Sparsity Pattern Recovery in Compressed Sensing

Galen Reeves

Electrical Engineering and Computer Sciences
University of California at Berkeley

Technical Report No. UCB/EECS-2011-150
http://www.eecs.berkeley.edu/Pubs/TechRpts/2011/EECS-2011-150.html

December 16, 2011




Copyright © 2011, by the author(s).
All rights reserved.

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission.



Sparsity Pattern Recovery in Compressed Sensing
by
Galen Reeves
A dissertation submitted in partial satisfaction of the

requirements for the degree of

Doctor of Philosophy
in
Engineering — Electrical Engineering and Computer Sciences
in the

Graduate Division
of the

University of California, Berkeley

Committee in charge:

Professor Michael Gastpar, Chair
Professor Martin Wainwright
Professor Peter Bickel

Fall 2011



Sparsity Pattern Recovery in Compressed Sensing

Copyright 2011
by
Galen Reeves



Abstract

Sparsity Pattern Recovery in Compressed Sensing
by
Galen Reeves
Doctor of Philosophy in Engineering — Electrical Engineering and Computer Sciences
University of California, Berkeley

Professor Michael Gastpar, Chair

The problem of recovering sparse signals from a limited number of measurements is
now ubiquitous in signal processing, statistics, and machine learning. A natural question
of fundamental interest is that of what can and cannot be recovered in the presence of
noise. This thesis provides a sharp characterization for the task of sparsity pattern recovery
(also known as support recovery). Using tools from information theory, we find a sharp
separation into two problem regimes — one in which the problem is fundamentally noise-
limited, and a more interesting one in which the problem is limited by the behavior of the
sparse components themselves. This analysis allows us to identify settings where existing
computationally efficient algorithms, such as the LASSO or approximate message passing,
are optimal as well as other settings where these algorithms are highly suboptimal. We
compare our results to predictions of phase transitions made via the powerful but heuristic
replica method, and find that our rigorous bounds confirm some of these predictions.

The remainder of the thesis explores extensions of our bounds to various scenarios. We
consider specially structured sampling matrices and show how such additional structure
can make a key difference, analogous to the role of diversity in wireless communications.
Finally, we illustrate how the new bounding techniques introduced in this thesis can be used
to establish information-theoretic secrecy results for certain communication channel models
that involve eavesdroppers.
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Chapter 1

Introduction

Suppose that a vector x of length n is known to have a small number k of nonzero entries,
but the values and locations of the nonzero entries are unknown and must be estimated from
a set of m noisy linear projections (or samples) given by the vector

y=Ax+w (1.1)

where A is a known m X n measurement matrix and w is additive white Gaussian noise.
The problem of sparsity pattern recovery is to determine which entries in x are nonzero.
This problem, which is known variously throughout the literature as support recovery or
model selection, has applications in compressed sensing [8,11,20], sparse approximation [16],
signal denoising [12], subset selection in regression [47], and structure estimation in graphical
models [46].

A great deal of previous work [1,2,30,46,58,60,77-79,85], has focused on necessary and
sufficient conditions for exact recovery of the sparsity pattern. By contrast, the primary
focus of this thesis is on the tradeoftf between the number of samples m and the number of
detection errors. We consider the high-dimensional setting where the sparsity rate (i.e. the
fraction of nonzero entries) and the per-sample signal-to-noise ratio (SNR) are finite con-
stants, independent of the vector length n.

This thesis is outlined as follows:

e Chapter 1: In the remainder of this chapter, we overview the main contributions
of this thesis, summarize previous work, and develop a framework for analyzing the
problem of sparsity pattern recovery in terms of the sampling rate-distortion region.

e Chapter 2: We derive bounds on the sampling rate p = m/n needed to attain a
desired detection error rate D for several different recovery algorithms. These bounds
are given explicitly in terms of the sparsity rate, the SNR, and various key properties
of the unknown vector.
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Sampling Rate p

Chapter 3: We derive information-theoretic necessary conditions on the sampling rate
p = m/n needed to attain a desired detection error rate D for the optimal recovery
algorithm. These bounds are complementary to the bounds in Chapter 2.

Chapter 4: We show how the bounds derived in Chapters 2 and 3 depend on the
desired distortion D, the SNR, and various properties of the unknown vector. We then
characterize problem regimes in which the behavior of the algorithms is near-optimal
and other regimes in which the behavior is highly suboptimal. An illustration of the
bounds is given in Fig. 1.1 below.

Chapter 5: We extend the results and analysis developed in Chapters 2-4 to settings
where one observes samples from multiple realizations of the nonzero values for the
same sparsity pattern. We refer to this as “diversity” and show that the optimal
amount of diversity significantly improves the behavior of the estimation problem for
both optimal and computationally efficient algorithms.

Chapter 6: We apply the insights developed in the previous chapters to analyze
a vector wire-tap channel with multiplicative noise. This wire-tap channel has the
surprising property that the secrecy capacity is nearly equal to the channel capacity,
even if the eavesdropper observes as much as the intended receiver.

Linear MMSE
Linear MMSE

AMP - Soft Thresholding

AMP - Soft Thresholding

AMP - MMSE
Maximum Likelihood

Maximum Likelihood

Not Achievable Not Achievable

SNR (dB) ' SNR (dB)

Figure 1.1: Bounds on the achievable sampling rate p = m/n as a function of the SNR
for various recovery algorithms when the desired sparsity pattern detection error rate is
D = 0.05 (95% accuracy), the sparsity rate (i.e. fraction of nonzero entries in x) is 1074, and
the measurement matrices have i.i.d. Gaussian entries. In the left panel, the nonzero entries
are i.i.d. zero-mean Gaussian. In the right panel, the nonzero entries are lower bounded in
squared magnitude by 20% of their average power but are otherwise arbitrary.
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1.1 Overview of Contributions

The main focus of this thesis is the high-dimensional setting where the measurement matrix
A is generated randomly and independently of the vector x and the measurements are
corrupted by additive white Gaussian noise. The main contributions of this thesis can be
summarized as follows:

e Fundamental Limits: In Chapters 2 and 3 we derive upper and lower bounds on
the sampling rate needed using optimal recovery algorithms. While previous work
has focused on exact recovery [30,46,77-79,85] or the scaling behavior for approximate
recovery [2], our work gives an explicit bound on the tradeoff between the sampling rate
and the fraction of detection errors. These bounds provides a sharp characterization
between what can and cannot be recovered.

e Computationally Efficient Algorithms: In addition to our analysis of the fun-
damental limits, we also derive matching upper and lower bounds on the sampling
rate corresponding to several computationally efficient algorithms. These include the
matched filter (MF) and the linear minimum mean-squared error (LMMSE) estimator,
and a class of iterative recovery algorithms known collectively as approzximate message
passing (AMP) [7,21,22,48]. One special case of AMP corresponds to an approximation
of the minimum MSE estimator and another special case corresponds to ¢; penalized
least squares regression (known also as Basis Pursuit or the LASSO). By comparison
with our fundamental bounds, we show that these estimators are near-optimal in some
parameter regimes, but highly suboptimal in others.

e Statistical Physics Heuristics: In Chapter 2, we derive a bound corresponding the
minimum MSE estimator (MMSE) using the powerful but heuristic replica method
from statistical physics [35, 36,40, 50,55,67]. The close correspondence between our
rigorous bounds and the behavior predicted using the replica method provides im-
portant evidence in support of the (currently unproven) assumptions underlying the
validly of the replica analysis.

e Phase Transitions: In Chapter 4, we show that the low-distortion behavior depends
primarily on the relative size of the smallest nonzero entries whereas the high SNR
behavior depends primarily on the computational power of the recovery algorithm
and the complexity of the underlying signal class, and we precisely characterize this
dependence.

e Universality: It is shown that a fixed recovery algorithm can be universally near
optimal over a large class of practically motivated signal models.
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1.2 Previous Work

A great deal of previous work has focused on the approximation of sparse vectors with
respect to mean squared error (MSE) [8-12,17,20,23,32,38,44,45,68,69]. Two particularly
relevant results from this literature are [9] and [23] which show that the vector x can be
approximated with MSE inversely proportional to the SNR using m = O(klog(n/k)) samples
and a quadratic program known as Basis Pursuit [12]. With a few additional assumptions
on the magnitude of the smallest nonzero entries in x, these bounds on the MSE can be
translated into bounds on the detection error rate. However, the resulting bounds correspond
to adversarial noise and are thus loose in general.

Another line of previous work has focused directly on the problem of exact sparsity
pattern recovery [30,46,77-79,85]. It is now well understood that m = ©(klogn) samples
are both necessary and sufficient for exact recovery when the SNR is finite and there exists a
fixed lower bound on the magnitude of the smallest nonzero elements [30,77,79]. In contrast
to the scaling required for bounded MSE, this scaling says that the ratio m/k must grow
without bound as the vector length n becomes large. As a consequence, exact recovery is
impossible in the setting considered in this thesis, when the sparsity rate, sampling rate, and
SNR are finite constants, independent of the vector length n.

The fundamental limits of sparsity pattern recovery with a nonzero detection error rate
have also been investigated. For the special case where the values of the nonzero entries
are identical and known (throughout the system), Aeron et al. [1, Theorem V-2] showed
that m = C - klog(n/k) samples are necessary and sufficient for an ML decoder where the
constant C'is bounded explicitly in terms of the SNR and the desired detection error rate. In
the general setting where the nonzero values are unknown, Akcakaya and Tarokh [2] showed
that m = C - klog(n/k) samples are necessary and sufficient for a joint typicality recovery
algorithm where the constant C' is finite, but otherwise unspecified. (It can also be shown
that this same result is implied directly by the previous work of Candes et al. [9].) An
important difference between these previous results and the results in this thesis is that we
give an explicit and relatively tight characterization of the constant C' for a broad class of
signal models.

Our analysis of linear estimation is related to work by Verdd and Shamai [76] and Tse
and Hanly [72] on linear multiuser detectors. Our analysis of AMP relies heavily on recent
results by Donoho et al. [21,22] and Bayati and Montanari [7] which characterize the limiting
distribution of the AMP estimate under the assumption of i.i.d. Gaussian matrices. For an
overview of related work and a generalization of the algorithm, see [57]. We note that similar
results for message passing algorithms have also been shown under the assumption of sparse
measurement matrices with locally tree-like properties [5,35,56].

The bounds in this thesis are compared to predictions made by the replica method from
statistical physics. This is a powerful but nonrigorous heuristic that has been used previously
in the context of multi-user detection [36,40,50,67], and more recently in compressed sensing
[35,55].
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In conjunction with the results outlined above, another line of research has focused on
the fundamental limitations of sparse signal approximation that apply to any algorithm,
regardless of computational complexity. For the special case of exact recovery in the noiseless
setting, these limitations have been well understood: recovery of any k-sparse vector requires
exactly m = 2k samples for deterministic guarantees and only m = k + 1 samples for
almost sure guarantees [27,33,75], regardless of the vector length n. In both cases, recovery
corresponds to an NP-hard [51] exhaustive search through all possible sparsity patterns. In
Section 3.4, we address the extent to which an even smaller number of samples are needed
when there exists prior knowledge about the vector x, or when only partial recovery is
needed.

Although the noiseless setting provides insight into the limitations of sparse approxima-
tion that cannot be overcome simply by increasing the SNR, consideration of the noisy setting
is crucial for cases where noise is intrinsic to the problem or where real-valued numbers are
subject to rate constraints. From an information-theoretic perspective, a number of works
have studied the rate-distortion behavior of sparse sources [28,29,31,64,80,81]. Most closely
related to this thesis, however, is work that has addressed sparsity pattern recovery directly.
An initial necessary bound based on Fano’s inequality was provided by Gastpar [33] who
considered Gaussian signals and deterministic sampling vectors. Necessary and sufficient
scalings of (n,k,m) were given by Wainwright [77] who considered deterministic vectors,
characterized by the size of their smallest nonzero elements, and Gaussian sampling vectors.
Wainwright’s necessary bound was strengthened in our earlier work [58], for the special case
where k scales proportionally with n, and for general scalings by Fletcher et al. [30] and
Wang et al. [79].

A number of papers have also addressed extensions to approximate recovery: necessary
and sufficient conditions were provided by Aeron et al. [1] for the special case of discrete
vectors, and by Akcakaya and Tarokh [2] and our previous work [58] for general vectors.

1.3 Notation

When possible, we use the following conventions: a random variable X is denoted using
uppercase and its realization x is denoted using lowercase; a random vector V is denoted
using boldface uppercase and its realization v is denoted using boldface lowercase; and a
random matrix M is denoted using boldface uppercase and its realization M is denoted
using uppercase. We use [n] to denote the set {1,2,---,n}. For a collection of vectors
V1,Va, -, vy € R", the empirical joint distribution of the entries in {v;};c[z) is the proba-
bility measure on RY that puts point mass 1/n at each of the n points (vy;,va;, -+ ,vr;).
All logarithms are taken with respect to the natural base. Unspecified constants are denoted
by C and are assumed to be positive and finite.



CHAPTER 1. INTRODUCTION 6

1.4 Problem Formulation

We now provide a precise problem formulation of approximate sparsity pattern recovery.
This problem formulation is central to the results in Chapters 2-4. Different but related
problems are considered in Chapters 5 and 6.

Let x € R" be a fixed but unknown vector and consider the noisy linear observation
model given by

Y = Ax +

1
A% 1.2
Vvsnr (1.2)
where A is a random m X n matrix, snr € (0,00) is a fixed scalar, and W ~ N (0, L,xm)
is additive white Gaussian noise. Note that if E[||Ax]||?] = m, then snr corresponds to the
per-sample signal-to-noise ratio of the problem.
The problem studied in this thesis is recovery of the sparsity pattern S* of x which is
given by

S*={i€n]:z #0}. (1.3)

We assume throughout that a recovery algorithm is given the vector Y, the matrix A, and
a parameter k corresponding to the fraction of nonzero entries in x. The algorithm then
returns an estimate S of size [kn]. In some cases, additional prior information about the
nonzero entries of x is also available. We use ALG to denote a generic recovery algorithm.

1.4.1 Distortion Measure

To assess the quality of an estimate S it is important to note that there are two types of
errors. A missed detection occurs when an element in S* is omitted from the estimate S.
The missed detection rate is given by

n

~ 1 ~
MDR(S*, S) = Tl Y 1(ie S*i ¢ 9). (1.4)
=1

Conversely, a false alarm occurs when an element not present in S* is included in S. The
false alarm rate is given by
~ 1 2 ~
FAR(S*, S) = 5] > 1(i ¢ S* i€ ). (1.5)
i=1

In general, various tradeoffs between the two errors types can be considered. In this
thesis, however, we focus exclusively the distortion measure d : S* x S +— [0, 1] given by

d(S*, 8) = max (MDR(S", §), FAR(S", 3)). (1.6)
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This distortion measure is a metric on subsets of [n].
For any distortion D € [0, 1] and recovery algorithm ALG we define the error probability

eALS) (D) = Pr[d(S*,S) > D] (1.7)

n

where the probability is taken with respect to the distribution on the matrix A, the noise
W and any additional randomness used by the recovery algorithm.

1.4.2 Signal and Measurement Models

We analyze a sequence of recovery problems {x(n), A(n), W(n)},>; indexed by the vector
length n.

Signal Assumptions: We consider a subset of the following assumptions on the sequence
of vectors x(n) € R™.

S1 Linear Sparsity: The number of nonzero values k(n) in each vector x(n) obeys

lim k(n) =K (1.8)

n—oo n
for some sparsity rate k € (0,1/2).

S2 Convergence in Distribution: The empirical distribution of the entries in x(n) converges
weakly to the distribution px of a real-valued random variable X with E[X?] =1 and
Pr[X # 0] = &, i.e.

1 n

lim — Y 1(z(n) < z) = Pr[X <] (1.9)

n—oo
n;3

for all x such that px({z}) = 0.

S3 Average Power Constraint: The empirical second moments of the entries in x(n) con-
verge to one, i.e.

T LG ey (1.10)

n—00 n

Assumption S1 says that all but a fraction k of the entries are equal to zero, Assumption
S2 characterizes the limiting distribution of the nonzero entries, and Assumption S3 prohibits
the existence of a vanishing fraction of arbitrarily large nonzero values.

Measurement Assumptions: We consider a subset of the following assumptions on the
sequence of measurement matrices A (n) € R™mMxn,
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M1 Non-Adaptive Measurements: The distribution on A(n) is independent of the vector
x(n) and the noise W(n).

M2 Finite Sampling Rate: The number of rows m(n) obeys

lim 0 _ (1.11)

n—oo n

for some sampling rate p € (0, 00).

M3 Row Normalization: The distribution on A(n) is normalized such that each of the
m(n) rows has unit magnitude on average, i.e.

E[|A(n)[F] = m(n) (1.12)
where || - || denotes the Frobenius norm.

M4 IID Entries: The entries of A(n) are i.i.d. with mean zero and variance 1/n.

M5 Gaussian Entries: The entries of A(n) are i.i.d. Gaussian N (0,1/n).

Assumptions M1-M3 are used throughout the thesis. A sampling rate p < 1 corresponds
to the compressed sensing setting where the number of equations m is less than the number
of unknown signal values n. A sampling rate p = 1 corresponds to the number of linearly
independent measurements that are needed to recover an arbitrary vector x in the absence of
any measurement noise. Assumptions M4-M5 correspond to specific distributions on A(n)
that are used for many of the results of Chapter 2.

1.4.3 The Sampling Rate-Distortion Function

Under Assumptions S1-S3 and M1-M3, the asymptotic recovery problem is characterized by
the sampling rate p, limiting distribution px, and snr.

Definition 1.1. A distortion D is achievable for a fized tuple (p,px,snr) and recovery
algorithm ALG, if there exists a sequence of measurement matrices satisfying Assumptions
M1-M3 such that

lim e{*9(D) =0 (1.13)

for any sequence of vectors satisfying Assumptions S1-S3.

More generally, we may also consider problems characterized by a class of limiting distri-
butions with the same sparsity rate k. Let P(x) denote the class of all probability measures
obeying the conditions of Assumption S2, i.e.

P(r) = {px : px({0}) = 1=k, [ 2?px(dz) = 1}, (1.14)
and let Px be a subset of P (k).
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Definition 1.2. A distortion D is achievable for a fized tuple (p, Px,snr) and recovery
algorithm ALG, if there exists a sequence of measurement matrices satisfying Assumptions
M1-M3 such that

lim AL9(D) =0 (1.15)

for any sequence of vectors satisfying Assumptions S1-S3 for some distribution px € Px.

We emphasize that the recovery algorithm in Definition 1.2 is fixed and thus cannot be a
function of the limiting distribution realized by an individual sequence of problems. It may
however be optimized as a function of the class Py, thus attaining the minimax risk of the
recovery problem.

Definition 1.3. For a fized tuple (D, Px,snr) and recovery algorithm ALG the sampling
rate-distortion function ptL® (D, Px,snr) is given by

PAL(D, Py, snr) = inf{p > 0 : D is achievable}. (1.16)

The sampling rate-distortion function corresponding to the optimal recovery algorithm is
denoted by p*(D, Px,snr).

To lighten the notation, we will denote the sampling rate-distortion function using p*®)

where the dependence on the tuple (D, Px,snr) is implicit.

1.4.4 Approximately Sparse Signal Models

The problem formulation given in the previous sections assumes that a large fraction of the
entries in x are exactly equal to zero. More realistically though, it may be the case that
many of these entries are only approzimately equal to zero. This may occur, for instance, if
a sparse vector is corrupted by a small amount of noise prior to being measured. In these
cases, the vector x is not, strictly speaking, sparse, but recovery of the locations of the
“significant” entries is still a meaningful task.

With these settings in mind, all of the bounds presented in Chapter 2 are first proved
with respect to a relazed sparsity pattern recovery task in which the goal is to recover the
locations of the [k n]| largest entries in x. To prove achievability for this task, we assume
that the weak converge of Assumption S2 holds (specifically the fact that all but a fraction
k of the entries in x are tending to zero as n becomes large) but do not require the strict
sparsity constraint of Assumption S1.

The relaxed sparsity pattern recovery task is defined as follows. For any vector x and
sparsity rate &, let S be a drawn uniformly at random from all subsets of [n] of size k = [k 7]
obeying

min |z;| > max_|z|. (1.17)
[sh i€[n]\S
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The set S corresponds to the k largest entries in x and is uniquely defined whenever the k’th
largest entry of x is unique. For any distortion D and recovery algorithm ALG we define
the relaxed sparsity pattern recovery error probability

gALG) (D) = Pr[d(S, S) > D] (1.18)

where the probability is taken with respect to the distribution on S, the matrix A, the noise
W, and any additional randomness in the recovery algorithm. The definition of achievability
with respect to the error probability &,(D) is exactly the same as for the error probability
en(D) except that the strict sparsity of Assumption S1 is not required.

The following result shows that under the additional constraint of Assumption S1, achiev-
ability of relaxed sparsity pattern recovery implies achievability of the sparsity pattern in
the strict sense.

Lemma 1.1. Under Assumption S1,

lim |d(S, ) - d(S", 9)| = 0. (1.19)

n—oo

Proof. Two applications of the triangle inequality gives
d(S,8) — (S, §)| < d(5, 57).

By the definition of S, it follows straightforwardly that d(S,S*) — 0 for any sequence of
vectors obeying Assumption S1. O
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Chapter 2

Upper Bounds for Algorithms

This chapter gives bounds on the sampling rate-distortion function p™® for several

different recovery algorithms. Each of the algorithms follows the same basic approach which
is illustrated in Fig. 2.1 and consists of the following two stages:

o Vector Estimation: The first stage of recovery produces a random estimate X of the
unknown vector x based on the tuple (Y, A, k).

o Componentwise Thresholding: The second stage of recovery generates an estimate S
of the unknown sparsity pattern S* by thresholding the estimate X generated in the
first stage:

S={iem:|X|>T}

The threshold T in the second stage provides a tradeoff between the two kinds of recovery
errors: missed detections and false alarms. Throughout this chapter, we will assume that
that T is chosen as a function of (X, k) such that the estimated sparsity pattern S has
exactly k = [kn] elements. In practice, this is achieved by thresholding with the magnitude
of the k’th largest entry in X, and using additional randomness to break ties whenever the
k’th largest magnitude is not unique.

Conceptually, it is useful to think of the estimate X generated in the first stage as a
direct observation of the original signal that has been corrupted by additive noise, that is

vector o componentwise 4
— . — — , —
(Y, A) estimator X thresholding S
r'y

---- sparsity rate K = ----- '

Figure 2.1: Illustration of the two-stage sparsity pattern recovery algorithm.
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Table 2.1: Overview of the Sampling Rate-Distortion Bounds in Chapter 2

‘ Recovery Algorithm ‘ Bounds ‘
Vector Estimator | Parameters | Comp. Result Matrix Unproven Tight
Efficient Assump. | Assump.
ML K no Theorem 2.1 | Gaussian | none no
MF K yes Theorem 2.2 | i.i.d. none yes
LMMSE K, snr yes Theorem 2.3 | Gaussian | none yes
AMP-MMSE K, SNr, px | yes Theorem 2.5 | Gaussian | none yes
AMP-ST K, SNr, « yes Theorem 2.6 | Gaussian | none yes
MMSE K, SNr, px | no Theorem 2.7 | i.i.d. Replica Sym. | yes

we can write

sz+W

where W is a vector of errors. Along the same lines, the componentwise thresholding in the
second stage may be viewed as n independent hypothesis tests under the idealized assumption
that the entries of W are i.i.d. and symmetric about the origin.

The main difference between the algorithms studied in this chapter is the vector estimator
used in the first stage of recovery. In the following subsections, we give bounds on the
sampling rate-distortion function corresponding to the maximum likelihood estimator, two
different linear estimators (the matched filter and the MMSE), a class of estimators based
on approximate message passing, and the MMSE estimator. Our results are summarized in
Table 2.1. Analysis and illustrations are given in Chapter 4.

2.1 Maximum Likelihood

We begin with the method of mazimum likelihood (ML). Conditioned on the realization of
the matrix A = A, the measurements Y have a multivariate Gaussian distribution with
mean Ax and covariance snr~11,,,,,. Therefore, the ML estimate of sparsity k = [xn] is
given by

< (ML)

X =arg  min [y — AX|| (2.1)

%ER": % o=k

where ||X||o denotes the number of nonzero entries in X. If the minimizer of (2.1) is not
unique, we will assume that the sparsity pattern estimate S in the second stage of the
recovery algorithm is drawn uniformly at random from the set

{S : S is the sparsity pattern of a minimizer of (2.1)}.
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This estimator has been studied previously for the task of exact sparsity pattern recovery
by Wainwright [77] and Fletcher et al. [30].
Before we present our main result, two more definitions are needed. First, we define

D
H(D:w) = Hy(D) + (1= m)Hy (1) (2.2)
where Hy(p) = —plogp — (1 — p)log(1 — p) is the binary entropy function. In Lemma ?7, it
is shown that the metric entropy rate for a sequence of sparsity patterns with sparsity rate
x under the distortion metric (1.6) is given by Hy(k) — H(D; k) for any D < 1 — k.
Also, we define

P(D;px) = /OOO (Pr[X2 S —(1— D)/@)eru (2.3)

where (-)* = max(-,0). This function corresponds to the average power of the smallest
fraction D of nonzero entries. It is a continuous and monotonically increasing function of
D, with P(0;px) =0 and P(1;px) = 1 for any px € P(k).

Our first result gives an upper bound on the sampling rate-distortion function corre-
sponding to the ML estimator. The proof is given in Section 2.5.

Theorem 2.1. Under Assumptions S1-82 and M1-M5, a distortion D is achievable for the

tuple (p, px,snr) using the ML estimator if p > p™M=-UB) where
pMEUB) — 1 4 max A(D;py, snr), (2.4)
De[D,1]
with A(D;px,snr) given by
A(D; px, snr) = min { A1 (D; px, snr), As(D; px, snr) } (2.5)
where
2H(D; k)
A(D; = ’
1(D; px, snr) log(1+ P(D;px)snr)+ (1+ P(D;px)snr)~! — 1
' 2H(D; k) 2H(D; k) — Drlog(1—pu?)
Ay(D; = .
2(Dipx,snn) = min, max <log(1 + L(1—0)2P(D; px) snr)’ log(1 + 0P (D; px) snr)

Moreover, for any p > p™ME-UB) the error probability M) (D) decays at least exponentially
rapidly with n, i.e. there exists a constant C' such that

eML(D) < exp(—=C'n). (2.6)

n

Remark 2.1. Theorem 2.1 does not require the convergence of the empirical second moments
gwen in Assumption S3.
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Theorem 2.1 is a significant improvement over previous results in several respects. First,
it applies generally to any distribution px. Second, the bound is given explicitly in terms of
the problem parameters and is finite for any nonzero distortion D. Finally, as we will show
in Sections 4.8.1, the behavior of the bound, in a scaling sense with respect to the SNR and
distortion D, is optimal for a large class of distributions.

Corollary 2.1. The statement of Theorem 2.1 holds if the function A(D; px,snr) is replaced
with any of the following upper bounds:

Ry (D: px, snr) = HDik) (2.7)
log (1 + {P(D;px) Snr/e} )

2 _ 2H(D;k) +2log(5/3)xD

Aa(D;px, snr) = log (1 + (4/25) P(D; px) snr) (28)

As(D;px,snr) = min A;(D;px,snr). (2.9)

1€{1,2}

Proof. The bound A (D; p,, snr) follows from the first term in (2.5) and the simple fact that
log(1+x) —z/(1+z) > (1/2)log(1 + 22 /e?) for all x > 0. The bound Ay(D; p,, snr) follows
from the second term in (2.5) evaluated with p = 4/5 and 6 = 1/5. O

2.2 Linear Estimation

Next, we consider two different linear estimators. The matched filter (MF) estimate is given
by

KOF) (2 ATy (2.10)
and the linear minimum mean-squared error (LMMSE) estimate is given by
(WMMSE) — (AT A 4-snr1,,,) ATy, (2.11)

These estimators are appealing in practice due to their low computational complexity. Their
performance has been studied extensively in the context of multiuser detection with random
spreading (see e.g. [72,76]). More recently, the use of the matched filter for the task of
sparsity pattern recovery was investigated by Fletcher et al. [30] and our previous work [61].

To characterize the behavior of the MF and LMMSE algorithms in the high-dimensional
setting, it is useful to introduce a scalar equivalent model of the vector observation model
given in (1.2).

Definition 2.1. The scalar equivalent model of (1.2) is given by
Z=X+oW (2.12)

where X ~ px and W ~ N(0,1) are independent and o € (0,00) is a fived parameter called
the noise power.
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In the context of the scalar model, the problem of support recovery is to determine
whether or not X is equal to zero. Let S = 1(X # 0) be the indicator of this event and
let S be an estimate of the form S = 1(|Z| > t). Then, the detection error probability
corresponding to the distortion measure defined in Section 1.4.1 is given by

po(t) = max (Pr[S = 0]S = 1], Pr[S = 0|$ = 1]). (2.13)
We define
Dawen (0% px) = mtinpD(t) (2.14)

to be a mapping between the noise power 0% and the minimal detection error probability
pp(t) achieved by S. We also define

Oowen(D;px) = sup{o® > 0 : Dayen(0”;px) < D} (2.15)

to be the inverse mapping. Here, we use the subscript “awgn” to emphasize the fact that
this error probability corresponds to additive noise W that is Gaussian and independent of
X.

The following results give an explicit expression for the sampling rate-distortion function
of the MF and LMMSE recovery algorithms. Their proofs are given in Appendices 2.6.2 and
2.6.3 respectively.

Theorem 2.2. Under Assumptions S1-S3 and M1-MJ, the sampling rate-distortion function
corresponding to the MF' estimator is given by

1 1
(MF) _ -
p -~ o2snr + o2 (2.16)

where o2

= Caugn(D; Px)-
Remark 2.2. Theorem 2.2 does not require the measurement matriz A(n) to be Gaussian.

Theorem 2.3. Under Assumptions S1-S3 and M1-M5, the sampling rate-distortion function
corresponding to the LMMSE estimator is given by

1 1
(LMMSE) __
p -~ oZsnr + 1+ o2 (2.17)

2

where 0® = o2, (D; px).

Recall that our definition of achievability says that the probability that the distortion
d(S*, S) exceeds a threshold D must tend to zero as n becomes large. For the MF and
LMMSE estimators, convergence of the expected distortion E[d(S*,S)] can be established
straightforwardly using results in [76] and [72]. Therefore, the key contribution of Theo-
rems 2.2 and 2.3 is to show that this convergence holds also in probability. For the MF
estimator, this is achieved using a general decoupling result which applies generally for any
i.i.d. distribution on the measurement matrix. For the LMMSE estimator, we use the fact
that the LMMSE can be computed using the AMP algorithm discussed in the next section.
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2.3 Approximate Message Passing

We now consider estimation using approzimate message passing (AMP) [21]. The AMP
algorithm is characterized in terms of a scalar de-noising function 7(z, 0?) which is assumed
to be Lipschitz continuous with respect to its first argument and continuous with respect
to its second argument. Starting with initial conditions x* = 0,1, u® = (2)y and 6§ =

(snr=! +1)/p, the algorithm proceeds for iterations t = 1,2, - - according to

x' = n(ATut_l +x7t &f_l) (2.18)
1 n

u’ = (%) y — Ax! a7 = Zn’((ATut_l - Xt_l) B &f_lﬂ (2.19)
s '

. 1

7 = |, (2.20)

where 7/(z, 0%) denotes the partial derivative of n(z, 0%) with respect to z, and, for any vector
z, 1)(z,0%) denotes the vector obtained by applying the function 7(z, 0%) componentwise.

The AMP algorithm is said to succeed if the tuple (x*,u’, 52) converges to a fixed point
(x>, u>, 6% ). Various stability assumptions guaranteeing convergence of the algorithm are
discussed in [21,22]. In some cases, the rate of convergence is exponential in the number of
iterations.

Remark 2.3. Our update equations for the AMP algorithm differ slightly from those given
in [7,21,22]. This difference is due to the fact that this thesis considers row normalization
of the measurement matriz (Assumption M3) whereas the previous work considers column
normalization.

Conceptually, it is useful to think of the vector x!, generated in the ¢’th iteration of the
AMP algorithm, as a noisy version of the original vector x that has been passed through the
scalar de-noising function 7(-, 57_;). More specifically, we can write

x' =nx+w62 ) (2.21)
where
wit = ATu ™ 4 x —x (2.22)

is a vector of errors.

In [21,22], it is shown, both heuristically and empirically, that, under Assumptions S1-
S3 and M1-M5, the error vector w'=! defined in (2.22) behaves similarly to additive white
Gaussian noise with mean zero and variance 62 ;. A precise statement of this behavior,
corresponding to the empirical marginal distribution of the tuple (x,x’, w'), is proved in
ensuing work by Bayati and Montanari [7]. See Section 2.6 for more details.
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At this point, we are faced with the following question: based on the output (x>, u>, 52)
of the AMP algorithm, what should we choose as an estimate x of the unknown vector x?
In previous work, where the primary objective is to minimize the MSE, the output x* is
used as an estimate of x (see e.g. [6]). The main reason for using this estimate is that the
function 7(-, 0%) provides a scalar de-noising step that reduces the effect of the additive error
w.

In this thesis, however, our primary objective to is generate an estimate of x that leads
to an accurate estimate of the sparsity pattern in the second stage of estimation. As such,
the final scalar de-noising step is unnecessary, and potentially counterproductive. To see
why, note that the componentwise thresholding in the second stage of recovery depends
entirely on the relative magnitudes of the entries in x. If the denoiser does not preserve the
ranking of these magnitudes (e.g. if many nonzero values are mapped to zero), then relevant
information about the sparsity pattern is lost.

Accordingly, we use the vector estimate given by

K(AMP) — ATy x> (2.23)
Since the AMP output (x>, u*, 52 ) satisfies the fixed point equation

x® = n(ATu™ + x>, 62),
we see that our estimate corresponds directly to the signal-plus-noise estimate x + w prior
to the scalar de-noising.
To characterize the behavior of AMP in the high-dimensional setting, we return to the
scalar equivalent model given in Definition 2.1. We define the scalar mean-squared error
function

mse(c?;px,n) = EHX —n(X + oW, 02)’2} (2.24)
where X ~ px and W ~ N(0,1) are independent, and let {02};>; be a sequence of noise
powers defined by the recursion

, _ snr!+ mse(0f 13 px, 1)

0% = 2.25
i p (2.25)

where o2 = (snr™! 4+ 1)/p. This recursion is referred to as state evolution [21].

The following result shows that the distortion corresponding to the AMP estimate is
characterized by the state evolution recursion. In Section 2.6.4, it is shown how this result
follows straightforwardly from recent work of Bayati and Montanari [7].

Theorem 2.4. Suppose that the noise powers defined by the state evolution recursion (2.25)
converge to a finite limit

o Jim o7 (2.26)
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Then, under Assumptions S1-S3 and M1-Mb5, the distortion d(S*, 5’) corresponding to the
AMP estimator converges in probability as n — oo to the limit D guen(02; px)-

Remark 2.4. We note that the limiting noise power o2, is a function of the tuple (p, px,snr)
and the function n(z,0?%). In some cases, it is possible that o2 is an increasing function of
p, and thus increasing the sampling rate increases the distortion.

In the following subsections, two special cases of the AMP estimator are considered.

2.3.1 Optimized AMP

If the limiting distribution px is known, then the limiting noise power ¢ is minimized when
n(z,0?) is given by the conditional expectation

MM (2, 0% px) = BIX|X + oW =2 (2:27)

corresponding to the distribution py. We will refer to this version of the AMP algorithm as
AMP-MMSE, and we define the corresponding mean-squared error function

mmse(o%; px) = E[|X — E[X|X +oW][]. (2.28)

Theorem 2.5. Under Assumptions S1-S3 and M1-M5, the sampling rate-distortion function
corresponding to the AMP-MMSE estimator is given by

1 .
PAMP-MMSE) _ 1 {Snr + mmse(r,px)} (2.20)
T>02 T

2

where 0® = o2, (D; px).

Proof. By the definition of the MMSE, we have mmse(o?; px) < E[X?] =1 for all 02 < co.
Therefore, any solution o2 to the fixed point equation
—1 2
snr— 4+ mmse(o~;
0% = (0% px) (2.30)
p
is strictly less than the initial noise power o2. Since mmse(o?;py) is a strictly decreasing
function of o2, it thus follows that the limit 02 always exists and is given by the largest
solution to (2.30), i.e.

(2.31)

snr! + mmse(T;pX)}
. :

agozsup{TEO:p:

Since the right hand side of (2.31) is a strictly decreasing function of p, Theorem 2.5 follows
directly from Theorem 2.4 and the definition of the sampling rate-distortion function. [

It is important to note that the AMP-MMSE estimate is a function of the distribution px.
If this distribution is unknown and the estimate is made using a postulated distribution that
differs from the true one, then the performance of the algorithm could be highly suboptimal.
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2.3.2 Soft Thresholding

Another special case of the AMP algorithm is when 7(z, 0?) is given by the soft thresholding
function

z4+ao, ifz< —ao
S (2, 0% a) = {0, if 2] < ao (2.32)

z—ao, ifz>a0
for some threshold @ > 0. We will refer to this algorithm as AMP-ST.

Remark 2.5. It is argued in [22] and shown rigorously in [6] that, for a fized set (px,snr),
the behavior of AMP-ST is equivalent to that of LASSO [68] under an appropriate calibration
between the threshold o and the regularization parameter of LASSO.

To characterize the behavior of AMP-ST, we follow the steps outlined by Donoho et
al. [22] and define the noise sensitivity

mse(o?; px,nT)
0-2

M(o? a;px) = (2.33)
Theorem 2.6. Under Assumptions S1-S3 and M1-M5, the sampling rate-distortion function
corresponding to the AMP-ST estimator is given by

1
(AMP-ST) — 4 M(0?, o px) (2.34)

p o?snr

where 0* = 05,,,(D; px).

Proof. This result is an immediate consequence of Theorem 2.4 and [22, Lemma 4.1] which
shows that o2 exists and is given by the unique solution to the fixed point equation

1

_ 2 .
pP= O_go snr + M(Uoo?aapX)' (235)

O

We note that Theorem 2.6 can be used to find the optimal value for the soft-thresholding
parameter «. If, for example, the goal is to minimize the sampling rate p as a function of the
tuple (D, px,snr), then the optimal value of « is given by the minimizer of M(c?, a; px).
Conversely, if the goal is to minimize the distortion D as a function of the tuple (p, px, snr),
then the optimal value of « is one that minimizes the value of o2 in the fixed point equation
(2.35).

We emphasize that the soft-thresholding function is, in general, suboptimal for a given
distribution py (recall that the optimal version of AMP is given by AMP-MMSE). The
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main reason that we study soft-thresholding is to deal with settings where the distribution
px is unknown. In Section 4.9, it is shown how the function M(o?, a;px) can be upper
bounded uniformly over the class of distributions P, and how combining this upper bound
with Theorem 2.6 gives bounds on the sampling rate-distortion function that hold uniformly
over any class of distributions Px C P(k).

2.4 MMSE via the Replica Method

Lastly, we consider the performance of the minimum mean-squared error (MMSE) estimator.
For a known distribution py, this estimator is given by the conditional expectation

xMMSE) — B[X|AX 4 snr'/?W =y, (2.36)

where the entries of X are i.i.d. px.

To analyze the behavior of the MMSE estimator, we develop a result based on the
powerful but heuristic replica method from statistical physics. This method was developed
originally in the context of spin glasses [25] and has been applied to the vector estimation
problem studied in this thesis by a series of recent papers [35, 36,40, 50, 55,67].

In the replica analysis, the unknown vector is modeled as a random vector X whose
entries are i.i.d. px. Accordingly, each realization of the measurement matrix A = A,
induces a joint probability measure on the random input-output pair (X,Y), or equivalently
on the random input-estimate pair (X,X) At this point, the key argument exploited by
the replica method is that, due to a certain type of “replica symmetry” in the problem,
the joint probability measure on (X, X) behaves similarly for all typical realizations of the
measurement matrix A in the high-dimensional setting. Based on this assumption, it can
then be argued that the marginal joint distribution on the entries in (X, X) converges to a
nonrandom limit, characterized by the tuple (p, px, snr).

A detailed explanation of the replica analysis is beyond the scope of this thesis. The
assumptions needed for our results are summarized below.

Replica Analysis Assumptions: The key assumptions underlying the replica analysis
are stated explicitly by Guo and Verdd in [36]. A concise summary can also be found
in [55, Appendix A]. Two assumptions that are used—and generally accepted throughout
the literature—are the validity the “replica trick” and the self averaging property of a certain
function defined on the random matrix A. A further assumption that is also required is that
of replica symmetry. This last assumption is problematic, however, since it is known that
there are cases where it does not hold, and there is currently no test to determine whether
or not it holds in the setting of this thesis.

The following result characterizes the sampling rate-distortion function corresponding to

the MMSE estimator under the condition that the replica assumptions are valid. The proof
is given in chapter 2.6.5.
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Theorem 2.7. Assume that the replica analysis assumptions hold. Under Assumptions S1-
S3 and M1-Mj4, the distortion d(S*,S) corresponding to the MMSE estimator converges in
probability as n — oo to the limit D 40, (7*; px) where

1
T* :argmin{plog7+—+21(X;X—|—ﬁW)} (2.37)
>0 T snr

with X ~ px and W ~ N(0,1) independent.

We emphasize that a key difference between Theorem 2.7 and the previous bounds in this
chapter is that the replica analysis assumptions on which it is based are currently unproven.
In the context of the recovery problem outlined in this paper, this means that Theorem 2.7
provides only a heuristic prediction for the true behavior of the MMSE estimator. The
validity of this prediction for the setting of the paper depends entirely on the validity of the
replica assumptions.

In the next section, we will see that there are many parameter regimes in which the
replica prediction for the MMSE estimator is tightly sandwiched between the rigorous upper
bounds given earlier in this paper and the information-theoretic lower bounds in Chapter
3. Thus, beyond the context of sparsity pattern recovery, a significant contribution of this
paper is that we provide strong evidence in support of the replica analysis assumptions.

Remark 2.6. One interesting implication of Theorem 2.7 is that the AMP-MMSE estimate
is equivalent to the MMSE estimate whenever the noise power 7* defined in (2.37) is equal
to the limit o2 defined in (2.31). This suggests that the MMSE estimate can be computed
efficiently in some problem regimes.

Finally, it is important to note that the MMSE estimator is a function of the limiting
distribution px. If this distribution is unknown and the estimate is made using a postulated
distribution that differs from the true one, then the performance could be highly suboptimal.
Using further results developed in [36] it is possible to characterize the sampling rate in terms
of an arbitrary postulated prior and true limiting distribution. Such analysis, however, is
beyond the scope of this paper.

2.5 Proof of ML Upper Bound

Following the discussion in Section 1.4.4, we first prove achievability with respect to relaxed
sparsity pattern recovery.

Theorem 2.8. Under Assumptions S2 and M1-Mb5, the statement of Theorem 2.1 holds with
respect to the relaxed sparsity pattern recovery error probability £, (D) defined in (1.18).

Combining Theorem 2.8 with Lemma 1.1 and the fact that p®™™UB) is a continuous and
monotonically decreasing function of D completes the proof of Theorem 2.1.
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The remainder of this section is dedicated to the proof of Theorem 2.8. We begin with
a general bound for the non-asymptotic setting in Section 2.5.1 and then extend this bound
to the asymptotic setting in Section 2.5.2.

Throughout the proof we use S to denote the set of all subsets of [n] of size k, and for
any set s C [n], we use s° to denote its complement [n]\s.

2.5.1 A Non-Asymptotic Bound

Consider the measurement model given in (1.2) where x € R” is an arbitrary vector whose
true sparsity is unknown. For a given parameter «, let k = [kn], let S be drawn uniformly
at random from all subsets of [n] of size k = [kn] obeying (1.17), and let S be the output
of the ML recovery algorithm.

Also, for each integer b € {0,1,- -k}, define

1
M(b) = min —|/x]*-snr. (2.38)
seSP:|s\5|=b 1

By the definition of S, it is straightforward to see that M (b) is defined uniquely by x and b
(i.e. it does not depend on the realization of ).

The following result gives an upper bound on &,(D) that depends only on the distortion
D, the dimensions n, m, k, and the function M (b).

Lemma 2.1. If the entries of the measurement matriz A are i.i.d. N'(0,1/n), then the
following bounds hold for any distortion D € [0,1] and integer k < m,
k
EMP(D) < Y min(Wy(b), Ua(b)) (2.39)
b=|Dk+1]

where

—k

W(b) = min [(2 log N 1+ AM(lb)+ +M((1(SA)M(0) B 1])—’”7

O e ) 7] e

0 = g, () (73 ) (1 Go-omao) ™+ (555)

—k
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Proof. For each S € S let TI(Ag) denote the m x m orthonormal projection onto the null
space of the m x k matrix Ag. If Ag is full rank (an event that occurs with probability one
over the assumed distribution on A) then this projection is given by

II(A) = Lnxm — As(ATAL)TTAT, (2.42)
Since
min ||Aqus — Y| = [|TI(Ag) Y], (2.43)
us€RF

it can be easily verified that the ML estimate of size k is an element of the set
arg min |[TI(Ag)Y|. (2.44)
seSP
Now, for each integer b € {0,1,2,--- ,k}, define the event
eb) = { mip IN(A) Y] > 1A Y]} (2.45)

where B, = {s € S : [s\8] = b}. In words, the event £(b) guarantees that the set of
minimizers in (2.44) will not contain any set S for which d(S,S) = b/k. Thus, a sufficient
condition for recovery is given by the event ﬂlka +1) €(b), and by the union bound we have

é(ML) (D)

n

IA

S Pr[ec(b)] (2.46)

b=|Dk+1]

where £°(b) denotes the complement £(b).
The bounds Pr[€¢(b)] < Wy(b) and Pr[€¢(b)] < Wo(b) are proved in Sections 2.5.3 and
2.5.4 respectively. O

Remark 2.7. Lemma 2.1 is general in the sense that it makes no assumptions about the
sparsity of x or the size of S. Therefore, it can be used to address a variety of recovery tasks
such as recovering a subset or superset of the true support.

Remark 2.8. If M(0) < M(|Dk+1]), then the upper bound decreases exponentially rapidly
with m, i.e. there exists a constant C' such that &MY (D) < exp(—C'm).

2.5.2 The Asymptotic Setting

We now prove Theorem 2.8 by applying Lemma 2.1 to a sequence of problems obeying
Assumptions S2 and M1-M5. For each problem of size n let k, = [kn]. Beginning with
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(2.39), we have

2DV < S min(l(b), o) (2.47)
b=[Dky]

<n oA min (W, (b), Us(b)) (2.48)

= nexp ( —-n min} wn(ﬁ)) (2.49)

Be[D,1

where ¢,,(8) = —+ mine 1,2y log ¥;([ 8k, ]). To study the asymptotic behavior of this bound
we need the following lemma. The proof is given in Section 2.5.5.

Lemma 2.2. Under Assumption S2, the sequence of functions {1, (5)}n>1 is uniformly
asymptotically lower bounded in the following sense

lim sup max (@D(ﬁ) - wn(ﬁ)> <0 (2.50)

n—oo B€[0,1]
where () = max;eq1 2y ¥i(6) and
1(F) = max min{p —_ K( 1+ AP(B)snr — 1)2,

A€[0,1] 4
P=K[, 1+ P(B)snr (I=X)P(B)snr
2 | ® (1 + )\P(ﬁ)snr) 1+ P(B)snr

B f~e>} (251)

¥2(f) = max min {p ; t log (1 + iP(ﬁ)snr),

0,u€(0,1]

P 3 “log (1 +6uP(B)snr) + % log (1 — ,ﬁ)} ~H(Bk). (2.52)

Remark 2.9. Under the additional constraint of Assumption S3, the bound (2.50) holds with
respect to the absolute difference |W(B) — ¥, (B)|. For the proof of Theorem 2.8, however,
only the lower bound is needed.

Returning to (2.49), we can now write

lim inf — llogf—fn(D) > liminf min v, (0)

n—oo n n—o0 ,BG[D,I]

> min (9) (2.53)

~ BeD,1

where the swapping of the limit and the minimum in (2.53) is justified by Lemma 2.2.
With a bit of algebra, it can be verified that

K+ A(B; px, snr) = mf{p (8) > o}, (2.54)
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and thus

(ML-UB) _ - .,
p inf {p : 62[1})1}1} »(P) > O}. (2.55)

Since ¥ () is a continuous and monotonically increasing function of p, it follows that the
right hand side of (2.53) is strictly positive for any p > p™%). This concludes the proof of
Theorem 2.8.

2.5.3 Proof of the bound V,(b) in Lemma 2.1

We begin with a bounding technique used previously by Wainwright [77] for the study of
exact sparsity pattern recovery. For notational simplicity, we define the random variable

Zs = snr || TI(AL)Y|? (2.56)

which corresponds to the distance between the samples Y and subspace spanned by Asg.
For any t € R, we can write

Pr(€°(b)] = Prl€°(b) N {Zs > t}] + Pr[€°(b) N {Zs < t}]
< Pr[Zs > 1] + PrlEe(b) N {Zs < t}]. (2.57)

Furthermore,
PrE(b) N {Zs < t}] = Pr [{ne%n Z, < Ze} N {Z: < t}]
se by

gPr[minngt}

seBy

< 3 Pr[Z <], (2.58)

seBy,

where (2.58) follows from the union bound. Plugging (2.58) back into (2.57) gives
Pr(E°(b)] < Pr[Zs > t] + Y Pr[Zs < ). (2.59)

seBy

Note that Pr[Zs < t] depends only on the marginal distributions of the random variable
Zs. In Wainwright’s analysis [77], this probability is upper bounded in terms of a noncentral
chi-squared random variable whose noncentrality parameter is unknown but bounded. In
this proof however, we begin with the exact distribution on Z;.

Lemma 2.3. For each s € S}, the random variable

Zs
1 + %HXSC

2gsnr

has a chi-squared distribution with m — k degrees of freedom.



CHAPTER 2. UPPER BOUNDS FOR ALGORITHMS 26

Proof. Since AgXg lies in the range space of Ag, we can write

Z. = || 1(As) (v/sniAx + W)
= HH(AS)(MASCXSC + VV)H2

The vector y/snrAgxs + W is independent of TI(Ag) and has i.i.d. Gaussian entries with
mean zero and variance 1+ Z||xq[|> snr. Also, with probability one over the distribution A,
the matrix II(Ag) has exactly n — k singular values equal to 1 and k singular values equal
to 0. Therefore, the stated result follows immediately from the rotational invariance of the
Gaussian distribution. O

To proceed, let V' denote a chi-squared random variable with m — k degrees of freedom
and let t = (1 + M)(m — k) where M = AM(b) + (1—A)M(0) for some A € (0,1). Then, by
Lemma 2.3,

Pr{Z > = Pr [(— L v 11++M]‘(40)] (2.60)

and
Pr[Z, < {] = Pr [(ﬁ)v < #fnzsnr] (2.61)
ol ca

where (2.62) follows from the definition of M (b).
Both (2.60) and (2.62) can be upper bounded using the chi-squared large deviations
bounds given in Lemma 2.4 below. Combining these bounds with (2.59) and the simple fact

that
|By| = (i) (n N k) (2.63)

shows that Pr[€¢(b)] < Wy(b), which completes the proof.

Lemma 2.4. Let V be a chi-squared random variable with d degrees of freedom. For any
x>1,

Pr[V > da| <exp(—di(v2r—1-1)?), (2.64)
Pr[V < d/z] §exp(—d%[logx+1/x—1]). (2.65)
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Proof. The upper bound (2.64) follows directly from Laurent and Massart [41, pp. 1325].
For the lower bound (2.65), observe that for any x> 0,

Pr(V < (L)d] = Prlexp(—uV) > exp(—p(2)d)]

< Elexp(—pX) exp(u(3)d)] (2.66)
= exp(—d[} log(1 + 2u) — (1)) (2.67)
where (2.66) follows from Markov’s inequality and (2.67) follows from the moment generating
function of a chi-squared distribution. Letting u = (x — 1)/2 completes the proof. O

2.5.4 Proof of the bound V5(b) in Lemma 2.1

This proof uses a new decomposition of the error event to obtain a different upper bound
on Pr[€¢(b)]. In some problem regimes, this bound improves significantly over the bound
derived in the previous section. As before, we use the definition of Zg given in (2.56).

To motivate our proof strategy, observe that one weakness of the bound (2.59) is that the
threshold ¢ is a fixed constant whereas the event £(b) depends on the relative magnitudes of
the variables Zg.

In this proof, we begin with the union bound as follows

Pr(eeb)] < Y Pr[Z < Zi). (2.68)

SEB(L

Unlike (2.59), each probability on the right hand side of (2.68) depends on the relative
magnitudes of Zg and Zg. In the remainder of this proof, our goal is to derive an upper
bound on Pr[Zs < Z;] that exploits the dependence between Zz and Zs. A key step is the
following lemma.

Lemma 2.5. For any s € S, define the random variables

Ty = V/snr [[TI(Ag) Asexse
(II(As)AseXge, W)
[[TI(As) Agexsel]

Ve = [[TI(As)W|.

Us =

The following statements hold:
(a) Zg =T + 2T,.Us + V7
(b) T/ (5 1xse

(c) Us is independent of Ts and has a Gaussian distribution with mean zero and variance
one.

2snr) has a chi-squared distribution with m — k degrees of freedom.
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(d) Vs is independent of Ty for any s,s’ € S
Proof. To prove part (a) observe that
= |IT(As) (VenrAgxg + W2 (2.69)
= snr||TI(Ag) AgeXee||? + [|TI(Ag) W2
+ 2v/snr (IT(Ag) AgeXge, II(Ag )W)
Part (b) follows from the proof of Lemma 2.3. Part (c) follows from the fact that the vector
IT(Ag)AgeXse is independent of W and is nonzero with probability one. Part (d) follows from

the fact that I1(Ag), AgeXge, and W are mutually independent and II(Ag) has rank m — k
with probability one. O

To proceed, fix any 6 € (0,1) and € > 0 and define the event A = N?_, A; where

Ay = {12 + 213U, > 072} (2.70)
Ay = {T2 + 215U < e(m — k) } (2.71)
A = {0T2 + V2 = V2 > e(m — k)}. (2.72)

Using part (a) of Lemma 2.5 it can be verified that {Zs < Zz} N A = {0}, and thus
Pr(Z, < Zs] = Prl{Z, < Zs} N A]

< i Pr[A] (2.73)

i=1
where (2.73) follows from the union bound. In the following three subsections, we prove
upper bounds on the probabilities Pr[A%], j € {1,2,3}. Plugging these bounds back into
(2.73) and using the fact that the cardinality of B, is given by (2.63) completes the proof.
Upper Bound on Pr[Af]
The first error event is relatively straightforward to bound. Observe that
PrlAS] = Pr[2272 4 (071, < ]
2
= Prlexp(—5-12 — BATLU;) > 1]

< Elexp(—- 12 - CATY,)] (2.74)
— Elexp(— 52272)] (2.75)
— (1 (H) 1||xSc snr)_(m_k)/2 (2.76)
< (1- S ap)) (2.77)
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where: (2.74) follows from Markov’s inequality; (2.75) follows from part (c) of Lemma 2.5
and the moment generating function of the Gaussian distribution; (2.76) follows from part
(b) of Lemma 2.5 and the moment generating function of the chi-squared distribution; and
(2.77) follows from the definition of M (b).

Upper Bound on Pr[Aj]

The second error event is similar to the first one, except that the inequality is in the other
direction and there is a constant term to deal with. If we let t = eM(0)(m — k) and
A=1/(2M(0)), then

Pr[A5] = Pr[A(—t + 1% + 2T:Us) > 0]
= Prexp(—\t + \TZ + 20T3Us) > 1]

< Elexp(—At + NTZ + 20T:Us)] (2.78)
= Elexp(—=At + (A — 20*)12)] (2.79)
— exp(—At) (1 - 2(A - 2)\2)M(0))_m;k (2.80)
[ exp(e) —mok

B (2M(0)) (2.81)

where: (2.78) follows from Markov’s inequality; (2.79) follows from part (c) of Lemma 2.5
and the moment generating function of the Gaussian distribution; (2.80) follows from part
(b) of Lemma 2.5 and the moment generating function of the chi-squared distribution; and
(2.77) follows from plugging in the definitions of ¢ and .

Upper Bound on Pr[Aj]

The third error event requires the most work. Part of the difficulty is that the random
variables V2 and V2 are not independent. The following result uses the fact that they are
positively correlated to obtain a nontrivial upper bound on the moment generating function
of their difference; the proof is given in Section 2.5.6.

Lemma 2.6. For any p € (0,1),
Elexp(4[VZ — VI < (1 —p?) "2 (2.82)

We remark that the exponent in (2.82) is proportional to the overlap b. If V2 and V2
were independent, then the exponent would be proportional to k. This difference in the
exponents is the key reason why this bounding technique works well in settings where the
previous technique failed.
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With Lemma 2.6 in hand, we are now ready to upper bound the probability Pr[.A§]. Let
t =¢eP,(0)(m — k) and fix any u € (0,1). Then,

Pr[A§] = Pr[&(t — 017 — V2 + V7) > 0]
= Prlexp(4(t — 017 — V2 + V7)) > 1]
< Elexp(4(t — 072 — V2 + V2))] (2.83)
= Elexp(§[t — 0T;])|E[exp(§[Vi’ - V])] (2.84)
— 2! ( + 1| Xse snr) T (1—p?) 2 (2.85)
<ef'(14 u@M(b))_%(l — 2 (2.86)
1+ pfM(b)\ " -
= <M> (1—=p7) (2.87)

where: (2.83) follows from Markov’s inequality; (2.84) follows from part (d) of Lemma 2.5;
(2.85) follows from part (b) of Lemma 2.5, the moment generating function of the chi-squared
distribution, and Lemma 2.6; (2.86) follows from the definition of M (b); and (2.87) follows
from the definition of ¢.

2.5.5 Proof of Lemma 2.2

To simplify notation we will write k£ instead of k, where the dependence on n is implicit.
Since Wy (b) and W4 (b) are non-increasing functions of M (b), it is sufficient to show that
the following limits hold:

. 1 k n—k
Him, sup P8, ) = 7 log (( ﬁm) (( ﬁlﬂ)‘ - (259
Tim M(0) =0 (2.89)
limsup max <P(6) snr— M([ ﬁk})) <0, (2.90)

Then, it follows immediately that

slimsup o <¢Z(ﬁ) + % 1og(\11i(mkn})> <0 (2.91)

n—oo P€[0

for i € {1,2}, which proves the desired result.

To begin, note that (2.88) follows directly from a strong form of Stirling’s approximation
[14, Lemma 17.5.1].

Next, we consider the term M (0). For each problem of size n, let {n;};cin) be a permu-
tation of [n] such that 2 < a2 < ... < a2 . Starting with the definition of §, we can
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write
1 — min = llx.. :
snrM(0) = glel‘ls% nHXS (2.92)

1 n—k

==Y a2 (2.93)
nig

o /m—k 17k

_ (” oY 102 < u))du (2.94)
0 n ni: !

= max (1 — Gn(u) — &, O)du, (2.95)

where G,,(u) denotes the empirical distribution function of {27 }c},;, Thus, for any € > 0,
snrM(0) = / max (1 G, (u) — £,0)du
0

+ /OO max (1 — Gpl(u) — %,O)du
< € + max (1 — Gnle) — %,0). (2.96)

By the weak convergence of Assumption S2, it follows that the second term on the right
hand side of (2.96) converges to zero as n — oco. Since epsilon is arbitrary, we conclude that
lim,, o M(0) = 0.

We now consider the final term M (b). Since

nsnr M (b) = ||x|* — max ||x]|?
seBy,
2 2 12
> [ — mape (Il + s )

= [IxII* — max flxns | = fIxee

2 —nsnr'M(0)

= Sg}gié}b ||Xsc

it is sufficient to show that

limsup max (P(8) — Pa(8)) <0 (2.97)

n—oo B€[0,1]

where P,(3) = & mingesy  [[Xee||*.
Following the same steps we used for M (0), we have

Pu() = [ ma (1= Golw) = =121, 0)du.
0
Also, by definition

P(B) = /0°° max (1 G(u) - (1 - Bk, 0)du (2.98)
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where G(u) = Pr[X? < u]. Thus, for any € > 0 we have
P(3) — Po(8) = /0 max (1 - G(u) — (1 - B)r,0)du + /OOO o () du
<e-+ /OO max(p,(u),0)du (2.99)
0
where

n

on(u) = [max (1 —Gu+¢€)— (1 - P)xk, 0) — max (1 — Gp(u) — M,O)].

To deal with the second term in (2.99), observe that

on(u) < |(1 = B)r — B 4 G(u) = Glu +e). (2.100)

Thus, by the weak convergence of Assumption S2,
li = 2.101
i, max. max (g, (u),0) =0 (2.101)

for every u € R. Since ¢, (u) is upper bounded by the integrable function 1 — G(u + €), it
follows from the bounded convergence theorem that the second term in (2.99) is equal to
zero. Since € is arbitrary, this proves (2.97) and hence (2.90).

2.5.6 Proof of Lemma 2.6

The key to this proof is to consider the eigenvalues of the matrix M = II(Ag) — II(Ay).
Since M is symmetric, it can be expressed as M = QAQT where ) is an m x m orthonormal

matrix and A is a real valued diagonal matrix whose diagonal entries obey A\; > Ay > ... > Ay
Letting W = QTW, we have

VZ-V2=WIMWT =5 \W? (2.102)
i=1
where Wy, Wa, - -+, Wi, are i.i.d. Gaussian N(0,1), and thus

Elexp(5[VZ — V2])] = [ Elexp(5A:077)] (2.103)

= ﬁ(1 — )2 (2.104)

To characterize the eigenvalues, we now consider two cases. If m > 2k, then
rank(M) = rank([I — I(A,)] — [I — TI(As)]

)
< rank(/ — ITI(Ag)) + rank(I — TI(Aj))
<2k,
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and so at least m — 2k eigenvalues are equal to zero. It can be shown (see [53, p. 8]),
that the remaining 2k singular values are given by \; = sinf; and \,,_;.1 = —sin#6; for
i =1,2,--+ k where 7/2 > 0; > 0y > --- > 0;, > 0 are known as the principal angles
between the k-dimensional subspaces R(Ag) and R(Aj) spanned by the columns of Ag and
Aj; respectively. Since the number of principal angles that are equal to zero is given by the
dimension of the intersection of the two subspaces, it follows that

[{i: 0; = 0}] = dim(R(As) N R(A5))
> dim(R(Asns))
—k—b

where the last equality holds with probability one over the distribution on A.
Returning to (2.104), we can now write

Elexp(4[V2 — V2)] = [[(1 — u* sin®6,) " (2.105)

=1

1—p2)=b? (2.106)

~

IN

where (2.106) follows from the fact that 0 < sin?#; < 1.
For the case m < 2k we use similar arguments. Since

rank(M) < rank(IT(Ay)) + rank(IT(Aj))

<

at least 2k — m eigenvalues of M are equal to zero. The remaining 2(m — k) eigenvalues
are given by \; = sin#; and \,,_;11 = —sin6; for + = 1,2,--- ;m — k where the 6, are the
principal angles between the m — k dimensional subspaces N (Ag) and N (Aj) corresponding
to the orthogonal complements of R(As) and R(Aj) respectively. Thus, we have

[{i: 6; = 0}] = dim(N(As) NN (As))
=m — dim(R(As) + R(As))
> max (O, m — 2k + dim(R(Asng)))
= max(O,m—k—b)
where the last equality holds with probability one over the distribution on A. Therefore,

there are at most b nonzero principle angles. Following the same steps used in the previous
case, leads again to the upper bound (2.106). This concludes the proof of Lemma 2.6.
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2.6 Proofs of Remaining Upper Bounds

We now give the proofs of Theorems 2.2, 2.3, 2.4, and 2.7. Each of these proofs follows a
similar outline. First, we establish convergence of the empirical joint distribution on the
entries in x and the vector estimate X generated in the first stage recovery (see Fig 2.1).
Then, we show that this convergence characterizes the limiting distortion with respect to

the relaxed sparsity pattern recovery task described in Section 1.4.4.

In these proofs, we use the superscripts 7% and 4% to denote convergence in probability

and distribution, respectively.

2.6.1 From Convergence in Distribution to Relaxed Recovery

For each problem of size n, let X denote the estimate of the unknown vector x generated in
the first stage of sparsity pattern recovery and let F,,(x, Z) denote the cumulative distribution
function (CDF) of the empirical joint distribution on the entries in (x, X), i.e

1
Fo(x,2) = —
n

. 1z <2, X, < 2). (2.107)
=1

(2

Note that F,(z, ) is a random function due to the randomness in X. Also, let F(z, z) denote
the CDF of the random pair (X, Z) given in Definition 2.1, i.e.

F(z,z) =Pr[X <z, 7 < z|. (2.108)

According to standard terminology, F,(z, &) converges weakly in probability to the limit

F(z,z) if

lim Pr[|F,(z,2) = F(x,2)| > ¢] =0 (2.109)
for any fixed € > 0 and (z,2) € R? such that (x,z) are continuity points of F(z,z). Since
Z is a continuous random variable, the last constraint simplifies to all (z, z) € R? such that

px({z}) = 0.

Lemma 2.7. If F,(z, &) convergence weakly in probability to a limit F(x,z) characterized
by a distribution px and noise power o > 0, then the distortion between the sparsity pattern
estimate S generated in the second stage of recovery and the set S described in Section 1.4.4
obeys

lim d(S, 9) 2" Dyugn(0%: px) (2.110)

n—oo

where D gugn(0%;px) is given by (2.14).
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Proof. For each problem of size n, define
U={ien]:|z > and U={ieln]:|X; >t}

where § > 0 satisfies Pr[|X| = ] = 0 and ¢ is the unique solution to Pr[|Z| > t] = k. Note
that ¢ corresponds to the minimizer of the right hand side of (2.14).
By the triangle inequality, we have

d(8,8) — d(U,U)| < d(8,U) + d(U, ). (2.111)

Furthermore, by the weak convergence of F,(x, &) to F(z, z) and the definitions of S and S,
it can be shown that,

lim d(8,U) = Pr[|X| < 6|X # 0] (2.112)
lim d(U,0) "= Pr[|X| < 6||2] > 1] (2.113)
lim d(U,8) "= 0, (2.114)

where (2.113) and (2.114) follow from the definition of ¢.
By the assumptions on px and the definition of Dy, (0?; px), there exists, for any e > 0,
a 0 > 0 such that Pr[|X| = d] =0 and

Pr]|X| <d|X #0] < (2.115)
| Pr{|X] < 6[1Z] > ] = Dawgn(0%; px ] (2.116)
Hence, we have shown that
lim Pr Hd(g, S) — Dawgn(az;px)‘ > e'} =0 (2.117)
for any ¢ > 0 which completes the proof. O

2.6.2 Proof of Theorem 2.2

In this section, we prove convergence of the empirical CDF F),(z, &) corresponding to the
MF estimate. Theorem 2.2 then follows immediately from Lemmas 1.1 and 2.7.

The crucial step in this proof is the following result which characterizes the limiting joint
distribution of a randomly chosen subset of the entries in (x, X (MF )). Due to the simplicity
of the MF estimate, we are able to prove this convergence generally for any i.i.d. distribution
on the entries of the measurement matrix A.

Lemma 2.8. Let L be a fized integer. For each problem of sizen > L, let L be distributed
uniformly over all subsets of [n] of size L. Then, under Assumptions S2-S3 and M1-M},
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the joint distribution on {(xg,Xé )}geg converges weakly to the joint dzstmbutzon on L
independent copies of the random pair (X, Z) given in Definition 2.1 where o is given by

1
g2 =S 1 (2.118)

p
Proof. To gain intuition, observe that the entries in the MF estimate indexed by £ can be
decomposed as follows:

XM — (%)AEAEXE + ( )AT(AECXU + MW) (2.119)

By the law of large numbers, it is straightforward to show that the first term on the right hand
side of (2.119) converges in distribution to random vector X whose entries are i.i.d. copies
of X. Also, by the central limit theorem, it is straightforward to show that the second
term converges in distribution to a vector whose entries are i.i.d. N'(0,0?). However, since
the terms in (2.119) are not mutually independent, these arguments are, by themselves,
insufficient to prove Lemma 2.8.

To proceed, we will introduce an additional term that allows us to decompose X(EMF) into
independent components. Specifically, for each problem of size n, let A be an m x L random
matrix whose columns are independent copies of the columns of A and define the random
vectors

U=[(2)AL(Ar—A) — In.]xc (2.120)
V = (2)A%(Axc + Apexge + s 2W). (2.121)

Then, we can write
XM —x, +U+V (2.122)

where the vectors x, and V are independent.
From here, the proof is straightforward. If the following limits hold,

lim x, = X (2.123)
lim U= 0y, (2.124)
nh—>ngov dgt N(O> UZILXL)a (2'125)

then the desired convergence follows immediately from Slutsky’s theorem.

The limit (2.123) follows from Assumption S2, and the fact that L is finite. To prove
(2.124), observe that by Assumptions M1-M4 and the weak law of large numbers, AZA, —
(m/n)Ip«p and A%AL — 07 in probability as n — oco. Combining these facts with (2.123)
shows that U converges to O in distribution, and thus also in probability.
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Finally, to prove (2.125), observe that V. = >7", V; where

Vi = (2)(AD)i(Axc + Apexee +snr /P W) (2.126)

)

and (AL); denotes the i’th column of the L x m matrix AL. Since the entries in A, A,
and W are mutually independent, it can be verified that the vectors {V;};cpn) are i.i.d. with
mean zero and covariance

|
E[V,VT] = (%) <5||x]|2 4 snr‘1>ILxL. (2.127)

Therefore, the limit (2.125) follows from the multivariate central limit theorem and Assump-
tion S3. O

With Lemma 2.8 in hand, we can now prove convergence of the empirical CDF F, (x, z)
directly from Chebyshev’s inequality.

Lemma 2.9. Under Assumptions S2-S3 and M1-M4, the empirical CDF F,(x,&) corre-
sponding to the MF' estimate converges weakly in probability to a limit F(x,z) with noise
power o? given by (2.118).

Proof. Beginning with Chebyshev’s inequality, we have

Pr[|Fu(e, &) — F(v,2)] > | < e *E[|Fu(e, &) - F(z, )]
= ¢ ?|E[F2(z,2)] - F*(x,2)

— € 22E[F,(x, )] — F(x, )|

(2.128)
for any € > 0. By the linearity of expectation, we can write
E[F,(z, &)] = Prlz, <z, X, < i (2.129)
E[FS(SE,L%)] = nT_l Pl"[l’gl < anh < jvxfz < anZQ < i,]
+ L Prz, <2, X, < i (2.130)

where ¢; and /5 are drawn uniformly at random without replacement from [n]. Hence, by
Lemma 2.8, it follows that

lim E[F,(z,2)] = F(z, )
lim E[F?(x,2)] = F?(x,2).

n—~0o0

Therefore, both terms on the right hand side of (2.128) converge to zero as n — oo, thus
completing the proof. 0
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2.6.3 Proof of Theorem 2.3

For this proof, we use the well known fact (see e.g. [34]) that matrix inversion can be
performed using iterative methods. Specifically, for a fixed tuple (y, A,snr), let v be the
unique positive solution to quadratic equation

m 1
snr=~vy(— — —— 2.131

7( n 1+ 7) ’ ( )
and consider the AMP algorithm with n(z,0%) = z/(1 + ). If the sequences {x'};>; and
{u'};>1 converge to a fixed point (x*°,u>), then it can be verified by checking the update
equations (2.18) and (2.19) that x> = x(EMMSE) = ATyo0 — Ax(LMMSE) “anqd thus

x(AMP) _ (1 4 )x(LMMSE) (2.132)

Therefore, the LMMSE estimate can be computed using the appropriate linear version of
AMP, provided that the AMP algorithm converges.

We now use the analysis of Bayati and Montanari to characterize the limiting behavior
of the AMP estimate. For each problem of size n let X(*MP) denote the output of the AMP
algorithm corresponding to the function 7(z, 0%) = 2/(1+,) where 7, is the unique positive
solution to (2.131). Then, under Assumptions S2-S3 and M1-M5, it follows from part (b)
of [7, Lemma 1] that the empirical CDF corresponding to X (AMP) converges weakly almost
surely to a limit F(z, z) with a noise power o2 that is the unique solution to the quadratic
equation

1 n 1
oZsnr 1402

p= (2.133)
Since the LMMSE estimate is proportional to the AMP estimate, this result, along with
Lemmas 1.1 and 2.7, completes the proof of Theorem 2.3.

2.6.4 Proof of Theorem 2.4

To begin, consider a modified version of the AMP algorithm in which the sequence of noise
power estimates {67};>1 is replaced with the sequence of noise powers {02};>; defined by
the state evolution recursion (2.25). (Note that this modified algorithm depends explicitly
on the distribution py.) For each problem of size n, let

X! = ATU' + X (2.134)

denote the modified AMP estimate at iteration ¢. Then, under Assumptions S2-S3 and M1-
M5, it follows from part (b) of [7, Lemma 1] that the empirical CDF corresponding to X*
converges weakly almost surely to a limit F'(z, z) with noise power 7.
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Moreover, by part (c¢) of [7, Lemma 1] it can be shown that, under the same assumptions,
the residuals U? corresponding to the modified AMP algorithm obey
lim LU @) = o (2.135)
almost surely. Thus, by the continuity of n(z, 0?) with respect to o2, it follows that the AMP
algorithm using the empirical estimates 67 has the same limiting behavior as the modified
AMP algorithm.
By the above arguments, the empirical CDF F,, (x, ) corresponding to the AMP estimate
(2.23) converges weakly almost surely, and hence also in probability, to a limit F'(z, z) with

noise power o2 given in (2.26). Combining this result with Lemmas 1.1 and 2.7 completes
the proof of Theorem 2.4.

2.6.5 Proof of Theorem 2.7

This proof follows along the same lines as the proof of Theorem 2.2. The key step is the
following result which is analogous to Lemma 2.8 except that it also requires the replica
analysis assumptions. This result is stated as Claim 3 in [35], and its proof follows directly
from the analysis in [36, Section IV-BJ.

Lemma 2.10. Assume that the replica analysis assumptions hold. Let L be a fixed integer.
For each problem of sizen > L, let L be distributed uniformly over all subsets of [n] of size L.
Then, under Assumptions S2-S3 and M1-M}, the joint distribution on {(I‘g,XéMMSE))}geﬁ
converges weakly to the joint distribution on L independent copies of the random pair (X, Z)
given in Definition 2.1 where o is given by the noise power 7 defined in (2.37).

From here, the rest of the proof follows immediately from Chebyshev’s inequality (see
Lemma 2.9).
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Chapter 3

Information-Theoretic Lower Bounds

This chapter gives lower bounds on the fundamental sampling rate distortion-function.
These bounds consist of necessary conditions which apply generally to any possible recovery
algorithm. We begin by describing a stochastic signal model in Section 3.1. In Section 3.2 we
derive general lower bounds which hold for any sequence of matrices obeying Assumptions
M1-M3. In Section 3.3 we strengthen these results for matrices whose entries are also i.i.d.
(Assumption M4). Additional results for the noiseless setting are considered in Section 3.4,
and proofs are given in Section 3.5.

3.1 Stochastic Signal Model

Throughout this chapter, the unknown vector is modeled as a random vector X. Accordingly,
the linear observation model described in Section 1.4 is expressed as

Y =AX +

1
W. 3.1
To characterize a sequence of recovery problems {X(n), A(n), W(n)},>; indexed by the

vector length n, we use the following stochastic signal assumptions.

Stochastic Signal Assumptions: We consider the following assumptions on a sequence
of random vectors X(n) € R".

SS1 Linear Sparsity: The sparsity pattern S* is distributed uniformly over all subsets of
{1,2,--- ,n} of size k(n) where

i 0 _ (3.2)

n—oo n

for some sparsity rate k € (0,1/2).
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SS2 I.1.D. Entries: The nonzero entries {X; : i € §*} are i.i.d. py where py is a probability
measure with zero mass at 0, i.e. Pr[U = 0] = 0. We use px to denote the probability
measure given by

px = (1 —K)bo + Kpu

where 9y denotes a point-mass at x = 0.
SS3 Normalization: The distribution px has second moment equal to one.

The stochastic signal assumptions are closely related to the deterministic signal assump-
tions given in Section 1.4.2. One difference is that under Assumptions SS1-SS2 we may
consider distributions px without a second moment constraint. This extra degree of freedom
gives us greater flexibility in stating our lower bounds. In all cases, Assumption SS3 can be
enforced by rescaling the parameter snr appropriately.

The definition of achievability under the stochastic signal assumptions SS1-SS3 is the
same as the definition of achievability under the deterministic signal assumptions S1-S3
except that the error probability eA¥%) given in (1.7) is taken with respect to the probability
measure on X. Also we assume that the number of nonzero entries £ = |S*| is known
throughout the system. Under these assumptions, the optimal recovery algorithm can be
stated explicitly as

SOPT) — arg Srlréi‘nkPr[d(S*, S) > D|AX 4 snr™/2W =y (3.3)
The following result shows that a necessary condition for the stochastic setting implies a
necessary condition for the deterministic setting.

Lemma 3.1. If a distortion D is not achievable for the tuple (p, px,snr) under Assumptions
SS51-S53, then it is not achievable under Assumptions S1-S3.

Proof. This results follows immediately from the fact that a random sequence of vectors
{X(n)}n>1 distributed according to Assumptions SS1-SS3 obeys Assumptions of S1-S3 with
probability one. O

3.2 Bounds for Arbitrary Measurement Matrices

This section derives lower bounds on the fundamental sampling rate distortion function that
apply generally to any sequence of measurement matrices obeying Assumptions M1-M3.
Before we present our bounds, two more definitions are needed. First, we use the notation

Vx = Var(X) (3.4)

to denote the variance of the distribution px. Note that (1—x) < Vx < 1 for any distribution
px obeying the constraints of Assumptions SS1-SS3.
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Also, we define

kD
— K
0, itD>1-k

H(x) — kH(D) — (1 —K)H(l ) itD < 1—x

R(D;x) = (3.5)

where H(p) = —plogp — (1 — p)log(1 — p) is binary entropy. It is straightforward to show
that R(D; k) corresponds to the information rate (given in nats per dimension) required to
encode a sparsity pattern to within distortion D.

Our first lower bound is general in the sense that it depends only on the variance of the
distribution px. This result serves as a building block for our stronger bounds.

Theorem 3.1. Under Assumptions SS1-SS2 and M1-MS3, a distortion D is not achievable
for the tuple (p, px,snr) if

min(1, p) log (1 + max(1, p)Vy Snr) < 2R(D; k). (3.6)
Proof. See Section 3.5.1. O

The following Corollary is equivalent to Theorem 3.1 in the under-sampled setting p < 1.
This result has been derived previously in the special case of exact recovery [33,64,79], as
well as for approximate recovery in the special case of binary signals [1].

Corollary 3.1. Under Assumptions SS1-SS2 and M1-M3, a distortion D is not achievable
for the tuple (p, px,snr) if
2R(D; k)
log(1+ Vx snr)

(3.7)

Proof. This result follows from the fact that log(1 + py) < plog(1 + ) for all p > 1. O

Theorem 3.1 is remarkable in that it holds for any possible recovery algorithm. Moreover,
it shows that a nonzero sampling rate p is necessary in the presence of noise.

One critical weakness of Theorem 3.1, however, is that it does not reflect the true difficulty
of sparsity recovery when the desired distortion D is small. For example, if D = 0, then
the lower bound on sampling rate is finite even though it has been shown that an infinite
sampling rate is needed in the presence of noise [58]. Among other things, this discrepancy
leaves open the possibility that the total number of recovery errors could grow sublinearly
with the length n such that the fraction of errors is asymptotically zero.

Our next result allows us to lower bound the distortion corresponding to a distribution
px in terms of a different but related distribution pz. This result is extremely powerful since
it allows us to isolate the key aspects of the recovery problem that make recovery difficult.
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Theorem 3.2. Let px and pz be probability measures with the following properties:

0< Ky <Ky (38)

PZ(A) < PZ(A)
1— Kz 1— RXx

for all A C R\{0}. (3.9)

where kx =1 —px({0}) and kz =1 — px({0}). For a given tuple (D, p,snr) define

- (=) () 310
- (122) on
snr = (i : :)Z()snr. (3.12)

Under Assumptions SS1-S52 and M1-M3, the following statement holds: If the distortion
D is not achievable for the tuple (p,pz,snr), then the distortion D is not achievable for the

tuple (p, px,snr).

Proof. The proof is based on a genie argument and is given in Section 3.5.2. O

The reason that Theorem 3.2 is useful is that it allows us to isolate the nonzero entries
in X whose locations are difficult to identify. Starting with an initial distribution px, one
way to create an appropriate distribution py is via truncation and re-normalization. For
example, for any set {0} C 7" C R, the distribution

_ px(ANT)
pz(A) = px(T)

satisfies the constraints of Theorem 3.2 with kz =1 — (1 — kx)/px(T).

Our next result combines Theorems 3.1 and 3.2 to give a bound that overcomes the
weakness of Theorem 3.1 and accurately characterizes the difficulty of recovery when the
distortion D is small.

Theorem 3.3. Under Assumptions SS1-SS2 and M1-MS3, a distortion D s not achievable
for the tuple (p, px,snr) if there exists a tuple (p, pz,snr) satisfying the assumptions of The-
orem 3.2 such that

min(1, p) log(1 + max(1, p)Vy shr) < 2R(D; k). (3.13)

Proof. This result follows directly from Theorems 3.1 and 3.2. O
By the constraints of Theorem 3.2, it can be verified that (3.13) gives a nonzero lower
bound only if the distortion D defined in (3.10) obeys D < D < 1. By characterizing
an explicit mapping between px and a distribution pz parameterized terms of the fraction

D’ = D/D, we obtain the following lower bound which is similar in style to the ML upper
bound given Theorem 2.1.
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Corollary 3.2. Under Assumptions SS1-8S3 and M1-M3, a distortion D is not achievable
for the tuple (p,px,snr) if

201 — k + kDR(Z; =2
p < max ( ) (D LrtnD ) (3.14)
D'e[D,1] log(1 4+ P(D’;px) snr)

where P(D;px) is given in (2.3).

Proof. Fix any D < D’ < 1. Starting with px let pz be the distribution that minimizes
E[Z?] subject to the constraints (3.8) and (3.9) with k7 = kxD'/(1 — kxD'). As a simple
exercise, it can then be verified that V;snr = P(D’; px) snr. Parameterizing the bound in
terms of D', using the approximation of Corollary 3.1, and maximizing over D’ leads to
(3.14). O

The following result gives a further simplification of Theorem 3.3.

Corollary 3.3. Fix any o > 1. Under Assumptions S1-S3 and M1-MS3, a distortion D <
1/a is not achievable for the tuple (p, px,snr) if

2R(1 raD )

o' 1—k+rkaD

< .
P log(1 4+ P(aD;px) snr)

(3.15)

Proof. This bound follows from evaluating the right hand side of (3.14) with D' = aD. O

As the distortion D becomes small, it can be shown that the right hand side of (3.15) tends
to infinity. Therefore, one important contribution of Theorem 3.3 is that it is not possible to
have a vanishing fraction of errors if both the sampling rate and SNR are finite. In Chapter
4, we will show, by comparison with the upper bounds of Chapter 2, that Theorem 3.3 is
relatively tight in the low distortion setting.

3.3 Bounds for IID Measurement Matrices

We now derive stronger lower bounds for measurement matrices whose entries are i.i.d. (As-
sumption M4). Unlike the bounds given in the previous section, these bounds capture the
fact that the nonzero entries of X are unknown.

We define the nonzero entropy power of a random variable X ~ px to be

kexp (2h(X|X #0))

NX = 2me
0, otherwise

, if h(X|X #0) exists (3.16)

where h(X|X # 0) denotes the differential entropy of the nonzero part of px. The nonzero
entropy power allows us to assess the relative uncertainty about the nonzero entries.
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The following result gives an improved lower bound in terms of the variance Vx and the
nonzero entropy power Nx. The proof of this result relies heavily on the entropy power
inequality and the spectral convergence of i.i.d. random matrices.

Theorem 3.4. Under Assumptions SS1-SS3 and M1-Mj, a distortion D is not achievable
for the tuple (p,px,snr) if

V(p, Vx snr) — kVip(p/k, Nx snr) < 2R(D; k) (3.17)
where
_ F(r,v)
V(r,v) = rlog (1+7—.7:(r,fy))+log (1—1—7‘7—.7:(7",7)) R (3.18)
with
1 2
Foron =7 (V2= r (V-1 +1) (3.19)
and
1 1/r=11
rlog(1+7( ) —), ifr <1
1—7r e
Vig(r,y) =1 log <1 + 7%), ifr=1. (3.20)
r—1
10g(1+77’( r ) 1), ifr>1
r—1 e
Proof. See section 3.5.3. O

Remark 3.1. In the special case where the nonzero part of the distribution px is Gaussian,
the function Vip(r,) in the second term on the left hand side of (3.17) can be replaced with
the function V(r,7), thus providing a slightly stronger condition.

The next result gives a simplified, and necessarily weaker, version of Theorem 3.4.

Corollary 3.4. Under Assumptions SS1-SS3 and M1-M4, a distortion D is not achievable
for the tuple (p,px,snr) if

min(p, k) log(1 4+ (Nx/e)snr) + 2R(D, k)
log(1 + Vx snr)

p< . (3.21)

Proof. This result follows immediately from (3.17) and the bounds V(r,v) < rlog(1l + )
and Vyp(r,7) = min(r, 1) log(1 +~/e). O
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The key difference between Theorem 3.4 and the previous bounds occurs in the high SNR
setting. For example, if D is small relative to N, then the lower bound on the fundamental
sampling rate distortion function p* given by (3.21) behaves like

/{ -
r= log(1 + snr)

in the high SNR setting. The next result gives a lower bound on the sampling rate that is
bounded away from zero for all SNR.

Corollary 3.5. Under Assumptions SS1-SS3 and M1-M4, a distortion D is not achievable
for the tuple (p, px,snr) if

2R(D; ) ) . (3.22)

< min | K, 77—
g ( (T5) Tog(%) + log(Vx /Nx)

Proof. Since the fundamental sampling rate-distortion function is a non-increasing function
of the SNR, the infinite SNR limit of (3.17) gives a necessary condition for any finite SNR. [

One weakness of Theorem 3.4, however, is that it does not improve significantly upon
Theorem 3.1 when the nonzero entropy power Ny is equal to zero. Another weakness is
that it does not accurately reflect the difficulty of recovery when D is small. To fix these
weaknesses, we combine Theorem 3.4 with Theorem 3.2 to obtain the following bound.

Theorem 3.5. Under Assumptions S51-SS3 and M1-M/, a distortion D 1is not achievable
for the tuple (p, px,snr) if there exists a tuple (D, p,pz,snr) satisfying the assumptions of
Theorem 3.2 such that

V(p, Vy Sﬁr) — livaB(p/Iiz, Ny sﬁr) < 2R(D7 Iiz). (323)

Proof. This result follows immediately from Theorems 3.2 and 3.4. O

One significant advantage of Theorem 3.5 over Theorem 3.4 is that we can now give
a nontrivial high SNR bound for any distribution px whose nonzero part is a discrete-
continuous mixture. As the following result shows, the high SNR behavior is dominated by
the weight of the continuous part of the distribution.

Corollary 3.6. Suppose that px can be expressed as
px = (1= £K)do +wepx, + (K —we) Px, (3.24)

where X, is continuous with finite differential entropy and X is discrete. Under Assumptions
SS51-852 and M1-M4, a distortion D is not achievable for the tuple (p, px,snr) in the noiseless
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setting if p < w, and (3.23) holds for the tuple (D, p,pyz, shr) given by

D="p (3.25)
We

~—< L ) (3.26)

P= 1—k+we P '
1—x w

(2 Y () 1o
bz <1—/€+w0)0+ 1— K+ w, Px. ( )
N 1

= — ) 3.28
snr <1_H+%)snr ( )

3.4 The Noiseless Setting

The previous sections provided lower bounds for the noisy setting. In this section, we address
lower bounds for the setting where there is no measurement noise. Accordingly, we consider
the linear observation model given by

Y = AX. (3.29)

The following result highlights the fact that recovery in the noiseless setting is very
different in nature than recovery in the presence of noise.

Proposition 3.1. Let x be an n x 1 vector whose entries are supported on a countable set
X C R and let A be a 1 X n random vector whose entries are i.i.d. from a distribution that
1s absolutely continuous with respect to Lebesque measure. With probability one, x can be
recovered uniquely from the tuple (X, A, Ax).

Proof. With probability one, the projection x — Ax maps each possible realization of x to
a unique real number. 0

Corollary 3.7. Suppose that px is a discrete distribution. Under Assumptions SS1-552 and
M1-M3, the fundamental sampling rate distortion function for the noiseless setting is given

by
pr=0 (3.30)
for all distortions 0 < D <1.

The proof of the following result follows directly from Theorem 3.1 and the proof of
Thoerem 6.3 in Chapter 6. Alternatively, it can also be shown that this result corresponds
to the infinite SNR limit of Theorem 3.4.
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Theorem 3.6. Consider the noiseless measurement model given in (3.29). Under Assump-
tions SS1-SS2 and M1-M/, a distortion D is not achievable for the pair (p,px) if p < K
and

VX 1 K
1 — 1—p)1 — )= (k=p)l —_— 2R(D; k). 31
plog () + (L= p)1og (7= ) = (s = p)tox (2 ) < 2R(Diw) (3.31)
Theorem 3.7. Suppose that px can be expressed as

px = (1= K)do +wepx, + (k — we) px, (3.32)

where X, is continuous with finite differential entropy and X4 is discrete. Under Assumptions
581-882 and M1-M4, a distortion D is not achievable for the pair (p,px) in the noiseless
setting if p < we and (3.31) holds for the tuple (D, p,pz) given by

D="p (3.33)
We

p= < L > (3.34)

P=\1-% + we P ’

11—k w

=—)6 <7c> 3.35
bz <1—m+wc>0+ 1 — k4w, Px. ( )
Proof. This result follows directly from Theorems 3.6 and 3.2. 0

Corollary 3.8. Under the assumptions of Corollary 3.7 the fundamental sampling rate dis-
tortion function for the noiseless setting is given by

P = we (3.36)

for all distortions D such that

We Vy 1—k 1—k+w, K We
— 1 — — 1 _ QR(—D;7> 3.37
(1—/{—{—%) 8 (NZ> + (1—/4&—%) og( 1—x ) < we 1—k+w, ( )

where py is given by (3.35)

3.5 Proofs of Lower Bounds

This section gives the proofs of our information-theoretic lower bounds.

3.5.1 Proof of Theorem 3.1

The cornerstone of this proof is Fano’s inequality which gives a lower bound on the error
probability for any possible recovery algorithm in terms of the mutual information between
S* and the pair (Y,A). We assume that the tuple (D, px,snr) is known throughout the
system.
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Lemma 3.2 (Fano’s Inequality). Let S* be distributed uniformly over all subsets of [n] of
size k <n/2. If S* — (Y,A) — S forms a Markov chain then

I(S*;Y,A) +log(2)

g () — 1o (1287 () ()

Pr[d(S*,S) > D] > 1 — (3.38)

forall0 < D <1.

Proof. We follow the proof of Fano’s inequality given in [14] with some modifications to
handle our error criterion. To begin, we define the random variable

)1, ifd(st,S)>D
o, ifd(S*,8) <D’
and note that Pr[E = 1] = Pr[d(S*, S) > D]. R
Using the chain rule for entropy, H(FE, S*|Y,A,S) can be written two ways as
H(E,S*|Y,A,S)=H(S*|Y,A,S)+ H(E|S*,Y,A,S) (3.39)
— H(E|Y,A,S)+ H(S*|E,Y,A,S). (3.40)
By the Markov property, H(S*[Y,A, 5’) = H(S*[Y,A). Since entropy is nonnegative,
H(E[S*,Y,A,S) > 0. Also, since conditioning cannot increase entropy, H(E|Y,A,S) <
H(FE) <log(2) and H(S*|E,Y,A,S) < H(S*|E,S). Putting everything together we obtain
H(S*|Y,A) —log2 < H(S*|E, S) (3.41)
— Pr[E = 1]H(S*|E =1,5) + Pr[E = 0|H(S*|E =0,5)  (3.42)

Since the uniform distribution maximizes the entropy of S*,
H(S*|E =1,8) < log (Z) (3.43)

Also, since the distortion measure d(-, ) corresponds to the maximum of the two detection
error rates, we may assume without any loss of generality that S has cardinality k. Therefore,
a simple counting argument gives

. . DR RN (= k
nsie=0.9) e 52 (5)("4)) )

=0
Plugging (3.43) and (3.44) back into (3.42), multiplying the expression by negative one, and
adding H(S*) = log (Z) to each side gives:

I(S*[Y,A) +1og2 > (1 Pr[E = 1)) llog <Z> — log < % @) <n , k))] (3.45)

=0

Solving for Pr[E = 1] completes the proof. O
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The next step in the proof is to verify that the right hand side of (3.38) is bounded away
from zero for all sequences of problems obeying the assumptions of Theorem 3.1. For each
problem of size n, let & = [kn] where the dependence on n is implicit. Using Stirling’s
approximation [14, Lemma 17.5.1], it is straight forward to verify that

(B

where R(D; k) is given in (3.5).
Combining (3.38) and (3.46) it follows that a distortion D is not achievable if
1
lim sup E[(S*; Y, A) < R(D; k). (3.47)

The remainder of the proof is dedicated to upper bounding the left hand side of (3.47).
Starting with the chain rule for mutual information, we have

[(5%Y,A) = I(S*: Y|A) + I(S*; A) (3.48)
— I(S*;Y|A) (3.49)
< I(X;Y|A) (3.50)

where (3.49) follows from the independence of Assumption M3 and (3.50) follows from the
data processing inequality and the fact that S* — X — Y forms a Markov chain.
Next, we can write

I(X;Y|A = A) = I[(X; AX 4 snr™1/2W) (3.51)
= I(X - E[X]; A(X — E[X]) + snr/?W) (3.52)
< max [(AZ; AZ + snr/2W) (3.53)

where the maximum is over all n-dimensional random vectors Z obeying the power constraint
E[ZZ"] = E[(X - E[X])(X — E[X))"]| = Vi L. (3.54)

It is well known (see e.g. [14]) that the maximum of (3.53) is attained when the entries of Z
are i.i.d. (0, Vx), and thus we obtain

1
I(X;Y[A=A)< 5 log det(Lxm + snrVy AAT). (3.55)

By the concavity of the log determinant, Hadamard’s inequality, and Jensen’s inequality
we can bound the expectation of (3.55) with respect to a random matrix A obeying the
normalization of Assumption M3 as follows:

1 1
E| 5 log det( Lo + snr VXAAT)] < 5 logdet (Imm + snr VxE[AAT)) (3.56)

_m
2

log(1 4 snrVx). (3.57)
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Alternatively, starting with Sylvester’s determinant theorem, we have

1 1
| log det(Lyxp, + snr VXAAT)] _ Eb log det (I, ., + snr VXATA)] (3.58)
1
< log det (T + snrVyE[ATA]) (3.59)
n m
=3 log (1 + ESNVX)' (3.60)
Combining (3.55), (3.57), and (3.60) gives
I(X;Y|A) < (% log(1 + snrVy), g log (1 + @snrvX», (3.61)
n
and hence
S B min(1, p)
lim sup EI(S Y, A) < — log (1 + max(1, p)Vyx snr), (3.62)

for any sequence of matrices obeying Assumptions M1-M3. Combining (3.47) and (3.62)
completes the proof of Theorem 3.1.

3.5.2 Proof of Theorem 3.2

This proof is based on a genie argument. Suppose that a genie provides the recovery al-
gorithm with the pair (G, Xg) where G is a subset of the sparsity pattern S* and X is a
|G|-dimensional vector corresponding to the entries of X indexed by G. Given this extra
information, the recovery algorithm must then determine which of the remaining unknown
entries {X; : i ¢ G} are nonzero. Clearly, any lower bound on the achievable distortion D
in the genie-aided setting is also a lower bound on the achievable distortion in the original
setting.

In the following sections, we first describe how the genie selects the index set G. We then
show that the resulting recovery problem is equivalent to the original recovery problem with
altered parameters.

Genie Selection Strategy

The set G is constructed as follows: each index ¢ = 1,2,--- ,n is reported, independently
of the other indices, with probability ¢(X;) where the function 0 < g(z) < 1 is chosen such
that

Pr[X; <t| i is not reported] = Pr[Z <]

where Z ~ pz. In words, the genie “prunes” the entries of X in a way such that the unre-
ported entries are marginally distributed according to the distribution p;. By the constraints
(3.8) and (3.9) it can be verified that the function ¢(x) exists and that ¢(0) = 0.
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We now make several observations. First, since ¢(0) = 0, only nonzero entries are reported
and so G C S§*. Second, since the indices are selected independently, the remaining nonzero
entries {X; : i € S*\G} are i.i.d. according to the nonzero part of pz. Finally, conditioned
on the cardinality |G|, the set S*\G is distributed uniformly over all subsets of [n]\G of size
157 =G

As a consequence of the above observations, the sequence of vectors corresponding to
X\ satisfies Assumptions SS1-SS2 with distribution pz. Moreover, if we let Y denote the
measurements corresponding to the vector X|,)\¢ and measurement matrix Ap,\g, i.e.

~ 1
Y = Appnae X, —W, 3.63
R e T 7 (3.63)
then it is straightforward to show that an appropriately normalized version of the mea-
surement model given by (3.63) obeys Assumptions MM1-MM3 with sampling rate p and
signal-to-noise ratio snr.

Lower Bound on Genie-Aided Recovery

We now derive a necessary condition for recovery in the genie-aided setting. We begin with
the following key fact: if the set GG is chosen according to the selection strategy outlined
above, the tuple (Y, A, G) is a sufficient statistic for estimation of S*. To see why, observe
that

I1(SY,A, G, Xg) = I(SY — AgXg, A, G, Xg) (3.64)
= I(S;Y,A, G, Xg) (3.65)
=I(SY,A,G)+ I(5; XY, A, Q) (3.66)
= I(5;Y,A,G) (3.67)

where: (3.65) follow from the definition of Y; (3.66) follows from the chain rule for mutual
information; and (3.66) follows from the fact that S* and X are conditionally independent
given the pair (Y, A, G).

Let S denote the optimal estimate of the sparsity pattern in the genie-aided setting
(i.e. the sparsity pattern estimate that minimizes the error probability). By the arguments
above, we know that

S* — (Y,A,G)— S (3.68)

forms a Markov chain. Also, by the optimality of S and the fact that distortion measure
d(-,-) corresponds to the maximum of the two detection error rates, it can also be shown
that S contains the set G and has the same cardinality as S*. Therefore, the sparsity pattern
distortion can be expressed as

15"~ 1G]

d(s*,8) = ( &

)d(S*\G, Q). (3.69)
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Note that

) |S*\—\G|)_<1—nx)< Kz )
"h_’nolo ( |S*| - Rx 1 — Rz (37())

almost surely under Assumptions SS1-SS2.

We now arrive at the crux of the argument. Suppose that the distortion D is not achiev-
able for the tuple (p, pz,snr). By (3.68) and the fact that the observation model given in
(3.63) corresponds to the tuple (g, pz, snr), it follows that the error probability

Pr[d(S*\G, S\G) > D]

corresponding to the genie-aided setting is bounded away from zero for all n. By (3.69) and
(3.70), it then follows that the distortion D is not achievable for the tuple (p, px,snr). This
concludes the proof of Theorem 3.2.

3.5.3 Proof of Theorem 3.4

One weakness of the proof of Theorem 3.1 is that the data processing inequality used to
upper bound the mutual information I(S*;Y|A) in (3.50) is not tight. In this proof, we
derive a stronger upper bound that takes into account the fact that values of the nonzero
elements are unknown. We assume throughout the proof that the nonzero entropy power
Ny is strictly positive.

Using the chain rule for mutual information, /(A, S*; Y|A) can be written two ways as

I(S*", X, Y[A) =1(S"Y|A) + (X, Y[S™, A)
=I(X;Y,A)+I(S"Y X, A).

Since S — X — (Y, A) forms a Markov chain, 1(S*;Y|X, A) is equal to zero and
I(S%Y|A) =I(X;Y|A) — I(X;Y[|S*, A). (3.71)

Conceptually, term I(X;Y|S*, A) quantifies the amount of I(X;Y]|A) that is “used up”
describing the values of the nonzero elements, and hence cannot contribute to estimation of
the sparsity pattern.

Following the proof of Theorem 3.1, the first term on the right hand side of (3.71) can
be upper bounded as

1
I(X;Y|A) < §E{log det (T + sanXAAT)] (3.72)

where the expectation is taken with respect to the random matrix A.
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To deal with the second term on the right hand side of (3.71) we first consider the case
m < k. If we let

N(Z) = 2—71“6 exp (%h(Z)) (3.73)

denote the entropy power of an m-dimensional random vector Z, then it follows straightfor-
wardly that

[(X:Y[S* = S, A = A) = [(Xg; snrAsXs + W) (3.74)
— h(VsnrAsXs + W) — h(vsnrAgXs + W|Xs) (3.75)
- % log (2me N(VsnrAsXs + W)) — % log(2re) (3.76)
- % log (N (v/snrAsXs + W)). (3.77)
Using two applications of the entropy power inequality (see e.g. [14]) we can write
N(vsnrAsXs + W) < N(vsnrAdsXg) + N(W) (3.78)
< snr (%) det(AgAL)/™ 41, (3.79)

where Ny = rN(X;|i € S*) denotes the nonzero entropy power of px. Note that the
assumption m < k is critical here since the determinant AgA% is equal to zero for all m < k.
Plugging (3.79) back into (3.77) leads to

I(X;Y|S* A) > %E[log (1 +snrNy k! det(AS*Afg*)l/m)} (3.80)

where the expectation is with respect to the random matrix Ag-.
Next we consider the case m > k. If the matrix Ag is full rank and we let Al denote its
Moore-Penrose pseudoinverse, we can write

I(X;Y|S* =S5, A = A) = I(Xg; VsnrXg + ALW) (3.81)
— h(y/snrXg 4+ ALW) — h(y/snrXg + ALW|X) (3.82)
_ glog (N(v/omrXs + ALW)) + % logdet(ATAg)  (3.83)
_ g log (1 -+ snr Ny " det (AT AT) /%) (3.84)

where (3.84) follows again from the entropy power inequality. Thus, we obtain
k
I(X;Y|S* A) > EE[log (1 +snr Ny k! det(Ag;AS*)l/’f)], (3.85)

where the expectation is with respect to the random matrix Ag-.
To characterize the asymptotic behavior of the bounds in (3.72), (3.80), and (3.85), we
use the following results from random matrix theory.
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Lemma 3.3. [76] Let A denote an m x n random matriz whose entries are i.i.d. with mean
zero and variance 1/n. If m/n — r as n — oo, then

1
lim — log det (Ime + WAAT) =V(r,7) (3.86)

n—oo n
almost surely where V(r,~) is given by (3.18).

Lemma 3.4. [63] Let A denote an m xn random matric whose entries are i.i.d. with mean
zero and variance 1/n. If m/n — r as n — oo, then

m 1 1/r—1 1
lim (det(AA"))"" = (1 ) =) ifr<1 (3.87)
n—00 —r e
n r—ll
lim (det(ATA))"" = < r 1) -, ifr>1 (3.88)
n—oo Ir J—

almost surely.

Combining Lemma 3.3 with the upper bound (3.72) leads immediately to

1
limsup —I(X;Y|A) <

n—oo T

V(p, Vx snr). (3.89)

N —

Similarly, combining Lemma 3.4 with the lower bounds (3.80) and (3.85) leads to

1 1
liminf —I(X;Y|A) > iKVLB(p/K, Nx snr) (3.90)

n—oeo n

where V1 p(r, ) is given by (3.20). Plugging these limits back into (3.71) and (3.47) completes
the proof of Theorem 3.4
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Chapter 4

Analysis of the Sampling
Rate-Distortion Function

In this chapter, we show how the bounds on the sampling rate-distortion functions given
Chapters 2 and 3 depend on the desired distortion D, the SNR, and various properties of
the distribution px. We provide illustrations of the bounds and we characterize problem
regimes in which the behavior of the algorithms is near-optimal and other regimes in which
the behavior is highly suboptimal.

4.1 Preliminaries

4.1.1 Signal Classes

Following the problem formulation outlined in Section 1.4.2, a class of signals can be char-
acterized by a class of limiting distributions Px C P(k) where P(k) is the class of all
distributions with second moment equal to one and probability mass 1 — k at zero. To
facilitate our analysis in the following sections, we introduce the following three classes:

e Bounded: We use Ppounded (K, B) to denote the class of all distributions px € P(k)
such that
Pr[|X| < B|X #0] =0

for some lower bound B > 0. Due to the second moment constraint, the lower bound
B cannot exceed 1//k.

e Polynomial Decay: We use Ppoy.(k, L, T) to denote the class of all distributions py €

P(k) such that
Pr[|X] < #|X # 0]

lim =T
z—0 Qj‘L

for some polynomial decay rate L > 0 and limiting constant 7 € (0, 00).
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e Bernoulli-Gaussian: We say that a distribution px is Bernoulli-Gaussian with sparsity
r if the nonzero part of px is zero-mean Gaussian, i.e. if

X 0, with probability 1 — x
N(0,2),  with probability £

The bounded class corresponds to the setting where the nonzero entries in x have a
fixed lower bound B on their magnitudes, independent of the vector length n. By contrast,
the polynomial decay class corresponds to the setting where the magnitude of the [5k]’th
smallest nonzero entry is proportional to 3'/% for small 5. Note that in the case of polynomial
decay, a vanishing fraction of the nonzero entries are tending to zero as the vector length n
becomes large.

The Bernoulli-Gaussian distribution is an example of a distribution with polynomial

decay rate L = 1 and limiting constant 7 = {/2/(7k).

4.1.2 TIllustrations

In the following sections we provide illustrations of the bounds derived in Chapters 2 and 3
corresponding to either the Bernoulli-Gaussian distribution or the class of bounded distribu-
tions Ppounded (K, B) with lower bound B = ,/0.2/k. Note that this choice of B means that
the nonzero entries in x are lower bounded in squared magnitude by 20% of their average
power.

The bounds corresponding to the Bernoulli-Gaussian distribution are optimized as a
function of the relevant parameters. For the AMP-MMSE and MMSE bounds, this means
that the true distribution px is used to define the conditional expectations. For the AMP-
ST bound, this means that the threshold « is chosen to either minimize the distortion as a
function of the sampling rate or to minimize the sampling rate as a function of the distortion.

In order to derive uniform bounds for the class of bounded distributions Pgounded (k, B),
it is necessary to consider the worst-case distribution in the class. For the ML and linear
estimators, these bounds are obtained straightforwardly by lower bounding the functions
P(D;px) and o3, (D;px) (see Proposition 4.5 below). For the AMP-ST we obtain a
uniform bound by replacing the noise sensitivity M(o? a;px) in Theorem 2.6 with the
upper bound M*(c?, a, k) given in Section 4.9, and then optimizing the resulting expression
as a function of the threshold «. Uniform bounds corresponding to the AMP-MMSE and
MMSE cannot be derived using the results in this thesis, since these estimators depend on
the true underlying distribution py.

In all illustrations, the lower bound is given by Theorem 3.5 from Chapter 3. We note that
this bound the performance of the optimal recovery algorithm under Assumptions M1-M4.

All illustrations correspond to a sampling rate of x = 10*. The qualitative behavior of the
bounds does not change significantly for sparsity rates within several orders of magnitude of
this value.
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4.2 Sampling Rate versus SNR

We begin our analysis of the bounds by studying the tradeoff between sampling rate and
SNR. For a given recovery algorithm ALG, we use p**%) to denote the infinite SNR limit
of the sampling rate-distortion function:

ALG . ALG
pot? = lim pAte. (4.1)
This limit is a function of the pair (D,px) and may be interpreted as the sampling rate
required in the absence of noise.

For the ML estimator, the infinite SNR limit of the upper bound in Theorem 2.1 is given
by the sparsity rate k, regardless of the distribution py and distortion D. Since it can be
shown that the ML estimate is equivalent to random guessing whenever p < k, we thus
conclude that the infinite SNR limit of p™™) is given explicitly by the piecewise constant
function

* 0, fD>1-—x«

An upper bound on the rate at which p®™% approaches its infinite SNR limit is given by
the following result. The proof follows directly from the analysis of Theorem 2.1 given in
Section 4.8.1.

Proposition 4.1. For any nonzero distortion D and distribution px, there exists a constant
C such that

(ML) < o 4 ¢ (4.3)

P - log(1 +snr)’

The following result is a consequence of Corollary 3.6 and shows that, under some ad-
ditional assumptions on the pair (D, py), Proposition 4.1 is tight, in a scaling sense, with
respect to the SNR.

Proposition 4.2. Suppose that px can be expressed as
px = (1 — K)o + wepx. + (k — we) Px, (4.4)

where X, is continuous with finite differential entropy h(X,.) and X, is discrete. Let D < 1—k
be any distortion that satisfies

2Hy(K.) — 2H<§CD; KJC) > k. log <E[Xf] ]:IF)C((CI;E[XC]>2> + (1 — k) log (

) (4.5)

_l‘ic
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where k. = w./(1 — kK + w.) and N(X.) = (2me) ' exp(2h(X.)). Then, under Assumptions
S1-S2 and M1-M}, there exists a constant C' such that

C
p > we+
log(

1+ snr) (46)

18 a necessary condition for any recovery algorithm.

Note that the constant w. in Proposition 4.2 is equal to the sparsity rate x whenever
the nonzero part of px is absolutely continuous with respect to Lebesgue measure. When
this occurs, Propositions 4.1 and 4.2 characterize the fundamental behavior of the recovery
problem for any distortion D satisfying (4.5).

For the linear and AMP estimators, it is straightforward to show that the infinite SNR
limits can be expressed as

1
p) = 2 (4.7)
1
(LMMSE) _ 48
pOMPST) = M(0®, o, p) (4.9)
(AMP-MMSE) _ g mmse(7; px ) (4.10)
T>02 T

where 0* = 02,,,(D;px). By comparison with the ML limit, we see that each of these
algorithms is strictly suboptimal at high SNR whenever its limit exceeds the sparsity rate .

For the MMSE estimator, the infinite SNR limit of the sampling rate predicted by the
replica method in Theorem 2.7 is characterized by the infinite SNR limit of the noise power
7% given in (2.37). It is easy to check that this limit is always less than or equal to k, and
thus the predicted MMSE infinite SNR limit is upper bounded by the ML infinite SNR limit.

The rate at which the achievable sampling rates converge to their infinite SNR limits
is illustrated in Fig 4.1 for the Bernoulli-Gaussian distribution. The relative tightness of
the ML upper bound and the information-theoretic lower bound from Chapter 3 provides
rigorous verification of the MMSE behavior derived heuristically using the replica method.
Moreover, as the SNR becomes large, the bounds corresponding to the AMP and linear
estimate are significantly greater than the ML bounds, thus indicating that these methods
are highly suboptimal at high SNR.

In Fig. 4.2, the infinite SNR limits corresponding to the Bernoulli-Gaussian distribution
are shown as a function of the distortion. For this distribution, the MMSE limit is equal to
the minimum of the ML and AMP-MMSE limits. When the distortion is relatively small
(i.e. less than & 0.9), the limits for ML, MMSE, and the information-theoretic lower bound
are equal to the sparsity rate k. When the distortion is relatively large, all of the bounds
except for the ML bound converge to zero. If the goal is to minimize the distortion D as
a function of the sampling rate p, then this behavior shows that ML is strictly suboptimal
whenever the sampling rate p is strictly less than the sparsity rate .
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Figure 4.1: Bounds on the achievable sampling rate p as a function of the SNR when the
nonzero entries are i.i.d. zero-mean Gaussian and the sparsity rate is xk = 1074,
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Figure 4.2: Bounds on the infinite SNR limit of the achievable sampling rate p as a function
of the distortion D when the nonzero entries are i.i.d. zero-mean Gaussian and the sparsity
rate is k = 107*. The right panel highlights the large distortion behavior.
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4.3 Stability Thresholds

For a given recovery algorithm ALG, we define the stability threshold as follows:

ALG) — lim  lim pAL9), (4.11)

@ D—0 SNr—oo

This threshold is a function of the distribution px and may be interpreted as the sampling
rate required for exact recovery in the absence of noise. For future reference, its significance
is summarized in the following result.

Proposition 4.3. Consider a fized recovery algorithm ALG and distribution px with stability
threshold oAL9) .

(a) If p > oALD | then recovery is stable in the sense that the distortion D can be made
arbitrarily small by increasing the SNR.

(b) If p < oL then there exists a fived lower bound on the achievable distortion D,
regardless of the SNR.

Proof. This result follows immediately from the definition of the sampling rate-distortion
function and the definition of the stability threshold in (4.11). O

Starting with the infinite SNR limits given in Section 4.2, it is straightforward to show
that the stability thresholds of the recovery algorithms studied in Chapter 2 are given by

oMY — g (4.12)

oMP) = oo (4.13)
oLMMSE) — (4.14)
oMMPST) — Ao(a, k) (4.15)
Q(AMP-MMSE) _ 1y mmse(7; px) (4.16)

>0 T

where My(a, k) is given by Eq. (4.72) in Section 4.9.

The ML stability threshold corresponds to the well known fact that m = k + 1 random
linear projections are, with probability one, sufficient to recover an arbitrary k-sparse vector.
The LMMSE stability threshold corresponds to the fact that m = n linearly independent
projections are sufficient to recover an arbitrary vector of length n. The AMP-ST stability
threshold, which depends only on the sparsity rate of the distribution px, has been studied
previously in [22] where it is shown that min, M (a, k) corresponds to the ¢, /¢y equivalence
threshold of Donoho and Tanner [19]. The AMP-MMSE threshold has, to the best of our
knowledge, not been studied previously.
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Starting with Proposition 4.2, it can also be shown that the stability threshold of the
optimal recovery algorithm is lower bounded by

Q(Lowcr Bnd.) _ We (417>

for any distribution px for which the strict inequality in (4.5) holds with D = 0. In many
cases, this lower bound is equal to the sparsity rate k.

Finally, using the analysis of the MMSE bound provided in Section 4.8.2, it can be shown
that the stability threshold of the MMSE estimator, as predicted by the replica method, is
given by

mmse(T;
Q(MMSE) — lim (7;px)
T—0 T

(4.18)

when the limit exists. The right hand side of (4.18) is referred to as the MMSE dimension
of the distribution px by the authors in [82], and it is equal to the weight on the continuous
part of px whenever px is a purely continuous-discrete mixture.

In Fig. 4.2, the stability thresholds corresponding to the Bernoulli-Gaussian distribution
correspond to the zero distortion limit (i.e. the intersection with the y-axis).

4.4 Distortion versus Sampling Rate

We now turn our attention to the tradeoff between the achievable distortion and the sampling
rate. We begin with a precise characterization of the low-distortion behavior.

Proposition 4.4. The low-distortion behavior corresponding to a fized pair (snr,px) is given

by
. P(D;px) . 2 1
lim (=t ) p(ME-UB) ( )— 4.19
Dn—n>0<H(D;/€) P 3 —/8/snr (4.19)
1
L2 (MF) _
lim g0, (D, px) p i (4.20)
1
L2 (ALG) _
11)11_1}0 angn(D?pX) p snr (421)

where (4.21) holds for the LMMSE, AMP-MMSE, AMP-ST, and MMSE recovery algorithms.

Proof. The limits corresponding to the ML and MMSE estimators are proved in Appen-
dices 4.8.1 and 4.8.2 respectively. The limits corresponding to the linear estimators follow
immediately from the fact that o2, (D,px) — 0 as D — 0. For the AMP-ST estimator, we
use the additional fact that the noise sensitivity M(o?, o, px) is bounded (see Section 4.9)
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and hence o2 M (0% a,px) — 0 as 0> — 0. For the AMP-MMSE estimator, we use the
bound

1 mmse(T; px)
2. AMP-MMSE 2/1).  PX
o*(D;px)p' ) — —| < o*(D;px) sup § ————= (4.22)
snr >0 T
and note that the right hand side of (4.22) becomes arbitrarily small as D — 0. U
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Figure 4.3: Bounds on the achievable distortion D as a function of the sampling rate p when
the nonzero entries are lower bounded in squared magnitude by 20% of their average power,
but are otherwise arbitrary and the sparsity rate is x = 107*. The MF bound is comparable
to the LMMSE bound and is not shown.

In words, Proposition 4.4 says that as the desired distortion D becomes small, the ML
upper bound is inversely proportional to the ratio P(D; px)/H(D; k) whereas the low distor-
tion behavior of the remaining bounds is inversely proportional to the function agwgn(D; Px)-
The behavior of these terms is characterized for the bounded and polynomial decay signal
classes in the following results.

Proposition 4.5 (Bounded). If px € Ppoundea(k, B), then

P(D;px) B’

H(D; k) - 2[log (1/D) + 1+ log (I_T“)] (4.23)
and

T g (D3 Dx) B (4.24)

= 3llog(1/D) + log(5)]
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Figure 4.4: Bounds on the achievable distortion D as a function of the sampling rate p when
the nonzero entries are i.i.d. zero-mean Gaussian and the sparsity rate is x = 107, The MF
bound is comparable to the LMMSE bound and is not shown.

Proposition 4.6 (Polynomial Decay). If px € Ppoy. (K, L, T), then
log(1/D)\ P(D; -2/L

D=0\ D2?/L H(D;k)  2(1+2/L)
and
. log(1/D)\ , T2k
[l)lln)o <W Oawgn(D; pX) = 2 (426)

The proofs of Propositions 4.5 and 4.6 are given in Appendices 4.8.3 and 4.8.4 respectively.
One way to interpret these results is to think of the achievable distortion as a function
of the sampling rate p. For a given tuple (p, px,snr) and recovery algorithm ALG, we use
DWMLG) 6 denote the smallest achievable distortion, i.e.
DWES) —inf{D >0 : D is achievable}. (4.27)
An upper bound on the rate at which DG decreases as the sampling rate becomes large
is given in the following result, which is an immediate consequence of Propositions 4.4, 4.5,
and 4.6.

Proposition 4.7. Consider a fized pair (snr,px), and let ALG denote one of the ML, MF,
LMMSE, AMP-MMSE, AMP-ST, MMSE recovery algorithms.

(a) If px € PBoundea(k, B) then there exists a constant C' such that
DWULE) < exp(—C p) (4.28)

for all sampling rates p > 0.
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(b) If px € Ppoi,. (K, L, T) then there exists a constant C' such that

1 2/L 1

for all sampling rates p > 0.

Proposition 4.7 shows that the low-distortion behavior depends critically on the behavior
of the distribution px around the point x = 0. If the nonzero part of the distribution is
bounded away from zero, then the distortion decays exponentially rapidly with the sampling
rate. Conversely, if the nonzero part of px has a polynomial decay rate L > 0, then the dis-
tortion decays polynomially rapidly with the sampling rate, with an exponent that converges
to L/2.

Using Corollary 3.3, it can be shown that the scaling behavior in Proposition 4.7 is optimal
in the sense that, up to constants, no recovery algorithm can do any better. Consequently,
each of the algorithms presented in this Chapter 2 is optimal in a scaling sense as the SNR
becomes large whenever the sampling rate is strictly greater than the stability threshold.

The behavior of the achievable distortion D as a function of the sampling rate p is
illustrated in Fig. 4.3 for the class of bounded distributions Pgoundea (K, B) with B = 1/0.2/k.
In accordance with part (a) of Proposition 4.7, the LMMSE bound decays exponentially
rapidly as a function the sampling rate. The same scaling behavior also occurs for the ML
and AMP-ST bounds as well as the lower bound from Chapter 3. However, due to the
relatively large SNR, this behavior occurs only for distortions much less than 107% and is
therefore not visible in the range of distortions plotted in Fig. 4.3.

For comparison, the same behavior is illustrated in Fig. 4.4 for a Bernoulli-Gaussian
distribution which has decay rate L = 1. In accordance with part (b) of Proposition 4.7, the
distortion decays polynomially with rate 1/2. Interestingly, the AMP-MMSE and AMP-ST
bounds converge to the MMSE bound, and are within a constant factor ~ 1.18 of the lower
bound. This behavior shows that these algorithms are near-optimal when the sampling rate
is relatively large. We suspect that the gap between these algorithms and the ML upper
bound is due primarily to looseness in our bounding technique.

4.5 Distortion versus SNR

The previous section showed that computationally efficient algorithms can be near-optimal
when the sampling rate is large. In the context of compressed sensing, a more interesting
question is whether or not these same algorithms can be near-optimal when the sampling rate
is fixed, and much less than one. In this section, we show that the answer to this question is
‘ves’, provided that the sampling rate is strictly greater than the stability threshold of the
algorithm.
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For a given tuple (D, p,px) and recovery algorithm ALG, we let snriA*®) denote the
infimum over all snr > 0 such that D is achievable, i.e.

snrALG) — inf{snr > 0 : D is achievable}.
The following result characterizes the low-distortion behavior with respect to the SNR.

Proposition 4.8. The low-distortion behavior corresponding to a fized pair (p,px) is given

by
tim (o2 sttt — ) 430
D1£n>0<H(D;f<a) bl 3—V8/p—k (4.30)
if p> K, and
1
L2 ALG) _
ll)H_l}Oangn(DmX) snrA4F€) — ) — oALG) (4.31)

if p > oY where (4.31) holds for the LMMSE, AMP-MMSE, AMP-ST, and MMSE

recovery algorithms.

Proof. The limits corresponding to the ML and MMSE recovery algorithms are proved in
Appendices 4.8.1 and 4.8.2 respectively. The limits corresponding to the LMMSE and AMP
recovery algorithms follow straightforwardly along the same lines as the proof of Proposi-
tion 4.4. O

Proposition 4.8 is analogous to Proposition 4.4 except that it is valid only if the sampling
rate p exceeds the stability threshold. The reason that Proposition 4.8 does not provide a
bound for the MF estimator is that the stability threshold of the MF estimator is infinite,
and thus the corresponding limit in (4.31) is not defined.

Combining Proposition 4.8 with Propositions 4.5 and 4.6 leads to the following result,
which bounds the rate at which DAG) decreases as the SNR becomes large.

Proposition 4.9. Consider a fized pair (p, px), and let ALG denote one of the ML, LMMSE,
AMP-MMSE, AMP-ST, MMSE recovery algorithms.

(a) If px € Pounded(, B) and p > oA | then there exists a constant C such that
DMLY < exp(—C'snr) (4.32)
for all snr > 0.

(b) If px € Ppoyy.(k, L, T) and p > oL | then there exists a constant C such that

1 2/L 1

for all snr > 0.
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Figure 4.5: Bounds on the achievable distortion D as a function of the SNR for three different
sampling rates p when the nonzero entries are lower bounded in squared magnitude by 20%

of their average power, but are otherwise arbitrary and the sparsity rate is K = 107%. The
MF bound is comparable to the LMMSE bound and is not shown.
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Figure 4.6: Bounds on the achievable distortion D as a function of the SNR for three different
sampling rates p when the nonzero entries are i.i.d. zero-mean Gaussian and the sparsity rate
is K = 10~%. The MF bound is comparable to the LMMSE bound and is not shown.
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Using Corollary 3.3 in Chapter 3, it can be shown that the scaling behavior in Propo-
sition 4.9 is optimal in the sense that, up to constants, no recovery algorithm can do any
better. Consequently, each of the algorithms presented in this Chapter 2 (except for the MF
estimator) is optimal in a scaling sense as the SNR becomes large whenever the sampling
rate is strictly greater than the stability threshold.

The behavior of the achievable distortion DAL as a function of the SNR is illus-
trated in Fig. 4.5 for three different sampling rates p and the class of bounded distributions

PBounded (K, B) with B = ,/0.2/k. In the left panel, the sampling rate is greater than o™

but less than oAMP-ST) and o(MMSE) - T accordance with part (a) of Proposition 4.9, the
ML distortion decays exponentially rapidly whereas the AMP-ST and LMMSE distortions
are bounded away from zero. In the second panel, the sampling rate is greater than o™
and oMP-ST) byt less than o™MMSE) “and hence the AMP-ST distortion also decays expo-
nentially rapidly. In the third panel, p is relatively large but still less than o™MSE)  Thys,
even though the LMMSE distortion is less than it was before, it is still bounded away from
zZero.

For comparison, the same behavior is illustrated in Fig. 4.6 for a Bernoulli-Gaussian dis-
tribution which has decay rate L = 1. In accordance with part (b) of Proposition 4.9, the
distortion of each algorithm decays polynomially with rate 1/2 whenever the sampling rate
is greater than the stability threshold of the algorithm. It is interesting to note that the
relatively small difference in sampling rates between the left and middle panels marks the
boundary between the setting where all of the computationally feasible algorithms studied
in this Chapter 2 are highly suboptimal and the setting where the distortion of the compu-
tationally feasible AMP-MMSE algorithm, is within a constant factor ~ 1.75 of the lower
bound.

4.6 Rate-Sharing Matrices

All of the bounds presented in Chapter 2 assume that the measurement matrix A has i.i.d.
entires (Assumption M4). A natural question then, is whether relaxing this assumption
can lead to better performance. Interestingly, the answer to this question can be ‘yes’. In
this section, we show that certain rate-sharing matrices can achieve points in the sampling
rate-distortion region that are impossible using i.i.d. matrices.

The concept of rate-sharing is analogous to the idea of time-sharing in communications
and can be summarized as follows. By using an appropriately constructed block-diagonal
measurement matrix it is possible to separate the recovery problem into two subproblems,
each of which is statistically identical to the original problem. By assigning different sampling
rates to each of the subproblems and then combining the resulting sparsity pattern estimates,
it is possible to achieve an effective sampling rate-distortion pair (p, D) that is a linear
combination of the sampling rate-distortion pairs for each of the subproblems.
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Construction of a rate-sharing matrix: For a fixed pair (snr,px) and recovery algo-
rithm ALG, let (p1, D1) and (pa, D3) be two achievable sampling rate-distortion pairs. Let
{A1(n)}n>1 and {As(n)},>1 be sequences of measurement matrices obeying Assumptions
M1-M3 that achieve these rates. Then, for any A € [0, 1], a sequence of rate-sharing matrices
is given by

_ AL ([An]) 0
A(n) = [ 0 As(n— A n})] P(n) (4.34)

where 0 denotes a matrix of zeros and P(n) is a random matrix distributed uniformly over
the set of n x n permutation matrices.

Recovery using a rate-sharing matrix: For a problem of size n, the measurements Y
made using the rate-sharing matrix A can be expressed as

Y| [A o][X, LW
Yg - 0 A2 Xg W2
where X = [Xl, XQ]T = Px corresponds to a random permutation of the entries in x. To

recover the sparsity pattern of x from these measurements, the recovery algorithm performs
the following two steps:

(1) Individually estimate the sparsity patterns of X; and X, assuming a sparsity rate of &
for each vector.

(2) Use these estimates to produce an estimate S of the sparsity pattern of x.

Proposition 4.10 (Rate-Sharing). For a fized pair (snr, px) and algorithm ALG, let (p1, D1)
and (p2, D2) be two achievable sampling rate-distortion pairs. Then, for any parameter A €
[0, 1], the sampling rate-distortion pair (p, D) given by
p=2Ap1+(1—=A)p2 (4.35)
D=AD;+ (1 —=X)Ds (4.36)

15 achievable using the rate-sharing strategy outlined above.
Proof. Based on the assumptions on A;(n) and Ay(n) and the fact that
1AM = [ALTARDIE + | Ax(n — [An])I[,

it is straightforward to verify that the sequence of rate-sharing matrices {A(n)},>1 defined
by (4.34) satisfies Assumptions M1-M3 with sampling rate p = Ap; + (1 — A) 2.

The next step is to verify that the distortion D is achievable. Since each permutation
P(n) is independent of the vector x(n), the random sequences {X;(n)}p>1 and {Xs(n) bns1
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obey Assumptions S1-S3 with probability one. Since the pairs (p1, D1) and (po, Do) are
achievable, it thus follows that the distortions D; and D, are achievable for the individual
sparsity pattern estimates made in step (1).

Now, for a given problem of size n, let ST, S, S5, S, denote the true and estimated
sparsity patterns corresponding to the vectors X; and X,, and let S* and S denote the true
and estimated sparsity pattern of x. As a simple exercise, it can be verified that

d(S*,8) < A\d(SE,51) 4 (1 — N\o)d(S%, S2)
where .
_ magx(\Si*HSl\) -
max (| ST, [S1]) + max(]S5], [Sa])

Using the arguments outlined above, it can then be verified that A\, — X\ almost surely as
n — 0o, and thus we conclude that the distortion D = AD; + (1 — X\)Ds is achievable. [

As an immediate consequence of Proposition 4.10, we have the following result.

Corollary 4.1. For a fized pair (snr,px) and algorithm ALG the sampling rate-distortion
function is a convexr function of the distortion D.

By comparing the convexified versions of the achievable bounds in Chapter 2 with the
lower bounds developed in Chapter 3 for matrices obeying Assumptions M1-M4, it can be
verified that there are cases where rate-sharing (even with a potentially suboptimal recovery
algorithm) is strictly better than using an i.i.d. matrix and the optimal recovery algorithm.
This difference is most dramatic in the high SNR setting when the sampling rate is relatively
small compared to the sparsity rate.

4.7 Discussion of Bounds

In this section, we review the main contributions Chapters 1-3 and discuss various implica-
tions of our analysis.

4.7.1 Fundamental Behavior of Sparsity Pattern Recovery

The achievable bounds derived in Chapter 2, in conjunction with the information-theoretic
lower bounds in Chapter 3 characterize the fundamental limit of what cannot be recovered
in presence of noise. A major technical contribution of this Chapter 2 is the upper bound on
the sampling rate-distortion function for the maximum likelihood estimator (Theorem 2.1).
To our knowledge, this is the only achievable bound in the literature that converges to the
noiseless limit as the SNR becomes large and correctly characterizes the high SNR behavior.

Our bounds show that the tradeoffs between the sampling rate p, the distortion D, and
the SNR can be characterized in terms of several key properties of the limiting distribution
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px. Roughly speaking, the high-SNR behavior is characterized by the differential entropy of
the nonzero part of px whereas the low-distortion behavior is characterized by the behavior
of the distribution around the point £ = 0. These dependencies can be summarized as
follows:

e High-SNR Behavior: If the nonzero part of px has a relatively large differential entropy,
then the tradeoff between sampling rate and SNR is given by

C
log(snr)

P~ K+

o Low-SNR Behavior: If the nonzero part of px has a polynomial decay L, then the
tradeoff between sampling rate and distortion is given by

prC-(35)" " log(3),
and the tradeoff between SNR and distortion is given by
snra C - (5) log(L) if p>k,

where the condition p > k is necessary if the nonzero part of px has a relatively large
differential entropy. Note that L = 0 if the nonzero part of py is bounded away from
zZero.

The high-SNR behavior of the bounds is illustrated in Figures 1.1, 4.1, and 4.2. The
low-distortion behavior is illustrated in Figures 4.3, 4.4, 4.5, and 4.6.

4.7.2 Near-Optimality of Efficient Algorithms

From a practical standpoint, a key question is whether or not a particular computationally
efficient algorithm is near-optimal. A positive answer to this question means that more
complicated algorithms are unnecessary. A negative answer, however, suggests that it is
worth investing resources in the design and implementation of better algorithms.

In the absence of measurement noise, the tradeoffs for existing algorithms have been
relatively well understood. For example, the number of measurements m needed for exact
recovery of a k-sparse vector of length n can be summarized as follows: linear recovery
(i.e. solving a system of full rank linear equations) requires m > n; linear programming
requires m > C' - klog(n/k) for some constant C; and an NP-hard exhaustive search requires
m>k+ 1.

One of the contributions of this thesis, has been to extend the understanding of these
tradeoffs to practically motivated settings where, due to measurement noise, only approx-
imate recovery is possible. Interestingly, our results show that there are problem regimes
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where existing computationally efficient algorithms—such as linear estimation or approxi-
mate message passing—are near-optimal and other regimes where they are highly subopti-
mal.

For example, the dependence of the sampling rate on the SNR illustrated in Fig. 1.1
shows that computationally simple algorithms are near-optimal at low SNR, but suggests
that increasing sophistication is required as the SNR increases.

Moreover, the bounds illustrated in Fig. 4.6 show that a small change in the sampling
rate can make the crucial difference between whether or not approximate message passing
achieves the optimal tradeoff between SNR and distortion.

4.7.3 Comparison with Replica Predictions

In this thesis, we provide a comparison of rigorous bounds with the nonrigourous analysis
of the replica method (Theorem 2.7). Since the predictions of the replica method are sharp,
they provide valuable insights about where our bounds are tight and where they can be
improved. For example, in Fig. 4.1 there exists a gap between the upper and lower bounds
for SNR in the range of 45 to 60 dB. In this region, the replica prediction suggests that the
information-theoretic lower bound from Chapter 3 is essentially correct and that the ML
upper bound is loose.

An additional contribution of this comparison, is that the relative tightness of our rigorous
bounds provides evidence in support of the unproven replica assumptions. For example, in
Fig. 4.1, the upper and lower bounds are extremely close and sandwich the replica prediction
for all SNR greater than 60 dB. Despite a vast amount of work on this topic, such evidence
has been notoriously difficult to come by.

4.7.4 Universality of Bounds

To characterize the limiting behavior of a sequence of vectors we assume convergence of the
empirical distributions (Assumption S2). If the limiting distribution is known, it is possible
to use optimized recovery algorithms based on the distribution (e.g. the AMP-MMSE and
MMSE recovery algorithms). In many cases, however, the limiting distribution is unknown.
To address these settings, we develop bounds for fixed estimators which hold uniformly over
a class of limiting distributions such as the class of all distributions bounded away from zero
or the class of all distributions with polynomial decay (see Section 4.1.1) .

Our results show that, in many cases, prior information about the limiting distribution
does not help significantly. For example, in the right panel of Fig. 1.1, the upper and lower
bounds on the sampling rate-distortion function are relatively tight, uniformly over the class
of distributions bounded away from zero. Another example is given by Propositions 4.4 and
4.8 which show that the low distortion behavior depends entirely on certain properties of
the underlying distributions (specifically, the behavior of the distribution around the point
x =0).
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We remark that an important counterexample occurs if the limiting distribution is sup-
ported on a finite subset of the real line (see Corollary 3.7). Then, the high-SNR sampling
rate-distortion behavior can depend crucially on prior information about the distribution.

4.7.5 Role of Model Assumptions

This thesis focusses on the setting where a constant fraction of the entries are nonzero
(Assumption S1). In Section 1.4.4 it is shown that the results in this thesis still hold when
all but a fraction s of the entries in x are tending to zero as n becomes large. In principle,
many of the tools developed in the thesis could also be used to address settings where the
number of nonzero entries grows sub-linearly with the vector length, and hence there is a
vanishing fraction of nonzero entries.

Our use of row normalization (Assumption M3) differs from many related works which
use column normalization. The reason for our scaling is that, from a sampling perspective,
one way to decrease the effect of noise is to take additional samples (all at a fixed per-
measurement SNR). If the column norms of the measurement matrix are constrained, then
this is not possible since the per-measurement SNR will necessarily decrease as the number
of measurements increases. Since it is assumed throughout that the sampling rate p is a fixed
constant, all results in this thesis can be compared to existing works under an appropriate
rescaling of the SNR.

The proofs of our upper bounds rely heavily on the assumption that the measurement ma-
trices have i.i.d. entries (Assumption M4). The proofs of Theorem 2.1 and 2.4 further assume
that these entries are Gaussian (Assumption M5). The extent to which these assumptions
can be relaxed is an important direction for future research.

In Section 4.6 it is shown that rate-sharing matrices (which are not i.i.d.) can convexify
the sampling rate-distortion region, thus leading to better performance. This result shows
that i.i.d. matrices are strictly suboptimal in some settings.

4.8 Scaling Behavior

This section provides additional analysis of the sampling rate-distortion bounds presented
in Chapter 2.

4.8.1 Behavior of the ML Upper Bound

This section studies the scaling behavior of the upper bound p given in Theorem 2.1.
For notational simplicity, we will use the notation A(D), P(D) and H(D) where the depen-
dence on snr and py is implicit. Recall that the upper bound is given by

ML-UB)

pMEUB) — 6 1 max A(D).
De[D,1]
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We first consider the behavior as D — 0. Note that the function A(D) is finite for all
D > 0 but grows without bound as D — 0, and hence

o)

i M max D) = imﬂ
ginw)H(D) DE[D,UA(D) 11)—>0H(D)A<D>’ (4:37)

Starting with the definition of A(D) given in (2.5), it is straightforward to show that

. P(D) 2
gino WA(D) = o ll)u—n>0 A(D) (4.38)

where

A(D) = min max{

4 1 D/{log(l—,uz)} (4.39)
0,u€(0,1) ’

(1—0)2" ud  2u0H(D)
Using the fact that D/H(D) — 0 as D — 0 gives

, , 41 1
Jm A(D) _egﬁé%max{(l—e)?’@} T 3-8

and putting everything together gives

. P(D ML-UB 2 1
lim Q [p( ) — /1} = <m> o

We next consider the behavior as a function of the SNR. For any D > 0 it is easy to
verify that A(D) — 0 as snr — oo and hence the infinite SNR limit is given by

: (ML-UB) _
S%%I—I}oo p = K. (4.40)

To characterize the rate at which the upper bound approaches this limit, let D > 0 be fixed
and observe that

Sr%ll’liloo log(snr) {p

— lim log(snr) max A(D)
SNr—oo ﬁe[D,l]

— max 2H(D) (4.41)

De[D,1]

— 2H, (k) (4.42)

(ML-UB) _ H}

where (4.41) follows from the fact that P(D;px) is strictly positive for any D > 0.
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Alternatively, with a bit of work it can be shown that the low SNR behavior is given by
s s

= lim snr max A(D)
snr—o0 De[D,1]

_ H(D),, =
- max o5 2A(D), (4.43)

(ML-UB) __ /i]

where A\(D) is given by (4.39). Note that this limit is strictly positive for any D > 0.
Combining (4.42) and (4.43) shows that there exists, for each fixed pair (D, px), a con-
stant C' such that

C
MLUB) < o —— 4.44
P sH log(1 + snr) (444)
for all snr.

Lastly, we consider the tradeoff between the distortion D and the SNR. For a given
tuple (p,snr,px), let DMEUB) denote the infimum over all distortions D > 0 such that
pME-UB) < TIf p > k, then the analysis given above shows that DM-UB) — () as snr — oo.
Since A(D) is finite for all D > 0 but grows without bound as D — 0, this means that the
following limit must be satisfied:

sr%%m ADMEUB)Y — g, (4.45)

Starting with the definition of A(D) given in (2.5), it is straightforward to show that (4.45)
is satisfied if and only if

lim snr

R e (1.46)

3—-V8)p—k
4.8.2 Behavior of the MMSE Noise Power

This section studies the behavior of the effective noise power 7* defined in Theorem 2.7.
Since there is a one-to-one correspondence between 7" and the resulting distortion D, the
results in this section immediately extend to the behavior of the distortion.

Starting with the definition in (2.37), this noise power can be expressed as

P(D(ML‘UB))_< 2 ) 1

7" = argmin I'(7)
>0
where

1
['(1) = plog(t) + —r 21(X; X + TW).
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For any fixed tuple (p,snr,px), the function I'(7) grows without bound as either 7 — 0 or
7 — 00. Therefore, the minimizer 7 must be a solution to I"(7*,snr) = 0 where I"(-,-)
denotes the derivative of I'(+, -) with respect to the first argument. Using the following result
of Guo et al. [37]:

d

EQI(X; X +/1/9W) = mmse(1/7; px). (4.47)

it is straightforward to show that the condition I''(7*,snr) = 0 is equivalent to

L1 )
P = o + mmse(7*; px). (4.48)
Note that (4.48) may have additional fixed point solutions (other than 7*) corresponding to
local minima or maxima of the function I'(7).

We first consider the behavior as p — co. By the optimality of the MMSE estimate (with
respect to mean squared error) the noise power 7* is a non-increasing function p, and thus
mmse(7*, px) is a non-increasing function of p. Combining this fact with (4.48) shows that
7" — 0 as p — oo. Since mmse(7,px) — 0 as 7 — 0, we obtain the limit

1
lim p7* = —. 4.49
oo snr (449)
We next consider the behavior as snr — oco. If 7 is a fixed constant, independent of snr,
then I'(7) converges to a finite constant. However, if 7 = 7(snr) scales with snr in such a
way that 7(snr) — 0 then

o) -

lim —————
S log 7(snr) (snr) snr

— T . L
- SFHI—I}OO Tog - (sn1) [p log 7(snr) + 1 (X, X + san)]

2I(X; X 4+ /eW)

=p—1
P Tog(1/e)
:p_h%mmﬁﬁgg_ (4.50)
€— €

where (4.50) follows from L’Hopital’s rule and (4.47).

We consider two cases. If the right hand side of (4.50) is strictly positive, then there exists
a scaling 7(snr) such that I'(7(snr)) decreases without bound. Since I'(7) is finite for fixed
7 and grows without bound as 7 — o0, this means that 7 — 0 as snr — oo. Conversely, if
the right hand side of (4.50) is strictly negative, then I'(7(snr)) increases without bound for
any scaling where 7(snr) — 0. This means that 7* is bounded away from zero for all snr.
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Combining these cases, we can conclude that the stability threshold o™™SE) of the MMSE
estimator is given by

onvsE) _ 1y, MMSS(Ei Px). (4.51)

9 e—0 €

To characterize the rate at which 7* decreases as snr — oo, we rearrange (4.48) to obtain

mmse(7*; px) -

*

snrT* = |p— (4.52)

If p > o™MSE) then 7% — 0 as snr — oo. Hence, by (4.52) and the definition of o™MSE) e
obtain the limit

1

SA%IE}OO sNr7— = m (453)
4.8.3 Proof of Proposition 4.5
Using the bound Hy(p) < plog(1/p) + p we obtain
H(D; k) < 2kD[log(1/D) + 1 + log(:=5)]. (4.54)

Using the definition of P(D;px) and the fact that X is lower bounded, we obtain
P(D;px) = /oo (Pr[X? > u] = (1= D)x)) du
0 +
o 9 _ B
> /0 (W1(u < B%) = (1= D)n)), du
= kDB’ (4.55)

Combining (4.54) and (4.55) completes the proof of (4.23).
The bound (4.24) follows immediately from the upper bound

D0 px) = minimas (Pr[|X +oW| < 1), == Pr[joW| > 1))
< min max (Pr[\B oW < 1], =5 Prl|oW]| > 1]
< max (Pr[\B +oW| < B], =2 PrfoW] > £])
< (£2) Prflow| > 5] (4.56)
< (=) exp (- &) (4.57)

where (4.56) follows from the triangle inequality and (4.57) follows from the well known
upper bound (see e.g. [71]) Pr[|W]| > t] < exp(—t%/2).
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4.8.4 Proof of Proposition 4.6

For this proof, it is convenient to define the quantile function
¢(D) = inf{t > 0: Pr[|X|* < t|X # 0] > D},
and note that

§D) o
m o =T (4.58)

We first consider (4.25). Using the bounds plog(1/p) < Hy(p) < plog(1/p)+p, we obtain

H(D; k)

A ot AT VoY 4
2 Dlog(1/D) ~ " (4.59)

Next, starting from the definition of P(D;pyx) and using a change of variables leads to the
expression

P(Dipx) = wD [ €(3D)5.

Thus, we can write

lim PDipx) _ /
D—0 D1+2/L o D_>0 D2/L
— KT_2/L/ 62/Ldﬁ
0
kT 2L
= 4.
1+2/L (4.60)

where swapping the limit and the integral is justified by the fact that £(D) is continuous
and monotonically increasing. Combining (4.59) and (4.60) completes the proof of (4.25).

We next consider (4.26). Let wp be the unique solution to Pr[|W| > wp] = D /(1 — k).
Using standard bounds on the cumulative distribution function of the Gaussian distribution
(see e.g. [71]) it can be verified that

2

lim — 2 — 4.61
020 Tog(1/D) (4.61)

Therefore, by (4.58) and (4.61), the limit (4.26) follows immediately if we can show that

i (550) o (D) = 1. (462
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To proceed, define the probabilities
p1(0)
p2(0)

I
g

i+ <o £

(=) Prf| ] > 0],

and note that

Dawgn(igg)D);pX) = élelﬂg max (pl (9)71)2(0)) (463>

By a change of variables, we can write
p() =D [15< H)Pr |\ [4B + | < 1]as.

Using (4.58) and the fact that (D) is a strictly decreasing function when D is small, it can
be shown that the integrand of the above expression converges pointwise to 1(# < 1) and
hence

. 1 .
}}%D m(l) =1 (4.64)

Since p;(0) is a strictly increasing function of 6 and py(0) is a strictly decreasing function of
0 with py(1) = D, it thus follows that

II)H_I}O D_lDawgn(%g);pX) =1

Since Daywen(0?;px) is a strictly increasing function of o2, this proves the limit (4.62), and
thus completes the proof of (4.26).

4.9 Properties of Soft Thresholding

This Section reviews several useful properties of the soft-thresholding noise sensitivity M (o2, a, px)
introduced in Section 2.3.
To begin, observe that the noise sensitivity defined in (2.33) can be expressed as

E|[nST(X + oW, 0% a) — X|?
M(U27a7pX) = [‘n ( 0_2 ) | }

= E[u(X/0,a)] (4.66)

where p(z, «) is given by

u(z,0) =E[n®D(z + W, 1;0) - 2. (4.67)
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With a bit of calculus, it can then be verified that
n(z,0) = 22[1 = (—a + 2) — ®(—a — 2)]
+ (14 0?)[®(—a + 2) + d(—a — 2)|
—(a+2)p(a—2) — (o — 2)pla + 2), (4.68)
where ¢(x) = (2m)"Y2e~7"/2 and ®(z) = [*__ (t)dt.

If we let X be distributed according to the nonzero part of py, then we obtain the general
expression

M(o?, a,px) = (1 — &)u(0, @) + /{E[u(éf(, a)]. (4.69)

4.9.1 Infinite SNR Limit

The infinite SNR limit of the AMP-ST bound corresponds to the limit of M(0?, o, px) as
the noise power o2 tends to zero. A simple exercise shows that

lim E[u(1X,a)] = (1+a?) (4.70)

02—0

for any random variable X with Pr[X = 0] = 0. Therefore, for any distribution py € P(k),
we obtain the general limit

C}grlloM(az,a,pX) = My(a, k) (4.71)
where
Mo(a, k) = k(14 a?) + (1= k)2[(1 + a?)®(~a) — ag(a)]. (4.72)

Minimizing My(a, k) as a function of « recovers the ¢ /¢y equivalence threshold of Donoho
and Tanner [19].

4.9.2 Universal Bounds

In [18], it is shown that, over the class of distributions P(k), the noise sensitivity is maximized
at a “three-point” distribution that places all of its nonzero mass at £1/4/k. Combining
this result with (4.69) leads to the uniform upper bound

sup M(o? a,px) = M*(0?, a, k) (4.73)

px €P(K)

where

M* (0% a, k) = (1 — &)p(0, o) + l-ﬂ,u(%\/g, a). (4.74)
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Using (4.73) it is now possible to extend the bound given in Theorem 2.6 to a given class
of distributions Px C P(k). Specifically, we can conclude that a distortion D is achievable
for a tuple (p, Px,snr) if

*( 2 4.
p>a2snr—|—/\/l(a,a,/<) (4.75)
where
2 _ 9 :
o° = min O wan (D5 DX )- (4.76)

We note that the bounds (4.75) and (4.76) can be used to find a value of the soft-
thresholding parameter o that works well uniformly over the class Px. However, since these
universal bounds are not tight, we cannot conclude that the resulting value of « is minimax
optimal.
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Chapter 5

The Role of Diversity

In the previous chapters we have seen that a major challenge in sparsity pattern recovery
is that small nonzero values are difficult to detect in the presence of noise. In this chapter, we
show how this problem can be alleviated if one can observe samples from multiple realizations
of the nonzero values for the same sparsity pattern.

5.1 Joint Sparsity Pattern Recovery

It well known that the presence of additional structure, beyond sparsity, can significantly
alter the problem of sparsity pattern recovery. Various examples include distributed or
model-based compressed sensing [3,4,74], estimation from multiple measurement vectors [13],
simultaneous sparse approximation [70], model selection [84], union support recovery [52],
multi-task learning [43], and estimation of block-sparse signals [26,66].

In this chapter, we consider a joint sparsity pattern estimation framework motivated in
part by the following engineering problem. Suppose that one wishes to estimate the sparsity
patten of an unknown vector and is allowed to take either M noisy linear measurements of the
vector itself, or spread the same number measurements amongst multiple vectors with same
sparsity pattern as the original vector, but different nonzero values. This type of problem
arises, for example, in magnetic resonance imaging where the vectors correspond to images
of the same body part (common sparsity pattern) viewed with different contrasting agents
(different nonzero values).

On one hand, splitting measurements across different vectors increases the number of
unknown values, potentially making estimation more difficult. On the other hand, using all
measurements on a single vector has the risk that nonzero values with small magnitudes will
not be detected. To understand this tradeoff, this chapter bounds the accuracy of various
estimators for the estimation problem illustrated in Figure 5.1. We refer to the number of
vectors J as the “diversity”.

The results in this chapter show that the right amount of diversity is beneficial, but too
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—X; —(Y1,A) —

_’Xg _’(YQ,AQ) — Joint A

estimator

— X, — (Y, A;) —

Figure 5.1: Illustration of joint sparsity pattern estimation. The vectors X; share a common
sparsity pattern S but have independent nonzero values. The sparsity pattern S is estimated
jointly using measurements vectors Y; corresponding to different measurement matrices A;.

much or too little can be detrimental (when the total number of measurements is fixed).
Moreover, we show that diversity can significantly reduce the gap in performance between
computationally efficient estimators, such the matched filter or LASSO, and estimators with-
out any computational constraints.

5.1.1 Problem Formulation

Let X, Xg, -+, X ; € R" be a set of jointly random sparse vectors whose nonzero values are
indexed by a common sparsity pattern S

S={i:X;(i) #0}, forj=1,2,---,J. (5.1)
We assume that S is distributed uniformly over all subsets of {1,2, -, n} of size k where k

is known. For simplicity, we focus exclusively on the setting where the nonzero entries are
i.i.d. Gaussian with zero mean.
We consider estimation of S from measurement vectors Y1, Yo, -+, Y, € R™ of the form

1
Yj:Aij—i_\/ﬁWj fOl"jzl,Q,"',J (52)
where each A; € R™" is a known matrix whose elements are i.i.d. N(0,1) and W, ~
N(0, I,m) is unknown noise. The estimation problem is depicted in Figure 5.1. The
accuracy of an estimate S is assessed using the distortion metric d(S*, S) given in (1.6).
Our analysis considers the high dimensional setting where the diversity J is fixed but the
vector length n, sparsity k, and number of measurements per vector m tend to infinity. We
focus exclusively on the setting of linear sparsity where k/n — & for some fixed sparsity rate
k € (0,1/2) and m/n — r for some fixed per-vector sampling rate r > 0. The total number
of measurements is given by M = mJ, and we use p = Jr to denote the total sampling
rate. We say that a distortion D is achievable for an estimator S if Pr[d(S,S) > D] — 0 as
n — oo. The case D = 0 corresponds to exact recovery and the case D > 0 corresponds to
a constant fraction of errors.
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We remark that we note that the joint estimation problem in this chapter is closely related
to the multiple measurement vector problem [13], except that each vector is measured using
a different matrix. Alternatively, our problem is a special case of block-sparsity [26,66] with
a block-sparse measurement matrix. Versions of our bounds for block-sparsity with dense
measurement matrices can also be derived.

5.1.2 Notations

For a matrix A and set of integers S we use A(S) to denote the matrix formed by concate-
nating the columns of A indexed by S. We use Hy(p) = —plogp—(1—p)log(1—p) to denote
binary entropy and all logarithms are natural.

5.2 Recovery Bounds

This section gives necessary and sufficient conditions for the joint sparsity pattern estimation
problem depicted in Figure 5.1.

One important property of the estimation problem is the relative size of the smallest
nonzero values, averaged across realizations. For a given fraction § € [0,1], we define
random variable

1 Lk

(n) _ : il X 2
PYD) = i, S I (53)

By the Glivenko-Cantelli theorem, P}")(D) converges almost surely to a nonrandom limit
P;(D). We will refer to this limit as the diversity power. If the nonzero values are Gaussian,
as is assumed in this chapter, it can be shown that

Py(D) = [y &s(p)dp (5.4)

where

&i(p) = {t: P33 <4 =»p} (5.5)

denotes the quantile function of a normalized chi-square random variable with .J degrees of
freedom.

Another important property is the metric entropy rate (in nats per vector length) of S
with respect to our distortion function d(S, 5’) In Chapter 3, it is shown that this rate is
given by

R(D; k) = H(r) = kHy(D) — (1) Hy(£2) (5.6)

for all D < 1 — k and is equal to zero otherwise.
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5.2.1 Joint ML Upper Bound
We first consider the ML recovery algorithm which is given by

J
ANS _ : : A (QY))2
ST = arg min j; dist (Y, A;(59)) (5.7)

where dist(Y;, A;(S)) denotes the euclidean distance between Y; and the linear subspace
spanned by the columns of A;(S). (For the case J = 1, this estimator corresponds to the
ML estimator studied in Chapter 2.)

Theorem 5.1. A distortion D is achievable for the tuple (k,snr, p, J) using the ML recovery
algorithm if

p>kJ+ Jmax. min (Ey(D), B5(D)) (5.8)
where
E\(D) = 2Hy(k) — 2R(D; k) + 2Dk J log(5/3) (5.9)
L log (1 + 5= JPy(D) snr)
Ey(D 2Hy(k) — 2R(D; k) (5.10)

)= log (1 + P (D) snr) + 1/(P1(D) snr) —1

For the case J = 1, the functions E(D) and FEy(D) correspond to the functions A;(D)
and As(D) given in Theorem 2.1. To extend these bounds to the setting J > 1 requires a
large deviations bound on random variable PJ(")(D). The full proof of this Theorem 5.1 is
given in [59].

Theorem 5.1 is a combination of two bounds. The part due to E;(D) determines the
scaling behavior at low distortions and low SNR and the part due to E5(D) determines the
scaling behavior at high SNR.

5.2.2 Information-Theoretic Lower Bound

We next consider an information-theoretic lower bound on the distortion for any estimator.
This bound depends on the entropy of the smallest nonzero values. For a given fraction
D € [0,1], we define the conditional entropy power

1 2
N (D) = %exp{ —2h(U|U? < &4(D)) } (5.11)
where h(-) is differential entropy and U ~ A(0, 1).

The following result gives a necessary condition for any possible recovery algorithm. The
proof is outlined in Section 5.4.1.
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Theorem 5.2. A distortion D is not achievable for the tuple (k,snr, p,J) if there exists a
distortion D € [D, 1] for which that at least one of the following inequalities is satisfied:

D Dk p
2R<T;7~) >JY <7~,P2 D snr> 5.12
D'1—k+ Dk YP\1-k + Dx 7(D) (5.12)

D D ~ ~
zR<T; 7") > Vg (%, DY p (DY) snr)
D 1—k+ Dk 1—x+ Dk

- <1_fﬁ)w3 (ﬁvﬁf\/(b”") Snr) (5.13)

where Vi g(r,7y) is given by (3.20) and

glog(1+7), ifr<1

1 : (5.14)
§log(1 +ry), ifr>1

Vug(r,v) =

As was the case for the ML upper bound, the bound in Theorem 5.2 is inversely propor-
tional to the effective power P;(3) snr when the effective power is small.

5.2.3 Two-Stage Recovery Bounds

This section gives bounds for the two-stage estimation architecture depicted in Figure 5.2.
In the first stage, each vector X; is estimated from its measurements Y;. In the second

stage, the sparsity pattern S is estimated by jointly thresholding estimates X1, Xo, -, X
One advantage of this architecture is that the estimation in the first stage can be done in
parallel. We will see that this architecture can be near optimal in some settings but is highly
suboptimal in others.

Single-Vector Estimation

For the first stage of estimation, we may use the results derived in Chapter 2 for the MF,
LMMSE, AMP, and MMSE estimators. Throughout this chapter, we we use the fact that the
AMP-ST is equivalent to LASSO under a proper calibration of the regularization parameters.

Thresholding

For the second stage of recovery we consider the joint thresholding of the form
ST =i 50, X2(i) > t} (5.15)

where the threshold ¢ > 0 is chosen to minimize the expected distortion. Since each index
i€{1,2,---,n} is evaluated independently, and since the estimated vectors Xy, X, --- , X;
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— X, — (Y1, Ay) —lest X,

— X, _'(YQ,AQ) — est Xy, = Joint ~
thresholder
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Figure 5.2: Ilustration of single-vector estimation followed by joint thresholding.

are conditionally independent given the sparsity pattern S, the distribution on the distortion
d(S, S™) can be characterized by joint distribution on (X;(1), X;(1)).

The following result describes the relationship between the distortion «, the diversity J,
and the effective noise power o2. The proof is given in Section 5.4.2.

Theorem 5.3. Suppose that for j = 1,2,---,J, the empirical joint distributions on the
elements of (X;,X;) converge weakly to the distribution on the pair (X,Z) in the scalar
equivalent model given in Definition 2.1 with noise power o®. Then, a distortion D is a

achievable if % < 0%(D) and not achievable if 0* > o%(D) where

)

D)= E ATy (D)

(5.16)

with £;(D) given by (5.5).

Theorem 5.3 shows that the relationship between D and J is encapsulated by the term
o%(D). With a bit of work it can be shown that the numerator and denominator in (5.16)
scale like D™!'P;(D) and D' R(D; «) respectively when D is small. Thus, plugging o2(D)
into the equivalent noise expression of the matched filter given in (2.118) shows that bounds
attained using Theorem 5.3 have similar low distortion behavior to the bounds in Section 5.2.

One advantageous property of Theorem 5.3 is that the bounds are exact. As a conse-
quence, these bounds are sometimes lower than the upper bound in Theorem 5.1, which is
loose in general. One shortcoming however, is that the two-stage architecture does not take
full advantage of the joint structure during the first stage of estimation. As a consequence,
the performance of these estimators can be highly suboptimal, especially at high SNR.

5.3 Sampling Rate-Diversity Tradeoff

In this section, we analyze various behaviors of the bounds in Theorems 5.1, 5.2, and 5.3, with
an emphasis on the tradeoff provided by the diversity J. The following results characterize
the high SNR and low distortion behavior of optimal estimation. Their proofs are given
in [59].
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Proposition 5.1 (High SNR). Let (k, J, D), be fized and let p(snr) denote the infimum over
sampling rates p such that o is achievable for the optimal estimator. Fixz any € > 0.

(a) If D > 0, then

2H,(k)(1 +€)

<
plsnn) < Jr + log(snr)

(5.17)

for all snr large enough.
(b) If 2R(D; k) > Jk, then

2R(k,a)(1 —¢)

>J
plsnr) 2 Jk + log(snr)

(5.18)

for all snr large enough.

Proposition 5.2 (Low Distortion). Let (x, J,snr) be fized and let p(D) denote the infimum
over sampling rates p such that D is achievable for the optimal estimator. There exist
constants 0 < C~ < CT < oo such that

C—(%)W log(3) < p(D) < C*(3)

for all D small enough.

log(%) (5.19)

Propositions 5.1 and 5.2 illustrate a tradeoff. At high SNR, the difficulty of estimation
is dominated by the uncertainty about the nonzero values. Accordingly, the number of
measurements is minimized by letting J = 1. As the desired distortion becomes small
however, the opposite behavior occurs. Since estimation is limited by the size of the smallest
nonzero values, it is optimal to choose J large to increase the diversity power. This behavior
can be seen, for example, in Figures 5.3-5.6.

A natural question then, is how does one best choose the diversity J? The following
result shows that the right amount of diversity can significantly improve performance. The
proof is given in [59].

Proposition 5.3. Let (k,snr) be fized and let p(D,J) denote the infimum over sampling
rates p such that D s achievable with diversity J. Then,

p(D,J) < k] + O(5875)- (5.20)
Moreover, if J = J*(D) = ©(log(1/D) then

p(D, J*(D)) = ©(log(1/D)). (5.21)
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Figure 5.3: Bounds on the total sampling rate p = Jr as a function of snr for various J when
D =0.1and k=104
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Figure 5.5: The upper bound (Theorem 5.1) on the total sampling rate p = Jr of the nearest
subspace estimator as a function of the distortion « for various J when snr = 40 dB and
Kk =10"%

An important implication of Proposition 5.3 is that the optimal choice of J allows the
distortion to decay exponentially rapidly with the sampling rate p. Note that the rate of decay
is only polynomial if J is fixed. Interestingly, it can also be shown that the same exponential
boost can be obtained using non-optimal estimators, albeit with smaller constants in the
exponent.

The effect of the diversity J is illustrated in Fig. 5.5 for the nearest subspace estimator and
in Fig. 5.6 for Lasso + thresholding. In both cases, the bounds show the same qualitative
behavior—each value of the diversity J traces out a different curve in the sampling rate
distortion region. It is important to note however, that due to the sub-optimality of the two
stage architecture and the LASSO estimator, these similar behaviors occur only at different
SNRs and with an order of magnitude difference in the sampling rate.

5.4 Proofs

5.4.1 Proof Outline of Theorem 5.2

The section outlines the proof of Theorem 5.2; the full proof is given in [59].

The proof of Theorem 5.2 uses many of the ideas developed in Chapter 3 for the single-
vector setting. To apply these bounds, we cast the multi-vector problem as a version of the
single-vector problem where the vector length is Jn and the number of nonzero elements is
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Figure 5.6: The upper bound (Theorem 5.3) on the total sampling rate p = Jr of LASSO
+ Joint Thresholding as a function of the distortion « for various J when snr = 30 dB and
k=10"%
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Taking the joint sparsity constraint into account shows that the metric entropy rate of S
with respect to the new problem is given by %R(/{, Q).

The remaining challenge in this proof is that the low distortion behavior relies on the
concept of a genie, who provides the estimator indices and values of the largest nonzero
elements. This genie trick, is used to isolate the effect of the smallest nonzero values.
The new difficultly in the multi-vector setting is the following: if the genie chooses which
indices ¢ he reveals based on the average magnitude given by Z;-Izl X f(z), then the values

X1(4), Xo(7),- -+, X (i) conditioned on the genies decision are no longer independent. As a
consequence, it is not possible to compute their joint entropy and the sum of their individual
entropy’s.

To resolve this issue, we develop two different bounds. For the first bound, the genie se-
lects indices according the average magnitude and we ignore the entropy of the remaining (de-
pendent) unknown values. This bound leads to the necessary condition (5.12). For the sec-
ond bound, the genie select indices according to the largest magnitude, i.e. maxj<j<; X?(4).
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This selection strategies preserves the conditional independence and leads to the necessary
condition (5.13).

5.4.2 Proof of Theorem 5.3

For each index 7, the random variables X (4), X5(i), - - - , X;(4) are asymptotically i.i.d. N'(0, 02
conditioned on i ¢ S and i.i.d. N'(0,1+0?) conditioned on i € S. Thus, the total magnitude
Z = 23121 X ]2 is a sufficient statistic for estimation of 1(i € S), and it is straightforward to

show that the optimal estimator has the form H = 1(Z > *) where
t* = arg min max(Pr[i € S, Z < t],Pr[i ¢ S, Z > t]). (5.22)
With a bit of work, it can be verified that this occurs when
(1 — &) Pr[o? X% > t] = k Pr[(1 + ) X% < tF]. (5.23)
Using the fact that the limiting distortion is given by
D =1lmax(Prli € S,Z <t],Prli ¢ S,Z > t*]) (5.24)

and solving for t* completes the proof.
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Chapter 6

A Compressed Sensing Wire-Tap
Channel

This chapter studies a multiplicative Gaussian wire-tap channel inspired by compressed
sensing. Lower and upper bounds on the secrecy capacity are derived, and shown to be
relatively tight in the large system limit for a large class of compressed sensing matrices.
Surprisingly, it is shown that the secrecy capacity of this channel is nearly equal to the
capacity without any secrecy constraint provided that the channel of the eavesdropper is
strictly worse than the channel of the intended receiver. In other words, the eavesdropper
can see almost everything and yet learn almost nothing. This behavior, which contrasts
sharply with that of many commonly studied wiretap channels, is made possible by the fact
that a small number of linear projections can make a crucial difference in the ability to
estimate sparse vectors.

6.1 Secrecy and Compressed Sensing

Following Shannon’s theory in 1949 of information-theoretic secrecy [65], Wyner introduced
the wiretap channel in 1975 [83]. In the wiretap setting, a sender Alice wishes to communicate
a message to a receiver Bob over a main channel but her transmissions are intercepted
by an eavesdropper Eve through a secondary wiretap channel. This chapter analyzes a
multiplicative Gaussian wiretap channel inspired by compressed sensing. The input to the
channel is a p-length binary vector. The channel output is a linear transform of the input
after it has first been corrupted by multiplicative white Gaussian noise. We analyze the
setting where Bob and Eve observe different linear transforms characterized by two different
channel matrices.

Secrecy via compressed sensing schemes has received little attention from an information-
theoretic viewpoint. In prior work, authors consider using a sensing matrix as a key (unknown
to the eavesdropper) for both encryption and compression [54]. Privacy via compressed
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Figure 6.1:  (Multiplicative Gaussian Wiretap Channel) For each block length n, Alice
transmits a sequence of n binary valued support vectors X € {0,1}? over a main channel

characterized by a matrix transform so that Bob receives Y = A,WX. The eavesdropper
Eve receives Z = A.WX.

sensing and linear programming decoding was explored in [24]. By contrast, this chapter
assumes that the sensing matrices are known (non-secret); as a special case, Eve’s sensing
matrix might correspond to a subset of the rows of Bob’s channel matrix. Our analysis shows
that certain channel matrices, inspired by compressed sensing, allow for secrecy rates that
are nearly equal to the main channel capacity even if Eve’s capacity is large.

6.1.1 Channel Model

Outlined in Fig. 6.1, the multiplicative Gaussian wiretap channel with binary vector input
is characterized by

Y = A,WX, (6.1)
Z = AWX,

where X € {0,1}? is the transmitted signal, and Y € R™ Z € R™ are the received
real-valued signals at the legitimate user and eavesdropper, respectively. A related channel
model in [42] also involves a wire-tap setting with binary input and real-valued output. The
dimensions of the channel satisfy 0 < m, < m; < p/2. The linear mixing parameters,
matrices A, € R™*P and A, € R™*P are fixed and known to all parties. The randomness
of the channel is derived from W &€ RP*P  a diagonal matrix whose values are i.i.d. Gaussian
random variables with mean zero and variance one. The channel is assumed to be memoryless
between channel uses.

6.1.2 Secrecy Capacity

Alice selects a message S, € [1 : 2"PF], where R represents a normalized rate, and wishes
to communicate reliably with Bob while keeping the message secret from Eve. A (2"P% n)
secrecy code for the multiplicative wiretap channel consists of the following: (1) A message
set [1:2"PF]: (2) A randomized encoder that generates a codeword X"(S,), S, € [1 : 2P|,
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according to Pxn|s,; (3) A decoder that assigns a message S, (Y™) to each received sequence
Y" € Y". The message S, is a random variable with entropy satisfying

tim 250 _ g (6.3)
A secrecy code is reliable if
lim Pr[S,(Y") # S,] = 0. (6.4)

n—oo

A secrecy code is secret if the information leakage rate tends to zero as block length n — oo,
1(z"; S,
i L2 50)

n—00 n

~0. (6.5)

Note that this leakage rate is not normalized by p. A normalized rate R is achievable if there
exists a sequence of (2"P% n) secrecy codes satisfying both Eqn. (6.4) and Eqn. (6.5). The
secrecy capacity (Y is the supremum over all achievable rates.

6.1.3 Outline of Results

To analyze the secrecy capacity Cy, we first develop bounds as a function of the channel
matrices A, and A.. We then analyze these bounds for certain random matrices in the large
system limit where m;,/p — p, and m./p — p. as p — oo for fixed constants 0 < p, < p, <
1/2. Lower bounds on the secrecy capacity, corresponding to Wyner’s coding strategy for
discrete memoryless channels are developed in Section 6.2.1. Corresponding upper bounds
are derived in Section 6.2.2. Section 6.2.3 provides an improved upper bound under a certain
encoding constraint on Alice. Proofs are given in Section 6.3.

6.1.4 Notations

For a matrix A € R™*? and vector x € {0, 1}?, we use A(x) to denote the matrix formed
by concatenating the columns indexed by x, and we use A(7) to denote the ith column of
A. Also, we use X¥ to denote the set of all binary vectors x € {0, 1}? with exactly k ones.
We use Ho(x) = —xlogz — (1 — x)log(1l — z) to denote binary the binary entropy function.
We use log to denote the logarithm with base two and In to denote the logarithm with the
natural base.

6.2 Bounds on the Secrecy Capacity

Csiszar and Korner showed in [15] that the secrecy capacity of a discrete memoryless wiretap
channel is given by

C, = max [LI(U;Y) - L1(U; 2)] (6.6)
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where the auxiliary random variable U satisfies the Markov chain relationship: U — X —
(Y,Z). It can be verified that this is also the secrecy capacity when the channels have
discrete inputs and continuous outputs (see e.g. [42]).

In some special cases, the secrecy capacity can be computed easily from (6.6). For
example, if A, and A, correspond to the first my; and m, rows of the p x p identity matrix
respectively, then it is straightforward to show that

p p’

b e if m, <
C. = e =1 (6.7)
0 if me, > my

In this case, the secrecy capacity happens to be the difference of the individual channel
capacities; thus as m, approaches my the secrecy capacity tends to zero. In the following
sections we will develop bounds for a class of matrices inspired by compressed sensing.
Interestingly, we will see that the secrecy behavior of these matrices differs greatly from the
behavior shown in (6.7).

6.2.1 Lower Bounds

We say that a matrix A € R"™*? is fully linearly independent (FLI) if the span of each
submatrix {A(x) € R™™! : x € X?_,} defines a unique linear subspace of R™. Examples
of FLI matrices include the first m rows of the p x p discrete cosine transform matrix or, with
probability one, any matrix whose entries are drawn i.i.d. from a continuous distribution. A
counter example is given by the first m rows of the p x p identity matrix.

Our first result, which is proved in Section 6.3.1, gives a general lower bound on the
secrecy capacity for any FLI matrices.

Theorem 6.1. Suppose that Ay, and A, are fully linearly independent. If m. < my, then the
secrecy capacity is lower bounded by

C, > %log (m:’_l) — 2ip log det(%AeAT)

e

: m log det (15 Ae(x) Ac(x)7) . (6.8)
xeXmlrl b
The lower bound in Theorem 6.1 is derived by evaluating the right hand side of (6.6)
when X is distributed uniformly over the set A}, ;. We note that the condition m. < my
is necessary to obtain a nontrivial lower bound since the secrecy capacity may be equal to
zero otherwise.
Unfortunately, the bound in Theorem 6.1 is difficult to compute if m;, and p are large. One
way to address this issue is to analyze the behavior for a random matrix (random matrices
are denoted via boldface, uppercase letters). The following result is proved in Section 6.3.2.
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Figure 6.2: Illustration of the lower bound in Theorem 6.2 on the expected secrecy capacity
Ea.[Cs] as a function of m, for various values of p when A, is fully linearly independent, A,
is a random matrix whose elements are i.i.d. A'(0,1), and my/p = 0.2.

Theorem 6.2. Suppose that Ay is fully linearly independent and A. is a random matriz
whose elements are i.i.d. N'(0,1). If m. < my then the expectation of the secrecy capacity is
lower bounded by

Ea, [C] > Llog (7)) — 2 log ()

p

- e 3 [y (52 - (2] 09

1=

where Y(x) = I"(z) /T (z) is Euler’s digamma function.

One benefit of Theorem 6.2 is that the bound is independent of the realization of the
matrix A, and can be analyzed directly. An illustration of the bound is shown in Figure 6.2
as a function of m, /p for various values of p with my,/p held fixed. Remarkably, as p becomes
large, the lower bound in Theorem 6.2 remains bounded away from zero for all values of m,
strictly less than my. This behavior is in stark contrast to the secrecy capacity shown in
(6.7).

One shortcoming of Theorem 6.2, is that the bound holds only in expectation, and it is
possible that it is violated for a constant fraction of matrices A,.. The next result, which is
proved in Section 6.3.3, shows that, in the asymptotic setting, the limit of the bound (6.9)
holds for almost every realization of A,. We use the notation {A®) ¢ Rm(m“’} to denote a
sequence of matrices indexed by the number of columns p.
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Theorem 6.3. (S)uppose that {Al(,p) c R™ *P1 is a sequence of linearly independent matrices
and {AP) ¢ R *PY is a sequence of random matrices whose elements are i.i.d. N'(0,1). If

m® >m® and m{" /p — py and m®) /p — p. as p — 0o where 0 < p. < py < 1/2, then the
asymptotic secrecy capacity is lower bounded by

liminf C, > Ha(p) — 3|1 = po)log () = (= p)log (2)| (6.10)

Pb—Pe
almost surely.

Theorem 6.3 provides a concise characterization of the lower bound in the asymptotic
setting. The bound is illustrated in Figure 6.2 in the case p = oo. Since the secrecy capacity
can be equal to zero if m® = ml(,p ), Theorem 6.3 shows that there is a discontinuity in the
asymptotic secrecy capacity as a function of p..

6.2.2 Upper Bounds via Channel Capacity

This section considers the capacity of Bob’s channel which is denoted Cj. We note that this
capacity gives us an upper bound on the secrecy capacity.

Upper bounding the capacity is more technically challenging than lower bounding the
secrecy capacity, since the optimal distribution on X may depend nontrivially on channel
matrix A,. The following result, which is proved in Section 6.3.4, serves as a starting point.

Theorem 6.4. If Ay is fully linearly independent, then the channel capacity of Bob’s channel
s upper bounded by
Cy < tmax (log (,,7,), max &(k)) + ‘2 (6.11)

mo=1)7 my <k<p P
where
(k) = max e log (-1 4(0) )

— max 5 log det (£ Ap(x) Ap(x)T). (6.12)
xex?

k

Although it is tempting to consider the expectation of (6.11) with respect to a random
matrix (as we did for Theorem 6.2), this is difficult since the maximization in (6.12) occurs
inside the expectation.

Our next result, which is proved in Section 6.3.5, leverages the strong concentration
properties of the Gaussian distribution to characterize the asymptotic capacity for Gaussian
matrices.
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Theorem 6.5. Suppose that {Agp) € ]le(f))xf”} 1s a sequence of random matrices whose
elements are i.i.d. N'(0,1). If ml(,p)/p — pp where 0 < p, < 1/2, then the asymptotic channel
capacity of Bob’s channel is given by

pli_{gO Cy = Ha(ps) (6.13)

almost surely.

Theorem 6.5 shows that the strategy used in our lower bounds, namely choosing X
uniformly over X)) ; achieves the capacity of Bob’s channel in the asymptotic setting.
What is remarkable is that for this same input distribution, Eve learns very little about
what is being sent, even if her channel matrix is equal to the first m, rows of Bob’s channel

matrix.

6.2.3 Improved Upper Bound for a Restricted Setting

We say that the distribution is symmetric if Pr[X = x| = Pr[X = %] for all x,% such that
Pz =", %;. The following result is proved in Section 6.3.6.

Theorem 6.6. Suppose that {Al(,p) e R P} and {AP) € ]ng))”’} are sequences of random
matrices whose elements are i.i.d. N'(0,1). If m® > m® andm{® /p — py, and m® /p — p.
where 0 < p. < pp < 1/2, and if Alice is restricted to use coding strategies that induce a
symmetric distribution on X, then the asymptotic secrecy capacity is upper bounded by

limsup Cs < H(X|WX + +/pp/pV) (6.14)
p—oo

almost surely where X ~ Bernoulli(py), W ~ N(0,1) and V ~ N(0,1) are independent

random variables.

The bound in Theorem 6.6 is strictly less than the channel capacity Hs(p,) for all p, > 0,
and can be computed easily using numerical integration. We suspect that this result also
holds without the symmetry restriction on X.

6.2.4 Illustration of Bounds

The bounds on the asymptotic secrecy capacity given in Theorems 6.3, 6.5, and 6.6 are
illustrated in Fig. 6.3 as a function of the size parameter p. of the eavesdropper channel.
The bounds correspond to the setting where the elements of the matrices are i.i.d. Gaussian.
Note that the lower bound on the secrecy capacity is nearly equal to that of the main channel
for all p. < pp.

For comparison, the secrecy capacity for the special case where A, and A, correspond to
the first rows of the p x p identity matrix are shown in Fig. 6.4. In this case, the secrecy
capacity is equal to the difference between the main channel capacity and the eavesdropper
capacity.
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Figure 6.3: Bounds on the asymptotic (normalized) secrecy capacity C; of the multiplicative
Gaussian wiretap channel as a function of p. when p, = 0.2 and A, and A, are random
matrices whose elements are i.i.d. N'(0, 1).
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Figure 6.4: The (normalized) secrecy capacity Cs of the multiplicative Gaussian wiretap
channel as a function of p, when p, = 0.2 and A, and A, correspond to the first rows of the
identity matrix.
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6.3 Proofs

6.3.1 Proof of Theorem 6.1

Let U = X where X is distributed uniformly over X, ;. Since A is fully linearly indepen-
dent, the probability that Y is in the range space of Ay(x) for any X € A}, | not equal to
the true vector X is equal to zero. Thus, H(X|Y) =0 and
IU;Y) = I(X;Y) = H(X) =log (,,” ). (6.15)
Next, since A, is fully linearly independent and the number of nonzero values in X is
strictly greater than the rank of A, it can be verified that both Z and Z|X have probability
densities. (Note that the condition m;, > m, is critical here, since Z does not have a density
otherwise.) Thus we can write

(U, Z) = I(X;Z) = h(Z) — h(Z|X) (6.16)

where h(-) denotes differential entropy (see e.g. [14]). The entropy h(Z) can be upper
bounded as

hZ) < Z: IE[ZI%E?ITE[ZZT} hZ)
< Llog ((2me)™ det(E[ZZT])) (6.17)
= $log ((2me (L)) det(A AT)) (6.18)

where (6.17) follows from the fact that the Gaussian distribution maximizes the differential
entropy and (6.18) follows from the fact that

E[ZZ"] = ™= A AT, (6.19)
The conditional entropy h(Z|X) is given by
h(Z|X) = E [1log ((2me)™ det(A.(X)A.(X)T))] (6.20)

where we used the fact that, conditioned on any realization X = x, Z is a (non-degenerate)
Gaussian random vector with covariance matrix A.(x)A.(x)T. Combining (6.15), (6.16),
(6.18), and (6.20) with the expression of the secrecy capacity given in (6.6) completes the
proof of Theorem 6.1.

6.3.2 Proof of Theorem 6.2

It is straightforward to show that A, is fully linearly independent with probability one. Since
the secrecy rate is bounded, it thus follows from Theorem 6.1 and the linearity of expectation
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that

E[Cy] > ; log (mf_l) — 5 108 (mbT_l)

- %E [log det (A A)]

+ Y ﬁﬂﬂ[log det (A (x)A.(x)T)]. (6.21)

D mp—1
xeXmlrl

Using well known properties of random Gaussian matrices (see e.g. [49, pp. 99-103]) shows
that

E[log det(A AT)] = m, +loge Y v (25)
=1

E[log det(A(x)Ac(x)7)] = m. + loge fwmb%)

i=1

where the second equality holds for every x € & ;. Plugging these expressions into (6.21)
completes the proof.

6.3.3 Proof of Theorem 6.3

Since A. is fully linearly independent with probability one, it is sufficient to consider the
asymptotic behavior of the bound in Theorem 6.1. If X is a random vector distributed
uniformly over X _; then A,AT and A (X)A.(X)” are m. x m, Wishart matrices with p
and my, — 1 degrees of freedom respectively. Using Lemma 6.6 gives

: 1 1 Ty
Jim log det(;AcA,) = p(pe)

Jim S log det( 5 A(X)AL(X)) = po u(pe/ py)
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almost surely where u(r) = (1 —r)In (1717,) — rloge. Thus,

lim lﬂ;; log (22=1) L log det(A AT)

p—00

X oA AL ()

XEX::L,) 1

— lim [m? log (2=1) L log det(A . AT)

— > log det(Ae(X)Ae(X)T)] (6.22)

= p(ps) — po p(pe/ pv)
= (1= pe)log (2-) = (o — pe) log (2-) (6.23)
2)

almost surely where the substitution in (6.22) is justified by the fact that the expectation
of Wlbb log det(mbA(X)Ae(X) ) with respect to both A and X is bounded uniformly for all p
(see the proof of Theorem 6.2).
Combining (6.23) with the well known fact that

lim % log( ) = Hy(ps) (6.24)

p—oo P

completes the proof of Theorem 6.3.

6.3.4 Proof of Theorem 6.4
Let K =", X, denote the number of ones in X. Then,

IX;Y)=1I(X;Y|K)+ I(Y; K) (6.25)
< I(X;Y|K) + logp (6.26)
< fax IX;Y|K =k)+logp (6.27)

where (6.25) follows from the chain rule for mutual information, (6.26) follows from the fact
that I(Y; K) < H(k) <logp, and (6.27) follows from expanding the term [ (X;Y|K). If we
define

c(k) = max I[(X;Y)

Xeay
then we have

max I(X;Y) < fax c(k) + log p. (6.28)
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To complete the proof, we split the maximization over k into two cases. For 0 < k < m,; we
use the simple bound

max c(k) < max  H(X) = log( P )

0<k<my  XeX,: 0<k<my mp—1
For m, < k < p we use the following lemma.
Lemma 6.1. If my, < k < p, then c(k) < é(k) where é(k) is given in (6.12).

Proof. Let X have any distribution on X} where m;, < k < p. Since A, is fully linearly
independent, both Y and Y|X have probability densities and we can write

I(X;Y) = h(Y) — h(Y|X) (6.29)

where h(-) denotes differential entropy (see e.g. [14]). The entropy A(Y) can be upper
bounded as

MY)< = max h(Y)
Y E[|Y(?]=E[Y]?]
= T log (2me ;LE[|Y?]) (6.30)
< max " log (2mes || Ay ()]?) (6.31)

where (6.30) follows from the fact that an isotropic Gaussian vector maximizes differential
entropy, and (6.31) follows from the fact that

E[Y?* = E[E[Y]*X]]
< max E[[[ Y|*[X = x]
= max tl"(Ab(X)Ab(X)T)

< D12
< 1I%ag;/lfllx‘lb(l)||

The conditional entropy h(Y|X) is lower bounded by

h(Y[X) = E [§log ((2me)™ det(4,(X)A,(X)T))]
> min 3 log ((2me)™ det(A,(x) Ay(x)7)) (6.32)

x€XY

where we used the fact that, conditioned on any realization X = x, Y is a (non-degenerate)
Gaussian random vector with covariance matrix A,(x)Ay(x)?. Combining (6.29), (6.31) and
(6.32) completes the proof of Theorem 6.4. O
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6.3.5 Proof of Theorem 6.5

Since A. is fully linearly independent with probability one, it is sufficient to consider the
asymptotic behavior of the bound in Theorem 6.4. The limit of the first term in the max-
imization is given by (6.24). To evaluate the second term, we use the following technical
lemmas whose proofs are given in the Appendices 6.3.7 and 6.3.8.

Lemma 6.2.

1
hmsup max —||Ab( <1 (6.33)

1<:<
almost surely.
Lemma 6.3. If k > my, and k/p — k where p, < k < 1, then

lim inf min - log det (A, (x)Ap(x)T) > Kk p(pp/K) (6.34)

p—o0 xeX

almost surely where p(r) = (1 —r)log (ﬁ) —rloge.

The convergence show in Lemmas 6.2 and 6.3 leads immediately to the following asymp-
totic upper bound on the term ¢(k) defined in (6.12):

limsup max 1é(k)
p—00 mb<k<pp

[PblOge - (/{ - Pb) log (r-e pb)}

< max =
pp <K< 12

= §Pb loge

almost surely. Since Hy(py) > 3pploge for all p, € (0,1/2), we conclude that the asymptotic
capacity is upper bounded by Hs(p,). The achievable strategy outlined in the proof of
Theorem 6.1 shows that Hy(p,) is also achievable which concludes the proof of Theorem 6.5.

6.3.6 Proof of Theorem 6.6
Let K =", X;. Then, for any pair (U, X) such that U — X — (Y,Z), we have

L(U;Y) - I(U;Z)

= I(X;Y) - I(X;Z) + [(X; Z|U) — [(X;Y|U) (6.35)
<IX;Y|K) - (X5 Z|K)
+ (X Z|U, K) — I(X; Y|U, K) + 2log p (6.36)

< Orgil%(pA(k) +2logp (6.37)
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where

Alk) = I(X;Y|K = k) — I(X;Z|K = k)
FIXZIUK = k) — I(X; YUK = k).

We now consider two cases. For the case m;, < k < p, we use the upper bound

Alk) < I(X YK = k) + (X, Z|U, K = k)

<
<IX;Y|K=k)+ I(X;Z|K =k)

which follows from the non-negativity of mutual information and the data processing in-
equality. Following the steps outlined in the proofs of Theorems 6.4 and 6.5 shows that

limsup ~— max  SA(k) < 5(p + pe)loge < pyloge (6.38)

p—oo  XeXP :my<k<p

almost surely. (Note that this step does not require the symmetry assumption.)
Alternatively, for the case 0 < k < my, we use the bound

Ak) < HX|Z, K = k) + HX[Y, K = k)

which follows from the non-negativity of entropy and the fact that conditioning cannot
increase entropy. Since Ay is fully linearly independent almost surely, it follows from the
proof of Theorem 6.1 that H(X[|Y, K = k) is equal to zero almost surely. To characterize
the asymptotic behavior of the remaining term, H(X|Z, K = k), we use the following lemma
which is proved in Section 6.3.9.

Lemma 6.4. Suppose that X is symmetric. If 0 < k < my and k/p — K where 0 < k < py,
then

limsup%H(X\Z, K =Fk) <g(k,pe) (6.39)
p—00
almost surely where
9K, pe) = HX|WX +/k/pcV) (6.40)

and X ~ Bernoulli(k), W ~ N(0,1) and V ~ N(0,1) are independent random variables.

Noting that g(k, pe) is nondecreasing in x, we obtain the asymptotic upper bound

limsup Cy < max (g(pb, pe),pb)- (6.41)

p—00

It can be verified numerically that this maximum occurs at g(ps, pe) for all p, € (0,1/2)
which completes the proof of Theorem 6.6.
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6.3.7 Proof of Lemma 6.2

Note that the column magnitudes ||A,(7)|% i =1,2,---,p are i.i.d. chi-square random vari-
ables with my, degrees of freedom. Thus for any € € (0,1/2), the chi-square concentration
inequality in Lemma 6.5 gives

Pr{max L[| A,(0)|? > 1+ d < pexp(—2 [pp]e) (6.42)

1<i<p M

which decays exponentially rapidly with p as p — oo.

6.3.8 Proof of Lemma 6.3
For each x € X}, let
N(Ayp,x) = 1 logdet (FA(x)A(x)"). (6.43)

By the union bound, and the symmetry of A, we have

Pr | min N(Ay,x) <t < (Z) Pr[N(A,x) < 1], (6.44)

p
xEX,

for any arbitrary x € A}. Using the bound (Z) < (pe/k)* and Lemma 6.6, shows that for
any € > 0,

limsup —— In Pr[N (A, x) < u(py/k) — €] < —e¢

p—00 plnp

which suffices to prove almost sure convergence.

6.3.9 Proof of Lemma 6.4
Let X = miEAZZ. Then, we have

H(X|Z,K =k) < HX|X, K = k) (6.45)
p A~
<N H(Xi|X,K = k) (6.46)
=1
p A~
<D H(Xi|X;, K =k) (6.47)

1

.
Il

where (6.45) follows from the data processing inequality, (6.46) follows from the chain rule
and (6.47) follows from the fact that conditioning cannot increase entropy.
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Next, we observe that X; can be written as

&=i§MMAmwwa (6.48)
= H%nﬂWZXZ + O'Z'(Ae, X)V (649)

where V' ~ AN(0,1) is independent of W;, X; and 0?(A., X) where

ﬂ%mzigww&mwf (6.50)

Using standard chi-square inequalities, it is straightforward to show that

lim max |M —1]=0 (6.51)

p—ooi<i<p' e

almost surely. With a bit more work, and the use of the fact that, by the symmetry constraint,
X is distributed uniformly over X} it can also be shown that

lim max |07(A,, X) — £] =0 (6.52)

p—00 1<i<p Pe

almost surely. Thus, we conclude that the empirical distribution of the pairs (X;, X,) con-

verges weakly almost surely to the distribution on (X, WX +./k/p.V'), which concludes the
proof.

6.3.10 Technical Lemmas

Lemma 6.5 ( [39]). If X is a chi-square random variable with n degrees of freedom then for
all e € (0,1/2),

Pr[X > d(1+¢)] < exp (- &de?). (6.53)

Lemma 6.6. Let W be an m x m Wishart random matriz with n > m degrees of freedom.
If m/n — p e (0,1] as n — oo, then for any e > 0,

limsup —— In Pr H% log det(1 W) — ,u(p)‘ > e} < =5

00 loge

where

M(p):{(l—p)log(ﬁ)—ploge, if0<p<1. (6.54)

—loge, ifp=1
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Proof. We begin with a one-sided bound. For any r > 0 we have
Pr[Lindet ($W) <t
= Pr[lndet (W) < nt + mlogn]
= Pr [( det(W))_r > exp(—rnt + mlog n)]

< exp(rnt + rmlogn)E [(det(W))_T} (6.55)

where (6.55) follows from Markov’s inequality. If r < (n —m)/2, then it can be shown (see
e.g. [49, pp. 99-103]) that

]E{(ckm(VV))_q — exp(—M(r))

where
m—1 ]
M(r)y=rmn(2) + > [IHFT_ lnf(%—r)}.
=0
If r is an integer then we use the relation

Inl(z) —Inl(z —7) Zlnz—z

to obtain
m—1 r .
M(r) = rmIn(2) + 14%_)
i=0 j=1
m—1 r Ly
=rmlnn -+ In "—Zn— J
=0 j=1 ( )
Plugging this back into (6.55) gives
m—1 r
In Pr {% lndet(%W) < t} <rnt — Z Z]H (" i— 2])
=0 j=1

We now consider what happens as n — oo. If = Inn then it is straightforward to show
that

lim i z_:l g In (n—i—2j) _ 1(p)

)
N rn i i loge
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and thus

lim sup Tim In Pr [% In det (%W) < t} <t — e

oo loge®

To prove the other side of the bound, we use the same steps as before to obtain
In Pr {% Indet(1 W) > t} < log (%ﬂj) —rnt.

Letting » = Inn leads to

limsup 2 InPr [LIndet (2W) > ¢| < 42 ¢

Changing the base of the logarithms concludes the proof of Lemma 6.6. O
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