ABSTRACT

ZHU, JUNAN. Statistical Physics and Information Theory Perspectives on Linear Inverse Problems.
(Under the direction of Dror Baron.)

Many real-world problems in machine learning, signal processing, and communications assume
that an unknown vector x is measured by a matrix A, resulting in a vector y = Ax+z, where z denotes
the noise; we call this a single measurement vector (SMV) problem. Sometimes, multiple dependent
vectorsx\/), je{1,---, J}, are measured at the same time, forming the so-called multi-measurement
vector (MMV) problem. Both SMV and MMV are linear models (LM’s), and the process of estimating
the underlying vector(s) x from an LM given the matrices, noisy measurements, and knowledge
of the noise statistics, is called a linear inverse problem. In some scenarios, the matrix A is stored
in a single processor and this processor also records its measurements y; this is called centralized
LM. In other scenarios, multiple sites are measuring the same underlying unknown vector x, where
each site only possesses part of the matrix A; we call this multi-processor LM. Recently, due to
an ever-increasing amount of data and ever-growing dimensions in LM’s, it has become more
important to study large-scale linear inverse problems. In this dissertation, we take advantage of
tools in statistical physics and information theory to advance the understanding of large-scale
linear inverse problems. The intuition of the application of statistical physics to our problem is
that statistical physics deals with large-scale problems, and we can make an analogy between
an LM and a thermodynamic system [Tan02; GV05; Krz12a; Krz12b; MM09; BK15]. Therefore, we
can apply statistical physics analysis tools as well as algorithmic tools into understanding large-
scale LM’s and their corresponding linear inverse problems. In terms of information theory [CT06],
although it was originally developed to characterize the theoretic limits of digital communication
systems, information theory was later found to be rather useful in analyzing and understanding other
inference problems. We use some of the concepts and ideas of information theory to understand
the theoretic performance limits in various aspects of linear inverse problems.

There exist numerous algorithms for solving linear inverse problems. However, only a partial
understanding of the theoretic characterization of the minimum mean squared error (MMSE) when
solving linear inverse problems appears in the literature [Ran12; Tan02; GV05]. Such a theoretic
analysis helps practitioners appreciate the gap between their estimation quality and the theoretically
optimal quality. Therefore, in this dissertation we use the replica analysis [Tan02; GV05; MT06;
Krz12a; Krz12b; MM09; BK15; Les15] from statistical physics to study the MMSE in MMV problem:s.
We obtain different performance regions in which the MMSE behaves differently. Besides the quality
of the estimation, there are also other “costs” that practitioners might care about, especially in the
big data era. Some prior art has focused on reducing certain costs such as the communication
cost [Han14] and the computation cost [Mal4c], but there has been less progress relating different



costs and achieving optimal trade-offs among them. Despite the lack of such works, these trade-offs
are important to system designers in order to produce efficient systems. To address these issues, in
this dissertation we use a distributed algorithm as an example and study the behavior of the optimal
communication scheme in the limit of low excess mean squared error beyond the MMSE for that
distributed algorithm. Furthermore, we study the optimal trade-offs among the computation cost,
the communication cost, and the quality of the estimate.

Finally, we discuss estimation algorithm design for an SMV setting. There are numerous esti-
mation algorithms for SMV in the prior art, but they all require some statistical knowledge about
the underlying vector x; in a practical setting, such knowledge might be inaccurate or unavailable.
Therefore, it is important to design a universal estimation algorithm that is more agnostic to the
prior knowledge of the unknown vector x. In this dissertation, we design an algorithmic framework
based on Markov chain Monte Carlo (MCMC) borrowed from statistical physics, and in extensive

numerical experiments the algorithm achieves a mean squared error that is close to the MMSE.
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CHAPTER

INTRODUCTION

Many problems in science and engineering can be approximated as linear, where an unknown
vector x € RV is measured via a matrix multiplication, w = Ax, with A being an M x N matrix. The

measurements y are collected after w is corrupted by measurement noise z€ RM,
y=Ax+z. (1.1

In some machine learning problems, the training set consists of A and y, where A contains the
features and y contains the outcomes [Ric07; McM13]; x is usually called the coefficient vector that
describes the relation between the features and the outcomes. In signal processing, A describes the
signal acquisition system, y contains the measurements, and x is the underlying signal [Don06a].
For communication systems such as CDMA, the matrix A contains the spreading sequences that
spread the input (channel) symbol from each user, and then the receiver mixes the spread symbols
from different users and obtains y [GV05]. The input symbols from different users at a certain time
interval form the vector x. For ease of presentation, we call the underlying input vector x the signal,
A the measurement matrix, and y the measurements vector. In the following, we introduce several

variants of our setting (1.1) and then discuss the prior art in solving the linear models.



1.1 Linear Models and Linear Inverse Problems

1.1.1 Problem setting

There are some variants of linear models (LM’s). Based on how the measurements y and the matrix
A are stored, we form centralized LM’s or multi-processor LM’s. We can also define linear models
based on the number of underlying unknown vectors x: if there is only one unknown vector x, then
it is a single measurement vector (SVM) problem; if there are more than one unknown vector x, then
we form a multi-measurement vector (MMV) problem.

Centralized vs. multi-processor LM’s: If the matrix A and the measurements yin (1.1) are stored
in a single processor, then we call the LM a centralized LM. Recently, there is an increasing amount
of data being generated in various applications. For example, the trend of relying on Internet
services and social networks is more prevalent than ever before; users of web services are generating
numerous log files daily. As another example, financial analysts need to predict the changes in
prices based on historical price information. Given the amount of financial derivatives and the high
frequency of changes in prices, financial institutions are also overwhelmed by a vast amount of data.
Another example involves recent advances in wearable devices. Health care providers can provide
patients with wearable sensors that record and report the health status of patients frequently, so
that the health care providers can react quickly once there is an emergency. With these ever-growing
amounts of data, it is no longer practical to fit these data into a single machine, and distributed and
scalable file systems such as Hadoop Distributed File Systems (HDFS) [DG08] have been developed.
For the case of LM, if the matrix A and the measurements y are so big that they have to be stored in a
distributed file system such as HDFS, then we form a multi-processor (MP) LM [Mot12; Pat13; Pat14;
Han14; Han15b; Ravl5; Han15a; Han16]. Consider an MP-LM with P distributed processor nodes
and a fusion center. Each distributed processor node stores % rows of the matrix A, and acquires
the corresponding measurements of the underlying signal x. Without loss of generality, the LM in

distributed processor node p € {1,---, P} can be written as

Mip—1) @} (1.2)

Vi=A;x+2z;, I € {T-l—l,--- "
where A; is the i-th row of A, and y; and z; are the i-th entries of y and z, respectively.

Single measurement vector vs. multiple measurement vectors: Apart from the MP-LM, an-
other type of distributed linear model involves multiple sensors. Using multiple sensors can acceler-
ate the sensing speed by pointing different sensors at different regions of interest, which we call
distributed sensing[Dua06; HN06; Bar06]. In distributed sensing, suppose that J sensors are measur-
ing J signal vectors, x1),--- ,x). Each signal vector x\/) is measured by a matrix A), which models

the sensing mechanism of each sensor, and the measurements y'/) are corrupted by independent



and identically distributed (i.i.d.) noise z(/),
Yy =AW 120 jef1,---, T}, (1.3)

where the () in the super-script denotes the index of the corresponding sensor. Of particular
interest in reducing the number of measurements while achieving similar signal estimation quality,
distributed sensing leads to a proliferation of research on the MMV problem [CHO06; Cot05; ME09;
BF09], in which the J sparse signal vectors x(7), je{l,---, ]}, share common non-zero supports,

7
as explained below. Let us construct a super-symbolx; = [xlm, e ,xl(] )] , where {-}" denotes the

transpose, and xl(j 'is the I-th entry of the signal vector x/). The super-symbols x;, [ €{1,---,N},

follow an i.i.d. J-dimensional joint distribution,

fx)=pox)+(1—p)ox), (1.4)

where p is the sparsity rate, ¢(x;) is a J-dimensional joint distribution, and 6(x;) is the Dirac delta
function for J-dimensional vectors. When the number of signal vectors becomes 1, i.e., J =1, this
MMYV problem (1.3) becomes an SMV problem. The MMV problem has many applications such as
radar array signal processing, acoustic sensing with multiple speakers, magnetic resonance imaging
with multiple coils [Jun07; Jun09], and diffuse optical tomography using multiple illumination
patterns [Leell].

Linear inverse problem: Usually, estimation algorithms need to be designed to estimate the
signal x given the matrix A, noisy measurements y, and possible statistical knowledge about the
noise z. We call this a linear inverse problem.

In this work, we focus on the large system limit defined below.

Definition 1.1 (Large system limit [GWO08]). The signal length N scales to infinity, and the number
of measurements M = M(N) depends on N and also scales to infinity, where the ratio approaches a
positive constantk,
. M(N)
lim ——=x>0.
N—0oo

We call k the measurement rate.

1.1.2 Prior art and open questions

Linear models are widely studied and find extensive real-world applications. Over the years, people
have developed various algorithms to solve the underlying signal vectors for linear models. Many
estimation algorithms pose a sparsity prior on the signal x or the coefficient vector 8 [Can06; Don06a;
Fig07], where @ = W~!x, and W is called the sparsifying transform that renders a sparse coefficient

vector 6. A second, separate class of Bayesian algorithms to solve the linear inverse problem poses



a probabilistic prior for the coefficients of x in a known transform domain [Don10; Ran11; Ji08;
SNO08; Bar10]. Given a probabilistic model, some related message passing approaches learn the
parameters of the signal model and achieve the minimum mean squared error (MMSE) in some
settings; examples include EM-GM-AMP-MOS [VS13], turboGAMP [Zin12], and AMP-MixD [Mal4b].
As a third alternative, complexity-penalized least square methods [FN03; Don06b; HN06; HN12;
RS12a] can use arbitrary prior information on the signal model and provide analytical guarantees,
but are only computationally efficient for specific signal models, such as the independent-entry
Laplacian model [HNO06]. For example, Donoho et al. [Don06b] relies on Kolmogorov complexity,
which cannot be computed [CT06; LV08]. As a fourth alternative, there exist algorithms that can
formulate dictionaries that yield sparse representations for the signals of interest when a large
amount of training data is available [RS12a; Aha06; Mai08; Zho12]. When the signal is non-i.i.d.,
existing algorithms require either prior knowledge of the probabilistic model [Zin12] or the use of
training data [GOO7]. In spite of the numerous algorithms to solve the linear inverse problem, there

are many important gaps in the prior art, such as those listed below.

1. Whatis the best we can do? Along with existing algorithms for solving linear inverse problems,
researchers often provide theoretic estimation accuracy guarantees for these algorithms.
However, what is often missing is the optimal estimation quality associated with the linear
inverse problem itself, instead of the optimal estimation quality for a specific algorithm. Such
a theoretic analysis will help us evaluate the quality of each algorithm and identify the gap

between a specific algorithm and the theoretically optimal estimation quality.

2. What are the costs of running an algorithm? Nowadays, due to the large amounts of data
mentioned in Section 1.1.1, many systems are designed in a distributed fashion. Hence,
estimation algorithms need to run in a distributed network and thus incur communication
costs. There exists some work trying to save communication by designing cache systems so
that each node in the network does not need to send every piece of data every time [Li15; Li16].
There are also some works using heuristics in reducing the precision of the floating-point
numbers sent across the network [McM13; Thal3]. However, there is little prior art discussing

the “optimal” communication scheme.

3. Better algorithms? At the beginning of this section, we briefly discussed some classes of
algorithms. In certain cases, one might not be certain about the structure or statistics of
the signal prior to estimation. Uncertainty about such structure may result in a sub-optimal
choice of the sparsifying transform W, yielding a coefficient vector 8 that requires more
measurements to achieve reasonable estimation quality; uncertainty about the statistics of
the signal will make it difficult to select a prior or model for Bayesian algorithms. Thus, we
think that a “better” algorithm should be more agnostic to the particular statistics of the signal

while still achieving reasonable estimation results.



1.1.3 Contributions

In the following, we briefly discuss our contributions corresponding to each of the unsolved problems
raised in Section 1.1.2. Most of our contributions are made possible by taking advantage of statistical

physics tools and information theory.

1. Characterizing the optimal estimation quality: In Chapter 3, we make an analogy between
the MMV problem (1.3) and a thermodynamic system and use the replica analysis [Tan02;
GV05; MT06; Krz12a; Krz12b; MMO09; BK15; Les15] from statistical physics to analyze the
information theoretic MMSE for MMV problems with i.i.d. Gaussian measurement matrices
and i.i.d. Gaussian noise. Our analysis is readily extended to other i.i.d. measurement matrices
and i.i.d. measurement noise. Note that the MMSE is associated with the MMV problem (1.3)
itself and is not associated with any specific estimation algorithms. Realizing that mean
squared error (MSE) might not be the only metric that is of interest, we propose a future
direction to extend the work of Tan and coauthors [Tan14a; Tan14b] to analyze the average

error based on arbitrary user-defined error metrics for MMV problems.

2. Optimal trade-offs among different costs: In Chapter 4, we apply rate-distortion theory[CT06;
Ber71; GG93; WV12a] to optimize the communication cost in a specific distributed algorithm,
and propose a method to find the optimal combined cost of computation and communication.
In addition, we study the asymptotic behavior of the optimal communication scheme in the
limit of low excess MSE beyond the MMSE. Also, recognizing that we cannot minimize the
computation cost, communication cost, and the quality of the estimate simultaneously, we

study the optimal trade-offs among these different costs.

3. Designing better algorithms: In Chapter 5, we propose a universal algorithm that is based
on the mild assumption of the signal being “simple,” i.e., there is some structure in the signal
that is simple. Our algorithm is based on “simulated annealing,” a mathematical analogy to a
statistical physics concept, and achieves favorable estimation accuracy while using limited
prior information about the signal models. In Chapter 5, we also briefly discuss another
universal algorithm that is based on belief propagation [Don09; Bar10; BM11; Mon12; Krz12a;
Krz12b; BK15], which originates from statistical physics and information theory. We refer
interested readers to Ma et al. [Mal4a; Mal6].

The underlying intuition of why statistical physics and information theory can be useful in
tackling our problems is that they both deal with large systems, and fortunately, the problems that we
are targeting in this dissertation are indeed large systems. Moreover, the general formulations of our
problems create analogies between our problems and thermodynamic systems and communication
systems, so that we can take advantage of the existing analytical and algorithmic tools in the rich

fields of statistical physics and information theory.



1.2 Organization, Notations, and Acronyms

1.2.1 Organization

This dissertation is organized as follows. Chapter 2 introduces some background on statistical physics
and information theory. Chapter 3 studies the MMSE and its behavior for MMV problems; we also
propose a future direction to study arbitrary user-defined error metrics for MMV problems. The
limiting behavior of the optimal communication scheme and the optimal trade-offs among different
costs in MP-LM’s are discussed in Chapter 4. In Chapter 5, we propose a universal algorithmic
framework that achieves favorable estimation quality. Chapter 6 concludes the dissertation and
proposes some future directions. Details about some proofs appear in the appendices.

Note that Chapter 3 is based on our work with Baron [ZB13] and with Baron and Krzakala [Zhu16b].
Chapter 4 is based on our work with Han et al. [Han16] and with Baron and Beirami [Zhul6c; Zhul6a].
Chapter 5 is based on our work with Baron and Duarte [Zhul4; Zhul5].

1.2.2 Notations

In this dissertation, bold capital letters represent matrices, bold lower case letters represent vectors,
and normal font letters represent scalars. The entry (scalar) in the i-th row, j-th column of a matrix A

is denoted by A; ;, where the comma is often omitted. The i-th entry (scalar) in a vector z is denoted

J?
by z;. Following are some frequently used notations.

¢ A: Measurement matrix

C: The set of complex numbers
¢ D: Distortion

¢ §(-): Dirac delta function

f(-): Probability density function (continuous variable)
¢ E[-]: Expectation

* k: Measurement rate

e M:Number of measurements

e N:Signal length

N: The set of natural numbers, i.e., {0,1,---}

» ¥ (u,0?): Gaussian distribution with mean u and variance o



¢ R:Coding rate

R: The set of real numbers

¢ P: Probability

¢ P(-): Probability mass function (discrete variable)

* p: Sparsity rate (percentage of non-zeros in a vector)
J a%: Variance of the noise z

e ¢:Iteration index

o« AT Transpose of matrix A

¢ x: Signal

lIxIl,: £, norm of a vector x; if p is not specified, then we refer to £, norm
¢ y: Measurements

e z: Noise

® [Xx1,Xy,--+, XN ]: The vector consists of xj, Xy, , Xy

e {1,2,---,N}: The set consists of 1,2,--- , N

1.2.3 Acronyms

e AMP: Approximate message passing

¢ BP: Belief propagation

* CS: Compressed sensing

¢ i.i.d.: Independent and identically distributed
¢ LM: Linear model

¢ MMSE: Minimum mean squared error

¢ MMYV: Multi-measurement vector

e MP: Multi-processor

e MSE: Mean squared error



PMEF: Probability mass function
RD: Rate-distortion

SDR: Signal-to-distortion ratio
SMV: Single measurement vector

SNR: Signal-to-noise ratio



CHAPTER

2

STATISTICAL PHYSICS AND
INFORMATION THEORY BACKGROUND

In Chapter 1, we discussed the prior art and mentioned that our contributions are made possible
by tools in statistical physics and information theory. Due to the interdisciplinary nature of this
dissertation, this chapter briefly reviews some concepts and methodologies that are used in our
work. We refer readers who are interested in delving into these subjects to the books by Mézard and
Montanari [MMO09] and by Cover and Thomas [CT06].

2.1 Relevant Statistical Physics Concepts

Statistical physics studies a disordered thermodynamic system containing a large number of parti-
cles that are interacting with each other by the internal force between (among) the particles as well
as the external force applied to the entire disordered system.

2.1.1 Basics

In this section, we briefly introduce some concepts that are frequently used in statistical physics.



Entropy (thermodynamics): Entropy quantifies the amount of disorder of a thermodynamic
system,
(%) =—> P(x)logP(x), 2.1)
X

where the vector x describes the configuration of a certain thermodynamic system and P(x) is the
probability of a certain configuration existing in the disordered system. By summing over all possible
configurations and accounting for their corresponding probability, we are able to obtain the level of
disorder, or the entropy of this particular thermodynamic system.

Boltzmann distribution: In a thermodynamic system, the higher the temperature is, the more
disordered the system is. The Boltzmann distribution is a probability distribution used to describe
various possible configurations in a thermodynamic system,

H(x)

1
P(X) = Eexp (—T) , (2.2)

where the vector x describes the configuration of a thermodynamic system, T is the temperature of
this system, H(x) is the energy for a certain configuration, and Z is a normalizer called the partition
function. If the thermodynamic system is in a high temperature, i.e., T is large, then the probabilities
for configurations with different energy are approximately the same and the system reaches the
maximum entropy (2.1), which corresponds to the greatest amount of disorder.

Annealing and quench: The configuration associated with the lowest energy can be obtained
through a process called annealing, where a disordered system gradually cools down. Intuitively,
when the temperature T decreases, the configurations with lower energy becomes more and more
likely in the disordered system, according to (2.2). Given enough time that allows a slow enough
decrease in the temperature, we can guarantee to obtain the globally minimum energy configuration.
A related concept is quench, in which the temperature is quickly decreased, so that the disordered
system is likely to achieve a local minimum energy configuration. Since the temperature is quickly
decreased, once a local minimum energy configuration appears, it will be difficult to generate other
lower energy configurations according to (2.2).

2.1.2 Spin glass theory basics

A basic understanding of spin glass theory provides new perspectives when solving linear inverse
problems. In the following, we introduce some basics of spin glass theory. The goal is to provide
intuition, and we refer interested readers to Mézard and Montanari [MMO09] for rigorous and detailed
explanations.

Mean-field spin glasses: As discussed in Section 2.1.1, the thermodynamic system we are in-
terested in contains many particles. A simple model in the mean-field spin glass theory models
each of the particles as a spinning glass, where each glass has two spinning states. In this simple

10



Internal forces

< —

External forces

I

Figure 2.1 Illustration of spin glasses with internal and external forces. Each dot represents a spin glass. Vertical
arrows denote the state of each glass. The remaining arrows illustrate the internal forces between pairs of
spin glasses and the curve in the bottom panel illustrates the external force. Figure inspired by Ralf R. Miiller.

model, there exist internal forces between each pair of the spinning glasses. Moreover, we assume
that there is an external force that can affect the states of the glasses. Hence, the overall energy of a

specific thermodynamic system for a specific configurationx is

H(x)=—ZZrl~jxl~xj—Zh,-xi, (2.3)

i j<i i

where x; is the i-th element of the configuration (vector) x and it represents the state of the i-th
glass, r;; models the force between glass i and glass j, and h; models the external force applied to
glass i. This model is illustrated in Figure 2.1, where each dot represents a glass, and the vertical
arrows denote the state of each glass. The remaining arrows illustrate the internal forces between
pairs of spin glasses and the curve in the bottom panel illustrates the external force. The energy
function (2.3) is often called the Hamiltonian. Note that the Hamiltonian (2.3) is quenched, because
we assume that r;; and h; are constant.

One of the things that nature does is maximizing the entropy (2.1) of a thermodynamic system

for a given energy (because energy is assumed to be conserved),
&= ZIP’(X)H(X). 2.4)
X

It can be proved that the Boltzmann distribution (2.2) maximizes the entropy (2.1) for a given
energy (2.4). Moreover, the energy H(x) in the Boltzmann distribution (2.2) is the Hamiltonian for
configuration x (2.3).

Free energy and self-averaging: Sometimes, instead of (mathematically) evaluating the maxi-

mum entropy (2.1), it is more convenient to evaluate the minimum free energy given by

F=6-T. (2.5)

11



Using (2.1), (2.2), and (2.4) with normalization by the number of spin glasses N, we simplify (2.5) as
F = a logZ (2.6)
=—108%; .

where the partition function Z is the normalizer in (2.2). Note that because the Hamiltonian (2.3) is
quenched, the free energy (2.6) is quenched.

The expression in (2.6) is undesirable, because we have to calculate the free energy for each
of the quenched Hamiltonians. Physically, it means that we need to carry out this calculation for
every specific piece of material. It turns out that when the size of the system is sufficiently large, the
properties of the system do not depend on the specific settings of r;; and h; any more (2.3), which is
the so-called self-averaging property of a thermodynamic system, given sufficiently many particles.

Hence, we define the free energy as

F=— lim ~E[logZ 2.7
=— Jlim - [logZ]. 2.7)

2.2 Information Theory and Coding Theory

This section discusses some important results from information theory and coding theory that
are relevant to this dissertation. The author refers interested readers to the book by Cover and
Thomas [CT06] for further details and more comprehensive explanations. Coding theory and in-
formation theory are quite related and are both widely used in digital communication systems,
and we simply call them “information theory” for brevity. Seeing that information theory is widely
used in digital communication systems, we start by introducing the components of a typical digital
communication system. But before that, we must understand the most basic of concepts: the bit.

Bit: A bit is a unit that can represent two states. We could call these two states 0 and 1, or -1 and
+1, and so on. Why are bits so important? Before entering the digital world, people used analog
electronics. One of the key challenges was the noise in the signal. For example, in order to represent
a number 1.2, a waveform of magnitude 1.2 needs to be formed and transmitted. However, due to
various noise and distortions, what the receiver receives is not exactly 1.2, which is undesirable. In
the digital world, devices use sequences of bits to represent a number such as 1.2. The advantage
of digital electronics is that they use “bits” that only have two states: the circuit is either on or off.
The recognition and identification of a bit are much easier than recognizing and identifying analog
waveforms. Information theory provides theoretical bounds for various errors when using bits, and
proves that by using bits a digital communication system can exploit the communication channel
as well as an analog communication system does. Moreover, information theory develops many
techniques to achieve these theoretical bounds.

12



Source Channel Modulator
encoder encoder

Source Channel De-modulator
Decoder Decoder

Figure 2.2 Tllustration of a typical digital communication system. Figure inspired by Brian Hughes’ slides.

Components of a digital communication system: As illustrated in Figure 2.2, there are 7 key
components of a typical digital communication system. First, the signal is encoded (compressed),
so that the communication system does not need to send as many bits as required by the original
signal; this step is called source encoding. Then, the encoded (compressed) signal is passed through
a channel encoder, in which redundancy is introduced to the bit sequence. This redundancy is
crucial to better utilize the energy of the transmitter and the channel. Next, the redundant sequence
is modulated to an analog waveform by one of the available modulation schemes. After modulation,
the transmitter sends the modulated signals (analog) through a noisy channel and the receiver
receives a noisy sequence that contains the information of the original signal. Then, the receiver
demodulates the noisy analog waveform into a sequence of bits. After that, the receiver decodes
(channel decoder) the sequence to remove redundancy.! Finally, with an error-free (hopefully)
sequence of bits, the last step is to decompress the data.

Link between statistical physics and information theory:? In Section 2.1, we denote the config-
uration of a thermodynamic system by a vector x=[xy,--, x5 ], where x;, i €{1,---, N}, represents
the state of the i-th spin glass. In information theory, we typically use x=[x;,:--, X)y] to represent a
length-N signal. This signal x is passed through a channel. The counterparts of the channel in digital
communication systems for statistical physics are the internal and external forces that interact
with the particles of the thermodynamic system. With this brief analogy, we start introducing some
important concepts and results in information theory.

Entropy (information theory): We have introduced entropy (2.1) in statistical physics. In infor-
mation theory, entropy quantifies the amount of information carried by a certain signal x. If the
entries of x take discrete values, then the expression for entropy in information theory is the same

as (2.1), and the only difference is that P(x) represents the joint probability mass function of a signal

!There will be errors in the demodulated sequence. By introducing redundancy in the channel encoding step, the
channel decoder can identify and correct errors due to the noisy channel.
2Interested readers may want to refer to Merhav [Mer10].
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x. If the entries of x are continuous, then the entropy in information theory for a signal x is

S (x)= —f F®log[f(x)]dx, (2.8)

where f(x) is the joint probability density function of x.
Coding rate (source encoder): Before transmitting the signal x € R" to the receiver, a commu-
nication system typically first compresses the signal, so that it can save in communication load. The

coding rate is defined as

Number of bits after compression
R= N . 2.9)

Distortion: After receiving the encoded signal,? the receiver needs to decode it. There are two

types of data compression that can be used in the source encoder. One is lossless compression and
the other is lossy compression. In lossless compression, after the source decoder decodes the data
sequence, it obtains a signal that is identical to the original signal. In lossy compression, the signal
obtained after decoding is somewhat distorted from the original signal. The cause of this distortion
is the quantization process when encoding the signal in a lossy way. A typical quantizer builds a
“grid” in the space of value(s) to be quantized. Next, the quantizer rounds the value(s) to the nearest
point on the grid. As an example, the scalar quantizer [GG93; CT06] rounds each (scalar) entry in
the signal to the nearest grid point. The vector quantizer [Lin80; Gra84; GG93] rounds sequence of
scalars to the nearest hyper-grid point.

Denote the distance between a certain entry in the original signal x; and the corresponding
entry in the decoded signal X; by d(x;, X;), where we can use various distance functions [Kre89] for
d(-,-). The average distortion of the entire signal is given by

N
D:%;d(xi,fi). (2.10)
Rate-distortion theory: There is a fundamental information theoretic relation between the
rate (2.9) and distortion (2.10). With a certain quantization scheme and knowledge about the distri-
bution of the signal, we can calculate the coding rate R (2.9) and the expected distortion D (2.10).
Although this calculation is not always an easy task [Ari72; Bla72; Ros94], a pivotal message from
rate-distortion theory is that we can save a lot in the coding rate R (2.9) by allowing a small distortion
D (2.10).
Cavity method and belief propagation: We can regard the linear model in (1.1) as a communi-

cation channel, where x is the signal to be transmitted, A models the transmission scheme, z is the

3According to Figure 2.2, after data compression and before transmitting the sequence, there is typically a channel
encoding step, which helps to exploit the channel to a greater extent. Here, we assume perfect channel decoding. Interested
readers can refer to Cover and Thomas [CT06].
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Figure 2.3 Illustration of belief propagation. The boxes are called the factor nodes and the circles are called
the variable nodes.

noise in the receiver, and y is the received sequence. Belief propagation (BP) [Don09; Bar10; BM11;
Mon12; Krz12a; Krz12b; BK15] is an algorithm that can be used to infer the underlying signal x in the
channel (1.1). BP was invented independently by researchers in coding theory, statistical physics,
and artificial intelligence. First of all, we represent the channel (1.1) as a Tanner graph in Figure 2.3,
where we express each entry x; of the signal x by a variable node (circles in Figure 2.3), driven by its
distribution f(x;) from a factor node (boxes in Figure 2.3). Then, variable nodes are interacting with
the factor nodes y;’s.

The messages m;_, j(x;) and m;_,;(x;) given by the canonical BP updating rules for the posterior

distribution f(x|y) are as follows,

1 (= #'Aikxk"'Aikxk_J’i)z
mi—>j(xj)=r I_Imk—n‘(xk) e 27 I_[dxk ,
i— ; ;
J k#j k#j .11

1
mji(x;)= Tf(xj)l_[ mg_,j(x;).
= a#]
Note that in statistical physics, the factor nodes model the forces between (or among) spin glasses
(variable nodes). When A is sparse or locally tree-like, BP yields an estimate that converges to the
true posterior distribution f(x|y). With this posterior distribution, we obtain the estimate X = E[x|y]

of the original signal that achieves the smallest mean squared error [Ran11].
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CHAPTER

3

MINIMUM MEAN SQUARED ERROR FOR
MULTI-MEASUREMENT VECTOR
PROBLEM

The multi-measurement vector (MMYV) problem (1.3) considers the estimation of a set of sparse sig-
nal vectors that share common supports, and has applications such as radar array signal processing,
acoustic sensing with multiple speakers, magnetic resonance imaging with multiple coils [Jun07;
Jun09], and diffuse optical tomography using multiple illumination patterns [Leel1]. In this chapter,
which is based on our work with Baron [ZB13] and with Baron and Krzakala [Zhul6b], two related
MMV settings are studied. In the first setting, each signal vector is measured by a different indepen-
dent and identically distributed (i.i.d.) measurement matrix, while in the second setting, all signal
vectors are measured by the same i.i.d. matrix. Although there are many algorithms [Dual3; Tro06b;
CHO06; Mal05; Tro06a; Cot05; ME09; Leel2; Yel5; ZS11] for solving the unknown vectors in the MMV
problem (1.3), the performance limits of MMV signal estimation in the presence of measurement
noise have not been studied. In this chapter, replica analysis [Tan02; GV05; MT06; Krz12a; Krz12b;
MMO09; BK15; Les15], borrowed from statistical physics, is performed for these two MMV settings,
and the minimum mean squared error (MMSE), which turns out to be identical for both settings,
is obtained as a function of the noise variance and number of measurements. To showcase the
application of MMV models, the MMSE’s of complex single measurement vector (SMV) problems
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with both real and complex measurement matrices are also analyzed. Multiple performance regions
for MMV are identified where the MMSE behaves differently as a function of the noise variance and
the number of measurements.

Belief propagation (BP) is a signal estimation framework for linear inverse problems that often
achieves the MMSE asymptotically. A phase transition for BP is identified. This phase transition,
verified by numerical results, separates the regions where BP achieves the MMSE and where it is
sub-optimal. Numerical results also illustrate that more signal vectors in the jointly sparse signal
ensemble lead to a better phase transition.

Realizing that the mean squared error might not be the only error metric that is of interest, we pro-
pose some future directions involving the study of optimal performance for arbitrary user-defined
additive error metrics for MMV problems by extending the work of Tan and coauthors [Tan14a;
Tan14b].

3.1 Related Work and Contributions

In multi-measurement vector (MMV) problems, thanks to the common support, the number of
sparse coefficients that can be successfully estimated increases with the number of measure-
ments. This property was evaluated rigorously for noiseless measurements using ¢, minimiza-
tion [Dual3]. To address measurement noise, estimation approaches for MMV problems have
included greedy algorithms such as SOMP [Tro06b; CH06], £; convex relaxation [Mal05; Tro06a],
and M-FOCUSS [Cot05]. REduce MMV and BOost (ReMBo) has been shown to outperform conven-
tional methods [MEQ9], and subspace methods have also been used to solve MMV problems [Leel2;
Yel5]. Statistical approaches [ZS11] often achieve the oracle minimum mean squared error (MMSE).
However, the performance limits of MMV signal estimation in the presence of measurement noise
have not been studied.

Replica analysis is a statistical physics method that can be used to analyze the MMSE and
phase transition for inverse problems [Tan02; GV05; MT06; Krz12a; Krz12b; MMO09; BK15; Les15].
Barbier and Krzakala [BK15] studied the MMSE for estimating superposition codes using replica
analysis. In this chapter, we extend the derivation in Barbier and Krzakala [BK15] to two related yet
different MMV settings: (i) J jointly sparse signals are measured by J different dense matrices that
are independent and identically distributed (i.i.d.), and (i) J jointly sparse signals are measured by
J identical i.i.d. matrices. We only consider dense i.i.d. Gaussian matrices in this work, while our
analysis can be extended to other i.i.d. matrices easily.

We make several contributions in this chapter. First, we obtain the information theoretic MMSE
for the two MMV settings above under the Bayesian setting. Second, we show that in the large
system limit (defined in Definition 1.1) the MMSE'’s for these two settings are identical to the single

measurement vector (SMV) problem with a dense measurement matrix and a block sparse signal
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with fixed length blocks. Third, we derive the MMSE for complex SMV problems by noticing that
complex SMV is essentially an MMV problem. Fourth, we identify several performance regions
for MMV, where the MMSE has different characteristics based on the channel noise variance and
measurement rate. Finally, we find a phase transition for belief propagation algorithms (BP) [Don09;
Bar10; BM11; Mon12; Krz12a; Krz12b; BK15] applied to MMV problems, which separates regions
where BP achieves the MMSE asymptotically and where it is sub-optimal. BP simulation results
confirm the phase transition results. Seeing that the mean squared error (MSE) might not be the
only error metric that is of interest, we propose a future direction to extend the work of Tan and
coauthors [Tan14a; Tan14b] to MMV settings, so that we can analyze the performance limits for
arbitrary user-defined additive error metrics, as well as design an algorithmic framework that can
achieve such performance limits.

The remainder of this chapter is organized as follows. We introduce our signal and measurement
models in Section 3.2, followed by replica analysis for two MMV settings as well as two complex
SMV problems in Section 3.3. Section 3.4 proves the results of Section 3.3. Numerical results are
discussed in Section 3.5. Section 3.6 proposes some future directions to study the performance of
arbitrary user-defined additive error metrics for MMV problems and we conclude in Section 3.7.

Some detailed derivations appear in Appendix A.

3.2 Signal and Measurement Models

Signal model: We consider an ensemble of J signal vectors,x/) e RN, je{1,---, J}, where j is the
index of the signal. As in Section 1.1.1, we consider a super-symbolx; = [1(11), e ,l(l])]T ,lef{l,---,N},
where {-}" denotes the transpose. The super-symbol x; follows a J -dimensional Bernoulli-Gaussian
distribution (defined in (1.4)),

Fx)=pox)+(1—-p)o(x), B.1

where p is the sparsity rate, ¢(x;) is a J-dimensional Gaussian distribution with zero mean and

identity covariance matrix, and 6(x;) is the delta function for J-dimensional vectors.
Definition 3.1 (Jointly sparse). Ensembles of signals that obey (3.1) are called jointly sparse.

Measurement models: Each signal x(/) is measured by an i.i.d. Gaussian measurement ma-
trix AU) € RM*N| ALJZ) ~ (0, %), where u refers to the row index and [ is the column index. The
measurements y\/) are corrupted by i.i.d. Gaussian noise z/) consisting of entries gg) ~ (0, 0%),

Y =A% 4D, el g}, (3.2)

When the number of signal vectors becomes J = 1, this MMV model (3.2) becomes an SMV problem.
Note that SMV and MMV problems were motivated in (1.1) and (1.3), respectively. Our analysis in
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this chapter is readily extended to other i.i.d. matrices, jointly sparse signals (3.1), and otheri.i.d.

noise distributions.

Definition 3.2 (MMV-1). The setting MMV-1 refers to the measurement model in (3.2) with all

matrices AY) being different.

Definition 3.3 (MMV-2). The setting MMV-2 refers to the measurement model in (3.2) with all

matrices AY) being equal.

In the signal model (3.1) and measurement model (3.2), the sparsity rate p, channel noise
variance 02, and number of channels J are constant. We are interested in the large system limit,
which has been defined in Definition 1.1 in Section 1.1.1. For readers’ convenience, we restate the

definition of the large system limit as follows.

Definition 3.4 (Large system limit [GWO08]). The signal length N scales to infinity, and the number
of measurements M = M(N) depends on N and also scales to infinity, where the ratio approaches a
positive constant K,
. M(N)
lim ——=x>0. (3.3)
N

N—oo

We call k the measurement rate.

3.3 Replica Analysis for MMV Settings

Section 3.2 discussed two MMV settings. Both settings have applications in real-world problems
such as magnetic resonance imaging [Jun07; Jun09] and sensor networks [PK00]. Although numerous
algorithms for MMV signal estimation have been proposed [Tro06b; CH06; Mal05; Tro06a; Cot05;
MEO09; ZS11], what is often missing is an information theoretic analysis of the best possible MSE
performance. In this chapter, we only consider the MSE as our performance metric, except for
Section 3.6.

3.3.1 Statistical physics background and replica method

In order to express (3.2) using a single channel, we transform it to an SMV form. One possible way

to do so is illustrated in Figure 3.1. The equivalent SMV problem is
y=Ax+7z, (3.4)

where A € RM/*NJ jg the matrix, y € RM/ are the measurements, and the noise is z€ RM/, Entries of

the signal vectors x'/), measurement vectors y'/), and noise vectors z\/) in (3.2) form the SMV signal
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Figure 3.1 Illustration of MMV channel (3.2) with J =3 signal vectors (left), and one of its possible SMV forms
(right). Different background patterns differentiate entries from different channels, and blank space denotes
Zeros.

X, measurementsy, and noise z (3.4) with

) - ~
X4 =] WjmMep =Y L”’ and 2(j-m+p = 55{),

respectively. Entries of the matrix A(/) (3.2) form the SMV matrix A (3.4) with AG—)M 4 (-1)J+] = ALJI) ;

other entries of A are zeros. The posterior for the estimate X € RV/, comprised of super-symbols
- ~ ~ 1T .
xl:[x(l—l)]+1)""xl]] ,16{1,"',N},IS

1 N M]J e_ﬁ(yﬂ_Z?,:lAulil)z
f&y)==| | f&) , (3.5)
z Il:! 114:! \V2mo?,

where Ay =[Ay -1)741, " Ay17] is a super-symbol highlighted by the dashed area in Figure 3.1,
and the denominator Z is the partition function [Tan02; GV05; Krz12a; Krz12b; MM09; BK15],

%(yu_Zﬁ1Aulil)2

20

N M] e_ N
Z= ) d%,. (3.6)
f]l_llf X; D '—27w§ g X;

Note that multi-dimensional integrations such as (3.6) are denoted by a single f operator for

brevity. Confining our attention to the Bayesian setting [Krz12a; Krz12b; BK15], f(X;) follows the
true distribution (3.1), f(X;)=p ¢ (X;)+(1—p)o(X;).

By creating an analogy between the channel (3.4) and a many-body thermodynamic system [Tan02;
GV05; Krz12a; Krz12b; MMO09; BK15], the posterior (3.5) can be interpreted as the Boltzmann measure

on a disordered system with the following Hamiltonian,

N Ml N 2
H(ﬁ)=lzljlog[f(il)]+ZE(yu—;Auzil) : (3.7)
= ‘LL: =

The averaged free energy of the disordered system given by (3.7) characterizes the thermo-

dynamic properties of the system. Evaluating the fixed points (local maxima) in the free energy
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expression provides the MMSE for the channel (3.4) [Tan02; GV05; Krz12a; Krz12b; MMO09; BK15].
Under the assumption of self-averaging[Tan02; GV05; Krz12a; Krz12b; MMO09; BK15], the free energy
is defined as' .

F =1\}g1;0 NIEA,X,Z[Iog(Z)], (3.8)

which is difficult to evaluate. Note that E5 «,[-] denotes expectation with respect to (w.r.t.) A X,
and z. The replica method [Tan02; GV05; Krz12a; Krz12b; MM09; BK15] introduces n replicas of
the estimate X as X%, a € {1,---, n}, and the free energy (3.8) can be approximated by the replica
trick [Krz12a; Krz12b; MM09; BK15],

IEA,x,z[Zn] -1

Z = lim lim ———. (3.9
N—00 n—0 Nn

Note that the self-averaging property that leads to (3.8) and the replica trick (3.9), as well as the
replica symmetry assumptions that appear in latter parts of this chapter, are assumed to be valid in
this work, and their rigorous justification is still an open problem in mathematical physics [Tan02;
GV05; Krz12a; Krz12b; MMO09; BK15].2

Evaluating the free energy: To evaluate the free energy (3.9), we calculate E5 x ,[Z"] as follows,

N n M N n
Ernal2"]= 2702 xE J [T 1] [%0 11 Tex | .10)
u=1 =1 a=1

=1 a=1

where Z is given in (3.6),

1 J n a2
— 5 =1 2a=1(U)
XMZEA,z[e g 2 2 ] (3.11)
a is the replica index, X} is the [-th super-symbol of X%, and
N
vl = > Awem(on i =)+ Zusna(on- (3.12)
I=1

Lemma 3.1. In the large system limit, the quantityX,, (3.11) is the same for both MMV-1 and MMV-2.

Lemma 3.1 is proved in Section 3.4. Because of Lemma 3.1, the free energy expressions for
MMV-1 and MMV-2 should be identical in the large system limit. We state the result as a theorem
and the detailed derivations appear in Appendix A.

Part of the literature [Tan02; GV05), including (2.7) in this dissertation, defines the free energy as the negative of (3.8),
so that fixed points of the free energy correspond to local minima.

2Recently, the replica Gibbs free energy has been proven rigorously for the SMV case by Barbier et al. [Bar16] and
Reeves and Pfister [RP16]. We conjecture that by generalizing these two works [Bar16; RP16], our MMV analysis can be
made rigorous; we leave it for future work.
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Theorem 3.1 (Free energy for MMV). For settings MMV-1 and MMV-2, the free energy expressions as

functions of E are identical in the large system limit and are given below,

2
F(E) —gx {1og[2n(a§ v+ 2Tz }+

E+0?
J f(xl)J log[ f F(®)) e FRRATR X+ /TR dil] 7h dx, (3.13)

2 J—
—gk{log[2n(0é+E)]+ 92 }+2(]R(1 P)

E+0? K+E+0%)
E+0? /12 ——X  glg
lo —Z | 4(1—ple 2" " |gg+
pf g[p(HEHT%) (1-p) g
(1—-p) |1 E+oy )" (1—p)e * ™ M o (3.14)
— ) ——— | +(1—p)e Atz , .
P 8|P k+E+0% P

whereh,x,, and g are J -dimensional super-symbols, and the differential h = H;:l ﬁ e "2 dn i

the same rule applies to 9g.3

MMSE: The E that maximizes the free energy (3.14) corresponds to the MMSE [Krz12a; Krz12b;
BK15]. After finding the E, that maximizes the free energy (3.14), we obtain the MMSE, D, = Ej, in

the large system limit.

Corollary 3.2. The MMSE for MMV-1 and MMV-2 is the same for the same measurement rate K, noise

variance 0%, and number of signal vectors J.

Remark 3.1. As the reader can see from the proof of Lemma 3.1 in Section 3.4, the key reason that
both MMV-1 and MMV-2 have an identical MMSE is that the entries in the super-symbols x; and
ig'} are i.i.d. That said, we suspect that the MMSE for MMV-1 and MMV-2 could differ by some
higher order terms. If the entries of these super-symbols are not i.i.d., which is true in some practical
MMV applications [ZS513], then it becomes more difficult to analyze the covariance matrix G, as in
Section 3.4. Therefore, we do not have an analysis for non-i.i.d. entries withinx; and i§'}. However, we
speculate that MMV-1 might have lower MMSE than MMV-2 in that case.

Link to SMV with block sparse signal: The signal x in (3.4) is a block sparse signal comprised of
N blocks of length J. We study an SMV problem by replacing the measurement matrix A in (3.4)
with an i.i.d. Gaussian matrix A€ RM/*N/ je., y = Ax +z. The entries of A follow the distribution,
EM 1~ N0, NL]). This SMV is similar to the setting in Barbier and Krzakala [BK15], except for the
different priors and different £, norms in each row of A. We consider these differences while following

3The J-dimensional integrals in (3.14) can be simplified to one-dimensional integrals using a change of coordinates
to J-sphere coordinates. Note also that E approaches the MSE in the large system limit; details appear in Appendix A.
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their derivation [BK15], and obtain the same free energy expression as (3.14). We have also shown
that MMV-1 and MMV-2 have the same MMSE in the large system limit. Hence, the three settings
have the same free energy expression and their MMSE’s are the same under the same noise variance

o2 and measurement rate k in the large system limit.

3.3.2 Extension to complex SMV

The MMV model with jointly sparse signals is a versatile model that can be adapted to other problems.
As an example, we show how the MMV model can be used to analyze the MMSE of a complex SMV.
Consider the complex SMV, y¢ =A“x% +z¢, where x¢ =x” + ix’ e CN,A% = A7 + A eCM*N,
2¢=2"+iz" €eCM,y% =y?+iy’ € CM, i = v/—1,and Z and .# refer to the real and imaginary parts,
respectively. The real and imaginary parts of the entries of z¢ both follow a Gaussian distribution,
z{’z, zf’ ~ JV(0,0'%), 1 €{1,---,M}. Assume that the complex signal x¢ is comprised of two jointly
sparse signals, x” and x”, that satisfy the J = 2 dimensional Bernoulli-Gaussian distribution (3.1).
We can extend the analysis of Section 3.3.1 to two settings of complex SMV: (i) the measurement
matrix A is real and (i) A* is complex.*

Real measurement matrix: Suppose that A“ is real, A = A” ¢ RM*N and the entries of A
follow a Gaussian distribution, A‘Zzl ~ A0, ﬁ). Complex SMV with a real measurement matrix can

be written as real-valued MMV,
R R
yv” =A7x” +z” andy’ =A"x” +z’ (3.15)

where x” and x” are jointly sparse and follow (3.1). This formulation (3.15) fits into MMV-2 for J = 2.
Hence, we can obtain the MMSE according to (3.14).°

Complex measurement matrix: Consider a complex A4 = A% + jAY € CM*N

with entries
Afl , A“‘Z ~ (0, 5 ). Expanding out the complex channel, y¢ = A“x% +z°, we obtain the equivalent
real- Valued SMV channel,

v

yj

X‘%
T

A?Z _Af ZSJZ?
-1 |- (3.16)

7z

4A replica analysis for complex SMV with a real measurement matrix appears in Guo and Verda [GVO05]. Their derivation
does not cover complex matrices.
5As a reminder, the free energy of MMV-2 is identical to that of MMV-1 in the large system limit.
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We rearrange (3.16) as follows,

R
X
g
9 R g R g i R
YZ A:,i’_A:,l"” ’A:,I/V’_AE,N . z"
il P . % |+ b (3.17)
yj A:,l’ A:,l’ "A:,N’ A:,N R z
~ x|~~~
y A g z
| XN
——
X

where {:} refers to all the rows. In the rearranged channel (3.17), the measurement matrix A consists
of super-symbols,

A7 —AY ] ue{l,-,M
m:{ Ak 1€ b (3.18)

K g R
[A%, A%, pe{M+1,--,2M}

R
. — . — X

and the signal X consists of X; = l lj
X

73
l , 1l €{l,---,N}. The measurements and noise are y = [Y ] and
!

Yy

R
_ VA . B v -
Zzlzy], respectlvely- Hence, y,u=21=1A‘ule+Z‘u, ‘ue{l,_,_ ,ZM},

Section 3.4 shows that the free energy and MMSE for complex SMV with complex measurement
matrices are the same as MMV-1 with J = 2. Note that in the free energy expression (3.14), the MSE,
D = E (A.8), is the average MSE of the J entries of x;. Therefore, in this complex SMV setting, D is
the average MSE of the real and imaginary parts of the signal entries.

3.4 Proofof Lemma 3.1

In this section, we show that the quantity X, (3.11) is the same for MMV-1 and MMV-2. Moreover,
we show that complex SMV with a complex measurement matrix also yields the same X, with J =2.
First, we rewrite (3.11) in the vector form

_1 57 n a2

1 vy
=1Ev#[e oy " ”], (3.19)

a ... pl ...opn]l
» Yulr * g’ »Yug
tation w.r.t. v, in (3.19), we calculate the distribution of v, which is approximated by a Gaussian

where v, = | Vﬁv e and vﬁj is given in (3.12). In order to calculate the expec-
distribution, due to the central limit theorem. The mean is E, ,| V;j] =0.

We now calculate the covariance matrix, G, = IE[VHV;]. The matrix G, is separated into J x J
blocks of size n x n, as shown in Figure 3.2. The main diagonal of G, consists of entries w; =
En 4l( vﬁj )?]. The entries in the blocks along the main diagonal (other than entries along the main diag-

@ pb 1. The main diagonals of other blocks have entries w, = Ep VY

. _ a
onal itself) are w; —]EA,Z[UW. wj uj V,m]»
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nJ rows

Figure 3.2 Covariance matrix G, € R"™/*"J  Each block in G, has a size of n x n. The entries in the heavily
marked blocks take the value ws, except that entries along the dashed diagonal are w;. The entries in the
lightly marked blocks take the value w,, except that entries along the dotted diagonals are w.,.

and other entries in these blocks are w, =E, ,[v¥ b 1. We now calculate each of these values as

Vi Vun
follows for MMV-1, MMV-2, and complex SMV with a complex measurement matrix.

MMV-1: We begin by calculating the diagonal entries of the covariance matrix G, = ]E[vuv;],

T T = 2
wy =Ea,[(v )] = ZZI{XI %) Ea[AL 0 l)ZAMHV,(]-_U,,C](X,C—xﬁ)}Jraz. (3.20)

In (3.20), Ea[AL, yy;1)1Au

1located at the j-th row, j-th column, and 0,; =1 when k = [, else zero. Hence, (3.20) becomes

+M(j—1), k] = %T] (cf. Figure 3.1), where T] isa J x J matrix with only one

N
1 _
w, = EA,Z[(v;j)Z]:le:(xlyj—xﬁj)2+0'é (3.21)
=1
1 N
- N_]Z(x,—ﬁff(x,—i;mag, (3.22)

where x; ; and X xl (3.21) denote the j-th entries in super-symbols x; and X?, respectively, and (3.22)
holds because all J entries within the same super-symbol (x; or X7) are i.i.d.

Similarly, we obtain

2= Enal v U/fn]_ Z(xlvf_fﬁj)(xm_fﬁn)
=1
L& (3.23)
_ T (@ _<b
= N_] l:1(Xl —Xla) (Xl _Xl )

where entries of xg'} and iﬁ'} follow the same distribution as entries of x; given [, and (3.23) is due
to (i) entries of x; beingi.i.d., (i) entries of ig'} being i.i.d. for fixed [, and (iii) the replica symmetry
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assumption [Krz12a; Krz12b]. We also obtain

N
1 cayT(e by, 2
3 =Eadlv;u= 15 ;(xl—x?) (x;,—%7)+ 072,

(3.24)
1 & .
=Eaqlvv) 1= N—];(xl )T —%7).
We now define the following auxiliary parameters
N N N
D &' D &)'E Z 1'% o

=1 =1 =1 a-T
_ , - -, = , =— , 3.25
Mg NJ Qa NJ dab = NJ 9o NJ ;(Xl ) X ( )

which allow us to express (3.22)—(3.24) as
w=p—2m,+0Q, +O'ZZ,
wo = go— (Mg +Mp)+ qap, (3.26)
w3 =p—(mg+mp)+qap +0'é»

Wy =go— (Mg +mp)+qap- (3.27)

Up to this point, we have obtained the entries of G,,. Plugging the distribution of v, approximated
by f(v,)=[(2m)" det(G,)]~ Zexp(—3 TG_lvu), into (3.19), we obtain

. —1/2
X, = [det(]ln + —ZGM)] : (3.28)
Oz

where I,, denotes an identity matrix of size n x n and det(-) is the determinant of a matrix.
MMV-2: For the matrix A (3.4) in MMV-2, rows jM +1,---,(j +1)M, 2 < j < J, will be the
right-shift of rows (j —1)M +1,---, jM. We express v;/; (3.12) as

v = AT —K)+ Zyemoy HE (L, M}, (3.29)

where T isa J x J transform matrix with the j-th entry of the first row being one and all other entries
in T; being zeros. Using the same derivations as in MMV-1, it can be proved that the covariance
matrix G, = IE[VHV;] in MMV-2 is identical to that of MMV-1. Therefore, X, in MMV-1 and MMV-2
are identical in the large system limit.

Complex SMV with complex measurement matrix: The derivations are the same as in MMV-2
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above, except that we need to change A;; in (3.29) to Ku 1 (3.18) and replace T; by

0 1
T=
[—1 0

because [_\(,HM)I = KMT, ue{l,---, M}. Using similar steps as above, we obtain that the covariance
matrix G, in this case is also the same as that of MMV-1 with J =2.

)

Solving X;: For such a structured matrix G,, (Figure 3.2), elementary transforms show that the
eigenvalues (EV’s) are comprised of one EV equal to a; = [w; +(J—1)w, | +(n—1)[w3+(J—1)w,], (J—1)
EV’sequal to a, = (wy—w,)+(n—1)(ws—w,), (n—1) EV'sequal to az = [wy+(J—1)ws]—[ws+(J—1)wy],
and (J —1)(n—1) EV’s equal to a4 = (w; — w») — (w3 — wy).

Owing to replica symmetry [Krz12a; Krz12b], we have m, = m;, = m, Q, = Q, and q,, = q,
cf. (3.25). Also, in the Bayesian setting, we have m = gy = g and Q = p. Thus, w, = w,; =0 ((3.26)
and (3.27)), and

1 a % J-1 a n—1 a (n—1)(J-1)
det ]In]+_2G,u = l+—2 1+—2 1+—2 l+—2
Oz 0y oy Oy Oy

y I ) n (3.30)
:(1+n 5 3 ) (1+—2a4) .
o7 +ay (o
Considering (3.30), we simplify (3.28),
g [PEIOGA o Q—q+02 —log(02)
limX, =e : [ G A S ], (3.31)

n—0

where we rely on the following Taylor series,

e”k~1+nk=>e_%k~(1+nk)_1/2, n—Do0.

3.5 Numerical Results

Given a free energy expression for an MMV problem, the MMSE can be obtained by evaluating the
largest free energy [Tan02; GV05; Krz12a; Krz12b; MMO09; BK15]. Having derived the free energy for
the two MMV settings in Section 3.3, this section calculates the MMSE under various cases. Different
performance regions of MMV are identified, where the MMSE behaves differently as a function of
the noise variance o2 and measurement rate k. We identify a phase transition of belief propagation
(BP) that separates regions where BP is optimal asymptotically or not. Simulation results match the

performance predicted for BP.
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Figure 3.3 Free energy as a function of the MSE for different measurement rates k (number of jointly sparse
signal vectors J =3 and noise variance 0% =—35 dB). The black circles mark the largest free energy, and so
they correspond to the MMSE.

3.5.1 Performance regions: Definitions and numerical results

When calculating the MMSE (A.8) for different settings from the free energy expression (3.14), four
different performance regions will appear, as discussed below; the free energy as a function of the
MSE is shown in Figure 3.3 for different performance regions.

Regions 1 and 4: The free energy (3.14) has one local maximum point w.r.t. the MSE D (A.8).
This D leads to the globally maximum free energy and is the MMSE.

Regions 2 and 3: There are 2 local maxima in the free energy, D, and D,, where D; < D,. In
Region 2, the smaller MSE, D;, leads to the larger local maximum free energy (3.14) (hence, Z (D) is
the global maximum), and is the MMSE. In Region 3, the larger MSE, D,, is the MMSE.

Boundaries between regions: We denote the boundary separating regions 1 and 2 by the BP
threshold k g p(a%), the boundary separating regions 2 and 3 by the low noise threshold K'l(O'%), and
the boundary separating regions 3 and 4 by the critical threshold k ;(0%).

Numerical results: Consider J-dimensional Bernoulli-Gaussian signals (3.1) with sparsity rate
p = 0.1. Evaluating the free energy (3.14) with the noise variance % from -20 dB to -50 dB and
measurement rate k from 0.11 to 0.24, we obtain the MMSE as a function of 0% and k for J =1,3,
and 5, as shown in Figure 3.4.% The darkness of the shades represents the natural logarithm of the
MMSE, In(MMSE). In all panels, the critical threshold K'C(O'%), low noise threshold x l(a%), and BP
threshold k5 p(a%), as well as Regions 1-4, are marked.

In Regions 3 and 4, the best-possible algorithm yields a large MMSE for all noise variances. In

6The MMV with J =1 becomes an SMV. The MMSE results in Figure 3.4a match with the SMV MMSE in Krzakala et.
al. [Krz12a; Krz12b] and Zhu and Baron [ZB13].

28



0.14 . o o 014 o
0.12 4102 D  [Fogons| oo [Regon4] > o
20 25 -30 ”;dsB) -40 45 50 20 25 30 03—(358) 40 45 50 20 25 -30 {,;;;)\ 745 50
(@J=1 (b) J=3 () J=5

Figure 3.4 Performance regions for MMV with different /. The darkness of the shades corresponds to In(MMSE)
for a certain noise variance % and measurement rate k. There are 4 regions, Regions 1 to 4, where the MMSE
as a function of the noise variance 0 and measurement rate k behaves differently. Regions 1 to 4 are separated
by 3 thresholds, K'C(O'é) (the dashed curves), l(a%) (the solid curves), and k5 P(o’%) (the curves comprised of
little white circles); note that Section 3.5.1 discusses how to obtain these thresholds. (a) MMV with J =1, (b)
MMV with J =3, and (c) MMV with J =5.

contrast, in Regions 1 and 2, the optimal algorithm yields an MMSE that decreases with the noise
variance 0. To summarize, the optimal algorithm yields poor estimation performance below the
low noise threshold x l(a%), and good performance above k;(c2).

We further examine the MMSE as a function of the number of jointly sparse signal vectors J
and the measurement rate k. We plot the MMSE in dB scale in Figure 3.5. The noise variance is
-35 dB. We can see that the MMSE decreases with more signal vectors J and greater measurement
rate k. However, the MMSE depends less on J as J is increased. Note that the discontinuity in the
MMSE surface in Figure 3.5 is a result of the different performance regions that the various settings
(different J and x) lie in.

3.5.2 BP phase transition

Belief propagation (BP) [Don09; Bar10; Mon12; BM11; Krz12a; Krz12b; BK15] is an algorithmic
framework invented independently by researchers in coding theory, statistical physics, and artificial
intelligence, which can often achieve the optimal estimation performance (MMSE) for linear inverse
problems. The canonical BP updating rules appeared in (2.11). When there are multiple local maxima
Dy < D, in the free energy (3.14), BP converges to the local maximum with the larger MSE, D, [Don09;
Mon12; BM11; Krz12a; Krz12b]. Hence, D, characterizes the MSE predicted for BP. Moving from
Region 1 to Region 2 by decreasing the measurement rate k with fixed noise variance o2, the number
of local maxima increases from 1 to 2. Therefore, BP estimation performance experiences a sudden
deterioration (increase in MSE) when the measurement rate x drops such that the combination of

the noise variance 02 and measurement rate k moves from Region 1 to Region 2. The BP threshold,
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Figure 3.5 MMSE in dB as a function of the number of jointly sparse signal vectors J and the measurement
rate x (noise variance aé =-—-35dB).

Kp p(O'%), is the boundary between Regions 1 and 2, and is where the BP phase transition happens.
That is, BP achieves poor estimation performance below x g p(0'2), and good performance above

Kpp(02).

Remark 3.2. In Figure 3.4, we see that increasing J reduces the BP threshold k pp(0%). Since BP
achieves the MMSE when k > K pp(0%), increasing ] is beneficial to applications that use BP as the

estimation algorithm.

Remark 3.3. We further numerically analyzed the low noise (0% — 0) and zero noise (0% = 0) cases.
The low noise threshold 1(0'%) converges to p as the noise variance 0'% is decreased for ] = 1,3, and
5. We believe that this numerical result holds for every J. Moreover, this result matches the theoretical
robust threshold of Wu and Verdui [WV12b] for ] =1 in the low noise limit. Our numerical results also
show that the BP threshold k sp(0%) converges to some value for different J as 0% — 0. Analyzing

these observations rigorously is left for future work.

3.5.3 BP simulation

After obtaining the theoretic MMSE for MMV, as well as the MSE predicted for BP, we run some simu-
lations to estimate the x(/) of channel (3.2) in a Bayesian setting. The algorithm we use is approximate
message passing (AMP) [Don09; Mon12; BM11; Krz12a; Krz12b; BK15], which is an approximation
to the BP algorithm; related algorithms have been proposed by Ziniel and Schniter [ZS13] and Kim et
al.[Kim11]. In the SMV case, when the measurement matrix and the signal have i.i.d. entries, AMP has
the state evolution (SE) formalism [Don11; BM11; JM12; Don13; Bay15] that tracks the evolution of
the MSE at each iteration. Recently, Javanmard and Montanari proved that SE tracks AMP rigorously
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Algorithm 3.1 AMP for MMV
2

1: Inputs: Maximum number of iterations T, threshold ¢, sparsity rate p, noise variance o7,
measurements y'/), and measurement matrices AU,V j
T _ N i _ () _ () _ :
2: Initialize: t = 1,6 = oo, wl/) —y(f),G)j =0,y —pa%,al =0,V1l,j
3: while < T and 6 > e do
4: forj«—lto]do

) _ yi—wld)
5 - UZ+®
0j=x Zz il Vl
wf =Alall)—@; q
8: Y= W > Scalar channel noise variance
) T vi)—wli)
9: R(f) Nty (A ) y‘;j J:;U > Pseudodata
A
10: al) = a(J ) > Save current estimate
11: end for
12: forl<—1‘50Ndo ;
. () .
13: { }j . =y ({Z }] D {Rl }j 1) > Variance
J .
14: { } —fa, ({Z }] 1,{}?;] }jﬂ) > Estimate
15: end for
16: t=t + 1 ; ) > Increment iteration index.
17, 6=x7 >N 12 ( _“z])) > Change in estimate

18: end while
19: OQutputs: Estimate al/), Y j

in an SMV setting with a spatially coupled measurement matrix [JM12]. According to our transform in
Figure 3.1, we can see that the proof[JM12] could be extended to the MMV setting. Note that SE allows
to compute the highest equilibrium of Gibbs free energy [Don11; BM11; JM12; Don13; Bayl5], which
corresponds to the local optimum D, in Section 3.5.2. Hence, AMP often achieves the same MSE as
BP and we use AMP simulation results to demonstrate that the MMSE can often be achieved.” Consid-
ering (3.2), we simplify the AMP algorithm in Barbier and Krzakala [BK15] to obtain Algorithm 3.1,8
where {X; }] . { (j)};zl, {agj)}jzl and {vl(j)}jzl refer to sets of all intermediate variables X ;, pseu-

dodata R; ), estimates agj ),

iteration ¢, change in the estimate 6, and intermediate variables ©;, j €{1,---, J}, are scalars. The

and variances vl(j), je{l,---,J}, 1 €{l,---, N}, respectively. The current

N7/
intermediate variables q'/) and wl/) are vectors of length M. The functions fa, ({Z V. =1 {R;J )}j_l)

"When the assumptions about the measurement matrix and signal [Don09; Mon12; BM11; Krz12a; Krz12b; BK15] are
violated, AMP might suffer from divergence issues.
8Note that Algorithm 3.1 is a straightforward simplification of the AMP algorithm by Barbier and Krzakala [BK15].
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Figure 3.6 AMP simulation results (MSE,yp) compared to the MSE predicted for BP (MSEgp) with J =3 jointly
sparse signal vectors. The dashed curve, solid curve, and the curve comprised of little circles correspond

to thresholds k. (0%), k,(0%), and k5p(02), respectively. Regions 1-4 are also marked. The darkness of the

shades denotes ln(“ﬁfﬁgp ), which we expect to be zero (completely dark shades) in the entire k versus o2

plane. The narrow bright band above the BP threshold indicates the mismatch between the MSE from the
simulation and the MSE predicted for BP.

. ] .
and f,, ({Zj}§:1; {R}“}Fl) are given by

(0] ),

, . 2 ;
fu ({Zf}fﬂ’{jo)};ﬂ):_[f“l ({ZJ}J]'=1’{RIU)};=1)] + : (Rm)z ’
p+(1—p) §:1{1/1 + Zijexp [—m]}
for J-dimensional Bernoulli-Gaussian signals (3.1).

We simulated the signals in (3.1) with J = 3 signal vectors and sparsity rate p = 0.1 measured by a
channel (3.2) with measurement rate x €[0.11,0.24] and noise variance a% €[—20,—50] dB. For each
setting, we generated 50 signals of length N =5000, and the resulting MSE compared to the MSE
predicted for BP is shown in Figure 3.6.° The labels of the thresholds are omitted for brevity. We can
see that AMP simulation results match with the MSE predicted for BP and BP phase transition from
the replica analysis of Section 3.5.2. Note that there is a narrow band of light shades above the BP

9We simulated both J different measurement matrices A¥) and J identical AY). Both results match the MSE predicted
for BP, which support our conclusion that the MMSE’s of both settings are the same. Figure 3.6 is with J different AV
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threshold, k5 p(O'ZZ) (the top threshold), meaning that the MSE from the simulation is greater than
the MSE predicted for BP; this is due to randomness in our generated signals and channels. Note
that we also compared the AMP simulation results to that of the M-SBL algorithm [Ye15], a widely
used algorithm to solve the MMV problem. The M-SBL results were not as good. Indeed, because
AMP is often an approach that achieves the MMSE, other algorithms are expected to provide greater
MSE.

3.6 Extension to Arbitrary Error Metrics

In this chapter, we have obtained the MMSE for MMV problems. As mentioned in Section 3.1, there
are many estimation approaches for MMV problems [Tro06b; CH06; Mal05; Tro06a; Cot05; MEO09;
Leel2; Yel5; ZS11]. However, when running estimation algorithms for MMV problems, people
might be interested in obtaining an estimate whose “user-defined” error is as small as possible.
For example, if estimating the underlying signal is important, people may use the MSE metric;
when there might be outliers in the estimate, using the mean absolute error metric might be more
appropriate. For applications such as compressive diffuse optical tomography [Leel1], estimating
the support set of the jointly sparse underlying signals is of more interest. Seeing that there are
different algorithms minimizing different error metrics, but there is no prior work discussing the
optimal performance with user-defined (arbitrary) error metrics in MMV, it is of interest to study the
optimal performance with user-defined error metrics in MMV problems and also design algorithms
to achieve such optimal performance.

Tan and coauthors [Tan14a; Tan14b] studied the optimal performance for arbitrary additive
error metrics for an SMV problem (1.1) by taking advantage of the properties of BP [Don09; Bar10;
BM11; Mon12; Krz12a; Krz12b; BK15]: BP yields an equivalent scalar channel

Y=x+7%, (3.32)

whose posterior f(x|y) approaches the true posterior distribution f(x|y) under certain conditions [Ran11].
Using f(x|¥), Tan and coauthors designed the denoiser that minimizes the (additive) user-defined
error metrics for (3.32).

According to Section 3.2 and Figure 3.1, we can transform the MMV problem (3.2) into an SMV
problem (3.4). Hence, we can extend the work of Tan and coauthors [Tan14a; Tan14b] to study the
optimal performance for arbitrary additive error metrics, as well as to build algorithms that achieve

the optimal performance for MMV (3.2). The details are left for future work.
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3.7 Conclusion

We analyzed the minimum mean squared error (MMSE) for two settings of multi-measurement
vector (MMV) problems, where the entries in the signal vectors are independent and identically
distributed (i.i.d.), and share the same support. One MMV setting has i.i.d. Gaussian measurement
matrices, while the other MMV setting has identical i.i.d. Gaussian measurement matrices. Replica
analysis yields identical free energy expressions for these two settings in the large system limit when
the signal length goes to infinity and the number of measurements scales with the signal length.
Because of the identical free energy expressions, the MMSE’s for both MMV settings are identical.
By numerically evaluating the free energy expression, we identified different performance regions
for MMV where the MMSE as a function of the channel noise variance and the measurement rate
behaves differently. We also identified a phase transition for belief propagation algorithms (BP)
that separates regions where BP achieves the MMSE asymptotically and where it is sub-optimal.
Simulation results of an approximated version of BP matched with the mean squared error (MSE)
predicted by replica analysis. As a special case of MMV, we extended our replica analysis to complex
single measurement vector (SMV) problems, so that we can calculate the MMSE for complex SMV
with real or complex measurement matrices. Seeing that the MSE might not be the only error
metric that is of interest, we proposed to extend the work of Tan and coauthors [Tan14a; Tan14b] to
MMV problems, so that we can optimize over different user-defined additive error metrics in MMV

applications.
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CHAPTER

4

PERFORMANCE TRADE-OFEFS IN
MULTI-PROCESSOR APPROXIMATE
MESSAGE PASSING

In Chapter 3, we focused on analyzing the information theoretic performance limits for multi-
measurement vector problems (1.3). Our analysis is readily extended to single measurement vector
problems (1.1). In practice, many algorithms run in distributed networks, especially as we are
entering the “big data” era. Running estimation algorithms across distributed networks can incur
different costs besides the quality of the estimation. Some prior art has focused on reducing certain
costs such as the communication cost [Han14] and the computation cost [Mal4c], but there has
been less progress relating different costs and achieving optimal trade-offs among them. Despite the
lack of such works, these trade-offs are important to system designers in order to produce efficient
systems. Studying the relation between different costs is a broad problem with a rich design space.
Therefore, in this chapter, we focus our discussion on one specific distributed algorithm as an
example: the “multi-processor approximate message passing” algorithm (MP-AMP) [Han14; Han16],
and study the optimal trade-offs among different costs. In each MP-AMP iteration, nodes of the
multi-processor system and its fusion center exchange lossily compressed messages pertaining to
their estimates of the input. In this setup, we derive the optimal per-iteration coding rates using

dynamic programming. We analyze the excess mean squared error (EMSE) beyond the minimum

35



mean squared error, and prove that, in the limit of low EMSE, the optimal coding rates increase
approximately linearly per iteration. Additionally, we obtain that the combined cost of computation
and communication scales with the desired estimation quality according to O(log?(1/EMSE)). Finally,
we study trade-offs between the physical costs of the estimation process including computation
time, communication loads, and the estimation quality as a multi-objective optimization problem,
and characterize the properties of the Pareto optimal surfaces. This chapter is based on our work
with Han et al. [Han16] and with Baron and Beirami [Zhul6c; Zhul6a].

4.1 Related Work and Contributions

4.1.1 Related work

Many scientific and engineering problems [Don06a; Can06] can be approximated using a linear
model,
y=Ax+2z, 4.1)

RM*N is the matrix that characterizes the linear

where x € RV is the unknown input signal, A €
model, and z€ RM is measurement noise. The goal is to estimate x from the noisy measurements 'y
given A and statistical information about z; this is a linear inverse problem. Alternately, one could
view the estimation of x as fitting or learning a linear model for the data comprised of y and A.

When M < N, the setup (4.1) is known as compressed sensing (CS) [Don06a; Can06]; by posing
a sparsity or compressibility requirement on the signal, it is indeed possible to accurately recover x
from the ill-posed linear model [Don06a; Can06] when the number of measurements M is large
enough, and the noise level is modest. However, we might need M > N when the signal is dense or
the noise is substantial. Hence, we do not constrain ourselves to the case of M < N.

Approximate message passing (AMP) [Don09; Mon12; BM11; RV16]is an iterative framework that
solves linear inverse problems by successively decoupling [Tan02; GV05; GW08] the problem in (4.1)
into scalar denoising problems with additive white Gaussian noise (AWGN). AMP has received con-
siderable attention, because of its fast convergence and the state evolution (SE) formalism [Don09;
BM11; RV16], which offers a precise characterization of the AWGN denoising problem in each itera-
tion. In the Bayesian setting, AMP often achieves the minimum mean squared error (MMSE) [Guo09;
Ran12; ZB13; Krz12a] in the limit of large linear systems (N — 0o, ¥ — i, cf. Definition 1.1).

In real-world applications, a multi-processor (MP) version of the linear model could be of interest,
due to either storage limitations in each individual processor node, or the need for fast computation.
This chapter considers multi-processor linear model (MP-LM) [Mot12; Pat14; Han14; Rav15; Han15a;
Han16], in which there are P processor nodes and a fusion center. Recall from (1.2) that in an MP-
LM, each processor node stores % rows of the matrix A, and acquires the corresponding linear

measurements of the underlying signal x. Without loss of generality, we model the measurement
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system in processor node p €{1,---, P} as

M(p__l)H,...,@}, 4.2)

yi=Al'X+Zi, ZG{ P D

where A; is the i-th row of A, and y; and z; are the i-th entries of y and z, respectively. Once every y; is
collected, we run distributed algorithms among the fusion center and P processor nodes to estimate
the signal x. MP versions of AMP (MP-AMP) for MP-LM have been studied in the literature [Han14;
Han16]. Usually, MP platforms are designed for distributed settings such as sensor networks [PKO00;
Est02] or large-scale “big data" computing systems [Ec2], where the computational and commu-
nication burdens can differ among different settings. We reduce the communication costs of MP
platforms by applying lossy compression [Ber71; CT06; GG93] to the communication portion of
MP-AMP. Our key idea in this work is to minimize the total communication and computation costs

by varying the lossy compression schemes in different iterations of MP-AMP.

4.1.2 Contributions

Rate-distortion (RD) theory suggests that we can transmit data with greatly reduced coding rates, if
we allow some distortion at the output. However, the MP-AMP problem does not directly fall into the
RD framework, because the quantization error in the current iteration feeds into estimation errors in
future iterations. We quantify the interaction between these two forms of error by studying the excess
mean squared error (EMSE) of MP-AMP above the MMSE (EMSE=MSE-MMSE, where MSE denotes
the mean squared error). Our first contribution (Section 4.3) is to use dynamic programming (DB cf.
Bertsekas [Ber95]) to find a sequence of coding rates that yields a desired EMSE while achieving the
smallest combined cost of communication and computation; our DP-based scheme is proved to
yield optimal coding rates.

Our second contribution (Section 4.4) is to pose the task of finding the optimal coding rate at
each iteration in the low EMSE limit as a convex optimization problem. We prove that the optimal
coding rate grows approximately linearly in the low EMSE limit. At the same time, we also provide
the theoretic asymptotic growth rate of the optimal coding rates in the limit of low EMSE. This
provides practitioners with a heuristic to find a near-optimal coding rate sequence without solving
the optimization problem. The linearity of the optimal coding rate sequence (defined in Section 4.3)
is also illustrated numerically. With the rate being approximately linear, we obtain that the combined
cost of computation and communication scales as O(log2(1 /EMSE)).

In Section 4.5, we further consider a rich design space that includes various costs, such as the
number of iterations T, aggregate coding rate R,¢z, which is the sum of the coding rates in all
iterations and is formally defined in (4.14), and the MSE achieved by the estimation algorithm. In
such a rich design space, reducing any cost is likely to incur an increase in other costs, and it is
impossible to simultaneously minimize all the costs. Han et al. [Han14] reduce the communication
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costs, and Ma et al. [Mal4c] develop an algorithm with reduced computation; both works [Han14;
Mal4c] achieve a reasonable MSE. However, the optimal trade-offs in this rich design space have not
been studied. Our third contribution is to pose the problem of finding the best trade-offs among the
individual costs T, R,ge, and MSE as a multi-objective optimization problem (MOP), and study the
properties of Pareto optimal tuples [DD98] of this MOP. These properties are verified numerically
using the DP-based scheme developed in this chapter.

Finally, we emphasize that although this chapter is presented for the specific framework of MP-
AMBP similar methods could be applied to other iterative distributed algorithms, such as consensus
averaging [Fra08; Thal3], to obtain the optimal coding rate as well as optimal trade-offs between
communication and computation costs.

Organization: The rest of the chapter is organized as follows. Section 4.2 provides background
content. Section 4.3 formulates a DP scheme that finds an optimal coding rate. Section 4.4 proves
that any optimal coding rate in the low EMSE limit grows approximately linearly as iterations
proceed. Section 4.5 studies the optimal trade-offs among the computation cost, communication
cost, and the MSE of the estimate. Section 4.6 uses some real-world examples to showcase the
different trade-offs between communication and computation costs, and Section 4.7 concludes the
chapter.

4.2 Background

4.2.1 Centralized linear model using AMP

In our linear model (4.1), we consider an independent and identically distributed (i.i.d.) Gaussian
measurement matrix A, i.e., A; j ~ A (0, %), where A (u, o) denotes a Gaussian distribution with
mean u and variance o2. The signal entries follow an i.i.d. distribution, fx(x). The noise entries
obey z; ~.#(0,0%), where 0% is the noise variance.

Starting from x, = 0, the AMP framework [Don09] proceeds iteratively according to!

Xi+1 = Tlt(ATl‘t +x;), 4.3)

1
r, =y—Ax, + ;rt—l <TI/[_1(AT1't—1 +X;1)), (4.4)
where 7),(-) is a denoising function, n’,(-) = % is the derivative of n,(-), and (u) = %25\;1 u; for
any vector u€ RV, The subscript ¢ represents the iteration index, {-}7 denotes the matrix transpose
operation, and k = % is the measurement rate. Owing to the decoupling effect [Tan02; GV05; GW08],
in each AMP iteration [BM11; Mon12; RV16], the vector f, = A'r, +x, in (4.3) is statistically equivalent

IAMP is an approximation to the belief propagation algorithm (2.11).
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to the input signal x corrupted by AWGN w, generated by a source W ~ .A/(0, a%),
f[ :X+Wt. (45)

We call (4.5) the equivalent scalar channel. In large systems (N — 00, 2 — k) 2 a useful property of
AMP [BM11; Mon12; RV16] is that the noise variance 0% evolves following state evolution (SE):

1
of., =05+ —MSE(,, o), (4.6)

where MSE(n,, 0%) =Exw [(nt (X+WwW) —X)z], Ex w(-) is expectation with respect to (w.r.t.) X and
W, and X is the source that generates x. Note that o = a% + %XZ], because of the all-zero initial
estimate for x. Formal statements for SE appear in prior work [BM11; Mon12; RV16].

In this chapter, we confine ourselves to the Bayesian setting, in which we assume knowledge of
the true prior, fx(x), for the signal x. Therefore, throughout this chapter we use conditional expecta-
tion, n,(-) = E[x/f;], as the MMSE-achieving denoiser.? The derivative of 1,(-), which is continuous,
can be easily obtained, and is omitted for brevity. Other denoisers such as soft thresholding [Don09;
Mon12; BM11] yield MSE’s that are larger than that of the MMSE denoiser, 1;(-) = E[x|f;]. When the
true prior for x is unavailable, parameter estimation techniques can be used [Mal6]; Ma et al. [Mal5]
study the behavior of AMP when the denoiser uses a mismatched prior.

4.2.2 MP-LM using lossy MP-AMP

In the sensing problem formulated in (4.2), the measurement matrix is stored in a distributed
manner in each processor node. Lossy MP-AMP [Han16] iteratively solves MP-LM using lossily

compressed messages:

1
Processor nodes: ¥} =y” —APx, + ;rf_la)t_l, 4.7
fp _ 1 AT .P
= Fxt +(AP) 1}, (4.8)
P
Fusion center: f; , = Z QfY), w, = (dn(fo,0)), (4.9)
p=1
X1 = 1B, ), (4.10)

2Note that the results of this chapter only hold for large systems.
3Tan et al. [Tan14a] showed that AMP with MMSE-achieving denoisers can be used as a building block for algorithms
that minimize arbitrary user-defined error metrics.
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where Q(-) denotes quantization, and an MP-AMP iteration refers to the process from (4.7) to (4.10).
The processor nodes send quantized (lossily compressed) messages, Q(f}), to the fusion center. The
reader might notice that the fusion center also needs to transmit the denoised signal vector x; and a
scalar w,_; to the processor nodes. The transmission of w,_; is negligible, and the fusion center
may broadcast x; so that naive compression of x;, such as compression with a fixed quantizer, is
sufficient. Hence, we will not discuss possible compression of messages transmitted by the fusion
center.

Assume that we quantize f/,Yp, and use C bits to encode the quantized vector Q(f/) € RV.

According to (2.9), the coding rateis R = % We incur an expected distortion

N
D} =E| = SQUL~ 1)

i=1
at iteration r in each processor node,* where Q( ff ;)and f[’? ; are the i-th entries of the vectors Q(f"tj )
and f?, respectively, and the expectation is over /. When the size of the problem grows, i.e., N — oo,
the rate-distortion (RD) function, denoted by R(D), offers the fundamental information theoretic
limit on the coding rate R for communicating a long sequence up to distortion D [CT06; Ber71;
GG9I3; WV12a]. A pivotal conclusion from RD theory is that coding rates can be greatly reduced
even if D is small. The function R(D) can be computed in various ways [Ari72; Bla72; Ros94], and
can be achieved by an RD-optimal quantization scheme in the limit of large N. Other quantization
schemes may require larger coding rates to achieve the same expected distortion D.

The goal of this chapter is to understand the fundamental trade-offs for MP-LM using MP-AMP.
Hence, unless otherwise stated, we assume that appropriate vector quantization (VQ) schemes [Lin80;
Gra84; GG93], which achieve R(D), are applied within each MP-AMP iteration, although our analysis
is readily extended to practical quantizers such as entropy coded scalar quantization (ECSQ) [GG93;
CTO06]. (Note that the cost of running quantizers in each processor node is not considered, because
the cost of processing a bit is usually much smaller than the cost of transmitting it.) Therefore, the
signal at the fusion center before denoising can be modeled as

P
fo.r = Q) =x+w, +n,, (4.11)
p=1

where w; is the equivalent scalar channel noise (4.5) and n; is the overall quantization error whose
entries follow 4'(0, P D,). Because the quantization error, n,, is a sum of quantization errors in the

P processor nodes, n; resembles Gaussian noise due to the central limit theorem. Han et al. suggest

“Because we assume that A and z are both i.i.d., the expected distortions are the same over all P nodes, and can be
denoted by D, for simplicity. Note also that D, =E[(Q(f,",)— f",)?] due to x beingi.i.d.
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that SE for lossy MP-AMP [Han16] (called lossy SE) follows

1
Uf+1=0§+;MSE(nn0?+PDt), (4.12)

where o2 can be estimated by 2 = 37 ||, ||3 with || - ||, denoting the £, norm [BM11; Mon12], and

2
t+1

The rigorous justification of (4.12) by extending the framework put forth by Bayati and Monta-

o<_, is the variance of w; ;.

nari [BM11] and Rush and Venkataramanan [RV16] is left for future work. Instead, we argue that

lossy SE (4.12) asymptotically tracks the evolution of o2 in lossy MP-AMP in the limit of Pg’g’ — 0.

t
Our argument is comprised of three parts: (i) w; and n; (4.11) are approximately independent in
the limit of 22t — 0, (i) W, +n, is approximately independent of x in the limit of D 0, and
o o

t t
(iii) lossy SE (4.12) holds if (i) and (ii) hold. The first part (w; and n, are independent) ensures that

we can track the variance of w; +n; with O'f + PD,. The second part (w; +n; is independent of x)
ensures that lossy MP-AMP follows lossy SE (4.12) as it falls under the general framework discussed
in Bayati and Montanari [BM11] and Rush and Venkataramanan [RV16]. Hence, the third part of our
argument holds. The first two parts are backed up by extensive numerical evidence in Appendix B.1,
where ECSQ [GG93; CT06] is used; ECSQ approaches R(D) within 0.255 bits in the high rate limit
(corresponds to small distortion) [GG93]. Furthermore, Appendix B.2 provides extensive numerical
evidence to show that lossy SE (4.12) indeed tracks the evolution of the MSE when w; and n, are
independent and w; + n; and x are independent.

Although lossy SE (4.12) requires PO

2
o

— 0, if scalar quantization is used in a practical implemen-

tation, then lossy SE approximately holds when y < %, where 7 is the quantization bin size of the
scalar quantizer (details in Appendices B.1 and B.2). Note that the condition y < % is motivated by

Widrow and Kollar [WKO08]. If appropriate VQ schemes [Lin80; Gra84; GG93] are used, then we might

. . PD. . . .
need milder requirements than — —0in the scalar quantizer case, in order for w, and n, to be
t

independent and for w; + n; and x to be independent.

Denote the coding rate used to transmit Q(f’f ) atiteration ¢ by R;. The sequence R=(Ry, -, Ry)
is called the coding rate sequence, where T is the total number of MP-AMP iterations. Given R, the
distortion D, can be evaluated with R(D), and the scalar channel noise variance af can be evaluated
with (4.12). Hence, the MSE for R can be predicted. The MSE at the last iteration is called the final
MSE.

4.3 Optimal Rates Using Dynamic Programming

In this section, we first define the cost of running MP-AMP. We then use DP to find an optimal coding
rate sequence with minimum cost, while achieving a desired EMSE.
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Definition 4.1 (Combined cost). Define the cost of estimating a signal in an MP system as
C’(R)=Db|IRllo+IRIl,, (4.13)

where||R||g = T is the number of iterations to run, and ||R||; is the aggregate coding rate, denoted also

by Ragg,

T
Rogg =IIRlI =D R;. (4.14)
t=1

The parameter b is the cost of computation in one MP-AMP iteration normalized by the cost of
transmitting Q(f7) (4.9) at a coding rate of 1 bit/entry. Also, the cost at iteration t is

CP(R))=b x 1,40 +R;, (4.15)

where the indicator function 1 is 1 if the condition .</ is met, else 0. Hence, C’(R) = Zth1 Ctb (Ry).

In some applications, we may want to obtain a sufficiently small EMSE at minimum cost (4.13),
where the physical meaning of the cost varies in different problems (cf. Section 4.6). Denote the
EMSE at iteration ¢ by €,. Hence, the final EMSE at the output of MP-AMP is €7.

Let us formally state the problem. Our goal is to obtain a coding rate sequence R for MP-AMP

iterations, which is the solution of the following optimization problem:
minimize C?(R) subjectto e < A. (4.16)

We now have a definition for the optimal coding rate sequence.

Definition 4.2 (Optimal coding rate sequence). An optimal coding rate sequence R* is a solution
of (4.16).

To compute R*, we derive a dynamic programming (DP) [Ber95] scheme, and then prove that it
is optimal.

Dynamic programming scheme: Suppose that MP-AMP is at iteration ¢. Define the smallest
cost for the (T — t) remaining iterations to achieve the EMSE constraint, e <A, as ‘I)T_t(of), which
is a function of the scalar channel noise variance at iteration ¢, O'% (4.11). Hence, @T_l(a%) is the cost
for solving (4.16), where 0% = 0% + %]E[X 2] is due to the all-zero initialization of the signal estimate.

DP uses a base case and recursion steps to find <I>T_1(0'f). In the base case of DP, T — ¢ =0, the
cost of running MP-AMP is Cfl (Rr)=Db x 1, 40+ Ry (4.15). If 0'2T is not too large, then there exist
some values for Ry that satisfy e < A; for these 02 and Ry, we have ®y(02) = ming, C{(Ry). If 2
is too large, even lossless transmission of f’; during the single remaining MP-AMP iteration (4.12)

does not yield an EMSE that satisfies the constraint, e; < A, and we assign <I>0(02T) = oo for such UZT.
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Next, in the recursion steps of DB, we iterate back in time by decreasing ¢ (equivalently, increasing
T— t))
2\ i b(p 2 (p
7o) =min{C; (R) + @710, (R)}, (4.17)

where R is the coding rate used in the current MP-AMP iteration ¢, the equivalent scalar channel
noise variance at the fusion center is 0% (4.11), and 0% +1(E), which is obtained from (4.12), is the
variance of the scalar channel noise (4.11) in the next iteration after transmitting f; at rate R. The
terms on the right hand side are the current cost of MP-AMP (4.15) (including computational and
communication costs) and the minimum combined cost in all later iterations, ¢t +1,---, T.

The coding rates R that yield the smallest cost ®7_,(0?) for different ¢ and 0% are stored in
a table %(t,a?). After DP finishes, we obtain the coding rate for the first MP-AMP iteration as
R, = #(1,0% + +E[X?]). Using R,, we calculate o from (4.12) for ¢ = 2 and find R, = Z(2,03).
Iterating from ¢t =1 to T, we obtain R=(Ry,--+, Ry).

To be computationally tractable, the proposed DP scheme should operate in discretized search
spaces for af} and Ry,. Details about the resolutions of 0{2.} and Ry, appear in Appendix B.3.

In the following, we state that our DP scheme yields the optimal solution. The proof appears in

Appendix B.4.

Lemma4.1. The dynamic programming formulation in (4.17) yields an optimal coding rate sequence

R*, which is a solution of (4.16) for the discretized search spaces of R, and U%, Vt.

Lemma 4.1 focuses on the optimality of our DP scheme in discretized search spaces for R, and
o2, It can be shown that we can achieve a desired accuracy level in R* by adjusting the resolutions
of the discretized search spaces for R, and o%. Suppose that the discretized search spaces for va}
and Ry, have K; and K; different values, respectively. Then, the computational complexity of our
DP scheme is O(T K; K5).

Optimal coding rate sequence given by DP: Consider estimating a Bernoulli-Gaussian signal,

XZXBXG, (418)

where X ~ Ber(p) is a Bernoulli random variable, p is called the sparsity rate of the signal, and
X ~ A(0,1); here we use p =0.1. Note that the results in this chapter apply to priors, fx(x), other
than (4.18).

We run our DP scheme on a problem with relatively small desired EMSE, A =5 x 107°, in the
last iteration T. The signal is measured in an MP platform with P =100 processor nodes according
to (4.2). The measurement rate is k = % = 0.4, and the noise variance is 0%, = ﬁ. The parameter
b =2 (4.13). We use ECSQ [GG93; CT06] as the quantizer in each processor node, and use the
corresponding relation between the rate R, and distortion D, of ECSQ in our DP scheme. Note that

20

we require the quantization bin size to be smaller than T according to Section 4.2.2. Figure 4.1
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Figure 4.1 The optimal coding rate sequence R* (top panel) and optimal EMSE €7 (bottom) given by DP are
shown as functions of . (Bernoulli-Gaussian signal (4.18) with p =0.1, k =0.4, P =100, 02 = ﬁ, and b =2.)

illustrates the optimal coding rate sequence R* and optimal EMSE €% given by DP as functions of
the iteration number ¢.

It is readily seen that after the first 5-6 iterations the coding rate seems near-linear. The next
section proves that any optimal coding rate sequence R* is approximately linear in the limit of
EMSE— 0. However, our proof involves the large ¢ limit, and does not provide insights for small ¢.
We ran DP for various configurations. Examining all R* from our DP results, we notice that the coding
rate is monotone non-decreasing, i.e., R < R} <--- < R}. This seems intuitive, because in early
iterations of (MP-)AMP, the scalar channel noise w, is large, which does not require transmitting f?
(cf. (4.8)) at high fidelity. Hence, a low rate R suffices. As the iterations proceed, the scalar channel
noise w; in (4.11) decreases, and the large quantization error n, would be unfavorable for the final
MSE. Hence, higher rates are needed in later iterations.

4.4 Properties of Optimal Coding Rate Sequences

4.4.1 Intuition

We start this section by providing some brief intuitions about why optimal coding rate sequences
are approximately linear when the EMSE is small.

Consider a case where we aim to reach a low EMSE. Montanari [Mon12] provided a geometric
interpretation of the relation between the MSE performance of AMP at iteration ¢ and the denoiser
n(-) being used.’ In the limit of small EMSE, the EMSE decreases by a nearly-constant multiplicative
factor per AMP iteration, yielding a geometric decay of the EMSE. In MP-AMB in addition to the

SWe will also provide such an interpretation in Section 4.4.2.

44



N ~ N ;
u= - MSE U= 1 a:%e
91(0?) - 91(c%)
g1(7)
I ~ / 1 PD
Ut = = = = I, g ~ ~ -
1 ~ t ~ I S
O i R % Tl - YL -t t
Uso| — = 15,1 1 ~ ¢ Te(32) P Ry Ta (52N
* S0 | " I Ute1 | o arctan(ﬁ)gs(a )l Ye+1 Iarctan(ﬁ)gs(o )I
2 =5 o~ ~ ~ -~ ~ ~ e
0% o2 Oiyq o? o2 Soo Ufﬂ g; 7% Sy Ut2+1 a; 5

(a) (b) (©)

Figure 4.2 Geometric interpretation of SE. In all panels, the thick solid curves correspond to g;(-) and gs(+),
and their offset versions g;(-) and gs(+). The solid lines with arrows correspond to the SE of AMP. Dashed lines
without arrows are auxiliary lines. Panel (a): Illustration of centralized SE. Panel (b): Zooming in to the small
region just above point S, . Panel (c): Illustration of lossy SE.

equivalent scalar channel noise w;, we have additive quantization error n, (4.11). In order for the
EMSE in an MP-AMP system to decay geometrically, the distortion D, must decay at least as quickly.
To obtain this geometric decay in D;, recall that in the high rate limit, the distortion-rate function
typically takes the form D(R)~ C,272% [GN98] for some positive constant C;. We propose for R, to
have the form, R, ~ C, + C3t, where C, and C; are constants. In the remainder of this section, we
first discuss the geometric interpretation of AMP state evolution, followed by our results about the

linearity of optimal coding rate sequences. The detailed proofs appear in the appendices.

4.4.2 Geometric interpretation of AMP state evolution

Centralized SE: The equivalent scalar channel of AMP is given by (4.5). We rewrite the centralized
AMP SE (4.6) as follows [Don09; BM11; RV16],

N
ot —0= MMSE,”(U?), (4.19)
———
N————
81(07) gs(a?)

where MSEm(Uf) denotes the MSE after denoising f; (4.5) using 1;(:). The functions g;(-) and gs(-)
are illustrated in Figure 4.2a with solid curves; the meanings of I and S will become clear below.
We see that g;(02) is an affine function with unit slope, whereas gs(c9) is generally a non-linear
function of 02 (see Figure 4.2a). The lines with arrows illustrate the state evolution (SE). Details
appear below.

In Figure 4.2a, we present a geometric interpretation of SE. The horizontal axis is the scalar
channel noise variance o? and the vertical axis represents the scaled MSE, u = {-MSE. Let S; =

(02, u,) be the state point that is reached by SE in iteration z. We follow the SE trajectory S, — I, —
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S;41 — -+ in Figure 4.2a, where I; = u,) represents the intermediate point in the transition

(Y
between states S; and S;,; corresponding to iterations ¢ and ¢ + 1, respectively. Observe that the
++1), which
are related as O'H_l g (u;) and u,y = gs(o t+1) As t grows, 0% converges to 0%, which is the
abscissa of the point S.,. The ordinate of point S, is Ueo = MMSEOO, where MSE,, = MMSE. If we
stop the algorithm at iteration T, or equivalently at point Sy = (0%, ur), the corresponding MSE,
MSEr, has an EMSE of e = MSE; — MMSE.

In Figure 4.2b, we zoom into the neighborhood of point So,. To make the presentation more

points S; and I, have the same ordinate (u,), while S, ,; and I, have the same abscissa (o2

concise, we vertically offset g;(-) and gs(-) by 37 MMSE and horizontally offset them by 02_; we call
the resulting functions g;(-) and gs( ), respectively. Hence, the vertical axis in Figure 4.2b represents
the scaled EMSE, & = {-EMSE = 2~¢, and we have §1(02)=g/(G?+02))— 1 N MMSE and gs(d%) =
gs(%+0?_)— S MMSE. Observe that §;(0) = §5(0) = 0. Additionally, the slope of §;(5°2) is §/(52)=1,
where g7(-) is the first-order derivative of g;(-) w.r.t. 5? (Figure 4.2b). Because the MSE function for
the MMSE-achieving denoiser is continuous and differentiable twice [WV11], we can invoke Taylor’s

theorem to express

o~ JPSPR Y ~
&s(67) =407, + ;8¢ )57, (4.20)
where {; €(0, ) and g¢(0 ) and g¢ 5%) are the first- and second-order derivatives of gg(-) w.r.t. 5’%,

respectively. Due to continuity and differentiability of the denoising function, gs(-) is invertible in a

neighborhood around 0, and its inverse is denoted by g <1(-). Invoking Taylor’s theorem,

&s ()= (g5 (0)a, + (ES_I)"(QW?, (4.21)

where ¢, €(0, @, ), and (§S_1)/(ﬁt) and (g5 1Y/(ii,) are the first- and second-order derivatives of g g5 1)
w.r.t. i, respectively. When t — 00, G2 — 0 and %, — 0, and the higher-order terms become
58¢(E,)04 = 0(64) and 3(85")'(¢,)u? = O(ﬁz) In other words, both g5(G%) and g5'(i,) become
approximately linear functions, as shown in Figure 4.2b. We further denote the slope of g5(0) by 6,

ie.,
1

(&)

To calculate the slope 6, we first calculate the scalar channel noise variance for point S, 02,

0 =gi0)= (4.22)

by using replica analysis [ZB13; Krz12a],® and obtain 6 = gg(02_) = §5(0). Moreover, the slope of
g5(0) satisfies 6 = §§(0) € (0, 1); otherwise, the curves g;(-) and gs(-) would not intersect at point S,

5The outcome of replica analysis [ZB13; Krz12a] is close to simulating SE (4.19) with a large number of iterations.
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Lossy SE: Considering lossy SE (4.12), we have

2 2 _ N 2
0,07 :MMSEUz(Ut+PDt)’ (4.23)
——

812 o)

where P is the number of processor nodes in an MP network, and D; is the expected distortion
incurred by each node at iteration ¢. Note that lossy SE has not been rigorously proved in the
literature, although we argued in Section 4.2.2 that it tracks the evolution of the equivalent scalar
channel noise variance o2 when D, < 02

We notice the additional term P D,, which corresponds to the distortion at the fusion center.
Because the P nodes transmit their signals f; with distortion D;, and their messages are independent,
the fusion center’s signal has distortion P D,. The lines with arrows in Figure 4.2c illustrate the lossy
SE after vertically offsetting g;(-) and gs(-) by %MMSE and horizontally offsetting g;(-) and gs(-) by
o2 . After arriving at point S;, we move horizontally to J;, and obtain the ordinate of T;, %,, from
g‘s(&§ +PD,) = 1i,. Geometrically, SE is dragged to the right by distance P D, from point J; to I;, and
then SE descends from I, to S, ;.

4.4.3 Asymptotic linearity of the optimal coding rate sequence

Recall from (4.20) that lim,_,., G = 0. Hence, as t grows, f;; (4.5) converges in distribution to
x; +A4(0,02,). Therefore, the RD function converges to some fixed function as ¢ grows. For large
coding rate R, this function has the form

1 C
R, = 51og2(51)(1+ot(1)), (4.24)

for some constant C; that does not depend on ¢ [GN98]. Note that the assumption of G4 being small
implicitly requires the coding rate used in the corresponding iteration to be large.

For an optimal coding rate sequence R*, we call the distortion D}, derived from (4.24), incurred
by the optimal coding rate Ry at a certain iteration ¢ the optimal distortion. Correspondingly, we
call the EMSE achieved by MP-AMP with R*, denoted by €%, the optimal EMSE at iteration ¢. In
the following, we state our main results on the optimal coding rate, the optimal distortion, and the
optimal EMSE.

Theorem 4.1 (Linearity of the optimal coding rate sequence). Supposing that lossy SE (4.23) holds,
we have
lim -1 =9, (4.25)
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where 0 is defined in (4.22). Furthermore,

1 1
lim (R, —RY)= 5 log; (5). (4.26)

[—00
Theorem 4.1 is proved in Appendix B.5.

Remark 4.1. Define the additive growth rate of an optimal coding rate sequence R* at iteration t as
R} | —R}. Theorem 4.1 not only shows that any optimal coding rate sequence grows approximately
linearly in the low EMSE limit, but also provides a way to calculate its additive growth rate in the
low EMSE limit. Hence, if the goal is to achieve a low EMSE, practitioners could simply use a coding
rate sequence that has a fixed coding rate in the first few iterations and then increases linearly with
additive growth rate % log, (%)

The following theorem provides (i) the relation between the optimal distortion D} , and the

optimal EMSE €7 in the large 7 limit, and (ii) the convergence rate of the optimal EMSE ¢7.
Theorem 4.2. Assuming that lossy SE (4.23) holds, we have

D*
lim —L =0. (4.27)

t—00 6*;
Furthermore, the convergence rate of the optimal EMSE is

6*
lim 2L =9, (4.28)

[—00 e’;

. . . . D} .
Theorem 4.2 is proved in Appendix B.6. Note that lim;_,, =+ = 0 meets the requirement % —0
6t 2

discussed in Section 4.2.2. Extending Theorems 4.1 and 4.2, we have the following result.

Corollary 4.3. Assuming that lossy SE (4.12) holds, the combined computation and communication
cost (4.13) scales as O(log?(1/A)), Vb > 0, where A is the desired EMSE.

Proof. Given Theorem 4.2, we obtain that the optimal EMSE, €7, indeed decreases geometrically
in the large ¢ limit (as a reminder, we provided such intuition in Section 4.4.1). Considering (4.14)
and Theorem 4.1, the total computation and communication cost (4.13) for running T iterations is
CP(R)= O(T?)= O(log*(1/€%)) = O(log*(1/A)). O

Remark 4.2. The key to the proofs of Theorems 4.1 and 4.2 is lossy SE (4.23). We expect that the
linearity of the optimal coding rate sequence could be extended to other iterative distributed algorithms
provided that (i) they have formulations similar to lossy SE (4.23) that track their estimation errors and
(ii) their estimation errors converge geometrically. Moreover, formulations that track the estimation
error in such algorithms might require less restrictive constraints than AMP For example, consensus
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Figure 4.3 Comparison of the additive growth rate of the optimal coding rate sequence given by DP at low
EMSE and the asymptotic additive growth rate 1 log, (). (Bernoulli-Gaussian signal (4.18) with p =0.2, k =
1, P=100,0% =0.01, b =0.782.)

averaging [Fra08; Thal3] only requires i.i.d. entries in the vector that each node in the network

averages.

4.4.4 Comparison of DP results to Theorem 4.1

We run DP (cf. Section 4.3) to find an optimal coding rate sequence R* for the setting of P =100
nodes, a Bernoulli-Gaussian signal (4.18) with sparsity rate p = 0.2, measurement rate kK = 1, noise
variance 0'% =0.01, and parameter b =0.782. The goal is to achieve a desired EMSE of 0.005 dB, i.e.,
10log,, (1 + ﬁs&:) =0.005. We use ECSQ [GG93; CT06] as the quantizer in each processor node and
use the corresponding relation between the rate R, and distortion D, of ECSQ in the DP scheme.
Note that we require the quantization bin size y to be smaller than %, according to Section 4.2.2. We
know that ECSQ achieves a coding rate within an additive constant of the RD function R(D) [GG93].
Therefore, the additive growth rate of the optimal coding rate sequence obtained for ECSQ will be
the same as the additive growth rate if the RD relation is modeled by R(D) [CT06; Ber71; GG93;
WV12al.

The resulting optimal coding rate sequence is plotted in Figure 4.3. The additive growth rate of
the last six iterations is %(Ri*z —R})=10.742, and the asymptotic additive growth rate according to
Theorem 4.1 is %log2 (%) ~ 0.751. Note that we use AR; = 0.05 in the discretized search space for
R;. Hence, the discrepancy of 0.009 between the additive growth rate from the simulation and the
asymptotic additive growth rate is within our numerical precision. In conclusion, our numerical

result matches the theoretical prediction of Theorem 4.1.
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4.5 Achievable Performance Region

Following the discussion of Section 4.2, we can see that the lossy compression of f’; ,Vpell,---, P},
can reduce communication costs. On the other hand, the greater the savings in the coding rate
sequence R, the worse the final MSE is expected to be. If a certain level of final MSE is desired
despite a small coding rate budget, then more iterations T will be needed. As mentioned above,
there is a trade-off between T, Rugg and the final MSE, i.e., MMSE + A, and there is no solution
that minimizes them simultaneously. To deal with such trade-offs, which implicitly correspond
to sweeping b in (4.13) in a multi-objective optimization (MOP) problem, it is customary to think

about Pareto optimality [DD98].

4.5.1 Properties of achievable region

For notational convenience, denote the set of all MSE values achieved by the pair (T, R,¢,) for some
parameter b (4.13) by &(T, R,gg). Within (T, Rg), let the smallest MSE be MSE*(T, R, ¢,). We now
define the achievable set ¢,

%6 :={(T, Rygg-MSE) €R2 | : MSE € &(T, Ry )},

where R, is the set of non-negative real numbers. That is, ¢ contains all tuples (7, R, g4, MSE) for
which some instantiation of MP-AMP estimates the signal at the desired MSE level using T iterations

and aggregate coding rate R4

Definition 4.3. The point % € 6 is said to dominate another point Z, € 6, denoted by Z < %>, if
T £ D, Rygg, < Rugg,» and MSE, < MSE,. A point 2* € 6 is Pareto optimal if there does not exist
X € 6 satistying X < Z*. Furthermore, let # denote the set of all Pareto optimal points,

P ={X €6 :% is Pareto optimal}. (4.29)

~

agg MSE) is Pareto optimal if no other tuple (T, Rugg) MSE) exists such
< Rygg, and MSE < MSE. Thus, the Pareto optimal tuples belong to the boundary

In words, the tuple (T, R
that T<T,R
of 6.

We extend the definition of the number of iterations T to a probabilistic one. To do so, suppose

agsg

that the number of iterations is drawn from a probability distribution 7 over N, such that 21021 m;=1.
Of course, this definition contains a deterministic T = j as a special case with 7; =1 and 7; =0
for all i # j. Armed with this definition of Pareto optimality and the probabilistic definition of the

number of iterations, we have the following lemma.

Lemma 4.2. For a fixed noise variance 0%, measurement rate k, and P processor nodes in MP-AMP,

the achievable set € is a convex set.

50



—e— MSE=2MMSE
15 MSE=3MMSE
—6— MSE=4MMSE
19 —w— MSE=5MMSE
MSE=6MMSE

(@ (b) (c)

Figure 4.4 Pareto optimal results provided by DP under a variety of parameters b (4.13): (a) Pareto optimal
surface, (b) Pareto optimal aggregate coding rate R gg (4-14) versus the achieved MSE for different optimal
MP-AMP iterations T, and (c) Pareto optimal R} g (4:14) versus the number of iterations T for different

optimal MSE's. The signal is Bernoulli-Gaussian (4.18) with p =0.1. (k =0.4, P =100, and 0% = 105+

Proof. We need to show that for any (T, Ri,lg)g, MSEW), (T7®@), ng)g, MSE?) € ¢ andany 0 < A < 1,

ATV +(1—-1)T?,ARW

_ (2) (1) _ 2)
agg+(1 A)Ragg,)LMSE +(1—A)MSE¥) e 6. (4.30)

This result is shown using time-sharing arguments (see Cover and Thomas [CT06]). Assume that
(T, Rggg, MSEW), (T (2),R£,2§g,MSE(2)) € ¢ are achieved by probability distributions 7(") and 7®,
respectively. Let us select all parameters of the first tuple with probability A and those of the second
with probability (1 —A). Hence, we have 7w = An) +(1—2A)7®. Due to the linearity of expectation,
T=ATM +(1—-A1)T® and MSE = AMSEW + (1 —A)MSE®. Again, due to the linearity of expectation,
Ryge = ARSg)g +(1 —A)Ré,zgg, implying that (4.30) is satisfied, and the proof is complete. O

Definition 4.4. Let the function R*(T, MSE): Rio — Ry be the Pareto optimal rate function, which

is implicitly described as R*(T, MSE) = R;gg < (TR g g,MSE) € & . We further define implicit

functions T*(R, g4, MSE) and MSEX(T, Ryg¢) in a similar way.

Corollary 4.4. The functions R*(T, MSE), T*(R,g¢, MSE), and MSE*(T, R,g¢) are convex in their ar-
guments.

Note that our proof for the convexity of the set 4 might be extended to other iterative distributed

learning algorithms that transmit lossily compressed messages.

4.5.2 Pareto optimal points via DP

After proving that the achievable set 6 is convex, we apply DP in Section 4.3 to find the Pareto
optimal points, and validate the convexity of the achievable set.
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According to Definition 4.3, the resulting tuple (T, R, ¢, MSE) computed using DP (Section 4.3)
is Pareto optimal on the discretized search spaces. Hence, in this subsection, we run DP to obtain
the Pareto optimal points for a certain distributed linear model by sweeping the parameter b (4.13).

Consider the same setting as in Figure 4.1, except that we analyze MP platforms [PK0O0; Est02;
Ec2] for different b (4.13). Running the DP scheme of Section 4.3, we obtain the optimal coding
rate sequence R* that yields the lowest combined cost while providing a desired EMSE that is at
most A €{1,2,---,5} x MMSE or equivalently MSE € {2, 3,---,6} x MMSE. In Figure 4.4a, we draw
the Pareto optimal surface obtained by our DP scheme, where the circles are Pareto optimal points.
Figure 4.4b plots the aggregate coding rate R,¢, as a function of MSE for different optimal numbers
of MP-AMP iterations T. Finally, Figure 4.4c plots the aggregate coding rate R, ¢, as a function of T
for different optimal MSE’s. We can see that the surface comprised of the Pareto optimal points is
indeed convex. Note that when running DP to generate Figure 4.4, we used the RD function [CT06;
Ber71; GG93; WV12a] to model the relation between the rate R; and distortion D; at each iteration,
which could be approached by VQ at sufficiently high rates. We also ignored the constraint on the
quantization bin size (Section 4.2.2). Therefore, we only present Figure 4.4 for illustration purposes.

When a smaller MSE (or equivalently smaller EMSE) is desired, more iterations T and greater ag-
gregate coding rates R,, . (4.14) are needed. Optimal coding rate sequences increase R,q to reduce
T when communication costs are low (examples are commercial cloud computing systems [Ec2],
multi-processor CPUs, and graphic processing units), whereas more iterations allow to reduce the
coding rate when communication is costly (for example, in sensor networks [PK00; Est02]). These
applications are discussed in Section 4.6.

Discussion of corner points: We further discuss the corners of the Pareto optimal surface (Fig-

ure 4.4) below.
1. First, consider the corner points along the MSE coordinate.

¢ If MSE* — MMSE (or equivalently A — 0), then MP-AMP needs to run infinite iterations
with infinite coding rates. Hence, R gg P and T* — oo. The rate of growth of R* g
can be deduced from Theorem 4.1.

¢ IfMSE* — p (the variance of the signal (4.18)), then MP-AMP does not need to run any iter-
ations at all. Instead, MP-AMP outputs an all-zero estimate. Therefore, limysg«,, R gg =
0 and hmMSE*—>p T*=0.

2. Next, we discuss the corner points along the T coordinate.

e If T* — 0, then the best MP-AMP can do is to output an all-zero estimate. Hence,
limz._oMSE* = p and lim7._, R;gg =0.
¢ The other extreme, T* — 00, occurs only when we want to achieve an MSE* — MMSE.

*
Hence, Ragg — 00.
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3. We conclude with corner points along the R,¢, coordinate.

e IfR? gg 0, then the best MP-AMP can do is to output an all-zero estimate without
running any iterations at all. Hence, limR;gg_,o MSE* = p and lim Rigg—0 I *=0.

o IfR* gg — O then the optimal scheme will use high rates in all iterations, and MP-AMP
resembles centralized AMP. Therefore, the MSE* as a function of T* converges to that of

centralized AMP SE (4.6).

4.6 Real-world Case Study

To showcase the difference between optimal coding rate sequences in different platforms, this
section discusses several MP platforms including sensor networks [PK00; Est02] and large-scale
cloud servers [Ec2]. The costs in these platforms are quite different due to the different constraints in
these platforms, and we will see how they affect the optimal coding rate sequence R*. The changes

in the optimal R* highlight the importance of optimizing for the correct costs.

4.6.1 Sensor networks

In sensor networks [PK0O; Est02], distributed sensors are typically dispatched to remote locations
where they collect data and communicate with the fusion center. However, distributed sensors may
have severe power consumption constraints. Therefore, low power chips such as the CC253X from
Texas Instruments [Cc2] are commonly used in distributed sensors. Some typical parameters for
such low power chips are: central processing unit (CPU) clock frequency 32MHz, data transmission
rate 250Kbps, voltage between 2V-3.6V, and transceiver current 25mA [Cc2], where the CPU current
resembles the transceiver current. Because these chips are generally designed to be low power, when
transmitting and receiving data, the CPU helps the transceiver and cannot carry out computing
tasks. Therefore, the power consumption can be viewed as constant. Hence, in order to minimize
the power consumption, we minimize the total runtime when estimating a signal from MP-LM
measurements (4.2) collected by the distributed sensors.

The runtime in each MP-AMP iteration (4.7)-(4.10) consists of (i) time for computing (4.7)
and (4.8), (ii) time for encoding ! (4.8), and (iii) data transmission time for Q(f?) (4.9). As discussed
in Section 4.2.2, the fusion center may broadcast x, (4.10), and simple compression schemes can
reduce the coding rate. Therefore, we consider the data reception time in the P processor nodes to be
constant. The overall computational complexity for (4.7) and (4.8) is O( N). Suppose further that (i)
each processor node needs to carry out two matrix-vector products in each iteration, (ii) the overhead
of moving data in memory is assumed to be 10 times greater than the actual computation, and (iii)
the clock frequency is 32MHz. Hence, we assume that the actual time needed for computing 4.7)

and (4.8) is C; = 06 7 sec. Transmitting Q(fY) of length N at coding rate R requires 250 103 sec,

32><1

53



where the denominator is the data transmission rate of the transceiver. Assuming that the overhead
in communication is approximately the same as the communication load caused by the actual
messages, we obtain that the time requested for transmitting Q(f! ) at coding rate R is CsR sec, where
Cs= %. Therefore, the total cost can be calculated from (4.13) with b = %‘5‘ (4.13).

Because low power chips equipped in distributed sensors have limited memory (around 10KB,
although sometimes external flash is allowed) [Cc2], the signal length N and number of measure-
ments M cannot be too large. We consider N = 1000 and M = 400 spread over P = 100 sensors,
sparsity rate p = 0.1, and 0% = ﬁ. We set the desired MSE to be 0.5 dB above the MMSE, i.e.,
10log,, (1 + ﬁsﬁ) =0.5, and run DP as in Section 4.3.” The coding rate sequence provided by DP
is R* = (0.1, 0.1, 0.6, 0.8, 1.0, 1.0, 1.1, 1.1, 1.2, 1.4, 1.6, 1.9, 2.3, 2.7, 3.1). In total we have T = 15
MP-AMP iterations with R, ¢, = 20.0 bits aggregate coding rate (4.14). The final MSE (MMSE + A) is
7.047 x 10~*, which is 0.5 dB from the MMSE (6.281 x 107%) [ZB13; Krz12a; Guo09; Ran12].

4.6.2 Large-scale cloud server

Having discussed sensor networks [PK00; Est02], we now discuss an application of DP (cf. Section 4.3)
to large-scale cloud servers. Consider the dollar cost for users of Amazon EC2 [Ec2], a commercial
cloud computing service. A typical cost for CPU time is $0.03/hour, and the data transmission cost is
$0.03/GB. Assuming that the CPU clock frequency is 2.0GHz and considering various overheads, we
need a runtime of % sec and the computation cost is C, = $% X % per MP-AMP iteration.
Similar to Section 4.6.1, the communication cost for codingrate R is CsR = $2RN %. Note that the
multiplicative factors of 20 in C, and 2 in C; are due to the same considerations as in Section 4.6.1,
and the 8 x 10° in C; is the number of bits per GB. Therefore, the total cost with T MP-AMP iterations
can still be modeled as in (4.13), where b = %

We consider a problem with the same signal and channel model as the setting of Section 4.6.1,
while the size of the problem grows to N =50000 and M = 20000 spread over P =100 computing
nodes. Running DP, we obtain the coding rate sequence R*=(1.3, 1.6, 1.8, 1.8, 1.8, 1.9, 2.1, 2.3, 2.6,
3.1, 3.7) for a total of T =11 MP-AMP iterations with R,¢, = 24.0 bits aggregate coding rate. The
final MSE is 7.031 x 10~#, which is 0.49 dB above the MMSE. Note that this final MSE is 0.01 dB better
than our goal of 0.5 dB above the MMSE due to the discretized search spaces used in DP.

Settings with even cheaper communication costs: Compared to large-scale cloud servers, the
relative cost of communication is even cheaper in multi-processor CPU and graphics processing
unit (GPU) systems. We reduce b by a factor of 100 compared to the large-scale cloud server case
above. We rerun DP, and obtain the coding rate sequence R* = (2.3, 2.5, 2.6, 2.7, 2.7, 2.8, 3.0, 3.4,

3.7,4.5)for T =10 and R4, = 30.2 bits. Note that 10 iterations are needed for centralized AMP to

"Throughout Section 4.6, we use the RD function [CT06; Ber71; GG93; WV12a] to model the relation between rate R,
and distortion D, at each iteration. We also ignore the constraint on the quantizer (Section 4.2.2). Therefore, the optimal
coding rate sequences in Section 4.6 are only for illustration purposes.
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converge in this setting. With the low-cost communication of this setting, DP yields a coding rate
sequence R* within 0.5 dB of the MMSE with the same number of iterations as centralized AMP,

while using an average coding rate of only 3.02 bits per iteration.

Remark 4.3. Let us review the cost tuples (T, R,gq, MSE) for our three cases. For sensor networks,
(T, Rugg» MSE)sensorner = (15,20,7.047 x 107%); for cloud servers, (T, Ruggr MSE)iouq = (11,24,7.031 x
10~%); and for GPUs, (T, Rygg) MSE)gpy =(10,30.2,7.047 x 10~%). These cost tuples are different points
in the Pareto optimal set 22 (4.29). We can see for sensor networks that the optimal coding rate
sequence reduces R, while adding iterations, because sensor networks have relatively expensive
communications. The optimal coding rate sequences use higher rates in cloud servers and GPUs,
because their communication costs are relatively lower. Indeed, different trade-offs between compu-
tation and communication lead to different aggregate coding rates R, g, and numbers of MP-AMP
iterations T. Moreover, the optimal coding rate sequences for sensor networks, cloud servers, and
GPUs use average coding rates of 1.33, 2.18, and 3.02 bits/entry/iteration, respectively. Compared to
32 bits/entry/iteration single-precision floating point communication schemes, optimal coding rate

sequences reduce the communication costs significantly.

4.7 Conclusion

This chapter used lossy compression in multi-processor (MP) approximate message passing (AMP)
for solving MP linear inverse problems. Dynamic programming (DP) was used to obtain the optimal
coding rate sequence for MP-AMP that incurs the lowest combined cost of communication and
computation while achieving a desired mean squared error (MSE). We posed the problem of finding
the optimal coding rate sequence in the low excess MSE (EMSE=MSE-MMSE, where MMSE refers
to the minimum MSE) limit as a convex optimization problem and proved that optimal coding rate
sequences are approximately linear when the EMSE is small. Additionally, we obtained that the
combined cost of computation and communication scales with O(log?(1/EMSE)). Furthermore,
realizing that there is a trade-off among the communication cost, computation cost, and MSE, we
formulated a multi-objective optimization problem (MOP) for these costs and studied the Pareto
optimal points that exploit this trade-off. We proved that the achievable region of the MOP is convex.

We further emphasize that there is little work in the prior art discussing the optimization of
communication schemes in iterative distributed algorithms. Although we focused on the MP-AMP
algorithm, our conclusions such as the linearity of the optimal coding rate sequence and the con-
vexity of the achievable set of communication/computation trade-offs could be extended to other
iterative distributed algorithms including consensus averaging [Fra08; Thal3].
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CHAPTER

5

UNIVERSAL ALGORITHM

Previous chapters discussed the information theoretic performance limits for multi-measurement
vector problems (1.3) and also studied the optimal trade-offs among different costs in multi-
processor linear models (1.2). When the number of rows M is smaller than the number of columns
N in the measurement matrix A, we call the corresponding linear model a compressed sensing (CS)
problem. In this chapter, we study the CS signal estimation problem. While CS usually assumes
sparsity or compressibility in the input signal during estimation, the signal structure that can be
leveraged is often not known a priori. In this chapter, we consider universal CS signal estimation,
where the statistics of a stationary ergodic signal source are estimated simultaneously with the
signal itself. Inspired by Kolmogorov complexity and minimum description length, we focus on a
maximum a posteriori (MAP) estimation framework that leverages universal priors to match the
complexity of the source. Our framework can also be applied to general linear inverse problems
where more measurements than the signal length might be needed. We provide theoretical results
that support the algorithmic feasibility of universal MAP estimation using a Markov chain Monte
Carlo implementation (an algorithmic framework mimicking the annealing process in statistical
physics, cf. Section 2.1), which is computationally challenging. We incorporate some techniques to
accelerate the algorithm while providing comparable and in many cases better estimation quality
than existing algorithms. Experimental results show the promise of universality in CS, particularly
for low-complexity sources that do not exhibit standard sparsity or compressibility. This chapter is
based on our work with Baron and Duarte [Zhul4; Zhul5].
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5.1 Motivation and Contributions

Since many systems in science and engineering are approximately linear (1.1), linear inverse prob-
lems have attracted great attention in the signal processing community. Recall from (1.1) that an
input signal x e R" is recorded via a linear operator under additive noise:

y=Ax+z, (5.1)

where A is an M x N matrix and z € R denotes the noise. The goal is to estimate x from the
measurements y given knowledge of A and a model for the noise z. When M < N, the setup is
known as compressed sensing (CS) and the estimation problem is commonly referred to as recovery
or reconstruction; by posing a sparsity or compressibility! requirement on the signal and using
this requirement as a prior during estimation, it is indeed possible to accurately estimate x from
y [Can06; Don06a]. On the other hand, we might need more measurements than the signal length
when the signal is dense or the noise is substantial.

Wu and Verdd [WV12b] have shown that independent and identically distributed (i.i.d.) Gaussian
sensing matrices achieve the same phase transition threshold as the optimal (potentially non-linear)
measurement operator, for any i.i.d. signals following the discrete/continuous mixture distribution
fx(x)=p- fo(x)+ (1 —p)-Py(x), where p is the probability for a scalar x to take a continuous
distribution f.(x) and P4(x) is an arbitrary discrete distribution. For non-i.i.d. signals, Gaussian
matrices also work well [Don13; Tan15; Mal4a]. Hence, in CS the acquisition can be designed
independently of the particular signal prior through the use of randomized Gaussian matrices A.
Nevertheless, the majority of (if not all) existing estimation algorithms require knowledge of the
sparsity structure of x, i.e., the choice of a sparsifying transform W that renders a sparse coefficient
vector @ = W~ !x for the signal.

The large majority of CS signal estimation algorithms pose a sparsity prior on the signal x or
the coefficient vector 6, e.g., [Can06; Don06a; Fig07]. A second, separate class of Bayesian CS signal
estimation algorithms poses a probabilistic prior for the coefficients of x in a known transform do-
main [Don10; Ran11; Ji08; SN08; Bar10]. Given a probabilistic model, some related message passing
approaches learn the parameters of the signal model and achieve the minimum mean squared
error (MMSE) in some settings; examples include EM-GM-AMP-MOS [VS13], turboGAMP [Zin12],
and AMP-MixD [Mal4b)]. As a third alternative, complexity-penalized least square methods [FN03;
Don06b; HN06; HN12; RS12a] can use arbitrary prior information on the signal model and provide
analytical guarantees, but are only computationally efficient for specific signal models, such as
the independent-entry Laplacian model [HNO6]. For example, Donoho et al. [Don06b] relies on

!We use the term compressibility in this chapter as defined by Candes et al. [Can06] to refer to signals whose sparse
approximation error decays sufficiently quickly.
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Kolmogorov complexity, which cannot be computed [CT06; LV08]. As a fourth alternative, there exist
algorithms that can formulate dictionaries that yield sparse representations for the signals of interest
when a large amount of training data is available [RS12a; Aha06; Mai08; Zho12]. When the signal is
non-i.i.d., existing algorithms require either prior knowledge of the probabilistic model [Zin12] or
the use of training data [GOO07].

In certain cases, one might not be certain about the structure or statistics of the source prior to
estimation. Uncertainty about such structure may result in a sub-optimal choice of the sparsifying
transform W, yielding a coefficient vector 8 that requires more measurements to achieve reasonable
estimation quality; uncertainty about the statistics of the source will make it difficult to select a prior
or model for Bayesian algorithms. Thus, it would be desirable to formulate algorithms to estimate x
that are more agnostic to the particular statistics of the signal. Therefore, we shift our focus from the
standard sparsity or compressibility priors to universal priors [ZL77; Ris83; RS12b]. Such concepts
have been previously leveraged in the Kolmogorov sampler universal denoising algorithm [Don02],
which minimizes Kolmogorov complexity [Cha66; Sol64; Kol65; LV08; JM11; Jal14; Bar11; BD11].
Related approaches based on minimum description length (MDL) [Ris78; Sch78; WB68; Bar98]
minimize the complexity of the estimated signal with respect to (w.r.t.) some class of sources.

Approaches for non-parametric sources based on Kolmogorov complexity are not computable
in practice [CT06; LV08]. To address this computational problem, we confine our attention to the
class of stationary ergodic sources and develop an algorithmic framework for universal signal
estimation in CS systems that will approach the MMSE as closely as possible for the class of stationary
ergodic sources. Our framework can be applied to general linear inverse problems where more
measurements might be needed. Our framework leverages the fact that for stationary ergodic sources,
both the per-symbol empirical entropy and Kolmogorov complexity converge asymptotically almost
surely to the entropy rate of the source [CT06]. We aim to minimize the empirical entropy; our
minimization is regularized by introducing a log likelihood for the noise model, which is equivalent
to the standard least squares under additive white Gaussian noise. Other noise distributions are
readily supported.

We make the following contributions toward our universal CS framework.

e We apply a specific quantization grid to a maximum a posteriori (MAP) estimator driven by
a universal prior, providing a finite-computation universal estimation scheme; our scheme
can also be applied to general linear inverse problems where more measurements might be

needed.

¢ We propose an estimation algorithm based on Markov chain Monte Carlo (MCMC) [GG84] to
approximate this estimation procedure.

e We prove that for a sufficiently large number of iterations the output of our MCMC estimation

algorithm converges to the correct MAP estimate.
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¢ We identify computational bottlenecks in the implementation of our MCMC estimator and

show approaches to reduce their complexity.

* We develop an adaptive quantization scheme that tailors a set of reproduction levels to
minimize the quantization error within the MCMC iterations and that provides an accelerated
implementation.

¢ We propose a framework that adaptively adjusts the cardinality (size) of the adaptive quantizer
to match the complexity of the input signal, in order to further reduce the quantization error
and computation.

¢ We note in passing that averaging over the outputs of different runs of the same signal with the

same measurements will yield lower mean squared error (MSE) for our proposed algorithm.

This chapter is organized as follows. Section 5.2 provides background content. Section 5.3
overviews MAP estimation, quantization, and introduces universal MAP estimation. Section 5.4
formulates an initial MCMC algorithm for universal MAP estimation, Section 5.5 describes several
improvements to this initial algorithm, and Section 5.6 presents experimental results. We conclude
in Section 5.8. The proof of our main theoretical result appears in Appendix C.

5.2 Background and Related Work

5.2.1 Compressed sensing

Consider the noisy measurement setup via a linear operator (5.1). The input signal x € RV is
generated by a stationary ergodic source X, and must be estimated from y and A. Note that the
stationary ergodicity assumption enables us to model the potential memory in the source. The
distribution fx(-) that generates x is unknown. The matrix A € RM*¥ has i.i.d. Gaussian entries,
Apn~ N0, % .2 These moments ensure that the columns of the matrix have unit norm on average.
For concrete analysis, we assume that the noise z € RM jsi.i.d. Gaussian, with mean zero and known?
variance a% for simplicity.

We focus on the large system limit (cf. Definition 1.1 in Chapter 1). Similar settings have been
discussed in the literature [Ran10; GW08]. When M < N, this setup is known as CS; otherwise, it is a
general linear inverse problem setting. Since x is generated by an unknown source, we must search

for an estimation mechanism that is agnostic to the specific distribution fx(:).

2In contrast to our analytical and numerical results, the algorithm presented in Section 5.4 is not dependent on a
particular choice for the matrix A.
3We assume that the noise variance is known or can be estimated [Don10; Mal4b].
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5.2.2 Related work

For a scalar channel with a discrete-valued signal x, e.g., A is an identity matrix and y = x+z, Donoho

proposed the Kolmogorov sampler for denoising [Don02],
Xk s = argmin K (w), subject to [[w—y||* < T, (5.2)
w

where K(x) denotes the Kolmogorov complexity of x, defined as the length of the shortest input
to a Turing machine [Tur50] that generates the output x and then halts,* and 7 = NoZ controls
for the presence of noise. It can be shown that K(x) asymptotically captures the statistics of the
stationary ergodic source X, and the per-symbol complexity achieves the entropy rate H = H(X),
ie, limy_,oo ﬁK (x) = H almost surely [[CT06], p. 154, Theorem 7.3.1]. Noting that universal lossless
compression algorithms [ZL.77; Ris83] achieve the entropy rate for any discrete-valued finite state
machine source X, we see that these algorithms achieve the per-symbol Kolmogorov complexity
almost surely.

Donoho et al. expanded Kolmogorov sampler to the linear CS measurement setting y = Ax
but did not consider measurement noise [Don06b]. Recent papers by Jalali and coauthors [JM11;
Jal14], which appeared simultaneously with Baron [Bar11] and Baron and Duarte [BD11], provide
an analysis of a modified Kolmogorov sampler suitable for measurements corrupted by noise of
bounded magnitude. Inspired by Donoho et al. [Don06b], we estimate x from noisy measurements
y using the empirical entropy as a proxy for the Kolmogorov complexity (cf. Section 5.4.1).

Separate notions of complexity-penalized least squares have also been shown to be well suited
for denoising and CS signal estimation [FN03; Don06b; Ris78; Sch78; WB68; HN06; HN12; RS12a].
For example, minimum description length (MDL) [Ris78; Sch78; WB68; RS12a] provides a frame-
work composed of classes of models for which the signal complexity can be defined sharply. In
general, complexity-penalized least square approaches can yield MDL-flavored CS signal estimation
algorithms that are adaptive to parametric classes of sources [Don06b; FN03; HN06; HN12]. An
alternative universal denoising approach computes the universal conditional expectation of the
signal [Bar11; Mal4b].

5.3 Universal MAP Estimation and Discretization

This section briefly reviews MAP estimation and then applies it over a quantization grid, where a
universal prior is used for the signal. Additionally, we provide a conjecture for the MSE achieved by

our universal MAP scheme.

4For real-valued x, Kolmogorov complexity can be approximated using a fine quantizer. Note that the algorithm
developed in this chapter uses a coarse quantizer and does not rely on Kolmogorov complexity due to the absence of a
feasible method for its computation [CT06; LV08] (cf. Section 5.5).
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5.3.1 Discrete MAP estimation

In this subsection, we assume for exposition purposes that we know the signal distribution fx(-).
Given the measurements y, the MAP estimator for x has the form

Xpap = arg mwaXfX (W) fyx (yIw). (5.3)

2

Because z is i.i.d. Gaussian with mean zero and known variance o7,

— —Aw]|2
frix(ylw)=c, e Colly=Awll

where ¢, =(2n02)™/2 and ¢, = # are constants, and || - || denotes the Euclidean norm.’ Plugging
4
into (5.3) and taking log likelihoods, we obtain x,;4p = argmin\IfX (w), where UX(-) denotes the
w
objective function (risk)

¥ (w) £ —In(fy (W) + colly—Awl[;

our ideal risk would be WX (x,; 4p).
Instead of performing continuous-valued MAP estimation, we optimize for the MAP in the
discretized domain 2", with % being defined as follows. Adapting the approach of Baron and

Weissman [BW12], we define the set of data-independent reproduction levels for quantizing x as

. 1 1
%: "')__yO»_)"' y (5-4)
ror
where v =[In(NV)]. As N increases, #Z will quantize x to a greater resolution. These reproduction
levels simplify the estimation problem from continuous to discrete.
Having discussed our reproduction levels in the set 2, we provide a technical condition on
boundedness of the signal.

Condition 5.1. We require that the probability density fx(-) has bounded support, i.e., there exists
A = [Xpnin» Xmax] SUch that (s.t.) fx(x)=0 forx¢ AN.

Alimitation of the data-independent reproduction level set (5.4) is that 2 has infinite cardinality
(or size for short). Thanks to Condition 5.1, for each value of y there exists a constant ¢c3 > 0 s.t. a
finite set of reproduction levels

2

%Fé{_cﬁ ,_0372_1,...,0372} (5.5)
r r r

will quantize the range of values A to the same accuracy as that of (5.4). We call Zr the repro-

5Other noise distributions are readily supported, e.g., for i.i.d. Laplacian noise, we need to change the £, norm to an ¢,
norm and adjust ¢, and ¢, accordingly.
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duction alphabet, and each element in it a (reproduction) level. This finite quantizer reduces the
complexity of the estimation problem from infinite to combinatorial. In fact, x; € [ Xin, Xmax] Under
Condition 5.1. Therefore, for all c; > 0 and sufficiently large N, this set of levels will cover the range
[ Xmin» Xmax]- The resulting reduction in complexity is due to the structure in Zr and independent of
the particular statistics of the source X.

Now that we have set up a quantization grid ()" for x, we convert the distribution fx(-) to a
probability mass function (PMF) Px(-) over (Z)". Let Iz, = Z fx(w), and define a PMF Py (:)

f( ) we(Zp )N
X W

Rr

asPy(w)= . Then,

. . 2
Xy ap(Zp) Zarg min [—In(Px(w))+ c,ly—Awl*]
we(ZpIN
gives the MAP estimate of x over ()" . Note that we use the PMF formulation above, instead of
the more common bin integration formulation, in order to simplify our presentation and analysis.

Luckily, as N increases, Px(-) will approximate fx(-) more closely under (5.5).

5.3.2 Universal MAP estimation

We now describe a universal estimator for CS over a quantized grid. Consider a prior Py (-) that might
involve Kolmogorov complexity [Cha66; Sol64; Kol65], e.g., Py (w) = 2~KW), or MDL complexity w.r.t.
some class of parametric sources [Ris78; Sch78; WB68]. We call P (-) a universal priorif it has the
fortuitous property that for every stationary ergodic source X and fixed € > 0, there exists some
minimum Ny(X, €) s.t.
In(Py(w))  In(Py(w))
— <— +e
N N
for allw € (Z;)N and N > Ny(X, €) [ZL77; Ris83]. We optimize over an objective function that

incorporates P (-) and the presence of additive white Gaussian noise in the measurements:

U (w) = —In(Py (W) + colly — Aw] [, (5.6)

resulting in® x¥/

M AP Zarg min UY (w). Our universal MAP estimator does not require M < N, and

we(Z2p)N
xA[f[ 4p €an be used in general linear inverse problems.
5.3.3 Conjectured MSE performance

Donoho [Don02] showed for the scalar channel y =x+z that: (i) the Kolmogorov sampler xg g (5.2)

is drawn from the posterior distribution P,y (x|y); and (i) the MSE of this estimate Ex  a[lly—

6This formulation of xV

v 4p corresponds to a Lagrangian relaxation of the approach studied in [JM11; Jal14].
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Xk s||?]is no greater than twice the MMSE. Based on this result, which requires a large reproduction
alphabet, we now present a conjecture on the quality of the estimate le\g 4p- Our conjecture is based
on observing that (i) in the setting (5.1), Kolmogorov sampling achieves optimal rate-distortion
performance; (ii) the Bayesian posterior distribution is the solution to the rate-distortion problem;
and (iij) sampling from the Bayesian posterior yields a squared error that is no greater than twice the
MMSE. Hence, le\g 4p behaves as if we sample from the Bayesian posterior distribution and yields
no greater than twice the MMSE; some experimental evidence to assess this conjecture is presented
in Figures 5.2 and 5.4.

Conjecture 5.1. Assume thatA € RM*VN is an i.i.d. Gaussian measurement matrix where each entry
has mean zero and variance % Suppose that Condition 5.1 holds, the aspect ratio k = %, and the
noisez € RM is i.i.d. zero-mean Gaussian with finite variance. Then for all ¢ > 0, the mean squared

. . U .
error of the universal MAP estimator Xy, , , satisfies

Ex zalllx—xY ,»1] - 2Ex 7 a|lIx—Ex[x]y,Alll*] te
N N

for sufficiently large N .

5.4 Fixed Reproduction Alphabet Algorithm

Although the results of the previous section are theoretically appealing, a brute force optimization of
x% 4p is computationally intractable. Instead, we propose an algorithmic approach based on MCMC
methods [GG84]. Our approach is reminiscent of the framework for lossy data compression [JW08;
JW12; BW12; Yan97].

5.4.1 Universal compressor

We propose a universal lossless compression formulation following the conventions of Weissman
and coauthors [JW08; JW12; BW12]. We refer to the estimate as w in our algorithm. Our goal is to char-
acterize —In(PP;;(w)), cf. (5.6). Although we are inspired by the Kolmogorov sampler approach [Don02],
Kolmogorov complexity cannot be computed [CT06; LV08], and we instead use empirical entropy.
For stationary ergodic sources, the empirical entropy converges to the per-symbol entropy rate
almost surely [CT06].

To define the empirical entropy, we first define the empirical symbol counts:
ng(w,a)[fl1= {ie[q+1,N];w;Ij7=a, w; =B}, (5.7)

where g is the context depth [Ris83; Wil95], € %, a € (ZFr)9, w; is the i-th symbol of w, and

w{ is the string comprising symbols i through j within w. We now define the order g conditional
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empirical probability for the context a as

ng(w,a)[f]
P, (w,a)f]= 1 : (5.8)
o W, @B
and the order g conditional empirical entropy,’
L1
Hyw)2—— > ng(wa)pllog,(Bs(w,a)(B]), (5.9

ae(Rr)1,ERE

where the sum is only over non-zero counts and probabilities.

Allowing the context depth g = gy = o(log(N)) to grow slowly with N, various universal com-
pression algorithms can achieve the empirical entropy H,(-) asymptotically [Ris83; Wil95; ZL77].
On the other hand, no compressor can outperform the entropy rate. Additionally, for large N, the
empirical symbol counts with context depth g provide a sufficiently precise characterization of the
source statistics. Therefore, H, provides a concise approximation to the per-symbol coding length

of a universal compressor.

5.4.2 Markov chain Monte Carlo

Having approximated the coding length, we now describe how to optimize our objective function.
We define the energy U (w) in an analogous manner to WY (w) (5.6), using H,(w) as our universal
coding length:

U (w) 2 N H,(w)+ cylly— Awll*, (5.10)

where ¢, = ¢;10g,(e). The minimization of this energy is analogous to minimizing WY (w).

Ideally, our goal is to compute the globally minimum energy solution xf,;’ |\p =arg rr}}nN Wha(w),
We use a stochastic MCMC relaxation [GG84] to achieve the globally minimum s“éelilfgg)n in the
limit of infinite computation. To assist the reader in appreciating how MCMC is used to compute
xfj "1p» We include pseudocode for our approach in Algorithm 5.1. The algorithm, called basic MCMC
(B-MCMCQ), will be used as a building block for our latter Algorithms 5.2 and 4 in Section 5.5. The
initial estimate w is obtained by quantizing the initial pointx* € RN to ()N . The initial point x*
could be the output of any CS signal estimation algorithm, and because x* is a preliminary estimate
of the signal that does not require high fidelity, we let x* = ATy for simplicity, where {-}" denotes
transpose. We refer to the processing of a single entry of w as an iteration and group the processing
of all entries of w, randomly permuted, into super-iterations.

The Boltzmann PMF for a thermodynamic system was defined in (2.2). Similarly, we define the

"Interested readers can refer to the definitions of entropy for thermodynamics and information theoryin (2.1) and (2.8),
respectively.
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Boltzmann PMF for the energy U (w) (5.10) as

!
Py(w)= —exp (—slI!H‘f (w)), (5.11)
N
where s > 0 is inversely related to the temperature in simulated annealing and ; is a normalization
constant. MCMC samples from the Boltzmann PMF (5.11) using a Gibbs sampler: in each iteration,
a single element w,, is generated while the rest of w, w\" = {w; : n # i}, remains unchanged. We
denote by wi'! ﬂwﬁ’ 4 the concatenation of the initial portion of the output vector w!'~! the symbol
B € ZF, and the latter portion of the output w'Y +1- The Gibbs sampler updates w,, by resampling
from the PMF:

exp (—sTHa(wilawl, )
Dpeay xp (s (w T bw, )

1
2}76%1: exp [_S (NAHq(W’ n, b’ a) + C4Ad(w, n, b; Ll))] ’

IP>s(wn = alw\n)

where

AHy(w,n,b,a)2 Hy(wy ™ bwy), )~ Hy(w] " aw)

n+l n+1)

is the change in empirical entropy H,(w) (5.9) when w,, = a is replaced by b, and

Ad(w,n,b,a)=|ly—Aw! " bw

n+1

P —lly—Aw; " awl) )II? (5.12)

is the change in |ly—Aw]|?> when w,, = a is replaced by b. The maximum change in the energy within
an iteration of Algorithm 5.1 is then bounded by

A, = max max max |NAHq(w,n,b,a)+c4Ad(w,n,b,a)|. (5.13)

1<n<Nwe(Zp)N a,beRr

Note that x is assumed bounded (cf. Condition 5.1) so that (5.12-5.13) are bounded as well.

In MCMC, the space we (Z5)" is analogous to a thermodynamic system, and at low tempera-
tures the system tends toward low energies. Therefore, during the execution of the algorithm, we set
a sequence of decreasing temperatures that takes into account the maximum change given in (5.13):

s =In(t +ry)/(cNA,) for some ¢ > 1, (5.14)

where 1, is a temperature offset. At low temperatures, i.e., large s;, a small difference in energy
W' (w) drives a big difference in probability, cf. (5.11). Therefore, we begin at a high temperature
where the Gibbs sampler can freely move around (% )" . As the temperature is reduced, the PMF
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Algorithm 5.1 Basic MCMC for universal CS — Fixed alphabet

1: Inputs: Initial estimate w, reproduction alphabet £, noise variance 022, number of super-

iterations r, temperature constant ¢ > 1, and context depth g
2: Compute n,(w,a)[B], Va (%), p € Rr

3: fort=1tor do > super-iteration
4: s —In(t)/(cNA,) >s=s;,cf. (5.14)
5 Draw permutation {1,---, N} at random
6 for /’=1to N do > iteration
7: Let n be component ¢’ in permutation
8 forall 8 in Zr do > possible new w,,
9 Compute AH,(w, n, 3, w,)
10: Compute Ad(w, n, B, w,,)
11: Compute P,(w, = S|w\")
12: end for
13: Generate w,, using P(-[w\") > Gibbs
14: Update n,(w,)[B], V a € (), p € R
15: end for
16: end for

17: Output: Return approximation w of le\Z AP

becomes more sensitive to changes in energy (5.11), and the trend toward w with lower energy grows
stronger. In each iteration, the Gibbs sampler modifies w,, in a random manner that resembles heat
bath concepts in thermodynamics. Although MCMC could sink into a local minimum, Geman and
Geman [GG84] proved that if we decrease the temperature according to (5.14), then the randomness
of Gibbs sampling will eventually drive MCMC out of the locally minimum energy and it will converge
to the globally optimal energy w.r.t. xll\],l 4p- Note that Geman and Geman proved that MCMC will
converge, although the proof states that it will take infinitely long to do so. In order to help B-MCMC
approach the global minimum with reasonable runtime, we will refine B-MCMC in Section 5.5.

The following theorem is proven in Appendix C.1, following the framework established by Jalali
and Weissman [JW08; JW12].

Theorem 5.1. Let X be a stationary ergodic source that obeys Condition 5.1. Then the outcomew’ of

Algorithm 5.1 in the limit of an infinite number of super-iterations r obeys

. Hy (ool _ : Hy ooy _ ayHy (4
Jim wrhw)= _min W' @)= " (Xpap)-

Theorem 5.1 shows that Algorithm 5.1 matches the best-possible performance of the universal
MAP estimator as measured by the objective function W, which should yield an MSE that is twice
the MMSE (cf. Conjecture 5.1). We want to remind the reader that Theorem 5.1 is based on the
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stationarity and ergodicity of the source, which could have memory. To gain some insight about
the convergence process of MCMC, we focus on a fixed arbitrary sub-optimal sequence w € (Z)N.
Suppose that at super-iteration ¢ the energy for the algorithm’s output U'%«(w) has converged to the
steady state (see Appendix C.1 for details on convergence). We can then focus on the probability ratio
P =P (w)/P,, (XIA?A p); P <1because XZ”A p is the global minimum and has the largest Boltzmann
probability over all w € (Z5)V, whereas w is sub-optimal. We then consider the same sequence w at
super-iteration £?; the inverse temperature is 25, and the corresponding ratio at super-iteration 2

is (cf. (5.11)) ,
Poo (W) _ exp(-2s0(w)) [ Py (w)

Py, (XAH;AP) - exp(—Zsr\IlHq (XZ”AP)) - P, (Xﬁ]AP)

That is, between super-iterations ¢ and ¢? the probability ratio p, is also squared, and the Gibbs

sampler is less likely to generate samples whose energy differs significantly from the minimum
H, . . .1 . .
energy w.r.t. X, ,. We infer from this argument that the probability concentration of our algorithm

. H R . . .
around the globally optimal energy w.r.t. X, /, , is linear in the number of super-iterations.

5.4.3 Computational challenges

Studying the pseudocode of Algorithm 5.1, we recognize that Lines 9-11 must be implemented
efficiently, as they run r N|% | times. Lines 9 and 10 are especially challenging.

For Line 9, a naive update of H,(w) has complexity O(| 2| +1), cf. (5.9). To address this problem,
Jalali and Weissman [JW08; JW12] recompute the empirical conditional entropy in O(q|2|) time
only for the O(gq) contexts whose corresponding counts are modified [JW08; JW12]. The same
approach can be used in Line 14, again reducing computation from O(|2¢|7"1) to O(q|%F|). Some
straightforward algebra allows us to convert Line 10 to a form that requires aggregate runtime of
O(Nr(M +|2|)). Combined with the computation for Line 9, and since M > q|%|*> (because
|Zr|=7%7=[In(N)],q = o(log(N)), and M = O(N)) in practice, the entire runtime of our algorithm
is O(rMN).

The practical value of Algorithm 5.1 may be reduced due to its high computational cost, dictated
by the number of super-iterations r required for convergence to xf,["A p and the large size of the
reproduction alphabet. Nonetheless, Algorithm 5.1 provides a starting point toward further perfor-
mance gains of more practical algorithms for computing xfjA p» which are presented in Section 5.5.
Furthermore, our experiments in Section 5.6 will show that the performance of the algorithm of

Section 5.5 is comparable to and in many cases better than existing algorithms.
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5.5 Adaptive Reproduction Alphabet

While Algorithm 5.1 is a first step toward universal signal estimation in CS, N must be large enough
to ensure that 2 quantizes a broad enough range of values of R finely enough to represent the
estimate xfjA p well. For large N, the estimation performance using the reproduction alphabet (5.5)
could suffer from high computational complexity. On the other hand, for small N the number of
reproduction levels employed is insufficient to obtain acceptable performance. Nevertheless, using
an excessive number of levels will slow down the convergence. Therefore, in this section, we explore

techniques that tailor the reproduction alphabet adaptively to the signal being observed.

5.5.1 Adaptivity in reproduction levels

To estimate better with finite IV, we utilize reproduction levels that are adaptive instead of the fixed
levels in 2. To do so, instead of w € ()", we optimize over a sequence u€ ', where |%| < | Z |
and | - | denotes the size. The new reproduction alphabet % does not directly correspond to real
numbers. Instead, there is an adaptive mapping .«/ : & — R, and the reproduction levels are .¢/ (%).
Therefore, we call # the adaptive reproduction alphabet. Since the mapping ./ is one-to-one, we
also refer to & as reproduction levels. Considering the energy function (5.10), we now compute
the empirical symbol counts n,(u, a)[5], order g conditional empirical probabilities P, (u, a)[ 8],
and order g conditional empirical entropy H,(u) usingu € Z N ae 9 and f € %, cf. (5.7), (5.8),
and (5.9). Similarly, we use ||y —A.</(u)||? instead of |[y—Aw]|?, where .</ (u) is the straightforward
vector extension of .¢/. These modifications yield an adaptive energy function \I/f W)= N Hy(u)+
cilly— A/ (w2
We choose .4/, ,; to optimize for minimum squared error,

M
ops = argmin[ly—A.o/(w)|* =argmin mzl(ym ~[Ad W] |,

where [A.</(u)],,, denotes the m-th entry of the vector A.</(u). The optimal mapping depends en-
tirely ony, A, and u. From a coding perspective, describing .</, ,;(u) requires H,(u) bits for u and
|Z|bloglog(N) bits for .¢/,,, to match the resolution of the non-adaptive %, with b > 1 an arbitrary
constant [BW12]. The resulting coding length defines our universal prior.

Optimization of reproduction levels: We now describe the optimization procedure for .¢/, ),
which must be computationally efficient. Write

M N 2
T(o) 2 ly—Ad/ ()= (ym —ZAmnﬂ(un)) ,

m=1 n=1

where A,,, is the entry of A at the m-th row, n-th column. For Y(.¢/) to be minimum, we need
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zero-valued derivatives as follows,

dY(.e) M N N
d.</(p) :_2; (ym —;Amm(un)) (;Amnnun:ﬁ) =0,V e,

where the indicator function 14 is 1 if the condition A is met, else 0. Define the location sets
£p =2{n:1<n<N,u,=p}foreach § € Z, and rewrite the derivatives of Y(.</),

dY () M
d.d(B) :_ZZ( =2 D Aund A))( > Amn) (5.15)

m=1 AEX neX; nefp

Let the per-character sum column values be

Ump= D A, (5.16)
I’legfﬁ

foreachme{1,---,M} and 8 € Z. We desire the derivatives to be zero, cf. (5.15):
0= Z (ym > o) .Umx) Himp-
A

Thus, the system of equations must be satisfied,

Z Vimbhmp = Z (Z 7 A)um)umﬂ (5.17)

AEZ
for each B € Z. Consider now the right hand side,
M
Z (Z f/Qf(A .uml).umﬂ Zﬁ(l Z‘uml.umﬁ;
AeZ A

for each B € Z. The system of equations can be described in matrix form as follows,

Q (%) (€]
M M M
Dot Bmpympy Dy B M, o/ (1) 2ot Ymbmp,
M M M
Zm:l Ump UhmBy Zm:l Mm By Um Bz, ”d(ﬂli’fl) Zm:l YmPmp

Note that by writing ¢ as a matrix with entries indexed by row m and column § given by (5.16), we
can write Q as a Gram matrix, Q = 4" u, and we also have © = u 'y, cf. (5.17). The optimal .¢/ can

be computed as a | %] x 1 vector ./, ,, =20 = (u' u) ' u"y if Q e R¥¥1#1 is invertible. We note in
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Algorithm 5.2 Level-adaptive MCMC
2

1: *Inputs: Initial mapping .</, sequence u, adaptive alphabet Z, noise variance o7, number of
super-iterations r, temperature constant ¢ > 1, context depth g, and temperature offset r,

2: Compute n,(u, @), VaeZ, e
3: *Initialize Q
4: fort=1tordo > super-iteration
5: s —In(t+1)/(cNA,) >s=s,,cf. (5.14)
6: Draw permutation {1,---, N} at random
7: for ’=1to N do > iteration
8: Let n be component ¢’ in permutation
9: forall 8 in & do > possible new u,,
10: Compute AH, (u,n,B,u,)
11: *Compute U,g,V me{l,---, M}
12: *Update © > O(1) rows and columns
13: *Compute .¢/, > invert
14: Compute [[y—A./ (u} " fulf, )I?
15: Compute P(u, = Blu\")
16: end for
17: *U, — Uy, > save previous value
18: Generate u,, using Py(-u\") > Gibbs
19: Update n,(-)[-] at O(q) relevant locations
20: *Update U5, V m, B €{u,, i,}
21: *Update Q2 > O(1) rows and columns
22: end for
23: end for

24; *Qutputs: Return approximation .</ (u) of x}\',[ ap» Z, and temperature offset ry + r

passing that numerical stability can be improved by regularizing Q2. Note also that

M 2
||Y—Aﬂf(u)||2=z (J’m_zumﬁﬂopt(ﬂ)) ’ (5.18)

m=1 ez

which can be computed in O(M|%|) time instead of O(M N).

Computational complexity: Pseudocode for level-adaptive MCMC (L-MCMC) appears in Algo-
rithm 5.2, which resembles Algorithm 5.1. The initial mapping .</ is inherited from a quantization
of the initial point x*, r; =0 (ry takes different values in Section 5.5.2), and other minor differences
between B-MCMC and L-MCMC appear in lines marked by asterisks.

We discuss computational requirements for each line of the pseudocode that is run within the

inner loop.

¢ Line 10 can be computed in O(q|%|) time (see discussion of Line 9 of B-MCMC in Section 5.4.3).
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* Line 11 updates g for m€{1,---,M} in O(M) time.

e Line 12 updates (2. Because we only need to update O(1) columns and O(1) rows, each such
column and row contains O(]|%]) entries, and each entry is a sum over O(M) terms, we need
O(M|Z)) time.

* Line 13 requires inverting 2 in O(|Z %) time.
¢ Line 14 requires O(M|%|) time, cf. (5.18).
¢ Line 15 requires O(|%]) time.

In practice we typically have M > |%|?, and so the aggregate complexity is O(r M N|%]), which is
greater than the computational complexity of Algorithm 5.1 by a factor of O(|%Z]).

5.5.2 Adaptivity in reproduction alphabet size

While Algorithm 5.2 adaptively maps u to R, the signal estimation quality heavily depends on |Z]|.
Denote the true alphabet of the signal by 2, x€ Z'V; if the signal is continuous-valued, then |Z |
is infinite. Ideally we want to employ as many levels as the runtime allows for continuous-valued
signals, whereas for discrete-valued signals we want |%| = |Z'|. Inspired by this observation, we
propose to begin with some initial | %], and then adaptively adjust |%| hoping to match |Z’|. Hence,
we propose the size- and level-adaptive MCMC algorithm (Algorithm 5.3), which invokes L-MCMC
(Algorithm 5.2) several times.

Three basic procedures: In order to describe the size- and level-adaptive MCMC (SLA-MCMC)

algorithm in detail, we introduce three alphabet adaptation procedures as follows.

* MERGE: First, find the closest adjacent levels f;, 8, € Z. Create a new level 5 and add it to
% . Let . (B3)= (o (B1)+ .9 (B))/2. Replace u; by B3 whenever u; € {f;, B»}. Next, remove f;
and S, from Z.

* ADD-out: Define the range R, =[min.¢/(Z), max.¢/(Z)], and .#; = max.¢/(Z)—min.¢/ (Z).
Add a lower level 3 and/or upper level B, to % with

. In,
(By)=min.o/(2) = 2,
IR,
()= max.c/(2) +

Note that |{ul~ tu; =301 By,i=1,- ,N}{ =0, i.e., the new levels are empty.
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Figure 5.1 Flowchart of Algorithm 5.3 (size- and level-adaptive MCMC). L(r) denotes running L-MCMC for
r super-iterations. The parameters ry,7,,73,74,, and ry;, are the number of super-iterations used in Stages 1
through 4, respectively. Criteria D1 — D3 are described in the text.

e ADD-in: First, find the most distant adjacent levels, 8, and f8,. Then, add a level 5 to Z with
A (B3)=(A(B1)+ .4 (B,))/2. Forie{l,---,|Z]|} s.t. u; = B, replace u; by B3 with probability

Ps(ui =/52)
Py(u; = 1) +Ps(u; =)

where Py(-) is given in (5.11); for i € {1,---,|#%]} s.t. u; = B,, replace u; by 3 with probability

Ps(ui Zﬂl)
Ps(u; = 1) +Ps(u; = B2)

Note that |{u,~ ‘u;=P3,i=1,--- ,N}| is typically non-zero, i.e., 3 tends not to be empty.

We call the process of running one of these procedures followed by running L-MCMC a round.

Size- and level-adaptive MCMC: SLA-MCMC is conceptually illustrated in the flowchart in
Figure 5.1. It has four stages, and in each stage we will run L-MCMC for several super-iterations; we
denote the execution of L-MCMC for r super-iterations by L(r). The parameters ry, 1», I3, I';,, and
r4p are the number of super-iterations used in Stages 1 through 4, respectively. The choice of these
parameters reflects a trade-off between runtime and estimation quality.

In Stage 1, SLA-MCMC uses a fixed-size adaptive reproduction alphabet % to tentatively estimate
the signal. The initial point of Stage 1 is obtained in the same way as L-MCMC. After Stage 1, the
initial point and temperature offset for each instance of L-MCMC correspond to the respective
outputs of the previous instance of L-MCMC. If the source is discrete-valued and || > |Z’| in Stage 1,
then multiple levels in the output % of Stage 1 may correspond to a single level in &'. To alleviate this

problem, in Stage 2 we merge levels closer than T = .93 /(K x (|Z|—1)), where K| is a parameter.
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However, |%| might still be larger than needed; hence in Stage 3 we tentatively merge the closest
adjacent levels. The criterion D1 evaluates whether the current objective function is lower (better)
than in the previous round; we do not leave Stage 3 until D1 is violated. Note that if |%’| > |Z] (this
always holds for continuous-valued signals), then ideally SLA-MCMC should not merge any levels
in Stage 3, because the objective function would increase if we merge any levels.

Define the outlierset S={x;: x; ¢ R.;,i =1,---,N}. Under Condition 5.1, S might be small or
even empty. When S is small, L-MCMC might not assign levels to represent the entries of S. To make
SLA-MCMC more robust to outliers, in Stage 4a we add empty levels outside the range R and
then allow L-MCMC to change entries of u to the new levels during Gibbs sampling; we call this
populating the new levels. If a newly added outside level is not populated, then we remove it from
Z . Seeing that the optimal mapping .¢/,,, in L-MCMC tends not to map symbols to levels with
low population, we consider a criterion D2 where we will add an outside upper (lower) level if the
population of the current upper (lower) level is smaller than N /(K,|%|), where K, is a parameter.
That is, the criterion D2 is violated if both populations of the current upper and lower levels are
sufficient (at least N /(K| Z])); in this case we do not need to add outside levels because .</,,,,; will
map some of the current levels to represent the entries in S. The criterion D3 is violated if all levels
added outside are not populated by the end of the round. SLA-MCMC keeps adding levels outside
R ., until it is wide enough to cover most of the entries of x.

Next, SLA-MCMC considers adding levels inside R, (Stage 4b). If the signal is discrete-valued,
this stage should stop when |%Z| = |Z’|. Else, for continuous-valued signals SLA-MCMC can add
levels until the runtime expires.

In practice, SLA-MCMC runs L-MCMC at most a constant number of times, and the computa-
tional complexity is in the same order of L-MCMC, i.e., O(r M N |%|). On the other hand, SLA-MCMC

allows varying |%|, which often improves the estimation quality.

5.5.3 Mixing

Donoho proved for the scalar channel setting that xx s is sampled from the posterior P,y (x]y) [Don02].
Seeing that the Gibbs sampler used by MCMC (cf. Section 5.4.2) generates random samples, and the
outputs of our algorithm will be different if its random number generator is initialized with different
random seeds, we speculate that running SLA-MCMC several times will also yield independent
samples from the posterior, where we note that the runtime grows linearly in the number of times
that we run SLA-MCMC. By mixing (averaging over) several outputs of SLA-MCMC, we obtain Xayg,
which may have lower squared error w.r.t. the true x than the average squared error obtained by
a single SLA-MCMC output. Numerical results suggest that mixing indeed reduces the MSE (cf.
Figure 5.8); this observation suggests that mixing the outputs of multiple algorithms, including
running a random signal estimation algorithm several times, may reduce the squared error.
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5.6 Numerical Results

In this section, we demonstrate that SLA-MCMC is comparable and in many cases better than exist-
ing algorithms in estimation quality, and that SLA-MCMC is applicable when M > N. Additionally,
some numerical evidence is provided to justify Conjecture 5.1 in Section 5.3.3. Then, the advantage
of SLA-MCMC in estimating low-complexity signals is demonstrated. Finally, we compare B-MCMC,
L-MCMC, and SLA-MCMC performance.

We implemented SLA-MCMC in Matlab® and tested it using several stationary ergodic sources.
Except when noted, for each source, signals x of length NV = 10000 were generated. Each such x was
multiplied by a Gaussian random matrix A with normalized columns and corrupted byi.i.d. Gaussian
measurement noise z. Except when noted, the number of measurements M varied between 2000
and 7000. The noise variance o2 was selected to ensure that the signal-to-noise ratio (SNR) was 5 or
10 dB; SNR was defined as SNR=10log;, [(N]E[xz])/(Moé)]. According to Section 5.4.1, the context
depth g = o(log(NN)), where the base of the logarithm is the alphabet size; using typical values such
as N = 10000 and |#| = 10, we have log(\N) = 4 and set g = 2. While larger g will slow down the
algorithm, it might be necessary to increase g when N is larger. The numbers of super-iterations in
different stages of SLA-MCMC are r; =50 and r, = 13 = 1y, = Iy = 10, the maximum total number of
super-iterations is set to 240, the initial number of levels is |%| =7, and the tuning parameters from
Section 5.5.2 are K7, K, = 10; these parameters seem to work well on an extensive set of numerical
experiments. SLA-MCMC was not given the true alphabet 2 for any of the sources presented in
this chapter; our expectation is that it should adaptively adjust |Z| to match |Z'|. The final estimate
Xavg of each signal was obtained by averaging over the outputs X of 5 runs of SLA-MCMC, where in
each run we initialized the random number generator with another random seed, cf. Section 5.5.3.
These choices of parameters seemed to provide a reasonable compromise between runtime and
estimation quality.

We chose our performance metric as the mean signal-to-distortion ratio (MSDR) defined as
MSDR = 10log;, (]E[xz] /MSE). For each M and SNR, the MSE was obtained after averaging over the
squared errors of Xayg for 50 draws of x, A, and z. We compared the performance of SLA-MCMC to
that of (i) compressive sensing matching pursuit (CoSaMP) [NT09], a greedy method; (i) gradient
projection for sparse reconstruction (GPSR) [Fig07], an optimization-based method; (iii) message
passing approaches (for each source, we chose best-matched algorithms between EM-GM-AMP-
MOS (EGAM for short) [VS13] and turboGAMP (tG for short) [Zin12]); and (iv) Bayesian compressive
sensing [Ji08] (BCS). Note that EGAM [VS13] places a Gaussian mixture (GM) prior on the signal,
and tG [Zin12] builds a prior set including the priors for the signal, the support set of the signal, the
channel, and the amplitude structure. Both algorithms learn the parameters of their assumed priors

8A toolbox that runs the simulations in this chapter is available at http://people.engr.ncsu.edu/dzbaron/software/UCS
_BaronDuarte/
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Table 5.1 Computational complexity

Algorithms Complexity
SLA-MCMC O(rMN|%))
CoSaMP O(Llog Il
GPSR O(rpMN)
EGAM O(ryre Ty +ryrgrgMN)
tG O(rg L+ rgrgMN)

online from the measurements. We compare the computational complexities of the algorithms above
in Table 5.1, where L bounds the cost of a matrix-vector multiply with A or the Hermitian transpose
of A, and ¢ is a given precision parameter [NT09]; rp, rg, g, 'y are the number of GPSR [Fig07],
expectation maximization (EM), GAMP [Ran11], and model selection [VS13] iterations, respectively;
T, and T, are the average complexities for the EM algorithm and the turbo updating scheme [Zin12].
Because all these algorithms are iterative algorithms and require different number of iterations to
converge or reach a satisfactory estimation quality, we also report their typical runtimes here. Typical
runtimes are 1 hour (for continuous-valued signals) and 15 minutes (discrete-valued) per random
seed for SLA-MCMC, 30 minutes for EGAM [VS13] and tG [Zin12], and 10 minutes for CoSaMP [NT09]
and GPSR [Fig07] on an Intel(R) Core(TM) i7 CPU 860 @ 2.8GHz with 16.0GB RAM running 64 bit
Windows 7. The performance of BCS was roughly 5 dB below SLA-MCMC results. Hence, BCS results
are not shown in the sequel. We emphasize that algorithms that use training data (such as dictionary
learning) [RS12a; Aha06; Mai08; Zho12] will find our problem size N = 10000 too large, because they
need a training set that has more than N signals. On the other hand, SLA-MCMC does not need to
train itself on any training set, and hence is advantageous.

Among these baseline algorithms designed for i.i.d. signals, GPSR [Fig07] and EGAM [VS13]
only need y and A, and CoSaMP [NT09] also needs the number of non-zeros in x. Only tG [Zin12] is
designed for non-i.i.d. signals; however, it must be aware of the probabilistic model of the source.
Finally, GPSR [Fig07] performance was similar to that of CoSaMP [NT09] for all sources considered

in this section, and thus is not plotted.

5.6.1 Performance on discrete-valued sources

Bernoulli source: We first present results for an i.i.d. Bernoulli source. The Bernoulli source followed
the distribution fx(x)=0.036(x —1)+0.976(x), where §(-) is the Dirac delta function. Note that
SLA-MCMC did not know & = {0, 1} and had to estimate it on the fly. We chose EGAM [VS13] for
message passing algorithms because it fits the signal with GM’s, which can accurately characterize
signals from an i.i.d. Bernoulli source. The resulting MSDR’s for SLA-MCMC, EGAM [VS13], and
CoSaMP [NT09] are plotted in Figure 5.2. We can see that when SNR =5 dB, EGAM [VS13] approaches
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Figure 5.2 SLA-MCMC, EGAM, and CoSaMP estimation results for a source with i.i.d. Bernoulli entries with
non-zero probability of 3% as a function of the number of Gaussian random measurements M for different
SNR values (N = 10000).

the MMSE [ZB13] performance for low to medium M ; although SLA-MCMC is often worse than
EGAM [VS13], it is within 3 dB of the MMSE performance. This observation that SLA-MCMC ap-
proaches the MMSE for SNR = 5 dB partially substantiates Conjecture 5.1 in Section 5.3.3. When
SNR =10 dB, SLA-MCMC is comparable to EGAM [VS13] when M > 3000. CoSaMP [NT09] has worse
MSDR.

Dense Markov-Rademacher source: Considering that most algorithms are designed for i.i.d.
sources, we now illustrate the performance of SLA-MCMC on non-i.i.d. sources by simulating a
dense Markov-Rademacher (MRad for short) source. The non-zero entries of the dense MRad signal
were generated by a two-state Markov state machine (non-zero and zero states). The transition
from zero to non-zero state for adjacent entries had probability Py; = %, while the transition from
non-zero to zero state for adjacent entries had probability P;, = 0.10; these parameters yielded 30%
non-zero entries on average. The non-zeros were drawn from a Rademacher distribution, which took
values £1 with equal probability. With such denser signals, we may need to take more measurements
and/or require higher SNR’s to achieve similar performance to previous examples. The number
of measurements varied from 6000 to 16000, with SNR = 10 and 15 dB. Although tG [Zin12] does
not provide an option that accurately characterize the MRad source, we still chose to compare
against its performance because it is applicable to non-i.i.d. signals. The MSDR’s for SLA-MCMC
and tG [Zin12] are plotted in Figure 5.3. CoSaMP [NT09] performs poorly as it is designed for sparse
signal estimation, and its results are not shown. Although tG [Zin12] is designed for non-i.i.d. sources,
it is nonetheless outperformed by SLA-MCMC. This example shows that SLA-MCMC estimates
non-i.i.d. signals well and is applicable to general linear inverse problems. However, recall that the
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Figure 5.3 SLA-MCMC and tG estimation results for a dense two-state Markov source with non-zero entries
drawn from a Rademacher (£1) distribution as a function of the number of Gaussian random measurements
M for different SNR values (N = 10000).

computational complexity of SLA-MCMC is O(r M N |%]). Hence, despite the appealing performance
of SLA-MCMC shown in this example, we will suffer from high computational time when we have to
apply SLA-MCMC in the case when M > N.

5.6.2 Performance on continuous sources

We now discuss the performance of SLA-MCMC in estimating continuous sources.

Sparse Laplace (i.i.d.) source: For unbounded continuous-valued signals, which do not adhere
to Condition 5.1, we simulated an i.i.d. sparse Laplace source following the random variable X =
XgX;,where Xp ~ Ber(0.03) is a Bernoulli random variable and X; follows a Laplace distribution
with mean zero and variance one. We chose EGAM [VS13] for message passing algorithms because
it fits the signal with GM, which can accurately characterize signals from an i.i.d. sparse Laplace
source. The MSDR’s for SLA-MCMC, EGAM [VS13], and CoSaMP [NT09] are plotted in Figure 5.4. We
can see that EGAM [VS13] approaches the MMSE [ZB13] performance in all settings; SLA-MCMC
outperforms CoSaMP [NT09], while it is approximately 2 dB worse than the MMSE. Recall from
Conjecture 5.1 that we expect to achieve twice the MMSE, which is approximately 3 dB below the
signal-to-distortion ratio of MMSE, and thus SLA-MCMC performance is reasonable. This example
of SLA-MCMC performance approaching the MMSE further substantiates Conjecture 5.1.

Markov-Uniform source: For bounded continuous-valued signals, which adhere to Condi-
tion 5.1, we simulated a Markov-Uniform (MUnif for short) source, whose non-zero entries were

generated by a two-state Markov state machine (non-zero and zero states) with Py; = 9% and
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Figure 5.4 SLA-MCMC, EGAM, and CoSaMP estimation results for an i.i.d. sparse Laplace source as a function
of the number of Gaussian random measurements M for different SNR values (N =10000).

P, =0.10; these parameters yielded 3% non-zero entries on average. The non-zero entries were
drawn from a uniform distribution between 0 and 1. We chose tG with Markov support and GM
model options [Zin12] for message passing algorithms. We plot the resulting MSDR’s for SLA-MCMC,
tG [Zin12], and CoSaMP [NT09] in Figure 5.5. We can see that the CoSaMP [NT09] lags behind in
MSDR. The SLA-MCMC curve is close to that of tG [Zin12] when SNR = 10 dB, and it is slightly better
than tG [Zin12] when SNR =5 dB.

When the signal model is known, the message passing approaches EGAM [VS13] and tG [Zin12]
achieve quite low MSE’s, because they can get close to the Bayesian MMSE. Sometimes the model
is only known imprecisely, and SLA-MCMC can improve over message passing; for example, it is
better than tG [Zin12] in estimating MUnif signals (Figure 5.5), because tG [Zin12] approximates the
uniformly distributed non-zeros by GM.

5.6.3 Comparison between discrete and continuous sources

When the source is continuous (Figures 5.4 and 5.5), SLA-MCMC might be worse than the existing
message passing approaches (EGAM [VS13] and tG [Zin12]). One reason for the under-performance
of SLA-MCMC is the 3 dB gap of Conjecture 5.1. The second reason is that SLA-MCMC can only assign
finitely many levels to approximate continuous-valued signals, leading to under-representation
of the signal. However, when it comes to discrete-valued signals that have finite size alphabets
(Figures 5.2 and 5.3), SLA-MCMC is comparable to and in many cases better than existing algorithms.
Nonetheless, we observe in the figures that SLA-MCMC is far from the state-of-the-art when the
SNR is high and measurement rate is low. Additionally, the dense MRad source in Figure 5.3 has
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Figure 5.5 SLA-MCMC, tG, and CoSaMP estimation results for a two-state Markov source with non-zero entries
drawn from a uniform distribution U[0, 1] as a function of the number of Gaussian random measurements
M for different SNR values (N = 10000).

only a limited number of discrete levels and may not provide a general enough example.

5.6.4 Performance onlow-complexity signals

SLA-MCMC promotes low complexity due to the complexity-penalized term in the objective func-
tion (5.10). Hence, it tends to perform well for signals with low complexity such as the signals in
Figures 5.2 and 5.3 (note that the Bernoulli signal is sparse while the MRad signal is denser). In this
subsection, we simulated a non-sparse low-complexity signal. We show that complexity-penalized
approaches such as SLA-MCMC might estimate low-complexity signals well.

Four-state Markov source: To evaluate the performance of SLA-MCMC for discrete-valued non-
i.i.d. and non-sparse signals, we examined a four-state Markov source (Markov4 for short) that
generated the pattern +1,+1,—1,—1,+1,+1,—1,—1--- with 3% errors in state transitions, resulting in
the signal switching from —1 to +1 or vice versa either too early or too late. Note that the estimation
algorithm did not know that this source is a binary source. While it is well known that sparsity-
promoting CS signal estimation algorithms [Zin12; NT09; Fig07] can estimate sparse sources from
linear measurements, the aforementioned switching source is not sparse in conventional sparsifying
bases (e.g., Fourier, wavelet, and discrete cosine transforms), rendering such sparsifying transforms
not applicable. Signals generated by this Markov source can be sparsified using an averaging analysis
matrix [Canl1] whose diagonal and first three lower sub-diagonals are filled with +1, and all other
entries are 0; this transform yields 6% non-zeros in the sparse coefficient vector. However, even

if this matrix had been known a priori, existing algorithms based on analysis sparsity [Can11] did
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Figure 5.6 SLA-MCMC estimation results for a four-state Markov switching source as a function of the
measurement rate k for different SNR values and signal lengths. Existing CS algorithms fail at estimating this
signal, because this source is not sparse.

not perform satisfactorily, yielding MSDR’s below 5 dB. Thus, we did not include the results for
these baseline algorithms in Figure 5.6. On the other hand, Markov4 signals have low complexity in
the time domain, and hence, SLA-MCMC successfully estimated Markov4 signals with reasonable
quality even when M was relatively small. This Markov4 source highlights the special advantage of
our approach in estimating low-complexity signals.

The MSDR’s for shorter Markov4 signals are also plotted in Figure 5.6. We can see that SLA-
MCMC performs better when the signal to be estimated is longer. Indeed, SLA-MCMC needs a signal
that is long enough to learn the statistics of the signal.

5.6.5 Performance on real world signals

Our experiments up to this point use synthetic signals, where SLA-MCMC has shown comparable
and in many cases better results than existing algorithms. This subsection evaluates how well
SLA-MCMC estimates a real world signal. We use the “Chirp” sound clip from Matlab: we cut a
consecutive part with length 9600 out of the “Chirp” (denoted by x) and performed a short-time
discrete cosine transform (DCT) with window size, number of DCT points, and hop size all being 32.
Then we vectorized the resulting short-time DCT coefficients matrix to form a coefficient vector 6
of length 9600. By denoting the short-time DCT matrix by W—!, we have § = W~!x. Therefore, we can
rewrite (5.1) as y =A@ +z, where A = AW. We want to estimate 6 from the measurements y and the
matrix A. After we obtain the estimate &, we obtain the estimated signal by X= wo. Although the

coefficient vector 8 may exhibit some type of memory, it is not readily modeled in closed form, and
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Figure 5.7 SLA-MCMC and EGAM estimation results for a Chirp signal as a function of the measurement rate
K for different SNR values (N =9600).

so we cannot provide a valid model for tG [Zin12]. Instead, we use EGAM [VS13] as our benchmark
algorithm. We do not compare to CoSaMP [NT09] because it falls behind in performance as we have
seen from other examples. The MSDR’s for SLA-MCMC and EGAM [VS13] are plotted in Figure 5.7,
where SLA-MCMC outperforms EGAM by 1-2 dB.

5.6.6 Comparison of B-MCMC, L-MCMC, and SLA-MCMC

We compare the performance of B-MCMC, L-MCMC, and SLA-MCMC with different numbers of
seeds (cf. Section 5.5.3) by examining the MUnif source (cf. Section 5.6.2). We ran B-MCMC with the
fixed uniform alphabet Z in (5.5) with |%2| =10 levels. L-MCMC was initialized in the same way
as Stage 1 of SLA-MCMC. B-MCMC and L-MCMC ran for 100 super-iterations before outputting
the estimates; this number of super-iterations was sufficient because it was greater than r; =50 in
Stage 1 of SLA-MCMC. The results are plotted in Figure 5.8. B-MCMC did not perform well given the
R in (5.5) and is not plotted. We can see that SLA-MCMC outperforms L-MCMC. Averaging over
more seeds provides an increase of 1 dB in MSDR.? It is likely that averaging over more seeds with
each seed running fewer super-iterations will decrease the squared error. We leave the optimization
of the number of seeds and the number of super-iterations in each seed for future work. Finally,

~ 1
we tried a “good” reproduction alphabet in B-MCMC, % = m{o, -+,|Zp|—1}, and the
Fl—
results were close to those of SLA-MCMC. Indeed, B-MCMC is quite sensitive to the reproduction
alphabet, and Stages 2—4 of SLA-MCMC find a good set of levels. Example output levels .¢/ (%) of

SLA-MCMC were: {—0.001,0.993} for Bernoulli signals, {—0.998,0.004, 1.004} for dense MRad signals,

9For other sources, we observed an increase in MSDR of up to 2 dB.
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Figure 5.8 SLA-MCMC with different number of random seeds and L-MCMC estimation results for the Markov-
Uniform source described in Figure 5.5 as a function of the number of Gaussian random measurements M
for different SNR values (N = 10000).

21 levels spread in the range [—3.283,4.733] for i.i.d. sparse Laplace signals, 22 levels spread in the
range [—0.000,0.955] for MUnif signals, and {—1.010,0.996} for Markov4 signals; we can see that
SLA-MCMC adaptively adjusted |Z| to match || so that these levels represented each signal well.
Also, we can see from Figures 5.2-5.4 that SLA-MCMC did not perform well in the low measurements
and high SNR setting, which was due to mismatch between |%| and |Z'|.

5.7 Approximate Message Passing with Universal Denoising

We note in passing another universal algorithm, approximate message passing with universal
denoising (AMP-UD) [Mal4a; Mal6], for CS signal estimation, of which the author of this dissertation
is a coauthor. The signal x is assumed to be stationary and ergodic, but the input statistics are
unknown. AMP-UD is a novel algorithmic framework that combines: (i) the approximate message
passing CS signal estimation framework [Don09; Mon12; BM11; Krz12a; Krz12b; BK15], which solves
the CS signal estimation problem by iterative scalar channel denoising; (ii) a universal denoising
scheme based on context quantization [SW08; SW09], which partitions the stationary ergodic
signal denoising into i.i.d. sub-sequence denoising; and (iii) a density estimation approach that
approximates the probability distribution of an i.i.d. sequence by fitting a GM model [F]J02]. In
addition to the algorithmic framework, Ma et al. [Mal4a; Mal6] provide three contributions: (i)
numerical results showing that state evolution [Don11; BM11; JM12; Don13; Bay15] holds for non-
separable Bayesian sliding-window denoisers; (i) an i.i.d. denoiser based on a modified GM learning
algorithm; and (iii) a universal denoiser that does not need information about the range where
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Figure 5.9 AMP-UD [Mal4a; Mal6], SLA-MCMC, and tG estimation results for a dense two-state Markov
source with non-zero entries drawn from a Rademacher (£1) distribution as a function of the number of
Gaussian random measurements M for different SNR values (N = 10000).

the input takes values from or require the input signal to be bounded. Ma et al. [Mal4a; Mal6]
provide two implementations of AMP-UD with one being faster and the other being more accurate.
The two implementations compare favorably with existing universal signal estimation algorithms
(including the SLA-MCMC algorithm discussed in this chapter) in terms of both estimation quality
and runtime.

To highlight the advantages of AMP-UD relative to SLA-MCMC, Figure 5.9 compares the AMP-UD
simulation results to the SLA-MCMC and tG [Zin12] results for the setting in Figure 5.3. We see that
AMP-UD outperforms both algorithms. Moreover, the runtime of AMP-UD is around 5 minutes to
estimate this MRad signal of length 10000, while it usually takes SLA-MCMC an hour and tG [Zin12]
30 minutes to estimate this signal. Therefore, we see that AMP-UD is indeed promising.

5.8 Conclusion

This chapter provided universal algorithms for signal estimation from linear measurements. Here,
universality denotes the property that the algorithm need not be informed of the probability distri-
bution for the recorded signal prior to acquisition; rather, the algorithm simultaneously builds esti-
mates both of the observed signal and its distribution. Inspired by the Kolmogorov sampler [Don02]
and motivated by the need for a computationally tractable framework, our contribution focused on
stationary ergodic signal sources and relied on a maximum a posteriori estimation algorithm. The
algorithm was then implemented via a Markov chain Monte Carlo formulation that is proven to
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be convergent in the limit of infinite computation. We reduced the computational complexity and
improve the estimation quality of the proposed algorithm by adapting the reproduction alphabet to
match the complexity of the input signal. Our experiments have shown that the performance of the
proposed algorithm is comparable to and in many cases better than existing algorithms, particularly
for low-complexity sources that do not exhibit standard sparsity or compressibility.

As we were finishing this work, Jalali and Poor [JP14] have independently shown that our formula-
tion (5.10) also provides an implementable version of Rényi entropy minimization. Their theoretical
findings further motivated our proposed universal MCMC formulation. We noted in passing another
universal algorithm that often achieves better estimation quality than the SLA-MCMC algorithm
discussed in this chapter.
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CHAPTER

6

DISCUSSION

This chapter concludes the dissertation. We begin by summarizing the previous chapters, and then

we list our contributions. Finally, we propose some possible future directions.

6.1 Summary and Contributions

Linear models find wide applications in the real world, and the problem of estimating the underlying
signal(s) from a linear model is called a linear inverse problem. Depending on the number of under-
lying signals, we have the single measurement vector problem (SMV) and the multi-measurement
vector problem (MMYV); depending on how the measurement matrix and the measurements are
stored, we have the centralized linear model and the multi-processor linear model. Prior art includes
algorithms for linear inverse problems and their corresponding performance characterizations.
There are many remaining issues in the prior art. First, there is little work discussing the perfor-
mance characterization for the linear inverse problems themselves. Second, when dealing with the
distributed setting, there is little work studying the relations of different costs. At last, the existing
algorithms for linear inverse problems require the prior knowledge of the unknown signal to some
extent. These issues are important to practitioners. In this dissertation, we took advantage of the
tools in statistical physics and information theory to address these issues in the large system limit,
i.e,, the length of the signal and the number of measurements go to infinity while the measurement
rate (ratio between the number of measurements and the length of the signal) stays constant.
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We started with providing background materials on statistical physics and information theory
in Chapter 2, and we also discussed the link between statistical physics and information theory.
Then, we studied the minimum mean squared error (MMSE) for MMV problem in Chapter 3 by
using the replica analysis from statistical physics. We analyzed the MMSE for two settings of MMV
problems, where the entries in the signal vectors are independent and identically distributed (i.i.d.),
and share the same support. One MMV setting has i.i.d. Gaussian measurement matrices, while
the other MMV setting has identical i.i.d. Gaussian measurement matrices. Replica analysis yields
identical free energy expressions for these two settings in the large system limit. Because of the
identical free energy expressions, the MMSE'’s for both MMV settings are identical. By numerically
evaluating the free energy expression, we identified different performance regions for MMV where
the MMSE as a function of the channel noise variance and the measurement rate behaves differently.
We also identified a phase transition for belief propagation algorithms (BP) that separates regions
where BP achieves the MMSE asymptotically and where it is sub-optimal. Simulation results of
an approximated version of BP matched with the mean squared error (MSE) predicted by replica
analysis. As a special case of MMV, we extended our replica analysis to complex SMV, so that we can
calculate the MMSE for complex SMV with real or complex measurement matrices. Chapter 3 is
based on our work with Baron [ZB13] and with Baron and Krzakala [Zhul6b].

In Chapter 4, we studied the optimization of different costs in running a distributed algorithm;
these costs include (but are not limited to) the computation cost, the communication cost, and
the quality of the estimate. We focused our discussion on a certain distributed algorithm, multi-
processor approximate message passing (MP-AMP). Our results might be extended to some other
distributed and iterative algorithms. We proposed to use lossy compression (from information
theory) on the messages being transmitted across the network, and we allowed the coding rate
to vary from iteration to iteration for MP-AMP. Also, we proposed an algorithmic method to find
the optimal coding rate for the messages being transmitted in the network for MP-AMP , so that
we can achieve the smallest combined cost of computation and communication. In addition, we
theoretically analyzed the optimal coding rate sequence in the limit of low excess mean squared
error (EMSE=MSE-MMSE) and it turns out that the optimal coding rate sequence is approximately
linear when the EMSE is low. At last, we proved the existence of trade-offs among these different
costs for MP-AMP. Chapter 4 is based on our work with Han et al. [Han16] and with Baron and
Beirami [Zhul6c; Zhul6a].

In Chapter 5, we proposed a universal algorithm, size- and level-adaptive Markov chain Monte
Carlo (SLA-MCMCQ), to solve the linear inverse problem. Inspired by the Kolmogorov sampler [Don02]
and motivated by the need for a computationally tractable framework, our contribution focused on
stationary ergodic signal sources and relied on a maximum a posteriori estimation algorithm. The
algorithm was then implemented via a Markov chain Monte Carlo formulation (motivated from
thermodynamics) that is proven to be convergent in the limit of infinite computation. We reduced
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the computational complexity and improved the estimation quality of the proposed algorithm by
adapting the reproduction alphabet to match the complexity of the input signal. Our experiments
have shown that the performance of the proposed algorithm is comparable to and in many cases
better than existing algorithms, particularly for low-complexity signals that do not exhibit standard
sparsity or compressibility. Chapter 5 is based on our work with Baron and Duarte [Zhul4; Zhul5].

6.2 Future Directions

Along the line of this dissertation, we list some possible future directions.

1. Our replica analysis in Chapter 3 assumes that the non-zero entries of the jointly sparse signals
are i.i.d. However, in real-world application, sometimes the non-zero entries that share the
same support are dependent. Our derivation could possibly be generalized to such settings.
When the non-zero entries of the signals are dependent, we suspect that the MMV setting
with different matrices will yield lower MMSE than the MMV setting with identical matrices.

2. As is discussed in Chapter 3, studying other error metrics than the MSE could also be of
interest. We could extend the work of Tan and coauthors [Tan14a; Tan14b], so that we can both
study the theoretic optimal performance for user-defined additive error metric and design

algorithms that can achieve the theoretic optimal performance.

3. In Chapter 4, our study of different costs is within the MP-AMP algorithm. One possible
future direction could be to find a generic class of algorithms to which our analyses can apply.
Another possible direction is to incorporate such ideas in a real-world software package design,

which could be of great interest to industry.

4. Although both SLA-MCMC and AMP-UD from Chapter 5 seem promising, they are not so
resilient to measurement matrices that are far from i.i.d. In order to make a larger impact, we

need to design universal algorithms that are more resilient to non-i.i.d. matrices.
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APPENDIX

A

APPENDIX FOR CHAPTER 3

This appendix follows the derivation of Barbier and Krzakala [BK15], except for some nuances. Our
compressed derivation makes the presentation self-contained.

Plugging (3.31) and the following identity [BK15; Krz12a],
N

ra) NJ 1 saTga
Qa (Qa 7 - E Z(Xl )Txl ) ]_

n

n N
1:fexp{—2[7ﬁa (maN]_ (i?)szﬂ+Z
=1 a=1

a=1

N n
>, [ﬁab(%bm—Z(ﬁ?fﬁf’)”]‘[d%d@dmadfﬁa [T ddas dGas,
=1 a=1

1<a<b<n 1<a<b<n

=1

into (3.10), we obtain

_nMJ I~ 1 ~ QB =
EA,x,z[Zn]z(Zﬂaé) 2 JeXP[N](EZQaQa_E Z qabqab_zmamtl)] l_IXH x
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(A.1)
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where

n 1 n - 1 n n
r=ff(xl)[ﬂf(i$)]exp[—EZQa(ﬁ?)Ti?+5 > ﬁab(iffi{’+Zm\a(iffxl]dxll_ldif.
a=1

a=1 a=1 1<a,b<n a=1
a#b
(A.2)

Further simplification of (3.10): The Stratanovitch transform [Str] in / dimensions is given by

~ J ~
exp g Z ®)'=? =l_[exp g Z flalj?clb,j
1<a,b<n j=1 1<a,b<n
a#b a#b
/ _ & G \2 (A.3)
:l_[fexpl\/;hijf’]—g (xﬁj) Dh;
j=1 a=1 a=1
= f exp \/EhTZﬁ—E (%) %4 |7n,
a=1 a=1

where h = [hy,..., h ]]T, and the differential 2h; = L2 gp j- With the Stratanovitch trans-
form (A.3), we simplify " (A.2) as follows,

r= f f (xl)f [fm)]" 7h ax, (A.4)

where f(h) = f f (xl)e_QTWikl*mﬂXl*ﬁhTil dXx,, and we drop the super-script a of X{ owing to
the replica symmetry assumption [Krz12a; Krz12b]. In the limit of n — 0, using another Taylor
series [ f(h)]" ~ 1+ nlog[f(h)], we have [[f(h)]"Zh~ 1+ n [log[f(h)]Zh~ e[ 1ogl/(I7h g6 that
E {f[f(h)]”@h} ~E {1 +n f log[f(h)]@h} ~ eE{n [ loglf)]7h} Hence, we can approximate (A.4) as

F:exp{njf(xl)flog[f(h)]@h dxl}. (A.5)

Considering (A.5), we rewrite (A.1) as

EnxzlZ"]= f "N ma.3.0Q) g i dg dg dQ dQ, (A.6)
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where 5](771, m,q,q,Q, 6) is given below,

- T~ _ MJ[p—-2m+0i+gqg
(I)](mrm’q»q’QrQ):E(QQ+qq_2mm)_ |: Z

+log(Q—qg + O'é) —log(a%) +

2N| Q-q+02
< L=~ 7o 7 =~ Te | 42 MJ 2
Jf(xl){flog{ff(xl)exp [—§(Q+q)xlxl+mxlx1+\/5h xl]dxl}@h} dxl—mlog@naz).

(A7)

Free energy expression: We now substitute (A.6) into (3.9). Assuming that the limits in (3.9)
commute and that we only evaluate (3.9) at optimum points of & 7 (A7) [BK15; Krz12a; Krz12b], we

have Z =& j(m*, m*, g%, g*, Q*, 6*), where the asterisks denote stationary points. Next, we calculate
the stationary points:

6@] — K

=0 m=—————,

om Q*—q*+0o7
0% 0% +p—2m*+q*
—]:O:ﬁ*:K 2P 5 q
q (Q*—g*+03)

o® e ¥ __ 9% *
92 0O PP =247 +Q
oQ (Q*—q*+0%)

where k (3.3) is the measurement rate. Because we are analyzing the MMSE, we must assume that

the estimated prior matches the true underlying prior, which is a Bayesian setting. Thus, g* = m*

and Q* = p (3.25). Let E = g* —2m* + Q* = Q* — g*, then we obtain g* = m* = Efgz and Q* = 0.
Z

Therefore, we solve for the free energy as a function of E in (3.13). Using a change of variables, we

obtain (3.14), which is a function of E. Using (3.25), the MSE is

D=E+Q—q=E+%Ni§°E. (A.8)

Hence, in the large system limit, we can regard the free energy (3.14) as a function of the MSE, D.
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APPENDIX

B

APPENDICES FOR CHAPTER 4

B.1 Impact of the Quantization Error

This appendix provides numerical evidence that (i) the quantization error n, is independent of
the scalar channel noise w; (4.11) in the fusion center and (i) w; + n, is independent of the signal
x. In the following, we simulate the AMP equivalent scalar channel in each processor node and
in the fusion center. In the interest of simple implementation, we use scalar quantization (SQ) to
quantize f/ (4.8) (in each processor node) and hypothesis testing to evaluate (i) whether w; and n,
(in the fusion center) are independent and (i) whether w; +n, and x are independent. Both parts
are necessary for lossy SE (4.12) to hold: part (i) ensures that we can predict the variance of w, +n,
by 0%+ P D, and part (ii) ensures that lossy MP-AMP falls within the general framework of Bayati
and Montanari [BM11] and Rush and Venkataramanan [RV16], so that lossy SE (4.12) holds. Details
about our simulation appear below.

Considering (4.5) and (4.8), we obtain that the AMP equivalent scalar channel in each processor
node can be expressed as

1
f) = ;x+w§’, (B.1)

P .
where szlw’; = w, (4.5), and the variances of w; and w, can be expressed as (o} )? and o2,
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Figure B.1 PCC test results. The darkness of the shades shows the fraction of 100 tests where we reject the null
hypothesis (random variables being tested are uncorrelated) with 5% confidence. The horizontal and vertical
axes represent the quantization bin size y of the SQ and the scalar channel noise standard deviation (std) ¥
in each processor node, respectively. Panel (a): Test the correlation between w, and n,. Panel (b): Test the
correlation between w, +n, and x.

respectively (4.12). Hence, we obtain 02 = 2521(0’; )?. The signal x follows (4.18) with p =0.1. The
entries ofw’f are i.i.d. and follow .A4(0, (o"f)z). Next, we apply an SQ to f’f (B.1),

1
Q(ff): Fx—l—w’f%—nf, (B.2)

where Q(-) denotes the quantization process, n’f is the quantization error in processor node p, and
recall that the variance of n’ is D;. We simulate the fusion center by calculating

p

f,=> QU))=x+w, +n,, (B.3)
p=1

where n; = Zi:l n?. Note that w; is Gaussian due to properties of AMP [Don09; Mon12; BM11]. The
total quantization error at the fusion center, n,, is also Gaussian, due to the central limit theorem.
Hence, in order to test the independence of w; and n; (B.3), we need only test whether w, and n,
are uncorrelated. We also test whether w; + n; and x are uncorrelated.

We study the settings o? € {107°°,---,10™} and y € {2°,---,2710}, where y denotes the SQ

bin size. In each setting, we simulate (B.1)-(B.3) 100 times and perform 100 Pearson correlation
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coefficient (PCC) tests [Pcc] for w; and n;, respectively. The null hypothesis of the PCC tests [Pcc] is
that w, and n, are uncorrelated. The null hypothesis is rejected if the resulting p-value is smaller
than 0.05.

For each setting, we record the fraction of 100 tests where the null hypothesis is rejected, which
is shown by the darkness of the shades in Figure B.1a. The horizontal and vertical axes represent the
quantization bin size y and the standard deviation (std) o/, respectively. Similarly, we test w; +n,
and x; results appear in Figure B.1b. We can see that when y < af (bottom right corner), (i) w; and
n, tend to be independent and (i) w; + n; and x tend to be independent.

Now consider Figure B.1b, which provides PCC test results evaluating possible correlations
between w; +n; and x. There appears to be a phase transition that separates regions where w; +n,
and x seem independent or dependent. We speculate that this phase transition is related to the pdf
of %x+wiJ . To explain our hypothesis, note that when the noise w/ is low (top part of Figure B.1b),
the phase transition is less affected by noise, and the role of y is smaller. By contrast, large noise

(bottom) sharpens the phase transition.

_ 20,
=7,
and (i) w; +n, and x to be independent. The requirement y < 20} = % is motivated by Widrow

In summary, it appears that when y < 20¥ we can regard (i) w, and n, to be independent

and Kollar [WKO08]; we leave the study of this phase transition for future work.

B.2 Numerical Evidence for Lossy SE

This appendix provides numerical evidence for lossy SE (4.23). We simulate two signal types, one is
the Bernoulli-Gaussian signal (4.18) and the other is a mixture Gaussian.

Bernoulli-Gaussian signals: We generate 50 signals of length 10000 according to (4.18). These
signals are measured by M = 5000 measurements spread over P = 100 distributed nodes. We estimate
each of these signals by running T = 10 MP-AMP iterations. ECSQ is used to quantize f; (B.1), and
Q(f?) (B.2) is encoded at coding rate R,. We simulate settings with sparsity rate p € {0.1,0.2} and
noise variance % € {0.01,0.001}. In each setting, we randomly generate the coding rate sequence R,
s.t. the quantization bin size at each iteration satisfies y < % (details in Appendix B.1).! A Bayesian
denoiser, n,(-) = E[x|f; ], is used in (4.10). The resulting MSE'’s from the MP-AMP simulation averaged
over the 50 signals, along with MSE’s predicted by lossy SE (4.23), are plotted in Figure B.2a. We can
see that the simulated MSE’s are close to the MSE’s predicted by lossy SE.

Mixture Gaussian signals: We independently generate 50 signals of length 10000 according to
X =2 icio1.2) 1x,=i Xc,i where Xp ~ cat(0.5,0.3,0.2) follows a categorical distribution on alphabet
{0,1,2}, X5 0 ~4(0,0.1), X1 ~ A (—1.5,0.8), and X » ~ A(2,1). We simulate settings with T = 10,

!Note that the constraint on y implies that R is likely monotone non-decreasing.
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Figure B.2 Comparison of the MSE predicted by lossy SE (4.12) and the MSE of MP-AMP simulations for
various settings. The round markers represent MSE’s predicted by lossy SE, and the (red) crosses represent
simulated MSE’s. Panel (a): Bernoulli-Gaussian signal. Panel (b): Mixture Gaussian signal.

P=100,x = % €{0.8,1.6}, and 0'% €{0.5,0.05}. In each setting, we randomly generate the coding
rate sequence R, s.t. the quantization bin size at each iteration satisfies y < 2%. The results are

plotted in Figure B.2b. The simulation results match well with the lossy SE predictions.

B.3 Integrity of Discretized Search Space

When a coding rate R is selected in MP-AMP iteration ¢, DP calculates the equivalent scalar channel
noise variance o? +1 (4.11) for the next MP-AMP iteration according to (4.12). The variance o? 1
is unlikely to lie on the discretized search space for 0'%, denoted by the grid 9(c?). Therefore,
D t+1)(0-% +1(}’?\)) in (4.17) does not reside in memory. Instead of brute-force calculation of ®4(-),
we estimate it by fitting a function to the closest neighbors of af 4, thatlie on the grid 9(o?)and
finding ®,(-) according to the fit function. We evaluate a linear interpolation scheme.
Interpolation in ¢(o?): We run DP over the original coarse grid ¥¢(o?) with resolution Ag? =
0.01 dB, and a 4x finer grid ¥/ (0?) with Ag? = 0.0025 dB. We obtain the cost function with the
coarse grid ®4._,((0?).) and the cost function with the fine grid (I)];_t((O'%)f), Veef{l,..,T}(o?%) €
9°(0?),(02); € 9/ (o). Next, we interpolate ®%._,((02),) over the fine grid ¥/ (0®) and obtain the
interpolated ®._,((6'2).). In order to compare ®}._,((c2).) with @j;_t((ai)c) in a comprehensive

way, we consider the settings given by the Cartesian product of the following variables: (i) the
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Figure B.3 Justification of the discretized search space used in DP. Top panel: Empirical PMF of the error in
the cost function A®,(-) used to verify the integrity of the linear interpolation in the discretized search space
of 0%. Bottom panel: Empirical PMF of AR,,; used to verify the integrity of the choice of AR =0.1.

number of distributed nodes P € {50,100}, (ii) sparsity rate p € {0.1,0.2}, (iii) measurement rate
K= % € {3p,5p}, (iv) EMSE €7 € {1,0.5}dB, (v) parameter b € {0.5,2}, and (vi) noise variance
0'% € {0.01,0.001}. In total, there are 64 different settings. We calculate the error A®;_, ((af)c) =
%, ((02).)—®}_, ((0?).) and plot the empirical probability mass function (PMF) of A®_, ((o2),.)
overall £, (02),, and all 64 settings. The resulting empirical PMF of A®y,(-) is plotted in the top panel
of Figure B.3. We see that with 99% probability, the error satisfies A®, (-) < 0.2, which corresponds
to an inaccuracy of approximately 0.2 in the aggregate coding rate R, gg.2 In the simulation, we
used a resolution of AR =0.1. Hence, the inaccuracy of 0.2 in R,¢, (over roughly 10 iterations) is
negligible. Therefore, we use linear interpolation with a coarse grid ¥¢(o?) with Ac? =0.01 dB.
Integrity of choice of A R: We tentatively select resolution AR = 0.1, and investigate the integrity
of this AR over the 64 different settings above. After the coding rate sequence R* = (R}, -+, R}) is
obtained by DP for each setting, we randomly perturb R} by R,,(¢)= R; +;, t =1,..., T, where R,(t)
is the perturbed coding rate, the bias is ; € [—AZ—R,+%], and R, = (R,(1),---, R,(T)) is called the
perturbed coding rate sequence. After randomly generating 100 different perturbed coding rate
sequences R, we calculate the aggregate coding rate (4.14), ngg, of each R,; we only consider
the perturbed coding rate sequences that achieve EMSE no greater than the optimal coding rate
sequence R* given by DP. The bottom panel of Figure B.3 plots the empirical PMF of AR, ¢, where

ARygg = ngg — RZgg and R}, , = ||R*||;. Roughly 15% of cases in our simulation yield AR,,, <0

agsg

2Note that when calculating ®/, we are still using the corresponding interpolation scheme. Although this comparison
is not ideal, we believe it still provides the reader with enough insight.
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Figure B.4 Illustration of the evolution of %,. The vertical axis shows 7, = 2-EMSE = %€, . The solid lines with
arrows denote the lossy SE associated with a coding rate sequence and dashed-dotted lines are auxiliary lines.

(meaning that the perturbed coding rate sequence has lower R, ), while for the other 85% cases,
R* has lower R, . Considering the resolution AR = 0.1, we can see that the perturbed sequences
are only marginally better than R*. Hence, we verified the integrity of AR =0.1.

B.4 Proofof Lemma 4.1

Proof. We show that our DP scheme (4.17) fits into Bertsekas’ formulation [Ber95], which has been
proved to be optimal. Under Bertsekas’ formulation, our decision variable is the coding rate R,
and our state is the scalar channel noise variance o'2. Our next-state function is the lossy SE (4.12)
with the distortion D, being calculated from the RD function given the decision variable R,. Our
additive cost associated with the dynamic system is b x 1, 4o + R;. Our control law maps the state
0% to a decision (the coding rate R;). Therefore, our DP formulation (4.17) fits into the optimal DP
formulation of Bertsekas [Ber95]. Hence, our DP formulation (4.17) is also optimal for the discretized

search spaces of R, and 0%. O

B.5 Proofof Theorem 4.1

Proof. Our proofis based on the assumption that lossy SE (4.12) holds. Consider the geometry of
the SE incurred by R* for arbitrary iterations ¢ and ¢ + 1, as shown in Figure B.4. Let S, = (G2, 1,)
and R} be the state and the optimal coding rate at iteration ¢, respectively. We know that the slope
of g;(-) is &;(-) = 1. Hence, the length of line segment M, I, is G2, =1, +PD,. Thatis

PDt:&Z th. (B4)

t+1
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Similarly, we obtain
PDy =G5, ,— U1, (B.5)

~ ~2
where 1;,, and 07, obey

G5 =85 (Uep). (B.6)

Recall that, according to Taylor’s theorem (4.21), we obtain that

1 1
85 l(utﬂ) —U+Cu ut+1’ (B.7)

0

with 6 defined in (4.22). Although C depends on i, 4, it is uniformly bounded, i.e., C € [—B, B] for
some 0 < B < oo.

Fixing i, = %e’; and %, = %e’; +o» We explore different distortions D, and D, that obey (B.4)—
(B.6). According to Definition 4.2, among distortions that obey (B.4)-(B.6), the optimal D} and D},
correspond to the smallest aggregate rate at iterations ¢ and ¢ + 1, R; + R, ;. Considering (4.24), we

o] (o]
R[+Rt+1—[ logz( ) —logZ(D

t+1

have

)](1+ot(1)).

Therefore, in the large ¢ limit, minimizing R; + R;,; is identical to maximizing the product D;D; ;.

Considering (B.4)-(B.6), our optimization problem becomes maximization over F(i,, ), where

F(ﬁt+1)=(6-§+2_ﬂt+1)(§gl(ﬁt+1)_ﬁt)' (B.8)

Invoking Taylor’s theorem (B.7) and considering that C € [—B, B], we solve the optimization prob-
lem (B.8) in two extremes: one with C = B and the other with C =—B.
In the case of C = B, we obtain

~ 1
F(l)=— 9 §+1 +3 0 ut+10t+2 +BO'H_2 r+1 Bu — UG t+2+ Uplipy-
The maximum of F(ii ) is achieved when F’(Zi;,,) = 0. That is,
2\ Th,
F'(li;41)= ISBut+1 ZBcrt+2 0 Uppq + 0 +u,=0. (B.9)
Considering that 0 < %, < #i;, the root of the quadratic equation (B.9) is
Y 1., 1
ut+1=§ Bat+2_§ +A , (BIO)
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where

o 1Y Tlar , -
A= (BUH-Z_E) +3B T+ut . (B.11)

We can further simplify (B.11) as

1 p = o
A:E\/l +B(052,,+ BO2F" , +3021,)

1 B (B.12)
=7 [1 + E(Hc"f?+2 +B0%5;,, +392at)] +0(@?),
Plugging (B.12) into (B.10),
~s I . ~ ~
ur, =§(0§+2+9ut)+ o(u?). (B.13)
Plugging (B.13) into (B.4) and (B.5),
w_ Lo~ ~ ~2
PD; = %(O'H_z— u,0)+0(uy),
1 - ~
PD;! = 5(0§+2— us0)+0o(u?),
which leads to .
Dfy _ ~

t
These steps provided the optimal relation between D; and D} ; when C = B. For the other
extreme case, C =—B, similar steps will lead to (B.14), where the differences between the results are
higher order terms. Note that for any C € [—B, B] the higher order term is bounded between the two
extremes. Hence, the optimal D} and D}, follow (B.14) leading to the first part of the claim (4.25).

t+1
Considering (4.24) and (B.14),

1 1
1~ R = 2 log, (5) (1+0,(1)).

Therefore, we obtain the second part of the claim (4.26). O

B.6 Proofof Theorem 4.2

Proof. Our proof is based on the assumption that lossy SE (4.12) holds. Let us focus on an optimal

coding rate sequence R* = (R}, -+, R}.). Applying Taylor’s theorem to calculate the ordinate of point
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S;+1 using its abscissa (Figure B.4), we obtain

iiy,, = 0(i; + PD;)+ O((&;)"). (B.15)
Therefore,
ur oPD*
Li;l =0+— L+ O(@r?). (B.16)
t t
Similarly, we obtain
u* O0PD*
=0+ — 2+ 0(a). (B.17)
u u
r+1 r+1

Plugging (B.14) and (B.15) into (B.17), we obtain

Wy _,, OPDI1+0(L)

+2 ur
"2 _ ——+0(u
i, uy+PDf+O((uf)?) ) (B.18)
0 OPD o(u3) |
=0+——F~+ :
ur+pPD;

On the other hand, lim,_,o, =2 =lim;_ % Therefore, considering (B.16) and (B.18), we obtain
t t+1

. 0PD; ) 0PD;
lim ——= lim —; )
(=00 Uy t—oo yi+ PD|

which leads to lim,_, Z—ft = 0. We obtain (4.27) by noting that the optimal EMSE at iteration t is
€= % ;. Plugging (4.27) into (B.16), we obtain (4.28). O
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APPENDIX

C
APPENDICES FOR CHAPTER 5

C.1 Proofof Theorem 5.1

Our proof mimics a very similar proof presented in [JW08; JW12] for lossy source coding; we in-
clude all details for completeness. The proof technique relies on mathematical properties of non-
homogeneous (e.g., time-varying) Markov chains (MC’s) [Bré99]. Through the proof, & = (25 )"
denotes the state space of the MC of codewords generated by Algorithm 5.1, with size || = |2 |V .
We define a stochastic transition matrix P(;) from . to itself given by the Boltzmann distribution for
super-iteration ¢ in Algorithm 5.1. Similarly, 77,y defines the stable-state distribution on . for P,
satistying 7t(;)P ;) = 7(4).
Definition C.1. [Bré99] Dobrushin’s ergodic coefficient of an MC transition matrix P is denoted by
s 1 .
E(P) and defined as £(P) =  max §||P,~ —Pjlly, whereP; denotes the i-th row of P.
<i,j<
From the definition, 0 < £(P) < 1. Moreover, the ergodic coefficient can be rewritten as
N
E(P)=1— min min(P;g, Pjr), (C.1)

1<i,j<N
J =

where P;; denotes the entry of P at the i-th row, j-th column.
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We group the product of transition matrices across super-iterations as P, _;,) = ]_[?: ,, P(r)- There

are two common characterizations for the stable-state behavior of a non-homogeneous MC.

Definition C.2. [Bré99] A non-homogeneous MC is called weakly ergodic if for any distributions
n and v over the state space &, and any t, € N, imsup,,_, o[NP (1, —1,) = VP, —1,)ll1 =0, where || - ||,
denotes the [, norm. Similarly, a non-homogeneous MC is called strongly ergodic if there exists
a distribution © over the state space  such that for any distribution ) over &, and any t; € N,
limsup,, o [7P(1,—1,) — 7l = 0. We will use the following two theorems from [Bré99] in our proof.

Theorem C.1. [Bré99] An MC is weakly ergodic if and only if there exists a sequence of integers
(e0)

0< <1< such thatZ(l—é(P(ti_,tm))) =00.
i=1

Theorem C.2. [Bré99] Let an MC be weakly ergodic. Assume that there exists a sequence of probability
distributions {r;}72, on the state space & such that 1P ;)= 1(;). Then the MC is strongly ergodic if

oo
Z||7T(t)—71’(t+1)||1 < 00.
t=1

The rest of proof is structured as follows. First, we show that the sequence of stable-state dis-
tributions for the MC used by Algorithm 5.1 converges to a uniform distribution over the set of
sequences that minimize the energy function as the iteration count ¢ increases. Then, we show using
Theorems C.1 and C.2 that the non-homogeneous MC used in Algorithm 5.1 is strongly ergodic,
which by the definition of strong ergodicity implies that Algorithm 5.1 always converges to the
stable distribution found above. This implies that the outcome of Algorithm 5.1 converges to a
minimum-energy solution as t — oo, completing the proof of Theorem 5.1.

We therefore begin by finding the stable-state distribution for the non-homogeneous MC used
by Algorithm 5.1. At each super-iteration ¢, the distribution defined as

. exp (—s, U (w)) B 1
TS cexp(—sW(z) S exp(—s; (0 (z) — W (w)))

(1) (W) (C.2)

satisfies 7(,P(;) = 7(4), cf. (5.12). We can show that the distribution 7(;) converges to a uniform

distribution over the set of sequences that minimize the energy function, i.e.,

I W) 0 w¢z,
1Im 7t (W)=
t—00 (t) ﬁ WE%,

(C.3)

where # = {w € . subject to ¥ (w) = min,c o, U (z)}. To show (C.3), we will show that 7,)(w) is

increasing for w € ¢ and eventually decreasing for w € #C. Since for w € 2# and W € ¥ we have
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Hy (W) —wHa(w) >0, for ¢; < t, we have

D exp—s;, (W (@) — W (w)]> D exp|—s;, (¥ (W) — v (w))],

wes wey
which together with (C.2) implies 7, y(w) < 7t(;,)(w). On the other hand, if w € ¢ C, then we obtain

-1
(W)= > expl-s (@h@-wtw)l+ D exp[—s, (U (@)—w(w)]
w0 (F)>wHa (w) W () <wHa (w)

(C.4)

For sufficiently large s;, the denominator of (C.4) is dominated by the second term, which increases
when s; increases, and therefore 7(;)(w) decreases for w € C as t increases. Finally, since all
sequences w € 7 have the same energy W'’ (w), it follows that the distribution is uniform over the
symbols in 7.

Having shown convergence of the non-homogenous MC'’s stable-state distributions, we now
show that the non-homogeneous MC is strongly ergodic. The transition matrix P(;) of the MC at
iteration ¢ depends on the temperature s, in (5.14) used within Algorithm 5.1. We first show that the
MC used in Algorithm 5.1 is weakly ergodic via Theorem C.1; the proof of the following Lemma is
given in C.2.

Lemma C.1. Theergodic coefficient of P, forany t > 0 is upper bounded by & (P( [)) <l—exp(—s;NA,),
where A is defined in (5.13).

We note in passing that Condition 5.1 ensures that A, is finite. Using Lemma C.1 and (5.14), we
can evaluate the sum given in Theorem C.1 as

(e0) (ee] oo 1
Z[l— ZZexp —siNA,) Z}_UC:oo,

j= j=1 j=1

—

and so the non-homogeneous MC defined by {P(;)}{2, is weakly ergodic. Now we use Theorem C.2
o0
to show that the MC is strongly ergodic by proving that Z 170y — Tt (141)ll1 < ©0. Since we know from

=1
earlier in the proof that 7(;)(w) is increasing for w € # and eventually decreasing for w e ¢, there
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exists a fy € N such that for any #; > tj, we have

Zl ||7T(t)—7'f(t+1)||1 = Z Zl(ﬂ(tﬂ)(w) Z Z r+1)(W))

we L=ty w¢j{)l’ ty
= Z Ty +1) (W) — (to)(W))+ Z (ﬂ(to)(w)_ﬂ(tlﬂ)(w))
we we S

=17t +1) = )l S Nl + 17Tl = 2.

Since the right hand side does not depend on ¢, we have that Zf:l 17T()—=T(s41)ll1 < ©0. This implies
that the non-homogeneous MC used by Algorithm 5.1 is strongly ergodic, and thus completes the
proof of Theorem 5.1.

C.2 ProofofLemmaC.1

Let w/,w” be two arbitrary sequences in .%. The probability of transitioning from a given state to a
neighboring state within iteration ¢’ of super-iteration ¢ of Algorithm 5.1 is given by (5.12), and can
be rewritten as

exp (—s, " (wi " aw}), )

21]62 exp( SILIJH (Wl 1bwt'+1))
’_ H, r_

exp [_St (“Iqu (W{ lawlt\fﬂ)_qjm?n t (w{ l'wlt\{ﬂ))] > exp(—s;Ay)

Sy, o[- (7 (Wi bw )t (wi T w )] 1A

]P(t,t’)(wlt 71“ t+1 |W{ - bw]\{Jrl) Psz(wt’ - a|w\t )

)

Hy t'—1 (N
where lemm t’(wl wt’+1)

sition from w’ to w” within super-iteration ¢ of Algorithm 5.1 is bounded by

mingeg, WHa(w _1 ﬂwt, +1)- Therefore, the smallest probability of tran-

—s5:Ay)  exp(—s;NA,) exp(—s;NA,)
| 2| |2 |V | '

min P, (w”|w )>1—Iexp

W W/'eRE

Using the alternative definition of the ergodic coefficient (C.1),

é(Pm) =1— min min(P (w|w) P (wlw”))
w,w'es 4
wey
exp(—s; NA
< 1_|5ﬂ|—p( N ) =1—exp(—s;NA,),

7]

proving the lemma.
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