate
triples (R1, R, R3) that satisfy

Ry > 1(X; X1,U[Y) (25)
Ry >1(Y,X;U) (26)
Ry > I(X; Xo|U) 27)

for some joint distribution P(z,y)P(Z1, 2, u|z, y) satisfying

Ed;(X,X;,) < D;, i=1,2 (28)

where the cardinality of the auxiliary variable U may be
bounded by |U| < |X||V||X1]]|Xo| + 2.

Lemma 5, which appears later in the section, shows that one
can restrict the joint distribution P(x,y)P (&1, Z2,u|z,y) to
P(z,y)P(Z1,u|x,y)P(Z2|z, u) without affecting the region.

Proof of Converse Part of Theorem 4: Assume that we
have an (n,2"F1 2nf2 onFs D) D,) code. We will show
the existence of a joint distribution Py y ;¢ «, that satis-
fies (25)—(28). Denote Ty = f1(X™,Y") € {1,...,2""},
T, = fg(Tl,Yn) € {1, . .,ZnRQ}, and T3 = fg(XnYn) €
{1,...,2"f3} Then,

TLRl Z H(Tl)
> H(Ty|Y™)
(;)H(T17T2|Yn)
Z I(Xn, T17 T2|Yn)

= Y HXY) ~ HOX[Y" 11, Ty, X
i=1

U S HXY) — BV T, To, X7, Ky U)
1=1

> N H(XH|Y) - H(X|Y:, X14,U7)
1=1

= ZI(Xi;Xl,i, UilY;)
=1

(29)

where equality (a) follows from the fact that T5 is a deterministic
function of T3 Aand Y™, and, similarly, equality (b) follows from
the fact that X ; is a deterministic function of (77,Y™) and

from defining Uzé(Tg7 X1 Y1), Now, consider

TLRQ Z H(Tz)
>I(X™, Y™ Ty)

=Y H(X,,Yi) - H(X;,Y;|To, X, Y
1=1

(@ ZH(XL',Yi) - H(X;,Y;|U;)

i=1

> En:I(X>Y;Ui)

i=1

(30)
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where equality (a) follows from definition of U; =
(Tp, X*~1,Y*~1). In addition, consider
TLR3 Z H(Tg)
> H(13|T>)
> I(X", Y™ T5]T>)

= ZH(XMYHTQ?XZ‘_l?Yi_l)
=1

- H(Xi7}/;|T27T37Xi_17Yi_1)

E > H(X,Yi|U;) -
=1

H(X’i7 Y;|X2,i7 U’L)

> (XY X))

i=1

> ZI(X§X2,i|Ui)

i=1

€29

where equality (a) follows from the definition of U; =
(Ty, X*~1,Y*~") and the fact that X5, is a deterministic
function of (T3, T3).

The proof is concluded in the standard way by letting ) be a
random variable independent of X™, Y™, uniformly distributed
over the set {1,2,3,...,n}, and considering the joint distribu-
tion of X¢, Yo, Ugy, X1.¢, X2, For this joint distribution, in-
equalities (29), (30), and (31) imply that (25), (26), and (27)
hold, respectively, and the fact that the code we have fixed sat-
isfies the distortion constraints implies that (28) holds.

To prove the cardinality bound of U, we invoke the support
lemma [30, pp. 310]. The external random variable U must have
| X|| V]| X ||Xa| — 1 letters to preserve P(z,y,21,22) plus three
more to preserve the expressions 1(X; X1, U|Y), I(Y, X;U),
I(X; X2|U) Note that preserving P(x,y, %1, #2) implies that
Ed;(X,X;) < D; fori = 1,2 is also preserved. |

For the achievability part, we first establish the following.

Lemma 5 (Optimality of Xy — (X,U) — (X1,Y)): The
rate region R a (D1, D2), which is defined by (25)—(28), does
not decrease by restricting the joint distribution to the form
P(z,y)P(z1,u|z,y)P(Z2|z,u).

Proof: For a fixed (Di1,D3), let the rate-triple
(R1,R2,R3) € Ra(D1, D). Then, there exists a joint
distribution

P($7y7u7£17£2) = P(w,y)P(i“l,jZ,uM,y) (32)

for which (25)—(28) hold. Let P (&1, u|z,y) and P(Z2|x, u) be
the conditional distribution induced by P(z,y,u,Z1,%2). We
now claim that (25)—(28) are satisfied under the joint distribution

P(x7y7u7:%17:ﬁ2> = P(;Lyy)P(:i17u|x/y)P(;ﬁ2|a:7u) (33)
This is true, since expressions (25)-(28) depend on
P(x,y,u,21,22) only through the marginals P(z,y,u,Z1)
and P(z,u,Z2). Now notice that those marginals are the
same whether the joint distribution is P(z,y,u,21,32) or
P(x,y,u, &1, &2). |

Sketch of Proof of Achievability Part of Theorem 4: The
achievability proof follows directly from the achievability of
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cascade source coding as given in Theorem 1. First, we fix a
joint distribution of the form P(z, y) P(#1, ulz,y) P(%2|z, u,y)
such that (25)—(28) hold. Since R; > I(X; X1 UlY) and
Ry > I(Y,X;U), then according to Theorem 1, we can
generate (X7,U™) that with high probability would be
jointly typical with (X™,Y™) according to the distribution
P(z,y)P(Z1,u|z,y). Now, since U™ is known both to the
encoder and to User 2, we need a rate Ry > I(X;X|U)
to generate XS such that with high probability it is jointly
typical with X™, U™. Finally, because of the Markov relation
X, —(X,U)—(X1,Y), we can invoke the Markov lemma, and
conclude that the sequences X", Y™, X T, Xg, U™ are jointly
typical, and therefore, the distortion criteria are satisfied. |

B. Gaussian Triangular Case

We now evaluate the rate region of the triangular network
depicted in Fig. 5 for the quadratic Gaussian case, i.e., X,Y
are jointly Gaussian and d (v, %1) = (z — 21)?, da(7,22) =
(r—22)2. We first show that it suffices to consider only Gaussian
joint distributions for exhausting the region, and then we show
that by a small change in the Gaussian cascade region we obtain
the Gaussian triangular region.

Lemma 6 (Optimality of Jointly Gaussian Distributions):
For the quadratic Gaussian triangular rate-distortion problem
with side information known to the source encoder and to User
1, it suffices to consider only jointly Gaussian distributions
Py X YUK, Ko in order to exhaust the rate region Ra (D1, D5)
given in (25) (28).

Before proving the lemma, let us introduce the Pareto frontier
[31] of a region and show that if two rate regions have the same
Pareto frontier, then they are identical. The Pareto frontier of a
region R, which we denote by Par(R), is the set of all points
for which there is no strictly better point in the region. Formally

Par(R) = {R" e R : $R" € Rs.t. R* < R"}  (34)
where R" < R™ denotes that ]:Ei < R;foralll < ¢ < nand
for some 1 < 7 < n, Rz < R;.

Lemma 7: If two closed rate regions, R1 and R, have the
same Pareto frontier, then they are identical.
Proof: Let us show that the assumptions # € R; and
R ¢ Ry lead to a contradiction. If R € Par(R;), then the
contradiction follows from the assumption that the sets have the
same Pareto frontier and they are both closed which implies that
the Pareto frontier is part of the sets. If R € R1\Par(R1), then
there exists a point R, € Par(R1) that satisfies R, < R. Since
R, € Par(R.), it follows that R, € Par(R.). Finally, since
R, € Ry and R, < R, then R € R, which contradicts the
assumption. ]

Proof of Lemma 6: As aresult of Lemma 7, we conclude that
it suffices to prove Lemma 6 only for the points in the Pareto
frontier. In addition, we notice that points that are Pareto optimal
satisfy (25)—(27) with equality, which may be also written as

Ry =I(X; X,,U]Y) (35)
Ry =1(Y,X;U) (36)
Rs+ Ry =1(Y, X; X5, U). (37)
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X—»‘ Encoder }R—1>| User 1 }R—2>| User 2 ‘—3> L) R—k> User &

Y Y
| . .
Rpi1
)2'2 User EM»
Rit2
User k + 2 Xk+2

Fig. 6. Triangular rate-distortion problem with k + [ users, where the side information Y is known to the encoder and to Users 1, 2, ..., k, but not to Users

k4+1,k4+2,...,k+1.

Finally, assuming without loss of generality U is real valued
and using similar arguments as in Lemma 2, we conclude that
for any joint distritzution PX,K X0, %00 there exists a Gaussian
joint distribution, Py VX0 XU with the same covariance ma-
trix as P)g YR K U for Wthh the induced right-hand sides of
(35)-(37) do not increase. [ |

Now, with a small change in the solution to the Gaussian cas-
cade, we obtain the triangular Gaussian region. The proof is de-
ferred to Appendix B.

Theorem 8 (Triangle Gaussian Case): The rate region of
the triangular source coding with side information at the first
two nodes, where the source X and the side information Y =
X 4 Z are jointly Gaussian distributed, where X and 7 are
mutually independent, and where the distortion is quadratic,
is given by (16)-(17), where D, is replaced by Dy2%8s je.,
R{™(Dy, Dy, Ry, R3) = R§*4e(Dy, D228 Ry).

VI. EXTENSIONS

Here, we present two further extensions. The first is obtained
by generalizing the triangular network results to more users. The
second is obtained by considering a more general problem of
empirical coordination rather than distortion criteria.

A. Multiple Users

The triangular problem depicted in Fig. 5 can be extended to
k + [ users, where the side information is known to the source
encoder and to Users 1,2, ..., k, but is not known to Users k +
1,k + 2,...,k + [. This problem is depicted in Fig. 6, and its
region is given by the next theorem.

Theorem 9: The achievable region for the problem depicted
in Fig. 6 is given by the vector rates (R1, Ra, .. ., Rit1+1) that
satisfy

Ri>I(X:; X, Xiano o X, UIY), 1< i < k

R_] ZI(X7Y3X177XI<'+I—1,U)7 k+1 SJS k+1
Riyiz1 > I(X; Xyt |U) (38)

for some distribution P(x,y)P(&1, %2, ..., 241, ulz,y) for

which
Edi(X,X;,)<D;, 1<i<k+I (39)
where the cardinality of the auxiliary variable U may be
bounded by |U| < |X|| V|| X1 ||| ... | K] + K + 1.
The proof of Theorem 9 follows similar steps as the proof of
Theorem 4 and is therefore omitted.

B. Empirical Coordination

In [32], two coordination problems were introduced: empir-
ical coordination, where the goal is to generate sequences with
a specific empirical distribution, and strong coordination, where
the goal is to generate sequences with a distribution that is close
(in total variation) to a specific i.i.d. distribution. The empir-
ical coordination problem is a generalization of the rate-distor-
tion problem, since a distortion constraint defines a half-plane
in the empirical distribution space. Hence, if we find the op-
timal rate needed to generate a specific empirical distribution,
we also find the optimal rate needed to generate a specific dis-
tortion constraint. We adopt the definitions from [32] for the
cascade problem.

Definition 4 (Joint Type): The joint type Pyr yn .~ of a tuple
of sequences (z™,y",2") is the empirical probability mass
function, given by

Al
Ppn yn on(z,y, 2)=

3 |

n
> U(wiyyizi) = (3,9, 2))
=1

forall (z,y,2) € X x ) X Z, where 1 is the indicator function.

Definition 5 (Total Variation): The total variation between
two probability mass functions is half the L; distance between
them, given by

Al
||p($7y/2) - q($7y,2’)||TV:§ Z |p($,y/2’) - q(l’7y,2’)|.

.Y,z
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The coordination code (2"%1,2"%2 n) is the same as the
code defined in Definition 1 without the distortion criteria given
in (7). The difference is the goal of the code which is given in
the following definition.

Definition 6 (Achievability): A rate pair (R, Ro) is achiev-
able for a desired distribution po(z,y)p(&1, 22|z, y) if there
exists a sequence of (2"f1 2"F2 ) codes such that under
the induced distribution of the source and the code, i.e
p(z™,y™, &7, &%), the total variation between the joint type of
the actions in the network and the desired distribution goes to

zero in probability. That is,

HP n’Y'n inlﬂXél <x7 y7 ./17171’2) - p0($7 y>p(‘/i:1/ 532|ZE7 y) HTV
— 0 in probability.

Definition 7 (Rate-Coordination Region): The rate-co-
ordination region Rp, (P(&1,Z2|x,y)) is the set of all pair
rates (R1, Ry) that are achievable for the desired distribution
Po(z,y)P (&1, &2z, ).

For the cascade rate-distortion problem with side information
at the first two nodes, the extension to the empirical coordination
problem is straightforward.

Theorem 10 (Rate Coordination in the Cascade Problem):
The rate coordination region Rp, (P(Z1,&2|z,y)) of the cas-
cade problem, where side information is known to the first two
nodes, where X, Y ~ Py(x,y), and where an empirical distri-
bution Py(z,y)P(Z1,Z2|z,y) is desired, is given by

Ry > I(Y, X; Xo)

Ry > I(X; X1, X5|Y) (40)
where the joint distribution evaluating the mutual information
expression is Py(z,y)P(Z1, 2|z, y).

Proof: The achievability proof follows immediately
from the achievability proof of Theorem 1, where we fixed
an empirical distribution and showed that it can be achieved
using the aforementioned rates. The converse also follows
from the converse of Theorem 1, but in the last step we
need to invoke [32, Proposition 2], which states that the
expected empirical distribution equals the distribution of
the random variables chosen uniformly over the time se-
E [PX Y Xp X (%%551»552)}:
PXQ7YQ7X1_Q7X2_Q(x7y7£17$2)

However, the triangular coordination problem is an open
problem, even without side information. The solution here
is heavily based on the fact that in the achievability proof
it suffices to consider only a specific empirical distribution
(with a Markov structure), but for an arbitrary distribution the
coordination problem remains open.

quence 1,2,...,n, ie.,

APPENDIX A
PROOF OF THEOREM 3

Following Lemma 2, we can rewrite the rate region for the

Gaussian case as

Ry > I(Y, X; W) @1)
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Ry > I(X;V,W]Y) (42)

where the vector (X,Y,V,W) is jointly Gaussian distributed
and satisfies

(43)
(44)

2
ox|\w <Ds

2
Ox|w,v,y <D

where 0% S E[(A — E[4|B])?].
Without loss of generality, let us choose the following struc-
ture:

Y=X+7
W=X+aY+Zy=(1+a)X +aZ+ Z

V=X+4+0Y +~2+ 7 45)

where the random variables X, Z, Z;, Z5 are jointly Gaussian

and mutually independent, with variances 0%, 0%, 0%, , 0%, re-

spectively, and the coefficients («, 3, ) are real number scalars.
Equations (42)—(44) become

Ry > (X,Y; W)
— H(W) — HW|X,Y)
14 a)202 + a0 + o2
( )ox 2 9z 179z, (46)
o
Z3

ox(a’0} +07,)
(1+ a)?0% 4+ a?0} + 03,

1
= §log

Dy > 0%y = (47)

2 2
Ry = lmaLX (10g ZX‘Y ,log UXY) (48)
2 Ix|w,y Dy
where 0%y = :iff and U\'|WY ol +oy o,
Inequalities (46) and (47) follow directly from (41) and
(43), respectively. Equation (48) follows from combining the
following two equations: (49) and (50). If D1 > og(lw,y, then
(44) is automatically satisfied, and then V' is not needed (may
be independent of anything else) and therefore

Ry 2 I(X; WY)
H(X|Y) - H(X|Y, W)
:H(X|Y) — H(X|Y, W)

2
UX\Y

L1og (49)

T2 Uxm Y

If D; < Ugﬁ.m,_y, then
— H(X|Y) = H(X|Y,V,W)

2
1y,
=2 %

(50)

The last equality is due to the fact that we can choose (3, v, Z1)
such that J§(|W7V7Y = D;. )

Now let us fix Dy > 0, Dy > 0, and Ry > 1log %, and
let us find the function Ry (D1, D2, Rs), which defines the rate
region. (The condition on Ry is due to the fact that if Ry <
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Constraint Eq. (52)

Constraint Eq. (53)

o2
A LN Lo vw s oo

Fig.7. Case 1: the maximum of ¢,
at the maximum of (53).

, where both constraints hold, is obtained

%10g %, the rate will not be achievable for any R;.) To find
Ry, we need to solve the following optimization problem:

maximize 0%2 (51)
subject to  (2° — 1)} > (1+ a)’0% +a’0y (52)
07,(0% = D2) < a*(0X D2 + 03 Ds — 0% 0%)
+ 2a0% Dy + Dao%. (53)

The objective (51) follows from the fact that R; depends
only on 0%2 and (52) and (53) follow from (46) and (47), re-
spectively. To solve this optimization problem, we divide the
problem into four cases, where each case has a simple solution
[each case corresponds to a line in (17)].

Case 1: For this case, we assume that

0203
0% Dy + 05Dy — 0% 0% < 0= Dy < % = Jg(ly

oy +0x

(54)

and

1 02 (0% — D) o

Ry > -1 22X X 55

2_2 08 %UX DQUZ—DQO'XDQ ( )

Because of the assumption in (54), (53) holds with equality,
since otherwise 0 can be increased until it hits the boundary
of (53).

The argument that achieves the maximum of a quadratic form

ac® + ga+cis ;—:; hence, the argument that maximizes (53) is

_O'g(DQ

o=

56
02Dy + 02Dy — %ol ©6)

and the maximum is

_ b?
0'222 =C — E
UzDZ 2
:—J%D2—O'%O'12\,( DQ)(UXD2+UzD2 Uzﬂs()
=ao%. (57)

Note that (57) can also be written as

o S W S (58)
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Constraint Eq. (52)

N R R — R S R e

N
-
[8)]
N
o
(&)}
R o
o
[8)]
=S
-
(&)
N

Fig. 8. Case 2: the maximum of %,
at the intersection of (52) and (53).

, where both constraints hold, is obtained

If (@,6%,) satisfy (52), then the solution to the optimization

problem is simply 5%2 and using (48) we obtain

(59)

Now let us investigate when (@, % ) satisfies (52) [or equiva-

lently (46)]
0z,
ok (@03 +7%,)
07,D2
o2 (a%0% +aoc’)
aJZD2
(01 o%(c% — Ds) o%(

= —1lo
2 8 U%JX DQO'Z — DQO'Y Do

1
= —log

(60)

where (a) follows from (47), (b) from (57), and (c) from (56).
Case 2: Assume that

o202
Dy < 22X 52 61
2= J% + O'g( XN D)
and
o2(0% — Do) a?
Ry < 11 22X X 62
2= 2 o8 %O’X DQO'Z—DQO'XDQ ( )

Now if (60) is not satisfied, then the maximum of 0%2 should be
on the boundary of the constraints, namely, both (52) and (53)
should hold with equality. This is because the upper part of the
intersection should be either increasing or decreasing. Such a
case is shown in Fig. 8.

Consider the case where (46) and (47) hold with equality.
Then, we obtain

o2 (a?02 + o0
22R2 0_%2 — X ( l)Z Za) (63)
2
which implies that
I 1 S (64)
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Constraint Eq. (52

- Constraint Eq. (53)

0 8 6 4 2 0 2 4
a

Fig. 9. Case 3: the maximum of ¢%_, where both constraints hold, is obtained
at infinity, since there is an infinite overlap between the constraints. The darker
region is the overlap of the regions defined by (52) and (53).

Now substituting 0%2 given by (64) into (52), we obtain

a’ojo% (2™ - 1) 2 2 2 2
22R2 ), — G%( =(l+a)’ox +a‘oy (65)
which simplifies to
a’o (0% — Da) — (14 a)%0%. (66)

D2 — 03(2_2}22

Taking the square root on each side of the equation, we obtain
two possible solutions for

l_ia'z G%(_DQ
o Tox\Daoozoom T
X

Since we need to maximize 0%2, which is proportional to a2
[see (64)], we choose the solution with the plus sign.

Case 3: (The case corresponds to the fourth line in (17).) As-
sume that

(67)

2
979x 2
Dz 2 (T% + 02 ~ Xy (68)
and
ot
222 > = (69)

Z 3 2 2 2 -
05Dy + 05Dy — 0507

If the coefficient of a2 in (53) is larger than the coefficient of
a? in (52), i.e.,

(0% D2+ 03 D3 — 0%0%)

Ug(_DQ

Ug(—i-a%
— 22R: _ 1

(70)

which is equivalent to (69), then the maximum of 0%2 is ob-
tained at infinity (as illustrated in Fig. 9), which implies that

2 2
1 OX|y 1 OX|y
Ry == 0,log —— | = =1 . 71
1 2maX<7og D1> 5 108 D (71)
Case 4: Assume that
0'2 0'2
Dy > 2 X_ — agm, (72)

= 2 2
oy +0ox
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Fig. 10. Case 4: the maximum of J%Q , Where both constraints hold, is obtained
at the intersection of (52) and (53).

and

4
o5
92Rs < X _ 73

U?YDQ + U%Dz — O’?YO'% (73)

If (70) does not hold, then the maximum of 0%2 should be
at the boundary of the constraint, namely, (52) and (53) should
hold with equality. This is because the upper part of the inter-
section should be either increasing or decreasing. Such a case is
shown in Fig. 10. ]

APPENDIX B
PROOF OF THEOREM 8

Let us rewrite the rate-region equations similarly to (42)—(44)
as

Ry > I(X;V,WY) (74)
Ry > I(Y, X; W) (75)
Ry > I(X; W'|W) (76)

where the vector (X,Y,V,W) is jointly Gaussian distributed
and satisfies

(77)
(78)

2
Ix|w,wr <Dy

2
IxX|w, v,y <Ds.

Without loss of generality, we may assume that X, Y, W,V
have the same structure as in (45) and W/ = X +nW+Z' where
Z' ~ N(0,0%, is independent of X, Y, W, V). Furthermore,
we note that we can assume that (76) holds with equality, since if
not, we can change 1 and Z’ such that equality will hold, and the
change will only decrease U?YIW’W,—therefore (74)—(78) will
continue to hold. Now, the equality in (76) implies that
9—2Rs

2 _ 2
Ixwwr = 9x|w (79

Hence, (77) becomes

oxpw < Do221. (80)

Now we note that we obtain the same optimization problem as
in (46)—(48), just that D> is replaced by D5 2283 [ |



PERMUTER AND WEISSMAN: CASCADE AND TRIANGULAR SOURCE CODING WITH SIDE INFORMATION AT THE FIRST TWO NODES

ACKNOWLEDGMENT

The authors thank the associate editor and the anonymous
referees for their suggestions which helped improve the content
of this paper.

REFERENCES

[1] H. Yamamoto, “Source coding theory for cascade and branching
communication systems,” IEEE Trans. Inf. Theory, vol. 27, no. 3, pp.
299-308, May 1981.

[2] D. Vasudevan, C. Tian, and S. N. Diggavi, “Lossy source coding for
a cascade communication system with side-informations,” in Proc.
Allerton Conf. Commun., Control Comput., Monticello, IL, 2006.

[3] P. Cuff, A. E. Gamal, and H. Su, “Cascade multiterminal source
coding,” in Proc. IEEE Int. Symp. Inf. Theory, 2009, pp. 1199-1203.

[4] H. H. Permuter, Y. Steinberg, and T. Weissman, ‘“Problems we can
solve with a helper,” in Proc. IEEE Inf. Theory Workshop, Jun. 2009,
pp. 266-270.

[51 J. Broch, D. A. Maltz, D. B. Johnson, Y. C. Hu, and J. Jetcheva, “A
performance comparison of multi-hop wireless ad hoc network routing
protocols,” in Proc. 4th Annu. ACM/IEEE Int. Conf. Mobile Comput.
Network., 1998, vol. 98, pp. 85-97.

[6] Y.-D. Lin and Y.-C. Hsu, “Multihop cellular: A new architecture for

wireless communications,” in Proc. IEEE 19th Annu. Joint Conf. IEEE

Comput. Commun. Soc. INFOCOM, Mar. 2000, vol. 3, pp. 1273-1282.

A. Woo, T. Tong, and D. Culler, “Taming the underlying challenges of

reliable multihop routing in sensor networks,” in Proc. Ist Int. Conf.

Embedded Netw. Sens. Syst., SenSys, New York, NY, 2003, vol. 03, pp.

14-27.

I. F. Akyildiz, S. Weilian, Y. Sankarasubramaniam, and E. Cayirci, “A

survey on sensor networks,” IEEE Commun. Mag., vol. 40, no. 8, pp.

102-114, Aug. 2002.

[9] D. B. Johnson, D. A. Maltz, and J. Broch, “DSR: The dynamic source
routing protocol for multi-hop wireless ad hoc networks,” in Ad Hoc
Networking, C. E. Perkins, Ed. Boston, MA: Addison—Wesley, 2001,
ch. 5, pp. 139-172.

[10] Y. K. Chia, H. H. Permuter, and T. Weissman, “Cascade, triangular and
two way source coding with degraded side information at the second
user,” IEEE Trans. Inf. Theory, vol. 58, no. 1, pp. 189-206, Jan. 2012.

[11] R. Tandon, S. Mohajer, and H. V. Poor, “Cascade source coding with
erased side information,” in Proc. IEEE Int. Symp. Inf. Theory, St. Pe-
tersburg, Russia, 2010, pp. 2944-2948.

[12] A.D. Wyner, “The rate-distortion function for source coding with side
information at the decoder: II. General sources,” Inf. Control, vol. 38,
pp. 60-80, 1978.

[13] C.Heegard and T. Berger, “Rate distortion when side information may
be absent,” IEEE Trans. Inf. Theory, vol. IT-31, no. 6, pp. 724-734,
Nov. 1985.

[14] A. Kaspi, “Rate-distortion function when side-information may be
present at the decoder,” IEEE Trans. Inf. Theory, vol. IT-40, no. 6, pp.
2031-2034, Nov. 1994.

[15] E.Perron, S. Diggavi, and E. Telatar, The Kaspi rate-distortion problem
with encoder side-information: Gaussian case, Tech. Rep. LICOS-RE-
PORT-2006-004, 2005.

[16] A.ElGamal and T. Cover, “Achievable rates for multiple descriptions,”
IEEE Trans. Inf. Theory, vol. 28, no. 6, pp. 851-867, Nov. 1982.

[17] L. Ozarow, “On a source coding problem with two channels and three
receivers,” Bell Syst. Tech. J., vol. IT-59, pp. 1909-1921, Dec. 1980.

[18] A. H. Kaspi, “Two-way source coding with a fidelity criterion,” IEEE
Trans. Inf. Theory, vol. 31, no. 6, pp. 735-740, Nov. 1985.

[19] Y. Oohama, “Gaussian multiterminal source coding,” IEEE Trans. Inf.
Theory, vol. 43, no. 6, pp. 1912-1923, Nov. 1997.

[7

—

[8

[l

3349

[20] A. B. Wagner, S. Tavildar, and P. Viswanath, “Rate region of the
quadratic Gaussian two-encoder source-coding problem,” IEEE Trans.
Inf. Theory, vol. 54, no. 5, pp. 1938-1961, May 2008.

[21] Z.Zhang, T. Berger, and H. Viswanathan, “The CEO problem,” IEEE
Trans. Inf. Theory, vol. 42, no. 3, pp. 887-902, May 1996.

[22] H. Viswanathan and T. Berger, “The quadratic Gaussian CEO
problem,” IEEE Trans. Inf. Theory, vol. 43, no. 5, pp. 1549-1559,
Sep. 1997.

[23] Y. Oohama, “The rate-distortion function for the quadratic Gaussian
CEO problem,” IEEE Trans. Inf. Theory, vol. 44, no. 3, pp. 1057-1070,
May 1998.

[24] D. Vasudevan and E. Perron, “Cooperative source coding with encoder
breakdown,” presented at the presented at the Int. Symp. Information
Theory, Nice, France, Jun. 2007.

[25] H. H. Permuter, Y. Steinberg, and T. Weissman, “Two-way source
coding with a helper,” IEEE Trans. Inf. Theory, vol. 56, no. 6, pp.
2905-2919, Jun. 2010.

[26] W. H. R. Equitz and T. M. Cover, “Successive refinement of informa-
tion,” IEEE Trans. Inf. Theory, vol. 37, no. 2, pp. 269-275, Mar. 1991.

[27] Y. Steinberg and N. Merhav, “On successive refinement for the
Wyner--Ziv problem,” IEEE Trans. Inf. Theory, vol. 50, no. 8, pp.
1636-1654, Aug. 2004.

[28] H. Yamamoto, “Source coding theory for a triangular communication
system,” IEEE Trans. Inf. Theory, vol. 42, no. 3, pp. 848-853, May
1996.

[29] T. M. Cover and J. A. Thomas, Elements of Information Theory, 2nd
ed. New York: Wiley, 2006.

[30] I Csiszar and J. Korner, Information Theory: Coding Theorems for
Discrete Memoryless Systems. New York: Academic, 1981.

[31] S. Boyd and L. Vandenberghe, Convex Optimization. New York:
Cambridge Univ. Press, 2004.

[32] P. Cuff, H. H. Permuter, and T. M. Cover, “Coordination capacity,”
IEEE Trans. Inf. Theory, vol. 59, no. 6, pp. 4181-4206, Sep. 2010.

Haim H. Permuter (M’08) received the B.Sc. (summa cum laude) and M.Sc.
(summa cum laude) degrees in electrical and computer engineering from the
Ben-Gurion University, Israel, in 1997 and 2003, respectively, and the Ph.D.
degree in electrical engineering from Stanford University, CA, in 2008.

Between 1997 and 2004, he was an officer at a research and development unit
of the Israeli Defense Forces. He is currently a senior lecturer at Ben-Gurion
University.

Dr. Permuter is a recipient of the Fullbright Fellowship, the Stanford Grad-
uate Fellowship (SGF), Allon Fellowship, and the 2009 U.S.—Israel Binational
Science Foundation Bergmann Memorial Award.

Tsachy Weissman (S’99-M’02-SM’07) received the B.Sc. (summa cum laude)
degree in electrical engineering from the Technion in 1997, and earned the Ph.D.
degree from the same place in 2001. He then worked at Hewlett-Packard Lab-
oratories with the information theory group until joining Stanford, where he
has been on the faculty of the Electrical Engineering Department since 2003,
spending the two academic years 2007-2009 on leave at the Technion.

Tsachy’s research is focused on information theory, statistical signal pro-
cessing, the interplay between them, and their applications.

Among his recent awards are an NSF CAREER award, a joint IT/COM so-
cieties best paper award, a Horev fellowship for Leaders in Science and Tech-
nology, and a Henry Taub prize for excellence in research. He is on the editorial
board of the IEEE TRANSACTIONS ON INFORMATION THEORY, serving as an As-
sociate Editor for Shannon Theory.



