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ABSTRACT viii

Nonlinear models are widely used in signal processing, statistics, and machine learning to model
real-world applications. A popular class of such models is the single-index model where the response
variable is related to a linear combination of dependent variables through a link function. In other
words, if x € R” denotes the input signal, the posterior mean of the generated output y has the
form, E[y|x] = p(x’w), where p : R — R is a known function (referred to as the link function),
and w € R” is the vector of unknown parameters. When p(-) is invertible, this class of models is
called generalized linear models (GLMs). GLMs are commonly used in statistics and are often
viewed as flexible generalizations of linear regression. Given n measurements (samples) from
this model, D = {(x;, y;)|1 < i < n}, the goal is to estimate the parameter vector w. While the
model parameters are assumed to be unknown, in many applications these parameters follow certain
structures (sparse, low-rank, group-sparse, etc.) The knowledge on this structure can be used to
form more accurate estimators.

The main contribution of this thesis is to provide a precise performance analysis for convex
optimization programs that are used for parameter estimation in two important classes of single-
index models. These classes are: (1) phase retrieval in signal processing, and (2) binary classification
in statistical learning.

The first class of models studied in this thesis is the phase retrieval problem, where the goal is to
recover a discrete complex-valued signal from amplitudes of its linear combinations. Methods
based on convex optimization have recently gained significant attentions in the literature. The
conventional convex-optimization-based methods resort to the idea of lifting which makes them
computationally inefficient. In addition to providing an analysis of the recovery threshold for the
semidefinite-programming-based methods, this thesis studies the performance of a new convex
relaxation for the phase retrieval problem, known as phasemax, which is computationally more
efficient as it does not lift the signal to higher dimensions. Furthermore, to address the case of
structured signals, regularized phasemax is introduced along with a precise characterization of the
conditions for its perfect recovery in the asymptotic regime.

The next important application studied in this thesis is the binary classification in statistical learning.
While classification models have been studied in the literature since 1950’s, the understanding of
their performance has been incomplete until very recently. Inspired by the maximum likelihood
(ML) estimator in logistic models, we analyze a class of optimization programs that attempts to find
the model parameters by minimizing an objective that consists of a loss function (which is often

inspired by the ML estimator) and an additive regularization term that enforces our knowledge on



the structure. There are two operating regimes for this problem depending on the separability of the
training data set . In the asymptotic regime, where the number of samples and the number of
parameters grow to infinity, a phase transition phenomenon is demonstrated that happens at a certain
over-parameterization ratio. We compute this phase transition for the setting where the underlying
data is drawn from a Gaussian distribution.

In the case where the data is non-separable, the ML estimator is well-defined, and its attributes have
been studied in the classical statistics. However, these classical results fail to provide reasonable
estimate in the regime where the number of data points is proportional to the number of samples.
One contribution of this thesis is to provide an exact analysis on the performance of the regularized
logistic regression when the number of training data is proportional to the number of samples.
When the data is separable (a.k.a. the interpolating regime), there exist multiple linear classifiers
that perfectly fit the training data. In this regime, we introduce and analyze the performance of
"extended margin maximizers" (EMMs). Inspired by the max-margin classifier, EMM classifiers
simultaneously consider maximizing the margin and the structure of the parameter. Lastly, we
discuss another generalization to the max-margin classifier, referred to as the robust max-margin
classifier, that takes into account the perturbations by an adversary. It is shown that for a broad
class of loss functions, gradient descent iterates (with proper step sizes) converge to the robust

max-margin classifier.
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Chapter 1 1

INTRODUCTION

In this chapter, we provide an overview of the results presented in the thesis. The recovery of
discrete signals from a number of their samples (or measurements) has become the main challenge
in various disciplines, including communication theory and signal processing, parameter estimation
in statistics and machine learning, analysis of financial data, and genome sequencing. This challenge
mainly arises due to the unknown factors in the measurement system as well as the presence of loss
and distortions. To address this challenge, there have been many attempts to understand, design, and
even simplify the measurement systems, with the goal of having an analyzable model that captures

the main aspects of the real-world phenomenon.

Once this mathematical description is available, the recovery problem reduces to tuning the
parameters of the model such that it generates the best (possible) output when compared to the
measured values. The latter problem has been studied in the optimization theory, where the best

choice is translated into minimizing (or maximizing) an objective function that takes its values in an
ordered fieldT]

This thesis focuses on a specific class of nonlinear models where the model output is related to a
linear combination of its inputs through a link function. Let x € R” (or x € C? for phase retrieval)
denote the input signal, and y be the model output. The posterior mean of the generated output

takes the following form,

Ely[x] = p(x"w), (1.1)

where p : R — R is a known function (referred to as the link function), and w € R? (or w € C?
for phase retrieval) is the vector of unknown parameters. The goal is to estimate the unknown

parameters, w, Given n measurements (samples) from this model, D = {(x;, y;)|1 < i < n}.

When the link function is invertible, resulting models are called generalized linear models (GLMs).
In statistics literature, GLMs are viewed as generalizations of linear regression with an additional
flexibility of choosing a link function. The underlying assumptions for classical linear regression

are normality, homoscedasticity, and linearity, i.e., the errors are normally distributed, the error

lan ordered field is a field together with a total ordering



variances are constant and independent of the mean, and the systematic effects combine additively.
However, there are many situations where these assumptions are far from being satisfied. Therefore,
GLMs have been introduced to extend the scope of linear models. The term was coined in 1972 by
Nelder and Wedderburn [96]], and their main idea was to formulate linear models for a transformation

of the mean value while keeping the observations untransformed [90].

In this thesis, we investigate the performance of the solutions of optimization problems to recover the
underlying parameters. Our main focus will be on the class of convex programs where the objective
function and the constraint set are both convex. Due to certificates of optimality that accompany their
solutions, these programs are often very appealing for theoretical analyses. Moreover, assuming the
convex constraint set is efficiently described, there are numerical methods that can find the optimal
solution with a total number of computations that is bounded by a polynomial function of the input

dimension (see e.g. [77]).

In general, to recover a p-dimensional signal, one needs to acquire at least p pieces of information,
i.e., the number of measurements needed is at least O(p). However, in many applications in
machine learning, signal processing, statistics, etc., the underlying signal has certain structure
(sparse, low-rank, finite alphabet, etc.), opening of up the possibility of recovering it from a number
of measurements smaller than the ambient dimension, i.e., n < p. Understanding the role of this
structure and finding ways to incorporate it into the optimization framework has been a very active
area of research in the past two decades. The conventional methods add a penalty (regularization)
function which enforces our prior knowledge on the structure [132]. These methods have been
successfully used in various applications. However, the theoretical understanding of their success
has been quite a challenge, and it was achieved years later mainly by the emergence of the field

"Compressed Sensing" [43]].

Initial theoretical results focused on analyzing the performance of optimization programs for
the recovery of sparse signals [26| 46| 30], where {; norm has been used to induce the sparse
solution. Also, efficient numerical algorithms, such as orthogonal matching pursuit [134], have
been introduced for the problem of sparse signal recovery. Later on, using analogous techniques the
problem of low-rank matrix recovery has been analyzed [107,29], where nuclear (trace) norm (|| - ||..)
was used as a convex surrogate for the rank minimization. Chandrasekaran et al. [[33]] introduced a
unified framework of atomic norm minimization where structured signals can be written in terms of
a linear combination of a few simple building blocks (the so-called "atoms".) As a consequence of
such theoretical understandings, using (non-smooth) regularization functions became very common

in numerous applications.



While these initial results provided great theoretical insights on the required number of measurements
for signal recovery in linear inverse problems, the resulting upper bounds (i.e., sufficient recovery
conditions) were often not tight. Hence, finding lower bounds (i.e., necessary conditions) on the
required number of measurements has become the next challenge. Sharp results on the recovery
threshold of structured signal recovery in linear inverse problems have been first derived by
Stojnic [[121] and Amelunxen et al. [7]. Also, around the same time sharp theoretical results on
least-sqaures with ¢; regularization (a.k.a. LASSO) have been studied [13} 45]. More recently,
sharp analyses for more general class of loss functions and regularizers (M-estimators for linear

measurements) have been provided [42,|129].

Inspired by these results, in this thesis we study the precise performance of convex optimization
problems for signal recovery in two specific examples of nonlinear models. Our theoretical
assumptions are similar to the ones used in the analyses of linear inverse problems. However, the loss
functions and the resulting optimizations have been formulated based on the measurement schemes
in each application. The two classes of problems that will be extensively studied in the remaining of
this thesis are: (1) structured signal recovery in phase retrieval, and (2) linear classification with
structured parameters. Each of these applications falls into the category of single-index models
introduced earlier. For the phase retrieval problem, it is often assumed that the input vector x
and the parameter vector w are both complex-valued, and the link function is the absolute value
function, p(z) = |z|. For binary classification the output, y, is the class label, and the link function

determines the probability of the output being +1. In this case there are multiple choices for the

1

link function, the most popular of which is the sigmoid function p(4) = ==

We provide more

detailed explanation of the results presented in the thesis in the next section.

1.1 Contributions and Organization
The technical contents of the thesis are divided into two main parts, where in each part we study one

of the problem classes introduced above.

Structured signal recovery in phase retrieval

The fundamental problem of recovering a signal from magnitude-only measurements is known as
phase retrieval. It has a rich history and occurs in many areas in engineering and applied sciences
such as medical imaging [6]], X-ray crystallography [93]], astronomical imaging [52], and optics [[144].
In most of these cases, measuring the phase is either expensive or even infeasible. For instance, in
some optical settings, detection devices like CCD cameras and photosensitive films cannot measure

the phase of a light wave and instead measure the photon flux. Due to the loss of important phase



diffraction patterns

source
P/Sample phase plate

Figure 1.1: An example of a setup for phase retrieval using masks (courtesy of ). The phase
plate applied after the sample modulates the spectrum.

information, signal reconstruction from magnitude-only measurements can be quite challenging.
Therefore, despite a variety of proposed methods and analysis frameworks, phase retrieval still faces

fundamental theoretical and algorithmic challenges.

In Chapter 2] the phase retrieval problem is introduced mathematically. Consequently, we provide
discussions on challenges (due to ill-posedness) in signal recovery as well as commonly-used
methods to solve this problem. While the conventional methods mainly focus on solving the
original non-convex formulation of the phase retrieval, recently convex methods have gained
significant attention to solve this problem. The first convex-relaxation-based methods were based
on semidefinite programs (SDPs) and resorted to the idea of lifting the
signal from a vector to a matrix to linearize the quadratic constraints. After introducing this convex
formulation, known as PhaseLift, we focus on a more efficient optimization algorithm for solving
the phase retrieval problem. For this, we define a Riemannian manifold of the points that satisfy
phaseless Fourier measurements (this manifold is referred to fixed norms manifold). By analyzing
the first and second order geometry of this manifold, a novel approach based on Riemannian gradient
is proposed. Numerical simulations demonstrate that this approach outperforms the others in speed

and accuracy.

Chapter [3]investigates the performance of signal recovery by solving an SDP for the Fourier phase
retrieval, where the measurement vectors are rows of the discrete Fourier transform. We further
assume that only low-frequency measurements are available to us (the problem of signal recovery
from low-frequency measurements is known as super-resolution). The results presented in this
chapter provide a flexible measurement scheme using masks, under which the signal recovery is

guaranteed through solving the SDP. The flexible masks design can actually be implemented in



real-world applications. Figure[I.1] courtesy of [23]], shows an example of modulating the signal in
an X-ray imaging setting. We provide a discussion in this chapter on how to implement the proposed
masking scheme in two applications, coherent diffraction imaging (CDI) and direction of arrival

estimation.

Chapter [ investigates the recovery threshold for the (real-valued) signal through solving an SDP
(PhaseLift) in a setting where the measurements are drawn from a sub-Gaussian distribution. We
analyze this problem as a special example of low-rank matrix recovery from quadratic measurements.
The recovery threshold is established via a universality result that demonstrates equivalence to
another problem where the measurements are independently drawn from an isotropic Gaussian

distribution.

While the convex nature of their formulation makes them appealing for theoretical analysis, semidef-
inite relaxation squares the number of unknowns which makes these algorithms computationally
inefficient, especially in large systems. Therefore, multiple researchers attempted to find other
alternatives to these methods. We should also note that methods based on non-convex optimization

are often complex for precise theoretical analysis and recovery guarantees.

In Chapter [5| we focus on analyzing a recently proposed convex-optimization-formulation for
the complex phase retrieval problem known as PhaseMax where the constraint set is obtained by
relaxing the non-convex equality constraints in the original phase retrieval problem to inequality
constraints. Our results in this chapter provide the first exact analysis of the phase transition
of (complex-valued) PhaseMax. Consequently, Chapter [6| addresses the problem of structured
signal recovery by introducing regularized PhaseMax and analyzing its performance. When the
measurement matrix has i.i.d. Gaussian entries, it is shown that this method is indeed order-wise
optimal, allowing perfect recovery from a number of phaseless measurements that is only a constant

factor away from the optimal number of measurements required when phase information is available.

Binary classification with structured parameters

Machine learning models have been very successful in many applications, ranging from spam
detection, face and pattern recognition, to the analysis of genome sequencing and financial markets.
However, despite this indisputable success, our knowledge on why the various machine learning
methods exhibit the performances they do is still at a very early stage. To make this gap between the
theory and the practice narrower, researchers have recently begun to revisit simple machine learning
models with the hope that understanding their performance will lead the way to understanding the

performance of more complex machine learning methods.
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Figure 1.2: An example of a separable data set with the hyperplane corresponding to the max-margin
classifier. The points that are closest to the hyperplane are called support vectors.

Linear classification is an important building block for most modern machine learning models.
Researchers have studied this problem since the 1950’s, with the goal of finding "optimal" parameters
of the model that separates the two classes of data. In Chapter [7, we mathematically set up the
problem by showing that the parameters of the classifier can be derived by solving an optimization
problem consisting of a loss function and an additive regularization term, where the loss function
is often inspired by the maximum-likelihood estimator, and the regularization term enforces the
structure of the vector of parameters. This optimization problem exhibits two different behaviors
depending on the separability of the training data set. Our results in this chapter give the asymptotic
condition for the separability of the training data set when the data points are drawn from a Gaussian

distribution.

After characterizing the exact phase transition which separates the problem into two different
regimes of operations, we investigate the performance in each case. In Chapter [§| we investigate
the performance of the solution to the optimization problem when the data set in inseparable. In this
regime we form the regularized logistic regression and characterize the performance of its unique

solution.



In Chapter [0, we study the behavior of the optimization when the data is separable. In this
interpolating regime, there are multiple classifiers that perfectly fit the training data. By studying
their generalization error, Vapnik has provided an upper bound which is inversely proportional to
the minimum distance of the points to the separating hyperplane (a.k.a. the margin). Therefore, the
max-margin classifier has been introduced as the "optimal" classifier. Figure shows an example
of a max-margin classifier on a separable 2-D data set. Inspired by the max-margin classifier, we
introduce the Extended Margin Maximizer (EMM) which takes into account the structure of the
underlying parameter as well as the minimum distance of the data points to the separating hyperplane
(a.k.a. the margin). We provide sharp asymptotic results on various performance measures (such as
the generalization error) of EMMs and show that an appropriate choice of the potential function can

in fact improve the resulting estimator.

Finally, in Chapter [10| we introduce a new classifier, referred to as the robust max-margin classifier
which incorporates the presence of adversarial perturbations. We show that the proposed classifier
is the solution to a saddle-point optimization problem. Our main result in this chapter establishes
that for a broad class of loss functions, gradient descent algorithms (with properly-tuned step sizes)

converge to the robust max-margin classifier.

1.2 Notations

We gather here the basic notations that are used throughout this writing.

Bold face lower case letters are reserved for vectors and bold face upper case letters are used for
matrices. For a vector v, v/ is its transpose, v; denotes its i entry and ||v|| p is its [, norm, where
we often drop the subscript for p = 2. For a scalar ¢t € R, (7). = max(z,0) denotes its positive part,
and SIGN(7) indicates its sign. The set of symmetric (or Hermitian) matrices are denoted by S”,
and tr(-) denotes the trace of a square matrix (i.e., sum of its diagonal entries). I; represents the
identity matrix in dimension d. omax (M) denotes the maximum singular value of the matrix M. 04
and 1, respectively represent the all-one and all-zero vectors in dimension d. We use calligraphy

letters for sets. For set S, cone(S) is the closed conical hull of S.

1
For a complex number ¢ € C, the notation R(c) = E(c + ¢*) represents the real part of ¢. Similarly,

the symbol J(c¢) = —(c — ¢*) refers to the imaginary part of ¢ wherein i denotes the imaginary unit,
y > g p ginary
i

ie., i’ = —1. We also have |z| = yzx2 + z52 and Z(z) denotes the phase of the complex scalar
z. For a complex scalar, z € Z, 7 denotes its conjugate, and (-)* is used to denote the conjugate

transpose of a vector.



X ~ px implies that the random variable X has a density py, and E X denotes its expected value.
N (i, 0?) denotes real Gaussian distribution with mean u and variance o->. Likewise, Nc(u, 07%)
refers to a complex Gaussian distribution with real and imaginary parts drawn independently from
Ne(pug, 02/2) and No(ug, 02 /2), respectively. R(20-?) denotes the Rayleigh distribution with the
second moment equals to 202, RAD(p), for p € [0, 1], is the symmetric Bernoulli random variable
which takes the value +1 with probability p and —1 with probability 1 — p. A and 5 represent
convergence in distribution and in probability, respectively.

A function f(-) is said to be L-smooth if its derivative, f’(-), is L-Lipschitz. f : R¢ — R is called
(invariantly) separable, when for all w € R¢, f(w) = le f(w;), for a real-valued function f. For

a function ® : R? — R, the Moreau envelope associated with ®@(-) is defined as,
.1 2
Mgp(v,t) = min —||v—x||” + ®(x), (1.2)
xeRd 2t
and the proximal operator is the solution to this optimization, i.e.,
.1 2
Prox;q()(v) = arg min —|[v —x||* + ®(x) . (1.3)
xeRd 2t

The function ®(-) is said to be locally-Lipschitz if for any M > 0, there exists a constant Ly, such
that,
vu,v e [-M,+M]¢, |®(u) - ®(V)| < Ly |lu—-v]. (1.4)

Finally, for any vector w € R”, the binary classifier associated with wis defined as: Cy : R? — {1},
such that Cy (x) = Sign(w’x).



Part I:

Structured Signal Recovery in Phase Retrieval



Chapter 2 10

PHASE RETRIEVAL: CHALLENGES AND ALGORITHMS

In this chapter, we introduce and study the first application of the single-index models known
as the phase retrieval. Phase retrieval emerges in many applications in engineering and applied
sciences, where measuring the phase is expensive or altogether infeasible. We start by introducing
the phase retrieval problem in Section After mathematically setting up the problem, we discuss
its ill-posedness and present the modern approaches to solve the problem based on imposing a prior
(e.g. sparsity) or exploiting additional measurements. Consequently, in section [2.2] we discuss
the recovery algorithms by first explaining the Gerchberg-Saxton (GS) algorithm [56]] which is a
conventional method based on alternating minimization. Consequently, we shift our attention to
convex programs by introducing the PhaseLift method which is a convex-optimization formulation

of the phase retrieval based on semidefinite programming [23].

In Sections [2.3] we suggest a novel Riemannian optimization approach for solving the Fourier
phase retrieval problem by studying and exploiting the geometry of the problem to reduce the
ambient dimension and derive extremely fast and accurate algorithms. We reformulate the problem
as a constrained problem on novel Riemannian manifold, referred to as the fixed-norms manifold.
Deriving the first-order geometry of this manifold in closed form allows the design of a highly
efficient optimization algorithm which is presented in Section 2.4, Numerical simulations in
Section [2.5] suggests that the proposed approach outperforms conventional optimization-based
methods both in accuracy and convergence speed. The results presented in this section are available
in the research paper [47] by Douik et al[T, and some of the texts appear as it is in the publication.

2.1 Motivations and Problem Setup

The fundamental problem of recovering a signal from magnitude-only measurements is known as
phase retrieval. This problem has a rich history and appears in many areas in engineering and
applied physics, such as astronomical imaging [52], X-ray crystallography [93]], medical imaging (6],
and optics [144]. In most of these cases, measuring the phase is either expensive or even infeasible.
For instance, in some optical settings, detection devices like CCD cameras and photosensitive films

cannot measure the phase of a light wave and instead measure the photon flux.

'A. Douik, F. Salehi, and B. Hassibi. “A Novel Riemannian Optimization Approach and Algorithm for Solving the
Phase Retrieval Problem.” In: Proc. of the 53rd Asilomar Conference on Signals, Systems, and Computers, Asilomar,
CA, USA. Vol. 1. 1. Nov. 2019, pp. 1962—-1966.



Let xp € C" denote the underlying signal. We consider the phase retrieval problem with the goal of

recovering Xy from m magnitude-only measurements of the form,
bi=la'xel, i=1,...,m, 2.1)

where we assume that {a; € C"}" is the set of known measurement vectors. Originally, the phase
retrieval problem has been introduced in applications such as coherent diffraction imaging and
optics, where the measurements correspond to the Fourier transform of the underlying signal, i.e.,
the measurement vectors are the rows of the DFT matrix. In more recent applications, more general
settings become feasible for the measurement vectors. As an example, [82]] designed a measurement
framework using a random dielectric metasurface diffuser (MD) where the MD can be designed to

have scattering matrix, with certain properties.

Given the measurements, the phase retrieval problem can be formalized as the following optimization:

find X
(2.2)
subjectto: |a¥x|=b;, 1 <i<m.
Identifiability
We first note that there is a trivial ambiguity due to global phase change, which cannot be identified
in the phase retrieval problem. To resolve this, one can assume, without loss of generality, that the

first entry of the signal is real-valued.

When the number of measurements, m, is the same as the number of unknowns n (e.g. Fourier
phase retrieval), the available data is highly incomplete. In fact, for any given Fourier magnitude,
the Fourier phase can be chosen in an n-dimensional set, and distinct phases result in distinct signals.
For Fourier phase retrieval, it is well known that the phase often contains more information than the

Fourier magnitude. Therefore, the Fourier phase retrieval is a highly-illposed problem.

To compensate on this ill-posedness of the phase retrieval problem, and inspired by the recent
developments in measurement technologies, researchers have investigated new approaches for the

phase retrieval problem which can be categorized into the following two main streams:

(1) Imposing prior information: When the number of measurements are not enough to uniquely
determine the underlying signal, one can often enforce certain structure(s) on the underlying
signals. Imposing such structures reduces the "effective dimension" (a.k.a. degrees of freedom)

of the underlying signal and reduces the ill-posedness of the phase retrieval problem. The most
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popular example of a structure is the sparse structure, when it is assumed that the underlying
signal is sparse (with few non-zero entries). Inspired by the recent advances in the area of
compressed sensing [26| 43], researchers have recently analyzed recovery algorithms for the

sparse phase retrieval.

(i1) Additional measurements: The abovementioned ill-posedness arises due to the fact that the
number of Fourier measurements (n) is less than the number of 2n — 1. Therefore, when no
structure is present, having additional measurements is inevitable to uniquely identify the
signal. However, when m > n, many of the measurement vectors can no longer form an

orthonormal basis. There are two main approaches to introduce additional measurements:

a) Fourier measurements: A widely-used method to acquire additional Fourier measurements

is to use multiple masks and measure the Fourier transform of the masked signal.

b) Random measurements: Another popular approach is to consider the setting in which

the measurment vectors are drawn randomly from a distribution.

We will see examples of both of these approaches in the remaining of this chapter.

To conclude this section, we state the following result from Jaganathan et al. [68] on the identifiability

of the signal in sparse phase retrieval.

Theorem 1 (Theorem 2.1 in [|68]]). Let Sy represent the set of all k-sparse signals with aperiodic

support, where 3 < k < n — 1. Almost all signals in Sy can be uniquely recovered.

2.2 Recovery Algorithms

Phase Retrieval is a classical problem, and various algorithms have been proposed to tackle this
problem in the identifiable regime. The conventional algorithms focus on the Fourier setting
where the measurements are the magnitude of the Fourier transform of the underlying signal. The
conventional methods focus on solving the non-convex optimization via iterative updates. The
Gerchberg-Saxton [56] is a widely-used algorithm for Fourier phase retrieval in practice based on

the alternating projections.

GS starts by adding n non-zero entries to the underlying signal x. Define & € C?" such that %; = x;

fori=1,2,...,n,and X; = 0 for i > n. The GS considers the 2n-DFT measurements of X.

In a consequent work, Fienup [53]] has improved the Gerchberg-Saxton algorithm by imposing
additional constraint on the signal. Despite great success in practical application, rigorous theoretical

analyses are not available for these methods.
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Algorithm 1 GS Algorithm
Require:
F € C*™2": 2n-DFT matrix
b = |FX|: Magnitude of the discrete Fourier measurements
Ensure: x € C": Estimate of the underlying signal
Initialize x(© randomly, < 0
while 7 < T do
Compute the Fourier transform y*) = Fx(*)
Impose measurement constraints y}’) = SIGN(yl.(t)) b;,, fori=1,2,...,2n.
Compute the inverse Fourier transform, x(*1) = F~1§®
Set values equal to zero: xf”l) =0fori=n+1,...,2n.
te—1t+1
end while
return x)[1 : n]

SDP-based methods

More recently, methods based on convex optimization have gained significant attentions to solve the
phase retrieval problem. Due to the convex nature of their formulation, these algorithms usually
have rigorous theoretical guarantees. These methods are mainly based on semidefinite programming
by linearizing the resulting quadratic constraints using the idea of lifting 27, 57,142,143} 25, 11}
101} 8L 167].

By lifting the optimization variable, X, one can rewrite the measurement in terms of the lifted

variable, X = x*x as follows:

b? = |a¥x|> = a¥xx*a; = tr(a¥Xa,) = tr(X(a;a})) = tr(XA)),

where A; € S” is defined as A; = aial?‘. Using this lifted formulation, one can rewrite the phase

retrieval problem as,

find X
Xesn
H = 2 | =
s.t. tr(XA) =b;, for i=1,2,...,m (2.3)
rank(X) =1
X>0.

Or, equivalently, it can be written as,
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min  rank(X)
Xes®

s.t. tr(XA)) = bt-2 , for i=1,2,....m (2.4)

X>0.
Note that (2.3)) and (2.4)) are still non-convex optimization programs since rank(-) is a non-convex
function. The problem of finding a minimum rank solution among symmetric (Hermitian) matrices

that satisfy linear constraints has been studied extensively. A promising approach considers a

convex-surrogate for the rank(-) function which is known as nuclear (or trace norm), and defined as:
n

1X]]. = )" 03(X), 2.5)
i=1

and for hermitian matrices ||X||. = tr(X). Therefore, the following semidefinite program is derived

by replacing the rank(-) function with the nuclear norm.

in (X
w0
st. wr(XA) =b7, for i=1,2,....,m (2.6)

X>0.

Finding the solution to the phase retrieval by solving the optimization problem (2.6)) is often known
as the PhaseLift method [23]].

2.3 A Novel Approach Based on Riemannian Optimization for Solving the Phase Retrieval
Problem

Despite the success of semidefinite programs in solving the phase retrieval problem and the

theoretical guarantees and recovery thresholds that follow, these methods are often computationally

expensive. Semidefinite relaxation squares the number of unknowns which makes these algorithms

computationally complex, especially in large systems. This caveat makes these approaches intractable

in real-world applications.

In many applications of the phase retrieval problem, a subset of phaseless measurements is obtained
from an orthonormal basis. For example, the Fourier phase retrieval problem reconstructs a signal
from phaseless measurements of its discrete Fourier transform. This particular structure of the
phase retrieval problem allows its reformulation as a constrained optimization problem wherein

the constraint set is represented by an orthonormal basis. In this section, we suggest exploiting the
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problem structure to reduce the dimension of the problem and design fast recovery algorithms using
Riemannian optimization techniques. To this end, we introduce a new manifold, referred to as the
"fixed norms" manifold, which generalizes the complex sphere S"~!. The results presented in this

section have been published in the research paper [47] by Douik et al?]

Some of the concepts in Riemannian geometry as well as optimization algorithms that are related to
our analysis will be reviewed. For a thorough introduction to these concepts, readers are referred
to the standard texts [[16] for differential geometry, [|83]] for abstract manifold, [105] and [74] for

Riemannian geometry, and [4]] for optimization on matrix manifolds.

Setup
Let x € C" be a complex vector of dimension n and assume that the m observations are obtained by
\Vb; = lajx|, 1 < i < m with the sensing vectors a; € C". Considering a smooth loss function ¢, the

phase retrieval problem can be formulated as
m
min Zlf(la,-xl, Vbi) . 2.7)

Without loss of generality, assume that the first k observations are obtained from an orthogonal
basis, say the discrete Fourier transform for k = n. In other words, matrices A; = a;a;, 1 <i <k
are non-negative orthogonal projection matrices that collectively span the whole ambient space C”",
e, Ai =A% AA; =6;;A;and T A =1,

The Riemannian optimization formulation for the phase retrieval problem
The unconstrained optimization of the phase retrieval problem in (2.7) can be formulated as a

constrained optimization as follows:

min > £(lapxl, vb) (2.82)
i=k+1
st larx|=vbi, 1<i<k. (2.8b)

Clearly, the modulus equality constraint |a;X| = \b; of (2.8) is equivalent to the quadratic constraint
x‘a;a’x = bl.z. Define the matrices A; = a;a;, 1 < i < k. From the previous assumptions on

the system model, the set of matrices {Ai}l’.‘:l are non-negative orthogonal projection matrices

2A. Douik, F. Salehi, and B. Hassibi. “A Novel Riemannian Optimization Approach and Algorithm for Solving the
Phase Retrieval Problem.” In: Proc. of the 53rd Asilomar Conference on Signals, Systems, and Computers, Asilomar,
CA, USA. Vol. 1. 1. Nov. 2019, pp. 1962-1966.
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that collectively span the whole ambient space C". In other words, for all 1 < i, j < k, we have
A =A%, A/A; = 6;;A; and Zle A; = I,. Let M denote the set of solutions to the optimization
problem (2.§),i.e., M ={x e C" | x*A;x = b;, 1 <i < k}, called herein the fixed norms manifold.

The optimization problem can then be expressed as,
m
min ;lfuaim, Vbi) . (2.9)

Background on Riemannian manifold and optimization

A Riemannian manifold (M, g) is a real smooth manifold M embedded in the Euclidean space
& and equipped with a Riemannian metric g. For a point x € M, the tangent space is denoted by
TxM. For tangent vectors & and 75 in x M, the restriction of the Riemannian metric gy to x M
is denoted by gx(&x, 7x) = (&x, x)x- Similarly, the norm of & € 7xM is defined and denoted by

||§x||x =y <§x,fx>x-

For a real and smooth function f : M — R, the directional derivative of f at the point x € M
in the direction & € 7xM is denoted by Df(x)[éx]. The function that associates to each &
the directional derivative D f(x)[&x] is called the indefinite directional derivative of f at x. The
Euclidean and Riemannian gradients of f at x € M are denoted by Grad f(x) and grad f(x),
respectively. Similarly, the Euclidean and Riemannian Hessian of f at the point x € M in the
direction & € 7xM are denoted by Hess f(x)[&x] and hess f(x)[&x], respectively. For a single

variable function y (), we use the shorthand notation y(7) to denote the first order derivative 62—?).

Given a Riemannian connection V on M and an interval 7 C R containing 0, a geodesic curve
v : I — M going through x € M in the direction & € TxM, i.e., ¥(0) = x and y(0) = &, is
denoted by yx¢ (f). The geodesic yx ¢, (f) defines the Exponential map Exp, : XM — M by
Expy (&) = yxn (D).

Properties of fixed norms manifold

Given a set of k non-negative and orthogonal n X n projection matrices {Ai}f‘:1 over the complex
field C, i.e., A; > 0 and A;A; = §;;A; forall 1 <1i,j < k, satisfying Zf:l A; =1, and k positive
real numbers {bi}f‘zl € R4, the fixed norms manifold is defined by

M={xeC"|xAx=b;, | <i<k}. (2.10)

The linear approximation of the manifold at each point is known as the tangent space. The following

result characterizes the tangent space of M.
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Lemma 1. The set M is a well-defined real manifold of dimension 2n — k embedded in R" x R",

which is isomorphic to C", and whose tangent space at x € M is given by

TaM = {& e C" | R(EAx) =0,1 <i < k}. (2.11)

The restriction of the real Riemannian metric g to 7x M is defined by

1
(€x>Mx)x = ‘R(fﬁﬁ?]x) = E(fznx + n;fx)’ (2.12)

which turns (M, g) into a real smooth Riemannian manifold.

The result of Lemma|I| will be used to derive an efficient first-order iterative optimization method
to solve the optimization problem (2.9). Tangent spaces play an important role in Riemannian
optimization in the same fashion that derivatives of smooth functions play a crucial role in numerical

optimization.

The normal space is the orthogonal complement of the tangent space with respect to the Riemannian

metric. For the fixed norms manifold, the normal space has the form

k

i=1

This is due to the fact that for any tangent vector & € 7x M, we have the following,

=~

1 k
)= 5 Zl @ (EAX+XA%) = ) aR(EAX) =0,

i=1
where the last equality is from the (2.11)). Proceeding onwards, we can now derive a closed-form for

the orthogonal projections onto the normal space and the tangent space.

For an aribitrary vector y € C", the projections onto the tangent space 7xM and the normal space

NxM, respectively denoted by Ik (y) and I1; (y), are given by

ko1
Ix(y) =y - Z 2_b(y*AiX +X'Ay)AX, (2.14)
i=1 !
LI |
I (y) = %(y*Aix +XAjy)AX . (2.15)

i=1

Another important concept in Riemannian manifolds is geodesics, which generalizes the concept
of straight lines in a Euclidean space. Here we state the following lemma without proof which

represents the geodesic curve of the fixed norms manifold.
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Lemma 2. The geodesic curve yx ¢ : R — M going through x € M in the direction éx € TxyM is
given by
a ExAilx bi ExAidx

t) = cos|\| —t |Ax+ sin
Txet) ; [ b; ExAiéx b;

t|Ax] (2.16)

The reader can refer to Lemma 2 in [47/] for the proof.

The exponential map is a function from a subset of a tangent space 7xM to the manifold M that
associates to each tangent direction & in the neighborhood of 0y a geodesic curve y : R - M
going through x € M in the direction & € TxM, i.e., y(0) = x and y(0) = &. A manifold is said to
be geodesically complete if the domain of its exponential map is the whole tangent space.

2.4 Proposed Algorithms for Phase Retrieval
Now that we characterized the tangent space, the only remaining ingredient for our Riemannian
optimization algorithm is a retraction, a mapping from the vectors in the tangent space to the points

on the manifold.

Mapping from the tangent space to the manifold

After obtaining the descent direction —grad f(x’), the unconstrained optimization algorithms update
the point by x'*! = x’ — p’grad f (x'), y' is a (time-varying) step size. However, on Riemannian
manifolds, such point may lie outside the manifold. The natural approach is to move along the
geodesic in x’ in the direction —u'grad f (x'), i.e., to use the Exponential map for the update by
setting x'*! = Exp,. (—u'gradf (x")). However, evaluating this map for the fixed norms manifold is
computationally intensive to calculate. Therefore, to improve the efficiency of the algorithm, instead
of moving along the geodesic, one needs to move on a curve that only preserves the gradient at x’.

This is accomplished by the concept of a retraction defined below

Definition 1 (Retraction). A retraction Ry is a mapping from IxM to M that satisfies the following

properties:

1. Centering Property: Rx(0x) =X

- ORx(t6x)
2. Local Rigidity Property: 5 o= Ex

The choice of a computationally efficient retraction is a crucial step in designing highly efficient

Riemannian optimization algorithms. [4] provides a way of constructing a retraction by exploiting
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the Euclidean structure of the embedding space. Following the same approach, we design a highly

efficient first-order retraction on the fixed norms manifold:

k bi
Rx(érx) = —*Ai (X +§X) .
; bi +§xAi§x

Riemannian steepest descent algorithm

(2.17)

After introducing the efficient retraction in (2.17), we are now ready to use this to present the

Riemannian steepest descent optimization algorithm on the embedded fixed norms manifold where

the steps are summarized in Algorithm 2]

Algorithm 2 Gradient Descent on the Fixed Norms Manifold

Require:
M: Fixed norms manifold
{(+): The loss function
V{: Gradient of the loss

- Initialize x € M.
while V£*(x)V{(x) > € do
- Compute search direction

k

& = VE(x) — L(Vﬁ* (X)A;x +x"A; VL(x))A;x

= 2bi

- Find Armijo step size a using Backtracking.

k b;
- Update x = A (X+ady).
pite X = 3 |7t A (x

end while
return x
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2.5 Numerical Simulations

In this section, the convergence time and accuracy of the proposed Riemannian gradient descent
and conjugate gradient algorithms on the fixed-norms manifold (Algorithm [2)) are compared to
state-of-the-art unconstrained, e.g., trust-region, and constrained, e.g., interior point and active
set, optimization methods. For the empirical simulations, we generate the underlying signal
Xopt as a random complex Gaussian vector and all algorithms are initialized with x such that

E||X — Xopt|[5 = 2n02.

1

10

—©— Trust-Region Method

Active-Set Method

Interior—Point Method

—e— Riem. Grad. Des.

—+— Acc. Riem. Grad. Des.
Riem. Conj. Grad.

g —*— Acc. Riem. Conj. Grad.

Convergence Time in Seconds (s)

1072 i i i i

-5 0 5 10 15
Per dimension variance of the distance to the optimal in dB

Figure 2.1: Comparison of the running time (in seconds) of different constrained and unconstrained
optimization algorithms for solving the Fourier phase retrieval. The horizontal axis represents the
inverse of the standard deviation (o) in dB.

Figure [2.1] depicts a comparison of the running time of the different algorithms in solving the
Fourier phase retrieval problem. It can be seen from the figure that the proposed algorithms on the
fixed norms manifold systematically run faster than all other tested algorithms with an average of
50 - 100 fold gain. Furthermore, it can be observed in Figure that optimizing over the fixed
norms manifold provides significantly higher accuracy, or equivalently a lower loss. As an example,
for a o equal to 5-dB, the achieved accuracy by the conjugate-gradient on the fixed-norm manifold is
7 order of magnitude higher than the best accuracy achieved by other tested algorithms. Therefore,
properly exploiting the geometry of the problem, the proposed algorithm outperforms traditional

optimization-based methods both in accuracy and convergence speed.
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Figure 2.2: Comparison of accuracy of different constrained and unconstrained optimization
algorithms in reconstructing the solution of the Fourier phase retrieval. The horizontal axis
represents the inverse of the standard deviation (o) in dB.
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Chapter 3 22

MULTIPLE ILLUMINATIONS PHASELESS SUPER-RESOLUTION

Phaseless super-resolution is the problem of recovering an unknown signal from measurements
of the "magnitudes" of the "low frequency" Fourier transform of the signal. This problem arises
in applications where measuring the phase and making high-frequency measurements are either
too costly or altogether infeasible. The problem is especially challenging because it combines
the difficult problems of phase retrieval and classical super-resolution. It has been shown that by
appropriately "masking" the signal, and obtaining measurements of the masked signals, one can
uniquely and robustly identify the phase using semidefinite programming. This is particularly useful
as, upon recovering the phase, the problem will reduce to the classical super-resolution problem for

which the performance has been analyzed (see e.g. [28]]).

In this section, we broadly extend the class of masks that can be used to recover the phase and show
how their effect can be emulated in coherent diffraction imaging using multiple illuminations, as
well as in direction-of-arrival (DoA) estimation using multiple sources to excite the environment.
We provide numerical simulations to demonstrate the efficacy of the method and approach. The
results presented in this chapter are available in the research paper [I15][7} and some of the texts

appear as it is in the publication.

3.1 Background and Motivation

It is often difficult to obtain high-frequency measurements in sensing systems due to physical
limitations on the highest possible resolution a system can achieve. As an example, the fundamental
resolution limit in optical systems caused by diffraction is an obstacle to observe sub-wavelength
structures. Super-resolution is the problem of recovering the high-frequency features of the signal
using low-frequency Fourier measurements. In addition, as discussed in the previous chapter, many
measurement systems can only measure the magnitude of the Fourier transform of the underlying
signal, and the fundamental problem of recovering a signal from the magnitude of its Fourier

transform is known as phase retrieval.

Both of the aforementioned reconstruction problems have rich histories and occur in many areas in

'F. Salehi, K. Jaganathan, and B. Hassibi. "Multiple Illumination Phaseless Super-resolution (MIPS) with
Applications to Phaseless DoA Estimation and Diffraction Imaging." In: Acoustics, Speech and Signal Processing
(ICASSP), 2017 IEEE International Conference on. IEEE. 2017, pp. 3949-3953.



engineering and applied physics such as astronomical imaging [106, |52]], X-ray crystallography [93]],
medical imaging [59, 6l 5], and optics [144]]. A wide variety of techniques have been proposed for
super-resolution [[116, 109} 28| 127] and phase retrieval [53,66, 117] problems.

Here we consider the phaseless super-resolution problem, which is the problem of reconstructing a
signal using its low-frequency Fourier magnitude measurements. Our work is inspired by [69]] where
it was shown that using three phaseless low frequency measurements, obtained by appropriately
"masking" the signal, one can uniquely and robustly identify the phase using convex programming
and obtain the same super-resolution performance reported in [28]. While this is a significant result,
due to physical limitations in measuring systems, it is not always possible to generate the mask
matrices required in [69]. The main contribution of this paper is to broadly extend the class of
masks that can be used to recover the phase using convex programming. In addition, we show how
these masks can be implemented in coherent diffraction imaging, using multiple illuminations,

and direction of arrival estimation, using multiple sources to excite the environment.

The remaining of this chapter is organized as follows. In Section 2, we mathematically set up
the reconstruction problem and present our main result. In Section 3, we describe the practical
significance of our result. Section 4 contains the details of the proof. The results of the various

numerical simulations are presented in Section 5.

3.2 Main Result

Let X = [x0,X1,..., X1 ! be a complex-valued signal of length n and sparsity s. Suppose we
have a device that can only measure the magnitude-squares of the 2k + 1 low frequency terms
of the n-point discrete Fourier transform (DFT) of x (one DC term and k lowest frequencies on
either side of it). Clearly, this is not sufficient to generally recover x. The idea of masked phaseless
measurements is to obtain additional information by first masking the signal and then measuring the
magnitude-squares of the 2k + 1 low frequency terms of its n-point DFT. Mathematically, masking a

signal is equivalent to multiplying it by a diagonal "mask" matrix, say D [23, 65].

In fact, more than one mask is necessary if one wishes to recover general signals from such
measurements. Assuming we have r masks, for 0 < / < r — 1, we will represent them by
D; = diag(d;[0],d;[1],...,d;[n—1]). The problem we are interested in is recovering x € C" from

the resulting collection of low frequency masked phaseless measurements, viz.,

find X
s.t. Z[m, 1] = [(£,, Dix)|? (3.1

for —k<m<k, and 0<LI[<r-1,
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where (-, -) is the standard inner product operator, f,, is the conjugate of the m™ column of the
n-point DFT matrix, and Z[m, [] denotes the magnitude-square of the m™ term of the n-point DFT

for the ™ mask. The index m is to be understood modulo 7, due to the nature of the n-point DFT.

There are two main issues that arise with the above problem: (1) designing a set of masks for which
one can (up to a global phase) uniquely, efficiently, and stably identify the signal, and (2) developing
an algorithm that can provably do so. Both these issues were resolved in [69] where it is shown that,

under appropriate conditions, the following three masks
Do=I, , D;=L+DY | D,=1,-iDW, (3.2)
where D' is a diagonal matrix whose diagonal entries are given by
dV[u]l =5, u=0,1,...,n—-1, (3.3)

are sufficient to uniquely identify the rank-one Hermitian matrix, X = xx* by solving the following

convex (semidefinite) program,

min X1
XesSn

s.t. Z[m,1] = tr(D}t,f,D;X)
for —k<m<k, and 0<I<r-1,

X >0.

(3.4)

The above convex program is obtained by the standard method of linearizing a quadratic-constrained
problem by lifting the problem to the rank-one matrix X = xx*, and consequently convexifying it by
relaxing the rank one constraint to a non-negativity constraint. This method has been explained
earlier in Chapter[2.2] Here, since the matrix we want to recover is sparse, the £; norm is used as the

objective function.

While the result of [69] is very nice, in many applications, the masking matrix DV is difficult to
implement. Therefore, it is desirable to have more flexibility in the mask designs so as to permit
more applications. We herein propose a set of 5 flexible masks. The building blocks of these masks

are the diagonal matrices denoted by D@, for0 < q < n— 1, whose diagonal entries are,

dD[u] = 2™, u=0,1,...,n—1. (3.5)
We are now in a position to state the main result of this chapter.
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Theorem 2. The convex program (3.4)) has a unique optimizer, namely X = xx*, and thus x can be

uniquely identified (up to a global phase), if

1. A= min  (t; —t;) mod n > Cn where t;s for 0 < i < k — 1 are the positions of the

0<i,j<s-1,i#j
non-zero entries of X, and C is a numerical constant.

2. Yoks---5Y05---,Yk # 0, where 'y denotes the n-point DFT of X.
3. The following mask matrices are used:

Do=D?P =1, D, =1+DY), D, =1-iDW¥)

(3.6)
D; =I1+D%, Dy;=I-iD¥,
4. q1 and q; are integers that satisfy
ged(q1,q2) = 1, g1l +1qal < 2k. (3.7

As we shall presently see, the masks used in the theorem are easy to implement in both DoA

Estimation and Coherent Diffraction Imaging setups.

3.3 Applications
Phaseless Direction of Arrival Estimation

Consider the planar direction of arrival estimation setup described in Fig.[3.1] Suppose there are

M objects which can reflect waves, with the mh object, for 0 < m < M — 1, located at distance

r, and angle 6,, from the origin. A transmitter positioned at location —% on the x-axis, where

A 1s the transmission wavelength, is used to transmit narrow-band waves with center frequency

fe = %, and a uniform linear array (ULA) consisting of 2k + 1 receivers located along the x-axis at

kA P!
(-K...,0.4,..

deals with estimating 6,,, for 0 < m < M — 1, from the received signal.

, %4y is used for signal detection. The direction of arrival estimation problem

If y denotes the narrow-band vector impinging on the receivers in the frequency domain, then we

can write:
M-1

yk ~ Z (pme—iZIZcrm.)eiﬂ'(k—l)Sl.l’lgm’ (38)

m=0
where p,, is the reflectivity of object m and w. = 2n f, [136]. We refer the reader to section 6.1

of [[64] to follow details of this formulation. If / = 0, then the vector y represents the 2k + 1

25



/% o \

£ P!
O <3 O Cc—=C U
A

WS
N L. WS LR B K2 (KA)/2

X

Figure 3.1: Direction of arrival estimation using a uniform linear array.

low-frequency terms of the Fourier series of a signal having amplitudes p,,e™ ¢ at locations

%. Hence, direction of arrival estimation involves solving the classic super-resolution problem.

Observe that, for an integer ¢, the vector y represents the 2k + 1 low-frequency measurements of the
same signal which is masked by the matrix D(?). Theorem [2, coupled with this critical observation,
enables phaseless direction of arrival estimation.

The mask Dy in Theorem [2] can be implemented by putting an in-phase transmitter at the origin, D
and D3 by using additional in-phase transmitters at —% and —%, respectively, and D, and D4 by
using additional transmitters that have /2 phase difference at those very locations. As a result, if 5
strategically placed transmitters are used for transmission, then there is no need to measure phase
during reception and the angles can be provably recovered by solving (3.4). This is particularly

useful in scenarios where measuring phase reliably is either impractical or too costly.

Remark 1. This idea also extends to the nested array and co-prime array setups described in [102|]

and [137], respectively.

Coherent Diffraction Imaging (CDI)

Consider the planar CDI setup described in Figure 3.2] Let the object and the detector be
perpendicular to the x-axis, located at x = 0 and x = d, respectively, and ¥ (z) denote the one-
dimensional object which we wish to determine. The object is illuminated using a coherent source

incident at an angle 6 with respect to the x-axis.

Detection devices cannot measure the phase of the incoming light waves (the frequency is too high),
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Figure 3.2: A typical Coherent Diffraction Imaging setup.

and instead measure the photon flux. The flux measurements at position z” on the detector, denoted

by I(z’), are well approximated by:

2

1(Z) o / U(2)e T T gy (3.9)
Z

If 6 = 0, then the measurements provide the knowledge of the Fourier magnitude-square of ¢/ (z).
Section 6.2 in [64] presents details of the above formulation. Therefore, diffraction imaging involves
solving the phase retrieval problem. Quite often, the approximation (3.9)) only applies to positions
closer to z = 0. As a result, one needs to solve phaseless super-resolution in order to recover the

underlying object.

Ifo = %, then the measurements correspond to the Fourier magnitude-square of ¢ (z) masked by the
matrix D(?). The equations are identical to those in the direction of arrival setup. Hence, by using 5
strategic illuminations (using sources placed at 8 = 0, %, %), one can provably recover the object

from the low-frequency Fourier magnitude measurements by solving (3.4).

3.4 Proof of Theorem
Let F denote the n-point DFT matrix and F; be the (2k + 1) X N sub-matrix of F, consisting of the
rows —k < m < k (understood modulo N). Define y; = Fyx which simply denote the 2k + 1 low

frequency terms in the n-point DFT of x. The proof involves two key steps:
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1. The matrix yy} is uniquely determined by the set of constraints described in (3.4).

2. Given yy;, the matrix xx* can be uniquely reconstructed by minimizing ||X[|; under the

conditions specified in Theorem [2]

Proceeding onward, we now provide the details for the first step. Consider the following affine
transformation Y = F;XF;. When measurements are obtained using the masks proposed in
Condition 3 of Theorem 2] the affine constraints of (3.4)) can be rewritten in terms of the variable Y
as follows,

Y[m,m] = |lyg[m]|?, for —k<m<k,

Y[(m,m+q] =yi[mly [m+q], for —k<m<k-q, (3.10)
Y[m,m+q2] =ye[mlyi[m+qo],  for —k <m <k -q».
where Y[, c] denotes the entry in row r and column ¢ of the matrix Y. For the sake of brevity, we

omit some of the details here. We refer the interested readers to the proof of Theorem 3.1 in [[69].

As a result of (3.10)), the set of constraints in (3.4) can be viewed as a matrix completion problem in
Y. Next, we define a graph G = (V, &) on the vertices V = {—k,—k +1,...,k — 1, k} with the
edge set & defined such that, for —k < m < k, (m,m — q;) € & and (m,m — q2) € &. In other
words, the graph G contains an edge between vertices i and j if the (i, /)™ entry of Y is fixed by the

measurements. Since /; and [, are co-prime (Condition 4 in Theorem EP, the graph G is connected.

Additionally, every vertex has an edge with itself (i.e., all the diagonal entries are fixed by the

measurements).

The following lemma establishes that under the conditions specified in Theorem [2] the matrix

Y = yry;, is the unique feasible solution.

Lemma 3. Suppose G = (V,E) is an undirected graph on V = {vo,vi,...,vp_1}. For e =
(vi,vj) € &, define A, € C™" as the matrix with all entries zero except for A[i, j], which is equal
to 1. Also, fori =0,1,...,n— 1, define the matrix A; € C"™" as the matrix that is zero everywhere

except for Ali,i], which is equal to 1. Suppose 7 € C" is a vector with all entries being non-zero.
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The matrix Z, = zz* is the unique solution of

find X
XeSn

s, r(AX) = |z[i]|%, for i=0,1,....,n—1
H(AX) = 21l for e = (viv)) € €
X>0

(3.11)

if and only if G is connected.

The proof of Lemma [3]is based on the method of dual certificates. We postpone the detailed proof
to Section

Now that we established the uniqueness of Y; from the result of Lemma [3| we can explain the
second key ingredient of the proof. Note that after finding Y, the problem would reduce to the

classical super-resolution problem.

To apply the theoretical result from the theory of super-resolution, we exploit the fact that Y
corresponds to the 2k + 1 two-dimensional low frequencies of the two-dimensional signal X.
Consequently, this step would be a direct consequence of the two-dimensional super-resolution
theorem in [28]. When Condition 1 in Theorem[2] also known as the minimum separation condition,

holds the optimization program (3.4) uniquely identifies the signal.

3.5 Numerical Results
In this section, the performance of the solution to the optimization problem (3.4) is demonstrated

through numerical simulations. We provide simulation results for both noiseless and noisy settings.

Noiseless setting

We choose n = 40, g1 = 2, and g = 3. The masks {Dg, D, Dy, D3, D4} defined in (3.6)) are used
to obtain phaseless low frequency measurements. Using parser YALMIP and solver SeDuMi, we
simulate 20 trials for various choices of k and A. We generate the indices of the support of the signal
in such a way that the minimum separation condition (i.e. condition 1 in Theorem [2) is satisfied.
Signal values in the support are drawn independently from a standard normal distribution. The
probability of successful reconstruction of the signal by the semidefinite program (3.4)) as a function
of k and A is depicted in Figure[3.3] The white region corresponds to a success probability of 1 and
the black region corresponds to a success probability of 0. The plot shows that successfully
reconstructs signals with high probability when k > %.
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Figure 3.3: Probability of successful reconstruction of the signal by solving the semidefinite
program[3.4] For the numerical simulations, we set n = 20, ¢; = 2, and g, = 3. The empirical result
is based on 20 trials for various choices of k and A, using the masks defined in (3.6).

Noisy setting
A major advantage of semidefinite programming-based reconstruction is robustness to noise. In this
part, we demonstrate the performance of the solution of the optimization program (3.4)) in the noisy

setting.

To test the robustness, here we add an i.i.d. standard normal noise (with appropriate variance) to
each measurement, Z[m, r]. We first solve the program (3.4) by replacing the equality constraints
with appropriate inequality constraints, and obtain the optimizer X. Then, we find its best rank-one
approximation, say XX*. The estimate X is then compared with the true solution x in terms of the
mean-squared error.

We setn =40, g = 2, g» = 3, k = 14, and A = 8. By varying the signal-to-noise ratio (SNR),

& 2
[I%-x]|5
5

we simulate 20 trials and compute the mean-squared error E[
Figure [3.4]

In the logarithmic scale, we see a linear relationship between the mean-squared error and SNR. This

]. The results are depicted in

clearly indicates that the reconstruction is stable in the noisy setting.
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Figure 3.4: Mean-squared error (MSE) as a function of SNR for n =40, g =2, g =3, k = 14, and
A=8.

3.6 Proof of Lemma

The proof is based on the method of dual certificates. We define matrix W € C™" as follows:
W= > W (3.12)
i,j:(vi,v;)e&

where W;;, for 0 < i, j < n — 1, is a matrix defined as follows,

*

Wi =wijwi, wij =z[j]

k

ei—z*[i]ej, (313)

where e; € C" denotes the /™ vector in the standard basis. We will show that W satisfies the

following properties:

1. W>0,
2. WZ=0,

3. rank(W) =n—-1.
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W is a positive semidefinite matrix as it is the sum of W;; where W;; = w; jwfj > 0. In order to

show that properties 2 and 3 are satisfied, we show the following:

yWy=0©y=az forsome a € C, (3.14)

which simply means that the null-space of W is span(z). One can write:

yWy= > yWyy= > Iylilzlj] -yl 2l (3.15)

i,j:(vi,v;)€E i,j:(vi,v;)€E

which gives the following,

YWy =0 e ylilz[j] -y[/lz[il =0, V(. j)e&. (3.16)

If G is connected and the entries of z are all non-zero, (3.16) is valid if and only if y = az for some
@ € C. This shows that rank(W) = n — 1. In addition, we have

tr(WZ) = tr(Wzz") = z*Wz = 0. (3.17)

Proceeding onwards, we use the above properties to prove Lemma[3] To this end, we need to show

that the matrix Z is the unique feasible point of the following optimization problem,

find X
Xesn
_ _ 12 - _ _
s.t.  tr(AX) = |z[i]]7, for i=0,1,...,n-1 (3.18)
tr(A.X) = z*[j]z[i], for e = (v;,v;) €&
X>0.
The dual of this optimization problem is
n—1
max =Y AlalilF = > (e [zl + e L)
AeC?,ueC i=0 i,j:(vi,v;)ed
(3.19)

n—1
S.t. Z LA+ Z (/—li,jAe + ,ai,jA:) >0.
i=0

i,jie=(v;,vj)e&
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For 0 < i < n -1, define N(i) as the set of neighbors of node v; in G. By choosing ¥ =

2 jenG) 12171 |> and ,ut?} = z*[j]z[i], we can define the following matrix,

n—1
W= A+ > (U A+ AL (3.20)
i=0 i,jie=(vi,vj)e&

Property 1 of the matrix W ensures that W > 0 which is the dual feasibility. Property 2 is the

complimentary slackness. These two properties prove that Z = zz" is an optimal solution for (3.11]).

Now suppose there is another solution, namely Z + H, where H € S" is an n X n Hermitian matrix.
Let 7, denote the set of Hermitian matrices of the form,

7, = {zh* +hz" : h e C"}, (3.21)

and 7,* be its orthogonal complement. In other words, 7; is the tangent space at zz* to the manifold
of Hermitian matrices of rank one. H can be decomposed as two parts Hy, and Hy-., that are the
projections of H onto the subspaces 7; and 7,*, respectively. In order to be an optimal solution, H

should satisfy

tr(WH) = tr(WHy;) + tr(WH;1) = 0. (3.22)

Property 2 ensures that tr(WHgy;) = 0; therefore, we have tr(WHg1) = 0. Since H is a positive
semidefinite matrix, its projection onto 7, is also positive semidefinite. Hg. > 0 together with
properties 2 and 3 lead to,

tr(WHy2) = 0 & Hyi = 0, (3.23)

where for the last equality, we used the fact that the matrix W has rank n» — 1 and its null space lies
on the line spanned by z.

To conclude the proof, it remains to show that Hy, = 0. In order to be a feasible point, Hz; must

satisfy the following conditions:

(3.24)
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It is easy to check that the only matrix in 7, which satisfies the above conditions is the zero matrix.
Therefore, H = 0 and Z = zz" is the unique solution of (3.11).
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Chapter 4 35

RECOVERY THRESHOLD OF PHASELIFT IN REAL PHASE RETRIEVAL

In this chapter, we study the recovery threshold of the semidefinite program (the method known
as the PhaselLift) for the phase retrieval problem. Our result provides a precise analysis on the
required number of measurements in order to perfectly recover the underlying signal, and is valid for
a broad class of sub-Gaussian distributions. To analyze this problem, we first formulate the phase
retrieval as the problem of finding a rank-1 matrix from its quadratic measurements. Consequently,
we consider the problem of low-rank matrix recovery from its quadratic measurements, where the
goal is to recover a low-rank positive semidefinite matrix. The presented recovery threshold is
valid in the asymptotic regime when the dimension of the underlying signal, n, and the number of
measurements, m, go to infinity at a proportional rate, ¢ := “-. We show that the minimum rate of
random quadratic measurements (also known as rank-one projections) required to recover a low rank
positive semidefinite matrix is 3r, where r denotes the rank of the PSD matrix. As a consequence,
we settle the long standing open question of determining the minimum number of measurements
required for perfect signal recovery in phase retrieval using the celebrated PhaseLift algorithm, and
show it to be 3n. The results presented in this section are available in the research paper [2]] [} and
some of the texts appear as it is in the publication. This research paper provides a novel universality
result for the setting where the entries of measurement vectors are sub-Gaussian that can be (slightly)

correlated. This is an upgrade compared to the previous results in the literature [[100, |103].

4.1 Matrix Recovery from Quadratic Measurements
In this section we consider the problem of recovering a matrix from (so-called) quadratic mea-
surements. Our approach here is similar to that described earlier in Section [2.2] The goal is to

reconstruct a PSD matrix €R™ " in a convex set S, given m measurements of the form,

b,-2 = a,.TXoai =tr (Xo(aial.T)) , i=1,....,m. 4.1)

Here, {a;}! | denotes the set of measurement vectors. Depending on the application, the matrix

X may exhibit various structures. To enforce this structure, we use a convex penalty function

'E. Abbasi, F. Salehi, and B. Hassibi. “Universality in Learning from Linear Measurements.” In: arXiv preprint
arXiv:1906.08396(2019).



1 5" — R, to enforce this structure via the following convex estimator,
g

A

X =argmin f(X
gmin f(X)
subject to: al.TXa,- = b,.z, i=1,....,m. 4.2)
Note that the measurements in (#.1)) are linear with respect to the matrix X, yet quadratic with

respect to the measurement vectors a;.

For our result to hold, we require the measurement vectors to satisfy the following assumption:

Assumption 1. We say vectors {a;}!", satisfy Assumption I} if

1. a;’s are drawn independently from a sub-Gaussian distribution.

2. For each i, the entries of a; are independent, zero-mean and unit-variance.

In particular, this assumption is valid when {a;}’s have i.i.d. standard normal entries. We also

impose the following assumptions on the objective function f(-).

Assumption 2. We say the function f(-) satisfies Assumption |2} if the followings hold true.

1. [Separability] f(-) is continuous, convex, and separable, where f(x) = 2.7, fi(x;) .

2. [Smoothness] The functions {f;(-)} are three times differentiable everywhere, except for a

finite number of points.

3. [Bounded Third Derivative] For any C > 0, there exists a constant ¢y > 0, such that for all i,

we have |%| < ¢y, for all smooth points in the domain of f;(-) such that |x| < C.

As observed in the Assumption [2, we only consider the special (yet popular) case of separable
penalty functions. Common choices include || X||¢,, ||X]||r, and tr(X) (which is equivalent to the

nuclear norm for PSD matrices) for matrices.

Our main result establishes that, when the measurement vectors satisfy Assumption|[I] the recovery
threshold of the optimization program is equal to the recovery threshold of the following optimization

program:
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A

X = in f(X
arg min F(X)

subject to: tr (H; +DX) =b?, i=1,...,m, (4.3)

where I is the n X n identity matrix, and H is a random Wigner matrix, that is a symmetric matrix
whose upper-diagonal entries are drawn independently from N (0, 1) and its diagonals entries are
drawn independently from N (0, 2). The following proposition presents a formal statement of our

argument.

Proposition 1. Consider the problem of recovering the matrix Xo € S C S", from m quadratic
measurements of the form (4.1)), using the estimator (4.2)). Assume,

® The measurement vectors {a;}!", satisfy Assumption I} and,
e S is a convex set, and f(-) is a convex function that satisfies Assumption

o {H; € S"}", is a set of independent Wigner matrices.

Then, as m and n grow to infinity at a fixed rate m = 6(n), the estimator (4.2)) perfectly recovers
Xo with probability approaching one if and only if the estimator [.3) perfectly recovers Xy with
probability approaching one.

Low-rank Matrix Recovery

Assume the unknown matrix Xy > 0 has rank r, where r is a constant r (i.e., r does not grow
with problem dimensions n, m). Such matrices appear in many applications such as traffic data
monitoring, array signal processing, and phase retrieval. The nuclear norm, || - ||, is often used as

the convex surrogate for low-rank matrix recovery [107].

Here, we are interested in analyzing the following optimization,

A

X = argmin tr(X)
subject to: aiTXa,- = biz, i=1,...,m.

X>0. 4.4)
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Note that tr(-) = || - ||« in the cone of PSD matrices. According to Proposition|[I} the perfect recovery

in (4.4)) is equivalent to perfect recovery in the following optimization with Gaussian measurements,

X = argmin tr(X)
subjectto, tr((H; +DX)=0b% i=1,...,m.
X>0, (4.5)

where H;’s are i.i.d. Wigner matrices as defined in Proposition |1} The following corollary provides

the required number of measurements for the recovery of the true matrix Xj.

Corollary 1. Consider the optimization program (&.4), where the matrix Xo > 0 has rank r and
the measurement vectors {a;}" | satisfy Assumption|l, Assume m,n — oo at the proportional rate

6 := 7 € (0, +00). The estimator perfectly recovers X iff 6 > 3r.

Corollary (I|indicates that 3rn measurements are needed to perfectly recover a rank-r PSD matrix Xy,
from quadratic measurements. To the extent of our knowledge, this is the first result that precisely

computes the phase transition of low-rank matrix recovery from quadratic measurement.

Figure 4.1|depicts the result of numerical simulations. For different values of r and ¢, the Frobenius
norm of the error of the estimators (4.4)) and (4.5)) has been computed. As observed in this Figure,

the empirical phase transition matches the result of Corollary [T} that is § > 3r .

Phase transition of PhaseLift in phase retrieval

We are now ready to settle the main question of the chapter, that is the required number of Gaussian
measurements for perfect recovery of the signal in Phase retrieval. Recall from Chapter [2] that the
PhaseLift optimization is defined as the optimization (2.6 which has exactly the same form as (4.4,

with Xg = xoxg being a rank-1 matrix.

Therefore, the recovery threshold for PhaseLift can be viewed as an important application for the
result of Corollary I} when the underlying matrix X is of rank 1. Corollary[I]states that the phase
transition of the PhaseLift algorithm happens at §* = 3, i.e., m > 3n measurements are needed for
the perfect signal reconstruction in PhaseLift. We should emphasize the significance of this result

as establishing the exact phase transition of the PhaseLift algorithm was an open problem.
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Figure 4.1: Phase transition regimes for both estimators (4.4)) and (4.5)), in terms of the oversampling
ratio 6 = % and r = rank(X), for the cases of (a) estimator (4.4) with quadratic measurements and
(b) estimator (@.3) with Gaussian measurements. In the numerical simulations, we used matrices of
size n = 40. The data is averaged over 20 independent realizations of the measurements.

4.2 A Universality Result
The result of Proposition [I|and Corollary [T] are justified via a more general universality result by
Abbasi et al [2]. In this section, we state this universality results without proof. The interested reader

is referred to the Appendix of [2] for a more detailed discussion as well as the technical proofs.

Motivation and background

Recovering a structured signal from a set of linear observations appears in many applications in areas
ranging from finance to biology, and from imaging to signal processing. More formally, the goal is
to recover an unknown vector Xy € R”, from observations of the form y; = al.Txo, fori=1,...,m. In
many modern applications, the ambient dimension of the signal, n, is often larger than the number
of observations, m, which results in infinitely many solutions that satisfy the linear equations arising
from the observations, and therefore to obtain a unique solution where one must assume some prior

structure on the unknown vector. Therefore, the following estimator is used to recover Xg,
X =argmin f(x) subjectto, y;= al-Tx, i=1,...,m, (4.6)
X
where f : R" — R is a convex penalty function that captures the structure of the structured signal.

A canonical question in this area is “how many measurements are needed to recover X via this
estimator?" This question has been extensively studied in the literature ( see [[122} (7, 33]] and the
references therein). The answer depends on the a; and is very difficult to determine for any given
set of measurement vectors. As a result, it is common to assume that the measurement vectors are

drawn randomly from a given distribution and to ask whether the unknown vector can be recovered
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with high probability. In the special case where the entries of the measurement matrix are drawn
i.i.d. from a Gaussian distribution, the minimum number of measurements for the recovery of xg
with high probability is known and is related to the concept of the Gaussian width (see Chapter [6]
for a more detailed discussion on this subject). For instance, it has been shown that 2k log(n/k)
linear measurements are required to recover a k—sparse signal, and 3rn measurements suffice
for the recovery of a symmetric n X n rank-r matrix. Recently, Oymak et al. [100] showed that
these thresholds remain unchanged, as long as the entries of each a; are i.i.d and drawn from a
"well-behaved" distribution. It has also been shown that similar universality holds in the case of
noisy measurements [103]]. Although these works are of great interest, the independence assumption
on the entries of the measurement vectors can be restrictive. Here, we discuss a stronger universality
result which holds for a broader class of measurement distributions. One important ramification
of this result is to establish the precise recovery threshold for the low-rank matrix recovery from
quadratic measurements. Such measurement schemes appear in a variety of problems [35] 21} ({147,
87

Universality theorem
Here we state the main Theorem that is known as the universality result. Before stating the result,

we provide some definitions on the perfect recovery in convex estimators.

Definition 2. Let xg € S where S C R" is a convex set. For a convex function f : R" — R and a

measurement matrix A € R™" we define the convex estimator E{xo, A, S, f(-)} as follows,
X =arg min f(Xx). 4.7
xeS
AX=AX()

We say E{x0, A, S, f(-)} has perfect recovery iff X = Xq.

In the main result, presented in Theorem [3| we show universality for a wide range of distributions
on the measurement vector as well as a broad class of convex penalties. Here, we first explain the

conditions needed for the measurement matrix,

T
Assumption 3. [The Measurement Vectors] We say that the measurement matrix A = [al sy am] €
R™ " satisfies Assumption[3|with parameters pu € R and ¥ € R™", if the following holds true.

1. [Sub-Exponential Tails] The vectors a;’s are independently drawn from a random sub-
exponential distribution, with mean p and covariance kI > X > kI, for some positive

constants K, k > 0.
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2
2. [Bounded Mean] For some constants ci, 1) > 0, we have %

Var(|a;|*)
E?[|la;—pll?]

<cy-n"" foralli.

3. [Bounded Power] For some constants ca, T > 0, we have <cp-nforalli.

Assumption [3] summarizes the technical conditions that are essential in the proof of our main
theorem. The first assumption on the tail of the distribution would enable us to exploit concentration
inequalities for sub-exponential distributions. We allow the vector a; to have a non-zero mean, yet
we require the power of its mean to be small compared to the power of the random part of the vector.
Intuitively, one would like the measurement vectors to sample diversely from all the directions in
the R", and not to be biased towards a specific direction. Finally, the last assumption is meant to
control the dependencies among the entries of a; and is used to prove concentration of %aiTMa,-
around its mean, for a matrix M with bounded operator norm. For instance, for a Gaussian vector
n

(][ _
< et
=%

g ~ N(0,X), this assumption reduces to finding constants c;, 7> > 0, such that

We are now ready to state our main theorem which shows that the performance of the convex
estimator &(xp, A, S, f(+)) is independent of the distribution of the measurement vectors. Hence,

we can replace them with a Gaussian random vectors with the same mean and covariance.

Theorem 3. [non-Gaussian=Gaussian] Consider the problem of recovering xo € S C R" from the
measurementsy = Axy € R™, using a convex penalty function f (-) in the estimator E{x¢, A, S, f(-)}
in @.7). Assume S is a convex set and m and n are growing to infinity at a fixed rate m = 6(n).

Also assume that

1. f:R" — Ris a convex function that satisfies Assumption 2}

T
2. The measurement matrix A = [al, R am] € R™" satisfies Assumption with p := E[a;]
and X = Cov|a;] foralli=1,...,m.

T
3. G= [gl, cees gm] € R™" is a random Gaussian matrix with independent rows drawn from

Gaussian distribution N (u,X) .

Then the estimator E{xo, A, S, f(-)} (introduced in Definition 2)) succeeds in recovering Xy with
probability approaching one (as m and n grow large), if and only if the estimator E{x¢, G, S, f(-)}

succeeds with probability approaching one.

Theorem [3] shows that (when the conditions of Assumption [3] are satisfied) only the mean and

covariance of the measurement vectors a; affect the required number of measurements for perfect

recovery in (4.7).
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It is straightforward that if we have sub-Gaussian measurements {a;}" | that satisfy Assumption
then Vec (a,-al.T) would satisfy Assumption Therefore, Proposition |1| is just an immediate
consequence of the result of Theorem [3]

Analysis of the Gaussian estimator
The universality result stated above indicates that when the assumptions are satisfied, one can simply
replace the measurement vectors with ones with i.i.d. Gaussian distribution while the recovery

threshold remains unchanged. Here we state a result on the performance of the Gaussian estimator.

The descent cone of a convex function f(-) at point X is defined as

Dy (xp) = Cone ({z : f(xo+2) < f(X0)}) » (4.8)
which is a convex cone. Here, Cone(S) shows the conic-hull of the set S.

The following lemma characterizes the required number of measurements for the equivalent Gaussian

estimator.

Lemma 4. Consider the problem of recovering the vector Xy € S, given the observations' y =
Gxg € R™, via the estimator E{xo, G, S, f(-)} introduced earlier. Assume that the rows of G are
independent Gaussian random vectors with mean p and covariance ¥ = MM . Let § := m/n and
the set S and the penalty function f(-) are convex. E{xo, G, S, f(-)} succeed in recovering xo with
probability approaching one (as m and n grow to infinity), if and only if

T
V6 > Vo* =E s max w8 4.9)
i NPT

where "1 is the n-dimensional unit sphere, and the expected value is over the Gaussian vector
g~ N(0,X).
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Chapter 5 43

PRECISE ANALYSIS OF (COMPLEX-VALUED) PHASEMAX: PHASE
RETRIEVAL VIA LINEAR PROGRAMMING

In this chapter, we focus on analyzing a recently proposed convex-optimization-formulation for the
complex phase retrieval problem known as PhaseMax. As explained and analyzed in the previous
chapters, conventional convex-relaxation-based methods in phase retrieval resort to the idea of
"lifting" which makes them computationally inefficient, since the number of unknowns is effectively
squared. In contrast, PhaseMax is a novel convex relaxation that does not increase the number of
unknowns. Instead it relies on an initial estimate of the true signal which must be externally provided.
Here, we investigate the required number of measurements for exact recovery of the signal in the
large system limit and when the linear measurement matrix is random with i.i.d. standard normal
entries. If n denotes the dimension of the unknown complex signal and m the number of phaseless

measurements, then in the large system limit we show that 7 > measurements are necessary

and sufficient to recover the signal with high probability, where 8 is the angle between the initial
estimate and the true signal. Our result indicates a sharp phase transition in the asymptotic regime
which matches the empirical result in numerical simulations. Furthermore, from recent works in the
literature, we provide some insights on how to find an efficient initialization via a method called

spectral initialization.

The organization of this chapter is as follows. In Section [5.1] we provide motivations for this new
convex relaxation as well as a discussion on some earlier works that analyzed PhaseMax. We
mathematically setup the problem in Section Consequently, in Section we present our main
result followed by discussions and the result of numerical simulations. Finally, Section [5.4] provides
some discussion on spectral initialization. The results presented in this chapter are available in the

research paper [[112][] and some of the texts appear as it is in the publication.

5.1 Motivations and Background
As explained earlier, the phase retrieval problem has a rich history and occurs in many areas in
engineering and applied physics. In most of these cases, measuring the phase is either expensive or

even infeasible. For instance, in some optical settings, detection devices like CCD cameras and

IF. Salehi, E. Abbasi, and B. Hassibi, “A Precise Analysis of Phasemax in Phase Retrieval.” In: 2018 IEEE
International Symposium on Information Theory (ISIT), IEEE, 2018, pp. 976-980.



photosensitive films cannot measure the phase of a light wave and instead measure the photon flux.

Reconstructing a signal from magnitude-only measurements is generally very difficult due to loss
of important phase information. Therefore, phase retrieval faces fundamental theoretical and
algorithmic challenges and a variety of methods were suggested [66]. Convex methods have recently
gained significant attention to solve the phase retrieval problem. These methods are mainly based
on semidefinite programming by linearizing the resulting quadratic constraints using the idea of
lifting (e.g. see [27,/67] and references therein). Due to the convex nature of their formulation, these
algorithms usually have rigorous theoretical guarantees. However, semidefinite relaxation squares
the number of unknowns which makes these algorithms computationally complex, especially in

large systems. This caveat makes these approaches intractable in real-world applications.

Introduced in two independent works [58}, 9], PhaseMax is a recently proposed convex formulation
for the phase retrieval problem in the original n—dimensional parameter space. This method
maximizes a linear functional over a convex feasible set. The constrained set in this optimization is
obtained by relaxing the non-convex equality constraints in the original phase retrieval problem to
convex inequality constraints. To form the objective function, PhaseMax relies on an initial estimate

of the true signal which must be externally provided.

The simple formulation of the PhaseMax method makes it appealing for practical applications.
In addition, existing theoretical analysis indicates that this method achieves perfect recovery for
a nearly optimal number of random measurements. The analysis in [58} 9, 60] suggests that
m > Cn, where C is a constant that depends on the quality of initial estimate (Xjpj), is the sufficient
number of measurements for perfect signal reconstruction when the measurement vectors are drawn
independently from the Gaussian distribution. The exact phase transition threshold, i.e. the exact
value of the constant C, for the real PhaseMax has been recently derived in [41, 40]. However, for

the practical case of complex signals, previous results could only provide an upper bound on C.

The main contribution of the results presented in this chapter is the characterization of the phase
transition regimes for the perfect signal recovery in the (complex-valued) PhaseMax algorithm. Our
result is asymptotic and assumes that the measurement vectors are derived independently from
Gaussian distribution. To the extent of the author’s knowledge, this is the first work that computes

the exact phase transition bound of the (complex-valued) PhaseMax in phase retrieval.

In our analysis, we utilize the recently Convex Gaussian Min-max Theorem (CGMT) [130, 129]
which uses Gaussian process methods. CGMT has been successfully applied in a number of different
problems including the performance analysis of structured signal recovery in M-estimators [[129, 3,
massive MIMO [[131, |1]], etc. CGMT has been also used by Dhifallah et. al. [41] to analyze the
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real version of the PhaseMax. The complex case, however, does not directly fit into the framework
of CGMT. Therefore, in this chapter we introduce a secondary optimization that provably has the
same phase transition bounds as PhaseMax and that also can be analyzed by CGMT. A detailed
discussion and proof of the equivalence of the phase transition of the secondary optimization with

the original PhaseMax optimization is provided in Section[5.5]

5.2 Problem Setup
Let xg € C" denote the underlying signal. We consider the phase retrieval problem with the goal of

recovering Xy from m magnitude-only measurements of the form,
bj=laixol, j=1,...,m. (5.1)

Throughout this chapter, we assume that {a; € C" };flzl is the set of known measurement vectors
where the a;’s are independently drawn from the complex Gaussian distribution with mean zero and

covariance matrix I.

As mentioned earlier, the PhaseMax method relies on an initial estimate of the true signal. Xxj,;; € C"
is used to represent this initial guess. We assume that both x( and xipj; are independent of all the
measurement vectors. The PhaseMax algorithm provides a convex formulation of the phase retrieval
problem by simply relaxing the equality constraints in (5.1]) into convex inequality constraints. This

results in the following convex optimization problem:

% =argmax R{Xi" X}
xeCn (5.2)
subjectto:  |ajx| < b;, 1<j<m.

This optimization searches for a feasible vector that possesses the most real correlation with Xjp;;.
Note that because of the global phase ambiguity of the measurements in (5.1]), we can estimate xg
up to a global phase. Therefore, we define the following performance measure for the PhaseMax
method,

Lol _
D&.x) = min 3¢ —%oll (5.3)
gel-mx1  ||Xoll

Under this setting, a perfect recovery of xo means D(X, xg) = 0. In this chapter, we investigate the
necessary and sufficient conditions under which the optimization program (5.2) perfectly recovers

the true signal.
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5.3 Main Result

In this section, we present the main result of this chapter which provides us with the necessary
and sufficient number of measurements for the perfect recovery of the PhaseMax method in (5.2))
under different scenarios. First, we discuss some of the previous works that analyzed the recovery
condition (in terms of the number of measurements) for the (real-valued) PhaseMax. These analyses
have shown that in order to successfully recover the underlying signal Xy, O (n) measurements are
needed. While these analyses share the same order complexity, they are not providing an exact
bound. The exact phase transition for the real-valued PhaseMax has been computed in works by
Dhifallah et al. [40, 41]]. However, to the extent of the author’s knowledge, the exact phase transition

has not been computed prior to our work [[112] (our work was first released in January 2018).

In what follows, after reviewing some of the prior results for the real setting, we present our main
contribution, which is the precise phase transition of the PhaseMax algorithm for recoverying a

complex-valued signal.

Prior work: recovery threshold for the real setting
As explained earlier the PhaseMax optimization has been introduced by two independent works [9}
58], where they analyzed the required number of measurements for the optimization program (5.2))

to successfully recover the underlying signal. Here, we briefly explain these approaches.

Bahmani and Romberg [9] provided the first analysis for the recovery threshold by using some results

from statistical learning theory. They provide an analysis when the measurements are corrupted
Pinit

with a bounded positive noise. In the noiseless setting, their result indicates that m = n, where pjn;

~

defines the correlation between the underlying signal and the initial guess.

Golstein and Studer [38]], who first coined the term PhaseMax, analyzed the problem for the setting
where the measurement vectors are drawn from a uniform distribution on the sphere Sg_l) . They
translated the recovery condition into the problem of intersection of the feasible set and the ascent
set (of the objective function), and finding the condition that these two sets have a zero intersection
around xg. They showed that the successful recovery is possible when the number of measurements

satisfies the following:

m>—, (5.4)
Y

where y :=1 — %9, and 6 := acos(pinit) is the angle between X¢ and Xj,;;. We should note that this

result is sharper than the earlier bound presented. A similar result has been derived by Hand and
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Voroninski [[60]] using concentration inequalities.

The closest work to our analysis is the results presented by Dhifallah et al. [40, 41]] where they
presented a precise phase transition for real-valued PhaseMax in the asymptotic regime where
m.n — oo at a fixed oversampling ratio ¢ := “- € [0, c0). They have shown that (provided 6 > 2) for
isotropic Gaussian measurements, the necessary and sufficient condition for the successful recovery

of the (real-valued) signal via PhaseMax is,

— S 1-p2 ,
stan(Z) P ©-3)

where pini; denotes the correlation between the xg and Xjpi;. In [41], the authors have shown that
by iteratively applying PhaseMax, a method referred to as PhaseL.amp, a better recovery threshold
would be achieved.

Table [5.1] provides a comparison between different recovery thresholds that have been reported in

the previous works in literature.

Authors Sample Complexity
Bahmani-Romberg’16 ¢ > %log Sirgl—fy)

Hand-Voroninski’16 ¢ > Cy(6)
Goldstein-Studer’ 17 o> %
Dhifallah et al.” 17 s > 1P

init

Table 5.1: Recovery thresholds of PhaseMax reported in prior works in the literature.

Precise phase transition for complex-valued PhaseMax

In this section, we present the main result of the chapter which provides us with the necessary
and sufficient number of measurements for the perfect recovery of the PhaseMax method in (5.2))
under different scenarios. Our result is asymptotic which assumes a fixed oversampling ratio
0 = % € [0, o0), while n — oo. In theorem EI, we introduce dr. Which depends on the problem
parameters and prove that the condition § > ;. is necessary and sufficient for perfect recovery.
Our result reveals significant dependence between 6. and the quality of the initial guess. We use
the following similarity measure to quantify the caliber of the initial estimate:

R{e/? x! . Xo} X, Xol

init init
Pinit := Max = . (5.6)
T 0<p<an Ixol | | [Xinid | 1xo0][ [Xinit|
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Note that the multiplication by a unit amplitude scalar in the above definition is due to the global
phase ambiguity of the phase retrieval solution (the true phase of X is dissolved in the absolute value
in (5.1))). Therefore, for convenience we assume that both X;ni; and X are aligned unit norm vectors

*

(I1xol| = [[Xinit|| = 1), which results in pjnie = X .

Xo. We also define 6 as the angle between Xj;; and
X, and therefore, pj,it = cos . We now present the main result of the chapter which characterizes

the phase transition regimes of PhaseMax for perfect recovery, in terms of 6 and pjp;.

Theorem 4. Consider the PhaseMax problem defined in Section For a fixed oversampling
ratio § = "+ > 4, the optimization program (5.2)) perfectly recovers the true signal (in the sense that
lim, ., P(D(X,xq) > €) =0, for any fixed € > 0) if and only if,

4 4
0> O0ppe ' =———=—, 5.7
020 o2,

where piyir is defined in (5.6).

Theorem [ establishes a sharp phase transition behavior for the performance of PhaseMax. The

inequality (5.7) can also be rewritten in terms of 6 (or pjiyit) when the oversampling ratio, 9, is fixed,

4
Pinit = cos 6 > \/; . (5.8)

The proof of Theorem @] consists of two main steps. First, we introduce a real optimization program
with 2n — 1 variables and prove that it has the same phase transition bounds as PhaseMax in (5.2)).
The point of this step is that this new real optimization is especially built in a way that its performance
can be precisely analyzed using well known tools like CGMT. Therefore, the next step would be to
apply the CGMT framework to the new real optimization and to derive its phase transition bounds.

We postpone a detailed version of the proof to Section[5.5] The following remarks are in place.

Remark 2. The condition 6 > 4 is proven to be fundamentally necessary for the phase retrieval
problem under generic measurements to have a unique solution [36|]. This is consistent with
Theorem H|{where you can observe that even in the best scenario where X,;; is aligned with Xq, we
still need m > 4n measurements for PhaseMax to have X as the solution. On the other hand, in
the case where X;,;; carries no information about X (Xii; is orthogonal to Xg), recovery of Xo by

PhaseMax is not guaranteed regardless of the number of measurements.

Remark 3. It is shown in [58] that § > ﬁ is sufficient for perfect recovery of Xo. This bound is

compared to our result in Figure which shows phase transition regions of PhaseMax derived
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from empirical results. Although the simulations are run on the signals of size n = 128, one can see

that the blue line derived from Theorem W) perfectly predicts the phase transition boundary.

T T T T T T T T T

\ ——Theorem 1
o1F \ ™ ------GS Bound |

Figure 5.1: Phase transition regimes for the (complex-valued) PhaseMax problem in terms of the
oversampling ratio § = % and 6, the angle between xo and X;jpj;. For the empirical results, we
generated 10 independent realizations of the measurement vectors with n = 128. The blue line
indicates the sharp phase transition bounds derived in Theorem ] and the red line comes from the
results of , which is referred to as the GS Bound.

5.4 Spectral Initialization

As seen in the previous section, an important ingredient of the PhaseMax optimization is an
initialization step to generate the initial guess (Xinit) Which determines the objective function in (5.2).
In addition to PhaseMax, many of the iterative optimization methods which attempt to directly
solve the non-convex phase retrieval formulation 34, [145] require an initial estimate of that is
well-aligned with the signal. Spectral methods are widely used for generating such initial vectors,
and are widely used in generalized linear models (e.g. 70]).

Here, we focus on the real setting (i.e., real-valued signal and measurement vectors). Similarly

to the previous section, cosine squared similarity is used to measure the alignment of the initial
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estimate derived from spectral initialization, say Xini;, with the underlying signal, xq.

T
init

%011 IIXinit ||

X xol2

2
P (Xinit, X0)~ = (5.9
We will assume that our measurement vectors are independently and identically distributed according
to the standard normal distribution, a; ~ N (0, I,,). We will also assume, without loss of generality,
that ||xg|| = 1. The measurement information we have available to us is y; = (al.Txo)2 = bl.2 for

measurements i = 1, ..., m.

It is worth noting that achieving a cosine similarity that is greater than a positive constant is
challenging especially in high dimensions. For instance, if we choose X;uj¢ uniformly at random from

S"! then with high probability, the correlation would be of O( \/%), which goes to zero as n — oo.

Consider the matrix D,, = % T (y,-)a,-aiT, where T : R — R is some function defined so that

the leading eigenvector of D,, corresponds to X in the limit as the number of measurements m
goes to infinity. First, we will show that as m — oo, the leading eigenvector of D,, corresponds
to x¢ for some suitable function 7'(-). As m — oo, due to the law of large numbers, we can see
that D,, —» D,, = E[T(y)aa’], where a ~ N(0,1,) and y = (a’x)?. To calculate the converging

matrix D,,, we simply consider its action on an orthonormal basis for R”".

Let B = {xg, 21, ..., Z,—1 } be an orthonormal basis of R”, where zy, ..., z,—1 are all orthogonal to
the underlying vector X. Presenting D, in the B has as its first entry x{ D,,Xo, and z! D,,z; for

i=1,...,n—1as the rest of its diagonal entries. We have:
Xy DiXo = X(E[T (y)aa" [xo = E[T(y)(a"x0)*] = E[T(y)y],
andfori=1,2,...,n—1,
2/ Dyz; = 2] E[T (y)aa’ |z; = [T (y)(a' )] = E[T(y)(a"2)*] .

Due to the isotropic Gaussian distribution of a, we have that a’ z; has a standard normal distribution

and is independent of y, hence,
2/ D,z; = B[T(y)|E[(a’ )] = E[T(»)]E[y].

It can be shown that the off-diagonal entries of D,, are all zero. Therefore, we can write:

D, = E[T(V)]E[y] L, + cov(y, T (y))Xoxy - (5.10)
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Hence, the leading eigenvector of D,, is X if and only if cov(y, T (y)) > 0.

Now that we characterized the condition under which the converging matrix D,, has xq as its leading
eigenvector, the important question to ask is how many measurements are needed in order for D,,
to be close to its expected value D,,. Chen and Candes [34] has shown that O(n) is sufficient for
spectral initialization to give an estimate with absolute positive alignment with the underlying signal.
This is an improvement to earlier results in [97, 25] where m = O(npolylog(n)) was reported as a

sufficient recovery condition.

Precise characterization of spectral initialization performance
A recent paper by Lu and Li [[88]] provides a precise characterization of the performance of the
spectral initialization method under isotropic Gaussian measurements. Here we briefly review their

main result.

In their analysis, they analyze the leading eigenvector of D, in the linear asymptotic regime where
m,n — oo at fixed ratio @ := . Defining  := [[Xol| > 0 and s ~ N(0, 1), P(y|«s) = f(y|ks).
They also assume that z = T(y) has a bounded support [0, 7], and cov(z, s*) > 0 is needed to
ensure that x¢ is the leading eigenvector of D,,. Their analysis relies on two helper functions
&, Yo : [1,+00) — R defined as,

2

zs (L. g 2
A_Z] , Yo () .—/1(&+E/1_Z), (5.11)

where z and s are defined above.The following theorem indicates the precise phase transition of the

#(1) == A-E[

spectral initialization:

Theorem 5 (Theorem 1 in [88]]). Consider the spectral initialization with the aforementioned

assumption and let {, be a function defined as,

Lo(A) == (max(,d,)) , where A, :=arg r/Illin Yo ().

Then, the equation {,(1) = ¢(QA) has a unique solution in A > 1, A}. Let Xjni be the leading

eigenvalue of the data matrix D,,. As n — oo,

P 0 lfl///(/lé) < 0’

P (Xinila XO) — W’(/l*) . ok
TR0 Y (4q) > 0.

(5.12)

The above result indicates an asymptotic phase transition in terms of ¢’(A}). It turns out that this

indeed imposes a phase transition for a, i.e., the cosine similarity converges to a constant bigger
than zero iff @ > C(x, T, f).
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Remark 4. As indicated by the above analysis, in order to obtain a reasonable initial guess for
the PhaseMayx, it is necessary and sufficient to have O (n) measurements. Our result in Theorem

indicates that when pj,i; > 0, the PhaseMax optimization can recover the underlying signal with

I measurements. Combining these two results indicates that under Gaussian measurement
init

scheme, one can achieve a perfect recovery for (noiseless) phase retrieval with O(n) measurements.

However, note that in order to apply our result from Theorem 4}, we need the measurement vectors
to be independent from X;,i;. Therefore, we need to use a different subset of measurements for the

initialization.

5.5 Proof of Theorem 4|

In this section, we introduce the main ideas used in the proof of Theorem E[} As mentioned earlier in
section [5.3] we assume X is a unit norm vector aligned with Xi,;;. Due to the rotational invariance
of the Gaussian distribution, without loss of generality, we assume X = ey, the first vector of the
standard basis in C". Furthermore, the optimization program (5.2) is scalar invariant. So, we can

assume ||Xinic|| = 1.

The proof consists of two main steps: In the first step, we analyze the complex optimization problem
(5.2) and find the necessary and sufficient condition under which % = xy. Consequently, we use this
condition to build an equivalent real optimization problem. Lemma [§|introduces this equivalent real
optimization ERO, in R?"~!, and states that the perfect recovery in the PhaseMax algorithm occurs

if and only if the all-zero vector is the unique minimizer of the ERO.

In the second step, we adopt the CGMT framework to analyze the ERO and investigate the conditions
on pini¢ (or ) under which the unique answer to the ERO is 0. Therefore, as a result of Lemmag]

these conditions will guarantee the perfect recovery in the initial PhaseMax optimization (5.2)).

Introducing the equivalent real optimization (ERO)

We define the error vector w := x — e; and rewrite (5.2) in terms of w,

max R {Xinit” W}
weer (5.13)
subjectto: |aj(ej+w)|<b;, 1<i<m.

Fori =1,2,...,m, we use ¢; := Z(a;"Xp) to define aligned measurement vectors a; := elfia;.

Therefore, we have,

bi=a'xg= (&), fori=1,2....,m, (5.14)
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where (@;); is the first entry of &;. Let D be the set of all directions w with non-negative objective
value, i.e.,
D :={weC": R{x'. w}>0}.

init

Also, we define the set ¥ to represent the feasible set of the optimization problem (5.13).

F={weC":|aj(e;+w)| <b;, fori=1,2,...,m}.

The following lemmas show necessary and sufficient conditions for perfect recovery in PhaseMax,

based on these notations.

Lemma 5. x is the unique optimal solution of (5.2) if and only if D N F = {0}.

Proof. Forw € D (¥, Xo + W is a solution of (5.2)) with an objective value greater than the value
for xo. Therefore, D (| F = {0} is equivalent to X being a local minimizer of (5.2)) which is also a

global minimum due to the convexity of the problem. O
Lemma 6. D ¥ = {0} if and only if D () cone(F) = {0}.
Proof. Note that D c C" is a convex cone and # C C”" is a convex set. The proof is the consequence

of the following equality,
D ﬂ cone(¥) = cone(D ﬂ F). (5.15)

O

Lemma 7. cone(¥) = NL,{w € C": R{a] w} < 0}.

Proof. Letd € ¥,

|bi+ad| < b;, for i=1,2,....m. (5.16)

Therefore,

s)&{f:il*d} = s)&{bl + ﬁ;d} — bl' 5
< |bi+a;d| - b, (5.17)
<0.
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This shows that cone(F) € (2, {w € C" : R{a;w} < 0}. To show the other direction, choose
d € C" such that: ‘R{ﬁ;.kd} <0, for i =1,2,...,m. One can show that there exists R > 0, such
that for all » < R, rd € F. Therefore, d € cone(7). This concludes the proof.

O
We have the following corollary as a result of Lemma[5] Lemma[6] and Lemma
Corollary 2. x is the unique optimal solution of (5.2) if and only if,
{w:R{x;, W} >0 and, R{a;w} <0, for 1 <i<m}={0}. (5.18)

We are now ready to establish the equivalent real optimization (ERO). We will show that the

following optimization has the exact phase transition bounds as PhaseMax in (5.2)).

max ' w
w’eR2n-1 (ERO)
subject to: |a’ (e +W)| < by, 1<i<m,

where e; is the first vector of the standard basis in R?*~!, 5 and {aj}!", are (2n — 1) dimensional

real vectors defined as

= [ R{Xinic ] and a) := [ Ra} ], Vi (5.19)

“I{xm2:m}| T [-9{@Q2:n)
Here 3{a;(2 : n)} is the imaginary part of the last n — 1 entries of &;.
Lemma 8. x is the unique optimal solution of the PhaseMax method if and only if w' = 0 is the

unique optimal solution of (ERQ).

The proof of Lemma [§]is straightforward by defining

W = [ Riw} ] e R (5.20)
I{w(2:n)}

and then showing that the optimality conditions for w’ = 0 in (ERO) is equivalent to (5.18).

It is worth mentioning that the result of Lemmal8]is valid for any set of measurement vectors {a; }. In
the next part, we use this result to compute the phase transition of PhaseMax when the measurement

vectors are drawn independently from the Gaussian distribution.
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In the next section, we use the asymptotic CGMT (Lemma [32]in Appendix [A.T) to analyze the ERO.
To this end, we need to reqrite the ERO in the form of the primaty optimization that is a bilinear
form with respect to an i.i.d Gaussian matrix. This enables us to apply Lemma [32]to the ERO and
derive an Auxiliary Optimization in the form of (AO). Lemma [32|indicates that if ||w’|| 5 0 for the
(AO), then the same also holds for the ERO and we have perfect recovery. We consequently analyze

the (AO) using conventional concentration results in high dimensions.

Computing the phase transition for PhaseMax
In this part we adopt the CGMT framework along with the result of Lemma [§]to compute the exact

phase transition of the PhaseMax algorithm under the Gaussian measurement scheme.

We start by calculating the distribution of the entries of a; that are defined in (5.19). Recall that a;’s
are independently drawn from the complex Gaussian distribution with mean zero and covariance
matrix I,,. Therefore, the distribution of the entries of a;’s that were are defined above has the

following properties:

(1) The first entry of &; is the absolute value of the first entry of the a;. Therefore, it has a Rayleigh
distribution, i.e.,
(@)1 ~ R(1), (5.21)

(i1) The remaining entries of a; remain standard Gaussian random variables,

(a;)r ~Nc(0,1), for2<k<n, (5.22)

(i11)) The entries of &; remain independent.

This implies that all the entries of a are independent, the first entry of a’ has a R(1) distribution
and the rest of the entries have Gaussian distribution N (0, %). We form the measurement matrix
A e R™=1) by row-stacking vectors {a;T, 1 <i < m}. Let A € R” be the first column

of A, and A € R™ "2 pe the remaining part (i.e., A = [A1 A]). Xo = e; implies that

T
A= [b Lbo, ..., bm] , where b;’s are defined in (5.1)). Using the Lagrange multipliers, we can

reformulate (ERO)) as the following min-max program,

min max —p'w+(A— ) AW - A+ ) A + (A - )T A1+ w)), (5.23)
wlng A, peRl
weR"™
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where w; denotes the first entry of w and w represents the remaining entries. Definev:=A4 - u .
It can be shown that optimal values of (5.23) satisfy A + u = |4 — u|. Here, | - | denotes the
component-wise absolute value. Therefore, (5.23)) can be rewritten as an optimization over v € R™

and w € R?"~! in the following form:

. T TXe 4 oT T
min max - w+v Aw+v Ai(1+wy) —|v| Ay.
i LT 1 )= IVEA (5.24)
W€R2n72
Note that A has i.i.d. standard normal entries. One can check that (5.24) satisfies the condition of
Lemma[32] i.e., it is convex w.r.t. w and concave w.r.t v, and all the terms outside the bilinear form

are independent of A. Hence, we can form the (AO) as follows,

min max -5 w + v g||W|| + [|[v|][hT W + VI A (1 + w)) — [v]TAY, (5.25)
wi€ER veR™
WERZrkZ
where g € R™ and h € R?"~? with entries drawn independently from standard normal distribution.
Analysis of (5.25) is skipped here as a similar analysis would be provided in Chapter[6] We conclude

this chapter with a theorem that characterizes the performance of the (ERO).

Let w* be the optimizer of and define s* := 1 + w} and r* := [[W*||. s* simply denotes
the first entry of the optimal solution and 7* indicates the norm of the remaining entries. In order
to have a perfect recovery in the PhaseMax optimization (5.2), we should find conditions under
which (¢*, s*) = (0, 1) would be achieved by the optimal solution of (AO). The following result
characterizes the performance of the (AO) (i.e., optimization (5.25))).

Theorem 6. In the asymptotic regime where m,n — oo, and § := ™, s* and t* converge to the

solution of the following deterministic optimization,

0
max i S +4/1 - Pim'zZ\/tZ - =p(t,s)
se[-1,1], 20 2 (5.26)

212
s.t. p(t,s) < 5

In the above optimization, p(t, s) is defined as,
p(t,s) =2+ (1+9)[l+s—V2+(1+5)2]+(1-s5)[1-s5s— 2+ (1-s)02]. (5.27)

It can be shown that pinie > = is the necessary and sufficient condition for (r*, s*) = (0, 1) to be

Vo
the unique solution of (5.26) which is equivalent to the perfect recovery in the (ERO).
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Chapter 6 57

ACHIEVING OPTIMAL SAMPLE COMPLEXITY VIA REGULARIZED
PHASEMAX

[1] F. Salehi et al. “Learning without the Phase: Regularized PhaseMax Achieves Optimal
Sample Complexity”. In: Advances in Neural Information Processing Systems (2018),
pp- 8641-8652.

The problem of estimating an unknown signal, xo € R”, from a vector y € R™ consisting of
m magnitude-only measurements of the form y; = |a;Xg|, where a;’s are the rows of a known
measurement matrix A, is a classical problem known as phase retrieval. This problem arises when
measuring the phase is costly or altogether infeasible. In many applications in machine learning,
signal processing, statistics, etc., the underlying signal has certain structure (sparse, low-rank, finite
alphabet, etc.), opening up the possibility of recovering Xo from a number of measurements smaller
than the ambient dimension, i.e., m < n. Ideally, one would like to recover the signal from a number
of phaseless measurements that is on the order of the "degrees of freedom" of the structured signal,

XQ.

To this end, inspired by the PhaseMax algorithm [58, 9], we formulate a convex optimization
problem, where the objective function relies on an initial estimate of the true signal and also includes
an additive regularization term to encourage structure. The new formulation is referred to as
regularized PhaseMax. We analyze the performance of regularized PhaseMax to find the minimum
number of phaseless measurements required for perfect signal recovery. The results are asymptotic
and are in terms of the geometrical properties (such as the Gaussian width) of certain convex cones.
When the measurement matrix has i.i.d. Gaussian entries, we show that our proposed method is
indeed order-wise optimal, allowing perfect recovery from a number of phaseless measurements
that is only a constant factor away from the optimal number of measurements required when phase
information is available. We explicitly compute this constant factor, in terms of the quality of the
initial estimate, by deriving the exact phase transition. The theory well matches empirical results in

our numerical simulations.



6.1 Motivation and Background

Recovering an unknown signal or model given a limited number of linear measurements is an
important problem that appears in many applications. Researchers have developed various methods
with rigorous theoretical guarantees for perfect signal reconstruction, e.g. [[13} 44} 122, [134].
However, there are many practical scenarios in which the signal should be reconstructed from
nonlinear measurements. In particular, in many physical devices, measuring the phase is expensive
or even infeasible. For instance, detection devices such as CCD cameras and photosensitive films

cannot measure the phase of a light wave and instead measure the photon flux [66].

As explained earlier, the fundamental problem of recovering a signal from magnitude-only measure-
ments is known as phase retrieval. This problem has a rich history and occurs in many areas in
engineering and applied sciences such as medical imaging [|6], X-ray crystallography [93]], astronom-
ical imaging [52], and optics [144]]. Due to the loss of phase information, signal reconstruction from
magnitude-only measurements can be quite challenging. Therefore, despite a variety of proposed
methods and analysis frameworks, phase retrieval still faces fundamental theoretical and algorithmic

challenges.

Recently, convex methods have gained significant attention to solve the phase retrieval problem.
As explained in Chapter 2] the first convex-relaxation-based methods were based on semidefinite
programs [27, 25]] and resorted to the idea of lifting (8, 22, 68 |115]] the signal from a vector to a
matrix to linearize the quadratic constraints. While the convex nature of this formulation allows
theoretical guarantees, the resulting algorithms are computationally inefficient since the number
of unknowns is effectively squared. This makes these approaches intractable when the system
dimension is large. The PhaseMax, that was introduced in the Chapter[5] is a novel convex relaxation
for phase retrieval which works in the original n-dimensional parameter space. Since it does not
require lifting and does not square the number of unknowns, it is appealing in practice. It does,
however, require an initial estimate of the signal. The exact phase transition for PhaseMax has been

explored in details in Chapter 5

Non-convex methods for phase retrieval have a long history [53]. Recent non-convex methods start
with a careful initialization [[89, 94] and update the solution iteratively using a gradient-descent-like
scheme. Examples of such methods include Wirtinger flow algorithms [24, |34, [119], truncated
amplitude flow [145]], and alternating minimization [97,|150]. Despite having lower computational

cost, precise theoretical analysis of such algorithms seems very technically challenging.

All the aforementioned algorithms essentially demonstrate that a signal of dimension n can be

perfectly recovered through m > Cn amplitude-only measurements, where C > 1 is a constant that
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depends on the algorithm as well as the measurement vectors. However, many interesting signals in
practice contain fewer degrees of freedom than the ambient dimension (sparse signals, low-rank
matrices, finite alphabet signals, etc.). Such low-dimensional structures open up the possibility of

perfect signal recovery with a number of measurements significantly smaller than .

Summary of contributions

In this chapter, we propose a new approach for recovering structured signals. Inspired by the
PhaseMax algorithm, we introduce a new convex formulation and investigate necessary and sufficient
conditions, in terms of the number of measurements, for perfect recovery. We refer to this new
framework as regularized PhaseMax. The constrained set in this optimization is obtained by relaxing
the non-convex equality constraints in the original phase retrieval problem to convex inequality
constraints. The objective function consists of two terms. One is a linear functional that relies on an
initial estimate of the true signal which must be externally provided. The second term is an additive

regularization term that is formed based on a priori structural information about the signal.

We precisely compute the necessary and sufficient number of measurements for perfect signal
recovery when the entries of the measurement matrix are i.i.d. Gaussian. To the extent of our
knowledge, this is the first convex optimization formulation for the problem of structured signal
recovery given phaseless linear Gaussian measurements that provably requires an order optimal
number of measurements. The focus of this chapter is on real signals and real measurements. The
complex case is more involved, requires a different analysis, and will be considered as an interesting

future direction.
Through our analysis, we make the following main contributions:
» We first provide a sufficient recovery condition, in terms of the number of measurements, for

perfect signal recovery. We use this to infer that our proposed method is order-wise optimal.

* We characterize the exact phase transition behavior for the class of absolutely scalable

regularization functions.

* We apply our findings to two special examples: unstructured signal recovery and sparse
recovery. We observe that the theory well matches the result of numerical simulations for

these two examples.
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Prior work

Phase retrieval for structured signals has gained significant attention in recent years. We briefly
mention some of the most relevant literature for the Gaussian measurement model. Oymak et
al. [101] analyzed the performance of the regularized PhaseLift algorithm and observed that
the required sample complexity is of a suboptimal order compared to the optimal number of
measurements required when phase information is available. For the special case of sparse phase
retrieval, similar results have been reported in [85] which indicates that O (k* log(n)) measurements
are required for recovering of a k-sparse signal, using regularized PhaseLift. Recently, there has
been a stream of work on solving phase retrieval using non-convex methods [20, 146]. In particular,
Soltanolkotabi [119] has shown that amplitude-based Wirtinger flow can break the O (k> log(n))
barrier. We also note that the paper [61] analyzed the PhaseMax algorithm with ¢; regularizer and
observed that it achieves perfect recovery with O (k log(n/k)) samples, provided a well-correlated

initialization point.

6.2 Preliminaries
Problem setup
Let xo € R" denote the underlying structured signal. We consider the real phase retrieval problem

with the goal of recovering x( from m magnitude-only measurements of the form,
vi=la/xol, i=12,....m, (6.1)

where {a; € R"}" is the set of (known) measurement vectors. In practice, this set is identified
based on the experimental settings; however, throughout this chapter (for our analysis purposes),
we assume that the a;’s are drawn independently from a Gaussian distribution with mean zero and
covariance matrix I,. In order to exploit the structure of the signal, we assume that f(-) is a convex

function that measures the "complexity" of the structured solution.

The regularized PhaseMax algorithm also relies on an initial estimate of the true signal. Here, Xjn;j
is used to represent this initial guess. Our analysis is based on the critical assumption that both X;y
and x( are independent of all the measurement vectors. The constraint set in generalized PhaseMax
is derived by simply relaxing the equality constraints in (6.1]) into convex inequality constraints. We

introduce the following convex optimization problem to recover the signal:

X =argmin L,(x) = —Xinit! X + Af(x)
xeR” (62)
subject to: |aiTX| <vy;, for 1 <i<m.
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The function f is assumed to be sign invariant, i.e., f(x) = f(—x) for all x € R” (—x has the same
"complexity" as x.) Note that because of the global phase ambiguity of measurements in (6.1),
we can only estimate Xo up to a sign. Up to this sign ambiguity, we can use the normalized mean
squared error (NMSE), defined as W, to measure the performance of the solution. Here, we
investigate the conditions under which the optimization program (6.2)) uniquely identifies the true

signal, i.e., X = Xq (up to the sign). Our results are asymptotic which is valid when m,n — oo.

Background on convex analysis
Our results give the required number of measurements as a function of certain geometrical properties

of the descent cone of the objective function. Here, we recall these definitions from convex analysis.

Definition 3. (Descent cone) For a function R : R" — R, the descent(tangent) cone at point X is
defined as,
Tr(x) = cone({z € R" : R(x+1z) < R(x)}), (6.3)

where cone(S) denotes the closed conical hull of the set S.

Definition 4. Let S be a closed convex set in R". For x € R”, the projection of X on S, denoted by
[1s(x), is defined as follows,

s (x) := arg min|[x —y|[ , (6.4)
yesS
where || - || is the Euclidean norm. The distance function is defined as: dists(x) = ||x — I[1s(x)]|.

Definition S. (Statistical dimension) [|7] The statistical dimension of a closed convex cone C in R"
is defined as,

d(C) =Eg [|Mc(g)II] (6.5)

where g € R" is a random vector with independent standard normal entries.

The statistical dimension canonically extends the dimension of linear spaces to convex cones.
This quantity has been extensively studied in linear inverse problems. It is well-known that as
n — oo, m > d(Tr,(Xo)) is the necessary and sufficient condition for perfect signal recovery under
noiseless linear Gaussian measurements [33, [122]. Our analysis indicates that given phaseless
linear measurements, the regularized PhaseMax algorithm requires O(d (7L, (Xo))) measurements

for perfect signal reconstruction. Therefore, it is order-wise optimal in that sense.

61



6.3 Recovery Thresholds for Regularized PhaseMax

In this section, we present the main results of the chapter which provide us with the required number
of measurements for perfect signal recovery in the regularized PhaseMax optimization (6.2). This
gives the value my = mq(n, Xg, Xinit, 4), such that the regularized PhaseMax algorithm uniquely

identifies the underlying signal x¢ with high probability whenever m > my.

First, we investigate sufficient conditions for recovery of the underlying signal. Theorem [/|provides
an upper bound on the number of measurements that is equal to a constant factor times the statistical
dimension of the descent cone, d(77,(Xo)). Therefore, although our analysis is not exact in this
section, it leads us to the important observation that our proposed method is order-wise optimal in

terms of the required sample complexity for perfect signal reconstruction.

In addition to the sufficient recovery condition, we provide an exact analysis for the phase transition
behavior of regularized PhaseMax when the regularizer is an absolutely scalable function. We apply
this result to the case of unstructured phaseless recovery as well as sparse phaseless recovery to
compute the exact phase transitions. We then compare the result of our theory with the empirical

results from numerical simulations.

Sufficient recovery condition

LetP := ﬁxoxg and P+ := I — P denote the projections onto the span of X( and its orthogonal

complemgﬁt, respectively, where || - || denotes the {;-norm of the vectors. We also define
d" = d(Ty ,(X0)) as the statistical dimension of the descent cone of the objective function at point
Xo. Our analysis rigorously characterizes the phase transition behavior of the regularized PhaseMax
in the large system limit, i.e., when n — oo, while m and d™ grow at a proportional ratio § = ﬁ.
0 is often called the oversampling ratio. Here, the superscript () is used to denote the elements of a

sequence. To streamline the notations, we often drop this when understood from the context.

Theorem [/| provides sufficient conditions for the successful recovery of xg. The recovery threshold

depends on A and the initialization vector, Xjpi;. We define pj;; := Xgﬁtxo to quantify the caliber of
the initial estimate. Due to the sign invariance property of the solution, we can assume without
loss of generality that piy > 0. Before stating the theorem, we shall introduce the function

R : (2,+) — R,.
Definition 6. For x > 2, R(x) is the unique nonzero solution of the following equation:

2= %((1 + yatan(r) — 1) . (6.6)
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Figure 6.1: The function R(x), which is defined in Definition @ for different values of x. R is a
monotonically decreasing function that approaches 0O in the limit.

Figure depicts the evaluation of the function R(x) for different input values x. As observed,
R(x) is a decreasing function with respect to x, and it approaches zero as x grows to infinity. It can

be shown that for large values of the input x, R(x) decays with the rate )lc

Theorem 7 (Sufficient recovery condition). For a fixed oversampling ratio 6 > 2, the regularized

PhaseMax optimization (6.2) perfectly recovers the target signal (in the sense that lim P{||% — xo||> >
n—>oo
e||xo0l|*} = 0, for any fixed € > 0) if,

|[Pvl]
R(6) < sup ,
V€6L/1(X()) ||PJ_V||

(6.7)
where L) (Xg) denotes the sub-differential set of the objective function L,(-) at point X.

It is worth noting that 9L, (X¢) is a convex and compact set, and it can be expressed in terms of the

sub-differential of the regularization function 0 f (xg) as follows,
ILa(X0) = {Au = Xinit 1w € f(X0)} . (6.8)

Observe that since R(-) is a monotonically decreasing function, the inequality gives a lower
bound for the oversampling ratio . In fact, we can restate the result in terms of this lower bound as

the following corollary:

Corollary 3. If there exists a fixed constant T > 0 such that,
|[Pv]|

sup —— > T, (6.9)
vedL,(xo) [PV
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Precise Analysis (Thm 2)
Upper Bound (Thm. 1)

07

Pinit

Figure 6.2: Phase transition regimes for the regularized PhaseMax problem in terms of the

oversampling ratio ¢ and pjpi; = xgﬁtxo, for the cases of x¢ with no structure. The blue line indicates

the theoretical estimate for the phase transition derived from Theorem (8] The red line corresponds
to the upper bound calculated by Theorem([7] In the simulations, we used signals of size n = 128.
The result is averaged over 10 independent realizations of the measurement vectors.

then the regularized PhaseMax optimization (6.2) has perfect recovery for § > C, where C is a

constant that only depends on .

Proof. This corollary is an immediate consequence of Theorem [7| by choosing C = R~!(7) and

noting that R(-) is monotonically decreasing. O

This result indicates that if X;pi; and A are chosen in such a way that the inequality (6.9) is satisfied
for some positive constant 7, then one needs m > Cd™ measurement samples for perfect recovery,
where C is a constant and d") (= d) is the statistical dimension of the descent cone of the objective
function at point Xo. As motivating examples, we use Theorem [7]to find upper bounds on the phase

transition when x( has no structure or it is a sparse signal.

Example 1: Assume the target signal X has no a priori structure. The objective function in this case
would be L(x) = —xiTnitx, and 0L(xg) = {—Xinit}. It can be shown that the statistical dimension is
d™ = n —1/2. Due to the absence of the regularization term in this case, without loss of generality,

we can assume that ||Xo|| = |[Xinit|| = 1. Theorem[7] provides the following sufficient condition for
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perfect recovery:
[[PXiniell — Pinit

[P Xiniel] 2
1= piie

> R(9) . (6.10)

This indicates that O(n) measurements are sufficient for perfect recovery as long as piit = po,
where pg > 0 is a constant that does not approach zero as n — oco. The exact phase transition for the
unstructured case (PhaseMax), which was presented in Section [5.3] is compatible with this result.
Figure [6.2] shows the result of numerical simulation for different values of § and pjnir, when n = 128.
As depicted in the figure, the sufficient recovery condition from Theorem /|is approximately a factor

of 2 away from the actual phase transition.

Example 2: Let X be a k-sparse signal. In this case, we use || - ||; as the regularization function.
We show in Section that if 1 > Lk, then d" < Cklog(n/k) for some constants ¢, C > 0.

This matches the well-known order for the statistical dimension derived in the compressed sensing
literature [|122]].

Moreover, in order to satisfy the condition in Corollary |3, we need to have ”’;iT"ﬁl > (1 +€)A, for

some € > 0. Therefore, Xy can be perfectly recovered having O(k log(n/k)) samples when the

hyper-parameter A is tuned properly, i.e., Lk <A< ”F;( Zﬁl . Figure compares this upper bound
with the precise analysis that we will show in the next section. As depicted in this figure, the

sufficient recovery condition is a valid upper bound on the phase transition, but it is not sharp.
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Figure 6.3: Comparing the upper bounds on the phase transition, derived by Theorem (dashed
lines) and the precise phase transition by Theorem [§] (solid lines), for three values of the sparsity
factor s = k/n.
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Precise phase transition
So far, we have provided a sufficient condition for perfect signal recovery in the regularized PhaseMax.
In this section, we give the exact phase transition, i.e., the minimum number of measurements m
required for perfect recovery of the unknown vector xg. For our analysis, we assume that the function
f(-) is absolutely homogeneous (scalable), i.e., f(7 - x) = |7| - f(x), for any scalar 7, and every
x € R". This covers a large range of regularization functions such as norms and semi-norms. Let
0L, (x¢) C R" denote the projection of the sub-differential set into the orthogonal complement of
Xp, 1.€.,

0Ly (x0) = {Ptu:uedL(x0)}, (6.11)

which is a convex and compact set. To state the result in a general framework, we require one further

assumption on functions L/(l") ().

Assumption 4 (Asymptotic functionals). The following uniform convergences exist, as n — oo,

1 nif.
B - E[% h’ HaLﬁ(xo)(%h)] E—f—> F (B), and,

E[distyr o ()| 25 Ga(B) . 6.12)

i
where h € R" has i.i.d. standard normal entries and F,, G, : Ry — R denote the functions that the

sequences uniformly converge to.

One can show that, under some mild conditions on the regularization function f (), Assumption {4
holds and also Fy(8) = Ga(B)G’,(B), where G’,(-) denotes the derivative of the function G,(-).
This assumption especially holds for the class of separable regularizers, where f(v) = Y; f(v;) (e.g.
{1 norm for the case of sparse phase-retrieval). Later in this section, we will see validity of this
assumption for the two examples discussed earlier.

Our precise phase transition results indicate the required number of measurements as the solution of
a set of two nonlinear equations with two unknowns. We define a new parameter @ := 7' , where
opt = % indicates the exact phase transition of the regularized PhaseMax optimization. The

following theorem gives an implicit formula to derive ap.

Theorem 8 (Precise phase transition). Let X be the solution to the regularized PhaseMax optimization
. . . . _ T . .

(6.2) with the objective function Ly(X) = —X; .X+Af(X), where the convex function f (-) is absolutely

homogeneous and Assumption 4| holds. The regularized PhaseMax optimization would perfectly

recover the target signal X if and only if:
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1. @ > agp, where agp is the solution of the following system of nonlinear equations with two

unknowns, a and S,

~Ga(B) La(x0) = tan(ZF(B)) (G3(B) ~ BEa(B)) .
@n(ZF(8) (Ga(B) + ZFa(B) La(%0)) = ZFa(B) Ga(B)

(6.13)

2. and, L,I(Xo) < L/l(O) =0
where the functions F)(-) and G (-) are defined in (6.12)).

A few remarks are in place for this theorem:

Remark 5 (Solving equations (6.13)). The system of nonlinear equations (6.13)) only involves two
scalars B and @, and the functions F)(B) and G ,(B) are determined by the objective function L) (X).
For our numerical simulations, we used a fixed-point iterative method that can quickly find the

solution given a proper initialization.

Remark 6 (Tuning A). Theorem[8§requires the objective function to satisfy Ly(Xo) = A f (X0) — Pinit <

0. Therefore, it is necessary to choose A in such a way that 1 < f’J(;’;"(;). Some additional assumptions

on the unknown vector X enables us to calculate the proper range for A. For instance, if we consider
the case where the entries of Xo are drawn form a specific distribution, where the non-zero entries
of xg are Gaussian (or other random variables), E[ f (xo)] gives a reasonable estimation on f(X)
that can help us in choosing A appropriately. We will see an example of such case in the next
section. Figure shows an example of how the phase transition of the regularized PhaseMax, or

equivalently the required sample complexity, behaves as a function of the hyper-parameter A.

In the next section, we use the result of Theorem [§]to compute the exact phase transition for the case
of unstructured signal as well as the sparse signal recovery. Since the regularizer f(x) is absolutely

scalable, for both examples, we assume that ||xg|| = 1.

6.4 Applications of Theorem
Unstructured signal recovery
When there is no a priori information about the structure of the target signal, we use the following
optimization (PhaseMax) for signal recovery:
X =argmin L(x)= —Xinit! X
xR (6.14)
subject to: |aiTX| <yi, for 1 <i<m.
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pinit = 0.5
— Pinit = 0.7

[ | —— pinit = 0.9
pinit = 1.1

Figure 6.4: The phase transition behavior as a function of the regularization parameter A, derived
from the result of Theorem |8 As depicted in the figure, there is a suitable region for tuning A which
gives a lower recovery threshold for the regularized PhaseMax.

Due to the absence of the regularization term, without loss of generality we can assume that
|IXinit|| = 1. Moreover, L(Xg) = —pini; Which indicates that the second condition in Theorem 8] is
satisfied. To apply the result of our theorem, we first compute explicit formulas for the functions
F (B) and G ,(B) as follows,

FaB) =B, GuB)=B+1-pl, . (6.15)

We can now form the system of nonlinear equations (6.13)) as follows,

2 _ 2 Pinit  _ L
VAL P tan(fy_) ’ (6.16)
tan(g)( ﬁ2+1_pi2nit_%):§ ﬁ2+1_pi2nit'
Finally, solving equations (6.16) yields the following necessary and sufficient condition for perfect

recovery,

n
s 1-p2 6.17
atan(r/@) 717 Pinic > ©.17)

which also verifies the result presented in Section[5.3]

Figure [6.2]shows the result of numerical simulations of running the PhaseMax algorithm for different

values of pini and §. The intensity level of the color of each square in Figure [6.2] represents the

68



error of PhaseMax in recovering Xo. As seen in the figure, although our theoretical results have
been established for the asymptotic setting (when the problem dimensions approach infinity), the
blue line, which is derived from (6.17/)), reasonably predicts the phase transition for n = 128. The

sufficient condition that is derived from Theorem [7is also depicted by the red line in the same figure.

Sparse recovery
We consider the case where the target signal X is sparse with £ non-zero entries. The convex
function f(x) = % |Ix||, which is known to be a proper regularizer that enforces sparsity [[132], is

used in the regularized PhaseMax optimization to recover X,

. . T A
% = arg min Lai(X) = —Xinit X+ %”XHI

(6.18)
subject to: |al-TX| <y;, for 1 <i<m.

To streamline notations, here we assume that the non-zero entries of x( are the first k entries
A

and decompose vector v € R" as v = Ac | where v& € R¥ denotes the first k entries of v, and

v
vA" € R"* is the remaining n — k entries. As m,n — oo, we would like to apply the result of
Theorem [§]to compute the exact phase transition. Due to the rotational invariance property of the
Gaussian distribution, it can be shown that multiplying the last (n — k) entries of Xj,;; by a unitary
matrix U € R"0X(=k) does not change the phase transition behavior in (6.2). Hence, we can
assume that the entries of xﬁ;t have a Gaussian distribution, i.e.,

A

« . C
Z’;t , and x& =

I ‘
. i = = il € - (6.19)
init -

Xinit =
where g € R"¥ has standard normal entries. This observation enables us to establish the following
lemma:

Lemma 9. Consider the optimization problem (6.18)) to recover the k-sparse signal xo. We assume

that the entries of X;;; are distributed as in (6.19) and define p := #sign(xoA Txﬁl . where sign(-)
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denotes the component-wise sign function. Then, Assumption 4| holds with:

A

Fy(B) =B(s+2(1 -s) - Q(—M) ),

ﬁZ zmr”
Gi(B) =5 (B2 + %) + I, I - 2N sp — L*(xo)

2

+(1-s5)(B*+ Ix ’””” — Mt By shrink®(H, #)] (6.20)
52 4 il
1-s

where Q(-) is the tail distribution of the standard normal distribution, H has standard normal
distribution, and s := k /n is the sparsity factor. The shrinkage function shrink(-,-) : R xR, — R,
is defined as:

shrink(x,7) = (|x| = 7)1{|x| = 7} . (6.21)

It is worth noting that the function shrink(-, -) also appeared in computing the statistical dimension

for £, regularization (see Section[6.8) which indicates some implicit relation to a,;.

We have numerically computed the solution of the nonlinear system (6.20). Figure[6.5|shows the
error of regularized PhaseMax over a range of piyi and . The comparison between our upper bound
derived from Theorem [7)and precise analysis of Theorem[7]is depicted in Figure[6.3|for three values
of the sparsity factor s = 0.05, 0.1, 0.2. Observe that the upper bound is only a constant factor away
from the precise phase transition, while its derivation involves simpler formulas. Finally, Figure
[6.4] illustrates impact of the regularization parameter A on the phase transition of the regularized

PhaseMax optimization for four values of pj,it. The values of A in this figure are normalized by
Pmn\/_

Tl > which is the maximum acceptable value of A in the regularized PhaseMax.

6.5 Conclusion and Future Directions

In this chapter, we introduced a new convex optimization framework, regularized PhaseMax, to
solve the structured phase retrieval problem. We have shown that, given a proper initialization,
the regularized PhaseMax optimization perfectly recovers the underlying signal from a number
of phaseless measurements that is only a constant factor away from the number of measurements

required when the phase information is available. We explicitly computed this constant factor.

An important (yet still open) research problem is to investigate the required sample complexity to
construct a proper initialization vector, Xjpi. As an example, for the case of sparse phase retrieval,
although our analysis indicates that O(k log 1) is the required sample complexity of the regularized

PhaseMax optimization, the best known initialization technique [20] needs O (k?log n) samples to
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Pinit

Figure 6.5: Phase transition regimes for the regularized PhaseMax problem in terms of the

oversampling ratio ¢ and pjni; = XiTnitXO’ for the cases of x¢ with sparse structure. The blue line
indicates the theoretical estimate for the phase transition derived from Theorem@ In the simulations,
we used signals of size n = 128. The result is averaged over 10 independent realizations of the

measurements.

generate a meaningful initialization, which is suboptimal. An important future direction is to study
initialization techniques that break this sample complexity barrier, or to exploit information theoretic

arguments (as in [94]]) to show that the sample complexity for the initialization cannot be improved.

To form the objective function in the regularized PhaseMax, we exploited some a priori knowledge
about the structure of the underlying signal. In many practical settings, such prior information is not
available. There has been some interesting recent publications (e.g. [10, (148, 51]) which introduce
efficient algorithms to learn the structure of the underlying signal. An interesting research direction
is to investigate new optimization frameworks that do not rely on the prior information about the

structure of the underlying signal.

6.6 Proofs and Technical Derivations

In order to establish the results, we use the following lemma which provides an equivalent optimization
that has the same error performance as PhaseMax, and is the key ingredient in deriving the main

results of the paper.

Lemma 10 (Equivalent Optimization). Consider the regularized PhaseMax problem introduced in

Section[6.2] As n — oo, the error performance converges in probability as follows:
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5 2 n—00
L
0

Here s* € R and w* € R" are the unique optimizers of the following optimization program,

min  min - Xgm(SXo + W)+ Af(sx0+ W)

seR weR™,w1x (6 23)

subject to: h'w > m ca(s, [Iw]])

where h € R" has i.i.d. standard normal entries and the function ¢q : R X Ry — R is defined as,

,
1+s

L1+ 5)2 +72) atan !
1-s

z ) +((1=5)*+7r?) atan(
T

ca(s,r) = ) —2r]. (6.24)

The full technical details of obtaining this result is explained in Section In short, to show the
equivalence, we start from (6.2)) and define new variables s := ng and w = P*x. Then reformulate
it as an unconstrained optimization using Lagrange multipliers. The result is a consequence of

applying CGMT (Lemma [32] see Appendix [A.T]) with some simplifications.

Before explaining the technical details of the proofs of our main results, we state one more lemma
which will be used in the proof of Theorem 8] In the path of analyzing the auxiliary optimization,
we replace several functions with their limits in probability. This can be done through the same
tricks used in section A.4 of [129] and Lemma B.1 in the same paper. Here, we state the following

lemma without proof.

Lemma 11 (Min-convergence — Open Sets). Consider a sequence of proper, convex stochastic

functions M,, : (0, 00) — R and a deterministic function M : (0, c0) — R such that:

1. My,(x) kiR M (x), for all x > 0,

2. there exists 7 > 0 such that M (x) > inf,~o M (x) for all x > z.
Then, inf o My, (x) = infao M (x).

The objective function in our optimization problems satisfies the assumptions of this lemma at the

points where we replace them with their limits.
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Proof of Theorem

Consider the following optimization:

min  min - Xiit(sxo + W) + Af(sx0 + W)
seR weR™ w.Lxg ! (6 25)

subject to: h'w > vm cq(s, |w]) .

The result of Lemma [I0] established that as n — oo, the error performance of the regularized
PhaseMax converges to the error performance in (6.23). The following corollary indicates the

necessary and sufficient condition for perfect recovery:

Corollary 4. As n — oo, X is the unique solution of the regularized PhaseMax optimization, if and
only if (s*,w*) = (1,0) be the unique optimizer of the equivalent optimization (6.25).

Proof. This is an immediate consequence of Lemma [0} noticing that ||X — xo|| = 0 is the condition

for perfect recovery. O

We proceed onwards with analyzing (6.23). For simplicity, we assume ||xp|| = 1. Define a new
function £(-) : R” — R as follows,

F00 = f(xo) + max v'(x~xo). (6.26)
0 f(xp) is the sub-differential set of function f(-) at point xo which is a convex and compact set.
£(-) is basically the first-order approximation of the regularization function f(-) at point Xo. This
replacement cannot be done in general, but since we are only investigating the phase transition
regime where the norm of the error, ||X —Xo||, approaches to zero, we may perform this exchange. To
investigate the phase transition behavior in (6.25]), we bound 1 — s and ||w|| to a small neighborhood
of 0. Therefore, it is valid to replace f with £ in that small neighborhood around xy. Reformulating

the optimization using this replacement would give us the following,

min  max - X;it(SXO +W) + Af (%) + AV ((s = 1)X0 + W)
sER,WLXg ved f(xo) (627)
subject to: h'w > \m cq(s, [|W]]) .
We add the constant term, Xgmxo —Af(Xp), to the objective function and reformulate the maximization

in terms of dL(Xg) as follows,
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min  max (s — l)ng +wly
sER, WX vedL(xq) (628)

subject to: h'w > \m cq(s, ||w]) .

If |s| > 1 in (6.28)), we have the following inequalities:

Wl d(T(x0)) 2 (h''w)* = m ca(s, ||wl]) > %IIWII2 : (6.29)

The first inequality is due to the fact that x — xg = (s — 1)Xo + w is in 77 (Xp) (the descent cone
of the objective at point Xg). The second inequality appeared as a constraint in the optimization
problem (6.28). The last inequality holds since cq(s,7) > r2/2, when |s| > 1. Therefore, using the
assumption § = % > 2, it can be shown that the feasible set of (6.28) is nonempty if and only if
|s| < 1.

Since the regularized PhaseMax optimization is convex, in order to show that s* = 1 and w* = 0
are the unique optimizers of (6.28)), it is sufficient to check the optimality condition in a small
neighborhood of (s* = 1, w* = 0). We also use the following approximation of the function cq(s, r)

which is valid in a small neighborhood around the point (s,7) = (1, 0):

r
1-s

ca(s,r) = %[((1 — 5)% +r?)atan( )—r(1=-s)]. (6.30)

Next, for fixed |s| < 1, we will find an upper bound for r := ||w|| such that s and w satisfy the

constraint in (6.28)). To this goal, we use the following inequalities:

r? d(T(x0)) = (hT'w)? > m cq(s,r) = r> > 6 ca(s,r) . (6.31)

Replacing the approximation (6.30) for cq(s, r) when s T 1, we have,

r<R(S)(1-5s), (6.32)

where R(0) is the unique nonzero solution of the following nonlinear equation:

%= %[(1 +t%)atan(r) — t] . (6.33)
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We are now at the stage to establish the result of Theorem (7, Assume that v € dL(X() achieves the
supremum in (note that Vv always exists because the set d L(X¢) is compact). V then satisfies the
following conditions:

1. X€V<O,

2. ||P¥|| > R(S) [PV .
We have the following inequalities:

min  max (s — l)xgv +wlv > min (s- l)ng' +w'v
[s|<1,wLlxg vedL(xq) [s|<1,wLlxq

min (1 - 5)[|PY|| - [|wl| [[P~¥]] ,
0

|s|<1,wLlx

(6.34)

%

where for the first inequality, we used the fact that maximization over v gives a larger value compared
to choosing the specific vector V. For the second inequality we used Cauchy-Schwarz to bound
w!¥ from below. When s T 1, we use the approximation (6.32) which bounds ||w|| from above.

Therefore, we have:

(L= )PV = [Iw]] - [[P+¥]] > (1 = 5)(|[P¥]| = R(6)|[P-¥]]) > 0. (6.35)

This gives the final result that s* = 1, w* = 0 is the unique solution of (6.28). The perfect recovery

in the generalized PhaseMax follows from the result of Corollary ]

Proof of Theorem

We start from the equivalent optimization derived as the result of Lemma(I0] defined as,

min  min - Xgm(sxo + W) + Af(sx0 + W)
seR weR", w.1lx (6 36)

subject to: h'w > vm cq(s, |w]) .

One key idea to analyze this optimization is to replace f(sxo + w) with its first-order linear

approximation around the point Xo. Let f denote the approximation function,

p oo
Jf(x) = f(xo) + jemax v (x —xp) . (6.37)
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Here, df(x¢) denotes the sub-differential of f(-) at point Xy which is well-defined for convex
functions and is a compact and convex set. Replacing f(-) with its approximation enables us to
precisely analyze the conditions for perfect signal recovery in the equivalent optimization (6.36)
which determines the precise phase transition in the regularized PhaseMax optimization. This
approximation is tight when the norm of the error approaches zero (which occurs in perfect recovery).

We refer the interested reader to [99] for more details.

Therefore, for the rest of this section, we will analyze the following optimization,

min max  f(Xo) + AV’ (sX0 + W — X0) — SPinit — Xﬂmw
seR vead f(xo)
weR", wlxg (638)

subject to: h'w > m cq(s, [wl]) .

Next, we use the dual variable S to rewrite (6.38]) as

i +AV! (sXg+W—X0) —5p; _ By +—\/ 6.39
min  max £ (X0)+AVT (5X0+W—X0) = S Pinit—Xo;, W NG w NG m cq(s, ||w]|) . (6.39)

weR”™ w1x B£>0
In the next step, we would like to switch the minimization over w with the maximization over f.
But since the objective function is not convex with respect to w, such an exchange would not be a
direct result of the Sion’s min-max theorem. However, note that the initial optimization satisfies the
conditions of the Sion’s min-max theorem. In the asymptotic settings, using the same techniques as
in [129] (see section A.2.4 in the appendix of the paper), one can show that changing the order of
min and max does not change the solution of the optimization problem.

Hence, we are now able to first do the minimization over w. To do this, we define r := ||w|| and

by fixing r, we are computing the minimization with respect to the direction of w. The following
optimization is the result of minimization over the direction of w:
T B

min max (1 —5)(pinic — V' X0) — 7 - [P (AV = Xjpjg — %h)ﬂ +pVa ca(s,r),  (6.40)

SER vedd f(xp)
r=0 B>0

where, as defined in Section @ = " is the oversampling ratio and P+ = I - xoxg is the projection

to the orthogonal subspace of xg.

Up to this point, the result is valid for every convex function f(-). But in order to continue our
analysis, we need the following lemma which restricts us to a specific class of functions, i.e., the

class of absolutely scalable functions.
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Lemma 12. Let f : R" — R be a convex function such that for all x € R" and a > 0,
f(ax) =a f(x). Then, forall v € df(x),

vix=f(x), (6.41)
where 0 f (X) is the set of sub-differentials of function f(-) at point X.

Proof. Since f(-) is convex, for all v € d f(x) and any € < 1, we have

(1-¢€) f(x) = f((1-€)x) > f(x) — eV x. (6.42)

Thus, € f(x) < ev'x. Choosing €; = 1/2 and &, = —1/2 yields v/ x = f(x) which concludes the
proof. O

If we apply Lemma|12[to the objective function in (6.40), we can replace v’ xo with f(xg) for all
v € d f(xq), which gives the following optimization,

. : B
—(1=$)L(xq) —r - - Zonh| +8v 7). 6.43
rsngllélrg% (I —s)L(x0) —r Ve/llglgi(xo)llv NG | + BV ca(s,r) (6.43)

Recall that (1 — s) and r > 0 respectively represent the norm of the error in the direction of x(y and
its orthogonal complement. Therefore, the perfect recovery in our optimization corresponds to the
case where the optimizers are * = 0 and s* = 1, and we are interested in the phase transition ratio

a* for which this happens.
We use the following approximation of the objective function near the point (r, s) = (0, 1), which

was introduced earlier in (6.30)),

r
1-=5

ca(s,r) = %[((1 — 5)? + r¥)atan( )—r(1-s)]. (6.44)

Next, we define the new variable ¢ := ;= and rewrite the optimization in terms of 7 and 5. One can
show from (6.44) that as » | 0 and s T 1, the value of ¢cq(s, r) will only depends on the ratio 7.

1%%1%155( P(s,t,B) = —(1—s)L(xo)—t(l—s)~dist,wL¢(X0)(%h)+,8(l—s)\/01((1 +12)atan(r) — 1) ,
) (6.45)
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where L+ (x¢) = P+0L(x¢) and distg(x) is the distance function defined in Definition |4} Since we
have a convex-concave objective function over three scalars, we can write the first order optimality

conditions for the solutions to (6.45)) as follows,

P —

(?_ﬂLII(S’ ta ﬁ)|(s*:l,t*,ﬁ*) N 0

Lp(s, t,ﬁ)|(s*=1,z*,/5’*) =0 o
J

E‘P(S, t, ﬁ)|(s*:],l*7ﬂ*) - O

Next, we want to find the conditions (on @) under which the solution to (6.46) happens at s* = 1.

Therefore, we aim to solve the system of nonlinear equations ([6.46)), for three unknowns ¢, 8 and §.

These equations can be written in the following form,

EIInI? - BTy ps ) (£0)
+(x0)

_t- N Va((L+ 2)atan(r) — 1) =
dlSt/laLJ'(X())(Th)

L(x0) + 1 - distygz+ (x) ( \/_h) Bya((1+2)atan(t) —1) =0

B t atan(1)va
—di L(xo
1S L ( )(\/— )+ \/a((l + tz)atan(f) —1)

=0 (6.47)

Next, we exploit the conditions of Assumptiond] Using theorem 5.2.2. in [141]], both the functions
distygr1(xo) ( ‘/_h) and \/_Ha Lt (xo) ( \/_h) converge point-wise to their expected value. Moreover,
from Assumptlon we know that both E[dist g+ (xo)( h)] and E[ \/_Ha L (x0) ( \/_h)] converge
uniformly to G, (8) and 8 — F (), respectively. Therefore using the same arguments as in [[129]],
we can replace distygz+(x) (%h) with F;(B) in the optimization (6.43)), and then apply the result of
Theorem 7.17 in [111]], we can show that F(B8) = Ga(B) G',(B).

Therefore, we are able to use the functions F,, and G, to rewrite the system of non-linear

equations (6.47):

.. F/l(ﬁ) 2 _ —
t NN Va((1+2)atan(r) —1) =0
L(x0) +1 - G(B) = BVa((1 + ?)atan(r) — 1) = 0
G + B t atan(t)va i (6.48)

Va((1 +12)atan(r) — 1)
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By combining the first and third equations, we will get

t = tan(%FA (B)) (6.49)

Finally, using (6.49)) in (6.48) reduces the number of equations to 2, and yields the following system

of non-linear equations.

Ga(B) I = tan(Z5Fa(B)) (G1(B) = BFa(B)) ,

(6.50)
an(ZFa(B)) (GA(B) — ZLFA(B) = ZFa(B) Ga(B) ,
This concludes the proof.
6.7 Proof of Lemma
Define matrix A € R™" with i row equal to the measurement vector a;, fori = 1,2,...,m. Let

y := |Axp| € R™ denote the measurement values. To streamline our analysis, we assume ||xg|| = 1.

One can rewrite the constraint set of the optimization problem (6.2) as following,

|AX| <y © -Ax+y>0, and Ax+y >0, (6.51)

where all the inequalities are component-wise. Exploiting the Lagrange multipliers, we can

reformulate the generalized PhaseMax optimization as,

min max - X' X+ A (X) + (u—m) Ax = (u+n)y, (6.52)
xeR” u,neR}

where y; and n; are Lagrange multipliers for the inequalities al.TX < y;and al.Tx > —y;, respectively.
Assume y; > 0 (which happens with probability 1), these two inequalities cannot be active at the
same time. Therefore, at least one of y; and 1; must be equal to 0, for everyi = 1,2, ..., m. Hence,
we have u + 1 = |u — n7|. Here | - | denotes the component-wise absolute value function. Define

v :=u —n € R" and rewrite the optimization in terms of v gives the following,

min max  — Xinit! X + A £(x) + v/ Ax — |v|7|Axo| . (6.53)
xeR”" veR™

Since the term |v|”|Axo| depends on the matrix A, it is not possible to apply the CGMT to the

bilinear form v/ Ax. In order to apply CGMT, we use the following key decomposition for x:
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X = sXo + W, (6.54)

where s = ng € R is a scalar and the vector w = P+x € R" is orthogonal to xo. We can rewrite the

optimization problem (6.53) in terms of s and w as follows,

min  max — SPinjt — x!

W+ AF(sX0 + W) + v Aw + sv! Ax — |v|T|Ax
s€R, wlxy veR™ it f(sxo ) 0= [vI" |Axo], (6.55)

T

where pinit = X, Xo. Next, we use the following property of Gaussian matrices.

Lemma 13. Let G € R™" pe a random matrix with i.i.d. standard normal entries, and u,v € R"

are such that u L v. The random vectors Gu and Gv are independent.

Proof. Let G = [g; jlmxn and define a = Gu, and b = Gv. Since G has Gaussian entries a, b
are Gaussian vectors in R”. Therefore, to show their independence it is sufficient to show that
E[a, bT] = Ome-

Do ukve =0, ifi=j
Blaiby] = > > wevi Elgix gl =" | . (656)
=1 =1 0, if i#]

where we used the fact that u’'v = 2oy Ukvi = 0.

Using the result of Lemma|[I3], the random vectors Axy and Aw are independent. So, we are allowed
to change the matrix A in the bilinear form v/ Aw with its independent copy H € R"™*" which also
has i.i.d. standard normal entries. We also define q = Axy € R™, which is independent from H.
Note that since A has i.i.d. normal entries and ||Xg|| = 1, the entries of q also has i.i.d. standard

normal distribution. We can rewrite the optimization (6.55)) as follows:

: T T T T
min  max — SPinit — X, WHAf(sXo+ W)+ v Hw+sv q—|v .
sER, wlxy veR™ Pinit it [f(sxo ) q- vl lql (6.57)

Next, we apply the CGMT framework in Lemma [32] to equation (6.57), in order to replace the
bilinear form v/ Hw with two linear forms ||v||h” w + v’ g||w||. But this lemma requires the set that
we optimize w over to be compact. In order to be able to apply CGMT, we enforce an "artificial"

bound on the norm of w. Note that our goal is to eventually prove that, W converges to a finite number

80



a*. We define K, = a* + A for some A > 0 and also the compact set Sy = {w|w L xq, ||W|| < K,}.
Let W™ to be the optimizer to the version of where we optimize w over Sy. It is simple
to verify that if ||W'™P|| 5 a*, then ||W|| 5 a*. This means that if in the final equation, we get a
unique finite solution for the asymptotic behavior of ||W|| (which is what we do) , the proof goes
though and we can apply the CGMT.

Now that this concern is taken care of, the following corollary will be the result of applying CGMT
to the equation (6.57).

Corollary 5. Let X be the unique optimizer of the generalized PhaseMax algorithm (6.2). Asn — oo

the error performance converges in probability as follows:

5 2 —00
B vz e
0

where s*, W* are the unique optimizers of the following (auxiliary) optimization:

min  max — SPuir — xl-Tnitw + Af(sx0+ W) — ||V||hTW + ng||w|| + squ - |V|T|q| )
sER, wlxg veR™
(6.59)

h € R" and g € R™ are random vectors with i.i.d. standard normal entries.

We proceed onward with analyzing (6.59). Observe that if we fix |v|, then the optimal v satisfies

sign(v) = sign(||w||g + sq) which simplifies the optimization to the following,

T

min - max  — spinic — Xy W + A (%0 + W) = [V w+ v (| sq + Iwlig | - lal),  (6.60)

seR, wlxy veR™
By fixing the norm of v and optimizing over its direction, the optimization problem (6.60) can be

reduced to the following:

min — S$Pinit — Xgmw + Af(sX0+W)
sER, wlxgo (6.61)
subject to:  h'w > ||{| sq +|wllg | - |q|}.] ,

where, for a vector ¢, we let {c}, denote the component-wise positive part function, with i entry
equal to max(0, ¢;). Next, note that q and g are independent vectors in R™ with i.i.d. standard

normal entries. We introduce the function cq(s, ) as follows:
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Definition 7. The function ¢q : R X R, — R is defined as,

ca(s,r) = Ex, x, [{|sX1 +rXa| — |X11}3], (6.62)

where X1, X» iid. N(,1).

P
Lemma 14. | [{| sq+[Iwllg | - al}+|I> = ca(s, [wI]), as m — co.

Proof. Define the vector u € R as,

u:={| sq+|[wllg |- lql}+ . (6.63)

The entries of u are i.i.d and E[ul.z] =cq(s, ||w]]), for 1 <i < m. Therefore, the weak law of large

number gives the following:

1 1<, P
—jull® = — > uf = Eluf] = cals. [l . (6.64)

m
i=1

O

To conclude the proof of Lemma [10} we exploit the result of Lemma[I4]to replace ||{|sq + ||w||g| —
|q|}+]] in (6.61)), which gives us the following optimization:

min  min - xﬁit(sxo + W) + Af(sx0 + W)
seR weR™ w.Llxg ! (6 65)

subject to: h'w > \m cq(s, |w]) .

We are not going through the technical details of obtaining the convergence result in (6.65). The
point-wise convergence, for fixed values of s and ||w||, follows from Lemma To show the
uniform convergence, we appeal to the convexity of the objective function. The corresponding

convergence of the optimal cost follows from the uniform convergence.

The following lemma gives an explicit formula for the function cq(+, -) in terms of its two input

arguments.

Lemma 15.

ca(s,t) = %[((1 +5)? +t2) atan(lis) +((1- 5)? +t2) atan(l !

) —2t]. (6.66)
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Proof.
ca(s, 1) = E[{lsXi +1Xa| — |X11}?] (6.67)

1 o (o)
== / e/ [ e 22 (x5 — (1 = 8)x1)% dxz dx (6.68)
T Jo X
1+s

1 [ —
+— / e_x%/z./ e 52/ (tx2 + (1 + 5)x1)? dxy dx; ,
T Jo —o0

O

where, due to the symmetry, we have computed the expectation only for X; > 0 and multiplied the
result by two. Next, we rewrite the integral in the polar coordinates (r, #) where x| = r cos(6), and

xp = rsin(6).

/2 00 5
ca(s, 1) = % / (=) /0 r3e™ 12 (sin(0) - (1 - 5) cos(0))? dr do (6.69)
atan( --*
L e
+ ;/ / e 12 (+sin(0) = (1 + s) cos(6))? dr do
atan(%) 0
2 /2 2 /2
= —/ (tsin(0) — (1 — s) cos(6))? d6 + —/ (t5in(0) — (1 + 5) cos())? db
T atan(#) T atan(#)
(6.70)
_ 2P+ (=97 tan( t )_t(l—s)] 2 [+ (1+5)? tan( t )_t(1+s)
T y ATy 2 | Tx Y, 2
(6.71)
1 t t
= — (1 #9247 atan(-=) +((1 - 97 + %) atan(= ) -] . 6.72)

We derived (6.70) using the fact that /000 r3e~"*/2dr = 2. Computing each of the integrals with
respect to 8 would result in (6.71]), and the final result in (6.72) is derived by some simplifications.

6.8 Computing the Statistical Dimension for the ¢; Regularization
In this section we bound the statistical dimension of the descent cone of the objective function in

(6.2), where f(-) = || - ||1 is used for regularization. We assume that the underlying signal, Xy, is
k-sparse and define function L, : R” — R as follows,

Ly(x) := —xL x+ A|x||;, (6.73)

init
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In order to derive an upper bound for the statistical dimension d (77, (X)), we first introduce another

summary parameter for convex sets called the Gaussian width.

Definition 8 (Gaussian width [141]). The Gaussian width of a subset T~ C R" is defined as,

w(7T) =Esup(x,g), where g~ N(0,]) . (6.74)
xeT

The following proposition indicates the relationship between the Gaussian width and statistical

dimension of a convex cone.

Proposition 2 (Proposition 10.2 in [[7]). Let C C R" be a convex cone. Then

wCns" N <diC) <P Cns™H+1, (6.75)

where S"~! ¢ R”" is the unit sphere.

The Proposition [2 shows that in order to bound the statistical dimension of a convex cone, we need
to bound the squared Gaussian width of that cone. Hence, in the remaining of this section we
will bound the squared Gaussian width. To this goal, we briefly review some known properties of

Gaussian width of convex cones.

Some properties of Gaussian width

The Gaussian width is one of the intrinsic volumes of a body studied in combinatorial geometry. It is
invariant under translation and unitary transformation and has deep connections to convex geometry.
While discussing all the properties of Gaussian width is beyond the scope of this paper, we refer the

interested reader to [110} {133} {141]] and references therein.

Inspired by [[122, 33]], here we bound the Gaussian width of a cone via the distance to its polar cone.

Before stating the proposition, we review the definition of the polar cone.

Definition 9 (Polar cone). Let C C R" be a non-empty convex cone. The polar cone of C, denoted
by C*, is defined as follows,

C*={zeR":(z2,x) <0 forallx € C} . (6.76)

The following proposition establishes a connection between the Gaussian width of the cone C and

its polar cone C*:
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Proposition 3 (Proposition 3.6 in [33]]). Let C be any non-empty convex cone in R", and let

g ~ N(0,I) be a random Gaussian vector. Then we have the following bound:

w(CNS" 1) < Eyldist(g, C*)] , (6.77)

where the dist(-, -) function here denotes the Euclidean distance between a point and a set.

Applying Jensen’s inequality will result in the following,

w*(C NS < EBg[dist* (g, C*)] . (6.78)

This is very useful in bounding the Gaussian width of the descent cone of a convex function due to

We next appeal the following lemma to bound the Gaussian width:

Lemma 16 ([108]]). For a convex function f : R" — R,

(Tr(x))* = cone(df(x)) , (6.79)

where 0 f (X) is the sub-differential set of function f at point X.

The polar cone of T (x) is also called the normal cone, Ny(x), at point X. Exploiting the above
results, we can bound w? (TL (x0) N S"‘l) in terms of the squared distance to the normal cone at

point Xy, i.e., we have the following,

d(Ty,(x0)) < w? (TLA(X()) N S"—l) +1 < By [dist*(g, cone(dLa(x0))] + 1. (6.80)

For simplicity in the remaining formulations we omit the sub-script 4 and denote the objective
function by L. Let A denote the set of coordinates where xq is non-zero. The sub-differential set of
the function L (defined in (6.73))) can be formally characterized as,

A
OL(X0) = {—Xinjt + ﬁv :veR"s.t. v[i] =sign(xp[i]) fori € A, |v[i]| < 1fori e A°}. (6.81)
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Here A¢ := [n]\A represents the zero entries of xg. Without the loss of generality, we are going
to assume that the first k entries of Xy are non-zero, while the rest are zero. Then, cone of the

sub-differential can be rewritten as

cone(d f(x)) = {B - (—Xijnit + %v) cv[l:k] =1, |[v[k+1:n]llo <1, B =0}. (6.82)

The squared distance to the normal cone can be formulated as the following optimization:

dist* (g, Nz.(x0)) = min > (gli] + ximali] ~ rdsign(xoli]))® (683
T IeA

Define z := z(t) = g + fXinit. We can rewrite the equation (6.83) as,

dist3 (g, N1.(x0)) = min Z(z[i] — tasign(xo[i]))? (6.84)
T IeA
+ Z shrink(z[ /], 12)2
JeAC

x+T, x<-T
where the function shrink(, -) is defined as, shrink(x,7) =40, —T <x<T . This function
x=-T, x>T
is known as ¢;-shrinkage function and is used in sparse denoising. Taking the expectation with
respect to g will provide us with the quantity we would like to bound. We are bounding the
expectation of the squared distance by bounding each of the two terms of the sum. For the first term,

we have:

E| Z(z[i] — tasign(xo[i]))?] = k +12(A%k — [|x5,|[%) — 2t Asign(x0) X} (6.85)

init
ieA

Bounding the expectation of the second term in (6.84)) would result in,

T P 2(n - k)o? —122?
E[};}c shrink“(z[j],t1)] < N exp( Y ), (6.86)
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where 02 := 1 + “n'"”k” 12,

Using the result of equations (6.85) and (6.86)), we can see that when A4 > \/_,
y2log 2 E

t = =——, both of the terms in the sum are bounded by Ck log 7, where ¢ and C are constants that

are independent of the problem’s parameters.

then by choosing

Therefore, when 4 > (where k is the number of non-zero entries), the statistical dimension of
T1,(x0) is bounded by C klog 7. This has been used in Example 2 in Sectlonﬂ 6.3l Using the result
of Theorem [/, we can conclude that for the sparse phase retrieval problem the required sample
complexity of the regularized PhaseMax is O (k log 7). This indicates that regularized PhaseMax is

order-wise optimal (given a proper initialization).
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Part I1:

Linear Classification with Structured Parameters



Chapter 7 89

LINEAR MODELS FOR BINARY CLASSIFICATION

In this chapter, we introduce the problem of classification with linear decision boundaries. As
explained earlier in Chapter|I] this problem falls under the category of generalized linear models. In
binary classification, a linear decision boundary can be seen as a hyperplane that separates the two
classes. Given a training data set, the goal is to find the parameters of the classifier (equivalently the

normal vector of the separating hyperplane).

Mathematically speaking, we assume that we have access to the training data D = {(x;, y;)|1 <i <
n}, where, fori = 1,2,...,n, X; € R? denotes the feature vector and y; € {+1, —1} indicates the

class label, which is a symmetric Bernoulli random variable with,
Ply; = 1|x;] = ®(x] w*). (7.1)

Here, w* € R” is the parameter vector of the underlying model, and ® : R — R is a known
real-valued (non-linear) function, often referred to as the link function. A well-known example of

such model is logistic regression in which the function @ is the logistic function.

exiTw*
logistic model:  P[y; = 1|x;] = —— — (7.2)
eXi w + e—Xi w

Another important example is the noise-free model, in which the hyperplane with the normal vector

w* perfectly separates the two classes.

noise-free model:  P[y; = 1|x;] = SIGN(xiTw*). (7.3)

It is worth noting that thew logistic model converges to a noise-free model as ||w*|| — +co.

Here, we assume that the link function, ®(-) is known, and the goal is to find w* given the data set
D. We assume that the data points x;’s are generated independently from a distribution Py. Inspired
by the maximum-likelihood estimator in logistic regression, one can attempt to find w* by solving

an optimization problem of the form:

n
L . T _
W = arg min Z; C(x; W, yi), (7.4)



where the objective function is additive with respect to each of the data points, and the function
¢ : R? — Ris defined based on the link function ®(-). For instance, we will show in Chapterthat
the maximum-likelihood estimator can be derived by choosing £(-, -) as,

{(u,v) =log(1 +exp(—uv)), (7.5)

which gives the following optimization program:

n
Wy g = arg VIVI’EIIIRI}, Z log [l + exp(y,-xl-Tw)]. (7.6)
i=1

It turns out that the optimization program ((7.6)) exhibits different behaviors depending on the
separability of the data set.

Definition 10. The data set D = {(x;, y;)|1 < i < n} is said to be separable if there exists wy € R
such that y; = SIGN(WgXI-)fori =12,...,n

7.1 Non-separable Data sets

When n/p is sufficiently large, i.e., when we have access to a sufficiently large number of samples, the
maximume-likelihood estimator is well-defined. In this case, the training data set 9 is non-separable,
and the optimization program has a unique solution. Since this is a convex optimization, a
descent method (such as gradient descent) can be used to achieve the optimal solution. There has
been multiple studies in classical statistics on the performance of the estimate derived from the
logistic regression when the data is non-separable. The main underlying assumptions in these studies
is that the number of data samples, n, far exceeds the number of parameters, p. More specifically,
it has been shown that when n/p — oo, the solution of the logistic regression Wy z becomes an

efficient estimator of the underlying parameters w*, i.e.,

* W, r is an unbiased estimator of w*.

* Wy g has the minimum variance among all unbiased estimators. The covariance matrix of this

estimator is equal to the inverse of the Fisher Information matrix.

We will observe in Chapter @ that the above results, derived in the classical regime, do not hold
when the number of samples is proportional to the number of parameters. In particular, we will see
that when 6 = n/p < 400, the estimator derived from the logistic model is not even an unbiased

estimator!
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In practice, we often assume that the underlying parameters possess certain structure(s). To enforce
the structure, we often add a regularization term to the objective function. The regularized logistic

regression can be formulated as following,

1 v A<
WgrLr = arg min — Z log [1 + exp(yixl.Tw)] +— Z R(wy). (7.7)
i=1 P

weR? n

where R(-) is the regularization function that enforces the desired/expected structure.

In Chapter [8] we provide a precise asymptotic analysis of the solution of the regularized logistic
regression. In particular, we characterize the performance via the solution to a nonlinear system of
equations with 6 unknowns. We will show that any performance measures of the resulting estimator
can be computed form the solution of this nonlinear system. We then investigate the performance
for certain choices of the regularization functions: (1) ridge regularization, which is often used
in ML applications to improve the performance of the estimator and to avoid overfitting, (2) ¢;
regularization, which is used to enforce sparse structures, and (3) ¢, regularization, which is used

when the underlying parameter has a discrete (binary) structure.

7.2 Separable Data sets (Interpolating Regime)
In the setting where the data set D is separable, the optimization problem does not have a

unique solution. Let ‘W denote the set of parameters that perfectly separates the data, i.e.,

W = {w € R?| y = SIGN(w’'x) , for (x,y) € D}. (7.8)

The regime of parameters when D is a separable data set (equivalently, when the set ‘W is non-empty)

is known as the interpolating regime.

To find an optimal solution of (7.6)), we often use an iterative solver, which starts from an initialization
point and follows an update rule till convergence. It has been observed that in many machine learning
tasks, iterative solvers converge to one of the points in the set ‘W (i.e., the training error converges to

zero). Therefore, one can qualitatively pose the following important (yet still mysterious) question:

Which point(s) in ‘W is (are) "better” estimator(s) of the actual parameter, w*?

Studies on the performance of different classifiers for binary classification dates back to the seminal
work of Vapnik in the 1980’s [140]. In an effort to find the "optimal" hyperplane that separates
the data, he presented an upper bound on the test error which is inversely proportional to the

margin (minimum distance of the data points to the separating hyperplane), and concluded that the
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max-margin classifier is indeed the desired classifier. It has also been observed that to construct such
optimal hyperplanes one only needs to only take into consideration a small amount of the training

data, the so-called support vectors [37].

A more recent line of research studies the convergence of iterative optimization algorithms (such as
gradient descent) on the logistic loss in the interpolating regime. Soudry et al. [[120] studied the

behavior of gradient descent updates when applied on the logistic loss, i.e.,
Wi =W, —n X VL(D,w) for ¢t >0, (7.9)

where 7 is the step-size and L(D,w) = 3.7, log [1 + exp(yixl.TW)] is the objective function in

logistic regression. The following Theorem characterizes the convergence behavior of GD iterates:

Theorem 9 (Theorem 3 in [120]). Consider the optimization problem (7.6), and the gradient descent
iterates initialized at wy and updated as in (1.9) withn < Cp/n|l We have,

(i) ||w:]| = 400, ast — oo, and,

(ii) lim Hx_iH = IIXII’ where W is the parameters of the max-margin classifier defined as,
—00

W =arg min ||w||2
welk” (7.10)
s.t. yi(xiTW) >1, forl1 <i<n.

This result is very interesting as it sheds light on the convergence behavior of the GD iterates. While,
there are multiple hyperplanes that separates the data, the GD converges to a special one that is the
max-margin classifier. More importantly, in order to assess the performance of the result achieve by

running gradient descent method, we should analyze the performance of the max-margin classifier.

In Chapter[9] we attempt to extend this result by considering the case where the underlying parameter,
W* possesses certain structure (sparse, low-rank, block-sparse, etc.), and consider a convex function
Y : R? — R which encourages this structure. We introduce the Extended Margin Maximizer (EMM)
as the solution of the following optimization,

min (W)
weR? (7.11)
s.t. yi(xlTw) >1, forl <i<n.
IC 4 is a constant that depends on the data set 9. It has been shown in [[120]] that for logistic loss Cp = %(X)
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We will show that EMM can be viewed as an optimization problem that simultaneously considers
enforcing the structure and the maximiztion of the margin. After introducing extended margin-
maximizers as a suitable extension of the max-margin classifier in the structured setting, in Chapter[9|
we also analyze the asymptotic behavior of the EMM optimizer when the data points are derived
independently from a Gaussian distribution. It will be shown in our theoretical results as well as
numerical simulations that an appropriate choice of the potential function ¢ (-) can lead to a classifier

which outperforms the max-margin classifier.

Before proceeding into the analysis of the performance of the optimal classifiers in Chapters [§]
and 0] we need to answer an important question. What is the condition for the separability of

the training data? In the remaining of this chapter, we focus on answering this question.

7.3 Separability Condition
In this section, we study the necessary and sufficient conditions for the separability of the data
set, D. Here, we assume that the data points, {x;}_, , are drawn independently from the standard

normal distribution N (0, I%Ip). In addition, the labels are generated from a logistic-type model,

with the underlying parameter, w* € R”, as follows,
yi = RAD(®(xw*)), i=1,2,...,n, (7.12)

where the link function @ : R — [0, 1] is non-decreasing.

We analyze this problem in the linear asymptotic regime in which the problem dimensions, p and n,
grow to infinity at a proportional rate ¢ := %, known as the overparameterization ratio. Our analysis

on the separability of the data set also relies on another parameter, the signal strength defined as
— 1wl
VP

set. Our results rely on a summary function c¢; (-, -), which incorporates the information about the

. Under these assumptions, we provide the conditions on the separability of the data

underlying model.

Definition 11. For the parameter t > 0, the function c¢; : R X R, — R, is defined as,
ci(s,r) =B[(1 - tsZY - rZ»)7], (7.13)

where Z1, 7> " N(0, 1), and Y ~ RAD(®(tZy)).

Asymptotic phase transition

Theorem [I0| provides the necessary and sufficient conditions for the separability of the data.
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Theorem 10 (Phase transition). Consider the data set D = {(x;, y;)}!_; € R? X {+1, =1}, where,
fori=1,2,...,n, X; is independently drawn from N (0,1/p) and y; is derived from (7.12). As
n, p — oo at a fixed overparameterization ratio ¢ = % € (0, 00), D is (almost surely) separable (or
equivalently, the set W is nonempty) if and only if,

556 =6 (k) = inf KD

s,r>0 1’2

(7.14)

Theorem [I0]indicates the necessary and sufficient conditions for the separability of the data. From
earlier discussion in Section the separability of the data set is the condition required for the
existence of the EMM classifier (7.11). Therefore, also indicates the necessary and sufficient
condition for the existence of EMM. The proof of Theorem|[I0]is provided in Section[9.8|of Chapter[9]
A few remarks are in place:

Remark 7. The condition for the existence of the EMM classifier (7.11)) is independent of the choice
of the potential function,  (-).

Remark 8. The phase transition is valid for any choice of the link function ®(-). This
generalizes the former result by Candes and Sur [31]. It is worth noting that the summary functional
¢y depends on the choice of the link function. This function is often computed numerically (computing

the integral corresponds to the expectation.)

The following lemma, describes the changes in §* with respect to the signal strength, .

Lemma 17. Assume ®(-) is an increasing function with ®(0) = 1/2 and lim,_,_o, ®(u) =

1 —limy 400 ®(u) = 0. 6™ is a decreasing function of k, with 6*(0) = % and lim,_,o, 6*(k) = 0.

Note that the assumptions on the link function in Lemma|l7/|are satisfied by typical choices of link
function, as we expect the output (the probability of the label being equal to +1) to be close to 1
when the feature vector is well-aligned with the underlying parameter vector, w*, and close to 0

when the feature vector is aligned with —w*.

The result of Lemma can be intuitively verified. Recall that x = % and y; ~ RAD((I)(XiTW*)).
Therefore, k — oo translates to having y; = SIGN(X[TW*). In this case, our training data is always
separable for any number of observations n. Besides, the case of x = 0 corresponds to having
random labels assigned to feature vectors x;. [38]] showed that in this case, as p — oo, § > 0.5 is the
necessary and sufficient condition for the separability of the data set.

Figure[7.1| provides a comparison between the theoretical result in Theorem [[0]and the empirical

94



T T T T T T

0.6 4

K

Figure 7.1: The phase transition, 6*, for the separability of the data set, where the feature vector, x;
is drawn from the Gaussian distribution, N (0, %Il,), and the labels are y; ~ RAD(CD(XiTW*)), for

D(z) = ﬁ The empirical result is the average over 20 trials with p = 150, and the theoretical

results are from Theorem @}

results derived from numerical simulations for p = 150 and 20 trials. As seen in this plot, the theory

matches well with the empirical simulations.

Conclusion

In this chapter, we introduced the problem of binary classification as a special example of generalized
linear models which is commonly used in machine learning applications. With the goal of finding
the optimal parameter of the logistic model, we formed an optimization consisting of a loss function
and a regularization term. Separability of the training data set, 9, is the distinguishing factor for the
behavior of the optimal solution of this optimization. Our analysis on the separability of  shows a
sharp asymptotic phase transition with respect to the overparameterization ratio 6 = p/n. For data
sets generated from a Gaussian distribution, we precisely characterize the phase transition which

shows the necessary and sufficient condition on the separability of D.
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Chapter 8 96

PRECISE PERFORMANCE ANALYSIS OF REGULARIZED LOGISTIC
REGRESSION IN HIGH DIMENSIONS

[1] F. Salehi et al. “The Impact of Regularization on High-dimensional Logistic Regression”.
In: Advances in Neural Information Processing Systems (2019), pp. 11982-11992.

Logistic regression is the most commonly used statistical model for predicting dichotomous
outcomes [63]. It has been extensively employed in many areas of engineering and applied sciences,
such as in the medical [18,|135] and social sciences [[/8]]. As an example, in medical studies, logistic
regression can be used to predict the risk of developing a certain disease (e.g. diabetes) based on a

set of observed characteristics from the patient (age, gender, weight, etc.)

Linear regression is a very useful tool for predicting a quantitative response. However, in many
situations the response variable is qualitative (or categorical) and linear regression is no longer
appropriate [71]. This is mainly due to the fact that least-squares regression often succeeds under
the assumption that the error components are independent with normal distribution. In categorical

predictions, however, the error components are neither independent nor normally distributed [96].

In logistic regression, we model the probability that the label, Y, belongs to a certain category. When
no prior knowledge is available regarding the structure of the parameters, maximum likelihood
is often used for fitting the model. Maximum likelihood estimation (MLE) is a special case of

maximum a posteriori estimation (MAP) that assumes a uniform prior distribution on the parameters.

In many applications in statistics, machine learning, signal processing, etc., the underlying parameter
obeys some sort of structure (sparse, group-sparse, low-rank, finite-alphabet, etc.). For instance,
in modern applications where the number of features far exceeds the number of observations, one
typically enforces the solution to contain only a few non-zero entries. To exploit such structural
information, inspired by the Lasso [132]] algorithm for linear models, researchers have studied
regularization methods for generalized linear models [118,|54]. From a statistical viewpoint, adding
a regularization term provides a MAP estimate with a non-uniform prior distribution that has higher

densities in the set of structured solutions.



8.1 Prior Work

Classical results in logistic regression mainly concern the regime where the sample size, n, is
overwhelmingly larger than the feature dimension p. It can be shown that in the limit of large samples
when p is fixed and n — oo, the maximum likelihood estimator provides an efficient estimate of
the underlying parameter, i.e., an unbiased estimate with the covariance matrix approaching the
inverse of the Fisher information [139] 84]]. However, in most modern applications in data science,
the data sets often have a huge number of features, and therefore, the assumption 1% > 1 is not valid.
Sur and Candes [31}|123]|124]] have recently studied the performance of the maximum likelihood
estimator for logistic regression in the regime where n is proportional to p. Their findings challenge
the conventional wisdom, as they have shown that in the linear asymptotic regime, the maximum
likelihood estimate is not even unbiased. Their analysis provides the precise performance of the

maximum likelihood estimator.

There have been many studies in the literature on the performance of regularized (penalized)
logistic regression, where a regularizer is added to the negative log-likelihood function (a partial
list includes [19, |76, [138]]). These studies often require the underlying parameter to be heavily
structured. For example, if the parameters are sparse, the sparsity is taken to be o(p). Furthermore,
they provide order-wise bounds on the performance, but do not give a precise characterization of the
quality of the resulting estimate. A major advantage of adding a regularization term is that it allows
for recovery of the parameter vector even in regimes where the maximum likelihood estimate does

not exist (due to an insufficient number of observations).

Summary of results and contributions

Here, we study regularized logistic regression (RLR) for parameter estimation in high-dimensional
logistic models. Inspired by recent advances in the performance analysis of M-estimators for linear
models [42, 48, 129], we precisely characterize the asymptotic performance of the RLR estimate.
Our characterization is through a system of six nonlinear equations in six unknowns, through
whose solution all locally-Lipschitz performance measures such as the mean, mean-squared error,
probability of support recovery, etc., can be determined. In the special case when the regularization
term is absent, our 6 nonlinear equations reduce to the 3 nonlinear equations reported in [123]].
When the regularizer is quadratic in parameters, the 6 equations also simplify to 3. When the
regularizer is the £{; norm, which corresponds to the popular sparse logistic regression [|80, 81,
our equations can be expressed in terms of Q-functions, and quantities such as the probability of
correct support recovery can be explicitly computed. Numerous numerical simulations validate the

theoretical findings across a range of problem settings. To the extent of the author’s knowledge, the
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result presented here is the first work that precisely characterizes the performance of the regularized
logistic regression in high dimensiongT} The result presented in this chapter is adopted from our

paper [113]].

8.2 Mathematical Setup
Assume we have n samples from a logistic model with parameter w* € R”. Let D = {(x;, iYL,
denote the set of samples, where for i = 1,2,...,n, X; € R? is the feature vector and the label

vi € {—1,+1} is a symmetric Bernoulli random variable with,

Ply; = 1|x;] = p’(x) w*), for i=1,2,...,n, 8.1)

~

where p’(1) := <= is the standard logistic function. The goal is to compute an estimate for w*
e2+e2

from the training data 9. The maximum likelihood estimator, Wy, , is defined as,

n n

W), = arg max rl Pw(y;|x;) = arg max 1—[
weRpP 1 weRrP 1

i=1 =l ¢77 4e "2 (8.2)

=arg 1 mm Zp(x w)—( yl)( Tw),

where p(t) :=log(1+e") is the link function which has the standard logistic function as its derivative.
The last optimization is simply minimization over the negative log-likelihood. This is a convex
optimization program as the log-likelihood is concave with respect to w.

As explained earlier, in many interesting settings the underlying parameter possesses certain
structure(s) (sparse, low-rank, finite-alphabet, etc.). In order to exploit this structure, we assume
f : R? — R is a convex function that measures the (so-called) "complexity" of the structured

solution. We fit this model by the regularized maximum (binomial) likelihood defined as follows,

&= arg min - Zp(x W = (W] + 5 ). 8.3)

Here, A € R, is the regularization parameter that must be tuned properly. In this chapter, we study
the linear asymptotic regime in which the problem dimensions p, n grow to infinity at a proportional
rate, 0 := % > (. Our main result characterizes the performance of W in terms of the ratio, ¢, and
the signal strength, x = % . For our analysis, we assume that the regularizer f(-) is separable,

f(w) =Y, f(w;), and the data points are drawn independently from the Gaussian distribution,

I'The statement refers to the time of the first submission of these results in May, 2019.
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{x;}", d Ay (0, %Ip). We further assume that the entries of w* are drawn from a distribution IT.
Our main result characterizes the performance of the resulting estimator through the solution of a
system of six nonlinear equations with six unknowns. In particular, we use the solution to compute

some common descriptive statistics of the estimate, such as the mean and the variance.

8.3 Characterization of the Performance of Regularized Logistic Regression

In this section, we present the main results of this chapter, that is the characterization of the
asymptotic performance of regularized logistic regression (RLR). When the estimation performance
is measured via a locally-Lipschitz function (e.g. mean-squared error), Theorem [ 1] precisely
predicts the asymptotic behavior of the error. The derived expression captures the role of the
regularizer, f(-), and the particular distribution of w*, through a set of scalars derived by solving a
system of nonlinear equations. We first present this system of nonlinear equations along with some
insights on how to numerically compute its solution. Afterwards, we formally state our result in
Theorem The result of this theorem will then be used to predict the general behavior of w. In
particular, we compute its correlation with the true signal as well as its mean-squared error.

A nonlinear system of equations
As we will see in Theorem|[TT] given the signal strength « and the ratio ¢, the asymptotic performance
of RLR is characterized by the solution to the following system of nonlinear equations with six

unknowns (a, 0,7y, 0,1,71).

K = E[W Prox,, 7, (cT(6W +rV62))] ,

0)
y = g E[Z Prox,, - 7, (oT(6W + r\/SZ))] ,
K> +0?=E [ProxMTif(,) (oT(6W + ,»\/Sz))z] ,
2_ 2 iy ) (NLS)
v = 2 E[p (—KZI)(KCL’Zl +0Zy — Prox, (. (kaZ; + a'Zz)) ] ,

Oy = -2 E[p”(—KZl)Proxw(.) (KCL’Z] + 0'22)] ,

A B[ 2p'(-kZ,)
oT 1 +yp”(Prox, ) (kaZi + 0Z,))"

Here Z, Z,, Z, are standard normal variables, and W ~ II, where Il denotes the distribution on the

entries of w*. The following remarks provide some insights on solving this nonlinear system.

Remark 9 (Proximal Operators). It is worth noting that the equations in (NLS) include the

expectation of functionals of two proximal operators. The first three equations are in terms
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of Prox gy, which can be computed explicitly for most widely used regularizers. For instance,
in {i-regularization, the proximal operator is the well-known shrinkage function defined as
n(x,t) = I%I(lxl — t)4. The remaining equations depend on computing the proximal operator of the

link function p(-). For x € R, Prox,,(.)(x) is the unique solution of z +tp’(z) = x.

Remark 10 (Numerical Evaluation). Define v := [a, 0,7y, 0, T, r]T as the vector of unknowns. The
nonlinear system (NLS) can be reformulated as v = S(v) for a properly defined S : R® — RS.
We have empirically observed in our numerical simulations that a fixed-point iterative method,

Vi1 = S(Vy), converges to v, such that v* = S(v*).

Asymptotic performance of regularized logistic regression

We are now able to present our main result. Theorem [[T|below describes the average behavior of
the entries of W, the solution of the RLR. The derived expression is in terms of the solution of the
nonlinear system (NLS]), denoted by (@, 7, ¥, 0,7, 7). An informal statement of our result is that as

n — oo, the entries of W converge as follows,
d
\?Vj—>F(w;,Z), for j=1,2,...,p, (8.4)
where Z is a standard normal random variable, and T : R? — R is defined as,

(c,d) = Prox ;- 7, (07 (fc +7V5d)) . (8.5)

In other words, the RLR solution has the same behavior as applying the proximal operator on the

"perturbed signal”, i.e., the true signal added with a Gaussian noise.

Theorem 11. Consider the optimization program (8.3), where for i = 1,2,...,n, X; has the
multivariate Gaussian distribution N (0, %Ip), and y; = RAD(p(x!' w*)), and the entries of W* are
drawn independently from a distribution I1. Assume that the parameters 0, k, and A are such that
the nonlinear system (NLS) has a unique solution (&,7,7%,0,7,7). Then, as p — oo, for any
locally-Lipschitg? function ¥ : R xR — R, we have,
1 & o P
—Zl}'(w,-,wj) — E[¥(C(W,Z),W)], (8.6)
P “
j=1
where Z ~ N (0, 1), W ~ Il is independent of Z, and the function T'(-, ) is defined in (8.5)).

2A function ¥ : R — R is said to be locally-Lipschitz if,

VM > 0, ALy; > 0, such that Vx,y € [—M,+M]d D P(x) -P(y)| < Lyllx=yll .
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We defer the detailed proof to Section [8.7] In short, to show this result we first represent the
optimization as a bilinear form, u” Xv, where X is the measurement matrix. Applying the CGMT to
derive an equivalent optimization, we then simplify this optimization to obtain an unconstrained
optimization with six scalar variables. The nonlinear system (NLS) represents the first-order
optimality condition of the resulting scalar optimization.

Before stating the consequences of this result, a few remarks are in order.

Remark 11 (Assumptions). The assumptions in Theorem |l I|are chosen in a conservative manner.
In particular, we could relax the separability condition on f(-) to some milder condition in terms of
asymptotic convergence of its proximal operator. Furthermore, one can relax the assumption on
the entries of W* being i.i.d. to a weaker assumption on the empirical distribution of its entries.
However, for the applications discussed in this chapter, the theorem in its current form is adequate.

In Chapter[9, we will perform a more general analysis with less restrictive assumptions.

Remark 12 (Choosing W). The performance measure in Theorem [I1]is computed in terms of
evaluation of a locally-Lipschitz function, (-, -) . As an example, ¥(u,v) = (u — v)? can be used
to compute the mean-squared error. In the next section, we will appeal to this theorem with various

choices of Y to evaluate different performance measures on w.

Correlation and variance of the RLR estimate
As the first application of Theorem[TT] we compute common descriptive statistics of the estimate
w. In the following corollaries, we establish that the parameters @, and & in (NLS)), respectively,

correspond to the correlation and the mean-squared error of the resulting estimate.

N P _
Corollary 6. As p — oo, W Wwws — a.

Proof. Recall that ||w*||> = pk*. Applying Theoremwith Y(u,v) = uv gives,

1
[Iw*[[?

R Pl _

AT A - - _ _

wiwr = e > Wwr— FE[W Prox 5+ 7, (FF(OW +7V562))| = @ (8.7)
j=1

where the last equality is derived from the first equation in the nonlinear system (N LJS)), along with

the fact that (&, &, 7, 6, T, 7) is the solution to this nonlinear system. O

Corollary [6] states that upon centering W around @w*, it becomes uncorrelated from w*. Therefore,
we define W := g to be an unbiased estimator of w*. The following corollary computes the

mean-squared error of w.
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P -
Corollary 7. As p — oo, %HW -wH|]? — £

Proof. We appeal to Theoremwith W(u,v) = (u—av)?,

| N AP T | P 2y O
I—)llw—w I1? = ?(;Hw—aw 1) — EE[(Prowa-f(_)(O'T(QW+r\/5Z)) —aWw)’| = =
(8.8)
where the last equality is derived from the third equation in the nonlinear system (VLS| together
with the result of Corollary [6] m|

In the next two sections, we investigate other properties of the estimate W under ¢; and f%

regularization.

8.4 Impact of ¢, regularization on Logistic Regression

The ¢, norm regularization is commonly used in machine learning applications to stabilize the
model. Adding this regularization would simply shrink all the parameters toward the origin and
hence decrease the variance of the resulting model. Here, we provide a precise performance analysis

of the RLR with £3-regularization, i.e.,

" y i
W = arg ;rel%R% ; Zp(x w)—( ) (x; w)]+—Zw (8.9)
To analyze (8.9), we use the result of Theorem[I 1] It can be shown that in the nonlinear system (NLS)),
6, T, i can be derived explicitly from solving the first three equations. This is due to the fact that the

proximal operator of f(-) = %(-)2 can be expressed in the following closed-form,

. 1 2 1 2 X
Prox, 7, (x) = argryrgﬂg Z(y —x)"+ Y =1 (8.10)
This indicates that the proximal operator in this case is just a simple scaling. Substituting (8.10) in

the nonlinear system (N LJS)), we can rewrite the first three equations as follows,

ad
§=",

Y
r=— Y
oVo
= —

Y
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Figure 8.1: The correlation factor (&) of the solution of logistic regression with f% penalty.

Using this simplification, we can state the following Theorem which gives the performance of

logistic regression under [%—regularization:

Theorem 12. Consider the optimization (8.9) with parameters «, 6, and vy, and the same assumptions

as in Theorem [l 1} As p — oo, for any locally-Lipschitz function ¥ (-, -), the following convergence
holds,

p
lZlP(vvj —aw*,wh) - E[¥(FZ,W)], (8.12)
P&

where Z is standard normal, W ~ 11 is independent of Z, and &, & are the unique solution to the

following nonlinear system of equations,

so? , 2
— = E[p (—KZl)(Kale +0Zy — Prox,,)(kaZ; + 0'Z2)) ] ,
oa
5 = E[p”(—KZl)Proxyp(.)(KQZl + 0'22)] , (NLS - Ly)
20 (—kZ
1-6+1y = E| p(=x21) ].
1 +yp"(Prox,,\(kaZi + 0Z3))

The proof is provided in Section Theorem [I2] states that upon centering the estimate W, it

becomes uncorrelated from w* and the distribution of the entries approach a zero-mean Gaussian

distribution with variance 2.

Figures [8.1] [8.2] and [8.3] depict the performance of the regularized estimate for different values of A.
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Figure 8.2: The variance &2 of the solution of logistic regression with {’g penalty.
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The dashed lines depict the theoretical results derived from Theorem [I2] and the dots are the results
of empirical simulations. The empirical results are the average over 100 independent trials with
p =250 and « = 1. Although our theoretical results are asymptotic, we observe that the theory well

matches the empirical results in our numerical simulations.

As observed in these figures, increasing the value of A reduces the correlation factor @ (Figure 8.1
and the variance -2 (Figure [8.2). Figure shows the mean-squared-error of the estimate as a
function of A . It indicates that for different values of ¢, there exists an optimal value Ay that

achieves the minimum mean-squared error.

Unstructured case

By setting 4 = 0 in (8.9)), we obtain the optimization with no regularization, i.e., the maximum
likelihood estimate. When we set A to zero in (NLS — L,), Theorem [I2] gives the same result as Sur
and Candes reported in [123]]. In their analysis, they have also provided an interesting interpretation

of ¥ in terms of the likelihood ratio statistics.

8.5 Sparse Logistic Regression

In this section, we study the performance of our estimate when the regularizer is the ¢; norm. In
modern machine learning applications, the number of features, p, is often overwhelmingly large.
Therefore, to avoid overfitting, one typically needs to perform feature selection, that is to exclude
irrelevant variables from the regression model [71]. Adding an ¢; penalty to the loss function is the

most popular approach for feature selection.

As a natural consequence of the result of Theorem [T 1] we study the performance of RLR with ¢,
regularizer (referred to as "sparse LR") and evaluate its success in recovery of the sparse signals.
Here, we extend our general analysis to the case of sparse LR. In other words, we will precisely

analyze the performance of the solution of the following optimization,

W= arg min -~ Zp(x w) - (2 2w + —||w||1 (8.13)

In what follows, we first explicitly describe the expectations in the nonlinear system (N LS)) using
two Q-functions’ Consequently, we analyze the support recovery in the resulting estimate and show

that the two Q-functions represent the probability of on and off support recovery.

(9] 7X2
3The Q-function is the tail distribution of the standard normal random variable defined as Q(¢) := ft 2 ix .

Van
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Convergence behavior of sparse LR

For our analysis in this section, we assume that each entry W?, fori =1,...,p,is sampled i.1.d.
from a distribution,
¢(%)
(W) = (1-5)-60(W)+5- (——), (8.14)
V5
2
where s € (0, 1) is the sparsity factor, ¢(t) := £ \/%2 is the density of the standard normal distribution,

and 6 (-) is the Dirac delta function. In other words, entries of w* are zero with probability 1 — s,
and the non-zero entries have a Gaussian distribution with appropriately defined variance. Although
our analysis can be extended further, here we only present the result for a Gaussian distribution on
the non-zero entries. The proximal operator of f(-) = | - | is the soft-thresholding operator defined
asn(x,t) = ﬁ(x — t); . Therefore, we are able to explicitly compute the expectations with respect
to f(-) in the nonlinear system (NLS)). To streamline the representation, we introduce the following

two proxies,

1 Vo
= —Ot tzz—\/_. (8.15)
r2s + 22 d

In the next section, we provide an interpretation for #; and t,. In particular, we will show that Q(f),
and Q(7,) are related to the probabilities of on and off support recovery, which would allow us to
compute the type I and type II errors in support recovery. Considering the distribution IT (in [8.14)

for the entries of w*, we can rewrite the first three equations (which are in terms of the proximal
operator of | - |) in (NLS)) as follows,

X 6-0(n),
oT
2(;;-7- meroln) o). (8.16)
2.2 2 /12 )
: 2a/0'2-:'20- - 2)6;0'7' " ;;T + K707 - Q(11) — A%(s - #ﬁl) +(1-5)- ¢Zz)) _

Appending the three equations in (8.16) to the last three equations in (NLS) gives the nonlinear
system for sparse logistic regression. Upon solving these system of nonlinear equations, we can use

the result of Theorem |1 I{to compute various performance measures on the estimate w.

Figures [8.4] [8.5] and [8.6]show the performance of our estimate as a function of A. The dashed lines
depict the theoretical results derived from Theorem [[T], and the dots are the results of empirical

simulations. The empirical results are the average over 100 independent trials with p = 250 and
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k = 1. It can be seen that the bound derived from our theoretical result matches the empirical

simulations. Also, it can be inferred from Figure [8.6] that the optimal value of A (Ao that achieves
the minimum mean-squared error) is a decreasing function of 9.

Support recovery

We next study the support recovery in sparse logistic regression. As mentioned earlier, sparse LR is

often used when the underlying parameter has few non-zero entries. We define the support of w* as

Q:={jll <j<p, Wj*. # 0}. Here, we would like to compute the probability of success in recovery
of the support of w*.

Let w denote the solution of the optimization (8.13]). We fix the value € > 0 as a hard-threshold

based on which we decide whether an entry is on the support or not. In other words, we form the
following set as our estimate of the support given w,

Q={jll <j<p,IWl>e}. (8.17)
In order to evaluate the success in support recovery, we define the following two error measures,

Ei(€) =Prob{j € Q|j ¢ Q} , E»(€) =Prob{j ¢ Q|j € Q} .

(8.18)
In our estimation, E represents the probability of false alarm, and E, is the probability of missed-

detection of an entry of the support. The following lemma indicates the asymptotic behavior of both
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CITOIS as € approaches Z€ro.

Lemma 18 (Support Recovery). Let W be the solution to the optimization (8.13)), and the entries of
w* have distribution 11 defined in (8.14). Assume A is chosen such that the nonlinear system (NLS))

has a unique solution (&, ,7y,0,7,7). As p — oo, we have,

lim E (€) L) Q(fl) where, 1} = ——, and,
€l0 Vo
_ _ 1 (8.19)
lim E>(€) L1202 Q(tz) where, t) = .
€l0 572 + 9242
S

Figures 8.7/ and [8.8| depict the performance of the ¢-regularized logistic regression in finding the
support of the underlying signal. The dashed lines are the theoretical results derived from Lemma|I8]
and the dots are the results of empirical simulations. For the numerical simulations, the result is the

average over 100 independent trials with p = 250 and xk = 1 and € = 0.001.
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Figure 8.7: The support recovery in the regularized logistic regression with £; penalty for Ey: the
probability of false detection.

8.6 Conclusion and Future Directions
In this chapter, we analyzed the performance of the regularized logistic regression (RLR), which is
often used for parameter estimation in binary classification. We considered the setting where the

underlying parameter has a certain structure (e.g. sparse, group-sparse, low-rank, etc.) that can be
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Figure 8.8: The support recovery in the regularized logistic regression with ¢ penalty for E;: the
probability of missing an entry of the support.

enforced via a convex penalty function f(-). As mentioned earlier in Section an advantage of
RLR is that it allows parameter recovery even for instances where the (unconstrained) maximum
likelihood estimate does not exist. We precisely characterized the performance of the regularized
maximum likelihood estimator via the solution to a nonlinear system of equations. Our main results
can be used to measure the performance of RLR for a general convex penalty function f(-). In
particular, we apply our findings to two important special cases, i.e., f%—RLR and ¢1-RLR. When the
regularizer is quadratic in parameters, we have shown that the nonlinear system can be simplified
to three equations. By setting the regularization parameter, A, to zero, which corresponds to the
maximum likelihood estimator, we simply derived the results reported by Sur and Candes [123]].
For sparse logistic regression, we established that the nonlinear system can be represented using two
Q-functions. We further showed that these two Q-functions represent the probability of the support

recovery.

For our analysis, we assumed that the data points are drawn independently from a Gaussian
distribution and utilized the CGMT framework. An interesting future work is to extend our analysis
to non-Gaussian distributions. To this end, we can exploit the techniques that have been used to

establish the universality law (see [100,|103} 2] and the references therein).
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8.7 Proof of Theorem 1]
We present the proof of our main result that is a precise characterization on the performance of the
optimization program (8:3) in the limit where p,n — oo at a fixed ratio ¢ := £. We assume that the
data points are drawn independently from Gaussian distribution, x; Y (0, ;;Ip). For simplicity
in notations, we replace y; with % which results in the labels being in {0, 1}. Therefore, we can
rewrite (8.3) as follows,
1 1 1 A

min —17"p(—Hw) - —y Hw + = f(w 8.20

min 1 p(Hw) =y THw 2 f () (8.20)
where the action of function p(-) on a vector is considered component-wise, y € R” and H € R"™*?

are defined as follows,

T
Y1 _Xl -
Y2 —Xg—
Yn _X;{_

Note that the matrix H is defined in such a way that its entries have i.i.d. standard normal distribution.

We use the CGMT framework for our analysis. The proof strategy consists of three main steps:

1. Finding the auxiliary optimization: In order to apply the result of Theorem[I5] we need to

rewrite the optimization as a bilinear form and find its associated auxiliary optimization.

2. Analyzing the auxiliary optimization: The goal of this step is to simplify the auxiliary

optimization in such a way that its performance can be characterized via a scalar optimization.

3. Finding the optimality condition on the scalar optimization: We investigate the solution to the
resulting scalar optimization. Specifically, by writing the first-order optimality conditions, we
will derive the nonlinear system of equations (N LS).

We explain each of the three steps in more details in the following subsections.

Finding the auxiliary optimization
In order to apply the CGMT, we need to have a min-max optimization. Introducing a new variable
u, we have the following optimization,
1 1 A
min _ —-17p(u) — —yTu+ = f(w)
p

weRP, ueR"” n n

1 (8.22)
s.t. u= —Hw.

Vr
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Next, we use the Lagrange multiplier v to rewrite (8.22)) as a min-max optimization,

1 1 A 1 1
i —1"p(u) — —y"u+ = —v''(u - —Hw) . 2
yeihin  mAx p(w) -~y U+pf(W)+nV (u N W) (8.23)

Since y depends on H, we cannot directly apply CGMT to the bilinear form v/ Hw. To solve this

L w*w*" and P+ := I, — P, the projection matrices on the direction
w13 P

of w* and its orthogonal complement, respectively. We use these projections to decompose the
matrix H as, H = H; + Hp, with H; := Hx P, and H, := H x P+. Rewriting (8.23) with the

decomposition of H would give,

issue, we first introduce P :=

1 1 A 1 1 1
i -17 ——ylu+ = —vi(u— —H;w) - —V How. 24
we]gl},lllnleR"Ivg%)'f n p(u) ny ur pf(w)+ nV (u \P ) n\/ﬁv 2w 8.24)
It is worth noting that after performing this decomposition, the label vector (y) would be independent
of H, since,
1 1 1
y = Ber(p'(—HwW")) = Ber (o (—HPW")) = Ber (p'(—Hw")) , (8.25)
) = Berlp/ CHE) = Berlp (pH)

where we used Pw* = w*. Exploiting this fact, one can check that all the additive terms in the
objective function of (8.24)) except the last one are independent of H,. Also, the objective function
is convex with respect to w and u and concave with respect to v. In order to apply the CGMT
framework, we only need an extra condition which is restricting the feasible sets of w, u, and v to be
compact and convex. We can introduce some artificial convex and bounded sets Sy, Sy, and Sy,
and perform the optimization over these sets. Note that these sets can be chosen large enough such
that they do not affect the optimization itself. For simplicity, in our arguments here we ignore the
condition on the compactness of the feasible sets and apply the CGMT whenever our feasible sets

are convex.

The optimization program (8.24) is suitable to be analyzed via the CGMT as the conditions are all
satisfied. Having identified (8.24) as the (PO) in our optimization, it is straightforward to write its
corresponding (AO) as equation as explained in Appendix Therefore, the Auxiliary
Optimization (AO) can be written as follows,

1 1 A 1
i -1 - —ylu+= —vi(u- —H
weléll?,llrlleR" 1;2%)’5 n p(u) ny ur pf(w) * nV (u VP IW)

1
———(v'h||Pw]|| +||v]|g" P*w) , (8.26)
n\/ﬁ

where h € R"” and g € R” have 1.i.d. standard normal entries. Next, we need to analyze the

optimization (8.26) to characterize its performance.
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Analyzing the auxiliary optimization

In this section, we analyze the auxiliary optimization (8.26). Ideally, we would like to solve the
optimizations with respect to the direction of the vectors, in order to finally get a scalar-valued
optimization over the magnitude of the variables.

Proceeding onward, we first perform the maximization with respect to the direction of v. We can

write the following maximization with respect to v,

1 1 1 Ptw
max ——||v||g' P*w+ —v/ (u - —H;w - I I
n

veR” I’l\/ﬁ \/ﬁ \/ﬁ

In order to maximize the objective function, v chooses its direction to be the same as the vector it is

h) . (8.27)

multiplied to. Define r := ||v||/+/n, then maximizing over the direction of v would give,

1 1 P
max r( gTPLw+||—u——H1w—|| wll

1
r>0 \np Vn \np \np
Replacing this in (8.26)), we would have,

h|)) . (8.28)

g Ptw

1 1 A 1

i -17 ——ylu+ = +

weRPueR" 150 7 plw) = 7yu pf(w) N
1 1 |

il —eu - g (pw) - PV

Vi NP VD

h|, (8.29)

where we replaced H; with H X P . Next, we would like to solve the minimization with respect to w.

Before continuing our analysis, we need to discuss an important point that would help us in the
remaining of this section. It will be observed that in order to simplify the optimization, we would
like to flip the orders of min and max in the (AO) optimization. Since the objective function in the
optimization (8.29) is not convex-concave, we cannot appeal to the Sion’s min-max theorem in order
to flip min and max. However, it has been shown in [129] (see Appendix A) that flipping the order
min and max in the (AO) is allowed in the asymptotic setting. This is mainly due to the fact that
the original (PO) optimization was convex-concave with respect to its variables, and as the CGMT
suggests, (AO) and (PO) are tightly related in the asymptotic setting; hence, flipping the order of
optimizations in (AO) is justified whenever such a flipping is allowed in the (PO). We appeal to this
result to flip the orders of min and max when needed.

The goal is to express the final result in terms of the expected Moreau envelope of the regularization
function, f(-) and the link function, p(-). Finding the optimal direction of w is cumbersome due to
the existence of the term A f(w) in the objective. So, we introduce new variables u, 8 € R? and

rewrite the optimization as follows,
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1.7 1, A Tpl
el 5 1) = T 0 P
ﬂERp >0
1 ||P-wl| T
+r||—u - —H (Pw) — h|| + —,B (u—w). (8.30)
Vn o +np Vnp

We are now able to perform the optimization with respect to w. As explained above, we are
allowed to flip the order of min and max in the asymptotic regime. We first analyze min,, to find
the optimal direction of w. To streamline the notations, we introduce the scalars @ := |V|V TfT |*2 , and
o= \/_||P¢w|| Also define q := \1/_Hw where q has i.i.d. standard normal entries (recall that
H has i.i.d. standard normal entries). Optimizing with respect to the direction of P-w yields,

1 ] 1
-1 Tu+2a — o||—=P*(rVég -
,,eﬁ?TGRnf;ré%’én p(w) =~y u+Af(u) <f||\/]7 (rVog - B)||
a€R, >0 r>0

+r||7u—%q—7 |+~ (P.B)Tu+ (PLB) o - (P,B)Tw, (8.31)

where ¢ = % is the overparameterization ratio. Next, using a subtle trick by introducing two new
scalar variables, namely v and 7, we can change || - || to || - ||*> which simplifies the next steps of our

analysis. The new optimization would be,

1 1 o
_lT Y PJ_ 2 o
Lemin - max -~ 1p(w) - —y'u+ f(u) s \/_ (rVog = B)II* + 3
aeR, >0 r,7>0
v>0
rv 1 Ka 1
D —u-Zq - Zh|P+ - (P,B)Tu+ (PL,B)T -—Pp'w. (832
2"n N m P

Next, in order to compute the optimal B, we use the following completion of squares,

||?PL<rfg B +— (Plﬂ)Tu— ||?PL<rfg /3+—;u>||2

I[Pt p + orrVoPg|)? — g

+

||Pl [
(8.33)

2poT
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Since g € R? has standard normal entries, we can approximate ‘”’ ||Plg||2 with ‘5‘”’ . We

exploit (8.33) to solve the inner optimization with respect to 8 which glves,

min ma 11T (u) - 1 s Sorr? LT K>a?

1 X — - - — - — -

HERP ueR" r1>0 N P ny 27 2 v 20T

aeR,o,v>0

[])W*Tﬂ =ak? (8.34)
rv, 1 Ka
+ = [|—=u - —h|]*+ —||ﬂ+ffTr‘/_g||2+ f(ﬂ)

2

where we also used the following equality:

)2|| Pgll> 207rVs

1 1 1
IR+ e Vo gl = I+ oo Vogll” - IIPaIF - (e (Pg)u
1 1
=l + oo oglP — 1Pl = ;Ilu +erEg||2 - a’.
(8.35)

Consequently, by flipping the order of min and max, we first compute the minimization with respect

to u. Hence, the optimal g would be the solution to the following optimization:

min = ||u - cerVoglP + 2 e
puerR?  2pot (8.36)
| .

st —w g =ax?.

Using the Lagrange multiplier 6, we can rewrite this optimization as,

Iglég}) max T”y orrVog|* + f(y)—pw y+0z0/< (8.37)

Applying yet another completion of squares, we have,

W 1 2 o0 K?
—Ilﬂ orrVeg||® - p=s——I|lp - orrVog - GoTw*|| - :
2pot p 2poT 2

(8.38)

where we omit the term % glw* = O(#) as it is negligible compared to the other terms (which are
of constant orders). We are able to represent the solution of (8.36)) in terms of the Moreau envelope
of the function f(-) as follows,
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02 k>

1 1
15161]%1}7 T”ﬂ O'Tr\/_g||2+ f(p) = max ;Mﬂf(o#(r\/gg%?w*),0'T)+a9K2—O-T2
*T
Il,w p=ax?
(8.39)

Substituting (8.39) in (8.34)), we have the following optimization:

Ka o Sotr? r

1
min  max —17p(u) - -y u+—||— ——q—— h|> - — -

+
ueR®  r120 1 2 y\n \Vn \n 2T 2 2u

a€R,o,u>0 geR

0> 1
Ko + =My (oT(rVog +OW*),oT) . (8.40)
p

+ k“af —

We now focus on the optimization with respect to u. Recall that y = Ber(po’( \/—HW*))
Ber(p’(kq)). We are interested in solving the following optimization:

1 1 Ka oL
lflfel]}%nn ;1 p(u) - -y u+7||7 —T V7 h||”. (8.41)
Similarly to the previous steps, we first do a completion of squares as follows,
lyTu+rU|| 1 u Kaq o 12 = rUH 1 Ka/q 1 yIP
n 2 \n Vn Vn 2 ‘/_ Vn ‘/_ rvyn (8.42)
ka o7
—THWH——wq——yh
rv n n

Next, we use the distribution of y to simplify the expressions in the right-hand side of (8.42)). We

can write,

1 1
P =+ oF = B =Bl = B2l ) = 5. (3:43)

and,

Ya=- Zqu,— ZBer(p (ka)ai = Bz[Z-p'(k2)] =k Ez[p"(x2)], (8.44)

where Z ~ N (0, 1), and for the last equality, we used the Stein’s lemma (Lemma[35]in Appendix[A.2)).

(which goes to zero in the

)

Also note that we can ignore the term %yTh since it is O (L
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asymptotic regime while the other terms are of constant orders). Hence, we are able to rewrite the

optimization (8.41) with respect to u in the following form:

1 1 1
min —17p(u) + —||u — kaq —oh - —y|| — — —k*aBy[p"(k2)] . (8.45)
ueR” n 2n 4rv

We can rewrite the equation (8.45)) in terms of the Moreau envelope, M., as follows,

o doTr? r K2a? 2 K2o16? 1
;Eglo f,nr% 27 2 2w 207 ° ¢ 2 o ¢ 21" (k2)]
aeR  feR (8.46)
! 1 11
+ —My ) (0T(rVog + OW*), 07) + = M, () (kaq + oh + —¥, —).
P n ru

As the last act in this step, we want to analyze the convergence properties of (AO). Recall that f(-)

is a separable function. Therefore, using the result of Lemma [36] (see Appendix [A.2), we have:

P
Mg (O‘T(%g +0w"), o7) Z M/lf( ) UT(F\/_g, +OW)),0T) . (8.47)
i=1

Using the strong law of large numbers, we have,

1
— Myp(y (ot (rVog+0w*),o7) =5 E[M, 5 (o7 (rVSZ + W), 07)| | (8.48)
p
where Z is a standard normal random variable and W ~ I1 is independent of Z. Similarly, we can
write,
1 1 1
p(.)(Kaq +oh+ Ey, rv 25 E[ () KcyZl +07Z) + —Ber(KZI) —)] . (8.49)

We appeal to Lemma [33]to analyze the convergence properties of (AO). Due to the convergence we
are getting from the LLN, applying this lemma enables us to replace the Moreau envelopes with

their expected value. Hence, we need to analyze the following optimization,

. o dorr’ r  k*a® K>o16? 1 ”
min max — — — +— - + K2l — —— — — — k*aBz[p" (kZ)]
ov>0 rr>0 27 2 2 20T 2 4rv
acR  feR

1 1
+E[MM;(_) (ot (rV6Z + 0W), o1)| +E[M,.)(kaZi + 0Zy + ;Ber(Kzl), E)] . (8.50)
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Finding the optimality condition of the scalar optimization

In this section, we conclude the proof of the main result of the paper. For this, we need to show
that the optimizer of the optimization (8.50) can be found by solving the nonlinear system of
equations (NLS)). Before analyzing the auxiliary optimization, we state two lemmas that will be

used in our analysis.

The next two lemmas present some properties of the proximal operator of the function p(z) =

log(1 + €%).
Lemma 19. Let p(z) = log(1 + %), then the following identity holds,
Prox;,(x +t) = —Prox;,(—x) . (8.51)
Proof. Since the function p(-) is differentiable, the proximal operator satisfies the following equation,
%(Prox,p(.) (x) —x) + p’ (Prox;p(.y(x)) = 0. (8.52)
Next we use the fact that p’(—z) = 1 — p’(z) for z € R, to rewrite the equation as follows,
%( — Prox, () (=x) — (x + 1)) + p’(=Prox,p(.)(—x)) =0, (8.53)

which gives the desired identity. m|

Lemma 20. The derivative of the proximal operator of the function p(-) can be computed as follows,

d 1
—Prox; () (x) = . 8.54
dx 1p() (%) L+ 1p” (Prox;p((x)) (8.54)
Proof. Taking derivative with respect to x of (8.52),
1 d d ”
;(EProxtp(.) (x)=1)+ aProx,p(.) (x) X p" (Prox,,(y(x)) =0, (8.55)
which can be written as in (8.54). o

Let C(a,o.r, T,v, 6) denote the objective function in (8.50). We want to find the optimizer of C(-),
i.e., the point (a*, o*, r*, 7*,v*, 8%). Since the objective function is smooth, when the optimal

values are all non-zero, they should satisfy the first order optimality condition, i.e.,

vVC=0. (8.56)
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We will show that the (8.56) would simplify to our system of nonlinear equations. We start by

putting the derivative w.r.t. 6 equal to zero. We have the following,

oC

1
i 0= K’ — Kot + —E[W*T(TO'(F\/Eg +OW*) — ProxX, .5 (o7 (rVog + ow*))| =0,
p

(8.57)

where we used Lemma [34] (in Appendix [A.2)) for taking the derivative of the Moreau envelope,
M, s(.). We can simplify and rewrite it as follows,

1
Ko = ]—)E[W*TProme-(.)(O'T(r\/gg +ow*)))] . (8.58)

Next, we take derivative of the objective function C(-) w.r.t. r and v and put that equal to zero. We

state the following lemma which will be exploited in taking the derivatives.

Lemma 21. For fixed values of k, a, and o, let the function F : Ry — R be defined as follows,
1 4
F(y) = —Zy +Ez, 2, [Mp(.) (K&Zl +0Zy +yBer(p'(kZy)), y)] , (8.59)
then the derivative of F(-) would be as follows:

’ 1 4
F'(y) = _PE [p (—KZl)(Ka'Zl +0Zy — Prox,,)(kaZ; + O'Zz))z] . (8.60)

Proof. We have,

) 1 d ,
F'(y) = ~7 + E Ez .z, [Mp(.)(Ka/Zl +0Zy +yBer(p (KZl)),’)/)] ) (8.61)

In order to compute the last derivative, we exploit Lemma[34] We have,

d "=xZ
. E[Mp(.)(KaZI +0Zy +yBer(p'(kZy)), y)] = —E[%(KQ’ZI +0Zy — Prox, ) (kaZ; + O'ZZ))Z]
Y Y
"(k
- ]E,[p gyzl) (KcyZ] +0Zy +y —Proxy,(kaZi + 02y + y))z]
+ E[p (kZ1) (KCZZ] +0Zy+y —Prox,,(kaZ + 0Z; + y))] ,

(8.62)
where we used the fact that for x € R, p’(—x) = 1 — p’(x). To derive (8.60), we appeal to the result
of Lemma [I9 which gives the following identity,

Prox,,)(kaZi + 0Zy +y) = =Prox, ;) (=kaZ, — 02;) . (8.63)
O
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Proceeding onward, we use the result of Lemma 21]to find the optimality conditions with respect to

r and v. We have,

a 5C=0= —601r + 5; — mF’(W) + [\/_g (O'Tl’\/—g Proxqri (. )(O'T(r\/_g+ Qw*)))]
3 - ’ _
5C=0= 75— mF (m) =
(8.64)
In order to simplify the equations, we define a new variable y := # We can rewrite the

equations (8.64) as follows,

y = %E[\/EgT Proxm/lf()(UT(r\/_g+ GW*))]
:E[ZP (rKZl)(

(8.65)
’)/2 kaZi+o0Zy — PI'OXW)( )(Ka’Zl + O'Zz)) ]

So far we have shown that three of the optimality conditions are the same as the nonlinear equations
1,2, and 5 in (N LS). Next, we take the derivative w.r.t. 7. We have,

o dort k*a? K*o6* 1 0

)
— - -~ — —E[M. * =0. (8.
S C=0= - - t g [M, () (ot (rVog+0w*),o1)] = 0. (8.66)

The derivative of the expected Moreau envelope can be computed as follows,

) (oT(rVog+ow))|13] .

1 0
5 EE[M,lf(.)(O'T(F\/Eg+9W*), o7)] = %((5r2+92k

(8.67)
Replacing (8.67) in would result in,
(ka)? + 02 = E[lIProxsraf() (O'T(r\/gg +Ow")) ||§] . (8.68)

(8.68) is the third equation in the nonlinear system (NLS). Next, putting the derivative w.r.t. o to

equal zero gives the following,

1 otr  K*a?  K*r6?

1
+ - +—
2t 2 2027 2 p

0
a—E[M,lf(.) (O"r(r\/gg +6w*),07)]
] o (8.69)
+ 5 B[Mp) (kaZi + 02, +yBer(xZ1),)| = 0.
o

We can compute the partial derivative of the expected Moreau envelopes as follows,
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1 0
; %E[le(.) (O'T(l’\/gg+9W*), o)) = %(6r2+92/<)—20_2TE[||Pr0xm,lf(.) (O'T(r\/5g+9w*))||%] ,
(8.70)
and,
) o 2 ,
%E[Mp(.) (kaZi + 0 Z + yBer(kZ1),7)| = S ;E[Zzp (=kZ1)Prox,,() (kaZ + 0Z))] ,
o P’ (=kZy)
= —(1-2E| p |)-
Y 1 +yp”(Prox, ) (kaZ + 0Z5))
(8.71)
To derive the last equality, we used Lemma as well as Stein’s lemma.
Replacing (8.70) and in (8.69) gives,
20" (—kZ
1- L =g p(=Z1) ]. (8.72)

T 1 +yp”(Prox, () (kaZ + 0Z5))
As the last step in deriving the first-order optimality conditions, we take the derivative with respect
to « in order to derive the fourth equation in the nonlinear system (N LS). We have,

ac _
da ot

+ K20 — K*E[p" (kZ)] + aiE[Mp(.) (kaZi +0Zy +yBer(p'(kZ1)),y)] =0. (8.73)
a

To simplify this equation, we write,

. 0 , Ka K ,
~’E[p (KZ)]+%E[MP(.)(KCL’Z1+0'22+’}/B€}’(/) (kZ1)),y)] = T—ZE[;ZUO (=kZ1)Proxy, () (ke Zi+0Z,)] .
(8.74)
Replacing in would result in,
K a Ka ,
77(9 - )+ T = E[Z1p (K Z1)Prox, ) (kaZi + 0 25) | (8.75)
Using Stein’s lemma, we can rewrite the right-hand-side as,
” p,(_KZI)
RHS = -E|kp" (—«Z|)Prox,, ) (kaZi + 0Z) | + kaB ,
[kp" (=KZ1)Proxy ) (kaZy 2)] [1 +yp” (Prox, () (kaZ + 0'22))]
. K@  Kay
= —E[Kp (—KZl)PI‘OXyp(.) (K(}'Zl + O'Zz)] + 7 - % ,
(8.76)

where we exploited to derive the last equation. Substituting in would give,
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y0 = =2E|p” (=kZ1)Prox, ) (kaZi + 0Z5)] . (8.77)

Therefore, we have shown that the nonlinear system (/N LS)) is equivalent to the optimality condition
in (3.50).

Recall that in the process of simplifying (AO), we introduced the Moreau envelope of f(-) in (8.39).
The optimizer of that Moreau envelope gives the solution of the Auxiliary optimization. Let

(a,,7,6,7,7) be the unique solution of the nonlinear system. Hence, we can present the solution

of the (AO) in terms of the proximal operator as follows,
BLO =T(B}.Z) = Prox g1 (57 (BW} + %Z)), for i=1,2,...p. (8.78)

As the last step, we want to show the convergence of the locally-Lipschitz function W(-, -). Earlier
in this section, in the process of applying the CGMT, we have introduced some artificial bounded
sets on the optimization variables and stated that we can perform the optimization over these sets.
Considering that the variables belong to those bounded sets, we can state that the function W(-, -) is
Lipschitz, as constraining a locally-Lipschitz function to a bounded set gives a Lipschitz function.
Next, using the strong law of large numbers along with the fact that the entries of w* are i.i.d. and

drawn from distribution I, we have,

1 < as

= > WW, W) S5 E[R(ID(W, 2), W)] (8.79)
D 4

where Z is a standard normal random variable and W ~ I1 is independent of Z.
Exploiting the asymptotic convergence of CGMT (Lemma[32), we can introduce the set S as follows,

)4
S={weR’: |l Z W (w,w)) —E[¥(T(W,Z),W)]| > e} . (8.80)
p i=1

The convergence in (8.79) would establish that as p — oo, WA € S with probability approaching 1.
Therefore, as the result of Lemmal|32, w = W’ € S with probability approaching 1. This concludes
the proof of Theorem I 1]

8.8 Proof of Theorem

This result can be derived using the result of Theorem [T} We just need to show that the parameters

0, r, and T can be explicitly computed from the first three equations in the nonlinear system (N LJS)).
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Recall that we characterize the performance of the RLR in terms of the solution of the following

nonlinear equation,

K*a = E[W Prox,. 7, (T (W + V52))],

0
y = g E[Z Prox,, - 7, (oT(6W + r\/SZ))] ,
K’ +0’=E [Prox/lmf(,) (oT(6W + r\/EZ))z] ,
2 2 5 (8.81)
ve = 2 E[p (—kZy1) (k@ Z) + 0Zy — Prox, () (kaZ; + o)) ] ,

Oy = -2 E[p"(—KZl)Proxw(.) (kaZy + O'Zz)] ,
Y 20" (-kZ1)

1-—=E| :
oT 1 +yp”(Prox, ) (kaZ + 0Z5))

In the f%-regularization, we have f(-) = %(-)2, for which the proximal operator can be computed in

closed-form, i.e., we have,

X
Prox,f(x) =T (8.82)

Replacing in the first equation of (8.81) gives,

K*a = E[W Prox,. 7, (T (W + r\/EZ))]

ot(OW + r\/SZ)] 3 oTOK?
1+Aot

(8.83)
= E[W x

T l+dot’

where we used the fact that E[W?] = «? and E[W - Z] = 0 due to the independence of W and Z.
Next, from the second equation in (8.81]), we have,

0
y = £]E,[Z Prox,,,. 7., (T (W + r\/EZ))]
r
8.84
Vo oT(OW +rV62) 00T (8:84)
= —E[Zx | = :
r 1+ Aot (1+A0T)
and finally from the third equation in (8.81]), we can compute,
2
K*a? + 0% = B Prox,,, . 7., (o7 (W + rV6Z))) |
2.2
_ o7 2.2 2
= (1 +/10_T)2 (9 K°+or ) (885)
2.2.2
:K2Q2+—50- T
(1+2071)?2
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We can rewrite the equations (8.83)), (8.84)), and (8.85)) as follows,

yutt
Y
r=— 2
o Vo
r=——.
Y

Replacing the derived expressions in (8.86)) for 6, r, and 7 in the last three equations of (8.81) gives
the following system of three equations with three unknowns,

S 2
% = E[p’(—KZl)(Ka’Zl +0Zy — Prox, ) (kaZ; + 0'22))2] )
oa
) -5 = E[p” (—kZ1)Proxy,( (kaZi + 0Z5)] , (8.87)
20" (—kZ
1-6+1y = E| p(ok21) -
1 +yp” (Prox, ) (kaZ + 0Z5))

This concludes the proof of Theorem [[2]
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Chapter 9 125

PERFORMANCE OF EXTENDED MARGIN MAXIMIZERS ON SEPARABLE
DATA

[1] F. Salehi et al. “The Performance Analysis of Generalized Margin Maximizers on Separable
Data”. In: International Conference on Machine Learning. PMLR. 2020, pp. 8417-8426.

Logistic models are commonly used for binary classification tasks. The success of such models
has often been attributed to their connection to maximum-likelihood estimators. It has been shown
that gradient descent algorithm, when applied on the logistic loss, converges to the max-margin
classifier (a.k.a. hard-margin SVM). The performance of the max-margin classifier has been recently
analyzed in [95}[39]]. Inspired by these results, in this chapter, we present and study a more general
setting, where the underlying parameters of the logistic model possess certain structures (sparse,
block-sparse, low-rank, etc.) and introduce a more general framework (which is referred to as
"Extended Margin Maximizer", EMM). While classical max-margin classifiers minimize the 2-norm
of the parameter vector subject to linearly separating the data, EMM minimizes any arbitrary convex
function of the parameter vector. We provide a precise analysis of the performance of EMM via
the solution of a system of nonlinear equations. We also provide a detailed study for three special
cases: (1) £,-EMM that is the max-margin classifier, (2) {;-EMM which encourages sparsity, and
(3) {o-EMM which is often used when the parameter vector has binary entries. Our theoretical
results are validated by extensive simulation results across a range of parameter values, problem

instances, and model structures.

9.1 Motivations and Background

Machine learning models have been very successful in many applications, ranging from spam
detection, face and pattern recognition, to the analysis of genome sequencing and financial markets.
However, despite this indisputable success, our knowledge on why the various machine learning
methods exhibit the performances they do is still at a very early stage. To make this gap between the
theory and the practice narrower, researchers have recently begun to revisit simple machine learning
models with the hope that understanding their performance will lead the way to understanding the

performance of more complex machine learning methods.

More specifically, studies on the performance of different classifiers for binary classification dates



back to the seminal work of Vapnik in the 1980’s [140]. In an effort to find the "optimal" hyperplane
that separates the data, he presented an upper bound on the test error which is inversely proportional
to the margin (minimum distance of the data points to the separating hyperplane), and concluded
that the max-margin classifier is indeed the desired classifier. It has also been observed that to
construct such optimal hyperplanes, one only has to take into account a small amount of the training

data, the so-called support vectors [37].

In this chapter, we challenge the conventional wisdom by showing that when the underlying parameter
has a certain structure, one can come up with classifiers that outperform the max-margin classifier.
We introduce the Extended Margin Maximizer (EMM) which takes into account the structure of
the underlying parameter as well as the minimum distance of the data points to the separating
hyperplane. We provide sharp asymptotic results on various performance measures (such as the
generalization error) of EMM and show that an appropriate choice of the potential function can in

fact improve the resulting estimator.

Prior work

There have been many recent attempts to understand the generalization behavior of simple machine
learning models [12, 92, |149, 14, |62]. Most of these studies focus on the least-squares/ridge
regression, where the loss function is the squared {;-norm, and derive sharp asymptotic results
on the performance of the estimator. In particular, in [62, /9] the authors have shown that the

minimum-norm least square solution demonstrates the so-called "double-descent" behavior [[15].

A more recent line of research studies the generalization performance of gradient descent (GD)
for binary classification. It has been shown [120]) that for a separable data set, GD (when applied
on the logistic loss) converges in the direction to the max-margin classifier (a.k.a. hard-margin
SVM). The performance of max-margin classifier has been recently analyzed in two independent
works [95] 39]. It is worth noting that understanding the implicit bias of optimization algorithms
in more complex machine learning models has recently gained a lot of attention [98, 50]]. These

understandings can justify interesting properties of machine learning models observed in practice.

Summary of contributions

Inspired by the recent results in understanding the performance of the max-margin classifier, in
this chapter we introduce and study a more general framework. We assume that the underlying
parameters possess certain structures (e.g. sparse) and introduce the extended margin maximizer
(EMM) as the solution of a convex optimization problem whose objective function encourages the

structure.
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We analyze the performance of EMM in the high-dimensional regime where both the number of
parameters, p, and the number of samples n grows, and analyze the asymptotic performance as a

function of the overparameterization ratio ¢ := % > 0.

In Chapter |/, we provided the phase transition condition for the separability of data, i.e., we derived

the exact value of 6* such that the data is separable for all § > ¢*.

Here, we analyze the performance in the interpolating regime (6 > ¢*). To the best of our knowledge,
our result presented here is the first in the literature that introduces the extended margin maximizers,

and provides sharp asymptotic results on the performance of EMM classifiers on separable data.

Recently, there have been a series of works by multiple groups of researchers to characterize the
performance of the logistic loss minimizer in binary classification [113] [126] (see Chapter [§] for
more details). Furthermore, in an analogous avenue of research, the CGMT framework has been
utilized to study the generalization behavior of the gradient descent algorithm in the interpolating

regime, where there exists a (nonempty) set of parameters that perfectly fit the training data [95, [39].

The organization of this chapter is as follows: In Section 0.2] we mathematically introduce the
problem. Section [9.3] contains the main results of this chapter where we present the precise
performance analysis of EMM, which then will be used to compute the generalization error. We
investigate our theoretical findings for three specific cases of potential functions in Section [9.4]
Numerical simulations for the generalization error of the EMM classifiers are presented in Section[9.5]
We should note that most technical derivations of the results presented in the chapter are deferred to

the end of the chapter.

9.2 Problem Setup

We consider the problem of binary classification, having a set of training data, D = {(x;, y:)}!"
where each of the sample points consists of a p-dimensional feature vector, X;, and a binary label,
yi € {x1}. We assume that the data set D is generated from a logistic-type model with the underlying
parameter w* € R”. This means that

Vi ~RAD(p(Xl-TW*)) , i=1,...,n, 9.1

where p : R — [0, 1] is a non-decreasing function and is often referred to as the link function. A

1

commonly-used instance of the link function is the standard logistic function defined as p(?) := 7=

When n/p is sufficiently large, i.e., when we have access to a sufficiently large number of samples,
the maximum-likelihood estimator( Wy, ) is well-defined. In such settings, the MLE is often the

estimator of choice due to its desirable properties in the classical statistics. Sur and Candes [123]]
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have recently studied the performance of the MLE in logistic regression in the high-dimensional
regime, where the number of observations and parameters are comparable, and show, among other
things, that the maximum likelihood estimator is biased. Their results have been extended to
regularized logistic regression [[113]], assuming some prior knowledge on the structure of the data.
In particular, it has been observed that, when the regularization parameter is tuned properly, the

regularized logistic regression can outperform the MLE.

Inspired by the recent results on analyzing the generalization error of machine learning models, in
this chapter, we study the generalization error of binary classification in a regime of parameters
known as the interpolating regime. Here, the assumption is that there exists a parameter vector that

can perfectly fit (interpolate) the data, i.e.,

3wy s.t. SIGN(w)x;) = y;, fori=1,2,...,n. (9.2)

Let W denote the set of all the parameters that interpolate the data.

W ={weR”:SIGN(w'x;) =y;, forl <i<n.}. 9.3)

It has been observed that in many machine learning tasks, the iterative solvers that minimize the
loss function often converge to one of the points in the set ‘W (the training error converges to zero).

Therefore, one can (qualitatively) pose the following important (yet still mysterious) question:

Which point(s) in ‘W is (are) "better" estimator(s) of the actual parameter, w*?

In an attempt to find an answer to this question, we focus on the simple (yet fundamental)
model of binary classification. We assume that the underlying parameter, w* possesses a certain
structure (sparse, low-rank, block-sparse, etc.), and consider a locally-Lipschitz and convex function
¥ : R? — R which encourages this structure. We introduce the Extended Margin Maximizer (EMM)

as the solution to the following optimization:
min (W)

weR” (9.4)
s.t. yi(xl.Tw) >1, forl <i<n.

It is worth noting that the condition on the separability of the data set is crucial for the optimization
program (9.4) to have a feasible point.
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Remark 13. I can be shown that when  (-) is absolutely scalabld’] the EMM can be found by

solving the following equivalent optimization program,

min yi(xl.Tw) min y,-(xl.TW)

1<i<n 1<i<n ”W”
max ———— = max X . 9.5)
weRd (W) weRd [lw] Y(w)

The first multiplicative term on the right indicates the margin associated with the separator w, and

the second term, % takes into account the structure of the model. Hence, we refer to the objective
function in the optimization as the extended margin, and the solution to this optimization is

called the extended margin maximizer (EMM).

In this chapter, we study the linear asymptotic regime in which the problem dimensions p, n grow
to infinity at a proportional rate, ¢ := % > (. Our main result characterizes the performance of the
solution of (9.4)), W, in terms of the ratio, §, and the signal strength, « := %. We assume that
the data points, {x;}_,, are drawn independently from the Gaussian distribution. Our main result
characterizes the performance of the resulting estimator through the solution of a system of five
nonlinear equations with five unknowns. In particular, as an application of our main result, we can

accurately predict the generalization error of the resulting estimator.

9.3 Main Results
In this section, we present our main result, that is the characterization of the performance of the
extended margin maximizers. Our results are represented in terms of a summary functional, ¢, (-, -),

which incorporates the information about the underlying model. (Recall that this function has been
defined earlier in Chapter|[7])

Definition 12. For the parameter t > 0, the function c¢; : R X R, — R, is defined as,
ci(s,r) =E[(1 —tsZ1Y —r25)3], (9.6)

where Z1, 7> " N(0, 1), and Y ~ Rap(p(tZy)).

As discussed in Theorem [I0]in Chapter[7] in the Gaussian setting, the data is separable iff,

A function f : R¢ — R is absolutely scalable when,
vweRY Va eR, f(av)=|a|f (V).

All £, norms, for example, are absolutely scalable.
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§> 6" =6"(k) == inf CK(SZ’ r)
s,r>0 r

9.7)

It is worth emphasizing again that this condition, which is simply the condition on separability of

the data set 9, does not depend on the choice of the potential function i (-).

A nonlinear system of equations
Our main result in the next section precisely characterizes the performance of EMM in terms of a

system of 5 nonlinear equations with 5 unknowns, («, o, B8, v, 7), defined as follows,

1 T _ 2

EE [w* P] = ak”,

1 _ «(@,0)

LE [P = =52,

%E||P||2 = k2 + 02, (9.8)

dcx(a, 2¢?
ird) = 22 Je(a, o),

dc(a,o) _ 2Vew(a,0)

do - BT >

where P is defined as,

P = Proxgry () ((@ — oy)w* + BotVsh) . (9.9)

Remark 14. The first three equations in the nonlinear system (9.8)) capture the role of the potential
function via its proximal operator. When () is separable, these functions can further be reduced
to the proximal operator of a real-valued function. For instance, when ¥ () = ||-||,, the proximal
operator is simply equivalent to applying the well known shrinkage (defined as n(x,t) = |§—| (Jx]=1)+)

on each entry. For more information on the proximal operators, please refer to [|104].

Asymptotic performance of EMM
We are now ready to present the main result of the chapter. Theorem [I3|characterizes the asymptotic
behavior of EMM, that is the solution to the optimization program (9.4)). It connects the performance

of EMM to the solution of the nonlinear system of equations (9.8)), and informally states that,

w3 I'(w*,h), as p — oo, (9.10)

where h € R” has standard normal entries, and I : R? X R? — R?” is defined as,
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[(v1,V2) = Proxgzy() (@ — GT7)v1 + BGTVV2), (9.11)

where (@, 7, 8,7, T) is the solution to the nonlinear system (9.8).

Theorem 13. Let W be the solution of the EMM optimization (9.4), where fori =1,2,...,n, X; has
the multivariate Gaussian distribution N (0, %IP), and y; ~ RAD(p(Xl.TW*)), and w* is drawn from

C g . [[w*]] . . p *
= —. e d = = >
a distribution I1 with « 75 As n, p — oo at a fixed overparameterization ratio 6 = - > 0*(k),

then,

(i) The nonlinear system (9.8) has a unique solution (&, &, ,8_, Y, T).

(ii) For any locally-Lipschitz function F : RP X R? — R, we have,
F(W, w*) 5 E[F(T(w,h), w)]. 9.12)

where h € RP has standard normal entries, w ~ I1 is independent of h, and the function T'(-, -)

is defined in (9.11)).

The detailed proof of this result is deferred to Section @ In short, we introduce dual variables
and write down the Lagrangian which contains a bilinear form with respect to a matrix with i.i.d.
Gaussian entries. Exploiting the CGMT framework, we then analyze the nearly-separable auxiliary
optimization to find its optimal value, and show that the nonlinear system (9.8)) corresponds to its

optimality condition.

Remark 15. The result in Theorem[13|is stated for a general locally-Lipschitz function F(-,-). To
evaluate a specific performance measure, one can appeal to this theorem with an appropriate choice

of F. As an example, the function F(u,v) = 117 lu — v||? gives the mean-squared error (MSE).

Generalization error
Theorem [I3] can be utilized to derive useful information on the performance of the classifier. In
fact, using this theorem, one can show that the parameters @ and &, respectively, correspond to the

correlation (to the underlying parameter) and the mean-squared error of the resulting estimator.

An important measure of performance is the generalization error, which indicates the success of the
trained model on unseen data. Here, we compute the generalization error of the EMM classifier. We

do so by appealing to the result of Theorem[I3]
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Definition 13. The generalization error for a binary classifier with parameter W is defined as,
GEyg = Py{SIGN(x" W) # SIGN(x'w*)}, (9.13)

where the probability is computed with respect to the distribution of the test data.

It can be shown that when the distribution of the test data is rotationally invariant (e.g., Gaussian,
uniform dist. on the unit-sphere), GE only depends on the angle between W and w*. The following

proposition provides sharp asymptotic results on the generalization error of the EMM classifier.

Proposition 4 (Generalization Error). Let W be the EMM classifier defined in Section Assume
0 > 0%, and the (test) data is distributed according to the multivariate Gaussian distribution

N (0, I%Ip). Then, as p — oo, we have,

p 1 K&
GE - —_—), 9.14
b o acos( ) (9.14)

where & and & are derived by solving the nonlinear system (9.8)).

Proof. We first note that when the data is normally distributed, the generalization error for w is
defined as,

1 T ok

GEy = —acos( ww

. 9.15
AT 615

We appeal to the result of Theoremwith two different functions. Using F(u,v) = I%VTll in (9.12)

will give,

I 1 _
—w'w* 5 ~E [w Proxy sy, ((@ - 677)w* + fo-#Voh)|. 9.16)
p p

Since (@, 7, 8, ¥, T) is the solution to the nonlinear system, we can replace the expectation from the

first equation in (9.8]), which gives the following,
1
—W'w* 5 a. (9.17)
p

Similarly, using the result of Theorem |13|for the measure function F>(u, v) = }% luj|?, along with
the third equation in (9.8) gives,

|
NG 1wl 5 Vi2az + a2 . (9.18)

132



The proof is the consequence of (9.15)), (9.17)), and (9.18)), along with the continuity of the function
acos(-). O

9.4 EMM for Various Structures
As explained earlier, the potential function ¢ (-) is chosen to encourage the structure of the underlying
parameter. In this section, we investigate the performance of the EMM classifier for some common

structures and the corresponding choices of the potential function.

Max-margin classifier (£,-EMM)

The ¢{;-norm regularization is commonly used in machine learning applications to stabilize the

model. Here, we study the performance of the EMM classifier when ¢/ (-) = % I|- ||%, i.e., the solution
to the following optimization program,

. 1 2

min > fIwll;

s.t. yl-(xl.TW) >1, forl <i<n.

(9.19)

The optimization program (9.19) is called the hard-margin SVM and the corresponding solution is
the max-margin classifier, as it maximizes the minimum distance (margin) of the data points from
the separating hyperplane. As mentioned earlier in Section[0.1] the conventional justification for
using such a classifier is that the risk of a classifier is inversely proportional to its margin. The
performance of £,-EMM (9.19), has been earlier analyzed in [95].

When ¢/ (-) = % IE ||%, the proximal operator has the following closed-form,

1
Prox%”.”z (u) = 1—+tu. (9.20)

By replacing the proximal operator in the nonlinear system (9.8)), we can explicitly find two of the
variables (8, and ) and reduce it to the following system of three nonlinear equations in three

unknowns,

Veola, o) = o Vs,

oc(a,o) -2k*atod )
oa 140t ©-21)
oc(a,o) 200
doc  l+ot
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Sparse classifier (£;-EMM)

In today’s machine learning applications, typically the number of available features, p, is over-
whelmingly large. To reduce the risk of overfitting in such settings, feature selection methods are
often performed to exclude irrelevant variables from the model [71]. Adding an ¢; penalty is the

most popular approach for feature selection.

As a natural consequence of our main result in Theorem [I3] here we analyze the asymptotic
performance of EMM when the potential function is the £; norm, and evaluate its success on the

unseen data (i.e., the test error) when the underlying parameter, w*, is sparse.

min | wll,
weR (9.22)
s.t. yi(xiTW) >1, forl <i<n.

In this case, the proximal operator of the potential function (||-||,) is basically equivalent to applying

the soft-thresholding operator, on each entry, i.e.,
PI‘OXt”.”l (u) =n(u,1), (9.23)
where n(x,t) := ﬁ( |x| — #); is the soft-thresholding operator. It is worth noting that the analysis

presented here is similar to our analysis in Section[8.5| of the previous chapter. Here, for a sparsity

factor s € (0, 1], we assume the entries of w* are sampled i.i.d. from the following distribution,

¢(=x)
(w) = (1—5) - So(w) +5 - (—=—), (9.24)

=l

2

N . . e 2
where d¢(+) is the Dirac delta function, and ¢(¢) : o

random variable. This means that each of the entries of w* are zero with probability 1 — s, and the

is the density of the standard normal

nonzero entries have independent Gaussian distribution with variance *-. Having this assumption,
we can further simplify the first three equations in the nonlinear system (9.8)), and present them in

terms of Q-functions. To streamline our representation, we introduce the following proxies,

oT 1

= , Ih=——. (9.25)
\/%(a —o1y)? + B2o?736
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We also define the function y : R — R, as,

x®)=E[(Zz-1i]. Z~N(01)

(9.26)
= Q(1) (1 +1%) —té(1),

where Q(t) := ft * ¢ (x)dx denotes the tail distribution of a standard normal random variable. We

are now able to simplify the first three equations in (9.8)) and derive the following nonlinear system,

Q(tl) = %%O_Ty),
s-0(t)+(1=5)-0(tr) = Ver(a.o)

ZﬁO'T(S ’
1-
tz X(tl) = ( S) x(t2) = 20.27.2 + 272’ 9.27)

(9 K
dce(a,0) _ 2Vew(a,0)

oo - BT

The nonlinear system can be solved via numerical methods. For our numerical simulations in
Section[0.5] we exploit accelerated fixed-point methods to solve the nonlinear system. Using the

result of Lemmafd] we can compute the generalization error.

Another important measure in this setting (when w* is sparse) is the probability of error in support
recovery. Let Q C [p] denote the support of w* (i.e. Q = {j : W’; # 0}.) For a predefined threshold

€ > 0, we form the following estimate of the support,

A

Qc={j:1<j<p,|W;|>e€} (9.28)
The following lemma establishes the success in the support recovery:

Lemma 22 (Support Recovery). For a sparsity factor s € (0,1], let the entries of W* have
distribution Il defined in (9.24), and W be the solution to the optimization (9.22). Then, as p — oo,

we have,

lim P1(e) := P {j ¢ clj € 2} 12 20)
o ) ., 9.29)
lii(r)le(e) =P{jeQlj¢Q} ->20(n),

where t; and t are defined as in (9.25), with variables derived from solving the nonlinear

system (9.27).
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Binary classifier ({..-EMM)

As the last example of structured classifiers, here we study the case where w* € {£}”. To encourage
this structure, the potential function is chosen to be the £, norm. In linear regression, ||| is
used to recover the binary signals, i.e., when w* € {£1}? [33]]. This problem arises in integer
programming and has some connections to the Knapsack problem [91]. Here, we consider analyzing

the performance of the solution of the following optimization program,

min  ||w][
weR” (9.30)
s.t. yi(xiTW) >1, forl <i<n.

It can be shown that the proximal operator of the {,-norm can be derived by projecting the points
onto the ¢1-ball. We use this connection to present the proximal operator in this case in terms of the
soft-thresholding operator 7(-, -).

For a vector w whose entries are drawn independently from a distribution I1, we can present the

following formula for the proximal operator:

Prox;, ... (W) = w — Prox .|, (W), (9.31)

where A := A(t) is the smallest non-negative number that satisfies,

E[ln(W, )] =E[(IW]| -] <t (9.32)

Here, the expectation is with respect to W ~ I1. Note that A is a non-increasing function of ¢, and
A =0 whenever t > E |W|.

Similar to the case of ;-EMM, here we can use the closed-form of the proximal operator to simplify

the first three equations in the nonlinear system (9.8).

For our numerical simulations in the next section, we have done the computations for three different
distributions: (1) The i.i.d. Gaussian distribution, (2) the sparse distribution defined in (9.24), and
(3) the uniform binary distribution, IT = Unif({1}?).

9.5 Numerical Simulations
In this section, we investigate the validity of our theoretical results with multiple numerical
simulations applied to the three different cases of EMM classifiers elaborated in Section[9.4] For

each of the three potential functions discussed in the paper (i.e., {1, {2, and {s norms), we perform
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Figure 9.1: Generalization error of the EMM classifier under three potential functions, £; norm
with the red line (£;-EMM), £, norm with the blue line (£,-EMM), and ¢, norm with the black line
(€-EMM). The entries of w* are drawn independently from N (0, k%) Gaussian distribution.

numerical simulations for three different models on the distribution of w*. In other words, we
change the distribution of the entries of w* and evaluate the performance of the aforementioned
classifiers on each model. It will be observed in our numerical simulations that the appropriate
choice of the potential function in the EMM optimization (9.4)) has an impact on the generalization
error of the resulting classifier. The three different distributions that we choose for the underlying

parameter are as follows:

Gaussian: in the first model, we assume that the entries of w* are drawn from a zero-mean Gaussian
distribution, (0, k). In this model, the direction of w* (which indicates the separating hyperplane)
is distributed uniformly on the unit sphere. Figure|9.1|gives the generalization error when w* has
Gaussian distribution. The solid lines show the theoretical results derived from Theorem [13]and
Proposition [ The circles depict empirical results that are computed by taking the average over
100 trials with p = 200 and « = 2. Although our theory provides the generalization error in the
asymptotic regime, it appropriately matches the result of empirical simulations in our simulations
in finite dimensions. It can be observed in this figure that the max-margin classifier (¢,-EMM)
outperforms the other two classifiers. We should also note that as the overparameterization ratio,

0, grows, the generalization error increases which indicates that the larger the value of ¢, the less
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reliable our classifiers become.
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Figure 9.2: Generalization error of the EMM classifier under three potential functions, {; norm
with the red line (£;-EMM), £, norm with the blue line ({,-EMM), and ¢, norm with the black line
((oo-EMM). The underlying vector w* is s-sparse with the non-zero entries drawn independently
from N (0, k*/s) Gaussian distribution.

Sparse: here, we assume that the entries of w* are drawn from the sparse distribution represented
in (9.24), i.e., each entry is nonzero with probability s, and the nonzero entries have i.i.d. Gaussian
distribution with appropriately-defined variance. Figure[0.2] demonstrates the result of the numerical
simulations for this model for the three different classifiers of interest. The empirical result is
the average over 100 trials with p = 200, s = 0.1, and « = 2. Similarly to the previous case, the
empirical results match the theory. Also, it can be observed that the £;-EMM outperforms the two
other classifiers in the regime of § where the classifiers performs well (i.e. § < 6.) Similarly, we

can observe that for large values of ¢, all the classifiers perform poorly.

Binary: in this model, the entries of w* are independently drawn from {+«, —«}, i.e., W* is
uniformly chosen on the discrete set {+«}”. Figure shows the result of numerical simulations
under this model. Similarly to previous cases, the empirical results (k = 2, p = 200) match
the theory. Also, the {.,-EMM classifier outperforms the other two classifiers for 6 < 1 (which
corresponds to the under-parameterized setting). However, the max-margin classifier performs

better for larger values of 9.
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Figure 9.3: Generalization error of the EMM classifier under three potential functions, £; norm
with the red line (£;-EMM), £, norm with the blue line (£,-EMM), and ¢, norm with the black line
(lo-EMM). The entries of w* are drawn independently from « * RAp(0.5) Rademacher distribution.

9.6 Proof of Theorem

Here, we present the proof of the main result of this chapter. Recall that the extended margin

maximizer is defined as the solution to the following optimization program,

min ¥ (w)
weR” (9.33)
s.t. yi(xl.TW) >1, forl <i<n.

Theorem [I3] provides a precise characterization on the performance of this optimization program in
the asymptotic regime, where n, p — oo at a fixed ratio § := n/p. We assume that the data points

are drawn independently from the multivariate Gaussian distribution, i.e., X; Ay (0, l%llp).

For our analysis, we utilize the CGMT framework (see Appendix [A.T]), which will provide us with a
nearly-separable optimization program that has the same performance as (9.33). To simplify the

presentation, we are breaking down the proof into the following three main steps:

1. Finding the auxiliary optimization: By introducing dual variables, we present the optimiza-
tion (9.33)) as a bilinear form with respect to a Gaussian matrix. Consequently, we use the

result of Lemma [32]to find the auxiliary optimization.
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2. Analyzing the auxiliary optimization: The first step provides a nearly-separable optimization.
The purpose of this step is to simplify this optimization and present it in terms of an

optimization program with respect to scalar variables.

3. Optimality condition of the auxiliary optimization: By taking the derivatives with respect
to various scalars, we present the first-order optimality condition on the solution of the

(simplified) auxiliary optimization. Further simplification gives the nonlinear system (9.8).

It is worth noting that the steps explained above resemble our proof in the previous chapter.
We explain each of the three steps in more details in the following subsections.
Finding the auxiliary optimization

The following lemma presents the auxiliary optimization associated with the EMM optimiza-
tion (9.33).

Lemma 23. Let W be the solution to the optimization (9.33). Consider the following optimization:
.1 * 1~
min —y (aw™ + W)
a€R
WweR?
Wiw* (9.34)

1 .
s.t. —(h'w)? >n- cr(e, ”W”),
14

VP
where h € R? has i.i.d. standard normal entries. Assume (&, W) € R x R? be the solution to this

optimization program. Then, as p — oo, we have:

W = (@aw* +W)|| - o. 9.35)

Proof. In order to apply the CGMT, we need to have a min-max optimization. Introducing the

T
Lagrange variable, A := [/11 s A2y /1,1] € R}, we can rewrite the optimization program as follows,
- (x!
vrvreller}) Bré%)rg w(w) +— Z (1= yi(x; w)). (9.36)

Note that the scaling has been performed in such a way that all the terms in the objective be of

constant order. We define the matrix H € R™? as,
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H=—p-| 2| (9.37)

Based on the assumption on the distribution of data points, this matrix has i.i.d. standard normal
N(0, 1) entries. To ease the notation, we also define a new variable A = 1 @y (i.e., 4; = A;y;) and

reformulate the optimization (9.36) as,

1 1 1 -
- +-ATy+ —A"Hw. 9.38
min 511%35 (W) + -y P w (9.38)
tyt>0

We proceed by analyzing the optimization program (9.38). In order to apply the CGMT, we

need an additive bilinear form that is statistically independent of other functions that appear in

the objective. Note that the label vector y € {+1}" is a random vector that depends on Hw*, as
y = Rabp (p(—%Hw*)). Therefore, to remove this independence between y and the bilinear form,
we use the projection onto w*. Let P be the matrix of orthogonal projection onto span(w”*), i.e.,

=1 I*HZW*W*T and P+ be its orthogonal complement, P+ = I, — P. We use these projection
matrices to decompose the Gaussian matrix Has H = H; + H, with H; := Hx P, and H, := Hx P+,

This gives the following equivalent optimization,

1 1 1 - -
min max —¢(w)+-Ay+ —ATHw+ ATHow. (PO)

WERP JcR" P n n\p n\p
Aiyi=0

It is worth noting that the projections of a Gaussian matrix (or vector) onto orthogonal subspaces

are statistically independent. Also, the label vector y would be independent of H, since,

y = RAD(p(—%HW*)) = RAD(,O(—%HPW*)) = RAD(p(—%le*)), (9.39)

where we used Pw* = w*. Therefore, all the additive terms in the objective function of (PO))
except the last one are independent of H;. Also, the objective function is convex with respect to w
and concave(linear) with respect to A. In order to apply the CGMT framework, we only need an
extra condition which is restricting the feasibility sets of w and A to be compact and convex. We

can introduce some artificial convex and bounded sets Sy and Sj, and perform the optimization
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over these sets. Note that these sets can be chosen large enough such that they do not affect the
optimization itself. For simplicity, in our arguments here we ignore the condition on the compactness

of the feasible sets and apply the CGMT whenever the variables are defined on a convex domain.

The optimization program (PO) is suitable to be analyzed via the CGMT as the conditions are
all satisfied. Having identified as the primary optimization, it is straightforward to write
its corresponding auxiliary optimization (AO) [as in (A.I)), c.f. Appendix [A.I]]. The Auxiliary
Optimization (AO) can be written as follows,

1 1 1 1
min max —y(w)+ Ay + ——ATHw+ - UhTPw + e |lP* AO
WeRP Jern P yr(w) n y n\p 1 n\/]? ” ” g” (AO)
Aiyi=0

where h € R? and g € R" have i.i.d. standard normal entries. Next, we decompose w as
w := Pw+ P*w = aw* + W, where @ € R, and w € R” is such that w L w*. We also define
the vector q := —ﬁHW*. Note that since ||w|| = «x+/p, the entries of q have standard normal

distribution. Therefore, we have the following equivalent optimization,

a€R  JeRr? p

WER >
Wi /11)’1—0

min max ! U (aw* + W) + l/lTy ax /l q+—— \/_ (|| n"w + ATg 1wl ) - (9.40)

Proceeding onward, we solve the inner optimization (max ;) with respect to the direction of A. We

have:

I I 1] I

max —Aly — —/1T + —— (||| w+ Ag W) = max "= W+ — 9.41

max Ty = T (] g1 = max W ) 04D
4iyi=0 zyz>0
||w|l

st. wi =1 —akq;yi+ —giyi) .,

( 7 ).

Recall that the function ¢, : R X Ry — R is defined (c.f. Definition[12) as follows:

colti, ) =B (1 = k01 Z)Y +1275)2, (9.42)

where Z;, Z, are independent standard normal random variables, and Y ~ RAD (p(KZ 1)). There-
fore, we have ]E,ul.2 = c(a, @), and using the SLLN as p,n — oo, we can replace ||u|| with
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W . . . 1
Jn e, %) due to the almost sure convergence. Introducing the positive variable 8 = ”\/%” , We
have the following reformulation of the auxiliary optimization,

B [

. 1 T
min max —y(aw* + W) + —h' W+ 8- [ci(a, —) . (9.43)
R B>0
5 7 vip 7
wiw*
We can write the inner maximization (with respect to ) as a constraint for the optimization, which

gives the same formulation as (9.34), i.e.,

1
min —y (aw* + W)
aeR

weRP

Fiwt (9.44)
Il
wik

Using the result of Lemma[32] we have that when the solution of the primary optimization converges

1
st. —(h'W)? > n-c(a,
p

as the problem dimensions grow (p — 00), the solution of the auxiliary optimization converges to

the same set (point). This concludes the proof. O

Analyzing the auxiliary optimization

In this section, we analyze the performance of the refined version of the auxiliary optimization
in (9.43). Although this optimization program is (nearly) separable, it is still a high-dimensional
optimization. Ideally, one would like to simplify this optimization to obtain another optimization
program in lower dimensions (with respect to a few scalar variables) where the performance can be
numerically computed. To do so, in this section we exploit some tools from convex analysis along

with some tricks from calculus to further simplify the optimization program (9.43).

The goal is to express the final result in terms of the expected Moreau envelope of the regularization
function. To better understand the behavior of the solution in (9.43), we first introduce some new
variables, u, v € R”, and y € R and write the optimization as follows,

B

- 1 - lwll, 1
min max —¢(u) + —h'Ww+ 8- .|c a,—) +—
min e (W) + B el )+

vi(u—aw* - W)+ ZwTw.  (9.45)
: p
u,WeR? ycRrpP

The variable u has been introduced to detach the impact of s and W from ¢ (-). The variables v and

v are Lagrange dual variables to remove the constraints from the optimization. We shall emphasize
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again that the normalization has been performed to ensure that all the terms in the objective are of

constant order. Next, we would like to solve the minimization with respect to w.

Before continuing our analysis, we need to discuss an important point that would help us in the
remaining of this section. It will be observed that in order to simplify the optimization, we would
like to flip the orders of min and max in the (AO) optimization. Since the objective function in the
auxiliary optimization is not convex-concave, we cannot appeal to the Sion’s min-max theorem in
order to flip min and max. However, it has been shown (see Appendix A in [129]]) that flipping the

orders of min and max in the (AO) is allowed in the asymptotic setting. This is mainly due to the

fact that the original (PO) optimization was convex-concave with respect to its variables, and as
the CGMT suggests (AO) and (PO) are tightly related in the asymptotic setting; hence, flipping
the order of optimizations in (AO) is justified whenever such a flipping is allowed in the (PO). We

appeal to this result to flip the orders of min and max when needed.

Next, we solve the optimization with respect to the direction of W. Defining o := ||W|| /+/p and

solving the optimization with respect to the direction of w leads to,

B Y

—h-—v+——w"

N7 N . (9.406)

1 1
min max —y(u) + 8- +Jex(@, o) + =V (u—aw*) - o - ’
o200 B20,y p p
ucR?”  veRP

Consequently, we are considering the maximization with respect to the vector variable v € R”. As
seen in (9.46), this variable appears in the last two additive terms in the objective function. To find
the optimal value for v, we introduce a new scalar variable T > 0%, which simplifies the optimization

by changing ||-|| to ||-||>. The new optimization would be,

| 2
£h— — v+ -Lw

Vi NP NP

. 1 1 T *
min max — u) + . cela, o)+ —V (Uu—aw -_— -
>0, B>0,7>0,y pw( ) ’8 K( ) p ( ) 2 2T
ueR? veRP

(9.47)

It can be easily checked that the optimization programs (9.46) and (9.47) are equivalent by simply
solving the inner optimization with respect to the variable 7. We are now ready to solve the

optimization with respect to v. To do so, we continue by making a completion of squares as follows,

2The square-root trick: it was first proposed in the analysis of the auxiliary optimization in regularized M-estimators,
and the idea is to use the following equivalence (which is derived immediately from AM-GM inequality):

1 T
=min —x+~, Vx> 0.
TERD ot T
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T " o B 1 0% o ﬁ 1 0% T aT
—v(u—-aw’) - — - |[|[—=h—- —v+—— - ||—= ——v+— + ——u- w
( e NN NP TP
20_ ||u aw || + lip Th+;/uTw*
Qﬁ‘/_hT x 7K2’
p
o B 1 T aTt
n — +o0o - he v Lwr sy - w
b e N A
N 2
b ‘u+’80‘ h+(ﬂ—a) *
20p T T
— g(&ﬁz + ')/2/(2), (948)
2T

where we exploit the fact that, as p — oo, we can replace %”w"(”2 and 11—, |Ih||? with 2 and 1,
respectively. Furthermore, we omit the term I%hT * = O(%) as it is negligible compared to other
terms in the optimization (which are of constant O(1) orders.) Using the above completion-of-
squares, Vv is now appearing in only one quadratic term in (9.48)). Hence, to maximize the objective,

v chooses itself in such a way that it makes the quadratic term equal to zero. This gives the following

optimization,
1 Bo\6 ?
: oT O T o oy
: L0 )————(6B%+y* k) +— +— |[u+ h+(—= —a)w*| |.
;Izl})r,la /32%,1350,;/’8 Ck(a O-) 2 27'( Py K) p[w(u) 200 u T (T )W ]
ueR? vERP

(9.49)

We now switch the order of min and max (similar to what we did earlier for w) and perform the
minimization with respect to u. Using the definition of the Moreau envelope, we can write down

this optimization in terms of the Moreau envelope of the potential function. We have,

2

/smf -

T\ > ﬁ(fT\/EhG (__ Ow*| . (9.50)

My (@ = —)w ,—) = min y(u) 2(7

Using the result of Lemma [37] (see Appendix [A.2)), we have that the Moreau envelope is a Lipschitz
function as ¥ (+) is Lipschitz. Therefore, we can exploit the Gaussian concentration of Lipschitz

functions (see Theorem 5.22 in [[141]]) which gives,
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1 . x/_
l—)Md,(.)((a’—?)W ﬁO’ -

Y \w ﬂo-\/g h,o-)], as p '
T T T
(9.51)

We now appeal to Lemma [33]in Appendix which allows us to replace the Moreau envelope
with their expected value due to the convergence we are getting in (9.51)). Hence, by replacing the
expected value of the Moreau envelope function, we are getting the following optimization, to be

analyzed in the next section.

1
n;%)n max —E [My)( a—? —'80-\/_ )] + B/ ck (@, O')—%——(dﬁ +v23).
- ’Q,Bzo,wo

(9.52)

Optimality conditions of the auxiliary optimization
In this section, we conclude the proof of the main result of the paper by showing that (when ¢ > 6%)

the optimizer to the scalar optimization (9.52)) can be derived by solving the nonlinear system of
equations (9.8).

Here, we investigate the optimality condition for the solution of the auxiliary optimization. So far,
we simplified the (AO) and after some algebra, we got the scalar optimization (9.52)) with respect to

five variables. Here, we would like to present the solution to this optimization. Let C(a, o, y, B8, T)

denote the objective function in the scalar optimization. In other words, the function C is defined as:

ﬁcr\/_

o

D) +Byexla. o) =T = (0B +77).

_ l _ 9y *
Cla,0,y,B,7) = p E [Mw(.)((a/ - )W+ >
(9.53)

The following lemma describes the behavior of the function C with respect to its variables.
Lemma 24. The function C : R> — R defined in (9.53) is (jointly) convex with respect to the

variables («, o), and (jointly) concave with respect to the variables (y, B, T).

The proof of this lemma is provided in Appendix Using the result of Theorem [I0]in Chapter 7]
the objective function, C, will diverge when 6 < ¢*. For ¢ > ¢, Lemma [24| states that the function
C 1s convex-concave. The following remark indicates that the optimal solution of the optimization

problem does not happen at the boundary values.
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Remark 16. We need to show that the optimal solution does not happen at the boundary, i.e., at
B =0, or o = 0. Taking the derivative with respect to 3 at the objective function in (9.47)), we will
have a%| p=0 = \ck(a, o) > 0. Therefore, the optimal B is nonzero. It can also be seen in the same
optimization program that when o = 0, 8 can choose its value arbitrarily large and the optimal

value would be +c0. Hence, the optimal o is also nonzero as we have a minimization w.r.t. o.

Let (@, 7,7, 3, T) denote the solution to the optimization (9.52)). Since the objective function is
smooth with respect to its variables and the optimal values do not coincide with the boundaries, its
solution must satisfy the first-order optimality condition, i.e., VC(&, 7,7, 3,T) = 0s<1. We will

show that this would simplify to our system of nonlinear equations (9.8)).

We start by setting the derivative with respect to a to zero. We have,

oC 1
—=0= —-E
oa j"p [

9 JPoVo T)e—F 8C’<(a’0):0,(9.54)

My ((@ = ZHyw*

oa T T T > ,c,((a, 0') o

where we used the Leibniz integral rule to bring the derivative inside the expectation. Using the

result of Lemma [34] we can write the following,

1_.d 2
;E[a Mw()((a’— - ﬁo-\/_ ‘r)] = K;T—sz—p—E[w PI‘Oerw()((CZ— wh+ ﬁo-\/_
(9.55)
Replacing (9.55)) in (9.54)) gives the following nonlinear equation,
5 2 dcyla, o
L E[w* Prow()((a——)w* ﬁ(’—‘/_h)] _Ker B @) (9.56)
po T o oa

2 cK(a/, 0')

Next, we find another optimality condition by setting the derivative with respect to S to zero. We

have,
aC 1.0 V6 5
5 —O:EE[aﬁMw()((a——) ﬁ(’; h,2)] +elano) - =g =0.  (957)
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Similarly to (9.55)), we can compute the expected derivative of the Moreau envelope function by

appealing to Lemma [34]
1_,0 Bo\6 Bos «/‘ - ,8(7\/_
E[aﬁMw()((“——) +——h, ;)] T 7 E[h Pfox"w()((a—T Wt h)|.
(9.58)
Replacing (9.58) in will give the following nonlinear equation:
1 o) cela, o
— B [h"Prox () (@ — —L)w* + BoVo h)] = celaa). (E2)
p T T T 0
Next, we compute the derivative with respect to y and set it to zero. We have,
oC 1 0 oy ,80'\/_
— =0= —E[—My (e - —L)w* + - =0, 9.59
5 S E G Mo (@ = =)w" + )] (9:59)
1_.9d B 2 1
SB[ Myo (e - ywt ﬁi\/_ h,7)] = “’;V—Kza—;E [ Prox.z, ) (a==2)w*+ CLaTIN h)].
(9.60)
Replacing (9.60) in (9.59) will give the following nonlinear equation:
0
_E[W Prox « ,l,()((a——) '80-\/_ h)] = ’a . (E1)
p T

Also, replacing (EI) in the nonlinear equation (9.56)) gives the following nonlinear equation:

(9c,<(04 0') 2K ’y\/m (E4)

oa

Next, we take the derivative with respect to o-. We have:

9C =0= lE[iMw(-)((a—ﬂ)W*+ﬁ0‘\/5 h,z)] B dew(a,0) 7
do p ‘oo T T T 2e(a, o) OO 2 27

(6,8 +y*k?) =0.
(9.61)
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We use the result of the Lemmato compute the derivative of My, (-, -) with respect to . We have,

).

1 0 oy BoVs o 1,55 ,  a*k’r?
—E|—M,y. - — )W + h,—)|=— +0B°+ —— 9.62
p [(?0' (/,()((a/ T A T T)] 27( : B o2 ( )
2
2
)
- T—z E ||Prox <y ((@ — ﬂ)w* + '80-—\/_ h)
po g T T
(9.63)
Replacing this into (9.61)) will give the following equation,
1 ') ? 2 dee(a, o)
— E||Proxe ) ((a - ﬂ)w* + Al h)| =%+ po A9 52 (9.64)
p i T T e (a, o) 00
Similarly, by taking the derivative with respect to 7, we have:
1 Vs I
— E |[Proxe ) ((a — ﬂ)w* + pavo h)| =a**+0?. (E3)
p T T T
We can now simplify (9.64)) to get the following equation:
de(a,0)  2tyei(a@, o)
= : (ES)
oo B

Finally, we make a change of variable by replacing 7 with 1 in the equations (ET), (E2), (E3).(E4),
and (E5)) will respectively give the desired equations in the system of nonlinear equations (9.8) as

the optimality condition on the solution of the optimization (9.52). This concludes the proof.

9.7 Proof of Lemma 24

We first state the following lemma which will be useful in our proof.

Lemma 25. The function f(s,r) := +/c(s,r) is (jointly) convex in (s,r).

Proof. First, note that for x € R”, the function x — ||(x),|| is a convex function as it can be written

as a sup of convex(linear) functions.

(X))l = sup u’x.. (9.65)
ueR?
lufl<1
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For n € N, define the function f,((")(s, r) as:
(n) 1
(s, r) = 1, — skhy +r , 9.66

where 1,, denotes the all-one vector, h, g € R” have i.i.d. N (0, 1) entries, and Y ~ RAD (p(Kh)). It
is readily seen that fK(”)(s, r) is jointly convex with respect to s and r as it is a combination of a

convex function and a linear function. Using the LLN, we also have that,

P
(5. = f(s.r) = els. ). (9.67)
Therefore, f(s,r) is a convex function as it is a point-wise limit of convex functions. |

Consider the objective function in the optimization program (9.47| i.e.,

1 1 oT o
(r) . - . -7 .
P a,ow5y,8,7,V) pw(u)+ﬁ ck(a,0')+pv (u—aw*) 5o

First, we would like to show that f (r) is jointly convex with respect to @, o, and u. From Lemma (23)),
we know that /¢, (a, o) is jointly convex with respect to @ and o~. The function () is also convex
and the remaining terms are all linear with respect to these three variables. Hence, (7 is convex

with respect to u, @, and o.

Next, we show that this function is jointly concave with respect to the remaining variables. We

B *2
’ h_TV-'_‘/_

Bh- L
perspective of this function 1 H \/_h \/_V + \/_

Therefore, f(P) is jointly convex with respect to these variables as the remaining terms are affine

note that the function is convex with respect to variables v, v, and 8. The

2
w*

is (jointly) convex with respect to (y, 8, T, V).

with respect to (y, 8, 7, v). Next, we define the function C (») by maximizing f (P) with respect to v,

i.e.,

(») . — (p) .
C'P(a,0o,u;y,B,7) max P a, 0wy, B,7,v) . (9.69)

This function is also jointly convex-concave, since it is a point-wise maximum of concave function

with respect to v. The result is the consequence of the fact that C(?) converges to C, i.e.,

CP (@, 0 w7, B.7) 5 Cla,0,y.8.7) , as p — co. (9.70)
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9.8 Proof of Theorem [10]in Chapter 7|
In this section, we prove the result presented in Theorem |10{ which identifies the phase transition on
the separability of the data. To this end, we exploit the result of Lemma [23] which associates the

following optimization to the EMM optimization (9.33).

1
min —y (aw”* + W)
aeR
weRP
Wiw* (9.71)
IIWII)
VP
We first show that, as p,n — o0, § > 6" = §*(k) is the necessary and sufficient condition for
the optimization program (9.71)) to have a feasible solution. Define o := ||W|| /p, and write the

following:

1
st. —(h'W)2 > n-ci(e,
p

1 reo [ 2 Lhl?
sup —(h'wW)*—n-cila,—) = sup o“-||P h||"—n-cila,o). (9.72)
~oﬂ:‘]R P K( \/]_7 ) o>0,a ” || K( )
Wiw*
Note that we used the fact that the P+ is the projection onto the hyperplane orthogonal to w*. The
supremum is achieved iff W chooses its direction to be the same as P+h. The optimization program
has a feasible point if and only if the optimal value in is non-negative. In other words, the

necessary and sufficient condition on the separability of the data is:

ce(s,r)

3r>0,5, st 2 |[Ph| —n-ci(s,r) 20 = ! [Ph* > 6* = inf ~ (9.73)
n s,r>0 r
Next we note that h has i.i.d. N (0, 1) entries, therefore, SLLN asserts that,
Liptnf &5 221 9.74)
n n

Therefore, as n, p — co with § := £, the optimization program is feasible if and only if § > ™.
As Lemma [23]states that the solution to the EMM optimization (9.33) converges in probability to
the solution of (9.71)). Therefore, § > §* indicates the phase transition for the existence of the EMM

classifier.

We would also want to refer the interested reader to [38] for an astute geometric/combinatorial

perspective on the phase transition behavior in binary classification.
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9.9 EMM for Various Structures

In this section, we provide some technical details on how to characterize the performance of the
classifiers introduced in Section[9.4] For each of the three classifiers, depending on the distribution
of the underlying parameter (w*), we simplify the nonlinear system (9.8) by explicitly evaluating

the expected values.

Max-margin classifier (£,-EMM)
As mentioned earlier, when ¢ (-) = % ||-||%, the EMM classifier will become the well-known

max-margin classifier. In this case, we can find the following closed-form for the proximal operator:

1
Prox%”,nz(v) =17 (9.75)

Therefore, the expectations in the nonlinear system can be computed explicitly as follows:

1 - K (a - ory)
5 E [w* Prox%”.”z((a - oTY)W* +ﬁ0"r\/5h)] S pe—
1 BotVé
1—7 E [hTProxgw(.) (@ = ory)w* +ﬁ0"r\/5h)] “Tro7’ (9.76)
2 2 — 21 8202726
l]E,HProxgw(.)((cy —oTy)W* +ﬁ0'7'\/5h)H _X (0= 0r) 'f 7T
p (1 + O'T)

Replacing these evaluations into the first three equations in the nonlinear system will explicitly

give two of the variables in terms of the other three variables. More specifically, we get y = —«

from the first equation and 8 = X2* from the third equation in the nonlinear system (9.8). Hence,

™6
the nonlinear system would reduce to solving the following system of 3 nonlinear equations with 3

unknowns:

Vew(a, o) = 0'\/5,

oce(a,o) —2k%atod
oa 1407 ©.77)
oc(la,o) 200
doc  l+ot
Sparse classifier (£;-EMM)
The second choice for the potential function is ¥ (-) = ||-||;, which is used to promote sparsity in the

underlying parameter. Here, we assume that the entries of the underlying parameter are generated
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independently from the distribution IT; introduced in (9.24)), where s € (0, 1) denotes the sparsity
factor which indicates the probability of an entry being nonzero. The nonzero entries have Gaussian

distribution with variance «2/s. The proximal operator for £; norm can be computed explicitly as,

Prox; .|, (w) = n(u,1), (9.78)

X
Ix]

expectations that appear in the first three equations in the nonlinear system (9.8) can be presented as

where n(x, 1) = 2 (|x| — 1) . is the soft thresholding function that has been applied entrywise. The

follows:

1 E [W*TProx%”,”z ((@ —oTy)w* +,30'T\/5h)] = 23 Q(t) - (@ — o1y),

p
1
) , E [h" Prox, -y () ((@ — ory)w* +,80'T\/5h)] = [250(11) +2(1 = 5)Q(12) ] - BotV8,
1 2 1-
E E HProxaw(.)((a/ —oTy)W* +,80'T\/5h)H = 20'272(;2 cx () + t—zs < x(12)),
1 2
(9.79)
where 1 and t, are defined as,
oT 1
t = , = ——, (9.80)
\/%2 (@ —o1y)? + B202726 e
and the function y : R — R, is defined as:
x(t) =E[(Z=1)] = Q1) (1 +13) - 1¢(2) (9.81)

where the random variable Z in the above expectation have standard normal distribution, and
o(x) = \/% exp(—x?/2) denotes the density of the standard normal distribution. Replacing the

computed expectations in (9.79) in the nonlinear system (9.8)) gives the sparse nonlinear system

presented in (9.27).

It is worth mentioning that the sparse nonlinear system (9.27)) can be solved efficiently via iterative
numerical methods. A main advantage of the sparse nonlinear system is that it has been presented
in terms of the Q(-) function which can be computed quickly in most numerical softwares (e.g.
MATLAB). For our numerical simulations in Section [9.5] we used an accelerated fixed-point

iterative method to find the solution of the nonlinear system.
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Binary classifier ({..-EMM)

The third and last choice of the potential function is the {5, norm. In this case, the potential function
is defined as ¥(-) = p||-
operator in this case.

The following lemma determines how to compute the proximal

Lemma 26. Let u € R? have i.i.d. entries from a distribution I1. Then, fort > 0, we have:

Proxyp|||,, (w) = u = Prox;)., (w), (9.82)

where A is defined as,

1. fort <E|W|, A is the unique solution of B [([W| - 2),] =1.

2. fort > E|W|, then 1 =0.

In the following subsections, we use the result of Lemma [26|to compute the proximal operator for

two different models (i.e., two different distributions on the entries of w*).

{--EMM with sparse parameter

Here, we consider the case where the entries of w* are drawn independently from the distribution IT
defined in (9.24)). Note that when we set s to 1, this distribution will be the same as i.i.d. Gaussian
entries. Hence, the result in this section can be applied to the non-sparse setting (when the underlying

parameter has i.i.d. Gaussian entries.)

Using the result of Lemma 26| in this case the proximal operator can be computed as follows,

ProX,.p||. (=0 7y)w*+BorVsh) = (oz—a"r)/)w*+ﬁ0'7'\/5h—Prox,wT||.||1 ((a—oty)W*+BotVsh),

(9.83)
where A is defined in terms of the proxies ¢; and #, (defined in (9.80)):
LOIf > + ? > 4/, then A is the unique solution of the following nonlinear equation:
1 2
1 1
25 - [Egb(ml) —20(An)| +2(1 - s) [E¢(/lt2) —A0(An)| =1. (9.84)

3The multiplication by the dimension, p, is necessary to ensure that all the terms in the optimization have constant

(O(1)) order.
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s, 1= _
2. If%+7‘s 5, then 1 = 0.

Therefore, after finding the value of A by solving equation (9.84)), the proximal operator which
appears in the first three equations of the nonlinear system (9.8) can be written explicitly in terms of
the proximal operator of the £; norm which was illustrated in the previous part. Also, similarly to
the case of ¢;-EMM, the expectations are written in terms of the functions Q(-) and ¢(+). Therefore,

the solution to the nonlinear system can be found efficiently using numerical solvers.

{--EMM with binary parameter

Here, we consider the case where w* has i.i.d. entries with distribution IT = « - RAD(%). To simplify

our presentation, we define the following proxy:

a

t3=(;—7)-/<.

Using the result of Lemma [26] in this case the proximal operator can be computed as follows,

ProXg .. ((a—O'Ty)W*+,80'T\/5h) = (04—0'7')/)W"‘+,6’0'T\/gh—Prome||.||1 ((a—O'Ty)W*+ﬁ0'T\/5h),
(9.85)

where A is defined as:

Ch(—-B LO(=1 IR : . .
1. When V5 - ¢( 5 \/3) +13-0( 3 \/5) > 5, A is defined as the unique solution of the following

equations:

78y -0 028 -

Vs L
SR s 2

(9.86)

2. Otherwise, 4 = 0.

Hence, A can be computed by solving the equation (9.86), and consequently the proximal operator
which appears in the first three equations of the nonlinear system (9.8)) can be written explicitly in

terms of the proximal operator of the ¢; norm which was illustrated in the previous part.
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Chapter 10 156

ROBUSTIFYING BINARY CLASSIFICATION TO ADVERSARIAL
PERTURBATION

[1] F. Salehi and B. Hassibi. “Robustifying Binary Classification to Adversarial Perturbation”.
In: arXiv preprint arXiv:2010.15391 (2020).

Despite the enormous success of machine learning models in various applications, most of these
models lack resilience to (even small) perturbations in their input data. Hence, new methods to

robustify machine learning models seem very essential.

In this chapter, we consider the problem of binary classification with adversarial perturbations. By
investigating the solution to a min-max optimization (which considers the worst-case loss in the
presence of adversarial perturbations), we introduce a generalization to the max-margin classifier
which takes into account the power of the adversary in manipulating the data. We refer to this
classifier as the "Robust Max-margin" (RM) classifier. Under some mild assumptions on the loss
function, we theoretically show that the gradient descent iterates (with sufficiently small step size)
converge to the RM classifier in its direction. Therefore, the RM classifier can be studied to compute
various performance measures (e.g. generalization error) of binary classification with adversarial

perturbations.

10.1 Motivation and Background

Machine learning models have been very successful in many applications, ranging from spam
detection, speech and visual recognition, to the analysis of genome sequencing and financial
markets. Yet, despite this indisputable success, it has been observed that commonly used machine
learning models (such as deep neural networks) are very unstable in the presence of non-random
perturbations [[125, 17, 32]].

In this chapter, we study the simple (yet fundamental) problem of binary classification where the
goal is to find a classifier that has a high accuracy in predicting the binary labels when having feature
vectors as its input. When the clean data is available, max-margin classifier [[140] is the model of
choice as maximizing the margin is interpreted as minimizing the risk of misclassification [37].
Recently, it was shown in [[120] that for a broad class of loss functions, including the well-known

logistic loss, the gradient descent iterates converge to the max-margin classifier. More recently, the



asymptotic performance of this classifiers has been characterized in [95| 39} [114]]. In Chapter 9] we
have provided a detailed discussion on the performance of the max-margin classifier (as a special

member of extended margin maximizers) under Gaussian data.

Here, we consider the case where the training data is perturbed by an adversary and introduce the
"Robust Max-margin" (RM) classifier as a generalization of max-margin to perturbed input data.
We then consider the adversarial training method, in which the optimal parameter is a solution to a
saddle-point optimization. We show that the gradient descent algorithm with properly-tuned step
sizes converges in its direction to the RM classifier. A significant consequence of this result is
that one can characterize various performance measures (e.g. generalization error) of adversarial

training in binary classification by analyzing the performance of the RM classifier.

To the extent of our knowledge, this is the first work that introduces the robust max-margin classifier
and proves the convergence of gradient descent iterates to this classifier. Very recently, the authors
of [72] have analyzed the performance of robust max-margin classifier (referred to as the "robust
separation") under i.i.d. Gaussian training data. Their analysis on the performance of the resulting
estimator is similar to what we showed in the previous chapter and is based on the Convex Gaussian
Min-max Theorem [121}130]]. Similar analyses have been recently provided for the performance of

max-margin classifiers as well as other generalized linear models [113} 9539, 49,114, |55].

The organization of this chapter is as follows: inn Section [[0.2] we provide some background
on the binary classification problem and how it connects with the max-margin classifier. The
mathematical setup for the problem of binary classification with perturbed training data is provided
in Section[I0.3] The main result of this chapter is presented in Section [10.4] and the proofs are

provided in Sections[I0.5]and [10.6]

10.2 Preliminaries

We start with some notations that are used throughout this chapter. For any vector w € R”, the
binary classifier associated with w is defined as: Cy : R? — {+1}, such that Cy(x) = Sign(w’x).
N denotes the set of non-negative integers. omax (M) denotes the maximum singular value of the
matrix M. 0, and 1,4, respectively, represent the all-one and all-zero vectors in dimension d. A

function f(-) is said to be L-smooth if its derivative, f’(-), is L-Lipschitz.

Background: binary classification with unperturbed data
Here, we review some of the main ideas of binary classification when the adversary is not present.
Let D = {(x;,y:) : 1 <i < n} denote a set of data points, where fori = 1,...,n, X; € R? is the

feature vector, and y; € {1} is the binary label. We assume that D is linearly separable, i.e., there
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exist w* € R? such that:
yi = SIGN(x! w*) , fori=1,2,...,n. (10.1)

When the training data has no perturbation, one can attempt to find a classifier by minimizing the
empirical loss on data set 9. In the setting of binary classification, the loss function is usually

formed as,
L(w) = Z £(yx"'w) (10.2)
i=1

where the function £(-) : R — R, is a decreasing function that approaches 0 as its input approaches
infinity. A typical approach to find the minimizer of the loss function £(w) is through the iterative
algorithms, such as the gradient descent (GD) algorithm. The convergence of the GD iterates on
separable data sets has been studied in recent papers [[73}|120], where it was shown, among others,
that while the norm of the iterates approaches infinity, their direction would approach to the direction
of the well-known L, max-margin classifier defined as,
Wy = arg min || w||
weRP (1 0'3)
S.t. y,-xl.Twzl, 1<i<n.

In other words, their result states that for almost every x € R”, Cy, (x) — Cy,, (X) as t grows, where
w; denotes the result of GD after ¢ steps. The max-margin classifier (I0.3) (a.k.a. hard-margin
SVM [37])) has been extensively studied in the machine learning community (see Chapter 9] for a
more detailed discussion). This classifier simply maximizes the smallest distance of the data points

to the separating hyper-plane (referred to as the margin).

The above mentioned result, i.e., convergence of the GD iterates to the max-margin classifier,
has significant consequences as the max-margin classifier can then be studied to compute various
performance measures (such as the generalization error) of the resulting estimator. Very recently,
researchers have exploited this result to accurately compute the generalization error of GD over the
logistic loss [95) 114].

10.3 Binary Classification with Adversarial Perturbations

As explained earlier in Section[I0.1] understanding the behavior of machine learning models under
perturbed input is very essential with the goal of improving the robustness of these models. Inspired
by recent advances in understanding the behavior of machine learning models under adversarial

perturbation, here we study the problem of binary classification with perturbed data.

We assume that the training data is a perturbed version of the underlying data set, . Let

D" ={(x; +%;,y;) : 1 <i < n} denote the set of training data, where, fori =1,2,...,n,z; € S
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is the unknown perturbation, and the set S; consists of all the allowed perturbation vector. In the

n
i=1’

way that the training algorithm is beguiled into generating a wrong solution.

adversarial setting, it is often assumed that the perturbation vectors, {z;} are chosen in such a

Throughout this chapter, for our analysis purposes, we assume that the perturbation vectors have
bounded norms by defining S; = €8, where 8, denotes the unit ball in R”, and ; > 0, for
1 < i < n, indicates the maximum allowed norm for the i perturbation vector, z;. While the

perturbation vectors are hidden to us, we assume having knowledge of {€;}",.

Note that the set of allowed perturbations can be different for different data points. This includes
certain special cases such as: (1) only a subset of the data is perturbed (¢; = 0 if the i data point is
not perturbed), and (2) all the data points have the same perturbation set, i.e., for some € > 0, we

havee =€eforl <i < n.

Saddle-point optimization

The parameters of the desired model are often derived by forming a loss function and solving
an optimization problem to find a minimizer of the loss. In adversarial training, one should also
consider the manipulative power of the adversary where the adversary attempts to misguide the
training algorithm. When the goal of a training algorithm is to minimize a loss function, one can
view the adversary as an entity which attempts to maximize the loss. The following min-max
optimization problem incorporates the contrary behaviors of the adversary and the training algorithm

with respect to the loss function.

n
min  max L(w) = Z C(yi(x; +7;)"w). (10.4)
weR?P  z,€8;,1<i<n =1
1=
In order to find a robust model, we should solve this saddle-point optimization. Under our
assumptions on the perturbation sets, we can introduce the function £¢(w) which is the result of the
inner maximization in (10.4), i.e.,

n

Le(w)= > max £(yi(x; +z)"w), (10.5)
(W) 21] max ((yi(x;-+2)"w)

T
where € = [61, €,..., en] . Therefore, the robust classifier is defined as a minimizer of L¢(w).

10.4 Main Results
In this section, we present the main results of this chapter, that is the convergence of the gradient

descent iterates to the robust max-margin classifier. We first introduce the Robust Max-margin
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(RM) classifier as an extension of the max-margin classifier when the training data is perturbed.
Consequently, in our main result we show that, under some conditions on the function £(-), the
gradient descent algorithm (with sufficiently small step size) converges in its direction to the RM

classifier.

Robust Max-margin (RM) Classifier

The max-margin classifier is a classifier that maximizes the minimum distance of the data points
to the separating hyperplane (also known as the margin). In our setting where the training data is
perturbed, we should modify the notion of the margin to incorporate various perturbations across
data points. More specifically, in order to get a robust classifier, we would like the data points with

higher perturbations to be farther away from the resulting separating hyperplane.

The Robust Max-margin classifier is defined as,
WEQJ :=arg min  ||w]|
WeRP (10.6)

S.t. inlTW >1+e|wll, 1<i<n.

As observed in the constraints of this optimization, the RM classifier enforces data points with

higher perturbations to keep a larger distance from the separating hyperplane {x : WITVIX =0}.

When the data is perturbed, we expect the RM classifier to outperform the max-margin classifier.
Figure depicts a comparison in generalization error between the max-margin and the RM
classifier. Although for small perturbations, the two models behave the same way, the RM classifier

has a better performance as we increase the norm of perturbations.

While the separability of the data is necessary for the existence of the RM classifier, it is not sufficient.

The following lemma provides a sufficient condition for its existence.

Lemma 27. The RM classifier exists when the data set D = {(X;, y;) : 1 <i < n} is separable and,
1

, (10.7)
llwallo

lelle <

where Wy is the max-margin classifier.

Proof. The max-margin classifier, wy, exists when D is linearly separable. Also, w = mw M

is a feasible point of the optimization (10.6). Therefore, the RM classifier exists and,

Iwamll < llwramll < (1wl
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Figure 10.1: A comparison in generalization error (GE) between the max-margin and the
robust max-margin (10.6). The result is the average over 20 independent trials with n = 100 and
p =40. The data is generated from a Gaussian distribution and 40% of data points are perturbed
with maximum norm of €. For large values of €, the RM classifier has a better generalization error
than the max-margin classifier.

When the perturbation sets are the same for different data points, one expects the RM classifier to be

the same as the max-margin classifier.

1

Lemma 28. If € = € X 1,, for some € > 0, the RM classifier exists if and only if € < Tk In this
case,
w
Wy = —— (10.8)
1 —€|lwumll
Proof. Assume wg,, exists, then we have w = % satisfy the constraints in the optimiza-

tion . Since w), is the solution to this optimization, we have |[wys|| < [|w|| which gives
p g

€ - |lwp|| < 1. Ttis easy to check that w = % is the solution to the optimization (10.6), as it
satisfies the constraints and w, is the optimal value of the optimization program (10.3)). o

Convergence of GD Iterates
In this section, we present the main result of the chapter that is the convergence of the gradient

descent iterates to the RM classifier. As discussed earlier in Section[10.3] the goal is to solve the

161



following optimization problem,
min Le(w), (10.9)

weRP

where L¢(+) is defined in (I0.5). Gradient descent (GD) is the common method of choice to find
a minimizer of this optimization. Starting from an initialization, wy € RP, the GD iterates are

generated through the following update rule:

Wi =W, —1 - VLe(W,), fort € N, (10.10)

where 17 > 0 is the step size.

Our goal is to study the behavior of the GD iterates as ¢ grows large. For our analysis, we need some

assumptions to hold for the loss function €(-).

Assumption 5. The function € : R — R, is twice-differentiable, monotonically decreasing, and
B-smooth.

We note that the common choices of the loss function satisfy the conditions in Assumption 5] For
instance, the logistic loss defined as €(u) = log (1 +exp(—u)) satisfies these conditions (with 8 = 1.)

We first state the following lemma which provides some insights on the behavior of GD iterates, w;,

ast — oo.

Lemma 29. Consider the gradient descent iterates (10.10) with step sizen < 2 - B~ - (0max (X) +
llel) 2, where X = [X1,Xa,...,X,]T € R is the data matrix, Le is defined in (10.9), and €(-)
satisfies Assumption[S] If the RM classifier exists, then, as t — +oo, we have,

i [[Wel| = +eo,

ii. VL(W;)—0,,and,

iii. yX! Wy — €& ||W;|| = +o0, fori=1,2,...,n.

The proof of this lemma is provided in Section[10.5]

Lemma [29| provides useful insights on the behavior of the gradient descent iterates. With small

enough step size, as ¢ grows, the norm of w, becomes unbounded while making £ (w;) closer to

zero. Since w; diverges, we focus our attention on its direction, i.e., the normalized vector ”x—;” In
fact, the classifier defined by w;, Cy, (-) only depends on its direction. Therefore, if ”x—;” converges,

we can claim that the classifiers generated by GD iterates converge.
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Figure 10.2: Convergence of GD iterates to the RM classifier. For our experiment, we have n = 30,

p = 10, number of iterations is 10'3, and € ~ Unif(0, HWI_M”) The distance between the max-margin

and the RM classifier is H”jg—g” - MH = 0.2192.

IwWra |l

Our main result in Theorem [T4] states that the classifiers generated from the GD iterates converges to
the RM classifier defined in Before stating this result, we need the following definition which

is a modified version of an assumption in [120].

Definition 14. A function f(u) has a tight exponential tail if there exist positive constants a, c, T, i

such that for allu > t:

f@) < c(l+exp(—p - u)) exp(~a - u), and, (10.11)

f(u) = c(1—exp(—u-u))exp(—a-u).

Theorem 14. Let Assumption [5 hold and —{'(-) have a exponential tail. Consider the gradient
descent iterates in (T0.10) withn < 2- B~ - (0max(X) + ||€]|) 2. Then, for almost every data set, we

have,
W; WRM

Iwill - lIWrwmll

Therefore, the resulting classifier converges to the RM classifier.

= 0. (10.12)

t—o00
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Remark 17. The assumption on —€'(-) having a tight exponential tail holds for common loss functions
in binary classification. As an example, the derivative of the logistic function satisfies (10.11)) with

a=c=u=1.

Remark 18. Theorem |l4| states that while w, diverges as t grows, its direction converges to the
direction of the robust max-margin classifier. We should note that this convergence is quite slow.
Figure[l0.2]depicts the convergence of the direction of GD iterates to the RM classifier ast — oo
where it can be observed that the convergence becomes slow as t grows (the horizontal axis has
a logarithmic scale). In our proof in Section we theoretically establish that the rate of

convergence is logarithmic.

10.5 Proof of Lemma 29
In our proof, we use the following lemma which characterizes the behavior of gradient descent

iterates on smooth functions.

Lemma 30 (Lemma 10 in [[120]]). Let L(W) be a y-smooth non-negative objective. If n < %, then,
for any starting point w(0), with the GD sequence

w(t+1) =w(t) —nVL(w(1)),
we have that:

D IVLW@)|? < +oo.
u=0

We also use the following corollary.

Corollary 8. For any positive constant C < B(0max(X) + ||€]] )2, there exist R > 0, such that
||V2£6(w)|| < C when ||w|| > R.

The proof is straightforward, by computing the Hessian of L¢(-) and using the fact that £(-) is

twice-differentiable and -smooth.

Since the function £(-) is monotonically decreasing, we can write,

n
Le(w) =) Lyx{w—ewl) . (10.13)
i=1
The gradient of the loss function can be computed as,
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vmw)=;f%yix?w—eillwll)(yixi— = ”) (10.14)

Consider the sequence s; := %Wz oW for £ € N. First, we show that this sequence is increasing.

St — St+1 = WITQMV£6(Wt) (10.15)

—Zuy,x W= € WD Wiy, (v = g ||)
i=1 Wi

< Z € (yix{ wi = & [\will) (vix! Wews — € lwral)
i=1

n
< > C(yixiw e |lwl) <0,
i=1

where for the first inequality, we used the fact that ¢'(#) < 0 and Cauchy-Schwartz, and for the
second inequality, we used the constraints of the optimization (10.6)).

Since {s;};>0 1s an increasing sequence in R, it either grows to +co or approaches a limit value. We

analyze each of these cases separately.

Case 1 : hm s; =L < 400

When the sequence has a limit, we have lim;_, 5; — 5741 = 0. From the last inequality in (I0.15)),

this implies that as t — oo,

O (yix'w; —€|w;|]) = 0, for 1 <i <n. (10.16)

Since ¢’(u) is negative for u € R, we must have

yixI'w, — € ||wi|| = +o0, for1 <i <n, (10.17)

which is (iii). This also implies that ||w;|| — oco. Finally, from (10.14), we have that V.L(w;) — 0,,.

Case 2 : lim s; = +o00

—o00

_nS:

Iwell = et

implies that lim,_, ||W;|| = +oc0. Using Corollary (8, for any constant C <
B(Tmaxr(X) + | €| )2, there exists a non-negative integer f( such that the second derivative is bounded
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by C for any t > 9. Hence, we can use the result of Lemmawith <2 B (Cmax(X) + ||€])2
which gives ||VLe(W,)|| = 0ast — +oo.

In order to show (iii), we use the last inequality in (T0.13), as # — oo since wh, V. Le(W;) — 0, we
have:

C(yixIw, —€&|w|[) =0, for 1 <i<n, (10.18)
which gives the desired result.

10.6 Proof of Theorem [14

For the RM classifier, we define the set of support vectors as:

S =Spy = {i € [n] : yix[ Wy = 1+ € [ Wrull} - (10.19)

First, we consider the KKT conditions for the optimization (10.6) which gives:

Wew = ) ai(yixi — &W), (10.20)
ieS

e WRM
where w = TWrar|

continuous distribution, for almost every data set, the support vectors are linearly independent and

and @; > 0. It can be shown that when the data points are drawn from a

a;’s are all positive (see also [73]] and Appendix B in [120]). Given the fact that —¢’(u) has an

exponential tail, we assume that @, y, T, u are positive constants such that:

—0'(u) < y(1 +exp(—u - u)) exp(—a - u), and,

(10.21)
—¢'(u) > y(1 —exp(—p - u)) exp(—a - u),
forevery u > 7.
We define a vector w such that:
exp (W (yix; — &W)) = —— | fori=1,2,...,n. (10.22)
Y-n

Recall that the gradient descent iterates are defined as,
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Wil =W, = -nV.L(W,), 1 € N. (10.23)

Next, for t > 0, we define the residual vector r; € R?.

1
I, =W, — - log(t)Wry — W. (10.24)

In our proof, we adopt a similar strategy as [120] and bound the norm of the residual vector ||r(z)||

by a constant C for every ¢ > 1. Consider the following equation,

et Il = Iell® = lIeees = wl® + 2 0] (x04y — 1), (10.25)

We bound each of the two terms in the RHS of (10.23).

We start with bounding the first term in the (10.25]). We have,

t+1 2
lrrer — 1'1”2 = [|Wetl — W — WRM(IOg(T)/a)
<P IIVLW)II* + ()2 Iwrmll? (10.26)

+2(n/@) log(1 + ™ Yywra' VL(W,)

<P IVLW)|? + ()7 [|wrmll*

where in the first inequality, we replaced w,,; — W, using the gradient descent iterates (10.23]) along
with log(1 + u) < u, and in the second inequality, we exploit the inequality (10.15) that gives
wI'VL(w(1)) < 0.

Since the norm of w; approaches infinity as ¢ grows, when 7 < 2 - 87! - (0rmax (X) + ||€]) 72, we can
use the result of Corollary [8|and Lemma [30] to have:

DIvLw) < Cy, (10.27)
t=0

for some constant C; > 0. Therefore, we can bound the sum over the first term in (10.25).

Dl =P <’Cita wrll )17 < o (10.28)

t>1 r>1

167



Next, we will bound the second term in (10.23), i.e., rf (rs1 — 7). To do so, we first define the

constant 8 as follows:

0 := mén ViXiWry — € |[Wrmll > 1, (10.29)
eS¢

where §¢ = [n] — § indicates the indices of non-support vectors. The following lemma provides an

upper bound on r7 (ry4 — ;) forz > 1.

Lemma 31. With the assumptions of Theorem[I4] consider the gradient descent iterates (10.23),
{W,}1en, and the vector r, defined in (10.24). Then, for constants C > 0 and ty € N, we have:

1] (rp — 1) < Cr™nOIED) oy > g (10.30)
Using the result of Lemma(31] since 6 > 1 and u/a > 0, we have:

to—1

ZrzT(I‘tH -1, < Z (rie1 — +CZ¢ min(6, 1+5G (1031)

t>0 t=1 t>tg

< C3.
Therefore, from (10.25]), (10.28)), and (10.3T)), we have,

k-1

el = fea P+ el = e dl® < Ca s VE 2 1, (10.32)
=1

for a positive constant C4. Consequently, from (10.24), we have,

1

‘Wt - E log(t)wRM < Cy+||W] . (10.33)

By some straightforward calculations we can get,
‘ WRM H CY(C4 +[[W]]) 2 ] (10.34)

Iwell TIwrall log(t) IWrml
which gives the desired result, i.e.,
WrM H (10.35)
1= ||Wz|| IWrMm|
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Appendix A 180

SOME TECHNICAL TOOLS

A.1 Convex Gaussian Min-max Theorem

Several times in this writing, we appeal to the recently developed Convex Gaussian Min-max
Theorem (CGMT) [[130] for analysis of optimization programs. The CGMT associates with a
Primary Optimization (PO) problem an Auxiliary Optimization (AO) problem from which we can
investigate various properties of the primary optimization, such as phase transitions. In particular,
the (PO) and the (AO) problems are defined respectively as follows:

®(G) := min max u/ Gw + ¢ (u, w), (PO)
weSy ueS,

¢(g.h) := min max ||wllg"u— [lulh"w+y(u, w), (AO)
wWESy UueS,

where G € R™", g € R, h € R",Syy Cc R", Sy c R"and ¢ : R"XR"™ — R. Denote wg := Wo (G)
and wy := wg(g, h) for any optimal minimizers in (PO) and (AO), respectively. The following

Theorem establishes the connection between the two optimizations in the Gaussian setting.

Theorem 15 (CGMT). [128] In (A.1)), let Sy, Su, be convex and compact sets, and assume that
Y (-, ) is convex-concave on Sy X Sy. Also assume that G, g, and h all have entries i.i.d. standard

normal. The following statements are true:

1. Forallu eR, andt > 0,

P(I®(G) — ul > 1) < 2P(|¢(g.h) —uf > 1) . (A.2)

2. Let S be an arbitrary open subset of Sy and 8¢ := Sy /S. Denote ®sc(G) and ¢sc(g,h) be
the optimal costs of the optimizations in (PO)), and (AQ)), respectively, when the minimization

over W is now constrained over w € S°. If there exists constants ¢, ¢sc, and n > 0 such that,

® pse > ¢+3n,

e ¢(g,h) < ¢ +n, with probability at least 1 — p ,

e ¢sc(g,h) > ¢sc —n, with probability at least 1 — p ,



then, P(wo(G) € S) > 1 -4p.
The probabilities are taken with respect to the randomness in G, g, and h.

We also state the following lemma which is a consequence of previous theorem in the asymptotic

regime,

Lemma 32 (Asymptotic CGMT). [128] using the same notations and assumptions as in Theorem|[I3)]
suppose that there exist constants ¢ < dse such that ¢(g,h) AN &, and ¢psc(g,h) — ¢gc. Then,

lim P(wo(G) € S) = 1. (A.3)

We refer the interested reader to [[128, 130} 129] for further reading on the subject, its premises, and

applications.

A.2 Useful Technical Lemmas

We gathered here some useful lemmas that are used in the proof of our main results.

In the analysis of the auxiliary optimization, we replace several functions with their limits in
probability. This can be done through the same tricks used in section A.4 of [129] and Lemma B.1
in the same paper. The following lemma is used in our analysis of (AO) optimization and allows us
(when the conditions are satisfied) to replace the objective with the function it converges to in the

asymptotic regime. Here, we state this lemma without proof.

Lemma 33 (Min-convergence — Open Sets). Consider a sequence of proper, convex stochastic

functions M,, : (0,00) — R, and a deterministic function M : (0, c0) — R, such that:

1. M,(x) kiR M (x), for all x > 0,

2. there exists 7 > 0 such that M (x) > inf,~o M (x) for all x > z.
Then, inf s My (x) 2> infrag M (x).

The next lemma provides the partial derivatives of the Moreau envelope function.
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Lemma 34. Let @ : R? — R be a convex function. Forv € R? and t € R, the Moreau envelope

function is defined as,

1
Moy (v, 1) = min D(x +—x—v2, A4
o) (V.1) = min &(x) + . [Ix - v (A4)
and the proximal operator is the solution to this optimization, i.e.,
) 1 2
Prox;q(.)(v) = arg min ®(x) + —||x - v||~. (A.5)
xeR4 2t

The derivative of the Moreau envelope function can be computed as follows,

Mo,
ot

oMoy 1
aj() = ~(v= Proxia()(V))

1
= —ﬁ(v — Prox,e()(V))? . (A.6)
We refer the interested reader to [75] for the proof as well as a detailed study of the properties of the
Moreau envelope.
Lemma 35 (Stein’s lemma). [[41|] For afunction f : R — R, we have Ez[Zf(Z)] = Ez[f'(Z)].

Lemma 36. Let f : RY — R be an invariantly separable function such that f(x) = Zflzl f(x;) for

all x € R4, where f is a real-valued function. Then, we have:

Prox, 7y (v1)

d
Prox, ., (v2)
Mpy(v,t) = Z My (vi,1) , and  Prox;p((V) = tf:() (A.7)
i=1 :
Prox 7y (va)
Proof. We can write,
d 2
. 1 . x (xi = vi)
My (v.1) = +—|x-v|]*= )+
0 000) = min £09 + 21l = VI = min ) Fox) + =
d N2
= > min f(x;) + % , (A.8)
=1 !
d
= ZMf(.)(Viat) .
i=1
i

In the next lemma, we show that the Moreau envelope of a Lipschitz function is itself a Lipschitz

function.
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Lemma 37. Let ® : RY — R be an L-Lipschitz function. Then, Mo (-, t) is a 2L-Lipschitz

function, i.e., for allua, v € RY,

IMo)(u,t) — Moy (v,1)| < 2L [[u—v]. (A.9)

Proof. In order to show this result, we need to find an upper bound on the derivative of the Moreau

envelope. For all v € R?, we have,

L ||[v = Proxse) (v)|| = @(v) — @ (Prox,e()(¥))
0 , (A.10)
> % |v = Prox;oy (V)| .

where the first inequality is due to the L-Lipschitzness of the function ®(-), and the second inequality
is derived from the fact that Prox;q.)(v) is the solution to the optimization (A.4). This gives the
following bound on the distance of the proximal operator to the underlying vector.

|[v = Prox,e() (V)|| < 2¢L. (A.11)
We can now bound the derivative M/qu’(') as follows,
OMg,. 1
0 H = —[|(v = Proxia) (M) < 2L Wy € R, (A.12)
This concludes the proof. O
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