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Abstract

Modern Low-Complexity Capacity-Achieving Codes
for Network Communication

by
Naveen Goela

Doctor of Philosophy in Engineering-Electrical Engineering & Computer Sciences
and the Designated Emphasis
in
Communication, Computation, and Statistics

University of California, Berkeley
Professor Michael Gastpar, Chair

Communication over unreliable, interfering networks is one of the current challenges in
engineering. For point-to-point channels, Shannon established capacity results in 1948, and it
took more than forty years to find coded systems approaching the capacity limit with feasible
complexity. Significant research efforts have gone into extending Shannon’s capacity results
to networks with many partial successes. By contrast, the development of low-complexity
codes for networks has received limited attention to date. The focus of this thesis is the
design of capacity-achieving network codes realizable by modern signal processing circuits.

For classes of networks, the following codes have been invented on the foundation of
algebraic structure and probability theory: i) Broadcast codes which achieve multi-user rates
on the capacity boundary of several types of broadcast channels. The codes utilize Arikan’s
polarization theory of random variables, providing insight into information-theoretic concepts
such as random binning, superposition coding, and Marton’s construction. Reproducible
experiments over block lengths n = 512,1024, 2048 corroborate the theory; i) A network
code which achieves the computing capacities of a countably infinite class of simple noiseless
interfering networks. The code separates a network into irreducible parallel sub-networks and
applies a new vector-space function alignment scheme inspired by the concept of interference
alignment for channel communications. New bounds are developed to tighten the standard
cut-set bound for multi-casting functions.

As an additional example of low-complexity codes, reduced-dimension linear transforms
and convex optimization methods are proposed for the lossy transmission of correlated
sources across noisy networks. Surprisingly, simple un-coded or one-shot strategies achieve
a performance which is exactly optimal in certain networks, or close to optimal in the low
signal-to-noise regime relevant for sensor networks.
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Chapter 1

Dissertation Overview

1.1 Information Theory, Statistics, and New Codes

The field of information theory was pioneered by Claude Shannon beginning in 1948 to
understand the fundamental limits of communication systems. The probabilistic method
applied to random codes proved the existence of capacity-achieving codes for point-to-point
discrete, memoryless channels. However, early ideas such as random code ensembles did not
solve the problem of constructing explicit codes with low encoding and decoding complexity.
In recent years, several capacity-achieving explicit codes for point-to-point channels have
been invented (e.g., spatially-coupled codes, Arikan’s polar codes). However, in the case
of multi-user channels and network communication, questions regarding finding the exact
capacity region and questions regarding finding good low-complexity codes remain open to a
large extent. It is intriguing that Shannon’s abstraction of information as bits is challenged
in networks. Furthermore, basic tools in networks such as cut-set bounds fail to establish
fundamental limits when information is “mixed” in network pathways. In this thesis, progress
is made towards designing low-complexity capacity-achieving codes for classes of networks.

How is it possible to design low-complexity capacity-achieving codes? One idea is to
create and exploit structure in a code. The structure serves two chief purposes: (i) Low-
complexity encoding and decoding become possible using recursive methods; (ii) It is math-
ematically tractable to “extrapolate to infinity” in proofs to verify achievable rates. Beyond
Shannon’s original idea of using randomness, the element of structure appears to be crucial.
Somewhat counter-intuitively, structure may coexist with randomness.! This thesis demon-
strates the advantages of using both randomness and structure (e.g., algebraic structure) in
the design of network codes.

One way of discovering structure in a world of randomness and random variables is now
understood and it was first published in 2008 by E. Arikan. This method is regarding
the polarization of discrete random variables. Briefly, Arikan’s original concept is about

IFor example, the Green-Tao theorem in mathematics elucidates a surprising structure and randomness
appearing in the sequence of primes.
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extracting the randomness inherent in a sequence of independent and identically distributed
binary random variables. Due to applying an algebraic transformation on the sequence of
variables, suitably defined conditional entropies of the transformed variables converge to
zero or one as the length of the sequence increases to infinity. The convergence is proven
using a new application of Martingales from probability theory. Moreover, codes built on
the polarization principle achieve capacity for point-to-point noisy channels. The elegant
recursive structure of polar codes, a butterfly structure similar to the pattern found in
computing the Fast Fourier Transform, is the key to low-complexity encoding and decoding
via a dynamic programming, “divide-and-conquer”, successive cancelation algorithm.

Building upon polarization principles, this thesis develops new low-complexity codes
for multi-user channels. A particular focus is on the broadcast channel, whose capacity is
unknown, except for a few special classes of channels. In Chapters 2-Chapter 5 based on [42],
new practical broadcast code constructions are able to approach the capacity boundary for
almost all of these special classes. The new codes also apply to general classes of channels.
In prior research, sub-optimal coding strategies and heuristics were employed. For example,
in the case of deterministic broadcast channels, researchers tried low-density parity-check
codes (LDPC), reinforced belief propagation, and constraint satisfaction algorithms. The
new code constructions of this thesis provide insight on the information-theoretic arguments
underlying Cover’s superposition codes and Marton’s ingenious broadcast construction for
noisy channels.

The concept of polarization of random variables is quite broad and offers a new perspec-
tive in statistics itself. The ideas developed in this thesis bear the potential to lead to new
capacity theorems that are outside the reach of classical random coding arguments. Exper-
imental evidence and reproducible simulations are recorded for the first practical broadcast
codes with optimal asymptotic properties. The theory sheds light on important questions
about engineering communication systems using modern circuits.

1.2 The Abstraction of Information in Networks

In network information theory, it is an open question whether the abstraction of information
as bits is correct or whether there exists a broader representation. One idea is to under-
stand network information as a transmission of functions of original sources. In Chapter 6,
a network computing problem is studied (drawing from material in [41, 87]) and related to
the well-known multiple-unicast communication problem. In the network computing prob-
lem, each receiver computes the same identical function of multiple sources. In this thesis,
the computation capacity is determined for a countably-infinite class of simple, interfering
networks. A new network decomposition theorem and function alignment code are derived.
Vector-space function alignment is inspired by the idea of interference alignment for channel
communications. In addition, new linear coding arguments for multi-casting functions and
new information-theoretic bounds are provided which sharpen ordinary cut-set bounds.
Chapters 7 and 8 provide analysis for the lossy transmission of distributed, correlated
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sources across noisy networks [39]. In certain cases such as biological systems, it might not
be feasible or valuable to code and represent information as bits. Rather, un-coded and one-
shot strategies offer low delay and low-complexity solutions. Linear transforms are proposed
for dimensionality-reduction of distributed sources while convex optimization methods are
applied to handle power constraints. New cut-set bounds link information theory and signal
processing in networks.
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Chapter 2

Polarization of Random Variables

2.1 Overview of Theory

The following theory by Arikan [6] characterizes the polarization of random variables which
is applicable for both channel and source coding.

Theorem 1 (Polarization of Random Variables). Let

}7’—: [}/i7}/é7"'7yn]7
Z=\2,2, ..., 2],

be two independent and identically distributed row vectors of random variables where (Y Zj) ~
Pyyz, j € [n], and n = 2° for integer £ > 1. Consider polarized random variables U=YF,B,
and V' = ZF, B, where the matriz B, is a bit-reversal matriz as defined by Arikan in [6]

and
F B 1 O ®10g2(n)
"1 1 )

Then as n — oo, for any € € (0,1),
){]e H(U,|Ui 1)>1—e}‘—>H Y),

e BV Y 21— o)

— H(Z|Y).

Notation: Let H(U;|UI™Y) denote the conditional entropy between random variables where
Uf_l is shorthand notation for the set of random wvariables {U1,Us, ..., U;_1}. Similarly,
H(V;|Vi™, YY) represents the conditional entropy and Y{* = {Y1,Ya, ..., Y, }. The notation
® denotes the Kronecker matriz product.
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2.1.1 Estimating Conditional Entropies By Sampling

Although Theorem 1 was a break-through in information theory, an even more important part
of polarization is the dynamic programming method associated with computing probabilities
and estimating entropies. As in Theorem 1, define the following row vectors

}7: [}q7}67"'7Yn]7
Z: [Zl,Zg,...,Zn],

where for j € [n], the random variables (Y}, Z;) ~ Py . In addition, the polarized variables

= [U17U27 e '7Un]7

U
‘7: [‘/17%7"'avn]7

where U = ?Fan and V = Z F, B, as in Theorem 1. We would like to compute the entropy
terms H(U;|U{™") and H(V;|V{ ™", ¥{*) numerically to simulate the polarization phenomenon.
The basic formula for the conditional entropies is

H(U|UL™) 2 ~Eyy logy | Py g+ (U107 (2.1)

H(V;[Vi™ Y1) & —Ey 0 logy [PV\W Ly (ViIVET Yn)] (2.2)

The expectations in the formulae for the condltlonal entropies imply averaging over samples
drawn from the joint distribution of U and V. Equivalently, we _can sample from the simple
independent and identically distributed joint distribution of Y and Z and apply a polar
transformation to the samples.

2.1.2 Dynamic Programming and Numerically Robust
Recursions

The previous subsection showed that the conditional entropies may be estimated by sampling
from the appropriate distributions and computing probabilities as in Equation (2.1) and
Equation (2.2). Fortunately, the probabilities may be computed recursively. The recursions
were derived originally by Arikan as a part of the low-complexity successive cancelation
decoder [6]. In those recursions, the ratios of probabilities (likelihoods) were computed.
However, since probabilities are bounded, we will compute them instead of likelihoods to
maintain numerical stability.
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Polarization of Py (y) Single Source, n = 512,1024,2048

1 T T T

0.9 -

0.7 i

0.6 i

0.4 B

0.3 i

Sorted Entropies H(Uj\Uf;l)

01f -

0 | | | | | | | | |
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0. 0.9 1

8
Indices j € [n] Normalized By Block Length n

Figure 2.1: Polarization of a Bernoulli source distribution Py (y) defined by Py (0) = 2.

In the base case, the block length of the polar transform is n = 2.

PV 2 Pr{U, =0}
=Pr{Y1 @Y, =0}
= Py (0)Py(0) + Py (1)Py(1).
P2(2) [ul] £ PI’{UQ = 0|U1 = Ul}
P, =0,Y10Y, =u}
N Pr{Y1® Yy =u}
Py (up) Py (0)
Py(O)Py(Ul) + Py(l)Py(ul D 1)

Our aim is to compute the following probabilities for arbitrary n = 2¢ and integer ¢ > 1.

n

PO [ 2 P{U; = 0|U ! = '}

This is possible due to a “divide and conquer” step for n > 2. Define the following
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sub-problems

[1]

1= P (w7 @l
» = P[],

2

[1]

where the notation uzfl_Q and uzjl_z represents the odd and even indices respectively of the

sequence u%j ~2_ The recursive computation of the probabilities is characterized by

2j—1 2j—-27 _ = = = =
Pr(L] )[ul ]—1—_1—_2—|—2_1_2.

PO [y271) & 1 -5 -5+ 25,2

It can be shown that if uy;_; = 0, then it is not possible for (Z;,Z,) =
(1,0). Similarly, if ugj_y = 1, it is not possible for (Z1,Z3) = (0,0) or (Z4,Z;) = (1,1).
Therefore the denominators in P> [uf] _1} will not be zero.

Example 1. Consider a Bernoulli source distribution Py (y) given as follows: Py(0) = 2.

Let Y = [Y1,Ya,....Y,] be independent and identically distributed random variables where
Y; ~ Py, j € [n], and n = 2% for integer £ > 1. Consider polarized random variables
U =YF,B,. Figure 2.1 plots the sorted values in the set {H(Uj|Uf_1)}je[n]. Due to Theo-
rem 1, the fraction of indices that are close to 1 approaches H(Y') = hy(2). The polarization
phenomenon is depicted for finite block lengths n = 512,1024,2048.

2.1.3 Dynamic Programming and Numerically Robust
Recursions: Extension
To extend the analysis of the previous subsection, consider further conditioning in the prob-
abilities. Again, the base case begins with n = 2.
PV [y] £ Pr{Vi = OV =y}
PH{Z ® Zy =0,Y? = y}}

T P =
_ Pyz(y1,0)Pyz(y2,0) + Pyrz(y1,1) Pyz(y2, 1)

a Py (y1) Py (y2) '
P [o!,y"?] £ Pr{Ve = 01 = 01, Y7 = i}

C P{Z,=0,Z18Z, =v,,Y? =43}

a Pr{Z\ ® Z, = v, Y? = yi}

B Py z(y1,v1) Py z(y2,0)

~ Pyz(y1,0)Pyz(y2,v1) + Pyz(y1, 1) Pyz(y2, 01 ® 1)
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The aim is to compute the following probabilities for arbitrary n = 2¢ and integer ¢ > 1.

PO [ol ™ yr] £ Pr{V; = 0]V~ = o7 Y7 =y}

n

This is possible due to a “divide and conquer” step for n > 2. Define the following
sub-problems

b= P 7 ),

0,1

_ () 27—2 il
Ay = Py [ol ™y ]

where the notation vijl_2 and vijl_2 represents the odd and even indices respectively of the
sequence vfj_2. The recursive computation of the probabilities is characterized by

Ay
[U%j_l yﬂ A 1—A; — Ay + 20
’ Ay — My
A+ Ay — 2A04Ay
It can be shown that if vy;_; = 0, then it is not possible for (Ay, Ay) = (0,1) or (Ay,As) =
(1,0). Similarly, if vy;_y = 1, it is not possible for (A, As) = (0,0) or (Ay,As) = (1,1).

Therefore the denominators in P> [vfj - yﬂ will not be zero.

if Voj—1 = 0
P2

n

if Voj—1 = 1

Example 2. Consider a joint distribution Py z(y, z) given as follows: Py z(0,0) = Pyz(0,1) =
Pyyz(1,1) = % Let Y = Y1,Ys,....Y,] and Z = [Z, Zs, ..., Z,] be two independent and
identically distributed row vectors of random variables where (Y;, Z;) ~ Pyz, j € [n], and

n = 2¢ for integer ¢ > 1. Consider polarized random variables U= ?Fan and V = ZFan.
Figure 2.2 plots the sorted values in the set {H(V}|Vf_1,Y1")}je[n]. Due to Theorem 1, the
fraction of indices that are close to 1 approaches H(Z|Y) = % The polarization phenomenon

is depicted for finite block lengths n = 512,1024, 2048.

2.2 Polar Codes for Multi-User Networks

2.2.1 Deterministic Broadcast Channels

The deterministic broadcast channel has received considerable attention in the literature (e.g.
due to related extensions such as secure broadcast, broadcasting with side information, and
index coding [12, 79]). Several practical codes have been designed. For example, the authors
of [93] propose sparse linear coset codes to emulate random binning and survey propagation
to enforce broadcast channel constraints. In [20], the authors propose enumerative source
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Polarization of Joint Distribution Pyz(y, 2z), n = 512,1024,2048

1 T T T T T T
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0.3 i

Sorted Entropies H (V] 1j417 )

021 i

0 . I I I I I I I
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Indices j € [n] Normalized By Block Length n

Figure 2.2: Polarization of a joint distribution of binary random variables Py z(y,z) defined by Pyz(0,0) =
Pyz(0,1) = Pyz(1,1) = %

coding and Luby-Transform codes for deterministic DM-BCs specialized to interference-
management scenarios. Additional research includes reinforced belief propagation with non-
linear coding [16]. To our knowledge, polarization-based codes provide provable guarantees
for achieving rates on the capacity-boundary in the general case.

2.2.2 Polar Codes for Multi-User Settings

Subsequent to the derivation of channel polarization in [6] and the refined rate of polar-
ization in [9], polarization methods have been extended to analyze multi-user information
theory problems. In [2], a joint polarization method is proposed for m-user MACs with
connections to matroid theory. Polar codes were extended for several other multi-user set-
tings: arbitrarily-permuted parallel channels [48], degraded relay channels [51], cooperative
relaying [14], and wiretap channels [4, 61, 57]. In addition, several binary multi-user com-
munication scenarios including the Gelfand-Pinsker problem, and Wyner-Ziv problem were
analyzed in [55, Chapter 4]. Polar codes for lossless and lossy source compression were
investigated respectively in [7] and [54]. In [7], source polarization was extended to the
Slepian-Wolf problem involving distributed sources. The approach is based on an “onion-
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peeling” encoding of sources, whereas a joint encoding is proposed in [1]. In [8], a unified
approach is provided for the Slepian-Wolf problem based on generalized monotone chain rules
of entropy. To our knowledge, the design of polarization-based broadcast codes is relatively
new.

2.2.3 Binary vs. ¢-ary Polarization

The broadcast codes constructed in this thesis for DM-BCs are based on polarization for
binary random variables. However, in extending to arbitrary alphabet sizes, a large body
of prior work exists and has focused on generalized constructions and kernels [56], and
generalized polarization for ¢g-ary random variables and g-ary channels [24, 64, 81, 71]. The
reader is also referred to the monograph in [82] containing a clear overview of polarization
methods.

2.3 Polar Codes For Broadcast Channels

Introduced by T. M. Cover in 1972, the broadcast problem consists of a single source trans-
mitting m independent private messages to m receivers through a single discrete, memoryless,
broadcast channel (DM-BC) [22]. The private-message capacity region is known if the chan-
nel structure is deterministic, degraded, less-noisy, or more-capable [33]. For general classes
of DM-BCs, there exist inner bounds such as Marton’s inner bound [63] and outer bounds
such as the Nair-El-Gamal outer bound [66]. One difficult aspect of the broadcast problem
is to design an encoder which maps m independent messages to a single codeword of sym-
bols which are transmitted simultaneously to all receivers. Several codes relying on random
binning, superposition, and Marton’s strategy have been analyzed in the literature (see e.g.,
the overview in [23]).

2.3.1 Overview of Contributions

The first part of this thesis focuses on low-complexity codes for broadcast channels based
on polarization methods. Polar codes were invented originally by Arikan and were shown
to achieve the capacity of binary-input, symmetric, point-to-point channels with O(nlogn)
encoding and decoding complexity where n is the code length [6]. We obtain the following
results.

e Polar codes for deterministic, linear and non-linear, binary-output, m-user DM-BCs
(cf. [40]). The capacity-achieving broadcast codes implement low-complexity random
binning, and are related to polar codes for other multi-user scenarios such as Slepian-
Wolf distributed source coding [7, 8], and multiple-access channel (MAC) coding [2].
For deterministic DM-BCs, the polar transform is applied to channel output variables.
Polarization is useful for shaping uniformly random message bits from m independent
messages into non-equiprobable codeword symbols in the presence of hard broadcast
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constraints. As discussed in Section 2.2.1 and referenced in [93, 20, 16], it is difficult
to design low-complexity parity-check (LDPC) codes or belief propagation algorithms
for the deterministic DM-BC due to multi-user broadcast constraints.

e Polar codes for general two-user DM-BCs based on Cover’s superposition coding strat-
egy. In the multi-user setting, constraints on the auxiliary and channel-input distribu-
tions are placed to ensure alignment of polarization indices. The achievable rates lie on
the boundary of the capacity region for certain classes of DM-BCs such as binary-input
stochastically degraded channels.

e Polar codes for general two-user DM-BCs based on Marton’s coding strategy. In the
multi-user setting, due to the structure of polarization, constraints on the auxiliary and
channel-input distributions are identified to ensure alignment of polarization indices.
The achievable rates lie on the boundary of the capacity region for certain classes of
DM-BCs such as binary-input semi-deterministic channels.

e For the above broadcast polar codes, the asymptotic decay of the average error proba-
bility under successive cancelation decoding at the broadcast receivers is established to
be O(27") where 0 < § < 1. The error probability is analyzed by averaging over polar
code ensembles. In addition, properties such as the chain rule of the Kullback-Leibler
divergence between discrete probability measures are exploited.

e Reproducible experiments are provided for finite block lengths up to n = 1024. The
results of the experiments corroborate the theory.

For different broadcast coding strategies, a systems-level block diagram of the communi-
cation channel and polar transforms is provided.

2.3.2 Notation

An index set {1,2,...,m} is abbreviated as [m]. An m xn matrix array of random variables
is comprised of variables Y;(j) where i € [m] represents the row and j € [n] the column.
The notation Y & {Yi(k),Yi(k +1),...,Y;i({)} for k < £. When clear by context, the
term Y™ represents Y;"". In addition, the notation for the random variable Y;(j) is used
interchangeably with Y. The notation f(n) = O(g(n)) means that there exists a constant
k such that f(n) < kg(n) for sufficiently large n. For a set S, clo(S) represents set closure,
and co(S) the convex hull operation over set S. Let hy(x) = —xlogy(z) — (1 — ) logy (1 — x)

denote the binary entropy function. Let a * b = (1 —a)b+ a(1 — b).
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Chapter 3

Deterministic Broadcast Channels

3.1 Channel Capacity

Definition 1 (Discrete, Memoryless Broadcast Channel). The discrete memoryless broadcast
channel (DM-BC) with m broadcast receivers consists of a discrete input alphabet X, discrete
output alphabets Y; for i € [m], and a conditional distribution Py, y, . v..\x(Y1,Y2: - Ym|T)
where v € X and y; € Y;.

Definition 2 (Private Messages). For a DM-BC with m broadcast receivers, there exist
m private messages {W}}ie[m} such that each message W; is composed of nR; bits and

(Wi, Wa, ..., W) is uniformly distributed over [2"F1] x [2M2] x ... x [2nfim],

Definition 3 (Channel Encoding and Decoding). For the DM-BC with independent mes-
sages, let the vector of rates R £ [Ri Ry ... Ry, }T. An (R,n) code for the DM-BC

consists of one encoder
g 20 x [27R] XL x 208 s A
and m decoders specified by W; : Y — [27%i] for i € [m]. Based on received observations

{Yi(4)}jem), each decoder outputs a decoded message W.

Definition 4 (Average Probability of Error). The average probability of error pm for a
DM-BC code is defined to be the probability that the decoded message at all receivers is not
equal to the transmitted message,

P =P {\/ Wi ({Yi(4) Yiem) # Wz} :
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Capacity Region of Blackwell Channel
1.6 T T T T T T T

Figure 3.1: Blackwell’s broadcast channel and private-message capacity region.

Definition 5 (Private-Message Capacity Region). If there exists a sequence of (ﬁ, n) codes

with P\ — 0, then the rates R e R?* are achievable. The private-message capacity region
is the closure of the set of achievable rates.

Definition 6 (Deterministic DM-BC). Define m deterministic functions f;(x) : X — Y; for
i € [m]. The deterministic DM-BC with m receivers is defined by the following conditional
distribution

m

Py, Yo, Yol X (Y1, Y2, -+ -, Ym| ) = H L= () (3.1)
i1

3.1.1 Capacity Region

Proposition 1 (Marton [62], Pinsker [72]). The capacity region of the deterministic DM-BC
includes those rate-tuples R € R in the region

Q:DET_BCéco(clo< U %(x {Yi},.e[m}))), (3.2)
X:{Yitiem)

where the polyhedral region R(X, {Y; }icim)) is given by

R 2 {ﬁf \ SR < H{Yi}ies), ¥S C [m]}. (3.3)
€S
The union in Eqn. (3.2) is over all random variables X, Y1, Ys, ..., Y,, with joint distribution

induced by Px(x) and Y; = f;(X).
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Example 3 (Blackwell Channel). In Figure 3.1, the Blackwell channel is depicted with
X = {0,1,2} and Y; = {0,1}. The channel is defined as Yy = f1(X) and Yo = fo(X)
where the non-linear functions fi(x) = max(z — 1,0) and fo(xz) = min(z,1). For any
fized distribution Px(x), it is seen that Py,y,(y1,y2) has zero mass for the pair (1,0). Let

1 2

a € [5,3]. Due to the symmetry of this channel, the capacity region is the union of two

T€GIONS,

a
{(R1, Ra) © Ry < hy(a), Ry < hb(§)7R1 + Ry < hy(a) + af,

{((R\,Rs): R, < hb(%), Ry < hy(a), Ry + Ry < hy(a) + a},
where the first region is achieved with input distribution Px(0) = Px(1) = §, and the second
region is achieved with Px(1) = Px(2) = § [93, Lec. 9]. The sum rate is mazimized for
a uniform input distribution which yields a pentagonal achievable rate region: Ry < hb(%),
Ry < hy(3), R+ Ry < log,3. For different input distributions Px(x), the achievable rate
points are contained within corresponding polyhedrons in R where m = 2 for this example.
Figure 3.1 illustrates the capacity region.

3.2 Polar Coding Theorem

Theorem 2 (Polar Code for Deterministic DM-BC). Consider an m-user deterministic DM-
BC with arbitrary discrete input alphabet X, and binary output alphabets Y; € {0,1}. Fix
input distribution Py (z) where x € X and constant 0 < 8 < L. Let 7 : [m] — [m] be a

2
permutation on the index set of receivers. Let the vector
32 [ Ry R Ramy |
R=[ Req) Bu@ - BRagm |

There exists a sequence of polar broadcast codes over n channel uses which achieves rates R
where the rate for receiver (i) € [m] is bounded as

0 < Regy < H (Yo {Yr(k) bom1:im1) -

The average error probability of this code sequence decays as P = O(Q‘"ﬁ). The complexity
of encoding and decoding is O(nlogn).

Remark 1. To prove the existence of low-complexity broadcast codes, a successive ran-
domized protocol is introduced in Section 3.4.1 which utilizes o(n) bits of randomness at the
encoder. A deterministic encoding protocol is also presented.

Remark 2. The achievable rates for a fized input distribution Px(x) are the vertex points
of the polyhedral rate region defined in (3.3). To achieve non-vertex points, the following
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Blackwell Channel, Polar Code n = 2048
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Figure 3.2: A polar code for the Blackwell channel approaching the capacity boundary point of (R1, R2) = (hb(g)7 %)

coding strategies could be applied: time-sharing, rate-splitting for the deterministic DM-
BC [19]; polarization by Arikan utilizing generalized chain rules of entropy [8]. For certain
input distributions Px(x), as illustrated in Figure 3.1 for the Blackwell channel, a subset of
the achievable vertex points lie on the capacity boundary.

Remark 3. Polarization of channels and sources extends to q-ary alphabets (see e.g. [24]).
Similarly, it is entirely possible to extend Theorem 2 to include DM-BCs with q-ary output
alphabets.

3.2.1 Experimental Results For The Blackwell Channel

As an experiment for the Blackwell channel described in Example 3, the target rate pair
on the capacity boundary is selected to be (Ry, Ry) = (hs(3),%). Note that Ry + Ry =
log, 3 which is the maximum sum rate possible for any input distribution. To achieve the
target rate pair, the input distribution Px(x) is uniform. The output distribution is then
Pyv,(0,0) = Pyy,(0,1) = Py,y,(1,1) = 4. For the output distribution, H(Y;) = hy(2) and

H(Ys|Y1) = % According to Theorem 2, these distributions permit polar codes approaching
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Table 3.1: Pe(”) For DIFFERENT RATE PAIRS ACHIEVED FOR THE BLACKWELL CHANNEL

n n n n

(Ry, Ry) 512 1024 2048 4096

(0.73,0.53) 0.106 0.0518 0.0195 0.0051
(0.76,0.55) 0.201 0.1356 0.0631 0.0194
(0.79,0.57) 0.3799 0.3177 0.2246 0.1188
(0.82,0.59) 0.5657 0.5606 0.5079 0.4070
(0.85,0.61) 0.7849 0.8181 0.8286 0.8133
(0.87,0.63) 0.9454 0.9757 0.9866 0.9936
(0.90,0.65) 0.9936 1.0000 1.0000 1.0000

the target boundary rate pair. Figure 3.2 shows the average probability of error P™ for
block length n = 2048 with selected rate pairs approaching the capacity boundary. The
broadcast code employs a deterministic rule as opposed to a randomized rule at the encoder
as described in Section 3.4.1. Table 3.1 provides results of experiments for different block
lengths for a randomized rule at the encoder. While the randomized rule is important for
the proof, the deterministic rule provides better error results in practice. All data points for
error probabilities were generated using 10* codeword transmissions.

Remark 4 (Zero Error vs. Average Error). A zero-error coding scheme is trivial for rate
pairs (Ry, Re) within the triangle: (0,0),(0,1),(1,0). Beyond the triangular region, it is
possible to achieve zero-error throughout the whole capacity region by purging the polar code-
book of any codewords causing error at the encoder. However, unless there exists an efficient
method to enumerate the code-book, the purging process is not feasible with low-complexity
since there exist an exponential number of codewords.

3.3 Overview of Polarization Method

For the proof of Theorem 2, we utilize binary polarization theorems. By contrast to polar-
ization for point-to-point channels, in the case of deterministic DM-BCs, the polar transform
is applied to the output random variables of the channel.

3.3.1 Polar Transform

Consider an input distribution Px(z) to the deterministic DM-BC. Over n channel uses, the
input random variables to the channel are given by

Xt =Xt X2 X",
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where X7 ~ Py are independent and identically distributed (i.i.d.) random variables. The
channel output variables are given by Y;(j) = fi;(X(j)) where f;(-) are the deterministic
functions to each broadcast receiver. Denote the random matrix of channel output variables
by

Y'll }/'12 }/'13 Y'ln
Y) Y: YR ... Yr

Y 2 2 :2 :2 2 : (3.4)
vi vz vy oy

where Y € F5*". For n = 2° and ¢ > 1, the polar transform is defined as the following
invertible linear transformation,

Uu=YG, (3.5)
R logyn
where G,, £ { 1 (1) } B,.

The matrix G,, € F5*" is formed by multiplying a matrix of successive Kronecker matrix-
products (denoted by ) with a bit-reversal matrix B,, introduced by Arikan [7]. The
polarized random matrix U € F7**" is indexed as

Ul vz oUs ...oUp
pe | UF U UR 0y .
ULouz Ul LU

3.3.2 Joint Distribution of Polarized Variables

Consider the channel output distribution Py,y,..y,, of the deterministic DM-BC induced
by input distribution Px(x). The j-th column of the random matrix Y is distributed as
(Y7,Y{,---,YJ) ~ Pyy,.y,. Due to the memoryless property of the channel, the joint
distribution of all output variables is

PY1"Y2”---Y,’}L (y?a yga ) ?/:Z) = H PY1Y2"'Ym (y{> y%a s >y£n> . (37)
J=1

The joint distribution of the matrix variables in Y is characterized easily due to the i.i.d.
structure. The polarized random matrix U does not have an i.i.d. structure. However, one
way to define the joint distribution of the variables in U is via the polar transform equa-
tion (3.5). An alternate representation is via a decomposition into conditional distributions
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Figure 3.3: The polar transform applied to a random matrix Y with independent and identically distributed columns.

as follows!.

Uil:j_la {ullgm}ke[lzi—lo : (3.8)

m n

n n n N

Popug...up, <U17U27 o Um) = H H P(W(J)
i=1 j=1

As derived by Arikan in [7] and summarized in Section 3.3.5, the conditional probabilities
in (3.8) and associated likelihoods may be computed using a dynamic programming method
which “divides-and-conquers” the computations efficiently.

3.3.3 Polarization of Conditional Entropies

Proposition 2 (Polarization [7]). Consider the pair of random matrices (Y, U) related
through the polar transformation in (3.5). For i € [m] and any € € (0,1), define the set of
indices

AP & {j el H(UG)

Then in the limit as n — oo,

UM A epnion) 2 1= €. (3.9)

I
E‘AE = HYYiYs - - Vi), (3.10)

'The abbreviated notation of the form P(a|b) which appears in (3.8) indicates Py p(alb), i.e. the condi-
tional probability P{A = a|B = b} where A and B are random variables.
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For sufficiently large n, Theorem 2 establishes that there exist (approximately) a total of
nH (Y;|Y1Ys - - - Y;_1) indices per row i € [m] of random matrix U for which the conditional
entropy is close to 1. The total number of indices in U for which the conditional entropy
terms polarize to 1 is approximately nH(Y;Ys - - - Y,,). The polarization phenomenon is
illustrated in Figure 3.3.

Remark 5. Since the polar transform G,, is invertible, {Ué:"}ke[lzi_l] are in one-to-one
correspondence with {Y,'™}ren.i—1). Therefore the conditional entropy values expressed by
the terms H(Ui(j)‘Uil:]_l, {U,i:"}ke[lzi_l]) also polarize to 0 or 1.

3.3.4 Rate of Polarization

The Bhattacharyya parameter of random variables is closely related to the conditional en-
tropy. The parameter is useful for characterizing the rate of polarization.

Definition 7 (Bhattacharyya Parameter). Let (T, V) ~ Pry where T € {0,1} and V €V
where V is an arbitrary discrete alphabet. The Bhattacharyya parameter Z(T|V) € [0,1] is
defined

Z(T|V) = 2ZPV(U)\/PTW(O\U)PTW(HU). (3.11)

veV

As shown in Lemma 9 of Appendix 3.5, Z(T'|V) — 1 implies H(T|V) — 1, and sim-
ilarly Z(T|V) — 0 implies H(T|V) — 0 for T a binary random variable. Based on the
Bhattacharyya parameter, the following theorem specifies sets Mﬁ”) C [n] that will be called
message sets.

Proposition 3 (Rate of Polarization). Consider the pair of random matrices (Y, U) related
through the polar transformation in (3.5). Fiz constants 0 < f < &, 7 >0, € [m]. Let

27
6, =27 be the rate of polarization. Define the set

ME") L {j € [n] : Z<Ui(j)

UM G i) 2 1 0 . (3.12)
Then there ezists an N, = N,(B,T) such that

1
—)ME") > H(Y|Y\Ys - Yio) — 7, (3.13)
n

for alln > N,.

The proposition is established via the Martingale Convergence Theorem by defining a
super-martingale with respect to the Bhattacharyya parameters [6] [7]. The rate of polar-
ization is characterized by Arikan and Telatar in [9].
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Remark 6. The message sets ME"’ are computed “offline” only once during a code construc-
tion phase. The sets do not depend on the realization of random variables. In the following
Section 3.3.5, a Monte Carlo sampling approach for estimating Bhattacharyya parameters is
reviewed. Other highly efficient algorithms are known in the literature for finding the message
indices (see e.g. Tal and Vardy [88]).

3.3.5 Estimating Bhattacharyya Parameters

As shown in Lemma 4 in Appendix 3.5, one way to estimate the Bhattacharyya parameter
Z(T|V) is to sample from the distribution Pry(t,v) and evaluate Egpy+/@(T,V). The
function ¢(¢,v) is defined based on likelihood ratios

Similarly, to determine the indices in the message sets ME") defined in Proposition 3, the

Bhattacharyya parameters Z (Ui(j) S {Ykl:"}ke[,-_lo must be estimated efficiently. For

n > 2, define the likelihood ratio
Lg’j) ( I {yk Ptz 1)
o P(0:0) = 007 =l {7 = gl i)
- P (Ui(j) = = u}:j_la {Yklm = yé:n}ke[lzz’—lo .

(3.14)

The dynamic programming method given in [7] allows for a recursive computation of the
likelihood ratio. Define the following sub-problems

i g 1:Z
) < 122 @ul 22 {yk 2}k€[1:i—l]> )

i3) [, 1:2§—2 PRESL
(ui,e » WYk }ke 1:4—1]

w
I
|~wb/i\

[1]
)
Il
~
[NEEesy

where the notatlon ul 272 and uzlf 72 represents the odd and even indices respectively of the
sequence ui 22, The recursive computation of the likelihoods is characterized by
i,2j-1) (, 1:2j-2 12+ 1
L£L72] Y ( 7 A" Yrepii- 1]) _
=1+ =

Lg’zj)( e {yk }kelz 1]) (Z1)7 B,

where 7 = 1 if u;(2j — 1) = 0 and v = —1 if w;(2j — 1) = 1. In the above recursive
computations, the base case is for sequences of length n = 2.
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3.4 Proof Of Main Theorem

The proof of Theorem 2 is based on binary polarization theorems as discussed in Section 3.3.
The random coding arguments of C. E. Shannon prove the existence of capacity-achieving
codes for point-to-point channels. Furthermore, random binning and joint-typicality argu-
ments suffice to prove the existence of capacity-achieving codes for the deterministic DM-BC.
However, it is shown in this section that there exist capacity-achieving polar codes for the
binary-output deterministic DM-BC.

3.4.1 Broadcast Code Based on Polarization

The ordering of the receivers’ rates in R is arbitrary due to symmetry. Therefore, let
(1) = i be the identity permutation which denotes the successive order in which the mes-
sage bits are allocated for each receiver. The encoder must map m independent messages
(Wi, Wy, ..., W,,) uniformly distributed over [27%1] x [272] x ... x [2"8»] to a codeword
™ € X™. To construct a codeword for broadcasting m independent messages, the following
binary sequences are formed at the encoder: ul™ ul™ ... ul™. To determine a particular
bit u;(j) in the binary sequence u;™, if j € Mg"), the bit is selected as a uniformly dis-
tributed message bit intended for receiver i € [m]. As defined in (3.12) of Proposition 3, the
message set ME") represents those indices for bits transmitted to receiver 7. The remaining
non-message indices in the binary sequence u}™ for each user ¢ € [m] are computed either

according to a deterministic or random mapping.

3.4.1.1 Deterministic Mapping

Consider a class of deterministic boolean functions indexed by ¢ € [m] and j € [n]:
) : {0, 1}rmax{0i=INH=1 _ £0 1}, (3.15)

As an example, consider the deterministic boolean function based on the mazimum a poste-
riort polar coding rule.

](\i[’QP (U;:j_1> {yé:n}ke[lzi—l])
£ arg{znﬁx{ P (Ui(j) = U7 =T Y = yi:"}keuzi—H) } (3.16)
u€e 0,

3.4.1.2 Random Mapping

Consider a class of random boolean functions indexed by ¢ € [m] and j € [n]:

\If(i’j) : {0’ l}n(max{o,i—l})—l—j—l N {0’ 1} (3]_7)
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As an example, consider the random boolean function

0, w.p. >\0( ;I {yl:n}ke[lzi—l])
1454 VT AU b)) 2 ! 7 (3.18)
RAND( k €[ ) 1, wp 1— )\0( Lj—1 {yim}kem_”)’

where

)\0( I {yk }kelz 1]) P<U()

1 1 1:5—1
- ij 7{

Ykl "= yi:"}keu;i_u) .

The random boolean function \Ifg% A%VD may be thought of as a vector of Bernoulli random

variables indexed by the input to the function. Each Bernoulli random variable of the vector
has a fixed probability of being one or zero that is well-defined.

3.4.1.3 Mapping From Messages To Codeword

The binary sequences u}™ for i € [m] are formed successively bit by bit. If j € /\/l(") then
the bit u;(j ) 1s one message bit from the uniformly distributed message W; intended for user
i. Ifj ¢ MZ- s uil(g) = J(W’jA)P (u:j Y {yi™ e 1:,-_1]) in the case of a deterministic mapping,
or u;(j) = \Ifg%w) (ul:j_l {yr"}kepsi-1)) in the case of a random mapping. The encoder then
applies the inverse polar transform for each sequence: y!" = u} "G !. The codeword z" is
formed symbol-by-symbol as follows:

m

2(j) € ()7 wil) -

i=1

If the intersection set is empty, the encoder declares a block error. A block error only occurs
at the encoder.

3.4.1.4 Decoding at Receivers

If the encoder succeeds in transmitting a codeword z", each receiver obtains the sequence
Y n01se1essly and applies the polar transform G,, to recover u;’ exactly Since the message

indices MZ- are known to each receiver, the message bits in u}" are decoded correctly by
receiver i.

3.4.2 Total Variation Bound

While the deterministic mapping ¢ M A p performs well in practice, the average probability of

error P™ of the coding scheme is more difficult to analyze in theory. The random mapping
\If% “vp at the encoder is more amenable to analysis via the probabilistic method. Towards
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that goal, consider the following probability measure defined on the space of tuples of binary
sequences?.

T (b ). (3.19)

Q(uiug, - ) 2 TTTT @ (witi)
where the conditional probability measure

1 e (n)
{59 ijeMi )

Q (Uz(]) p (uz(])

Ul] ! {Uk }ke[lz 1}) =

ulj ! Aur e 1}) otherwise.

The probability measure @) defined in (3.19) is a perturbation of the joint probability measure
P defined in (3.8) for the random variables U;(j). The only difference in definition between

P and @ is due to those indices in message set ME"). The following lemma provides a bound
on the total variation distance between P and Q).

Lemma 1. (Total Variation Bound) Let probability measures P and @ be defined as in (3.8)
and (3.19) respectively. Let 0 < B < 1. For sufficiently large n, the total variation distance
between P and @) is bounded as

Z ‘P({ullf:n}kﬂm})_Q({Uim}ke[m])‘S 27",
{uim}ke[m]

Proof. See Section 3.6 of the Appendices. O

3.4.3 Analysis of the Average Probability of Error

For the m-user deterministic DM-BC, an error event occurs at the encoder if a codeword x"
is unable to be constructed symbol by symbol according to the broadcast protocol described
in Section 3.4.1. Define the following set consisting of m-tuples of binary sequences,

T2 {( vt oui) 3 € ) )7 ) = 0} (3.20)

i=1

The set T consists of those m-tuples of binary output sequences which are inconsistent due to
the properties of the deterministic channel. In addition, due to the one-to-one correspondence
between sequences u}™ and y", denote by T the set of m-tuples (uf,ul, ..., ul) that are
inconsistent.

2A related proof technique was provided for lossy source coding based on polarization in a different
context [54]. In the present thesis, a different proof is supplied that utilizes the chain rule for KL-divergence.



CHAPTER 3. DETERMINISTIC BROADCAST CHANNELS 25

For the broadcast protocol, the rate R; = %‘Mﬁn)‘ for each receiver. Let the total sum
rate for all broadcast receivers be Ry, = Zie[m} R;. If the encoder uses a fixed deterministic

map 1) in the broadcast protocol, the average probability of error is

PO [{}] = onRx > L g um)e7]

{ur™Yeem
H ]]_[w(i,j) (7 Syl b ) =ui ()] | (3.21)
1€[m]

jem]:jgm™

In addition, if the random maps W9 are used at the encoder, the average probability of
error is a random quantity given by

Pe( ) [{\Il( ’])}:| = 2TL—RE Z ]]‘[(u’f,ug ..... uﬁl)e'ﬂ

{up ™ eemm)
H ]]_[\Il(i,j) (u;:jfl7{y11€:n}k€[1:i71]):ui(j)] . (322)
1€[m)]

jE€m]:jgM™

Instead of characterizing P™ directly for deterministic maps, the analysis of Pe(")[{\lf(i’j)}]
leads to the following lemma.

Lemma 2. Consider the broadcast protocol of Section 3.4.1. Let R; = %‘Mﬁn)‘ for i € [m]
be the broadcast rates selected according to the criterion given in (3.12) in Proposition 3.
Then for 0 < 8 < 1 and sufficiently large n,

Eqgiesy | PR} < 277
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Proof.
Erpeay [Pe(n)[{‘l’(i’j)}]}

1
~ 9nRy Z lﬂ[wf,ug ..... ufh)€T]

{ullcn}kE[m]

H P {\I/(i’j) (uil:j_l, {y;:n}ke[lzi—l]) = Uz(])}]

i€[m]
jelnligm™
— Z Q({us™ Yrem) (3.23)

{ui:n }ke [m] 67—

= ) ’P ({u" bnetm) ~Q ({1 e | (3.24)

{’U‘]lg:n }ke [m] €7-

<2 (3.25)

Step (3.23) follows since the probability measure () matches the desired calculation exactly.
Step (3.24) is due to the fact that the probability measure P has zero mass over m-tuples of
binary sequences that are inconsistent. Step (3.25) follows directly from Lemma 1. Lastly,
since the expectation over random maps {WU(#7)} of the average probability of error decays
stretched-exponentially, there must exist a set of deterministic maps which exhibit the same
behavior. O

3.5 Proof Of Lemmas

The following lemmas provide a basis for proving polar coding theorems. A subset of the
lemmas were proven in different contexts, e.g., channel vs. source coding, and contain
citations to references.

Lemma 3. Consider two random variables X € {0,1} and Y € Y with joint distribution
Pxy(z,y). Let Q(z|ly) = 5 denote a uniform conditional distribution for x € {0,1} and
y € Y. Then the following identity holds.

D (P (aly) [ Qely)) =1 HXY). (3.26)

Proof. The identity follows from standard definitions of entropy and Kullback-Leibler dis-
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tance.

H(X|Y)=> Py(y) Y Pxy(zly)logy 5——
yey z€{0,1} PXW(ﬂy)

=> Pr(y) Y Pxpl(zly)logy ———

yey z€{0,1} Q(z|y)
P
S Py Y Puylaly)log, #

yey z€{0,1} ( ‘y)

Pxy (z|y)
:E P 1 E P log., —AYAZ1T)
L A R gl

=1 D (Paaly)[Q(aly))

O

Lemma 4 (Estimating The Bhattacharyya Parameter). Let (T,V) ~ Pry(t,v) where T €

{0,1} and V' € V where V is an arbitrary discrete alphabet. Define a likelihood function L(v)
and inverse likelihood function L™ (v) as follows.

PT‘V(O|’U) A PT|V(1‘U>

L= By & By

To account for degenerate cases in which Pryy (t|v) = 0, define the following function,

0 i Lip, ()=o)
@(t,v) 4 L(U) if ]l[ v (to)> ] and IL[t:l}

L~ ') if ]l[ v (tl)>0] and Ly—g

In order to estimate Z(T|V') € [0,1], it is convenient to sample from Pry(t,v) and express
Z(T|V') as an expectation over random variables T and V,

Z(TWV) =Eryvo(T,V). (3.28)
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Proof. The following forms of the Bhattacharyya parameter are equivalent.

Z(TV) 223" Pr()/Prv(0[) Prv(1lv)

veY

=23 V/Prv (0, 0) Pry (1, )

vey

=S Pr() D \/Prv(t)(1 - Pry(t))

vey te{0,1}

1-— PT‘V<t|U)

= Z Z PTv(t,'U) W

t€{0,1} v:Ppjy (t]v)>0
veV

= ET,V\/ (p(T, V)

O

Lemma 5 (Stochastic Degradation (cf. [55])). Consider discrete random variables V, Y,
and Yy. Assume that |V| = 2 and that discrete alphabets Vi and Vs have an arbitrary size.
Then

P (plv) = Py (y2lv) = Z(V[Yz) = Z(VIY2). (3.29)

Proof. Beginning with the definition of the Bhattacharyya parameter leads to the following
derivation:

Z(V|Yz)
£ 9 Z vV Pry, (0, y2) Py, (1, )

=2)" PV(O)PV(l)\/Py2|v(y2|0)Py2|v(y2|1)

=2 V PV(O)PV(l) Z [\/Z PY1|V<y1|0)pY2|Y1 (y2‘y1) : \/Z PY1|V(y1‘1>PY2|Y1<y2|y1)] .

Y2 Y1 1
Then applying the Cauchy—Schwarz inequality yields
Z(V|Ya)

>2¢/Pr(0)Py (1)) D \/va(yﬂo)pygwyl (yaln) - > \/PY1|V(Z/1|1)15Y2|Y1 (y2|y1)]

Y2 L y1 Y1

= 2v/Pr(0)Pv(1) Y| Y Pra (alwn) - \/PY1|V(91|0)PY1|V(91|1)] :

L Y1
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Interchanging the order of summations yields

Z(V[Y2) > 24/ Py (0)Py(1)

Z \/PY1IV(?/1|O)PY1IV(?/1|1) : meyl (y2ly1)

Y1 Y2

= Z(V[Y1).
O

Lemma 6 (Successive Stochastic Degradation (cf. [55])). Consider a binary random variable
V', and discrete random variables Y, with alphabet Yy, and Yy with alphabet Vs, Assume that
the joint distribution Pyy,y, obeys the constraint Py, v (yi|v) = Py, v (y2|v). Consider two
i.i.d. random copies (VYY1 Y)) and (V2 Y3 YE) distributed according to Pyy,y,. Define
two binary random variables U 2 V' @ V? and U? 2 V2. Then the following holds

7 (Ul}}/zlﬂ) Z 7 (Ul‘}/llﬂ) 7

Z (Uz}Ul,Y;Q) > 7 (U2‘U1,Y11:2) . (3.31)

Proof. Given the assumptions, the following stochastic degradation conditions hold:
Py (') = Py (yalv"), (3.32)
Py2y2(yi|v?) = Pyzpv2(y3]v?). (3.33)

The goal is to derive new stochastic degradation conditions for the polarized conditional
distributions. The binary random variables U and U? are not necessarily independent
Bernoulli(}) variables. Taking this into account,

Py21Y22‘U1 (y%, y% ‘ul)

1
- P (ub) Z Pyyy (ul @uQ,yé)Pszzz (u2,y§)
u2€{0,1}
1
) Z Py (y3]u' @ u®) Py (u' @ u)-Pygpye (y3]u®) Pra(u?) |

u2€{0,1}
Applying the property due to the assumption in (3.32),

1
PY21Y22|U1 (y%, y%}ul) = m Z Pvl (ul ) Uz)P‘/2 (u2)

u?e{0,1}
. Z Pyll‘vl (a‘ul @ Uz)py21‘yll (y%‘a)

aeM

S P (0i) Py <yswb>].

beyr
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Interchanging the order of summations and grouping terms involving Pyiyz2jn (y},y%}ul)
yields the following

PY21Y22‘U1 (y%, y%‘ul) = Z PY11Y12‘U1 (a, b

a€Y1,b€M1

UI)PY21|Y11 (y% ‘CL)PY22|Y12 (y; ‘b) .

The above derivation proves that
Pyayzn (yiv y%‘ul) = Pyayzin (y%a yg‘ul)-
Combined with Lemma 5, this concludes the proof for the ordering of the Bhattacharyya

parameters given in (3.30).
In a similar way, it is possible to show that

PY21Y22U1|U2 (y%> y§> ul‘uz)
B 1
N PUZ(U2)

. Py (y3]u' ® w?*) Py (u* @ uz)-PYQz‘Vz (v3|u?) Py (uz)] :

PV1Y21 (ul ) u2, y%)Pvzyzz (u2, y%)

P2 (u?)
Applying the property due to the assumption in (3.33),

1
Pepvponue (v v, v |0) = 5oy

Py (u' @ u?) Py2(u?)

. Z PY11|V1 (a‘ul ) u2)}~7Y21|Y11 (y% ‘a)

a€V1
. Z PY12|V2 (b}uz)Py;‘YlQ (y;}b)] .
beYy

Interchanging the order of the terms and grouping terms involving Pyiy2p102 (y1, 7, ul|u?)
yields the following

Pyryzipe (y%, ya, u' }u2)

- >

a€Y1,b€EM1

= 2

a€Y1,beY1,c€{0,1}

PY11Y12U1|U2 (CL, b, ul ‘u2)PY21|y11 (y% ‘a)py;‘yf (y;‘b)] s

PY11Y12U1|U2 (CL, b, & u2) prl‘Yll (y% ‘CL)PY22|Y12 (yg ‘ b) ﬂ[ulzc]] .

The above derivation proves that
PY11Y12U1|U2 (y%, y%, ul }U2) - PY21Y22U1|U2 (y%, yg, ul }U2) .

Combined with Lemma 5, this concludes the proof for the ordering of the Bhattacharyya
parameters given in (3.31). O
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Lemma 7 (Pinsker’s Inequality). Consider two discrete probability measures P(y) and Q(y)
fory € Y. The following inequality holds for a constant k= 21n 2.

>_[Pw) - Q)< kD (Pw)]|QWw):

yeY

Lemma 8 (Arikan [7]). Consider two discrete random variables X € {0,1} and Y € ).
The Bhattacharyya parameter and conditional entropy are related as follows.

Z(X|YY < H(X|Y)
H(X|Y) <logy(1+ Z(X]|Y))
Lemma 9 (Bhattacharyya vs. Entropy Parameters). Consider two discrete random variables
X €{0,1} and Y € ). Forany0<5<%,
Z(X|Y)>1-6= H(X|Y)>1-20.
Z(X[Y) <6 = H(X|Y) < log,(1 + ).
Proof. Due to Lemma 8, H(X|Y) > Z(X|Y)? > (1 -6 >1—25+ 6% > 1 —26. It follows

that if Z(X|Y) >1—¢ and 6 — 0, then H(X|Y) — 1 as well. Similarly, due to Lemma 8,
taking constant k = —— and using the series expansion of log,(1 + §), if Z(X|Y) < § then

log, 2
H(X|Y) <logy(1+9) =k (Zzozl(—l)k“%) < kd. It follows that if Z(X|Y) < § and
9 — 0, then H(X|Y) — 0 as well. O

3.6 Proof of Total Variation Bound

The total variation bound of Lemma 1 is decomposed in a simple way due to the chain rule
for Kullback-Leibler distance between discrete probability measures. The joint probability
measures P and ) were defined in (3.8) and (3.19) respectively. According to definition, if
P({u}™}iepmy) > 0 then Q({uf"}icpm)> 0. Therefore the Kullback-Leibler distance D(P||Q)
is well-defined and upper bounded as follows.
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D (P({Uilm}ie[m}) HQ({Uz'lm}ie[m}))
D(P (ul(j) ui:j_l, {u}gm}ke[u—u) HQ <U2(9)

|
(]

ulj 1 {ulm Yeepio 11))] (3.34)

D(P wi(5)

ug:j_l, {ullgm}ke[u—u) HQ <U2(9)

Wl Lyl Yrelie 1]>>] (3.35)

U AU Yo (3.36)

U—ilzj—l7 {Y]flm}ke[lzi—l]> (337)

(3.38)

The equality in (3.34) is due to the chain rule for Kullback-Leibler distance. The equality
in (3.35) is valid because for indices j ¢ ME")

P(u,-(j)}ulj ! Aup™ Yreltie 1]) Q(Ui(j)‘ulj ' Aug” Freftie 1})

The equality in (3.36) is valid due to Lemma 3 and the fact that

Q (wi(f)]u;? ™", {uy ™ repi-n) = ;

for indices j € ./\/l(" . The equality in (3.37) follows due to the one-to-one correspondence
between variables {Uk "}treqi:i—1) and {Yk "}ren:i—1). The last inequality (3.38) follows from

Lemma 9 due to the fact that Z ( ‘Ulj ! AV beenae 1]) > 1— 0, for indices j € ./\/l
To finish the proof of Lemma 1,

Z ‘P({u,ﬁ:”}ke[m})—Q({U}J"}ke[m})‘

{ui:n }ke [m]

<

5D (P (" Yeeim) |[Q (" Yecton)) (339)

K zm: 20,
i=1

(26)(m - n)(2—").

(3.40)

IN
&LQ

<
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The inequality in (3.39) is due to Pinsker’s inequality given in Lemma 7. The inequality
in (3.40) was proven in (3.38). Finally for 8’ € (8, 1),

V@R m-n)2n) < 27

for sufficiently large n. Hence the total variation distance is bounded by O(27") for any
0<pB<i



34

Chapter 4

Superposition Coding

4.1 Classes of Broadcast Channels

Coding for noisy broadcast channels is now considered using polarization methods. By
contrast to the deterministic case, a decoding error event occurs at the receivers on account
of the randomness due to noise. For the remaining sections, it is assumed that there exist
m = 2 users in the DM-BC. The private-message capacity region for the DM-BC is unknown
even for binary input, binary output two-user channels such as the skew-symmetric DM-BC.
However, the private-message capacity region is known for specific classes.

4.1.1 Special Classes of Noisy DM-BCs

Definition 8. The two-user physically degraded DM-BC' is a channel Py,y, x(y1, y2|z) for
which X —Y, — Y5 form a Markov chain, i.e. one of the receivers is statistically stronger
than the other:

Pyivo 1 x (Y1, 1217) = Py x (Y1]2) Prapy: (2|y1)- (4.1)

Definition 9. A two-user DM-BC Py,y,|x (y1,y2|®) is stochastically degraded if its condi-
tional marginal distributions are the same as that of a physically degraded DM-BC; i.e., if
there exists a distribution Py,)y, (y2|y1) such that

Py,ix(yol) = Y Pryx(y1]7) Prajyi (y2ly)- (4.2)
y1€EN

If (4.2) holds for two conditional distributions Py, x (y1|x) and Py, x(y2|x) defined over the
same input, then the property is denoted as follows: Py,|x(y1|%) = Py, x (y2]x).

Definition 10. A two-user DM-BC' Py,y,x(y1,y2|x) for which V- — X — (Y1,Y3) forms a
Markov chain is said to be less noisy if

VPyx(v,z): I(V;Yy) > I(V;Y3). (4.3)
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IV II1

Figure 4.1: Class hierarchy of special broadcast channels: Class I/II stochastically-degraded channels; Class 111
“less-noisy” channels; Class IV “more capable” channels.

Definition 11. A two-user DM-BC Py,y,|x (Y1, y2|) is said to be more capable if
YPy(x) : 1(X; V) > T(X;Y3). (4.4

The following lemma relates the properties of the special classes of noisy broadcast chan-
nels. A more comprehensive treatment of special classes is given by C. Nair in [65].

Lemma 10. Consider a two-user DM-BC Py,y,x(y1,¥2]x). Let V. — X — (Y1,Y3) form a
Markov chain, |V| > 1, and Py (v) > 0. The following implications hold:

X-"1-Y
= Py x(y1]2) > Pryjx (y2|2) (4.5)
& VPx v (zlv) : Py (yi]v) = Py (y2[v) (4.6)
= VPyx(v,z) 1 I(V; Y1) > 1(V;Y5) (4.7)
= VPx(z) : I(X; Y1) > I(X;Y2). (4.8)

The converse statements for (4.5), (4.7), and (4.8) do not hold in general. Figure 4.1 illus-
trates the different types of broadcast channels as a hierarchy. Class II represents broadcast
channels for which V — X —(Y1,Y3) and Py, v (y2|v) = Py, jv(y1|v) for all Px(x|v). Class 1T
is equivalent to Class I which represents stochastically-degraded broadcast channels. Class I11
represents “less-noisy” channels, and Class IV “more capable” channels.

Proof. See Section 4.5 of the Appendices. O

4.2 Cover’s Inner Bound

Superposition coding involves one auxiliary random variable V' which conveys a “cloud cen-
ter” or a coarse message decoded by both receivers [22]. One of the receivers then decodes
an additional “satellite codeword” conveyed through X containing a fine-grain message that
is superimposed upon the coarse information.
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1Capacity Region: p; = ﬁ, Py = %0

Figure 4.2: The superposition coding inner bound and capacity region of a two-user broadcast channel comprised of
a BSC(p1) and a BSC(p2).

Proposition 4 (Cover’s Inner Bound). For any two-user DM-BC, the rates (R, Rz) € R%
are achievable in the region R(X,V,Y1,Ys) where

R,V Y) 2 { R Ry | RS TOGWIY),
Rl+32§[(X§Y1)}~ (4.9)

and where random variables X, V,Y1,Y, obey the Markov chain V — X — (Y1,Y5).

Remark 7. Cover’s inner bound is applicable for any broadcast channel. By symmetry, the
following rate region is also achievable: {Ry, Ry | Re < I(X;Y5|V), Ry < I(V; Y1), Ri+ Ry <
I(X;Y3)} for random variables obeying the Markov chain V — X — (Y1, Y3).

Remark 8. The inner bound is the capacity region for degraded, less-noisy, and more-capable
DM-BCs (i.e. Class I through Class IV as shown in Figure 4.1). For the degraded and less-
noisy special classes, the capacity region is simplified to {Ry, Ry | Ry < I(X;Y1|V), Ry <
I(V;Y3)}. To see this, note that I(V;Ys) < I(V; Y1) which implies I(V;Ys2) +1(X;Y1|V) <
I(V;Yh) + I(X;Yh|V) = I(X;Y7). Therefore the sum-rate constraint Ry + Ry < I(X;Y)) of
the rate-region in (4.9) is automatically satisfied.

Example 4 (Binary Symmetric DM-BC). The two-user binary symmetric DM-BC' consists
of a binary symmetric channel with flip probability p, denoted as BSC(p;) and a second
channel BSC(py). Assume that p; < py < % which implies stochastic degradation as defined
in (4.2). For a € [0, %], Cover’s superposition inner bound is the region,

{Rl, Ry ‘ Ry < hy(a*p1) — hp(pr),
By < 1= hyfasps)) (4.10)
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The above inner bound is determined by evaluating (4.9) where V' is a Bernoulli random
variable with Py(v) =1, X =V ® S, and S is a Bernoulli random variable with Ps(1) = a.
For a fized auziliary and input distribution Py x (v, z), the superposition inner bound is plotted

as a rectangle in R% for o = 1—10 and o = i in Figure /.2. The corner points of this rectangle

given in (4.10) lie on the capacity boundary. For this example, polar codes achieve all points
on the capacity boundary.

Example 5 (DM-BC with BEC(¢) and BSC(p)[65]). Consider a two-user DM-BC com-
prised of @ BSC(p) from X to Yy and a BEC(e) from X to Ys. Then it can be shown that
the following cases hold:

o 0 <e<2p:Y; is degraded with respect to Ys.

o 2p <e<dp(l—p): Yy is less noisy than Yy but Yy is not degraded with respect to Ys.
o 4p(1 —p) < e < hy(p): Ya is more capable than Yy but not less noisy.

o hy(p) < e < 1: The channel does not belong to the special classes.

The capacity region for all channel parameters for this example is achieved using superposi-
tion coding.

4.3 Polar Coding Theorem

Theorem 3 (Polarization-Based Superposition Code). Consider any two-user DM-BC with
binary input alphabet X = {0,1} and arbitrary output alphabets Yy, Vo. There exists a
sequence of polar broadcast codes over n channel uses which achieves the following rate
TeqLON,

RV, X, V1Y) 2 { Ry Ry | B < ICGWY),
By <I1(ViYy) |, (4.11)
where random variables V, X, Y1, Yo have the following listed properties:

o V is a binary random variable.

o Pyv(y|v) = Py (yzlv).
o V—X—(Y1,Y3) form a Markov chain.

For0 < < %, the average error probability of this code sequence decays as P = O(Q‘"ﬁ).
The complexity of encoding and decoding is O(nlogn).
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Figure 4.3: Block diagram of a polar code based on Cover’s superposition coding.

Remark 9. The requirement that auziliary V' is a binary random variable is due to the use
of binary polarization theorems in the proof. Indeed, the auziliary V may need to have a
larger alphabet in the case of broadcast channels. An extension to q-ary random variables is
entirely possible if q-ary polarization theorems are utilized.

Remark 10. The requirement that V' — X — (Y1,Ys) holds is standard for superposition
coding over noisy channels. However, the listed property Py, jv(y1|v) = Py, v (y2|v) is due to
the structure of polarization and is used in the proof to guarantee that polarization indices
are aligned. If both receivers are able to decode the coarse message carried by the auxiliary
random variable V', the polarization indices for the coarse message must be nested for the
two receivers’ channels.

4.4 Proof of Main Theorem

To prove Theorem 3, consider the block diagram for polarization-based superposition coding
given in Figure 4.3. Similar to random codes in Shannon theory, polarization-based codes
rely on n-length 7.7.d. statistics of random variables; however, a specific polarization structure
based on the chain rule of entropy allows for efficient encoding and decoding. The key idea
of Cover’s inner bound is to superimpose two messages of information onto one codeword.

4.4.1 Polar Transform

Consider the i.i.d. sequence of random variables
(Vjv va }/1]" Yg) ~ PV(U)PX|V(x‘U)PY1Y2|X(ylv y2|x)7

where the index j € [n]. Let the n-length sequence of auxiliary and input variables (V7 X7)
be organized into the random matrix

Xt ox?2 o x3 ... X

A
D=1y y2 oy oy

(4.12)
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Applying the polar transform to  results in the random matrix U £ QG,,. Let the random
variables in the random matrix U be indexed as follows:
Ul vz oUur . un

U= U vz us ... Uy

(4.13)

The above definitions are consistent with the block diagram given in Figure 4.3 (and noting
that G,, = G;'). The polar transform extracts the randomness of 2. In the transformed
domain, the joint distribution of the random variables in U is given by

Pypuy (ut, u5) & Pxnyn (uf G, u5 Goy). (4.14)

For polar coding purposes, the joint distribution is decomposed as follows,
n ,n n n 1 1 . 1:3—-1  n
PU{zU;(ul,uz) = PU;(U2)PU{L‘U27L(U1}U2 HP a= )P(ul(j)‘ulj ,u2). (415)
7j=1

The conditional distributions may be computed efficiently using recursive protocols as al-
ready mentioned. The polarized variables in U are not i.i.d. random variables.

4.4.2 Polarization Theorems Revisited

Definition 12 (Polarization Sets for Superposition Coding). Let V™, X" Y*, YJ" be the se-
quence of random variables as introduced in Section 4.4.1. In addition, let Ul = X"G,, and
U} =V"G,. Let o, = 9’ for0< B < % The following polarization sets are defined:

H 2 el Z (LGl vr) = 1-5,},
Lo 2 {i e 2 ()|l vyy) <6,),
o 2 ez (L)l ) <6},
w2 {je ) 2 (o)) = 1-6.],
£ 2 (i ez (Lo vy) <.},

Definition 13 (Message Sets for Superposition Coding). In terms of the polarization sets
giwen in Definition 12, the following message sets are defined:

MU 2P Ll (4.16)
MM 2 HXW N L - (4.17)

MET 2P AL (4.18)
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Proposition 5 (Polarization). Consider the polarization sets given in Definition 12 and the
message sets given in Definition 13 with parameter 9, = 9-n” for0 < B < % Fiz a constant
T > 0. Then there exists an N, = N,(B,7T) such that

M| > (V) - BV ), (4.19)
M| = (1) - HVIYD)—, (1.20)

for all n > N,.

Lemma 11. Consider the message sets defined in Definition 13. If the property Py, v (y1|v) >
Py, v (y2|v) holds for conditional distributions Py, (y:1|v) and Py, (y2|v), then the Bhat-
tacharyya parameters

AN EFA AT SR
for all j € [n]. As a result,
MY S M.

Proof. The proof follows from Lemma 5 and repeated application of Lemma 6 in Ap-
pendix 3.5. O

4.4.3 Broadcast Encoding Blocks: (&1, &)

The polarization theorems of the previous section are useful for defining a multi-user com-
munication system as diagrammed in Figure 4.3. The broadcast encoder must map two
independent messages (W, Ws) uniformly distributed over [27%] x [2"F2] to a codeword
" € X" in such a way that the decoding at each separate receiver is successful. The
achievable rates for a particular block length n are

Y

1 n
By = M
n

1 n
RQZ—)/\/@)
n

To construct a codeword, the encoder first produces two binary sequences u} € {0,1}"
and uy € {0,1}". To determine u,(j) for j € M&"), the bit is selected as a uniformly
distributed message bit intended for the first receiver. To determine wusy(j) for j € Mg"),
the bit is selected as a uniformly distributed message bit intended for the second receiver.
The remaining non-message indices of u{ and uj are computed according to deterministic
or random functions which are shared between the encoder and decoder.
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4.4.3.1 Deterministic Mapping
Consider the following deterministic boolean functions indexed by j € [n]:
9 {0,137 {0, 1}, (4.21)
) 40,1171 = {0,1}. (4.22)

As an example, consider the deterministic boolean functions based on the mazimum a pos-
teriori polar coding rule.

D) (00l i)
uel,

2 (uy? ™) & arg{ronix{P (Uz(j) = u‘Ugl:j_l = u;:j_1> } (4.24)
u€l,

4.4.3.2 Random Mapping

Consider the following class of random boolean functions indexed by j € [n]:

o {0,131 = {0, 1}, (4.25)
ol {0,171 — {0,1}. (4.26)
As an example, consider the random boolean functions
Y 14 0, w.p. Ao(u;?7™ ", 0"
\Ilgj) (u}.j—l’ Un) L , W.D 0 (Ul 17:;)_1)7 . (427)
1, w.p. 1—)\0(u1 ) ),
NP 0 P Ao(ud?!
W) (o ty 2 {0 v ol ) (4.28)
1, wp. 1—X (u2 ),

where
Mo(177") £ P(Ualj) = 00,77 =7 7).
>\0 (ui:j—l7 Un) 4L P(Ul(j) — O‘Ullj—l _ u}:j—l7 Vn = Un)'
The random boolean functions \Ifgj ) and \I/gj ) may be thought of as a vector of independent

Bernoulli random variables indexed by the input to the function. Each Bernoulli random
variable of the vector is zero or one with a fixed probability.

4.4.3.3 Protocol

The encoder constructs the sequence u} first using the message bits Wy and either (4.24)
or (4.28). Next, the sequence v" = ul}G,, is created. Finally, the sequence u! is constructed
using the message bits Wi, the sequence v", and either the deterministic maps defined
in (4.23) or the randomized maps in (4.27). The transmitted codeword is 2" = u}G,,.
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4.4.4 Broadcast Decoding Based on Polarization

4.4.4.1 Decoding At First Receiver

Decoder D; decodes the binary sequence @ first using its observations yi. It then recon-
structs 0" = u5G,,. Using the sequence 9" and observatlons yy', the decoder reconstructs

u}. The message W) is located at the indices j € ./\/ll in the sequence u}. More precisely,
define the following deterministic polar decoding functions:

€00 (u?™y7) £ angmax{P (Up(j) = u|U3? ™ = w7 v = g7) . (4.29)

ue{0,1}
6 ( l:g— 1’ n’y{b) L arg maX{IP’ (Ul — U‘Ulj 1 _ i:j—l’ V= Un’}/ln — y?) } (430)
ue{0,1}
The decoder D, reconstructs uf bit-by-bit successively as follows using the identical shared
random mapping \Iféj ) (or possibly the identical shared mapping wéj )) used at the encoder:

o) = {&) (a7 ), if § e MEY, (4.31)

o) (a7 71), otherwise.

If Lemma 11 holds, note that Mé"’ - Mﬁ? With 4, decoder D; reconstructs 0" = 15 G,,.
Then the sequence 7 is constructed bit-by-bit successively as follows using the identical

shared random mapping \Ifgj) (or possibly the identical shared mapping ¢§j )) used at the
encoder:

(J) ~1:j—1 An n : . (n)
o U 0", , if jeM
() = { (i vi). i Je M (4.32)

\If(]) (4, T 1,@"), otherwise.

4.4.4.2 Decoding At Second Receiver

The decoder D, decodes the binary sequence @j using observations y5. The message Wy

is located at the indices j € ./\/lg") of the sequence u4. More precisely, define the following
polar decoding functions

§f}j (ué’ l,yg) 2 arg max{IP’ <U2(j)

= Uy =y =) b (4.33)
ue{0,1}

The decoder D, reconstructs ul bit-by-bit successively as follows using the identical shared
random mapping \Iléj ) (or possibly the identical shared mapping ¢§J )) used at the encoder:

15—1 n e (n)
in(s) = {5” i e (434

ol (a7 71), otherwise.

Remark 11. The encoder and decoders execute the same protocol for reconstructmg bzts at
the non—message indices. Thzs 18 achzeved by applying the same deterministic maps wl and

¢2 or randomized maps \Ill and \112
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4.4.5 Total Variation Bound

To analyze the average probability of error P™ via the probabilistic method, it is assumed
that both the encoder and decoder share the randomized mappings \119 ) and \Ifgj ). Define
the following probability measure on the space of tuples of binary sequences.

n

Q(ut, u3)2 Q(up)Q(ut|uz) = TT @ (wei)|us? ) Q)

Jj=1

u}:j_l,ug) (4.35)

In (4.35), the conditional probability measures are defined as

N L fjeMy,
Q(ug(j)‘u;'j 1) = {;7 (ug(j))u;j_l) , Zot]jefwis:

y (n)

1 ,ug) , otherwise.
The probability measure @) defined in (4.35) is a perturbation of the joint probability measure
Pyryp (uf,uy) in (4.15). The only difference in definition between P and @ is due to those
indices in message sets M&") and /\/lé"). The following lemma provides a bound on the
total variation distance between P and (). The lemma establishes the fact that inserting
uniformly distributed message bits in the proper indices Mﬁ”) and Mé"’ at the encoder does
not perturb the statistics of the n-length random variables too much.

N[

Lemma 12. (Total Variation Bound) Let probability measures P and Q) be defined as
in (4.15) and (4.35) respectively. Let 0 < < 1. For sufficiently large n, the total variation
distance between P and () is bounded as

Z ‘PU{LUQ" (uf, u) —Q(uf, uy)
up€{0,1}"
upef01}n

<9

Proof. See Section 4.6 of the Appendices. O

4.4.6 Error Sequences

The decoding protocols for D; and Dy were established in Section 4.4.4. To analyze the
probability of error of successive cancelation (SC) decoding, consider the sequences u} and
uy formed at the encoder, and the resulting observations y} and y received by the decoders.
It is convenient to group the sequences together and consider all tuples (uf, u%, y}, y3).
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Decoder D; makes an SC decoding error on the j-th bit for the following tuples:

7h, 2 { (7 03):
PUg‘Uzlijflyln (u2(4) ‘“;:j_la yr)<

PUg‘UQLJFlYln (Ug (]) &1 ‘u;j_la y?) }a

77 2 { (ot )

PU{ v tynyp (us(5) \UTH, uy G, yp') <

PU{"Ullzjflvnyln (Ul(j) © 1‘Ui:j_1a uy Gy, y?) } (4.36)

The set 77}, represents those tuples causing an error at D; in the case us () is inconsistent with
respect to observations y}' and the decoding rule. The set le represents those tuples causing
an error at D; in the case u;(7) is inconsistent with respect to v = uG,,, observations y,
and the decoding rule. Similarly, decoder Dy makes an SC decoding error on the j-th bit for
the following tuples:

J A . 1:j-1
73 2 { (ut gyt v): P juprmyp (2”0 5) <
2|Y2 2

P (uzéBl‘u;:j_l,yg)}.

U2}U21’j*1Y2H

The set 7? represents those tuples causing an error at Ds in the case uy(j) is inconsistent
with respect to observations y5 and the decoding rule. Since both decoders D; and D, only
declare errors for those indices in the message sets, the set of tuples causing an error is

ﬂv é U 1{)) (437)
jemgvemyy)

e Y 7 (4.38)
jeMgn)

e | 7 (4.39)
jeM;”)

The complete set of tuples causing a broadcast error is
T2T,UTUTs. (4.40)

The goal is to show that the probability of choosing tuples of error sequences in the set 7T is
small under the distribution induced by the broadcast code.
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4.4.7 Average Error Probability

Denote the total sum rate of the broadcast protocol as Ry = R; + R,. Consider first the use
of fixed deterministic maps W ) and wgf ) shared between the encoder and decoders. Then
the probability of error of broadcasting the two messages at rates Ry and R, is given by

P(n) |:{¢§J)7 ¢§J)}] = Z lpynyn ‘UnUn (yl ) y2 ‘ul ) U2)
{ulugutys YeT

1
" 9nRa 11 IL[uz(“( 371 )=us(5)]
jeln]:jgms

1
. 2"31 H ﬂ[wu)( 1:5—1 uan):ul(j)]
jeln]:jem™

If the encoder and decoders share randomized maps \Ifgj ) and \I/;j), then the average
probability of error is a random quantity determined as follows

P [{‘I’gj)a ‘I’gj)}} = Z [PY”Y”‘U”U” (7' 3 | u3)
{ul ul Yyt yeT

1
. W H ]]-[\Il(])( 1:j— 1) uz(j)]
jen]jgmyY

1
" onR; H ]l[qf“)( Li-1 Gn):ul(j)]

By averaging over the randomness in the encoders and decoders, the expected block error
probability is upper bounded in the following lemma.

Lemma 13. Consider the polarization-based superposition code described in Section 4.4.3
and Section /4.4.4. Let Ry and Ry be the broadcast rates selected according to the Bhat-
tacharyya criterion given in Proposition 5. Then for 0 < § < 1 and sufficiently large n,

. L o
Ego, q,(a>}[P( e, wy | < 27

Proof. See Section 4.6 of the Appendices. O

If the averag)e probability of error decays to zero in expectation over the random maps
{\If(] } and {\112 }, then there must exist at least one fixed set of maps for which P 0.
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4.5 Proof Of Lemmas
To prove Lemma 10, note that the implication in (4.5) follows since X —Y; — Y3 means that

Py, x(y2l7) = Py, x(y17) Prapy, (92ltn)-

Y1

The implication in (4.6) follows by observing that

Py v (y2|v) = Z Pyivaiv (Y1, y2|v)

Yy1€EV1

= Z Z Px v (x]v) Py x (1, y2|2)

zEX y1€VL

= ZPX|V(:L'|’U) Z Pyyyy x (Y1, Y2| )

TEX y1€EM

— Z Px v (2|v) Py, x (42| 7)

TEX

=Y Puv(alv) D Papx (o) Py (velyr) (4.41)

rEX y1€V1

- Z Z PX‘V(I|U)PY1|X(y1|I)pY2\Y1 (y2|y1)

y1€V1 TEX

= > Py (ilv) Py (y2lyr)-

Yy1EV1

In step (4.41), the assumed stochastic degraded condition Py, |x(y1]x) > Py, x (y2|) ensures

the existence of the distribution Py,y; (y2|y1). The converse to (4.6) follows since it is possible
to select Px|y(z|v) = L=, where the alphabet V = X'. In this case, for any v € X,

Py, v (ya|v) = Z Px v (z|v) Py x (yalz)

zeX

= Z Liz=0) Pyy x (y2]2)

TEX
= Pryix (y2lv).

Similarly, Py,jv(y1|v) = Py, x(a|v) for any v € X. Due to the assumed stochastic degrad-
edness condition Py, v (y2|v) = >, Py v (y1|0) Pyyjvi (Y2|y1), for any v € X,

Pyyix (y2]v) = Prypv (y2|v)
= Z PYl\V(yl‘U)Pyz\Yl (y2ly1)

Y1

= PryxW1]v) Prajyi (y2ly1)-

Y1
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Therefore the stochastic degradedness property Py, x (y1|%) = Py;x (y2|2z) must hold as well.
The statement of (4.6) means that Class I and Class I are equivalent as shown in Figure 4.1.
The implication in (4.7) follows because assuming the stochastic degradedness property
Py (y1]v) = Pyy v (ya|v) holds for all Pxy(z|v), there exists a Y; such that V —Y; — Y;
form a Markov chain and Py, (§1|v) = Py v (91|v) for all Pyjy(z[v). By the data processing
inequality, I(V;Yy) > I[(V;Y,). If Py1|v(g]1|v) = Py jv(41]v), then Py (v,91) = Pry, (v, 1)
for all Py (v). It follows that for all Pyx (v, z), the mutual information I(V;Y;) = I(V;Y}).
The implication in (4.8) follows by setting Pyx(v,z) = Lp—zPx(x) and letting V = X
Then for any v € X,

Py, (v, 1) = Z Pyx (v, ) Py x (1] x)

ceX
= Z Ljy—a) Px (2) Py, 1x (11| %)
ceX
= Px(v) Py x (11]v)
= Pxy, (v, y1).

Similarly for any v € X, Pyy,(v,¥2) = Pxv,(v,y2). Therefore for the particular choice
of Pyx(v,2) = L=y Px(x), I(V;Y1) = I(X;Y1) and I(V;Ys) = I(X;Y5). The converse
statements for (4.5), (4.7), and (4.8) do not hold due to a counterexample involving a DM-
BC comprised of a binary erasure channel BEC(¢) and a binary symmetric channel BSC(p)
as described in Example 5.

4.6 Bounding the Probability Of Error

The total variation bound of Lemma 12 is decomposed in a simple way due to the chain rule
for Kullback-Leibler distance between discrete probability measures. The joint probability
measures P and @) were defined in (4.15) and (4.35) respectively. According to definition, if
Pypyn (uf, uy)> 0 then Q(uf,uy)> 0. Therefore the Kullback-Leibler distance D(P||Q) is
well-defined. Applying the chain rule,

D(Pupop (uf.u5) || @ ug) ) = 3 (P (|7 @ (i) [w21))
) o o)
w7 @ (wm0)u”) )

uy? L ur) @ (we)]ws? ™ ur) ).

(P us(J)

+ZD
et
jemi{™
+ > D
jeMé")

(P (i)
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Applying Lemma 3, the one-to-one relation between U}' and V", and Lemma 9 leads to the
following result.

D (PUFU; (ul, u) HQ (u?, ug))

Y ool [« X (i (o)
jem N :
= > [-HO)r) |+ X |- H ()| )
jem(™ 4 jem{mL B
S%[MY” +)M§")

Using identical arguments as applied in the proof of Lemma 1, the total variation distance
between P and @ is bounded as O(27").

To prove Lemma 13, the expectation of the average probability of error of the polarization-
based superposition code is written as

Bt w0y [Pe(") o, \Iféj)}]} =

2.

{ultug v vy YeT

gm I B{e9 @) =wi)

n n n n

1 L
o H P {\Ifgj) (ui'j_l,uan) = ul(j)}] .
jeln]:jem™

From the definitions of the random boolean functions \Ifgj ) in (4.27) and \Ifgj ) in (4.28), it
follows that

Lol (w7 uiGn) = wi(5) }
=P{U,(j) = w(j)|U;7 " =w? 7, V" = w3 Gy}
=P{01(j) = w07 =w? 7 UF = w3},
P{w (w7 ™) = us()) }
=P{Us(j) = u2() |07 = up” '}
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The expression for the expected average probability of error is then simplified by substituting
the definition for Q(u}, u}) provided in (4.35) as follows,

n ) gl _
E{\Il;j),q’éj)} Pe( )[{\Illj 7\112] }]i| - Z [PY17LY27L

n n n n n n
UnUn(yuyz‘“17“2)@(“17“2) .
{uf uguf wg T H

The next step in the proof is to split the error term ]E{\Ilgj)’\pgj)} [Pe(")[{\lfgj), \Ifgj)}]] into two

main parts, one part due to the error caused by polar decoding functions, and the other part
due to the total variation distance between probability measures.

E{ngf),xygﬁ} [Pe(n)[{‘ljgj)’ \I’g)}]]

- ¥

{ultuy vy ws YeT

) (Q (U?, ug) —Pypyp (u?, ug) +Pynuyp (u?, ug)) ]

n n n n

n n n n
< [ E Purupyryy (u, us, yt, v )]
{ultuy vy ws YeT
n n n n
+ E ‘PU{LU; (uf, uy) —Q(uf, up)
ue{0,1}"
ure{0,1}"

] . (4.42)

Lemma 12 established that the error term due to the total variation distance is upper
bounded as (’)(2_"6). Therefore, it remains to upper bound the error term due to the
polar decoding functions. Towards this end, note first that 7 = 71, UT1 UTs, T, = U; T, for

Jj € ./\/l;") C Miﬁ), T = U, T, for j € Mﬁ"’, and T = U, 75 for j € ./\/l;"). It is convenient to
bound each type of error bit by bit successively at both decoder D; and Dy as follows.

Jj A n.,n  n  n
&, = E PU{LUQ"Y{LYQ" (U1 y Uy Y15, Y2 )

1 1 n 1 J
{uf uy Yyt ys YT,

=Y P
(uy? y7)E{0,1} x VP
1| P "U;:jflyln(“2(j)‘“;:j_lay?)§

Us

Py iy (020) @ 1) |.
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In this form, it is possible to upper bound the error term 5{0 with the corresponding Bhat-
tacharyya parameter as follows,

Ey= > Py P(u|uy’" yp)

uy?e{0,1}
yreVy

1P .

. 1:7—1
Ug‘UQLJ‘AYln (u2(]) ‘u2 ! ) y?) <

1:5—1

P j (u2(.])@1‘u2 7y?) 9

] R

< Y Pluy? ) P(udfu )

ué:jG{O,l}j

yreyy
Poglops g (020) & 11087 47)

P

vg|vdi -ty (u2(7) ‘u;j_lv vi)

= Z(U3|Uy 771,

Using identical arguments, the following upper bounds apply for the individual bit-by-bit
error terms caused by successive decoding at both D; and Ds.

&, < 203U, 7Y, (4.43)
& < Z(UIUy = vy, (4.44)
& < Z(Uj|v3). (4.45)

Therefore, the total error due to decoding at the receivers is upper bounded as

Ay n . .n .n .n
&= E Purugyryy (Ul uy, yt, ys)
{uf ul ytys T

Yoo ZzU LI Y+ YD Z(UHuT vy + Y Z(U3|Yy)

<

jem{Memm jemi™ jemir
san[Mg? M g
< 3nd,.

This concludes the proof demonstrating that the expected average probability of error is
upper bounded as O(27"").
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Chapter 5

Marton’s Broadcast Construction

5.1 Marton’s Inner Bound

For general noisy broadcast channels, Marton’s inner bound involves two correlated auxiliary
random variables V; and V, [63]. The intuition behind the coding strategy is to identify two
“virtual” channels, one from V] to Y7, and the other from V5 to Y5. Somewhat surprisingly,
although the broadcast messages are independent, the auxiliary random variables V; and V5
may be correlated to increase rates to both receivers. While there exist generalizations of
Marton’s strategy, the basic version of the inner bound is presented in this section?.

Proposition 6 (Marton’s Inner Bound). For any two-user DM-BC, the rates (Ry, Ry) € R%
in the pentagonal region R(X, Vi, Vo, Y1, Ys) are achievable where

R(X 5, Vo 11, Y2) 2 { Ry Re | Ry < 1V V3),
Ri+ By < I0GY) + 1V Y2) — 1A Vo)) (5.)

and where X, V1, Vs, Y1, Yy have a joint distribution given by

Pyv, (U1> 'UZ)PX\VlVg ($|Ul, UZ)PY1Y2|X(y1> y2|x)

Remark 12. [t can be shown that for Marton’s inner bound there is no loss of generality if
Pxpvivy (1, 02) = Lig=g(u1,u)] where ¢(vi,v2) is a deterministic function [33, Section 8.3].
Thus, by allowing a larger alphabet size for the auxiliaries, X may be a deterministic function
of auziliaries (V1, V). Marton’s inner bound is tight for the class of semi-deterministic DM-
BC's for which one of the outputs is a deterministic function of the input.

In addition, it is difficult even to evaluate Marton’s inner bound for general channels due to the need
for proper cardinality bounds on the auxiliaries [43].
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4 n
Uy v Y,
_’lgll_l’lGnl_lJ. 1 |D1|
1

Xn

Wi

Pyyyy x (Y1, 92| 7)

I = ¢(v1,v2)
W i Uy vy n -
e Gn|J2 J Y |, e

.

Figure 5.1: Block diagram of a polar code based on Marton’s broadcast construction.

5.2 Polar Coding Theorem

Theorem 4 (Polarization-Based Marton Code). Consider any two-user DM-BC with ar-
bitrary input and output alphabets. There exist sequences of polar broadcast codes over n
channel uses which achieve the following rate region

R, Ve X, 1, Y2) 2 { R B | Ry < 1V ),
Ry < 1(Vai V) = (Vs Vo) |, (5:2)
where random variables Vi, Va, X, Y1, Yy have the following listed properties:

e Vi and V5 are binary random variables.

o Py, (12]v2) = Pipjvs (vi|v2).

e For a deterministic function ¢ : {0,1}*> — X, the joint distribution of all random
variables is given by

Puivaxviy, (U1, 02, 2,91, ¥2) = Privs (01, U2) La—g(or 000 Privalx (1, Y2 7).

For0 < < %, the average error probability of this code sequence decays as P = O(Q‘"ﬂ).
The complexity of encoding and decoding is O(nlogn).

Remark 13. The listed property Py,v,(y2|v2) = Pyijv,(vi|ve) is necessary in the proof due
to polarization-based codes requiring an alignment of polarization indices. The property
is a natural restriction since it also implies that I(Ys; Vo) > I(Vi;V3) so that Ry > 0.
However, certain joint distributions on random variables are not permitted using the analysis
of polarization presented here. It is not clear whether a different approach obviates the need
for an alignment of indices.

Remark 14. By symmetry, the rate tuple (Ry, Ry) = (I(V1; Y1) — I(V1;Va), 1(Va,Y3)) is
achievable with low-complexity codes under similar constraints on the joint distribution of
Vi, Vo, X, Y1, Y5, The rate tuple is a corner point of the pentagonal rate region of Marton’s
inner bound given in (5.1).
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5.3 Proof of Main Theorem

To prove Theorem 4, consider the block diagram for polarization-based Marton coding given
in Figure 5.1. Marton’s strategy differs form Cover’s superposition coding with the presence
of two auxiliaries and the function ¢(vy,v) which forms the codeword symbol-by-symbol.
The polar transform is applied to each n-length i.:.d. sequence of auxiliary random variables.

5.3.1 Polar Transform

Consider the 7.i.d. sequence of random variables

(V7 V3, X7, Y7 YY) ~ Py, (vi,v2) Pxpava (|01, v2) Pravy x (1, ),

where the index j € [n]. For the particular coding strategy analyzed in this section,
Pxjvivs (x|v1,v2) = Lig—g(vy,00))- Let the n-length sequence of auxiliary variables (V7,Vy)
be organized into the random matrix

(5.3)

Qé[vﬁ ‘/12 ‘/13 V*ln:|

Applying the polar transform to € results in the random matrix U £ QG,,. Index the
random variables of U as follows:

Ly oupo... o
— 1 1 1 1
U—[ RN I U;L]' (5.4)

The above definitions are consistent with the block diagram given in Figure 5.1 (and noting
that G,, = G,'). The polar transform extracts the randomness of 2. In the transformed
domain, the joint distribution of the variables in U is given by

Pypup (uf, uy) = Pypyp (U7 Gy, us Gyy). (5.5)

However, for polar coding purposes, the joint distribution is decomposed as follows,

n

PUfU; (U?, u;‘): PUF(U?)PUQ\UF (ug‘}u?): H P(Ul(j)}U}:j_l)P(W(j)‘u;j_l, U?)- (5.6)

J=1

The above conditional distributions may be computed efficiently using recursive protocols.
The polarized random variables of U do not have an i.i.d. distribution.

5.3.2 Effective Channel

Marton’s achievable strategy establishes virtual channels for the two receivers via the function
¢(v1,v9). The virtual channel is given by

P£Y2|V1V2 (?/1, yz}vb Uz) £ Pyiyvyx <y1> y2}¢(1}1, Uz))-
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8, < Z (Us(5) U;J'*IJ/I") <1-6,
z(v()|us? ™ ) <4 z(w()|us? ) =1 -4,
J B o o L _____)n
|
n
z (U] s v3) <6, 2 ()| ) 215,

5, < 7 (UZ(j)‘U;ﬂ'*RY;) <1-5,

Figure 5.2: The alignment of polarization indices for Marton’s broadcast construction.

Due to the memoryless property of the DM-BC, the effective channel between auxiliaries
and channel outputs is given by

@ no,n
PYlnYZn‘VanZn yl 9 y2

vy, v’;) £ QPYlYZX (yl(i), Ya(i) )¢(vl (4), U2(2))> :

The polarization-based Marton code establishes a different effective channel between polar-
transformed auxiliaries and the channel outputs. The effective polarized channel is

¢ n o.n
Pylny2n|U{lU; yl ) y2

a3 ) 2 Py vy (91 0861 G, w3Ger ). (5.7)

5.3.3 Polarization Theorems Revisited

Definition 14 (Polarization Sets for Marton Coding). Let Vi*, V', X™ Y", YJ* be the se-
quence of random variables as introduced in Section 5.3.1. In addition, let Ul = V"G, and
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Uy =V3'G,,. Let o, = 9’ for0< B < % The following polarization sets are defined:

Y 2 {jem:z (o) = 1-6},
£ 2 i ez (o)) <),
Hiny, & {j €ln:Z <U2(j) Uzl'j‘l,vl”) >1— 5n}’
Ly 2 {J €hnl:Z (Uz(y) U%"I,Vl”) < 5n},
H, e lie i z (o)) = 1-4.},
L 2 {i e bl 2 (O] ¥7) < o).

Definition 15 (Message Sets for Marton Coding). In terms of the polarization sets given
in Definition 14, the following message sets are defined:

MM 24N zgjyl (5.8)
(n) & 44(Mn) (n)
MY EH L N LY, (5.9)

Proposition 7 (Polarization). Consider the polarization sets given in Definition 14 and the
message sets given in Definition 15 with parameter 9, = 9’ for0< B < % Fix a constant
7 > 0. Then there exists an N, = N,(B,T) such that

%’M )| > (H(%)—H(%\}@))—T, (5.10)
=

> (H V| V1) — H(Vzm))—f, (5.11)

for allm > N,.

Lemma 14. Consider the polarization sets defined in Proposition 7. If the “degraded-ness”
property Py, v, (y2v2) = Py, (v1|va) holds for conditional distributions Py, (y2|ve) and
Py vy (v1]v2), then I(Va;Ya) > I(Vi;Va) and the Bhattacharyya parameters

1:5—1 n
2 7‘/1 )

z (:(9)

) < 2 (00)
for all j € [n]. As a result,

(n) (n)
£V2|V1 g EVQ‘YQ’

(n) (n)
HVQ |Y2 C HVQ %N
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Proof. The proof follows from Lemma 5 and repeated application of Lemma 6 in Ap-
pendix 3.5. m

Remark 15. The alignment of polarization indices characterized by Lemma 1/ is dia-
grammed in Figure 5.2. The message set Mé"’ is highlighted by the vertical red rectangles. At
finite code length n, exact alignment is not possible due to partially-polarized indices pictured
in gray. The alignment ensures the existence of polarization indices in the set Mé") for the
message Wy to have a positive rate Ry > 0. The indices in ./\/lé") represent those bits freely
set at the broadcast encoder and simultaneously those bits that may be decoded by Do given
its observations.

5.3.4 Partially-Polarized Indices

As shown in Figure 5.2, for the Marton coding scheme, exact alignment of polarization
indices is not possible. However, the alignment holds for all but o(n) indices. The sets of
partially-polarized indices shown in Figure 5.2 are defined as follows.

Definition 16 (Sets of Partially-Polarized Indices).

Av 2\ (MG U LGl (5.12)
B & [l \ (Mg, U LY),)- (5.13)

As implied by Arikan’s polarization theorems, the number of partially-polarized indices
is negligible asymptotically as n — oo. For an arbitrarily small n > 0,

A1 U A,

n

for all n sufficiently large enough. As will be discussed, providing these o(n) bits as “genie-
given” bits to the decoders results in a rate penalty; however, the rate penalty is negligible
for sufficiently large code lengths.

5.3.5 Broadcast Encoding Blocks: (&1, &)

As diagrammed in Figure 5.1, the broadcast encoder must map two independent messages
(W1, W) uniformly distributed over [2"F1] x [2"%2] to a codeword 2™ € X™ in such a way that
the decoding at each separate receiver is successful. The achievable rates for a particular
block length n are

Y

1 n
Rlz—)M§>
n

Ry =My
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To construct a codeword, the encoder first produces two binary sequences u} € {0,1}"
and vl € {0,1}". To determine wu;(j) for j € Mﬁ"), the bit is selected as a uniformly
distributed message bit intended for the first receiver. To determine wuy(j) for j € Mé"),
the bit is selected as a uniformly distributed message bit intended for the second receiver.
The remaining non-message indices of u} and u} are decided randomly according to the
proper statistics as will be described in this section. The transmitted codeword is formed
symbol-by-symbol via the ¢ function,

Vj € [n]:x(j) = (Z)(vl(j),v2(j))

where v] = uiG,, and v§ = uyG,,. A valid codeword sequence is always guaranteed to be
formed unlike in the case of coding for deterministic broadcast channels.

5.3.5.1 Random Mapping

To fill in the non-message indices, we define the following random mappings. Consider the
following class of random boolean functions where j € [n]:

o {0,197 = {0,1}, (5.15)
i) {0,171 = {0, 1}, (5.16)
I':[n] — {0,1}. (5.17)

More concretely, we consider the following specific random boolean functions based on the
statistics derived from polarization methods:

; i 0, w.p. Ao (ulzj_l) ,
W) (1) 2 1 _ 1
7 (w7 {1’ wp. 1= (ul71) (5.18)
; i 0, w.p. Ao (ulzj_l,v") ,
W) (Li=t n) 2 2 U1 1
3 (” " 0f) {1, w.p. 1—2Xg (u;:j_l,v?) (5.19)

’ (5.20)

Y

() a {0, W.Dp.

1, w.p.

D= N[ =

where
No (uf? ) 2P (U1(5) = 0|ul ! =uf? ).

No (g7~ o7) 2 P (Ua(7) = 0|37 = wg? vy = 7).

For a fixed j € [n], the random boolean functions \Ifgj ), \I/;j ) may be thought of as a vector
of independent Bernoulli random variables indexed by the input to the function. FEach
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Bernoulli random variable of the vector is zero or one with a fixed well-defined probability
that is efficiently computable. The random boolean function I' may be thought of as an
n-length vector of Bernoulli(3) random variables.

5.3.5.2 Encoding Protocol

The broadcast encoder constructs the sequence u} bit-by-bit successively,

4 W1 message bit, if j € M("),
u(j) = { ; v fgeM (5.21)

o) (u?7h), otherwise.

The encoder then computes the sequence v} = ujG,,. To generate v5, the encoder constructs
the sequence u} (given v}) as follows,

W, message bit, if j € ./\/lg"),
us(j) = S T(), if j €My, \ MY, (5.22)

\Ifgj) (u;j_l, v}),  otherwise.

Then the sequence vy = u5G,,. The randomness in the above encoding protocol over non-
message indices ensures that the pair of sequences (uf,u}) has the correct statistics as if
drawn from the joint distribution of (U, U}'). In the last step, the encoder transmits a
codeword z™ formed symbol-by-symbol: z(j) = gb(vl (j),Ug(j)) for all j € [n]. For j € Ay,
where A, is the set of partially-polarized indices defined in (5.13), the encoder records the
realization of ug(j). These indices will be provided to the second receiver’s decoder D as
“genie-given” bits.

5.3.6 Broadcast Decoding Based on Polarization

5.3.6.1 Decoding At First Receiver

Decoder D, decodes the binary sequence u} using its observations yi. The message W is

located at the indices 7 € Mg") in the sequence 4}. More precisely, we define the following
deterministic polar decoding function for the j-th bit:

) (o) 2 argmax{P (Vi) = w0 =ul T =)} 629)
ue{0,1

Decoder D; reconstructs uf bit-by-bit successively as follows using the identical random
(J

mapping ¥y ) at the encoder:
= {00 s

™ 5.24
A (4771, otherwise. (5.24)
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Given that all previous bits ﬁ}:j ~! have been decoded correctly, decoder D; makes a mistake

on the j-th bit @(j) only if j € Mﬁ”). For the remaining indices, the decoder produces the
same bit produced at the encoder due to the shared random maps.

5.3.6.2 Decoding At Second Receiver

The decoder Dy decodes the binary sequence 45 using observations y4. The message W is

located at the indices j € ./\/lg") of the sequence 4. Define the following deterministic polar
decoding functions

&9 (ug? ™ ) £ arg{ron%X{IP’ (Uz(j) = u)UQ:j‘l us Y = y2> } (5.25)
ueq 0,

Decoder D, reconstructs u} bit-by-bit successively as follows using the identical shared
random mapping I used at the encoder. Including all but o(n) of the indices,

() (#1-1 _n T (n)
u ) 9 E'C )

n(g) = | S (7 0E) VT € L (5.20)
P(])a Zf] E HV2|Y2'

For those indices j € Ay where A, is the set of partially-polarized indices defined in (5.13),
the decoder Dy is provided with “genie-given” bits from the encoder. Thus, all blts are
decoded, and Dy only makes a successive cancelation error for those indices j € £V2|Y2
Communicating the genie-given bits from the encoder to decoder results in a rate penalty.
However, since the number of genie-given bits scales asymptotically as o(n), the rate penalty
can be made arbitrarily small.

Remark 16. [t is notable that decoder Dy reconstructs uy using only the observations 3.
At the encoder, the sequence uy was generated with the realization of a sequence v} as given
n (5.22). Howewver, decoder Dy does not reconstruct the sequence v}. From this operational
perspective, Marton’s scheme differs crucially from Cover’s superposition scheme because
there does not exist the notion of a “stronger” receiver which reconstructs all the sequences
decoded at the “weaker” receiver.

5.3.7 Total Variation Bound

To analyze the average probability of error Pe(n), it is assumed that both the encoder and
decoder share the randomized mappings \Ifgj), \I/gj), and T' (where \Ifgj) is not utilized at
decoder D,). Define the following probability measure on the space of tuples of binary
sequences.

Q(uf,u) 2 Quy)Q(uf|uz)= [ [ Q(n (1)|ur? ™) Q(uai) ux” ™", ), (5.27)
7j=1
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where the conditional probability measures are defined as
! (ul(j)‘ }:JA), otherwise.
gy
. if j€H
. 1:5—1 n) A ’ Va|Vi?
u u ,up ) = NIETE :
Q( 2(‘7)} 2 ! {P(uz(j)‘ué‘] 1,u’f>, otherwise.

The probability measure @) defined in (5.27) is a perturbation of the joint probability measure
Pyryz (ut,uy) in (5.6). The only difference in definition between P and @ is due to those

Q(Ul(j)

S

N[

indices in message sets M§"’ and ’H% )|V1 (note: ./\/lén) c HEZ )|V1). The following lemma
provides a bound on the total variation distance between P and (). The lemma establishes
the fact that inserting uniformly distributed message bits in the proper indices MY‘) and

Mé") (or the entire set ’H% )|V1

random variables too much.

) at the encoder does not perturb the statistics of the n-length

Lemma 15. (Total Variation Bound ) Let probability measures P and Q) be defined as in (5.6)
and (5.27) respectively. Let 0 < B < 1. For sufficiently large n, the total variation distance
between P and @) is bounded as

Z ‘PUng (U?> ug) —Q(U?a Ug)
ufef{0,1}"
uye{0,1}"

< 9"

Proof. Omitted. The proof follows via the chain rule for KL-divergence and is identical to
the previous proofs of Lemma 1 and Lemma 12. O

5.3.8 Error Sequences

The decoding protocols for D; and Dy were established in Section 5.3.6. To analyze the
probability of error of successive cancelation (SC) decoding, consider the sequences u} and
uy formed at the encoder, and the resulting observations ¥ and 3 received by the de-
coders. The effective polarized channel P)(ZLYQ"\U{‘U; (v, yy|ut, uy) was defined in (5.7) for a
fixed ¢ function. It is convenient to group the sequences together and consider all tuples
(uf, us, yi', y5).-

Decoder D; makes an SC decoding error on the j-th bit for the following tuples:

77 2 { (kg v )
LN O10) | IR E

Pty (1) @ 17 97) }. (5.28)
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The set 7? represents those tuples causing an error at D; in the case u(j) is inconsistent
with respect to observations ¢ and the decoding rule. Similarly, decoder Dy makes an SC
decoding error on the j-th bit for the following tuples:

73 2 { (ut, o7 )

P gy (i 18)<

PUQ\U?“YQ” CENIIN }

The set 7? represents those tuples causing an error at Ds in the case us(j) is inconsistent
with respect to observations ¢4 and the decoding rule. The set of tuples causing an error is

e Y 7 (5.29)
jeMg”)

e J 7 (5.30)
jeﬁi,’;)‘ V1

TE2TUTs. (5.31)

The goal is to show that the probability of choosing tuples of error sequences in the set 7T is
small under the distribution induced by the broadcast code.

5.3.9 Average Error Probability

If the encoder and decoders share randomized maps \Ifgj ), \Iféj ), and I', then the average

probability of error is a random quantity determined as follows

PO [e Wy = Y [P:im sy 0 38115)
{ut ul ytyp T
1
Szl | R PUIEER e
jemnljgmMi™
1
o H Lir(j)=us (5)]
je}li’?\ Vi \Mén)
H ]]-[\I,gj)(uéﬁj17u71LGn)=uz(j)]] ’
JElmFEHS

By averaging over the randomness in the encoders and decoders, the expected block error
probability is upper bounded in the following lemma.
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Lemma 16. Consider the polarization-based Marton code described in Section 5.53.5 and
Section 5.3.6. Let Ry and Ry be the broadcast rates selected according to the Bhattacharyya
criterion given in Proposition 7. Then for 0 < 8 < 1 and sufficiently large n,

E PO, e Ty | < 2

{\Ifgj) 7\1151') I

Proof. See Section 5.4 of the Appendices. O

If the average probability of block error decays to zero in expectation over the random
maps {\Ifgj )}, {\Ifg] }, and T', then there must exist at least one fixed set of maps for which
Pe(n) — 0. Hence, polar codes for Marton’s inner bound exist under suitable restrictions on
distributions and they achieve reliable transmission according to the advertised rates (except
for a small set of o(n) polarization indices as is discussed next).

5.3.10 Rate Penalty Due to Partial Polarization

Lemma 16 is true assuming that decoder Dy obtains “genie-given” bits for the set of indices
Ay defined in (5.13). The set A, represents those indices that are partially-polarized and
which cause a slight misalignment of polarization indices in the Marton scheme. Fortunately,
the set Ay contains a vanishing fraction of indices: %\Ag\g n for n > 0 arbitrarily small and
n sufficiently large. Therefore, a two-phase strategy suffices for sending the “genie-given”
bits. In the first phase of communication, the encoder sends several n-length blocks while
decoder D, waits to decode. After accumulating several blocks of output sequences, the
encoder transmits all the known bits in the set A, for all the first-phase transmissions. The
encoder and decoder can use any reliable point-to-point polar code with non-vanishing rate
for communication. Having received the “genie-aided” bits in the second-phase, the second
receiver then decodes all the first-phase blocks. The number of blocks sent in the first-phase
is (’)(%) The rate penalty is O(n) where 1 can be made arbitrarily small. A similar argument
was provided in [54] for designing polar codes for the Gelfand-Pinsker problem.

5.3.11 Concluding Remarks

Coding for broadcast channels is fundamental to our understanding of communication sys-
tems. Broadcast codes based on polarization methods achieve rates on the capacity boundary
for several classes of DM-BCs. In the case of m-~user deterministic DM-BCs, polarization of
random variables from the channel output provides the ability to extract uniformly random
message bits while maintaining broadcast constraints at the encoder. As referenced in the
literature, maintaining multi-user constraints for the DM-BC is a difficult task for traditional
belief propagation algorithms and LDPC codes.

For two-user noisy DM-BCs, polar codes were designed based on Marton’s coding strategy
and Cover’s superposition strategy. Constraints on auxiliary and input distributions were
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placed in both cases to ensure alignment of polarization indices in the multi-user setting. The
asymptotic behavior of the average error probability was shown to be P = (9(2_”5) with
an encoding and decoding complexity of O(nlogn). Recent simulations have supplemented
the theory with experimental evidence of the error-correcting capability of polar codes over
simulated channels for finite code lengths. The results demonstrate that polar codes have a

potential for use in several network communication scenarios.

5.4 Bounding the Probability of Error

To prove Lemma 16, the expectation of the average probability of error of the polarization-
based Marton code is written as

E o g0 ry [P0, 99, T} =

>

{uf uy ot ys T

E VR L G R

P¢ yn yn‘un ul
Ypryg UfU;( 1y | )

jemljgm™

1 . .
' Sutis 11 P{F(J):W(J)}

jEH%)\ V1 \M;n)

I ot oo -]
JemlagHyy,

The expression is then simplified by substituting the definition of Q(u}, uy) provided in (5.27),
and then splitting the error term into two parts:

Eqyo a0 ry [ P9, 05, 1Y) =

>

{ufuy y7 w3 YT

n n n n
< [ g Purupypyp (uf, uy, yt ys )]

{uf uy vt ys T

Pznygl Urup (yt' 3 i, u3) Quf, ug)] ;

_|_

Z ‘PU{LU; (uf, ub)—Q (uf, uf) ]
upe{0,1}"

ule{0,1}"

The error term pertaining to the total variation distance was already upper bounded as
in Lemma 15. The error due to successive cancelation decoding at the receivers is upper
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bounded as follows.

A n..n  n _n
&= E Pupupypyp (ul, us, yt, v3)

{ufuy ut w3 YeT

< S zUuP Ly Y ZU|us Yy,
jemi™ jecsy)

Va|Ys
o]

< 2nd,,.

MY

(n)
+ e,

This concludes the proof demonstrating that the expectation of the average probability of
block error is upper bounded as O(2~"").
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Part 11

Communication and Computation in
Networks
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Chapter 6

Network Coding and Network
Computing

6.1 Overview of Literature

Recently coding for computation in networks has received considerable attention with appli-
cations in sensor networks [38] and cloud computing scenarios [26, 27]. In a sensor network,
a fusion node may be interested in computing a relevant function of the measurements from
various data nodes. In a cloud computing scenario, a client may download a function or
part of the original source information that is distributed (e.g. using a maximum distance
separable code) across multiple data nodes.

The simplest setting for computation in networks consists of multiple sources transmit-
ting information to a single receiver which computes a function of the original sources.
Appuswamy et al. study the fundamental limits of computation for linear and general target
function classes for single receiver networks [5]. The problem of linear function computation
in single-receiver networks has been solved in part due to a duality theorem establishing an
equivalence to the classical problem of communication with multi-cast demands [3]. In the
classical multi-cast setting, cut-set bounds provide tight limits on communication. Similar
cut-set bounds may be given for computation in single-receiver networks.

Several results over the past decade have contributed to the understanding of classical
communication in multi-cast networks. In a multi-cast network, raw messages are transmit-
ted to a set of receivers with identical message demands. The celebrated work of Ahlswede
et al. [3] established that the cut-set bound is tight for multicast communication. Subse-
quent research developed practical linear network coding strategies ranging from random
linear codes to deterministic polynomial-time code constructions [59, 53, 47, 49]. The suc-
cess of traditional multi-cast communication motivates us to explore the fundamental limits
of multi-casting a linear function in multi-receiver networks as a natural next step. For
this open problem, some facts are known based on special examples: (a) Random codes are
insufficient in achieving capacity limits, and structured codes achieve higher computation



CHAPTER 6. NETWORK CODING AND NETWORK COMPUTING 67

rates [67]; (b) Linear codes are insufficient in general for computation over multi-receiver
networks (cf. both [74] and [29]) and non-linear codes may achieve higher computation
rates.

To make progress on the problem of multicasting a function in multi-receiver networks, we
consider the simplest two transmitter two-receiver network in which both receivers compute
a linear function (modulo-2 sum) of two independent Bernoulli sources generated at the
transmitters. Specifically, we consider the Avestimehr-Diggavi-Tse (ADT) deterministic
single-hop network model [10] which captures superposition and broadcast properties of
wireless Gaussian networks and is a generalization of networks of orthogonal links. We
develop a new achievable coding scheme termed function alignment, inspired by the concept
of interference alignment [60, 18]. We also derive a new converse theorem that is tighter
than cut-set based bounds and genie-aided bounds. As a consequence of this capacity result,
we find that unlike the single-receiver case, the cut-set based bound is not achieved due
to competition for shared network resources that arise in satisfying function demands at
multiple receivers. As a byproduct of our analysis, we develop a network decomposition
theorem to identify elementary parallel subnetworks that can constitute an original network
without loss of optimality for in-network computation. The network decomposition approach
offers a conceptually simpler proof for an achievable code and extends to L-transmitter L-
receiver symmetric single-hop networks. In addition, the design of structured computation
codes using network decomposition could be applicable in multi-hop networks.

In [76, 75, 74], the computing capacity for multi-casting a sum of sources is explored
for arbitrary multiple-source multiple-destination networks. It is shown that there exists
a linearly solvable and equivalent sum-network for any multiple-unicast network and vice-
versa. The authors characterized necessary and sufficient conditions for communicating
sums of sources of two-source L-destination (or L-source two-destination) networks, when
the entropy of each source is limited by 1. On the other hand, our work considers sources
without entropy constraints and establishes the exact capacity of a particular multi-receiver
network which is a generalization of traditional network coding models with orthogonal links.

Renewed interest in network coding has emerged recently due to the intimate connection
between wireless information flow and wired networks. Due to [10], specific deterministic
models closely approximate Gaussian channels and networks in the limit of high signal-
to-noise ratios. Further connections between wireless communication and network coding
were made in [68] where the compute-and-forward framework was introduced for multi-
hop networks in which relay nodes reliably compute and forward functions of messages.
Computation alignment over real vector spaces within the compute-and-forward framework
was introduced in [69].

6.2 A Simple Multiple-Unicast Network

Before the study of network computation, it is instructive to understand a simple multiple-
unicast network for which the cut-set bound is not tight. The cut-set bound is motivated
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by a network’s graph representation. Why is it not tight in certain cases? An informal
answer could be that the mizing of disparate information in bottleneck, shared paths causes
the graph-theoretic notion to break-down both for communication and computation. While
graph-theoretic upper bounds on information transmission are desirable, often it is not easily
possible and new information-theoretic upper bounds must be specified. The following lemma
introduces a three-node example which inspired Kramer and Savari to develop new edge-cut
bounds in [58].

Figure 6.1: A directed cyclic network with multiple-unicast demands.

Lemma 17 (Capacity Region of a Multi-Hop Network). Consider the network depicted in
Figure 6.1. Assume unit capacities for the noiseless links. The capacity region is given by

{(31,32,33) eR: | Ri+ R, g1,z¢j}. (6.1)

Remark 17. It is interesting to note that the cut-set bound is not tight for this commu-
nication network with multiple-unicast demands. The cut-set bound is 0 < R; < 1 for
ie{l1,2,3}.

Proof. The achievable code is self-evident because each transmitter may send 1 bit to its
respective receiver if all other transmitters are silent. Time-sharing establishes the achievable
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region. The first steps of the converse proof below are due to Fano’s inequality.

N(R; + Ry)

= H(W1) + H(W>)

< T(Wh; Xy, W) + I(Wo; X3, W) + Nep v + Nea

< T(Wy; X205, W) 4 T(Wa; X35, X Wy, Ws) 4+ Nepy + Neg

= T(Wy; X205, W) 4 T(Wa; X238, Wi, W3) + Nepy + Neay
(Wis X905 | Wa) 4+ I(Wo; X5, Wi | W3) + Neyy + Nea

(W1, Wa; Xé\?f ‘ W3) 4+ Neyy + Nean

(X955 | Wa) — H(X35 | Wi, Wa,Ws3) + Neyy + Neg y

= H(X3 | W3) + Neiw + Neay

Il
~ o~

=

N

<Y H(XE) + Neyw + Neay
=1

S N + N€1,N + N€2,N-

Therefore, Ry + Ry < 1+€; n+e€2n Where g vy — 0 and e y — 0 as N — oco. By symmetry,
we obtain all the upper bounds of Eqn. (6.1). In the above derivation, I (Wa; X2, XX, Wy, W)
is equivalent to I(Ws; Xé}f, W1, W3) because Xﬁ is a function of W3 and ng. In addition,
H(X ‘ Wy, Wy, W3) is zero because all transmissions are functions of the original mes-
sages. ]

6.3 Network Computing Model

As discovered in the literature, function computation in networks is closely related to com-
munication with multiple-unicast demands. In the following definitions, a single-hop network
model is introduced for network computing which encapsulates many of the challenges as-
sociated with coding in multiple-unicast networks. For most of this chapter, an L = 2 user
model is assumed, where L is the number of transmitter-receiver pairs. Figure 6.2 illustrates
the network model.

Definition 17 (Source Symbols). Each transmitter { € [L] observes source symbols SK in
which each symbol Sy, for k € [K] is drawn uniformly from a finite field Fy. Thus the source
distribution is Bernoulli(3 ).

Definition 18 (Encoders). Let ¢ € [L], j € [N], and q¢ > 0 be a positive integer. Transmitter

(¢ uses encoder 5£(N) to map its message SK to a length-N codeword X} where X,[j] € F§*!
is the channel input vector for the j** channel use. The mapping over N channel uses is

N FY - TP
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Sy ~ Bern(3)

Figure 6.2: A symmetric network computing model with parameters (m,q, L) = (5,6,2).

Definition 19 (Channel Model). The channel model is a discrete memoryless model. Trans-
mitter { € [L] transmits input X,[j] € FY" in the j time slot where j € [N]. The channel
output for receiver ¢ € [L] is given by Yy[j] € IF%XI, The input-output relationship is defined
by,

viljl = Xile @ GTmXuj]. (6.2)
VelL) 040

The channel matriz is a downshift matriz characterized by kernel G € F3*? containing
entries [Glg = Ljg=i1) for 0 < s < g and 0 <t < q. It will be convenient to define the
ratio parameter o = % which is a rational number for m € Z. Each network is compactly
identified by parameters (m,q, L).

Example 6. The channel model corresponds to a class of symmetric linear deterministic
models.* The channel model includes broadcast and superposition which allows the possibility
for in-network computation. Figure 6.2 illustrates a model with parameters (m,q,L) =
(5,6,2) and o = 3.
Definition 20 (Decoders). Each recewer { € [L] observes channel output vectors {Yy[j]}1,
over N channel uses. The goal for all receivers is to reconstruct the identical modulus function

@D, SE using a decoder DY :
DY FYN 5 FE

Definition 21 (Computation Rate). A computation rate

K
N

1Several related types of linear deterministic channels have been studied as approximations to Gaussian
channels and networks; see [10] for an overview and further references.

RCOMP =
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Figure 6.3: The computation capacity region for a countably infinite class of networks parameterized by a £ % with
L = 2 transmitters and receivers.

1s achievable in a network if all receivers reliably compute the modulus sum of source symbols,
i.e. if for any € > 0 and block length N large enough, there exist encoders 5}N) and decoders

D™ such that P (DZ(YZN) £ @@L SK ) < forall e [L].

Definition 22 (Computation Capacity). The computation capacity Ceoyp @S the supremum
of the achievable rates.

Definition 23 (Zero-Error Linear Coding Capacity for Computation). The zero-error net-
work coding capacity for computing the modulus sum function is defined as

K
Cloup = Sup {N : (K, N) code that computes the @-function with zero ermr.}

A code computes the modulus sum function with zero-error if for all { € [L], there exist

encoders EXN) and decoders DY) such that Dy(YN) = @, SK with zero probability of error.
The linear coding capacity for computation CL5,. s defined as the zero-error network coding

capacity under the restriction that encoders EEN) and decoders DEN) are linear mappings.
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6.4 Computation Capacity Region

Theorem 5 (Capacity Region [41, 87]). Consider a network model with parameters (m,q, L =
2) and o = %. The normalized computation capacity s

. a  ifo<a<i (6.3a)

COMP 2 X

. 3 if2<a<l, (6.3b)
1 ifa=1. (6.3c)

In the regime % < a < 1, vector linear coding achieves higher computation rates than
scalar linear coding.

Corollary 1 (Limiting Capacity). As established by Theorem 5, there exists a discontinuity
at o = 1. For a sequence of networks with « increasing to 1 (but strictly less than 1), the
computation capacity is limited by % In the case a =1 exactly, the computation capacity is
exactly 1. Figure 6.3 illustrates the capacity region.

6.4.1 Scalar vs. Vector Linear Coding

A basic coding strategy at each receiver is to first decode both sources SE and SX separately,
and then compute the function. The multi-cast capacity for transmitting both messages to
both receivers for an (m, q, L = 2) network is given by Ry < m, Ry < m, and Ry + Ry < q.
Therefore, a lower bound on the computation rate is Rooyp > min{m, g which yields

RCOI\'IP . 1
—_— > — 0. 6.4
. 2 min {a, 2} (6.4)

Decoding both messages provides the optimal coding strategy for 0 < a < % In order to
achieve higher computation rates, the channel structure must be exploited for in-network
computation. Both scalar and vector linear codes are necessary.

In the regime % < a< %, a scalar linear code suffices, and the code construction is
provided in Fig. 6.4. For the figure, we introduce the notation a; = S1r and by =S Sy, for
k € [K] to represent the source symbols of the first and second transmitter respectively. The
specific example is for the (3,5) model. The channel structure is exploited to compute the
D,-function of message bits.

As will be derived in the next section, coding over N channel uses of the network for
the (m,q, L) model is equivalent to coding over one channel use of the (mN, gN, L) model.
In this case, vector linear coding over F; may be characterized by beam-forming vectors
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2m —q as as
29 — 3m az az
a a1 B by
m az az @ by m
as as @ b3
by by _
m by by g—m
b3 as @ bs 2m —gq
az 2q — 3m
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R(‘ovw —m __
¢ T ¢ ¢

Figure 6.4: Scalar linear code construction for (m, g, L = 2) networks in the regime % <a<

Wi

vig € FIV and vy, € FZY for k € [K] such that

K
X = @ arvi i,
k=1

K
Xg = @ kaQJQ.
k=1

Here the modified network inputs X, X, € Iﬁ‘gN represent coding over N channel uses. The
code construction consists of designing all beam-forming vectors at the transmitters so that
the receivers may recover the computations ay & by, for all k£ € [K].

6.5 Network Decomposition Into Parallel Models

For general (m, ¢, L) computing models, we develop a network decomposition theorem which
identifies elementary subnetworks such that the computation capacity of the subnetworks
is the same as the computation capacity of the original network. This theorem identifies
fundamental building blocks that can constitute an original network without loss of opti-
mality, thus establishing a separation principle among the building blocks. The theorem
also encompasses L-transmitter L-receiver symmetric networks, thus serving to establish the
linear coding capacity for computing in a generalized network.

Theorem 6 (Network Decomposition). Consider an (m,q, L) network where m # q. The
following network decompositions hold:?

2The symbol x denotes the concatenation of orthogonal models as by analogy to the mathematical
notation R? = R x R.
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T2, [, IRx,
X1 Xl Y1
X N N
T{EQ T$2 R.’L’Q
X X Yy

Figure 6.5: Network decomposition of the (m,q, L) = (7,9,2) model into parallel models.
(1) For any \ € Z™,
(Am, Aq, L) = (m,q,L)* = (m,q,L) x (m,q,L) x ... x (m,q,L).

(2) 2m+1,2¢g+1,L) = (m,q,L) x (m+1,q+1,L)

(3) For arbitrary (m,q, L) models,

f (mr+ L, L) e x (r+1,r4+2,L)% m<gq;
(m,q,L) = { (r+1,r,L)" 7 x (r+2,r+1,L)* m>q. (6.5)
where
B {min{m,q}J
lg—m| |’ (6.6)

a = min{m,q} mod |qg —m|.

Example 7. The following (m,q, L) network decompositions into orthogonal components
hold as examples: (7,9,2) = (3,4,2) x (4,5,2) and (17,21,2) = (8,10,2) x (9,11,2) =
(4,5,2)3 x (5,6,2). In Figure 6.5, an example is provided for the (7,9,2) model. As estab-
lished in Theorem 6, the idea is to use graph coloring with |q — m| = 2 colors. The colors
separate the original network into two parallel “gap-1" models.

Remark 18. Unlike the L = 2 case, for L > 3, the case m < n is not symmetric with
m > n. Nevertheless, the above symmetric decomposition holds even when L > 3. [J

Remark 19. The separation principle among these decomposed subnetworks is not generally
true. It is well known that for parallel interference channels, the optimal performance can
be attained by coding over orthogonal components. []
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6.5.1 Proof of Theorem 6

For Part (1), consider the (Am, Ag, L) model. The proof uses graph coloring with A col-
ors, identified by integers {0,1,...,A — 1}. At transmitter 1, assign to level p (for p =
1,2,..., Amax(m,q)) the color (p — 1) mod \. Use exactly the same rule to color the ver-
tices of receiver 1 as well as the transmitters and receivers of the remaining (L — 1) users. It
is seen by inspection that each color represents an independent graph. Moreover, each color
represents precisely an (m, ¢, L) model.

For Part (2), graph coloring with two colors suffices. At all transmitters and receivers,
assign one color to the even-numbered levels and the other color to the odd-numbered levels.
By inspection, it can be verified that each color represents an independent graph. Moreover,
one color represents an (m, ¢, L) model and the other represents an (m + 1,¢+ 1, L) model.

For Part (8), we use graph coloring with |¢—m/| colors, identified by integers {0, 1, ..., |¢—
m| — 1}. At transmitter 1, assign to level p (for p = 1,2,..., max(m,¢q)) the color (p — 1)
mod |¢ — m|. Use exactly the same rule to color the levels of receiver 1 as well as the
transmitters and receivers of the remaining (L — 1) users. It is seen by inspection that each
color represents an independent graph. A tedious but straightforward calculation shows that
of the resulting |¢ — m| independent graphs, there are a number of models (r 4+ 1,7+ 2) and
g —m — a number of models (r,r + 1), with the claimed values for r and a.

6.6 Function Alignment

In the regime % < a < 1, vector linear codes are necessary to achieve the computation
capacity. In this regime, linear codes achieve fleow — % Due to Theorem 6, an arbitrary
network is decomposed into “gap-1” models. Surprisingly, it suffices to consider separate

coding over the “gap-1" parallel models.

Theorem 7 (Computation Rate in “Gap-1” Models). In any “gap-1” model defined by
(m,q,L) = (r,r+1,2) withr > 2, the computation rate achieved by linear codes is @ > 2

Proof. We prove Theorem 7 by classifying network models (r,r + 1) with r > 2 into three
different cases:

1. (r4+1) mod 3 =0.
2. (r+1) mod 3=1.
3. (r+1) mod 3 =2.

Each of these three cases is proved separately in the following sections.
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Figure 6.6: Scalar linear code for the (m,q, L) = (9,12,2) model and vector linear code over N = 3 channel uses of
the (3,4, 2) model.

6.6.1 The Case of (r+ 1) mod 3 =0

For these networks, e.g. (2,3), (5,6), (8,9), (11,12), only scalar network coding is necessary.
For r = 2, an explicit code is as follows: X;;1 = a1,X12 = a2,X53 = 0 and Xy; =
by, Xoo = b1, Xo3 = 0. It is straightforward to verify that both receivers can reconstruct
a; @ by and as @ by, hence, a computation rate of 2 is attained. For the general case, we set
Xigk—2 = Qop—1, X1 36—1 = ok, X13x = 0 and Xy 3p_o = boy, Xo3p—1 = bop—1, Xo 3 = 0, for
k=1,2,...,p, where p & @ Each receiver can reconstruct all 2p sums a; @ b, and thus,
the computation rate is 2p = 2(r 4 1).

6.6.2 The Case of (r+1) mod 3 =1

For these networks, e.g. (3,4), (6,7), (9,10), (12, 13), vector network coding is necessary and
we show that N = 3 channel uses is sufficient. Consider first the “indecomposable” model
(3,4) as an example. Figure 6.6 provides one linear code over N = 3 channel uses which
achieves a normalized computation rate of % A total of 8 computations a; @b, are extracted
at both receivers using only N(r + 1) = 12 transmitted symbols.

For general network models in this class, we construct a vector linear code over N = 3
channel uses. It is observed (via network equivalences) that vector coding with N = 3 for
an (r,7 4+ 1) model is identical to scalar linear coding over the model (3r,3(r + 1)). As an
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Figure 6.7: Scalar linear code for the (m,q, L) = (12,15, 2) model and vector linear code over N = 3 channel uses of
the (4, 5,2) model.

example, vector coding with N = 3 for the model (6,7) is equivalent to scalar linear coding
for the model (18,21). We now show that linear code construction for the (18,21) model
follows in a straightforward manner from the achievable strategies already presented. On
the left side of Figure 6.6, we observe that 6 computations are achieved over a total of 9
dimensions at both receivers. Subtracting these 9 dimensions completely from the (18,21)
model exactly “resets” the network model to a (9,12) model for which we know that using
the code construction given in Figure 6.6, as many as 8 computations are possible. Thus, a
total of 8 + 6 computations are possible in the (18,21) model which yields the normalized
rate 2 for computation. The discussed approach generalizes to all network models of this
class

Example 8. Figure 6.6 illustrates a code achieving the optimal computation rate @ =
ﬁ =2 s for the (m,q, L) = (3,4,2) model made possible by computation alignment. On the
left, a total of 6 computation bits are possible using alternating computation alignment. On
the right, 2 more computation bits for both receivers are possible due to careful alignment of
encoding vectors within the received dimensions.
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6.6.3 The Case of (r+ 1) mod 3 =2

For these networks, e.g. (4,5), (7,8), (10,11), (13,14), vector network coding is again
necessary over N = 3 channel uses. The code for the “indecomposable” (4,5) model is
provided in Figure 6.7. For other models in this series, we repeat our reasoning. As an
example, vector coding with N = 3 for the model (7,8) is equivalent to scalar linear coding
for the (21,24) model. The (21,24) model is first “reset” by subtracting out 9 dimensions
(achieving 6 computations), resulting in a (12, 15) model which is equivalent to coding for
the (4,5) model over N = 3 channel uses. Similarly, all network models of this class are
“reset” to yield the indecomposable (4,5) model.

Example 9. Figure 6.7 illustrates a code achieving the optimal computation rate % =

}—g = % for the (m,q,L) = (4,5,2) model. On the left, a total of 6 computation bits are

possible using alternating computation alignment. On the right, 4 more computation bits for
both receivers are possible due to careful alignment of encoding vectors within the received
dimensions.

O

6.7 Linear Coding Upper Bound

Theorem 8 (Linear Coding Upper Bound). Let m,n, q be integers such that 0 < m < n and
q > n. Consider a network defined by input X1, Xo € Fl, output Y1,Ys € F2, and transfer
function

Vi =GT7"X; 6 G X,
Yo =G X @ GTTX,

where shift-matriz G € FS*? is defined by [Gl;; = Ljzjyq for 0 <i<q and 0 < j < q. Let
K be the number of computations recovered by each receiver separately. Then over N uses
of the network, the linear computation capacity of the network is bounded by the following
two inequalities,

K < mN, (6.7)
3K < 2¢N.

Proof. Let H € FIV*N be defined by [H]; = Lji—j+1 where 0 <4 < gNand 0 < j <¢gN. A
key observation is that coding over N uses of the described network is equivalent to coding
over a single use of the following shift network
Y, = BN X, g HY@ X, (6.9)
Yy =HNem X, @ HY O X, (6.10)
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where X1, X, € FIN, V1, Y, € FYY. To see this, consider the block-diagonal matrix H' €

IF%NX‘IN consisting of N copies of G! on the diagonal where integer ¢ > 0:
Gt owe .. Q4

s | 070G 0

Oq.>< q Oq‘>< q Oq>;q dt

Due to the fact that H' contains sub-matrices G! as copies along its diagonal, there exists
a permutation matrix P such that H'P = H* for integer t > 0. Therefore, without loss
of generality, it is sufficient to analyze linear coding over N uses of our original network by
considering linear coding over a single use of the extended shift network given via Eqn. (6.9)
and Eqn. (6.10).

Consider linear encoding at both transmitters and linear decoding at both receivers.
Denote the source bits at the first and second transmitters by {s1x} and {so} respectively
where 1 < k < K. The definition of linear coding (over Fy) at the transmitters implies that
there exist beam-forming vectors vy € IF%N and vy, € IF%N such that

K

X = @ S1,kV1k,

k=1

K
Xy = @ 52 KV k-
k=1

The output signals of the receivers are deterministic functions of the input:

K .

}71 = @ 817kHN(q_n)V17k () Sg’kHN(q_m)Vg’k y (611)
L k=1 |

~ i K i

Yé = @ SLkHN(q_m)VLk D 527kHN(q_n)V27k . (612)
L k=1 |

Definition 24 (Alignment Set at First Receiver). Either HY@ v, , = HN@™y, ;. holds
or the case HN(‘I_")VU€ + HN(‘I_“"‘)VQJ€ holds. If HN(‘I_")VU€ = HN(q_m)VQ’k; holds, this is
defined as an alignment of beam-forming vectors at the first receiver. Let the alignment set
at the first receiver be defined as

A & {k € [K]: HN(q_")Vl,k = HN(q_m)ngk}.

Definition 25 (Alignment Set at Second Receiver). Fither HN(q_m)vlvk = HN(q_n)Vg,k holds
or the case HN(q_m)vlvk + HN(‘J_”)VQJ€ holds. If HN(q_m)vlvk = HN(q_n)Vg,k holds, this is
defined as an alignment of beam-forming vectors at the second receiver. Let the alignment
set at the second receiver be defined as

Ay & {k € [K]: HNU™y, = HVO My, 1
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Lemma 18 (Simultaneous Alignment is Impossible). The following key implication holds
for two-user symmetric networks where 0 < m <n and ¢ > n: AyNAy = 0. In other words,

Vk : HN(q_n)VLk = HN(q_m)Vlk = HN(q_m)VLk 7& HN(q_n)Vlk, (613)
Vk: HY@ My = AV, = HYOy £ Ny, (6.14)

Eqn (6.13) and Eqn (6.14) of the above lemma state that alignment is possible with
respect to each receiver, but not to both receivers simultaneously. To see this more clearly,
consider the implication in Eqn (6.13). The assumption is that vy 5 = HN("_q)HN(q_m)VM =
HN(=m)y, .. However,

HN(q m) Vi = HN(q m HN n—m) Vo = HN(q+n—2m % H V2k
unless n = m. Similarly, the implication in Eqn (6.14) follows.

According to Definition 24, in terms of alignment set A;, the received vector Y; € IF%N is
a linear combination of the following vectors:

Y, = @(sl,k D Sz,k)HN(q Vik
LkeAy

@ Sq kH V1 k D So kH N(g—m )V27k , (615)
ke AS

- @ (516 @ Sz,k)HN(q_m)Vz,k
Lke Ay

@ SLkHN(q_n)Vl,k D 827kHN(q_m)V27k . (616)
ke AS

According to Definition 25, in terms of alignment set A,, the received vector Vs € FgN is
a linear combination of the following vectors:

Yo = | @D (514 @ sox) HYO vy P 51, HY vy @ sy HY vy, | (6.17)
Lk€e A keAS

= @ (Sl,k D 827k)HN(q Vo k @ S1 kH V1 k D S92, kH N(g—n )V27k . (618)
LkeAg keAS

Clearly, K < ¢gN since received vectors Vi,Y, € FgN. However, since m < n, a tighter
bound to prove is K < mN. In addition, Lemma 18 implies further that K < (%) qN
regardless of the values of m,n. To prove the inequalities, the following definition of zero-
error linear decoding is provided.

Definition 26 (Encoding and Decoding Matrices). Encoding vectors {vyy} for ¢ = 1,2
FgNXK

transmitters and k € [K] may be grouped into encoding matrices V, € . For each
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encoding vector vy, there exists a corresponding decoding vector vy . The decoding vectors
. gNx K
may be grouped as matrices Ry € F; .

>

Vy
R,

[Vg’l Voo ... V57K:|.

lI>

[1‘571 pa ... I‘g7K:|.

Definition 27 (Zero-Error Linear Decoding). Let Y1,Ys be the output signals received at
each receiver respectively. Zero-error linear encoding and decoding over Fy is defined by the
following conditions.

A
81:[8171 S1,2 ... S1K
L
82—[82,1 S22 ... SoK
T
R1Y1231€932.
T
R2}/2:81@82.

6.7.1 Proof Of Inequality Eqn. (6.7)

If zero-error linear decoding of K computations is assumed at both receivers according to
Definition 27, then the following rank conditions must hold due to the ordinary output
equations given in Eqn. (6.11) and Eqn. (6.12) respectively.
rank [RTHYO"V,]| = K,
rank [RTHYOV,] = K.
Simplifying the conditions,
rank [RflpHN(q_m)Vg} < min {rank [R]] , rank [HN(q_m)} ,rank [V]]}
< min{K,gN, mN},
rank [RgHN(q_m)Vl} < min {rank [Rg} ,rank [HN(q_m)} ,rank [Vﬂ}
< min{K,gN, mN}.

Therefore, the rank conditions will not hold unless K < ¢N and K < mN.

6.7.2 Proof Of Inequality Eqn. (6.8)

To prove K < (%) gN, Lemma 18 and the definitions of alignment sets A; and A, are
necessary. The inequality of Eqn. (6.8) follows from the following lemma.

Lemma 19. Consider the alignment set Ay C [K]| from Definition 24 and the alignment set
Ay C [K] from Definition 25. If zero-error linear decoding of K computations is assumed
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at both receivers according to Definition 27, the following set cardinality conditions must be
true.

|Ai] + [Ao] < K, (6.19)
|As] + 2| A] < gN, (6.20)
[ As| + 2|A5| < gN. (6.21)

The first inequality in Eqn. (6.19) follows from Lemma 18 which states that A; NAy = ().
To see why the second and third inequalities hold, the encoding and decoding may be written
in matrix form. In the following notation, assume alignment sets .4; and A, are ordered,
and that V; 4 represents the matrix formed by those columns of V; with indices in set A for
an arbitrary set A C [K]. Similarly, let V, 4 represent the matrix formed by those columns
of V, with indices in set A for an arbitrary set A C [K]. In addition, define

¢1 2 [ (81,4, DS2a,) S1ac Soac ]T,
G2 2| (81,4, D S2.4,) S2.45 S14 ]T
Based on Equations: (6.15), (6.16), (6.17) and (6.18), define the following matrices.
®, £ [ HYeV, ,, HYeV, 4o HYE™V, 4 .
&, 2 [ HYOV,,, HYCIV, . HYCmV, ],
Then the decoding at both receivers is characterized by the following linear algebra.
RTY, = RT®,¢,. (6.22)
R;Y; = Ry ®y¢,. (6.23)

The matrices Ry, Ry € FIVF and the matrices

Nx (| Ay |+2] A
&, € F! X (A1 +2]AT])

Y

Nx (| Az|+2| A3
&, € F! x([A2[+21A431)

If the columns of ®; are not linearly independent, then K computations cannot be recovered
at the first receiver, because after column operations, ®; may be reduced to a matrix having
at least one column consisting of all zeroes. In this case, ®;¢; will not include at least one
source symbol required for K computations. In order for ®; to have linearly independent
columns, it must be that |A;| + 2|A§| < ¢N. Similarly, in order for ®5 to have linearly
independent columns, and for the second receiver to recover K computations, |As|+2|A5| <
gN. This completes the proof of Lemma 19.

Theorem 8 follows from Lemma 19 since for any choice of alignment sets .A4; C [K] and
Ay C [K], the inequality 3K < 2¢N holds. For the particular choice of alignment sets with
balanced cardinalities, i.e., |4;| = |As| = £, the bound 3K < 2¢N holds. For all other
choices of alignment sets, the bound is tighter. Hence, 3K < 2¢N represents the linear
coding upper bound.

U
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6.8 Converse Theorems

In order to determine the fundamental limits of computing in a network for either linear
or non-linear codes, the entropy of signals must be taken into account. The following basic
converse bounds illustrate proof techniques based on Fano’s inequality, and simple genie-
aided arguments.

Lemma 20 (Basic Cut-Set Bound). The computation rate is limited by the total entropy of
the output signals:

RCOMP

q
Proof. For the following steps, we write XJ and Y{" to mean {Xs[i]}?, and {Yi[i]}}, re-
spectively. By applying Fano’s inequality,
N(Reowr) = H(S{' ® 85°),

= 108" & S35 Y1) + H (S @ S5 VY,

< I(ST @ S35 YY) + Ney,

< I(S @ S35 Y, 85°) + New,

= I(S1" @ Sy Y{V[ S5, X3') + Ne,

< H(Y| 95", X5') + New,

<Y H(Y1|Xai) + Ney.

<1

If Reoump is achievable, then ey — 0 as N tends to infinity. So we get N Reovpr < Ng. In the

above derivations, the fourth step utilizes the fact that SX is independent of SE ¢ SIK. O
Lemma 21 (Tighter Cut-Set Bound). For an (m,q, L) network where L = 2 users,

Rooup

a
Proof. For the following steps, we write X7 and Y," to mean {X;[i]}!, and {Y3[i]}}, re-
spectively. By applying Fano’s inequality,

N(Reowr) = H(S{" @ 85°),
= I(S" & 555 Y1") + H(S1 @ S5V,
I(ST @ S35 YY) + Ney,
I(Sf @ 835 VY, 1) + New,
(8" & 855 YV |S1, X7Y) + Ne,
H(Y{™[S{, X1') + New,
H (Y| X1;) + Ney.

< o

IA I IACIA

IN

<.
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The last inequality yields that N(Rcowmp) < Nm which completes the proof. O
Lemma 22 (Beyond Cut-Set Bounds [87]). For an (m,q, L) network where L = 2 users,

The following proof starts in a novel manner, and was first proven solely by Prof. C. Suh
in [87]. The proof is quoted here for the sake of completeness only. For symmetric L = 2 user
networks, G7" X, can be reconstructed from (Y3,Y5). Without loss of generality, assume
that G X is a function of (Y7, Ys). Starting with Fano’s inequality, we get

N(?)RCOMP - EN)
<I(Sf @ S35 YY) + I(ST @ S35 YY) + I(Sf @ 8553 Yy)

(a)
< [HY") - HYSE @ 53]

+ [HYSY) — HYSSE @ S5, YY) + 1(Sf @ S35 YY)
<HY)+H(Y3)

— HY,YY|SE @ 555) + 1(Sf @ S35 Y5, 55°)
®)
= H(Y")+ H(Y,)

— HYN, YIS @ 55°) + I(ST @ 555 Y5 [S5)
©

HY) + H(Y)

— HYN, YIS @ 55°) + H(T1 X7 |S5)
@D YN+ HYY)

— HY, Y, T XYV [SE @ S5 + H(T1 X' [S5)
<HYY)+ H(Y3)

— H(TpoX{|ST @ S5) + H(T12X¥|55)
(2 H(YlN) +HYY) — H(TwXY) + H(T XS5

Z (Vi) + H(Yay)]
< 2Ny,

where (a) follows from the fact that conditioning reduces entropy; (b) follows from the fact
that SI is independent of S¥ & SI; (¢) follows from the fact that X3 is a function of SI* and
that Ty, £ Iy®G2™; (d) follows from our hypothesis that G¢~™ X is a function of (Y7, Y2);
(e) follows from the fact that X7 is a function of S¥ that is independent of ST & SE; (f)
follows from the fact that conditioning reduces entropy. This completes the proof.
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Table 6.1: COMPUTATION CAPACITY RESULTS FOR (m,q, L) NETWORKS [87]

o (% o «
Network (0,3) 3, 2] (3,1 1
(m2) G @ @ z I
Clonr
(m7 q, L) CT «Q % %
(m’ q, OO) C;MP o 5 3

6.9 General L-User Networks

We summarize the contributions for L = 2 networks. Computation alignment strategies were
introduced for multi-casting modulus functions. Vector and scalar linear coding strategies
were both necessary. With even two receivers, a key challenge is to balance shared network
resources with receiver demands. A good code allows for in-network computation as opposed
to recovering all messages at the receivers. The computation capacity was determined for a
countably infinite class of (m,q, L = 2) deterministic models. Several network equivalence
and decomposition theorems were developed which have a strong potential for inclusion in
multi-hop network codes.

In extending to L > 2 users, the network equivalences and decompositions still hold.
In addition, the linear coding upper bound extends in an intuitive way. The information-
theoretic upper bound based on Fano’s inequality extends to L-user networks, but yields a
gap to the linear coding achievable bound. Table 6.1 summarizes known results for L-user
networks as further studied in [87]. In [87], it is shown that if L — oo, then the asymptotic
computation capacity is resolved. For all finite L, the linear coding capacity CLY, is known,
but a gap to the information-theoretic upper bound exists. It is possible that structured, non-
linear codes might outperform vector-space function alignment codes for general (m,q, L)
networks where L > 2.
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Chapter 7

Linear Transform Coding in Networks

7.1 Introduction

The compression and estimation of an observed signal via subspace projections is both a
classical and current topic in signal processing and communication. While random subspace
projections have received considerable attention in the compressed sensing literature [28],
subspace projections optimized for minimal distortion are important for many applications.
The Karhunen-Loeve transform (KLT) and its empirical form Principal Components Anal-
ysis (PCA), are widely studied in computer vision, biology, signal processing, and infor-
mation theory. Reduced dimensionality representations are useful for source coding, noise
filtering, compression, clustering, and data mining. Specific examples include eigenfaces for
face recognition, orthogonal decomposition in transform coding, and sparse PCA for gene
analysis [89, 44, 25].

In contemporary applications such as wireless sensor networks (WSNs) and distributed
databases, data is available and collected in different locations. In a WSN, sensors are
usually constrained by limited power and bandwidth resources. This has motivated existing
approaches to take into account correlations across high-dimensional sensor data to reduce
transmission requirements (see e.g. [36, 83, 92, 94, 31, 95, 30]). Rather than transmitting
raw sensor data to a fusion center to approximate a global signal, sensor nodes carry out
local data dimensionality reduction to increase bandwidth and energy efficiency.

In the present paper, we propose a linear transform network (LTN) model to analyze
dimensionality reduction for compression-estimation of correlated signals in multi-hop net-
works. In a centralized setting, given a random source signal £ with zero-mean and covariance
matrix ¥, applying the KLT to z yields uncorrelated components in the eigenvector basis of
.. The optimal linear least squares k**-order approximation of the source is given by the k
components corresponding to the k largest eigenvalues of 3,. In a network setting, multiple
correlated signals are observed by different source nodes. The source nodes transmit low-
dimensional subspace projections (approximations of the source) to intended receivers via a
relay network. The compression-estimation problem is to optimize the subspace projections
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computed by all nodes in order to minimize the end-to-end distortion at receiver nodes.

In our model, receivers estimate random vectors based on “one-shot” linear analog-
amplitude multisensor observations. The restriction to “one-shot”, zero-delay encoding of
each vector of source observations separately is interesting due to severe complexity limi-
tations in many applications (e.g. sensor networks). Linear coding depends on first-order
and second-order statistics and is robust to uncertainty in the precise probabilistic distri-
bution of the sources. Under the assumption of ideal channels between nodes, our task is
to optimize signal subspaces given limited bandwidth in terms of the number of real-valued
messages communicated. Our results extend previous work on distributed estimation in this
case [36, 83, 92, 94]. For the case of dimensionality-reduction with noisy channel communi-
cation (see e.g. [83]), the task is to optimize signal subspaces subject to channel noise and
power constraints.

For noisy networks, the general communication problem is often referred to as the joint
source-channel-network coding problem in the information-theoretic literature and is a fa-
mously open problem. Beyond the zero-delay, linear dimensionality-reduction considered
here, end-to-end performance in networks could be improved by (i), non-linear strategies
and (ii), allowing a longer coding horizon. Partial progress includes non-linear low-delay
mappings for only simple network scenarios [78, 86, 46]. For the case of an infinite coding
horizon, separation theorems for decomposing the joint communication problem have been
analyzed by [77, 50, 34].

7.1.1 Related Work

Directly related to our work in networks is the distributed KLT problem. Distributed linear
transforms were introduced by Gastpar et al. for the compression of jointly Gaussian sources
using iterative methods [36][35]. Simultaneous work by Zhang et al. for multi-sensor data
fusion also resulted in iterative procedures [94]. An alternate proof based on innovations for
second order random variables with arbitrary distributions was given by [70]. The problem
was extended for non-Gaussian sources, including channel fading and noise effects to model
the non-ideal link from sensors to decoder by Schizas et al. [83]. Roy and Vetterli provide
an asymptotic distortion analysis of the distributed KLT, in the case when the dimension
of the source and observation vectors approaches infinity [80]. Finally, Xiao et al. analyze
linear transforms for distributed coherent estimation [92].

Much of the estimation-theoretic literature deals with single-hop networks; each sensor
relays information directly to a fusion center. In multi-hop networks, linear operations are
performed by successive relays to aggregate, compress, and redistribute correlated signals.
The LTN model relates to recent work on routing and network coding (Ahlswede et al. [3]).
In pure routing solutions, intermediate nodes either forward or drop packets. The corre-
sponding analogy in the LTN model is to constrain transforms to be essentially identity
transforms. However, network coding (over finite fields) has shown that mixing of data at
intermediate nodes achieves higher rates in the multicast setting (see [59] regarding the suffi-
ciency of linear codes and [49] for multicast code construction). Similarly in the LTN model,
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linear combining of subspace projections (over the real field) at intermediate nodes improves
decoding performance. Lastly, the max-flow min-cut theorem of Ford-Fulkerson [32] provides
the basis for cut-set lower bounds in networks.

The LTN model is partially related to the formulation of Koetter and Kschischang [52]
modeling information transmission as the injection of a basis for a vector space into the
network, and subspace codes [85]. If arbitrary data exchange is permitted between network
nodes, the compression-estimation problem is related to estimation in graphical models (e.g.
decomposable PCA [90], and tree-based transforms (tree-KLT) [84]). Other related work
involving signal projections in networks includes joint source-channel communication in sen-
sor networks [11], random projections in a gossip framework|73], and distributed compressed
sensing [13].

7.1.2 Summary of Main Results

We cast the network compression-estimation problem as a statistical signal processing and
constrained optimization problem. For most networks, the optimization is non-convex.
Therefore, our main results are divided into two categories: (i) Iterative solutions for linear
transform coding over acyclic networks; (ii) Cut-set bounds based on convex relaxations and
cut-set bounds based on information theory.

e Section 7.3 reviews linear signal processing in networks. Section 7.4 outlines an itera-
tive optimization for compression-estimation matrices in ideal networks under a local
convergence criterion.

e Section 7.7 analyzes an iterative optimization method involving constrained quadratic
programs for noisy networks with power allocation over subspaces.

e Section 8.1 introduces cut-set lower bounds to benchmark the minimum mean square
error (MSE) for linear coding based on convex relaxations such as a semi-definite
program (SDP) relaxation.

e Section 8.5 describes cut-set lower bounds for any coding strategy in networks based
on information-theoretic principles of source-channel separation. The lower bounds are
plotted for a distributed noisy network.

e Sections 7.4-8.1 provide examples illustrating the tradeoffs between compression and
estimation; upper and lower bounds are illustrated for an aggregation (tree) network,
butterfly network, and distributed noisy network.

7.1.3 Notation

Boldface upper case letters denote matrices, boldface lower case letters denote column vec-
tors, and calligraphic upper case letters denote sets. The ¢?-norm of a vector x € R is
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(a) LINEAR TRANSFORM NETWORK (b) SIGNAL FLOW ON GRAPH

Figure 7.1: (a) Linear transform network model. (b) Signal flow graph representation.

defined as ||z||2 £ /D>, |z:[>. The weighted ¢2norm ||z|ly £ [[Wz||, where W is a posi-
tive semi-definite matrix (written W = 0). Let (-)7, (-)7!, and tr(-) denote matrix transpose,
inverse, and trace respectively. Let A ® B denote the Kronecker matrix product of two ma-
trices. The matrix I, denotes the £ x £ identity. For ¢ > k, the notation Ty, 2 T Tji1--- T
denotes the product of (¢ — k + 1) matrices. A matrix X € R™*" is written in vector form
vec(X) € R™ by stacking its columns; i.e. vec(X) = [z1;22; ... ;x,] where z; is the j-th
column of X. For random vectors, E[-] denotes the expectation, and ¥, £ E[zzT] denotes
the covariance matrix of the zero-mean random vector z.

7.2 Network Model

Fig. 7.1 serves as an extended example of an LTN graph. The network is comprised of two
sources, two relays, and two receiver nodes.

Definition 28 (Relay Network). Consider a relay network modeled by a directed acyclic
graph (DAG) G = (V,€) and a set of weights C. The set V = {v1,v2,...,vy} is the
vertex/node set, € C {1,...,|V|}x{1,...,|V|} is the edge set, and C = {¢;; € Z" : (i,]) € €}
is the set of weights. Fach edge (i,j) € £ represents a communication link with integer
bandwidth c;; from node v; to vj. The in-degree and out-degree of a node v; are computed as

di = ) ey (7.1)

q:(gi)e€

df = > c (7.2)

1:(i,1)€E
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As an example, the graph in Fig. 7.1 consists of nodes V = {vy,vs,...,v5}. Integer
bandwidths ¢;; for each communication link (7, j) are marked.

Definition 29 (Source and Receiver Nodes). Given a relay network G = (V,E), the set of
source nodes S C V is defined as S = {v; € V | d; = 0}. We assume a labeling of nodes in

V s0 that S = {v1,va, ..., vis1}, i.e. the first |S| nodes are source nodes. The set of receiver
nodes T C V is defined as T = {v; €V | d} = 0}.! Let k £ |V| —|T|. We assume a labeling
of nodes in'V so that T = {Vx41, Vg2, - -, V| }, @.e. the last |T| nodes are receiver nodes.

In Fig. 7.1, § = {v1,v2} and T = {vs, vg}.

7.2.1 Source Model

Definition 30 (Basic Source Model). Given a relay network G = (V,E) with source and
recetver nodes (S, T ), the source nodes S = {vi}gl observe random signals X = {zz}l‘jl The
random vectors x; € R™ are assumed zero-mean with covariance 3;;, and cross-covariances

Y € R, Letn = > .ini. The distributed network sources may be grouped into an

n-dimensional random vector * = [X1;Ta; ... ;X|s)] with known second-order statistics X, €
RHXTL
211 212 e EI|S|
221 222 D) S
> (73)
Visp Xispp - His|is)

More generally, each source node v; € & emits independent and identically distributed
(i.i.d.) source vectors {x;[t|}:~o for t a discrete time index; however, in the analysis of zero-
delay linear coding, we do not write the time indices explicitly.

Remark 20. A common linear signal-plus-noise model for sensor networks is of the form
z; = H;x + n;; however, neither a linear source model nor the specific distribution of x;
is assumed here. A priori knowledge of second-order statistics may be obtained during a
training phase via sample estimation.

In Fig. 7.1, two source nodes & = {vy,v5} observe the corresponding random signals in
X = {.’L’l,IL‘Q}.
7.2.2 Communication Model

Definition 31 (Communication Model). Given a relay network G = (V,E) with weight-set
C, each edge (i,j) € € represents a communication link of bandwidth c;; from v; to v;. The

'For networks of interest in this paper, an arbitrary DAG G may be augmented with auxiliary nodes to
ensure that source nodes have in-degree d; = 0 and receiver nodes have out-degree d;” = 0.
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bandwidth is the dimension of the vector channel. We denote signals exiting v; € V along
edge (i,7) € € by z;; € R% and signals entering node v; along edge (i,j) € € by y;; € R%.
If communication is noiseless, ¥;; = ;;. For all relay nodes and receiver nodes, we further
define y; € R% to be the concatenation of all signals yi; incident to node v; along edges

(i,j) € €.

A noisy communication link (i,j) € £ is modeled as: y;; = x;; + 2;j. The channel noise
zij € R% 1s a Gaussian random vector with zero-mean and covariance 3,,,. The channel
input is power constrained so that E|||z;||3] < Pi;. The power constraints for a network are
given by set P = {P;; € R" : (i,j) € E}. The signal-to-noise ratio (SNR) along a link is

B [lesl5)
E [||zi13]

Fig. 7.1(b) illustrates the signal flow of an LTN graph.

SNR;; = (7.4)

7.2.3 Linear Encoding over Graph G

Source and relay nodes encode random vector signals by applying reduced-dimension linear
transforms.

Definition 32 (Linear Encoding). Given a relay network G = (V, ), weight-set C, source
and receiwer nodes (S,7T), sources X, and the communication model of Definition 31, the
linear encoding matrices for G are denoted by set Lo = {L;; : (i,5) € £}. Each L;; represents
the linear transform applied by node v; in communication with node v;. Forv; € S, transform
Li; is of size c¢;; X n; and represents the encoding x;; = Ly;x;. For a relay v;, transform L;;
is of size ¢;; X d;, and x;; = Lyjy;. The compression ratio along edge (i, j) € & s

17

Cij

Oy = .Z.
’ %ﬁ ifv; €V\S. (7.5b)

(3

In Fig. 7.1, the linear encoding matrices for source node v; and vy are {Ljs, Li3} and
{Lsg, Loz} respectively. The linear encoding matrices for the relays are Ly, Lys, Lyg. The
output signals of source node v; are 15 = Lisx; and 213 = Ljsz;. Similarly, the output
signal of relay vs is

T34 = Laays = Ly [ Y3 } . (7.6)
Yo3

7.2.4 Linear Estimation over G

Definition 33 (Linear Estimation). Given relay network G = (V, ), weight-set C, source
and receiwer nodes (S,T), sources X, and the communication model of Def. 31, the set of
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linear decoding matrices is denoted Bg = {B;}iw,e1. Fach receiver v; € T estimates a (zero-
mean) random vector r; € R" which is correlated with the sources in X. We assume that
the second-order statistics 3,,, ., are known. Receiver v; € T applies a linear estimator
given by matriz B; € R"*% to estimate r; given its observations and computes #; = B,y;.
The linear least squares estimate (LLSE) of r; is denoted by ;.

In Fig. 7.1, receiver vs reconstructs r5 while receiver vg reconstructs rg. The LLSE signals
75 and 7g are computed as

75 = Bsys = B; [ Y15 ] : (7.7)
Yus

f(; = B6y6 = Bﬁ [ Yz :| . (78)
Yue

Definition 34 (Distortion Metric). Let & and y be two real vectors of the same dimension.
The MSE distortion metric is defined as

dmse(z>y) = ||$ _?/Hg : (79)

7.2.5 Compression-Estimation in Networks

Definition 35 (Linear Transform Network N). An LTN model N is a communication
network modeled by DAG G = (V, E), weight-set C, source and receiver nodes (S,T), sources
X, sets Lg, and Bg from Definitions 28-33. Second-order source statistics are given by 3,
(Definition 30). The operational meaning of compression-estimation matrices in Lg and
Be is in terms of signal flows on G (Definition 31). The desired reconstruction vectors
{ri}iwieT have known second-order statistics X, and X,5. The set {#;}i.,er denotes the
LLSE estimates formed at receivers (Definition 33). For noisy networks, noise variables
along link (i,7) € € have known covariances X,,,. Power constraints are given by set P in
Definition 31.

Given an LTN graph N, the task is to design a network transform code: the compression-
estimation matrices in L5 and Bg to minimize the end-to-end weighted MSE distortion. Let
positive weights {w;};.,,e7 represent the relative importance of reconstructing a signal at
receiver v; € 7. Using indexing term x £ |V|—|T| for receiver nodes, we concatenate vectors
r;asr = [r,ﬁ+1;r,£+2; ;r‘yd and LLSE estimates 7, as ¥ = [f,ﬁl;f',{”; ;f‘M}. The
average weighted MSE written via a weighted ¢2-norm is

A
Dysew = E

Z dmse(\/wiria\/mif‘i)] )

v €T

= B||Ir %] (7.10)

where W contains diagonal blocks W; = ,/w; L.
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Remark 21. The distortion Dyspw s a function of the compression matrices in Lg and
the estimation matrices in Bg. In most network topologies, the weighted MSE distortion
1s mon-convex over the set of feasible matrices. Fven in the particular case of distributed
compression [36], currently the optimal linear transforms are not solvable in closed form.

7.3 Linear Processing of Network Signals

The linear processing and filtering of source signals by an LTN graph N is modeled compactly
as a linear system with inputs, outputs, and memory elements. At each time step, LTN nodes
transmit random signals through edges/channels of the graph.

7.3.1 Linear System

Consider edge (i, j) € € as amemory element storing random vector y;;. Let ¢ = (D j)ee Gig)

and d £ (3, c7d;). The network N is modeled as a linear system with the following
signals: (i) input sources {&;}:.,.cs concatenated as global source vector £ € R™; (ii) input
noise variables {2;;} ¢ j)ee concatenated as global noise vector z € R¢; (iii) memory elements
{ij}ij)ee concatenated as global state vector u[t] € R® at time ¢; (iv) output vectors
{y;}iv,e7 concatenated as y € R%

7.3.1.1 State-space Equations

The linear system? is described by the following state-space equations for i : v; € T,

ult + 1] = Fult] + Ex[t] + Ez[t], (7.11)
The matrix F € R*“ is the state-evolution matrix common to all receivers, E € R**" is
the source-network connectivity matrix, and E € R®*¢ is the noise-to-network connectivity
matrix. The matrices C; € R% *¢, D; € R% *" and D; € R% *¢ represent how each receiver’s

output is related to the state, source, and noise vectors respectively. For networks considered
in this paper, D; = 0 and D; = 0.

7.3.1.2 Linear Transfer Function

A standard result in linear system theory yields the transfer function (assuming a unity
indeterminate delay operator) for each receiver v; € T,

y;=C,(I—F)' (Ex + Ez), (7.13)
=Gr + éz’Z, (7.14)

2When discussing zero-delay linear coding, the time indices on vectors x, z, and y; are omitted for greater
clarity of presentation.
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Figure 7.2: Input and output signals for a noisy relay network.

where G; £ C; (I — F)_1 E and G; £ C; (I- F)_1 E. For acyclic graphs, F is a nilpotent
matrix and (I — F)_1 =1+ ) | F? for finite integer 7. Using indexing term x, the ob-
servation vectors collected by receivers are concatenated as y = [y,ﬁl; Ywr2; o} yM].
Let

T e |:GI€+1; G,.H_Q; ey G\V\] y (715)

and let T be defined similarly with respect to matrices G,. Then the complete linear transfer
function of the network N isy = Tz +Tz. Analog processing of signals without error control
implies noise propagation; the additive noise 2z is also linearly filtered by the network via T.

Example 10. Fig. 7.2 is the LTN graph of a noisy relay network. Let state p = [y12; Y13; Yo3),
z = [z12; 2z13; 223], and output y3 = [Y13; Yo3|. The linear system representation is given as
follows,

0O 0O L,
plt+1]=10 0 0 | p[t]+ | Lig| z:[t] + Lez[t],
_L23 0 0 0
0 I 0

By evaluating Eqn. (7.14),

yslt] = [L;ﬁz] 1 [t] + [ng (I) (I)]z[t].

Dropping the time indices and writing * = x, in addition to y = ys, the linear transfer
function of the noisy relay network is of the following form: y = Tx + Txz.

7.3.2 Layered Networks

Definition 36 (Layered DAG Network). A layering of a DAG G = (V, &) is a partition of
V into disjoint subsets Vi, Va, ..., V,y1 such that if directed edge (u,v) € £, where u € V;
and v € Vi, then j > k. A DAG layering (non-unique) is polynomial-time computable [}5].
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Given a layered partition {VZ};’:} of an LTN graph, source nodes v; € & with in-degree
d; = 0 may be placed in partition V,,;. Similarly, receivers v; € T with out-degree d;” =0
may be placed in partition V;. The transfer function T in Eqn. (7.15) may be factored into
a product of matrices,

T=T.,=T,Ty - T, (7.16)

where Ty for 1 < ¢ < p is the linear transformation of signals between nodes in partition
Vi1 and V, (note the reverse ordering of the T, with respect to the partitions V). If an
edge exists between nodes in non-consecutive partitions, an identity transform is inserted to
replicate signals between multiple layers. Due to the linearity of transforms, for any layered
partition {V,}?X] of V, the layered transforms {T,})_, can be constructed. The {T/}}_,
are structured matrices comprised of sub-blocks L;;, identity matrices, and/or zero matrices.
The block structure is determined by the network topology.

Example 11. For the multiple unicast network of Fig. 7.1, a valid layered partition of V is
Vi = {vs,v6}, Vo = {va}, Vs = {v3}, and Vi = {vi,v2}. Let x = [x1; 2], y = [y5; Ys] =
[Y15; Yas; Yae; Yoo, and let Ly be partitioned as Ly = [Lf, L%,]. According to the layering,
the transfer matriz T is factored in product form T = T;TyT;3,

I 0 O I 0 0 0O Li; O
T . O L45 O 0 Ll L// O L 13 0
|0 Lg O 34 T3l 0 L
0 0 I 0 Lo

Example 12. Consider the setting of Example 10 for the relay network shown in Fig. 7.2.
A walid layered partition of V is Vi = {vs}, Vo = {v2}, V3 = {v1}. According to the layering,
the transfer matriz T may be written in product form T = T T,

I 0 ][Ly
T — .

7.4 Convex Optimization of Compression-Estimation
Matrices

Our optimization method proceeds iteratively over network layers. To simplify the optimiza-
tion, we first assume ideal channels (high-SNR communication) for which y;; = z;;. Then
the linear operation of the network N is y = Tz with z = 0. Linear transform coding is
constrained according to bandwidth compression ratios ;.
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7.4.1 MSE Distortion at Receivers

According to the linear system equations, Eqns. (7.11)-(7.14), each receiver v; € T receives
filtered source observations y; = G;x. Receiver v; applies a linear estimator B; to estimate
signal r;. The MSE cost of estimation is

= tr(%,,) —2tr(B;G;Zqer, ) +tr(B,G;Z: G/ B ). (7.17)

%

Setting the matrix derivative with respect to B, in Eqn. (7.17) to zero yields: —23%, ,GT +
2B,G,;3,GT = 0. For a fixed transfer function G;, the optimal LLSE matrix B{" is

B = %,,GT [G;2,GT] . (7.18)

If G; in Eqn. (7.18) is singular, the inverse may be replaced with a pseudo-inverse operation
to compute B

Let B denote a block diagonal global matrix containing individual decoding matrices
{B,}i,e7 on the diagonal. For an LTN graph N with encoding transfer function T = T,
we write the linear decoding operation of all receivers as # = By where y = T,z are
the observations received. The weighted MSE cost in Eqn. (7.10) for reconstructing signals
{ri}iv;er at all receivers is written as

Dusew = E [|Ir — ]
= E[|Ir - BT1,2%]
= tr (WX, W") — 2tr (WBT,,%,,W")
+tr (WBTy,,3, T], B"W') . (7.19)

By construction of the weighting matrix W, the MSE in Eqn. (7.19) is a weighted sum of
individual distortions at receivers, i.e. Dyspw = Zi:viET w; D;.

7.4.2 Computing Encoding Transforms T,

The optimization of the network transfer function T = T;., is more complex due to block
constraints imposed by the network topology on matrices {T;}!_;. In order to solve for a
particular linear transform T;, we assume all linear transforms T}, j # ¢ and the receivers’
decoding transform B are fixed. Then the optimal T; is the solution to a constrained
quadratic program. To derive this, we utilize the following identities in which z = vec(X):

tr(ATX) = vec(A)"z, (7.20)
tr(X"A1XA,) =z" (A, ® Ay)z. (7.21)
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We write the network’s linear transfer function as T = T, = Ty,,_;T;T;11,, and define the
following matrices

Ji é Ti—l—l:pzerTWBTl:i—la (722)
J; é (Tl;i_l)TBTWTWBTI:i—lu (723)
J;/ é Ti—l—l:pzz(Ti—l-l:p)T- (724)

To write Dyspw in terms of the matrix variable T;, we also define the following,

pi = tr(WX,W7), (7.25)
p; = —2vec (J?), (7.26)
P,2J/ ], (7.27)

where p;, p;, and P; are a scalar, vector, and positive semi-definite matrix respectively. The
following lemma expresses Dyrspw as a function of the unknown matrix variable T;.

Lemma 23. Let transforms T;, j # i, and B be fived. Let J;, J;, J! be defined in
Eqns. (7.22)-(7.24), and p;, p;, and P; be defined in Eqns. (7.25)-(7.27). Then the weighted
MSE distortion Dysgw of Eqn. (7.19) is a quadratic function of t; = vec(T;),

Dysew =t Pit; +plt; + pi. (7.28)

Proof. Substituting the expressions for J;, Ji, J7 in Eqns. (7.22)-(7.24) into Eqn. (7.19)
produces the intermediate equation: Dyspw = tr (T?J;TZJ;’) —2tr (JiTi)+pi. Directly ap-
plying the vector-matrix identities of Eqns. (7.20)-(7.21) results in Eqn. (7.28). O

7.4.3 Quadratic Program with Convex Constraints

Due to Lemma 23, the weighted MSE is a quadratic function of ¢; = vec(T;) if all other
network matrices are fixed. The optimal T; must satisfy block constraints determined by
network topology. The block constraints are linear equality constraints of the form ®;t; = ¢;.
For example, if T; contains an identity sub-block, this is enforced by setting entries in t; to
zero and one accordingly, via linear equality constraints.

Theorem 9 (Optimal Encoding). Let encoding matrices T;, j # i and decoding matriz
B be fized. Let t; = vec(T;). The optimal encoding transform t; is given by the following
constrained quadratic program (QP) [15, Def. 4.34]

arg min t/Pit; +plt; + p; (7.29)
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Algorithm 1 IDEAL-COMPRESSION-ESTIMATION(A, W, ¢)

1: Identify compression matrices {T;}._; and corresponding linear equalities {®;, ¢; }\_; for
network N. Identify estimation matrices {B;};.,e7. [Sec. 7.3, Sec. 7.4.3]
Initialize {T( _, randomly to feasible matrices.
Set n = 1 DMSE,W(O) Q.
repeat
Compute {B{" };.,er given {TU""V}P_  [Eqn. (7.18)]
forv=1:pdo
Compute T( ™) given {®;,¢;}, {B }k k€T {T k 1 , {T(" 2 t—ir1- [Theorem 9]
end for
Compute Dyspw(n). [Eqn. (7.19)]
Set Ayspw = Dusew(n) — Dusew(n —1).
Set n =n+ 1.
s until Ayspw <eorn> Ny,

: return {T(" 1 {Bgn)}i;vieT-

[ S o S SO

where (®;,¢;) represent linear equality constraints on elements of T;. The solution to the
above optimization fort; is obtained by solving a corresponding linear system

2P, @7 ti | | P
R AIHEA a0
If the constraints determined by the pair (®;, ;) are feasible, the linear system of Eqn. (7.30)
18 gquaranteed to have either one or infinitely many solutions.

Proof. The QP of Eqn. (7.29) follows from Lemma 23 with additional linear equality con-
straints placed on t;. The closed form solution to the QP is derived using Lagrange dual
multipliers for the linear constraints, and the Karush-Kuhn-Tucker (KKT) conditions. Let
f(ti, A) represent the Lagrangian formed with dual vector variable A for the constraints,

f@i,A) =tIPit; +p/t; +pi + A (®iti — &), (

Vi f(ti,A) = 2Pit; +p; + P, (
Setting Vi f(t;,A) = 0 and Vf(t;,A) = 0 yields the linear system of Eqn. (7.30), the
solutions to which are t; and dual vector X. Since the MSE distortion is bounded by a

minimum of zero error, the linear system has a unique solution if P; is full rank, or infinitely
many solutions of equivalent objective value if P; is singular. O

Remark 22. Beyond linear constraints, several other convex constraints on matriz variables
could be applied withm the quadratic program. For example, the {1-norm of a vector x € R"
defined by ||z|y £, || is often used in compressed sensing to enforce sparsity.
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7.5 Iterative Algorithm

Algorithm 1 defines an iterative method to optimize all encoding matrices {T;}t_; and
the global decoding matrix B for an LTN graph. The iterative algorithm begins with the
random initialization of the encoding matrices {T;}._, subject to size specifications and
linear equality constraints given by {®;}'_, and {¢;}!_,. The iterative method proceeds by
solving for the optimal B transform first. Similarly, with T;, j # ¢ and B fixed, the optimal
T; is computed using Theorem 9. The iterative method proceeds for n < N, iterations or
until the difference in error Ay/gp w is less than a prescribed tolerance e.

7.5.1 Convergence to Stationary Points

A key property of Algorithm 1 is the convergence to a stationary point (either local minimum
or saddle-point) of the weighted MSE.

Theorem 10 (Local Convergence). Denote the network’s linear transfer function after the
n-th outer-loop iteration in Algorithm 1 by T™ , and the block-diagonal global decoding trans-
form by B™ which contains matrices {B,(-n)}z‘:vieT on the diagonal. Let #™ = BMT®g
denote the estimate of desired signal r. Then

B |Ir=#" | = B ||l = #0 ] (7.34)
i.e., the weighted MSE distortion is a nonincreasing function of the iteration number n.

Proof. In Step 5 of Algorithm 1, with matrices {T,(cn_l) b_, fixed, the optimal transform
B®™ is determined to minimize D msew- The current transform B™~1 is feasible within the
optimization space which implies that the MSE distortion cannot increase. In Step 7 of the
inner loop, with matrices B™, {Tlg") ](;:—11 ). and {Tlg"_l) b i1 fixed, Theorem 9 computes the
optimal transform TE") to minimize Dy spw. A similar argument shows that the error term
cannot increase. The distortion sequence {Dyspw(n)} is nonincreasing and nonnegative;

hence lim,, o Dysew(n) = inf{Dyspw(n)} by monotone convergence. O

Remark 23. The local convergence in Theorem 10 is affected by several factors: (i) The
covariance structure 3, of the source; (ii) The DAG structure of G; (iii) The schedule of
iterative optimization of local matrices and factorization of T into the T;; (iv) The ran-
dom initialization of {T;}_,. In practice, multiple executions of Algorithm 1 increase the
probability of converging to a global minimum.

7.6 Example: A Multi-Hop Network

Consider the noiseless multi-hop network of Fig. 7.3 in which a relay aggregates, compresses
and/or forwards its observations to a receiver. The network is a hybrid combination of a
distributed and point-to-point network.
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sa0 Dyrsi vs. Compression a2 Convergence of Algorithm
- --Point-to-Point

320 -@-Distributed

w0 - Hybrid 2415

POINT TO POINT

—_—— = e Ty

B R S
DISTRIBUTED 180 l<HYBRID—] o
3 5 _7 9 1 13 15 9 100 200 300 400
Bandwidth ¢ = ¢13 = co3 Iteration Number n
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Figure 7.3: (a) Block diagram of the “hybrid network” example. (b) The end-to-end distortion vs. compression
for varying bandwidth ¢ = c13 = c23. (¢) Convergence of Darse(n) for five different initializations of the iterative
algorithm for the operating point ¢ = 6, ¢34 = 11.

Example 13 (“Hybrid Network”). High-dimensional, correlated signals £, € R™ and x5 €
R"2 are observed at nodes vi and v where ny = ny = 15 dimensions. The covariance 3 of
the global source x = [x1; o] was generated as follows for the experiment, ensuring 3, > 0.
The diagonal entries (i,1) of ¥y were selected as 15+ 2U;;, and off-diagonal entries (i,7) for
J > i were selected as 1 + 2U;; where U; and Uy are i.i.d. uniform random variables over
the interval [0, 1].

The linear transfer function is factored in the form T = T1Ty where T1 = Lgy and

o L13 0
TQ_{ 0 L23]'

The target reconstruction at vy s the entire signal r4 = x. The bandwidth c34 = 11, while
bandwidth ¢ = c13 = a3 1s varied for the experiment. Depending on the amount of bandwidth
¢, the network operates in one of three modes (distributed, hybrid, or point-to-point) as
described in Example 13. Fig. 7.3(b) plots the sum distortion vs. compression performance,
and Fig. 7.3(c) plots the convergence of Algorithm 1 for the operating point ¢ = 6, c34 = 11.

7.7 Analysis of Noisy Networks

We now analyze communication for networks with non-ideal channels: y;; = x;; +2;;. Edges
(1,7) represent vector Gaussian channels. Network communication is limited according to
both bandwidth compression ratios «;; and signal-to-noise ratios SN R;;. We simplify op-
timization of subspaces by restricting attention to single-layer multi-source, multi-receiver
networks for which ¥V = SUT. In this case, the linear transfer function is y = Tz + 2, i.e.
the noise is additive but not filtered over multiple network layers.
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Table 7.1: A “HYBRID” LINEAR TRANSFORM NETWORK

Network Modes Bandwidth

Distributed c <[4
Hybmd [034—| < c<cCyy
Point to Point e <c

7.7.1 MSE Distortion at Receivers

Each receiver v; € T receives observations y; = G;x + z; where 2z; is the noise to v;. The
MSE distortion for reconstructing r; at receiver v; is given by,

D; = t1(%,) —2tr(B;G; 4y, ) +t1(B,X,,BY)
+ tr(B,G,; 2, G/ B)). (7.35)

Setting the matrix derivative with respect to B; in Eqn. (7.35) to zero yields the optimal
linear transform B; (cf. Eqn. (7.18)),

-1

B” =%, G [GiExGZT + Ezz} . (7.36)

Combining the LLSE estimates as # = By, where y = Tx + z, the weighted MSE for all
receivers is given by

Dussow = E[[Ir =l
— £[|[r - BTz + 2)||3,
= tr(WBTE, T'B"W") —2tr(WBTX,, W")
+tr(WXE, W) +tr(WBE,B"W7). (7.37)

By construction of the weighting matrix W, the MSE in Eqn. (7.37) is a weighted sum of
individual distortions at receivers, i.e. Dyspw = ), w; D

7.7.2 Computing Encoding Transform T

For noisy networks, power constraints on channel inputs limit the amount of amplification
of transmitted signals. For single-layer networks, let v; € § be a source node with observed
signal &;. A power constraint on the input to channel (i, j) € £ is given by

E[||lz;;]13] = E[||Lya:||3]) = tr(L; S, L) < Py (7.38)

The power constraint in Eqn. (7.38) is a quadratic function of the entries of the global linear
transform T. More precisely, let ¢;; = vec(L;;) and t = vec(T'). Since ¢ contains all variables
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Algorithm 2 Noi1sy-COMPRESSION-ESTIMATION (AN, W, ¢)

1: Identify compression matrix T and corresponding linear equality constraints (®,¢),
and quadratic power constraints {(I';;, P;j)}ujjece.  Identify estimation matrices
{Bi}iw;er- [Sec. 7.3, Sec. 7.7.2]

2: Initialize T® randomly to a feasible matrix.

3: Set n = 1, DMSE,W(O) = OQ.

4: repeat

5. Compute {B"},, c7 given T~V [Eqn. (7.36)]

6:  Compute T™ given {BE"’}Z-MGT, (®,0), {(T'ij, Pyj) }ij)ee- [Theorem 11]
7. Compute DMSE,};V(n). [Eqn. (7.37)]

8:  Set Aysew = Dusew(n) — Dusew(n —1).

9:  Setn=n+1.

10: until AMSE,W <eorn > Ny

11: return T™ and {B{"},.,. o7

of £;;, we may write ¢;; = J;;t where J;; selects variables from ¢. Using the matrix-vector
identities of Eqn. (7.21), the power constraint in Eqn. (7.38) can be written as

tr (L X, L) = 01, (3, ® 1) €
=t"J] (3s, ® 1) Jj5t. (7.39)
Letting T';; £ JZ;- (3, ® I)J;;, the quadratic constraint is t'T';;t < P,;. The matrix T';; is

a symmetric, positive semi-definite matrix. Thus a power constraint is a quadratic, convex
constraint.

7.7.3 Quadratic Program with Convex Constraints

As in Section 7.4.2, we use the vector form t = vec(T) to enforce linear equality constraints
&t = ¢. For noisy networks, we include power constraints ¢'T';;t < P,; for each channel
(1,7) € €. For a fixed global decoding transform B, the distortion [)MSE,W of Eqn. (7.37) is
again a quadratic function of t. Using the compact notation

p £ tr(WE,W')+tr(WBX,B"W'), (7.40)
p = —2vec(BTWIWE,,), (7.41)
P23, BP'W/WB, (7.42)

a derivation identical to that of Lemma 23 yields [DMSEW = t"Pt + p"t + p. The optimal
encoding transform T for single-layer noisy networks is solvable via a quadratic program
with quadratic constraints (QCQP), following the development of Eqns. (7.40)-(7.42), and
the power constraints given in Eqns. (7.38)-(7.39); cf. Theorem 9.
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Figure 7.4: Block diagram of a distributed network with noise and power constraints.

Theorem 11 (Optimal Encoding T for Noisy LTN). Let N be a single-layer LTN, B be the
fized decoding transform, and t = vec(T) be the encoding transform. The optimal encoding t
is the solution to the following quadratic program with quadratic constraints (QCQP):

arg min t"Pt +p't+p (7.43)

s. t. ®t=¢,

where (®, @) represent linear equality constraints (dictated by network topology), and where
{(Tij, Pyj) },jyes represent quadratic power constraints on variables of T.

Remark 24. A quadratic program with linear and convexr quadratic constraints is solvable
efficiently via standard convex program solvers; the time complexity depends polynomially on
the number of matriz variables and constraints.

7.7.4 Iterative Algorithm and Convergence

Algorithm 2 defines an iterative algorithm for single-layer, noise/power limited networks. In
addition to subspace selection, the amount of power per subspace is determined iteratively.
The iterative method alternates between optimizing the global decoding transform B and
the global encoding transform T, ensuring that network topology and power constraints are
satisfied. As in Theorem 10, the weighted MSE distortion is a nonincreasing function of the
iteration number, i.e. DMSE,W(n) > DMSva(n + 1). While convergence to a stationary
point is guaranteed, the optimization space is highly complex— a globally optimal solution
is not guaranteed.
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Power-Compression-Distortion Tradeoffs
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Figure 7.5: (a) Power-compression-distortion “spectra” of a distributed noisy network for varying compression ratios
a and SNR levels. Unmarked, red, dashed lines represent cut-set lower bounds for linear coding based on convex
relaxations. (b) For o € {0.25,1.0}, the results due to low-complexity linear transforms are measured with respect
to information-theoretic cut-set bounds.

7.8 Example: A Distributed Noisy Network

Fig. 7.4 diagrams a classic example of a distributed network with multiple source (sensor)
nodes transmitting signal projections to a central decoder. Each source node is power con-
strained and must transmit a compressed description of its observed signal over a noisy
vector channel.

Example 14 (Distributed LTN). In Fig. 7.4, the global source x = [x1; %2; 3] is chosen to
be a jointly Gaussian vector with n = 12 dimensions, and n; = 4 for each of |S| = 3 source
nodes. Here, we specify the exact distribution of € in order to provide information-theoretic
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lower bounds. We set the covariance of x to be Gauss-Markov with p = 0.8,

1 p 2 11
p 1 p ... pt°
S.=| ¥ p 1 p’
] P09 |

The network structure is specified by bandwidths c14 = coy = ¢34 = ¢. The global encoding
transform T s block-diagonal with matrices Ly, Loy, and Ly on the diagonal. The compres-
sion ratio s varied equally for each source node, a = -= where n; = 4. The noise variables
z;j are i.i.d. Gaussian random vectors with zero-mean and identity covariances. The power
constraints are set as Py = P, = Py = ¢(SNR), where SNR;; = SNR for all links. The
goal of destination vy is to reconstruct the entire source vy = x. Fig. 7.5(a) plots the perfor-
mance of LTN optimization for varying a and SN R ratios as well as cut-set lower bounds
for linear coding based on convex relaxations. Cut-set lower bounds for linear coding for this
example are explained further in Section 8.4.1. Fig. 7.5(b) plots cut-set bounds based on
information theory which are explained further in Sections 8.5 and 8.5.5. In the high-SNR
setting, information-theoretic coding strategies are capable of zero-distortion; however, in the
low-SNR setting, linear coding achieves a competitive MSE performance while maintaining
zero-delay and low-complexity.

Remark 25 (Comparison with [36, 83]). For this ezample, as the SNR — oo, the error
Dyise approaches the error associated to the distributed KLT [36] where channel noise was
not considered. In [83], the authors model the effects of channel noise; however, they do
not provide cut-set lower bounds. In addition, the iterative optimization of the present paper
optimizes all compression matrices simultaneously per iteration and allows arbitrary convex
constraints, as opposed to the schemes in both [36, 83] which optimize the encoding matrix
of each user separately per iteration.
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Chapter 8

Cut-Set Bounds

8.1 Cutting a Graph

In this section, we derive lower bounds on the minimum MSE distortion possible for linear
compression and estimation of correlated signals in the LTN model. Our main technique is
to relax an arbitrary acyclic graph along all possible graph cuts to point-to-point networks
with side information. The cut-set bounds provide a performance benchmark for the iterative
methods of Sections 7.4-7.7.

8.1.1 Point-to-Point Network with Side Information

Consider the point-to-point network of Fig. 8.1. Source node v; compresses source £ € R"
via a linear transform Lj,. The signal x5, € R“? is transmitted where x5 = Loz and
E|||lz12]|3] < P. Receiver vy computes a linear estimate of desired signal r € R” using
observations y12 = 12 + 2z and side information s € R? as follows,

=B [yﬂ — [By; By {yﬂ . (8.1)

The decoding transform B is here partitioned into two sub-matrices By; and By, We will
find it convenient to define the following random vectors,

£21 — 3,2, s, (8.2)
var—%,.% s (8.3)

Signals € and v are innovation vectors. For example, £ is the difference between x and the
linear least squares estimate of z given s which is equivalent to 343 's.
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Figure 8.1: A point-to-point network with a power-constrained transmitter, additive channel noise, and side infor-
mation available at the receiver.

8.2 Case I: Relaxation to Ideal Vector Channel

In the ideal case, P = oo or z = 0. The weighted, linear minimum MSE distortion of the
point-to-point network with side information is obtained by solving

e = min B[l =],
= le{%ilrll,B12 E [H" — (BuLpr + B123)Hi;v} : (8.4)

The following theorem specifies the solution to Eqn. (8.4).

Theorem 12 (Ideal Network Relaxation). Letxz € R", s € R®, andr € R" be zero-mean ran-
dom vectors with given full-rank covariance matrices 3y, 3g, Xy and cross-covariances Lpg,
Ys, Xgs. Let & and v be the innovations defined in Eqn (8.2) and Eqn. (8.3) respectively.
The solution to the minimization of Eqn. (8.4) over matrices Lijs € R2*" By € R™*12
and By € R"™*% is obtained in closed form as

C12

Dy = tr(ZoWTW) — ZAJ, (8.5)

where {\; }C12 are the cio largest eigenvalues of the matrix WE,,EEglzg,,WT.

Proof. The optimization in Eqn. (8.4) is simplified by first determining the LMMSE optimal
By, transform in terms of By, and Lyy: BY% = 3,3, — B L1, 2!, Plugging B
into Eqn. (8.4) yields a minimization over By; and Lj, only. By grouping and rearranging
variables in terms of innovation vectors £ and v,

« B 2
ideal = Lngllgln E[HV B11L12§HW]- (8.6)
The optimization of Eqn. (8.6) is that of an equivalent point-to-point network with input
signal & and desired reconstruction v, without side information. Eqn. (8.6) is in standard
form and solvable using canonical correlation analysis as detailed in [17, p. 368]. The optimal
value Dy, is given in Eqn. (8.5) in terms of the eigenvalues of WX,¢3, 'S, W, O

idea
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8.3 Case II: Semi-Definite Programming Relaxation

In the case of additive noise z (here with assumed covariance ¥, = I for compactness) and a
power-constrained input to the vector channel, the weighted, linear minimum MSE distortion
is obtained by solving

* : 2
Dnoisy = Ll;%lllle FE [H’I" — (Bn(Lm.’L’ + Z) + B128) HW] ,
st tr[LpX, L) < P. (8.7)

Again, by solving for the optimal LMMSE matrix B and grouping terms in the resulting
optimization according to innovation vectors € and v,

* . 2
Dnoisy = LIE}]IEIIU E |:HV - (Bll(L12£ + Z)) Hw] )
st tr[LsX,LE) < P. (8.8)

Remark 26. The exact solution to Eqn. (8.8) involves handling a quadratic power constraint
and a rank constraint due to the reduced-dimensionality of Lys. In [83, Theorem 4], a
related optimization problem was solved via a Lagrangian relaxation. For our problem, we
take a simpler approach using a semi-definite programming (SDP) relazation. We first note
that D}, pisy = Digear- In the high-SNR regime, the two distortion values are asymptotically
equivalent. Therefore, we compute a good approximation for the distortion Dy, ., in the
low-SNR regime via the following SDP relaxation.

Theorem 13 (SDP Relaxation). Consider random vectors z, s, r, €, v, and matrices Lys,
B11 as defined in Theorem 12. In addition, let random vector z have zero-mean and covari-
ance ¥, = 1. Let & £ LI, Liy and ® € R™" be an arbitrary positive semi-definite matriz
where 1 is the dimension of random vector r. The following lower bound applies,

D} iy = min (@] + tr[W[E, — 5,635, 15, [W'],

notsy — & U
st X, ¥ <P, ¥>O0,

P WX, 3!

Ve =g
S IRVE S e (8.9)
The proof of Theorem 13 is based on a rank relaxation as detailed in the Appendix. The
power constraint is still enforced in Eqn. (8.9). In the low-SNR regime, power allocation
over subspaces dominates the error performance. If we denote the solution to the SDP of

Theorem 13 as D7, we arrive at the following characterization,

*
Dnoisy ideal

> max{D} dp) - (8.10)
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8.4 Cut-Set Lower Bounds for Linear Coding

Consider an LTN graph A with source nodes & C V and receivers 7 C V. We assume that
SNT =10, ie. the set of sources and receivers are disjoint. The total bandwidth and total
power across a cut F C V are defined respectively as

CF) = D o (8.11)
jkeE
JEF, keFe
P(F)= Y. Py (8.12)
jkeE
jEF, keFe
where the edge set £ and bandwidths c;, were defined in Section 7.2. The edges of the
graph are directed, hence the bandwidth across a cut accounts for the c¢;; only for those
edges directed from node v; to v;. In the following theorem, the notation xr denotes the
concatenation of vectors z; : v; € F. The set F¢ denotes the complement of F in V.

Definition 37. D}, , [:l:,r s;c, W} represents the distortion D, ., computed with the weighted
norm via W for the ideal point-to-point network with input x, bandwidth c, reconstruction
vector r, and side information to recewer 8. Similarly, D}, ;. [x,'r}s; c, P, W} represents the

distortion Dy, ;. for a noisy point-to-point network with channel-input power constraint P

and noise vector z with zero-mean with identity covariance.

Theorem 14 (Cut-Set Lower Bounds). Let N be an arbitrary LTN graph with source nodes
S and recewers T . Let F CV be a cut of the graph. For ideal channel communication,

E|:H'r].‘c — ’f‘].‘c 37Vi| Z D;'kdeal |:x]-‘,'r].‘c X re; C(.F), W] . (813)
In the case of noisy channel communication over network N* with additive channel noise z;;

(assumed zero-mean, identity covariance),

E[Hr;c - iv] > D, [zf,r;c 25e; C(F), P(f),w] (8.14)
Proof. The LTN graph is partitioned into two sets F and F¢. The source nodes v; € F
are merged as one source “super” node, and the receivers v; € F¢ are merged into one
receiver “super” node. The maximum bandwidth and maximum power between the source
and receiver are C'(F) and P(F) respectively. The random vector xz. represents those
signals with channels to the receiver super node, not accounted for in the cut F; hence, this
information is given as side information (a relaxation) to the receiver. The relaxed network
after the merging process is the point-to-point network of Fig. 8.1 with noise 2 of dimension

equal to the bandwidth C'(F) of the cut, and provides a lower bound on the MSE distortion

E|:H’l"]:c —‘f']:c

2 .
W} at receivers v; € F¢. O
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Figure 8.2: (a) Block diagram of a multi-source, multi-destination ideal network with labeled bandwidths c;;. (b)
The distortion region assuming that node vs reconstructs 1, and node vs reconstructs z2. (c¢) The distortion region
assuming that node vs reconstructs z2, and node vg reconstructs ;.

Remark 27. The total number of distinct cuts F separating sources and receivers is (215 —
1)(2171—1). For a particular cut, there exists a continuum of lower bounds for multi-receiver
networks depending on the choice of weighting W .

8.4.1 Example: Cut-Set Lower Bounds for Linear Coding

In Fig. 7.5(a), cut-set lower bounds for linear coding are illustrated based on Theorem 14
for a distributed noisy network. The bounds are depicted for the cut that separates all
sources from the receiver. Due to our approximation method in Eqn. (8.10) based on the
SDP relaxation, the lower bounds show tight agreement in the low-SNR and high-SNR
asymptotic regimes.

8.5 Cut-Set Lower Bound From Information Theory

For the point-to-point communication scenario illustrated in Fig. 8.1, the optimal perfor-
mance can be determined precisely. Consider an (-length sequence {(z[t], s[t])}{_, of jointly
i.i.d. random vectors. The source node v; has access to the source sequence {z[t]}{_,. We
will assume throughout that r (respectively r[t]) is a deterministic function of (z,s) (re-
spectively (z[t],s[t])). The goal of receiver vy is to minimize the average MSE distortion

Dy=FE|; Zle |r[t] — #[t]||3| where the reconstruction sequence {#[t]}_, is generated based

on access to side information {s[t]}’_, and the sequence of channel output vectors. We study
the performance in the limit as ¢ — oo and denote D £ D..
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8.5.1 Source-Channel Separation

We establish a lower bound by combining the data processing inequality with the definitions
of Wyner-Ziv rate-distortion function and channel capacity. Specifically, by straightfor-
ward extension of [91], the minimum rate R(D) required to reconstruct {r[t]};2, at dis-
tortion D is given by R(D) = min I(z;u|s) where the minimization is over all “auxiliary”
random vectors u for which p(u,z,s) = p(u|z)p(z,s) and for which E[||r — E[r|u,s]||3] <
D. Furthermore, by definition of the channel capacity C(P) between v; and vy, C(P) =

AKXy (10):B[|lz12]13] <P

and in a nearly identical proof as detailed in [37, Thm. 1.10],
R(D) < C(P). (8.15)

I(x12;y12)." Source-channel separation applies to the scenario of Fig. 8.1,

8.5.2 R(D) for Jointly Gaussian Sources

If {(r[t],z[t],s[t])} form an i.i.d. sequence of jointly Gaussian random vectors, then R(D) is
equal to the conditional rate-distortion function [36, Appendix II],

R.(D) = min I(z;7|s). (8.16)
p(Flz,s):E[|[r—#(13] <D

8.5.3 Capacity of the Vector AWGN Channel

If the channel noise z is a Gaussian random vector with zero mean and covariance X, =1,
the capacity of the channel in Fig. 8.1 with bandwidth c¢;5 and power constraint P is

P
C(P) = % log, {1 + C—J . (8.17)

8.5.4 Lower Bound

We utilize Eqn. (8.15) to obtain an information-theoretic lower bound to the distortion
achievable in any network of the type considered in this paper. An arbitrary graph is
reduced via graph cuts to point-to-point networks. The following theorem collects the known
information-theoretic results discussed.

Theorem 15 (Cut-Set Bounds: Information Theory). Let N be an arbitrary LTN graph with
vector AWGN channels. Consider a cut F C V separating the graph into a point-to-point
network with bandwidth C(F) and power P(F). Let R(D,,) be the rate-distortion function

opt
for the source xx with side information T re and reconstruction rz..> Then
C(F) P(F)

R(D;,;) < —5 log, {1 + @} : (8.18)

!The notation in information theory vs. signal processing differs. The term I(x12;y12) denotes the
mutual information between random vectors whereas the term p(z12) indicates a probability distribution.
2We assume that - is a deterministic function of the global source .
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8.5.5 Example: Cut-Set Lower Bound From Information Theory

For the noisy network in Example 14, consider cut F = {vy,vs,v3}. The source signal
Ty = = [x1;2y; 23] is jointly Gaussian, the side information is absent, and r zc = z. Denote
the eigenvalues of the source zx as {A;;}1 ;. Evaluating Eqn. (8.16) as in [36, Appendix II],
optimal source coding corresponds to reverse water-filling over the eigenvalues (see also [21,
Chap. 10]),

. - 1 g i
Rc(Dopt) = Z max {5 10g2 ﬁa O} )

i=1 v

hete D. — 0 if 0 < Mg

e D D

and where 6 is chosen such that Y " | D; = D% ,. The lower bound of Eqn. (8.18) is plotted

opt*
in Fig. 7.5(b) for two different bandwidth compression ratios.

8.6 Example: Multi-Source, Multi-Receiver Network

Example 15 (Multiple Unicast). In Fig. 8.2, the global source x = [x1; %3] where £; € R*
and T, € R*. The correlation structure of T is given by the following matrices,

(2.4 1.1 0.4 0.00.1 0.1 0.0 0.1
1.1 1.7 0.8 0.40.0 0.2 0.2 0.1
0.4 0.8 1.2 0.0.0.2 0.6 0.1 0.3

_ 10.00.4000803000.100] (8.20)

0.1 0.0 0.2 0.3/1.1 0.1 0.2 0.0

0.1 0.2 0.6 0.0.0.1 1.2 0.2 0.1

0.0 0.2 0.1 0.1.0.2 0.2 1.0 0.6

0.1 0.1 0.3 0.00.00.10.61.2]

Although the network is symmetric, the source covariance matriz given in Eqn. (8.20) in-
cludes cross-correlations which cause the distortion plots to appear asymmetric. The network
structure is specified by bandwidths c;; as labeled in Fig. 8.2(a). The factorization of the global
linear transform T was given in Example 11 of Section 7.4.

The distortion region for the network in the case when node vs estimates rs = x1, and
node vg estimates r¢ = o is given in Fig. 8.2(b). A direct link exists from each source to
receiver. However, if the desired reconstruction at the receivers is switched as in Fig. 8.2(c),
the channel from vs to vy must be shared fully and becomes a bottleneck. The cut-set bounds
of interest are shown in dotted lines. The shaded region depicts the points achievable via
the iterative method of Section 7.4. In Fig. 8.2(c), the upper and lower bounds are not
tight everywhere—even if one receiver is completely ignored, the resulting problem 1is still
a distributed compression problem for which tight bounds are not known. The achievable
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Table 8.1: COMPARISON OF REDUCED-DIMENSION LINEAR TRANSFORMS

Fig. 5(b)  Fig. 5(c)

Design Method D5+ Dg D5 + Dy
Random Projections 4.3170 6.3471
Routing and Network Coding 2.7029 3.8170
Iterative QP Optimization 2.3258 2.6165
(Lower Bound) 2.3243 2.3243

curve was generated by taking the convex hull of 32 points corresponding to weighting ratios
w2 € (455, 100].
In Table 8.1, we compare the results of linear transform design methods for the minimum

sum distortion point (weighting ratio Z—Z =1).

e Random Projections— Fach entry for all compression matrices is selected from the
standard normal distribution. The sum distortion Ds+ Dyg is averaged over 10? random
compression matrices selected for all nodes.

e Routing and Network Coding (Ad-Hoc)— For the scenario in Fig. 8.2(b), nodes vy and
v project their signal onto the principal eigenvectors of 311 and oy respectively. Rout-
ing permits each receiver to receive the best two eigenvector projections from its corre-
sponding source, as well as an extra projection from the other source. For Fig. 8.2(c),
using a simple “network coding” strategqy of adding signals at v3, one receiver is able to
receive its best two eigenvector projections, but the other receiver can only receive one
best eigenvector projection.

o [terative QP Optimization— Linear transforms are designed using the iterative method
of Section 7.4.

e Lower Bound— The minimum sum distortion possible due to the cut-set lower bound of
Theorem 14.

8.6.1 Concluding Remarks

The linear transform network (LTN) was proposed to model the aggregation, compression,
and estimation of correlated random signals in directed, acyclic graphs. For both noiseless
and noisy LTN graphs, a new iterative algorithm was introduced for the joint optimization of
reduced-dimension network matrices. Cut-set lower bounds were introduced for zero-delay
linear coding based on convex relaxations. Cut-set lower bounds for optimal coding were
introduced based on information-theoretic principles. The compression-estimation tradeoffs
were analyzed for several example networks. A future challenge remains to compute tighter
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lower bounds and relaxations for non-convex network optimization problems. Reduced-
dimension linear transforms have potential applications in data fusion and sensor networks.
The idea of exploiting correlations between network signals to reduce data transmission, and
the idea of approximate reconstruction as opposed to exact recovery at receivers may lead
to further advances in networking.

8.7 Proof of Theorem 13

Starting from the optimization in Eqn. (8.8), the LLSE optimal matrix
B?Ift = EuéL{2(L12E£L{2 + I)_l’

assuming 3, = I. Substituting this expression and simplifying the objective function in
Eqn. (8.8),

*
Dnoisy

=min tr [WE, W]

Li2
+tr [qung [Lio%eLT, + 1) ngEg,,WT]
s.t. tr [Lyp3,Li,] < P. (8.21)

Applying the Woodbury (matrix-inversion) identity [15, C.4.3] to the objective function,

D*

noisy

= min tr [WE,W7] - tr [WE,e3 ' 5, W |

Li2
-1
+ tr [Wzygzé—l S+ LiLyo| zé—lzgwa]
s.t. tr [Lip¥,Li,] < P. (8.22)
Introducing a positive semi-definite matrix ® such that
B = WE,e 3 [ + LLLi] 3 5 W,

written equivalently in Schur-complement form [15, A.5.5], and setting ¥ = LT, L, € R™*"
as a rank co matrix,

Dy = ity (@] + tr [W = — 5% '] WT} ,
st tr[E,P] < P, ¥ >0, rank[¥] = ¢po,
@ W, 3!

»

O GRS ] - 0. (8.23)

Dropping the rank constraint yields the relaxation of Eqn. (8.9).



116

Bibliography

1]

E. Abbe. Randomness and dependencies extraction via polarization. In Proc. of the
Information Theory and Applications (ITA) Workshop, San Diego, California, February
2011.

E. Abbe and E. Telatar. Polar codes for the m-user multiple access channel. [EEFE
Transactions on Information Theory, 58(8):5437 —5448, August 2012. ISSN 0018-9448.
doi: 10.1109/TIT.2012.2201374.

R. Ahlswede, N. Cai, S.-Y. R. Li, and R. W. Yeung. Network information flow. IEFFE
Tran. on Info. Theory, 46(4), July 2000.

M. Andersson, V. Rathi, R. Thobaben, J. Kliewer, and M. Skoglund. Nested polar
codes for wiretap and relay channels. IEEE Communications Letters, 14(8):752-754,
August 2010. ISSN 1089-7798.

R. Appuswamy, M. Franceschetti, N. Karamchandani, and K. Zeger. Network coding for
computing: Cut-set bounds. IEEE Transactions on Information Theory, 57:1015-1030,
February 2011.

E. Arikan. Channel polarization: A method for constructing capacity-achieving codes
for symmetric binary-input memoryless channels. IEEE Transactions on Information
Theory, 55(7):3051-3073, July 2009.

E. Ankan. Source polarization. In Proc. of the IEEE International Symposium on
Information Theory, June 2010.

E. Arikan. Polar coding for the slepian-wolf problem based on monotone chain rules.
In Proc. of the International Symposium on Information Theory, July 2012.

E. Arikan and E. Telatar. On the rate of channel polarization. In Proc. of the IEEE
International Symposium on Information Theory, Seoul, South Korea, July 2009.

Salman Avestimehr, Suhas Diggavi, and David Tse. Wireless network information flow:
A deterministic approach. IEEE Transactions on Information Theory, 57(4):1872-1905,
April 2011.



BIBLIOGRAPHY 117

[11]

[12]

W. Bajwa, J. Haupt, A. Sayeed, and R. Nowak. Joint source-channel communication
for distributed estimation in sensor networks. IFEE Tran. Info. Theory, 53:3629-3653,
October 2007.

7. Bar-Yossef, Y. Birk, T. S. Jayram, and T. Kol. Index coding with side information.
IEEFE Transactions on Information Theory, 57(3):1479-1494, 2011.

D. Baron, M. B. Wakin, M. F. Duarte, S. Sarvotham, and R. G. Baraniuk. Distributed
compressed sensing. Available at: http://dsp.rice.edu/cs.

R. Blasco-Serrano, R. Thobaben, M. Andersson, V. Rathi, and M. Skoglund. Polar
codes for cooperative relaying. IEEE Transactions on Communications, 60(11):3263—
3273, November 2012. ISSN 0090-6778.

Stephen Boyd and Lieven Vandenberghe. Convex Optimization. Cambridge University
Press, Cambridge, 2004.

A. Braunstein, F. Kayhan, G. Montorsi, and R. Zecchina. Encoding for the blackwell
channel with reinforced belief propagation. In Proc. of the IEEE International Sympo-
stum on Information Theory, Nice, France, 2007.

D. R. Brillinger. Time Series: Data Analysis and Theory. Holden-Day, San Francisco,
1981.

Viveck R. Cadambe and Syed A. Jafar. Interference alignment and the degree of freedom
for the K user interference channel. IEEE Transactions on Information Theory, 54(8):
3425-3441, August 2008.

T. P. Coleman, M. Effros, E. Martinian, and M. Medard. Rate-splitting for the determin-
istic broadcast channel. In Proc. of the IEEE International Symposium on Information
Theory, Adelaide, Australia, September 2005.

T. P. Coleman, E. Martinian, M. Effros, and M. Medard. Interference management
via capacity-achieving codes for the deterministic broadcast channel. In Proc. IEEE
Information Theory Workshop, pages 23-27, September 2005.

Thomas Cover and Joy Thomas. Elements of Information Theory. Wiley-Interscience,
New York, 1991.

Thomas M. Cover. Broadcast channels. IEEE Transactions on Information Theory, 18
(1):2-14, January 1972.

Thomas M. Cover. Comments on broadcast channels. IEEFE Transactions on Informa-
tion Theory, 44(6):2524-2530, October 1998.

E. Sasoglu, E. Telatar, and E. Arikan. Polarization for arbitrary discrete memoryless
channels. CoRR, abs/0908.0302, 2009.



BIBLIOGRAPHY 118

[25]

[26]

[30]

[31]

[33]

[34]

[35]

[36]

[37]
[38]

A. d‘Aspremont, L. El Ghaoui, M. I. Jordan, and G. R. Lanckriet. A direct formulation
for sparse pca using semidefinite programming. SIAM Review, (49):434-448, 2007.

A. G. Dimakis, P. B. Godfrey, Y. Wu, M. Wainwright, and K. Ramchandran. Network
coding for distributed storage systems. IEEE Transactions on Information Theory, 56
(9):4539-4551, September 2010.

A. G. Dimakis, Kannan Ramchandran, Yunnan Wu, and Changho Suh. A survey on
network codes for distributed storage. Proceedings of the IEEFE, 99:476-489, March
2011.

David Donoho. Compressed sensing. IEEE Tran. on Info. Theory, 52(4):1289-1306,
April 2006.

Randall Dougherty, Christopher Freiling, and Kenneth Zeger. Insufficiency of linear
coding in network information flow. IEEE Transactions on Information Theory, 51(8):
2745-2759, August 2005.

J. Fang and H. Li. Joint dimension assignment and compression for distributed multi-
sensor estimation. IFEE Signal Processing Letters, 15:174-177, Jan. 2008.

Jun Fang and Hongbin Li. Optimal/near-optimal dimensionality reduction for dis-
tributed estimation in homogeneous and certain inhomogeneous scenarios. IEEE Trans-
actions on Signal Processing, 58(8):4339-4353, Aug. 2010.

L.R. Ford and D.R. Fulkerson. Maximal flow through a network. Canadian Journal of
Mathematics, 8:399-404, 1956.

Abbas El Gamal and Young-Han Kim. Network Information Theory. Cambridge Uni-
versity Press, New York, 2011.

M. Gastpar. On source-channel communication in networks. In Piyush Gupta, Ger-
hard Kramer, and Adriaan van Wijngarden, editors, Advances in Network Information
Theory, DIMACS, pages 217-237. March 2003.

M. Gastpar, P. L. Dragotti, and M. Vetterli. The distributed karhunen-loeve transform.
In Proc. IEEE Workshop on Multimedia Signal Processing, pages 57—60, St. Thomas,
Virgin Islands, USA, Dec. 2002.

M. Gastpar, P. L. Dragotti, and M. Vetterli. The distributed karhunen loéve transform.
IEEE Tran. Info. Theory, 52:5177-5196, 2006.

Michael Gastpar. To Code or Not To Code. PhD thesis, EPFL, 2002.

Arvind Giridhar and P. R. Kumar. Computing and communicating functions over sensor
networks. IEEE Journal on Selected Areas in Communications, 23(4):755-764, April
2005.



BIBLIOGRAPHY 119

[39]

[40]

[41]

[42]

[43]

[48]

[49]

[50]

[51]

N. Goela and M. Gastpar. Reduced-dimension linear transform coding of correlated
signals in networks. IEEE Transactions on Signal Processing, (6):3174-3187.

N. Goela, E. Abbe, and M. Gastpar. Polar codes for the deterministic broadcast chan-
nel. In Proc. International Zurich Seminar on Communications, pages 51-54, Zurich,
Switzerland, February 2012.

N. Goela, C. Suh, and M. Gastpar. Network coding with computation alignment. In
IEEFE Information Theory Workshop (ITW), pages 507-511, 2012.

N. Goela, E. Abbe, and M. Gastpar. Polar codes for broadcast channels. CoRR,
abs/1301.6150, 2013.

A.A. Gohari and V. Anantharam. Evaluation of marton’s inner bound for the general
broadcast channel. IEEE Transactions on Information Theory, 58(2):608-619, February
2012. ISSN 0018-9448.

V. Goyal. Theoretical foundations of transform coding. IEEE Signal Processing Maga-
zine, 18(5), 2001.

Patrick Healy and Nikola S. Nikolov. How to layer a directed acyclic graph. In Revised
Papers from the 9th International Symposium on Graph Drawing, Graph Drawing, pages
16-30, 2002.

F. Hekland, P. A. Floor, and T. A. Ramstad. Shannon-kotel'nikov mappings in joint
source-channel coding. IEEE Transactions on Communications, 57(1):94-105, Jan.
2009.

Tracey Ho, Muriel Medard, Ralf Koetter, David R. Karger, Michelle Effros, Jun Shi, and
Ben Leong. A random linear network coding approach to multicast. IEEE Transactions
on Information Theory, 52(10):4413-4430, October 2006.

Eran Hof, Igal Sason, and Shlomo Shamai. Polar coding for reliable communications
over parallel channels. CoRR, abs/1005.2770, 2010.

S. Jaggi, P. Sanders, P.A. Chou, M. Effros, S. Egner, K. Jain, and L.M.G.M.M. Tol-
huizen. Polynomial time algorithms for multicast network code construction. IEFEFE
Tran. Info. Theory, 51:1973-1982, 2005.

S. Jalali and M. Effros. On the separation of lossy source-network coding and channel
coding in wireline networks. In Proc. IEEE International Symposium on Information
Theory, pages 500-504, June 2010.

M. Karzand. Polar codes for degraded relay channels. In Proc. International Zurich
Seminar on Communications, pages 59-62, Zurich, Switzerland, February 2012.



BIBLIOGRAPHY 120

[52]

[53]

[54]

[55]

[56]

[57]

R. Koetter and F. R. Kschischang. Coding for errors and erasures in random network
coding. IEEE Transactions on Information Theory, 54(8):3579-3591, Aug. 2008.

Ralf Koetter and Muriel Medard. An algebraic approach to network coding. IEEE/ACM
Transactions on Networking, 11:782-795, October 2003.

S. B. Korada and R. L. Urbanke. Polar codes are optimal for lossy source coding. IEEE
Transactions on Information Theory, 56(4):1751-1768, 2010.

Satish B. Korada. Polar Codes for Channel and Source Coding. PhD thesis, EPFL,
20009.

S.B. Korada, E. Sasoglu, and R. Urbanke. Polar codes: Characterization of exponent,
bounds, and constructions. IEEE Transactions on Information Theory, 56(12):6253—
6264, December 2010. ISSN 0018-9448.

0.0. Koyluoglu and H. El Gamal. Polar coding for secure transmission and key agree-
ment. [EEE Transactions on Information Forensics and Security, 7(5):1472-1483, Oc-
tober 2012. ISSN 1556-6013.

Gerhard Kramer and Serap A. Savari. Edge-cut bounds on network coding rates. J.
Network Syst. Management, 14(1):49-67, 2006.

S-Y. R. Li, R. W. Yeung, and N. Cai. Linear network coding. IEFE Trans. Inform.
Theory, 49(2):371-381, February 2003.

M. A. Maddah-Ali, S. A. Motahari, and Amir K. Khandani. Communication over MIMO
X channels: Interference alignment, decomposition, and performance analysis. [EEE
Transactions on Information Theory, 54(8):3457-3470, August 2008.

H. Mahdavifar and A. Vardy. Achieving the secrecy capacity of wiretap channels using
polar codes. IEEE Transactions on Information Theory, 57(10):6428-6443, October
2011. ISSN 0018-9448.

K. Marton. The capacity region of deterministic broadcast channels. In Proc. of the
IEEE International Symposium on Information Theory, Paris-Cachan, 1977.

K. Marton. A coding theorem for the discrete memoryless broadcast channel. IEEE
Transactions on Information Theory, 25:306-311, May 1979.

R. Mori and T. Tanaka. Channel polarization on g-ary discrete memoryless channels
by arbitrary kernels. In Proc. IEEE International Symposium on Information Theory,
pages 894-898, June 2010.

C. Nair. Capacity regions of two new classes of two-receiver broadcast channels. IFEFE
Transactions on Information Theory, 56(9):4207-4214, September 2010. ISSN 0018-
9448. doi: 10.1109/TIT.2010.2054310.



BIBLIOGRAPHY 121

[66]

[67]

[68]

[69]

[70]

C. Nair and A. El Gamal. An outer bound to the capacity region of the broadcast
channel. IEEE Transactions on Information Theory, 53:350-355, January 2007.

Bobak Nazer and Michael Gastpar. Computation over multiple-access channels. IEEE
Trans. Inform. Theory, 53(10):3498-3516, October 2007.

Bobak Nazer and Michael Gastpar. Compute-and-forward: Harnessing interference
through structured codes. IEEE Transactions on Information Theory, 57:6463—6486,
October 2011.

Urs Niesen, Bobak Nazer, and Phil Whiting. Computation alignment: Capacity ap-
proximation without noise accumulation. arXiv:1108.6312, August 2011.

H. I. Nurdin, R. R. Mazumdar, and A. Bagchi. Reduced-dimension linear transform cod-
ing of distributed correlated signals with incomplete observations. IFEE Transactions
on Information Theory, 55(6):2848-2858, June 2009.

W. Park and A. Barg. Polar codes for ¢g-ary channels, ¢ = 2". IEEFE Transactions on
Information Theory, 59(2):955-969, February 2013. ISSN 0018-9448.

M. S. Pinsker. Capacity of noiseless broadcast channels. Probl. Inform. Transm., pages
97-102, June 1978.

M. Rabbat, J. Haupt, A. Singh, and R. Nowak. Decentralized compression and predis-
tribution via randomized gossiping. In IPSN 2006, Nashuville, TN.

B. Rai and B. Dey. On network coding for sum-networks. IEEFE Transactions on
Information Theory, 58:50-63, January 2012.

A. Ramamoorthy. Communicating the sum of sources over a network. Proceedings of the
IEEE International Symposium on Information Theory, pages 1646-1650, July 2008.

A. Ramamoorthy and M. Langberg. Communicating the sum of sources over a network.
arXw:1001.5319, January 2010.

A. Ramamoorthy, K. Jain, P. A. Chou, and M. Effros. Separating distributed source
coding from network coding. IEEE Transactions on Information Theory, 52(6):2785—
2795, June 2006.

T. Ramstad. Shannon mappings for robust communication. Telektronikk, 98(1):114-128,
2002.

S. El Rouayheb, A. Sprintson, and C. Georghiades. On the index coding problem and
its relation to network coding and matroid theory. IEEE Transactions on Information
Theory, 56(7):3187-3195, 2010.



BIBLIOGRAPHY 122

[80]

[81]

[82]

[83]

[84]

O. Roy and M. Vetterli. Dimensionality reduction for distributed estimation in the
infinite dimensional regime. IEEE Tran. Info. Theory, 54(4):1655-1669, April 2008.

A.G. Sahebi and S.S. Pradhan. Multilevel polarization of polar codes over arbitrary
discrete memoryless channels. In 49th Annual Allerton Conference on Communication,
Control, and Computing, pages 1718-1725, September 2011.

E. Sasoglu. Polarization and polar codes. Foundations and Trends in Comm. and
Information Theory, 8(4):259-381, 2012.

I. D. Schizas, G. B. Giannakis, and Z. Q. Luo. Distributed estimation using reduced-
dimensionality sensor observations. IEEE Tran. Signal Processing, 55(8):4284-4299,
August 2007.

Godwin Shen, Sunil K. Narang, and Antonio Ortega. Adaptive distributed transforms
for irregularly sampled wireless sensor networks. In Proc. Int. Conf. on Acoustics,
Speech, and Signal Processing (ICASSP), April 2009.

D. Silva, F. R. Kschischang, and R. Koetter. A rank-metric approach to error control in
random network coding. IEEE Transactions on Information Theory, 54(2):3951-3967,
Sept. 2008.

M. Skoglund, N. Phamdo, and F. Alajaji. Hybrid digital-analog source-channel coding
for bandwidth compression/expansion. IEEE Transactions on Information Theory, 52
(8):3757-3763, Aug. 2006.

C. Suh, N. Goela, and M. Gastpar. Computation in multicast networks: Function
alignment and converse theorems. CoRR, abs/1209.3358, 2012.

Ido Tal and Alexander Vardy. How to construct polar codes. CoRR, abs/1105.6164,
2011.

M. Turk and A. Pentland. Eigenfaces for recognition. Journal of Cognitive Neuroscience,
3(1):71-86, 1991.

Ami Wiesel and Alfred O. Hero I1I. Decomposable principal component analysis. IEEE
Transactions on Signal Processing, 57(11):4369-4377, Nov. 2009.

Aaron D. Wyner and Jacob Ziv. The rate-distortion function for source coding with
side information at the decoder. IEEE Transactions on Information Theory, 22(1):1-10,
January 1976.

Jinjun Xiao, Shuguang Cui, Zhi-Quan Luo, and Andrea J. Goldsmith. Linear coherent
decentralized estimation. IEEE Transactions on Signal Processing, 56(2):757-770, 2008.



BIBLIOGRAPHY 123

93] W. Yu and M. Aleksic. Coding for the blackwell channel: A survey propagation ap-
proach. In Proc. of the IEEE International Symposium on Information Theory, Ade-
laide, Australia, September 2005.

94] K. Zhang. Best Linear Unbiased Estimation Fusion with Constraints. PhD thesis, Univ.
of New Orleans, New Orleans, LA, 2003.

[95] Y. Zhu, E. Song, J. Zhou, and Z. You. Optimal dimensionality reduction of sensor
data in multisensor estimation fusion. IEEE Transactions on Signal Processing, 53(5):
1631-1639, May 2005.



	Contents
	List of Figures
	List of Tables
	Dissertation Overview
	Information Theory, Statistics, and New Codes
	The Abstraction of Information in Networks

	Polar Codes For Networks
	Polarization of Random Variables
	Overview of Theory
	Polar Codes for Multi-User Networks
	Polar Codes For Broadcast Channels

	Deterministic Broadcast Channels
	Channel Capacity
	Polar Coding Theorem
	Overview of Polarization Method
	Proof Of Main Theorem
	Proof Of Lemmas
	Proof of Total Variation Bound

	Superposition Coding
	Classes of Broadcast Channels
	Cover's Inner Bound
	Polar Coding Theorem
	Proof of Main Theorem
	Proof Of Lemmas
	Bounding the Probability Of Error

	Marton's Broadcast Construction
	Marton's Inner Bound
	Polar Coding Theorem
	Proof of Main Theorem
	Bounding the Probability of Error


	Communication and Computation in Networks
	Network Coding and Network Computing
	Overview of Literature
	A Simple Multiple-Unicast Network
	Network Computing Model
	Computation Capacity Region
	Network Decomposition Into Parallel Models
	Function Alignment
	Linear Coding Upper Bound
	Converse Theorems
	General L-User Networks


	 Low-Complexity Source-Channel-Network Coding
	Linear Transform Coding in Networks
	Introduction
	Network Model
	Linear Processing of Network Signals
	Convex Optimization of Compression-Estimation Matrices
	Iterative Algorithm
	Example: A Multi-Hop Network
	Analysis of Noisy Networks
	Example: A Distributed Noisy Network

	Cut-Set Bounds
	Cutting a Graph
	Case I: Relaxation to Ideal Vector Channel
	Case II: Semi-Definite Programming Relaxation
	Cut-Set Lower Bounds for Linear Coding
	Cut-Set Lower Bound From Information Theory
	Example: Multi-Source, Multi-Receiver Network
	Proof of Theorem 13

	Bibliography


