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ABSTRACT

In the past couple of decades, non-smooth convex optimization has emerged as a
powerful tool for the recovery of structured signals (sparse, low rank, etc.) from
noisy linear or non-linear measurements in a variety of applications in genomics,
signal processing, wireless communications, machine learning, etc.. Taking advan-
tage of the particular structure of the unknown signal of interest is critical since
in most of these applications, the dimension p of the signal to be estimated is
comparable, or even larger than the number of observations n. With the advent
of Compressive Sensing there has been a very large number of theoretical results
that study the estimation performance of non-smooth convex optimization in such a
high-dimensional setting.

A popular approach for estimating an unknown signal Sy € R” in a generalized
linear model, with observations y = g(XBp) € R”, is via solving the estimator
B = arg ming L(y,XpB) + Af(B). Here, L(-,-) is a loss function which is con-
vex with respect to its second argument, and f(-) is a regularizer that enforces the
structure of the unknown Sy. We first analyze the generalization error performance
of this estimator, for the case where the entries of X are drawn independently from
real standard Gaussian distribution. The precise nature of our analysis permits an
accurate performance comparison between different instances of these estimators,
and allows to optimally tune the hyperparameters based on the model parameters.
We apply our result to some of the most popular cases of generalized linear models,
such as M-estimators in linear regression, logistic regression and generalized margin
maximizers in binary classification problems, and Poisson regression in count data
models. The key ingredient of our proof is the Convex Gaussian Min-max Theorem
(CGMT), which is a tight version of the Gaussian comparison inequality proved by
Gordon in 1988. Unfortunately, having real iid entries in the features matrix X is
crucial in this theorem, and it cannot be naturally extended to other cases.

But for some special cases, we prove some universality properties and indirectly
extend these results to more general designs of the features matrix X, where the en-
tries are not necessarily real, independent, or identically distributed. This extension,
enables us to analyze problems that CGMT was incapable of, such as models with
quadratic measurements, phase-lift in phase retrieval, and data recovery in massive

MIMO, and help us settle a few long standing open problems in these areas.
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Chapter 1

INTRODUCTION

Data in today’s technology and industry work is indispensable. Most organizations
now understand that if they gather all the data that is available to them, they can
analyze and get significant value from it. As a result, the last decade has seen a
sustained exponential growth rate in data stored and used. This has led to an immense
interest in the buzz words such as "Big Data" and "Statistical Inference", where the
question is how to efficiently deduce the most information about the unknown
variables of interest. Classical estimation theory has extensively investigated this
question under various models, when the number of unknown variables is small
compared to collected data. But in many modern applications (e.g. financial
data, machine learning, wireless communications, sensor networks, genome signal
processing, image processing, DNA sequencing, etc.), the number of unknown
variable of interest has become larger and larger. Therefore, a lot of classical tools
in estimation theory fail to address the same questions, with the dimensionality
explosion that we experience in today’s applications.

More importantly, in many of these applications, the number of unknown variables
is even larger than the number of observations (or measurements) we have (e.g.
consider the DNA sequencing where the unknown data is the human genome, or in
image processing where the unknown is a large scale image, or in finance). Consider
the following simple but fundamental example to make our idea concrete. We would
like to recover an unknown vector 8 € R? from the system of linear equations below,

with n equations,
y=XBeR", (1.1)

where y € R” and X € R™” are given. Obviously, when we do not have any other
information about the unknown g, it is necessary to have more measurements than
unknowns for a consistent recovery (n should be greater than or equal to p). But in
many applications, the unknown g is constrained by some structure (e.g. sparsity,
where only a limited unknown number entries of 8 are non-zero, or the case where
the entries of 8 are chosen from a finite alphabet like +1.) In these examples,
although the unknown data is p-dimensional with p > n, it lies on a lower dimen-

sional manifold with a lower degree of freedom, which may make recovery of the
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unknown data feasible. These examples, give rise to problems like, how fo exploit
the given structure to efficiently recover the unknown?, or under what conditions are
our estimators consistent? Among different estimation methods, convex estimators
are popular as they exhibit numerical stability, and more flexibility. Besides, they
are more tractable when it comes to computational analysis.

In the past couple of decades, non-smooth convex optimization has emerged as a
powerful tool for the recovery of structured signals (sparse, low rank, etc.) from
generalized linear measurements in a variety of applications in genomics, signal
processing, wireless communications, machine learning, etc.. How to take advan-
tage of the particular structure of the unknown signal of interest is critical since
as explained, in most of these applications, the dimension p of the signal to be
estimated is comparable, or even larger than the number of observations n ([40]
and references therein). With the advent of Compressive Sensing there has been
a very large number of theoretical results that study the estimation performance of

non-smooth convex optimization in such a high-dimensional setting.

1.1 Generalized Linear Models

Linear models describe a continuous output variable as a function of the predictors,
and are widely used in statistical data analysis. But in practice, the underlying
models can be much more complicated than a simple linear model. In this thesis,
we focus on a special class of models, known as the generalized linear models. In
this section, we define the set up for these models, mention some of their applications

and state of the art, and finally explain the thesis organization.

Mathematical Formulation
Consider the problem of recovering a p-dimensional signal 8y € R?, from n mea-

surements of the form

vi=gi(x o), i=1,... (1.2)

S

Here g;(.) is a known or unknown [link function, and may include a random com-
ponent such as noise. For instance, in the case of linear measurements we may

have,

Yi =X Bo+7i (1.3)

where z;’s are the unknown noise entries. Our goal is to recover the vector Sy, given

the measurements y;’s, the feature vectors x;’s and depending on the problem, some
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information about the link function g;(.) or the structure of the unknown vector 3.
Henceforth, let

Y1 x| g1(x1)
y=|:ler", X=|:|er™, gx)=| : |er". (14

Ym X gm(Xm)

Here, y denotes the vector of n measurements, X is the features matrix, and g :
R™ — R” is the link function for which

y = 8(Xpo) (1.5)

Our model so far is very general as we did not impose any assumptions on any of
the parameters. Thus, to answer "how to recover the unknown vector?", we have to
make the model more clear, define the tools we would like to work with, and our

performance measurces.

1.2 The Link Function in the Generalized Linear Models
The link function g(-), plays a major role in how we approach this problem. We will

explain a few important and popular cases of the link function.

Linear Inverse Problems in Compressed Sensing

The idea in compressed sensing is to recover a signal with low-dimensional structures
from high dimensional measurements. The structured signal can be a sparse vector
[38], a low rank matrix [135], a vector chosen from a finite alphabet[166], etc.
There has been tremendous research under the name of compressed sensing in the
last decades [6, 40, 42, 61, 73, 129, 165, 179].

The classical setting of linear inverse problems considers recovering an unknown

Bo € RP, given linear noisey measurements of the form
y=XBp+zeR", (1.6)

where the measurements y € R” and the features matrix X € R™ P are given.
Convex estimators are a popular method of recovering the unknown in these prob-
lems. Especially, for the case of structured Sy, there are principled ways to recover
the unknown using a convex estimator, based on the idea of atomic decomposition

[40] and also other methods in [10, 15], as well as non-convex methods such as [122].



Classification Problems

Logistic regression is the most commonly used statistical model for predicting di-
chotomous outcomes [85]. It has been extensively employed in many areas of
engineering and applied sciences, such as in the medical [27, 181] and social sci-
ences [96]. 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 quantitive response. How-
ever, in many situations the response variable is qualitative (or categorical) and
linear regression is no longer appropriate [89]. This is mainly due to the fact that
least-squares 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 [124].

In logistic regression we model the probability that the label, ¥, belongs to a cer-
tain 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 this problem, we assume the the measurements are given by the following model,

x
y = g(x) = Sign(p(x) —€), p(x) = exi7 , & ~ Bernouli(P) .

In this case, each measurement, y;, will be +1 or —1 with probability p(x;) or

1 — p(x;), respectively.

Phase Retrieval Problem

The fundamental problem of recovering a signal from magnitude-only measurements
is known as phase retrieval. This problem has a rich history and occurs in many
areas in engineering and applied physics such as astronomical imaging [69], X-ray
crystallography [116], medical imaging [55], and optics [191]. 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.

The goal is to recover an unknown data 8y from the magnitude only measurements

of the form,
y = IXpo| € C", (1.7)

where y and X are given and | - | is the element-wise absolute value operator.



Poisson Regression in Count Data Models
Poisson regression assumes that the observations y; take a Poisson distribution with

mean X' 3,
y; = Pois (Xl.Tﬁo) , i=1,...,n. (1.8)
Poisson distribution has applications in many areas such as telecommunications

(number of arriving calls in a system), Biology (number of mutations on a DNA),

Finance and insurance (number of losses or claims in a period of time), etc..

1.3 High Dimensional Regime

In the classical regime, the common modeling assumption was that the number of
unknown variables, p, is fixed, while the number of measurements, n, grow large.
This problem is well studied for the cases of linear regression, classification prob-
lems and some other cases. But with the rise of big data, the number of unknowns
in modern applications of statistical inference could grow as large as the number of
observations. This new assumption, requires a difference performance analysis for
the previous problems. There has been a lot of effort in the last decade, to answer
the same questions in the classical regime, under this new assumption, which we
will mention in Section 2.1, for different applications.

Throughout this thesis, we are especially interested in the over-parameterized
regime, where the number of measurements, n, is less than the number of un-
knowns, p. This problem is usually ill-posed unless some prior information about
the structure of the unknown data in given. For instance, sometimes the true un-
known data, lies on a low-dimensional manifold in its original p-dimensional space.
One of the most famous structures is data sparsity. In this case, most of the entries
of the unknown data is zero, but of course the indices of the zero entries are un-
known. Other popular structures includes, signals that are block sparse [152, 160],
signals with entries drawn from a finite alphabet [166, 174], low rank matrices
[135], or sometime vectors or matrices that exhibit a few simultaneous structures
[128]. Recently there has been a unifying framework that can extend the analy-
sis techniques that were initially developed for the sparse signal recovery, to other
structures [18, 56, 63, 165].

Formally, most of the results of this Thesis will be applied to a sequence of problem
instance {Bo, X, g(-), L(-,*), f(-)}pen, indexed by p, such that the properties we
mentioned and our assumptions hold for all members of this sequence. We will not
write the subscript n for arguments to avoid overloading notations. Our results are

asymptotic and hold as n — oo.



1.4 Convex Recovery Method and Performance Measure

Among various recovery methods, we focus on convex optimization based estima-
tions. Convex methods are often preferred as they exhibit numerical stability, and
more flexibility. Besides, they are more tractable when it comes to computational
or performance analysis.

These convex methods estimate the unknown vector Sy, by solving the following

convex optimization problem,
p = argmin L(XB.y) + Af(B) . (1.9)

Here, £(Xf,y) is a loss function that penalizes the residual, and is convex with
respect to its first argument. The function f(-) (which we call the regularizer) is a
convex function that enforces the structure of the unknown vector Sy, to the final
estimation . The positive parameter A, is a regularization parameter that balances
the cost function and the regularizer. This form includes a lot of famous estimators
including ¢;-regularized least squares (aka the LASSO), penalized least absolute
devations estimator (aka LAD), ridge regression, maximum-likelihood estimators,
Support vector machine or perceptron or logistic regression in classification prob-
lems, etc.

There are standard solvers for each one of these examples, all of which benefit from
the convex nature of this estimator. In this thesis, our focus is on the recovery per-
formance of such estimators, rather than algorithmic issues. So our main question

will be, how well the optimization (1.9) can estimate the unknown data Boy?

Performance Measures If we want to measure the recovery performance of the
estimator (1.9), we need to define our performance measure first. For now, we keep

our performance measure general in the form of

¥ (B. Bo) » (1.10)

where (+) is a function that is supposed to measure the deviance of 3 from Sy, in
our desired way depending on our application. For instance, in the classification

problems, the performance measure could be the generalization error, which is

(B, o) = Prob (Sign (p(x"B) - €] # Sign (p(x"Bo) - €))

p(t) = %, € ~ Unif(0,1), x~ N(0,1). (1.11)
el+e
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We will impose some natural assumptions on the function ¢ (-, -) later for our anal-

ysis.

1.5 Design of the Features Matrix, X
Performance of the estimator (1.9) depends on all problem parameters, including
properties of the features matrix X. As the most basic example, consider the problem

of recovering S € R? from the system of linear equations
y =XBo € RP. (1.12)

We need the features matrix X to be full rank for a consistent recovery of By. So
in a worst case scenario analysis of the recovery performance for this problem, we
should make sure X is full rank. But in practice, if we assume a random ensemble
for the entries of X, the probability of X being singular may be very small. For
example, in the case that the entries of X are independently drawn from a continuous
probability distribution, the probability of X being singular world be zero.

Besides, it has been observed that randomly generated features matrices can yield
good estimates in the high dimensional regime [26, 68, 72]. Besides, assuming
a random ensemble for the features matrix enables us to analyze the average case
performance, or high probability performance in high dimensional regime. In
particular, matrices sampled from Gaussian distribution has been traditionally useful
in the performance analysis of estimators in compressed sensing [38]. Recently,
with the development of two frameworks known as AMP [56] and CGMT [165],
researchers have been able to answer most of the previously unknown questions
in compressed sensing and classification. For these frameworks, the it is essential
to assume that the entries of the features matrix X, are independently drawn from
standard real Gaussian distribution. Although their analysis answered a lot of
open questions in compressed sensing and classification problems, the Gaussian

assumption is very restrictive when it comes to practical problems.

Universality As discussed, assuming a randomly drawn features matrix X with iid
Gaussian entries, has several benefits. First, it enables us to utilize a wide set of tools
in probability. And second, we will not have to consider the worst case scenarios
in the design of the features matrix. But even more importantly, this can be a good
start in the analysis of such complex problems. Once we have a clear understanding
of how the estimator behaves with an iid Gaussian features matrix, we can move

forward and investigate how general these results are and how can one extend them



to other cases.

As a matter of fact, some of the results that hold under this Gaussian assumption,
enjoy a remarkable universality property in high dimensions, that extend the same
result to a wide variety of other distributions. Donoho and Tanner in [58] and Bayati
et al, [17] were first to observe and show some universality in phase transition of
an special case of estimator (1.9). Later, Oymak and Tropp [130] showed this
universality for a wider range of problems and distributions. But in most of these
cases, having real independent entries in the features matrix was essential. Although
these works are of great interest, the independence assumption on the entries of the
measurement vectors can be restrictive. In certain applications in communications,
phase retrieval, covariance estimation, the entries of the measurement matrix have
correlations. In this thesis, we show a much stronger universality result which holds
for a broader class of measurement distributions. Here is some of the applications
in which at least one of the key assumptions on the features matrix (real and iid

entries) does not hold.

Quadratic Measurements

Consider the case, where we wish to recover an unknown matrix X, from measure-

ments of the form,
yi=aXoa+z, i=1,...,n, (1.13)

where the features vectors a;” and measurements y;’s are given. In this example, the
measurements are still linear with respect to the unknown matrix X, but quadratic
with respect to the features vectors a;’s. We define Sy = )fo and x; = aiaiT, where 7

is the vectorized version of a matrix. Then we have
yi=xfo+zi, i=1,...,n, (1.14)

Obviously, even by imposing a generic iid distribution on the entries of a;’s, the
entries of x; will be highly dependent. Therefore, one cannot simply apply the
classical result on this new problem.

This problem shows up in many applications such as Covariance sketching for data
streams [44, 120], non-coherent energy measurements in communications [180],
phase retrieval problem, [36, 86, 148, 190] etc.



Data Recovery in Massive MIMO

Here, the goal is to recover a p-dimensional vector Sy € CP where the entries of 3
are independently drawn from the discrete set S ¢ C with distribution Bo; ~ pg.
The set S defines the modulation used for data transmission (e.g. QAM, PSK, etc.).
For this purpose, we are given the noisy multiple-input multiple-output (MIMO)

relation of the form
y=XBp+zeC", (1.15)

where X € C"™? is the known MIMO channel matrix with i.i.d. entries drawn
from N¢(O, ll]) and z € C" is the unknown noise vector with i.i.d. random complex
Gaussian Nc(0, o2) entries. The important question here would be does the same
performance analysis techniques in real case hold for the case of complex features
matrix as well?

Interestingly, we show that the same results and techniques are not necessarily
applicable to the case of a complex features matrix, as we will have examples of

both scenarios in future chapters.

1.6 Organization of the Thesis

In this thesis, we investigate various scenarios for the generalized linear model in
(1.9). In Chapter 2, we impose an iid standard Gaussian distribution on the entries
of the features matrix X, and analyze the performance of the general estimator in
(1.9). Then we will apply our analysis of some interesting examples of generalized
linear models such as M-estimators (Linear Regression models), binary classifica-
tion problem (such as logistic regression and generalized margin maximizers), and
also in data recover in massive MIMO with a real channel. In Chapter 3, we apply
our result to the square-root LASSO problem with a general performance function
¥().

Later in Chapter 4, we investigate the problem of covariance estimation with
quadratic measurements of the form (1.13). We show some universality properties
that enables us to use the same methods as in Chapter 2 to analyze the performance
of convex estimators in such scenario. In Chapter 5, we propose a fast algorithm for
covariance estimation in graphical models with theoretical guarantees.

In Chapter 6, we prove a universality result for the phase transition of the linear
inverse problems with a wide range of distribution for the features matrix X. As a
result, we show that the phase transition in successful recovery of the unknown data,

depends only on the first and second order statistics of the rows of the features ma-
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trix X. As an application, we show that the minimum number of random quadratic
measurements (also known as rank-one projections) required to recover a low rank
positive semi-definite matrix is 3nr, where n is the dimension of the matrix and r is
its rank. 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.

Chapter 7, investigates the problem of data recovery in massive MIMO, and shows
that under specific conditions on the constellation (among other conditions) and after
some modifications of the original problem, we can come up with an equivalent real
estimation problem that can be analyzed by the tools introduced in Chapter 2. We
use these results in Chapter 8, and propose a two-step algorithm for a near-maximum
likelihood data recovery in massive MIMO. As Chapter 9 derives a phase transition
in perfect recovery in complex phase-max problem, it concludes that universality
does not always holds from problems with complex features matrices to their corre-
sponding real problems. Finally, we gather some of the proofs of previous sections

in the Appendix.
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Chapter 2

PRECISE PERFORMANCE ANALYSIS OF GENERALIZED
LINEAR MODELS

In this chapter!, we first summarize the problem setup and introduce our assump-
tions, and then state the main theorem. We would like to recover the p dimensional

vector 8 from measurements of the form

y =8(XBo) e R". 2.1)

We are given the observation vector y and the features matrix X and sometimes
some information about the link function g(-). We do so by solving the following

convex optimization,
B = arg min L(XB,y) + 1 (B) (2.2)

Here the loss function £L(-,-) is convex with respect to its first argument, and the
regularizer f(-) is also convex. In this section, our goal is to analyze performance

of the optimization (2.2), in terms of

v (B, Bo) , (2.3)

where i (-, -) is a function that measures the distance between Sy and 8. As already
noted in the introduction, this performance measure depends on all the problem
parameters including design properties of the features matrix X, distribution of the
noise and the underlying vector ), properties of the loss function and the regularizer
function, etc.

In this section, we focus on the case that the features matrix X has iid standard
Gaussian entries. We will generalize the model in the next chapters.

The performance of this optimization, depends on the Loss function, the regularizer,
distribution of the link function g(-), and distribution (or properties) of the unknown
data By through the following Moreau envelope transformation. The Moreau en-
velopes of the loss function £ (-, -) and the regularizer function f(-) are respectively
defined as

1
er (X,y,7) :=min — [[v—x||*+ L(v,y),
v 21

1
er(x,7) = mvin o v —x|?> + f(x) . 2.4)

ISome of the materials of this chapter are based on the works in [143, 165, 166]
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Similarly, the proximal operator is defined as the minimizers of the above optimiza-

tions,
.1 )
Prox s (X,y, T) := arg min . lv—x||“+ L(v,y),
v 2T
1
Prox s (x, 7) := arg min 77 v —x|*> + f(x) . (2.5)
v 27

Note that since the loss function takes two input variable, its corresponding Moreau
envelope takes three input, whearas the corresponding Moreau envelope for the
regularizer takes only two inputs.

Assumption 1, introduces an essential functional, through which the performance
of the convex optimization depends on the loss function, the regularizer, and distri-

bution and properties of the link function and unknown data.

Assumption 1 (Functionals L and F) We say that Assumption 1 holds for the func-
tions L and f, and for the distributions pg(.) and pg,, if forall ¢, c; € Rand v > 0,
there exist continuous functions L : RXRXR,9g > Rand F : RXRXxR,9g — R
such that

P
€r (C] h] + Co X,B() ,g(XﬁQ) ,T) — L(C],CQ,T) and

P
er(ciha+cyBo,7) = F(c1,c2,7) . (2.6)

where, the convergence is in probability over distribution of the function g(-),
distribution (or properties) of the unknown data By, the random matrix X € R"™P
with iid standard Gaussian entries, and the random vectors h; € R" and h, € R?

with iid standard Gaussian random entries.

Assumption 1 holds naturally for a wide range of norms, loss functions, and regular-
izers, due to the law of large numbers. In Section 2.1, we will derive the funcionals
L and F for some interesting examples.

The second assumption we introduce is related to the performance function (-, -),

which measures how well the optimization works.

Assumption 2 (Performance Function ¢/ (-,-)) We say that Assumption 2 holds for
the function (-, -) and for the distributions pg,, if for all ci,c2 € R and T > 0,
there exist continuous function ¥ : R X R X R.o — R such that

Y (Prox; (180 + cahy . 7). Bo) = ¥(c1.02.7) | 2.7)
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where, the convergence is in probability over the distribution (or properties) of
the unknown data By, and the random vector hy € R? with iid standard Gaussian

random entries.

Assumption 2 is valid for a wide range of function . Simple instances include
p-norms, for which the assumption holds by the law of large numbers when the
entries B are drawn independently from the same distribution.

Out main theorem, analyzes the convex estimator (2.2), in its most general form.
The proof of Theorem 1 is deferred to Section 2.6, as well as explanation about the

CGMT framework, which is the main tool that we use to prove this theorem.

Theorem 1 Let ,@ be the solution the convex estimator (2.2), which is an estimation
of the unknown data By, where the entries of the features matrix X € R are drawn
independently from standard Gaussian distribution. Also Assumptions 1 and 2 hold
with functionals L, F and ¥, 6 = n/p and k = ||Bol||/+/p. Consider the following

min-max optimization over 6 scalars («a, o, Ty, T,1,7),

. t o oTot? 0'7'2)/2/<2 1 oot
min max — — — — + +L(c,a,—)+F(———=,a—ony,om) .
aeR 1120 211 21 20 2 1Ty \/5
o,1120  yeR

(2.8)

If this min-max has a unique solution, (&, 6, %1, ,1,7), then as p and n grow to

infinity with 6 = p/n, we have

Jlim y(Bpo) = V(@ - 5ty —=. ) . 2.9)
Theorem 1 derives a precise analysis for the performance of the convex estimator
(2.2). A few remarks are in place. As discussed earlier, the result of this theorem
applies to a sequence of problem instances of the convex estimator, with growing
dimensions n and p, such that n/p = 6. Then, the convergence in theorem is in
probability over the randomness of the features matrix X, distribution of the link
function g and unknown data S (if there’s any).

We now investigate two classes of popular models with this theorem. First, we
consider the case when the link function g, simply adds a random noise to its input,

as in linear models. Second, we analyze the case of binary classification.

2.1 Linear Models and M-Estimators
We consider the standard problem of recovering an unknown signal 8y € R” from

a vector y € R” of n noisy, linear observations given by y = XSy +z € R".
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Here, X € R™? is the (known) measurement matrix, and, z € R” is the noise
vector; the latter is generated from some distribution density in R”, say p,. Our
focus is on the high-dimensional regime where both the dimensions of the ambient
space n and the number of measurements m are large [60, 146]. This is different
than the classical one, where p is small and fixed and only n is assumed large.
Of special interest is the scenario of compressed measurements, in which p < n.
In principle, such inverse problems are ill-posed, unless the unknown vector is
somehow structurally constrained to only have very few degrees of freedom relative
to its ambient space. Such signals are called structured signals; popular examples
of such structure include sparsity, block-sparsity, low-rankness, etc. [10, 40]. We
model such structural information on Sy by assuming that it is sampled from an

n-dimensional probability density pg,.

Regularized M-estimators. The most widely used approach to obtain an estimate
X of the unknown Sy from the vector y of observations is via solving the convex

program
B = argmﬁin L(y-XB)+Af(B). (2.10)

The loss function £ : R" — R measures the deviation of X from the observations
y, the regularizer f : RP — R aims to promote the particular structure of 8y, and,
the regularizer parameter 4 > 0O balances between the two. Henceforth, both £
and f are assumed to be convex. Also, f will typically be non-smooth. We refer
to the minimization problems of the form in (2.10) as regularized M-estimators.
Different choices of the loss function and of the regularizer give rise to a number of
well-known estimators. A few concrete examples might suffice: (i) the LASSO [176]
corresponds to (2.10) with L(v) = %Hvll% and f(x) = ||x||;. General choices of the
regularizer for the same loss function lead to the Generalized LASSO [129, 133] (ii)
The regularized-LAD [192] minimizes an ¢;-loss function. (iii) The (generalized)
square-root LASSO [22] solves (2.10) for L(v) = ||v||>. In the first two examples
the loss function is separable over its entries, i.e. L(v) = ;:1 £(v;) for convex
¢ : R — R; in contrast, the square-root LASSO does not belong to this category.
Accordingly, the regularizer function might be separable (e.g. £;-norm) or not (e.g.

nuclear-norm).

Prior Work
With the advent of Compressed Sensing there is a very large number of theoretical

results that have appeared in recent years in place for various types of regularized
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M-estimators. The vast majority of those results hold under standard incoherence
or restricted eigenvalue conditions on the measurement matrix X 2, but they are
order-wise in nature, i.e., they characterize the error performance only up to loose
constants. While this line of work includes unifying frameworks for the analysis of
general instances of (2.10), the loose constants involved in the error bounds do not
permit any accurate comparisons among the different instances (e.g. [14, 106, 123,
189] and references therein); therefore, they cannot be used to answer optimality

questions of the nature discussed in this Section.

This section derives precise characterizations of the error behavior (ones that do not
involve unknown constants). Results of this nature have appeared in the literature
under the additional assumption of an iid Gaussian distribution imposed on the
entries of the matrix X. The inspiration behind these studies can be traced back to
the seminal work of Donoho [57, 59] on the phase-transition of £;-minimization in
the Compressed Sensing problem. This and the extensive follow-up literature mostly
focused on the noiseless signal recovery problem. More recently, researchers have
initiated the study of the exact reconstruction error of instances of (2.10) in the
presence of noise. Unfortunately, no unifying treatment that holds for general
instances has hitherto been available. To the best of our knowledge, our work is the
first to obtain precise characterizations of the error performance of (2.10) for general
convex loss functions, convex regularizers, and noise and signal distributions under
a Gaussian assumption on the random measurement matrix X. In the rest of this

section, we briefly outline the relevant literature.

The first precise results on the performance of non-smooth convex optimization
methods appear in the literature in the context of noiseless linear inverse problems
that arise in Compressed Sensing. Here, the vector of measurements of the unknown
structured signal By takes the form y = XBp € R" and recovery is attempted
via solving miny-xs f(/8), for an appropriately chosen convex regularizer f. In
the absence of noise, the standard measure of performance becomes that of the
minimum number of measurements required for exact recovery of Sy. By now,
there is an elegant and complete theory that precisely characterizes this number
when X has entries iid Gaussian. The theory was built in a series of recent papers
[6, 17, 40, 57, 129, 153, 156]. Our work extends the analysis to the noisy setting.
In the presence of noise, the analysis is inherently more challenging since: (a)

2Such conditions have been shown to be satisfied by a wide class of randomly designed measure-
ment matrices, (e.g. [50, 68, 72] and references therein). A more recent line of works obtains similar
order-wise bounds under even weaker assumptions on the randomness properties of X [101, 150, 178].
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one needs to characterize the precise value of the estimation error, rather than just
discriminating between exact recovery or not; (b) the performance depends not
only on the number of measurements but also on the noise and signal statistics.
Also, it naturally includes the results of the noiseless case as special instances.
However, many of the ideas, analytical tools and concepts developed in the works

[6,40, 153, 156] have proved to be useful in extending the results to the noisy setting.

In the noisy setting, the first precise results analyzed the error performance of
regularized least-squared (a.k.a. generalized-LASSO) under an iid gaussianity as-
sumption on the noise distribution [18, 63, 129, 154, 168, 172, 173]. It has been
only very recently, that El Karoui [65, 95], and, Donoho and Montanari [56, 64]
were able to rigorously? predict the error performance of M-estimators under more
general assumptions on the loss function and on the noise distribution. However, the
papers by Donoho and Montanari assume no regularization and El Karoui considers
the special case of ridge regularization. Finally, the very recent paper [29] builds
upon [56] and extends the study to the case of ¢;-regularization. In short, our work
achieves by several means a more complete and transparent treatment of the subject,
overcoming the limitations of previous endeavors as follows: (i) We consider arbi-
trary convex regularizers, (ii) We identify minimal and generic assumptions under
which the general result holds, (iii) We remove any smoothness and strong-convexity
assumptions on the loss function, which are required in all previous works. Also, the
loss function (and regularizer) need not be separable (e.g., we allow L(v) = ||v|2
or ||v||w), and, the distributions need not be iid. (iv) We remove boundedness as-
sumptions on the moments of the noise distribution. Notably, our proof technique is
fundamentally different than that of [65] and [56], and, it appears to be more direct

and insightful in several ways.

Applying Theorem 1 to M-Estimators

In order to apply Theorem 1, we first need to translate Assumption 1 and 2 to this
special case. Note that the Moreau envelope for this subtractive case of loss function
in (2.10) becomes

1 1 _
er (x,y,7) =min — [[v-x|[*+ £L(v,y) =min — |[v-x||*+ L(v-y)
v 2T v 271

= min o v = (x =y + £V @.11)
v T

3The study of high-dimensional M-estimators has been previously considered in [19, 66]. How-
ever, those results are only based on heuristic arguments and simulations.
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Recall from Assumption 1, that the link function and the loss function affect the
estimation performance through the link function L that depends on the Moreau

envelope as follows,

L(cy,c2,7) = n}y@mez (cihy+c2XBo,g(XpBo) ,7)

lim min 21_‘1' ||V - (C1 h; + (62 - 1) X,Bo - Z)”2 + .Z(V) (2.12)

n,p—oo v

Note that X is a random matrix with iid standard Gaussian entries. Thus, Xy can

be replaces with h ||8o]|, where h is a random vector with iid standard Gaussian

entries. Finally, c¢; hy + (c2 — 1)XBg can be replaces by \/C% + (co = 1)2||Bol|*h,
where h is a random standard Gaussian vector. Therefore, the functional L(cy, ¢, T)

is simply a function of 7 and \/c% + (c2 — 1)2||Bol|?. If we use this new function in
the equations of Theorem 1, we can derive the result of [165], after a few changes
of variables.

We specialize the general result of Theorem 1 to the popular case where the loss
function £ and the regularizer f are both separable, and the noise vector and signal
Bo both have entries iid. To make things concrete, assume#

L(V)=Zf(Vj) and z; s i=1,...,n
=

P
iid .
F®=>"f) and By X pei=1...n
i=1
Henceforth, both ¢ and f are proper closed convex functions. Also, it is further

assumed that
£(0)=0=minf(v) and f(0)=0. (2.13)
v

Satisfying Assumption 1
To apply Theorem 1, we first need to verify that Assumption 1 holds for both
the loss function and the noise distribution, and, for the regularizer and the signal

distribution.

“Note the slight abuse of notation here in using f to denote both the vector-valued and scalar
regularizer function.
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Loss function and noise distribution

In the separable case Assumption 1 essentially translate to the following requirement

on ¢ and pyz:
E[I6.(cG +Z)*] <o, forallc€R, (2.14)

where the expectation is over Z ~ pz and G ~ N(0, 1). This is shown in Lemma 1

below.

Lemma 1 (Expected Moreau envelope-Loss fcn) If € and p 7 satisfy (2.14), then,
Assumption 1 hold with

L(c,7)=Elec(cG+Z,y,T)-((2)]. (2.15)
This lemmas is simply a result of the law of large numbers.

Regularizer and Signal Distribution

Not surprisingly, the required condition on f and p, becomes
E[If/(cH + Bo)I*] < oo, forallceR. (2.16)

where the expectation is over By ~ p, and H ~ N (0, 1). Additionally, the following

mild assumptions are required:

3B, >0, B <0 suchthat 0 < f(xy) < oo and BB < co.  (2.17)

Lemma 2 (Expected Moreau Envelope—Regularizer fcn) If f and p, satisfy (2.16)
and (2.17), then, Assumption 1 hold with

F(c,7) =E|es (cH + Bo,7) — f(X0)] - (2.18)

The Expected Moreau Envelope

If conditions (2.14), (2.16) and (2.17) are satisfied, then Theorem 1 is applicable
with L and F given as in (2.15) and (2.18), respectively. We call those functions,
the Expected Moreau Envelopes. 1t is apparent from Theorem 1 that they play a
key role in determining the error performance of the corresponding M-estimators.
Moreover, they possess two key features, namely, smoothness and strict convexity;

we elaborate on these here.
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Lemma 3 (Smoothness) Suppose € is a closed proper convex function and pz a

noise density such that (2.14) holds. Then, the function L(c,7) :=E [e¢ (¢cG + Z,7) — {(Z)]
is differentiable in R X R with

6_L
oc

oL 1
=E|e;(cG+Z;71)G| and y :—EE[(e} (CG+Z;T))2] )
T
Note that L is smooth, regardless of any non-smoothness of €. This is a well-
known fact about Moreau envelope approximations, and also, one of the primal
reasons behind the important role those functions play in convex analysis [136].
The property is naturally inherited to the Expected Moreau envelopes as revealed

by the lemma above.

Lemma 4 (Strict Convexity) Suppose { is a closed proper convex function and p z
a noise density such that (2.14) holds and the following are satisfied:

1. Either there exists x € R at which € is not differentiable, or, there exists

interval I C R where € is differentiable with a strictly increasing derivative,

2. Var(Z) # 0 3, and, at each 7 € R, pz(z) is either a Dirac delta function or it

is continuous.
Then, L(c,7) :=E[e¢ (cG + Z,1) — €(Z)] is jointly strictly convex in Rsg X Rs.

Remark 1 The function L is strictly convex, without requiring any strong or strict
convexity assumption on {. Interestingly, this property is not in general true for
Moreau envelope approximations, but, it turns out to be the case for the Expected
Moreau envelope L. The fact that the latter further involves taking an expectation
over cG + Z, with G having a nonzero density on the entire real line, turns out to be

critical.

We are now ready to state our main result of this section which characterizes the
squared error of separable M-estimators. This is essentially a corollary of Theorem
1.

>We require that there exist at least two values of z € R for which p(z) > 0. In particular, there
is no requirement that Var(Z) be defined, e.g. Cauchy distribution is allowed.
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Theorem 2 Suppose € and pz satisfy (2.14), and, the two conditions of Lemma 4.
Further assume that f, p, satisfy (2.16) and (2.17). Let B be any minimizer of the
separable M-estimator, and consider the problem in (2.8) with L and F given as in
(2.15) and (2.18), respectively. If the solution to the (2.8) is unique and bounded,
then it holds in probability that

R A
Jim 118~ folly = o .

where ay is the solution to the system of equations in (2.19), in 4 unknowns a,y, v, k.

As a system of nonlinear equations

Theorem 2 predicts the error of the M-estimator as the optimizer a, to a convex-
concave optimization problem with four optimization variables. Equivalently, @,
can be expressed via the first-order optimality conditions (stationary equations)
corresponding to this optimization. Recall from Lemma 3 that L and F are differ-
entiable (irrespective of smoothness of ¢ and f). The solution to the (2.8) can be
derived by taking derivative of the objective function of (2.8). This results in the

following system of non-linear equations.

2
1 A
(— : }(ZH+X0; —) _ ZH)
)4 4 )4 )4

< y?=6-E [(e}(aG +Z, K))z] ,

o’ =E

2

(2.19)
vazé-E[e}(aG+Z,K)-G] ,

1 1
Ky:%—;~E[e}(%H+XO;;)~H .

’

f
to their first argument.

Here, ¢/, and e;, denote the first derivatives of the Moureau envelopes with respect

Remark 2 The system of equations in (2.19) can be easily reformulated in terms of

the proximal operator of f and €, using

, 1
e[()(’ T) = ;(X — Prox, (X’T))’

and similar for f (see Lemma 40(iii)). In the case of additional smoothness as-
sumptions on the loss function and/or the regularizer, further reformulations are
possible. For example, if € is two times differentiable, then using Stein’s formula for

Normal random variables we can make the following substitution in (2.19):

Ele;(aG+Z,k)-G| =a-El[e](aG+Z,x)], (2.20)
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where the double-prime superscript denotes the second derivative with respect to
the first argument. Such reformulations, are often convenient for analysis purposes;

see for example Remark 6.

Remark 3 The system of equations in (2.19) comprises of four nonlinear equations
in four unknowns. Setting t = («, B, v, k) for the vector of unknowns, the system of
equations in (2.19) can be written as t = S(t), for appropriately defined S : R* — R*.
We have empirically observed that a simple recursion ty; = S(tx),k = 0,1,...
converges to a solution t, satisfying t. = S(t.). This observation is particularly
useful since it allows for efficient numerical experimentations, cf. Section 2.1. It
is certainly an interesting and practically useful subject of future work to identify
analytic conditions under which such simple recursive schemes provide efficient

means of solving (2.19).

Remark 4 The results of this section extend naturally, and without any extra effort,
to the case of “block-seperable"” loss functions and/or regularizers. A popular
example that falls in this category is € »-regularization, which is typically used for
the recovery of block-sparse signals. In such a case f(x) = Z;’Zl II[x]i]l2, where
[X]i = [X(=1)r1s X(i=1)1425 - - -2 X(i=1)e4e), £ = 1,..., b is the i block of x. Here, b
is the number of blocks and t is the length of each block. In the proportional high-
dimensional regime, one would assume b growing linearly with p with a constant
ratio of 1/t.

Next, we explore some popular examples, where we can apply Theorem 2.

No Regularization

Consider an M-estimator without regularization, i.e.,
B = argmﬂian(yi —X]T.ﬁj). (2.21)
j=1
For simplicity, we consider z; i pz and a separable loss function. Assuming that £
and p satisfy the assumptions of Theorem 2, and, noting that f =0 = F(c,7) =
0, the squared error of (2.21) is predicted by the minimizer a.. of the following (SPO)
problem

T, T,
inf sup % +oL(a, %) —ay, (2.22)

a>0
7g>0 720 Y
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where we have performed the (straightforward) optimization over 7,: infz, 50 %‘ +

,yZ

21y

conditions of (2.22). In particular, the stationary equations (see (2.19)) simplify in

= y. We may equivalently express a, as the solution to the first-order optimality

this case to the following system of two equations in two unknowns:

2 _ 5.2 ! ?
a” =6k°E [(ef(aG +Z,K)) ] ’ (2.23)
a:§K.E[e2(aG+Z,K)'G]‘

Starting from (2.23), some interesting conclusions can be drawn regarding the per-
formance of M-estimators without regularization, which we gather in the following

remarks.

Remark 5 It follows from (2.23) that in the absence of regularization, it is required
that the number of measurements n is at least as large as the dimension of the
ambient space p (6 > 1), in order for the recovery to be stable, i.e. the error
be finite. To see this, assume stable recovery, then there exists (a., k.) satisfying
(2.23). Starting from the second equation, applying the Cauchy-Schwarz inequality
and substituting back the first equation we find:

o8

V.
=61 (2.24)

@, = 0k, - B [e’f(a*G +7Z,Ks) - G] < 8k, - \/E

(e’f(a*G +Z, K*))z)] = 0K

Remark 6 Assume e, is two times differentiable (e.g., this is the case if € is two
times differentiable). Then, applying Stein’s formula (2.20), a simple rearrangement
of (2.23) shows that

, 1 E [(eé(a/*G +Z, K*))z]
=2

= (2.25)

(E le/(a.G + 2, K*)])z'

The formula above coincides with the corresponding expression in [56], but the
latter requires additional smoothness and strong-convexity assumptions on £, which
are not necessary for (2.23) to hold. The proof of [56] is based on the AMP
framework [62].

Remark 7 The simplest instance of the general M-estimator is the Least-squares,

ie. B:= ming ||y — Xg ||§. Of course, in this case, 8 has a closed form expression
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which can be directly used to predict the error behavior [170]. However, for
illustration purposes, we show how the same result can be also obtained from
(2.23). This is also one of the few cases where a.. can be expressed in closed form.

jid 2

Assume 6 > 1 and z; v pz with bounded second moment, i.e. 0 < EZ? = 02 < .

Then, it can be readily checked that all assumptions hold for %(')2, p.. Also,

e’%(.)z(/y; T) = IX? and e’%’(.)2 (x;7) = ﬁ Solving for the second equation in (2.23)
gives Ky = ﬁ. Substituting this into the first, we recover the well-known formula
1
2 2
=0"—. 2.26
@l =0’ — (2.26)

Ridge Regularization

A popular regularizer in the machine learning and statistics literature is the ridge

regularizer (also known as Tikhonov regularizer), i.e.

1115
-

n
B = argn}gian(yj —x]T-Bj) + A (2.27)
j=1

We specialize Theorem 1 to that case. For simplicity, we assume a separable loss

. iid iid
function, and, z; ~ pz and Bo; ~ px.

We will apply Theorem 2. Suppose that ¢ satisfies the assumptions. Also, assume
EB: = 0'[% < co. Then, for f = ()2, it is easily verified that E[(f"(cH + fo))?] =
E[(cH + Bo)?] < co. Hence, the squared-error of (2.27) is predicted by «,, the

unique solution to (2.19) with

. cz+0'§ ,
(C,T)—m—(fﬁ.

The first-order optimality conditions (see (2.19)) of this problem simplify after some

algebra to the following two equations in two unknowns:

2 2 ’ 2 222
a- =0k -Ele,(aG+Z,k)" |+ A°k“03,
{ [e2( 7] £ (2.28)

a (1 - k) =6k -E|ej(aG +Z,k) - G].

Remark 8 Assume prox, (x; 7) is two times differentiable with respect to c (e.g., this
is the case if € is two times differentiable), and write prox,(x, T) for the derivative
with respect to x. Applying (2.20), a simple rearrangement of (2.28) yields the
following equivalent system of equations

6 —1+xd=6"E [prox;(aG + Z;x)],

(2.29)
a? = 6B [(aG +Z — prox,(aG + Z; K))z] + /12K20'§.
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The formula above coincides with the corresponding expression in [95, Thm. 2.1]6.
The result in [95] requires additional smoothness assumptions on €. Qur result
holds under relaxed assumptions and has been derived as a corollary of Theorem
1. On the other hand, [95, Thm. 2.1] is shown to be true for design matrices X with

iid entries beyond Gaussian, e.g. sub-Gaussian.

Remark 9 Consider a least-squares loss function where {(x) = %xz and a noise

distribution of variance EZ* = a’z2 < oo. Then prox, (x; 1) =

L

T and prox;(x; ) =

—. Substituting in (2.29) gives

1+7°
0
l—Kﬂ=1:,
K
2 K > 2 22 2 (2.30)
1-6- =6- +A .
@( T2 " O Wanp e TAK %

Now, we can solve these to get the following closed form expression for a*:

2 K 2 2 2 K -
a” = 6-(1+K)2-o-z+/l O'ﬁK)'(l—é'(1+K)2) , (2.31)

where

1-6-2++(1-6-2)2+42
K= 1 .
Observe that letting A — 0 (which would correspond to ordinary least-squares)

(2.32)

and assuming 6 > 1, « in (2.32) approaches 1/(5 — 1) and the optimal o in (2.31)
becomes 0'22 /(6 — 1), which agrees with (2.26), as expected.

Remark 10 Let a Gaussian input distribution By N (0, 1) and any noise dis-

tribution of power EZ* = 0'12 < oo, We show that a ridge-regularized M-estimator

with a least-squares loss function and optimally tuned A achieves asymptotically the

Minimum Mean-Squared Error (MMSE) of estimating By from'y = X[ + Z.

First, we use the results of Remark 9 to calculate the achieved error of the M-

estimator optimized over the values of the regularizer parameter:

1 4
0, ;= inf lim —||3 —,80||§ = inf {a/Z(K(/l),/l) as in (2.31) | k() satisfies (2.32)} .
A>0p—c p 1>0

(2.33)

®In comparing (2.29) to [95, Eqn. (4)], due to some differences in normalizations the following
“dictionary" needs to be used to match the results: @ < 7,(k), k © c,(k),67'd & Tand 67! & «.
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The optimization over A is possible as follows. From (2.30), we find

kK \2 (11— kA)?
i) =5 (39
Substituting this in (2.31), and denoting B = kA, gives
2 L o2(1 - B)2
2_Op +o (1-p) (2.35)

6= (1-p)>

Minimizing * over 1 > 0 in (2.33) is equivalent to minimizing the fraction above
over 0 < B < 1, since there always exist k, A satisfying B = kA and (2.34). Thus,
performing the optimization over 0 < < 1 in (2.35) we find

Oy =

(1 _ o2 —s+4/1 —6)2+20'2(6+1)+0'4). (2.36)

| =

To complete the proof of the claim, we combine this with [196, Thm. 8, Eqn. (56)],
where it is shown that the MMSE is given by the same expression as in the right-hand

side above.

Cone-constrained M-estimators

Constrained M-estimators solve
n
5 ) T
B =arg %2821 t(y; - xLB), 2.37)
j:

for some set 5 € C. The role of the regularizer in (2.10) is played here by the
constraint 8 € C. In particular, it is common that C takes the form C = {# | g(B) <
g(Bo)}, i.e., it is chosen as the set of descent directions of some convex function
g. In this setting, B is assumed to be a structured signal (e.g. sparse, low-rank)
and g is chosen to promote the particular structure (e.g. £;-norm, nuclear-norm)
[40, 73, 129, 133]. Of course, such a formulation assumes prior knowledge of the
value of g at By. Also, in this case, there exists by Lagrangian duality a value of 4

for which the regularized M-estimator with f(x) = g(x) is equivalent to (2.37).

A relaxation that is often undertaken to facilitate the analysis of (2.37) involves
substituting C by its conic hull, which is also known as the tangent cone of g at 5y
(e.g. [40]). We call the resulting program, a cone-constrained M-estimator. For
the special case of an £,-loss function, the squared error performance of constrained

M-estimators has been previously considered in [129, 154] (also, see Remark 12
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below). The analysis was performed in the high-SNR regime, where noise variance
approaches zero. In this regime it was shown that the conic-relaxation above is
exact. In this section, we analyze the error performance of cone-constrained M-
estimators with general loss functions and derive some interesting conclusions.
Before proceeding further, observe that (2.37) is an instance of (2.10) with a non-
separable regularizer; hence, it also serves to showcase the applicability of Theorem

1 to such settings.

Consider solving (2.37) with

C=K+po:={1h|120,g(Bo+h) < g(Bo)}+Bo

and g a proper, closed, convex function. Here, K is the tangent cone of g at 8y, and
is assumed fixed. The constrained minimization above can be written in the general
form of regularized M-estimators in (2.10)LASSO by choosing the regularizer to
be the indicator function for the cone, i.e. f(8) = dgec}. Let Distc(v), denote the

distance of a vector v to a set C. We have,

1 . 2 I . 2 c? )
€5pec) (ch+ foi7) = — ,oin, lleh = v]ly = 5—Disty(ch) = ~—Disty(h).
In the last equality above we have used the homogeneity of the cone K. Let K°

denote the polar cone of K, and,
Dy :=E [Disty.. (h)] = E [||h]|5 - Dist;.(h)] .

This quantity is known as the statistical dimension [6] of the cone K, or, as the
Gaussian distance squared [129]. It can be though of as a measure of the size of the
cone, and also, it is very closely related to the gaussian width of K[6]. We assume
that

D —

This translates to an assumption on the degrees of freedom of the structured signal 5
being proportional to its dimension. For example, for a k-sparse By and g(8) = ||8]l1,
(2.38) is satisfied for k = pp, p € (0, 1).

With (2.38), Assumption 1(a) holds with F(c,7) = %(1 — Dy). For this, it is
straightforward to check that Assumption 1(b) is also satisfied. Overall, if ¢, pz
satisfy the conditions of Theorem 2 and g, By are such that (2.38) holds, then
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Theorem 1 applies, and the squared error of the cone-constrained M-estimator in

(2.37) is predicted by the unique minimizer a. of the (SPO) problem below:

inf sup 8 +6-E[e (aG +Zi1/y) - £(Z)] - ay/Dx. (2.39)
(Z>% 7>O

Compared to (2.8) (which involves six optimization variables), we have performed
=2

. o . D -
the (straightforward) optimization over 7: inf, 0 3 + 721,,7( =yDy.

Remark 11 Starting from (2.39) we can conclude on the minimum number of mea-
surements required for stable recovery. We show that the normalized number of
measurements 6§ need to be at least as large as Dy, in order for the error to be finite.
This is to be compared with the case where no regularization is used that required
o0=>1> 57( (see Remark 5). To prove the claim, assume finite error, then the value

where it converges is predicted by (2.39). Standard first-order optimality conditions

give”
5
y- B [(eg(aG +Z:70/)) ] (2.40a)
0E[e,(aG + Z;74/y) - G] —y+/Dg >0 (2.40b)
S
S 2_7 |(€/(aG +Z:7/7))*| - ey Dic (2.40¢)

Starting from the second equation, applying the Cauchy-Schwarz inequality and

substituting back the first equation we conclude as follows:

y\/Dx < 6Elec(aG +Z;7,/y) - G] < 5\/E[(e;,(ac; + 7 Tg/y))z] < 5% — 5> Dx.

(2.41)

Remark 12 Consider a least-squares loss function and a noise distribution of vari-

ance BEZ? = o2

< oo. Then, the solution to (2.39) admits an insightful closed form
expression. First, in (2.39) perform the optimization over 7. Equating (2.40a) to 0,

gives Tg = VoVa? + o2 — y. Substituting this in (2.39), we are left to solve for

inf sup y (\/_\/az +02 - a\/Dq() - =

a/> 7>0

7 The three equations in (2.40) correspond to differentiation of the objective of (2.39) with respect
to 7, and vy, respectively. If any of the variables is zero at the optimal, then, the corresponding
equation holding with an inequality is necessary and sufficient. On the other hand, if the optimal is
strictly positive, then the equation should hold with equality.
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It can be easily checked that if § > Dy, then the optimal a, is

D
CL'ZZO'2 E .
§ — Dy

(2.42)

It is insightful to compare this with (2.26), the corresponding error formula for
least-suares: the only difference is that 1 is substituted with the statistical dimension
Dy. Also, verifying the conclusion of the previous remark, we now require § > D
instead of 6 > 1, implying that recovery is in general possible with less measurements

than the dimension of the signal.

The result in (2.42) was first proved for €i-regularization in [154], and, was later
generalized in [129, 169] (also, [170]). In contrast to the lengthy treatments in

those references, the result was derived here as a simple corollary of Theorem 1.

Remark 13 In (2.40b) apply Stein’s inequality and combine it with (2.40a) to yield

Dy v2/5 N Dy B [(62(@G+Z;Tg/)’))2]
0 E[e}’(a/G+Z;Tg/7)] 0 E[GZ(GG‘FZ;Tg/?’)]

2>

. (2.43)

For the first inequality above, we have assumed that at the optimal, B [eg(aG + 72574/ 7)] <
oo, When this holds, (see Remark 14 for an instance where this is not the case) we
can use the above to lower bound the error performance in terms of the Fisher
information of the noise. Based on a result of [109], Donoho and Montanari prove
in [56, Lem. 3.4,3.5] that the right-hand side in (2.43) is further lower bounded by
[(Z2)](1+a?1(Z)), where I(Z) = E (a% log pz(z))2 denotes the Fisher information
of the random variable Z, which is assumed to have a differentiable density. Using

this and solving for o, we conclude with

a/zz DE L
5§ — Dy 1(Z)

(2.44)

2 we have 1/1(Z) = o2. In this case the lower

For Gaussian noise of variance o
bound in (2.44) coincides with the error formula of the least-squares loss function,

thus proving optimality of the latter.

Remark 14 The lower bound in (2.44) only holds if the optimal a. in (2.39) is
strictly positive. This is not always the case: under circumstances, it is possible

to choose the loss function such that the resulting cone-constrained M-estimator is
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consistent, i.e. a, = 0. Theorem 1 is the starting point to identifying such interesting

scenarios.

Here, we illustrate this through an example: we assume a sparse gaussian-noise
model and use a Least Absolute Deviations (LAD) loss function. More precisely,
pz(Z) =560(Z) + (1 — E)\/% exp(=Z2/2),5 € (0,1) and £(v) = |v|. In Section .3

we prove that when s, 6 and 5« are such that

8> Dy + min S(1+k2) + (6 - 5)\/%/00(G — k)2 exp(-G2/2)dG }, (2.45)

then the first-order optimality conditions in (2.40) are satisfied for « — 0,7, — 0
and some y > 0. Thus, when the number of measurements is large enough such that

(2.45) holds, then a. =0, and, By is perfectly recovered$.

Generalized LASSO
The generalized LASSO solves

" 1
B = argmin Zly - XBI3 + £ (B). (2.46)

For simplicity, suppose that f is separable and satisfies the assumptions of Theorem
2. Also, assume z; id pz such that 0 < EZ? =: 02 < oo. Then, for £ = %(-)2,
it is easily verified that E[(¢/(cG + Z))*] = E[(¢G + Z)?] < co. Hence, the
squared-error of (2.46) is predicted by a., the unique solution to the (2.19) with

2 2
L(c,7) = 26(:51) - o2,

Equivalently, the error is predicted by the solution to the stationary equations in
(2.19) with ¢, o (v;7) = 2. The second and third equations in (2.19) give
L

I+71

72(1 + K)2 = 5(0/2 + 0'2),

v(l+«)=06.

8 In the context that it appears here, the perfect recovery condition in (2.45) has been shown
previously in [167]. The problem is very closely related to the demixing problem in which one aims
to extract two (or more) constituents from a mixture of structured vectors [112]. In that context,
recovery conditions like the one in (2.45) have been generalized to other kinds of structures beyond
sparsity [73, 112, 113]. Our purpose here has been to illustrate how Theorem 1 can be used to
derive such results. Besides, the generality of the paper’s setup offers the potential to extend such
consistency-type results beyond cone-constrained M-estimators and beyond fixed signals By. This is
an interesting direction for future research.
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Solving these for « and v, and substituting them in the remaining two equations

results in the following system of two nonlinear equations in two unknowns

s =3 (2 (S5 05) -

(2.47)
y(1 = 6) +72 \/‘/—_—AE[ (‘/"\/_TH+,8 /1\/2\‘/”_—‘7) H]

For the special case of ¢;-regularization, the result above was proved by Bayati and
Montanari [18] using the AMP framework. In the generality presented here, the

result appears to be novel.

Remark 15 An interesting observation from (2.47) is that the generalized LASSO

cannot achieve perfect recovery, irrespective of the choice of the regularizer function.
2
To see this, the first equation in (2.47) for « = 0 gives E [( ( H + So, ”6) - H) ] =

0. Then, it must hold, almost surely, that the argument under the expectation sign
be equal to zero. Evaluating the derivative of the envelope function, this becomes
equivalent to By = Prox ( \/_H + BO, ) This, when combined with the optimality
conditions for the Moreau envelope glves that almost surely \/_H € 0f(Bo). Thus,
we have reached a contradiction because H can take any real value as a Gaussian

random variable.

Square-root LASSO
The (Generalized) Square-root LASSO (also known as £,-LASSO [129]) solves®

p = arg min Volly = XBlla + Af(B). (2.48)

In contrast to the other examples in this section, the square-root LASSO is an
instance of (2.10) with a non-separable loss function. Observe the normalization of
the loss function with a /p-factor. This is to make the loss function of the same

order as the regularizer.

One can show that when L(v) = y/p||vll> and z ~ p, with E [||z||?/n] = o? €
(0, 00), then Assumption 1(a) holds with

(Vo2 +0?-0) - % Lif VoVa?+o2 > 1,
L(a,7) = f (2.49)
(a +0d) - <L , otherwise.

\/3

9We refer the interested reader to [22, 129, 169] for a discussion on the similarities and differences
between (2.48) and the Generalized LASSO in (2.46).
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Also, Assumption 1(b) is trivially satisfied. Thus, considering any regularizer that
satisfies Assumptions 1(b), Theorem 1 applies, and predicts the squared error of

(2.48) as the unique minimizer «. to the following optimization:

at,  ay? ay ad )/\/EVCL’Z +0? ify<l1
inf sup ———-——"—+A-F|—,— |+ )
@20 72% 2 2 Th Th VoVa? + 02, otherwise
Th>

(2.50)

To arrive to (2.50) starting from (2.8), we have replaced L with (2.49) and have

performed the minimization over 7, as shown below:

2
. VTg +\/_‘/a2+0'2 Lif 8(a? +0?) > :/—g BVoVa2 +o0? ify <1
ln = .
7420 (a +o?)+ 2 , otherwise. VéVa?+a? ,otherwise

(2.51)

The optimization in (2.51) can be simplified one step further. One can easily show
that —5%- -+ AF (ay ”’l) is a non-increasing function of y for y > 0. Therefore, the

(SPO) becomes equivalent to the following

' pl
inf sup yVova?+o? - m’ _ . F(CW ¢ ) (2.52)

@20 <y<i 27y, Th T
7, >0

The fact that the optimization in (2.52) predicts the squared error of (2.48), has been
recently shown by the authors in [164]. That work only considers the square-root
LASSO™, while here, we have (re)-derived the result as a corollary of the general

Theorem 1.

Heavy-tails

In this section, we investigate instances where the noise distribution has unbounded
moments. In the presence of (say) heavy-tailed noise, it is a common practice to use
a loss function that grows to infinity no faster than linearly. This is also suggested by

Assumption 1(a) (cf. (2.16) for the separable case), as has already been discussed.

For a mere illustration, we assume z i Cauchy(0, 1) and consider two examples of

loss functions for which we show that Theorem 1 is applicable.

10Note however, that [164] considers a more general measurement model than the one of the
current paper, one that allows for nonlinearities.
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LAD

As a first example, consider the regularized-LAD estimator:
p = argmin|ly - XBli + 1/ (B)- (2.53)
The loss function is separable, with £(v) = |v|. Easily, for all c € R

E [I€6.(cG + Z)|*] = E [Isign(cG + Z2)|*] =1 < oo,

satisfying the assumption in (2.14). Also, EZ? is undefined, but, sup,, % =1 < oo,

thus, (2.16) holds. Finally, | - | is not differentiable at zero satisfying the conditions
of Lemma 4. With these, Theorem 2 is applicable.

Huber-loss

The Huber-loss function with parameter p > 0 is defined as

2 vl < p,
hp(v) =

(2.54)
plv] — %2 , otherwise.

Consider a regularized M-estimator with £(v) = h,(v). We show here that this

choice satisfies the Assumptions of Theorem 2. Indeed, for all c € R

E[l16,(cG+2)*] <E[lcG+Z||1cG+Z| < p| +E[p]|1cG +Z| > p| < oo,
(2.55)

satisfying the assumption in (2.14). Also, sup, % = p < oo, thus, (2.16) holds. Fi-
nally, A, is differentiable with a strictly increasing derivative in the interval [—p, p].
With these, Theorem 2 is applicable. Figure 2.3 illustrates the validity of the

prediction via numerical simulations.

Numerical Simulations

We have performed a few numerical simulations on specific instances of M-estimators
that were previously discussed in Section 2.1. Their purpose is to illustrate the valid-
ity of the prediction of Theorem 1, and of the remarks that followed as a consequence
of it.

Figure 2.1 . We consider the regularized LAD estimator of (2.53) under an iid
sparse-Gaussian noise model. The unknown signal is also considered sparse, which
leads to the natural choice of ¢; regularization, i.e. f(B8) = ||B|l;. Apart from the
very close agreement of the theoretical prediction of Theorem 1 to the simulated

data, the following facts are worth observing.



33

o Gaussian
o Bernoulli 0 &
Theory

09

0.8

0.7

DN 06t

Xo

| 05F
Nad
—1=04F

03

02

01

o o o b oo oo 0

1 15

A

Figure 2.1: Squared error of the /1 -Regularized LAD with Gaussian (o) and Bernoulli ((J) measure-
ments as a function of the regularizer parameter A for two different values of the normalized number

of measurements, namely ¢ = 0.7 and § = 1.2. Also, Bo; i Px(x) =0.960(x) +0.1¢(x)/V0.1 and
zZj id pz(2) =0.760(2) + 0.3¢(z) for ¢(x) = ﬁe‘xz/z. For the simulations, we used p = 768 and

the data were averaged over 5 independent realizations.
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Figure 2.2: Comparing the squared error of the ¢;-Regularized LAD with the corresponding error
of the LASSO. Both are plotted as functions of the regularizer parameter A, for two different values
of the normalized measurements, namely 6 = 0.7 and 6 = 1.2. The noise and signal are iid sparse-
Gaussian as follows: B ; i P(x) =0.960(x) +0.1¢(x)/V0.1 and zj ~ pz(z) =0.960(z) +0.1¢(z)
with ¢(x) = V%e‘xz/ 2. For the simulations, we used p = 768 and the data were averaged over 5
independent realizations.
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Figure 2.3: Squared error of the {;-Regularized M-Estimator with Huber-loss as a function
of the regularizer parameter 4. Here, 6 = 0.7, By i Px(x) = 0.96p(x) + 0.1¢(x)/

pz(2) =0.96(z) +0.1n(z) with ¢(x) = ﬁe’xz/z and n(z) = ﬁ For the simulations, we used
p = 1024 and the data are averaged over 5 independent realizations.
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Figure 2.4: Squared error of the ¢ »-Regularized Lasso for group sparse signal composed of 512
blocks of size 3 each, as a function of the regularizer parameter 2. Here, 6 = 0.75, each block is

zero with probability 0.95, otherwise its entries are i.i.d. N(0,1) and z; i pz(2) = 0.3¢(z) with

o(x) = ﬁe’xz/ 2. The simulations are averaged over 10 independent realizations.
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- When the number of measurements n gets large enough, then, for an appro-
priate range of values of the regularizer parameter, the estimator is consistent,
i.e. the unknown signal S is perfectly recovered. This is relevant to Remark
14 where we proved this to be the case for the closely related cone-constrained
LAD estimator. For that, we were able to quantify how large n should be as a

function of the sparsities of the noise and of the signal, see (2.45).

- The prediction of Theorem 1 remains accurate when the measurement matrix
has entries iid Bernoulli ({£1}). This suggests that the error behavior (at least

of this specific instant of M-estimator) undergoes some universality properties.

Figure 2.2 . The model for both the noise and for the unknown signal here is the
same as in Figure 2.1, i.e. both are iid sparse. We use ¢;-regularization, and, two
different loss functions, namely, a least-absolute-deviations one and a least-squares
one, corresponding to a LAD and a LASSO estimator, respectively. The figure aims
to compare the performance of the two. Intuition suggests that the LAD is more
appropriate for a sparse noise model, since ¢; promotes sparsity. This is indeed the
case, in the sense that for good choices of the regularizer parameter A, the LAD
outperforms by far the LASSO. However, it is worth observing that for a different
and relatively big range of values of A, the LASSO performs better. This indicates
the importance of the correct tuning of the regularizer parameter, to which the

predictions of Theorem 1 can offer valuable guidelines and insights.

Figure 2.3 . For this figure, we have assumed an ¢;-regularized estimator with
Huber-loss ¢(v) = hy(v) (see (2.54)). The noise is iid Cauchy(0, 1). In Section 2.1
it was shown that all the assumptions of Theorem 2 are satisfied in this setting. The
figure, validates the prediction. To obtain the prediction we numerically solved the
corresponding system of nonlinear equations (see (2.19)) using the efficient iterative

scheme described in Remark 3.

Figure 2.4 . We include this as an example of an M-estimator with non-separable
loss function. For the plot, we use the square-root LASSO with ¢} »-regularization.

The analytical prediction was derived solving (2.52).

2.2 BER Analysis of the Box Relaxation for BPSK Signal Recovery

The problem of recovering an unknown BPSK vector from a set of noise corrupted
linearly related measurements arises in numerous applications, such as Massive
MIMO [41, 121, 126, 193]. As aresult, a large host of exact and heuristic optimiza-
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tion algorithms have been proposed. Exact algorithms, such as sphere decoding
and its variants, become computationally prohibitive as the problem dimension
grows. Heuristic algorithms such as zero-forcing, MMSE, decision-feedback, etc.,
[71, 81, 83] have inferior performances that are often difficult to precisely charac-
terize. One popular heuristic is the so called "Box Relaxation" which replaces the
discrete set {+1}" with the convex set [—1, 1] [108, 162, 198]. This allows one to
recover the signal via convex optimization followed by hard thresholding. Despite
its popularity, very little is known about the performance of this method. In this
section, we exactly characterize its bit-wise error probability in the regime of large

dimensions and under Gaussian assumptions.

Setup
Our goal is to recover an n-dimensional BPSK vector xg € {+1}" from the noisy
multiple-input multiple output (MIMO) relationy = Axg+z € R”, where A € R™*"
is the MIMO channel matrix (assumed to be known) and z € R™ is the noise vector.
We assume that A has entries iid NV (0, 1/n) and z has entries iid NV (0, 0?). The
normalization is such that the reciprocal of the noise variance o>

Signal-to-Noise Ratio, i.e. SNR =1 /0'2.

is equal to the

Our goal is to recover an n-dimensional BPSK vector xg € {+1}""! from the noisy
multiple-input multiple output (MIMO) relationy = Axp+z € R™, where A € R"™*"
is the MIMO channel matrix (assumed to be known) and z € R™ is the noise vector.
We assume that A has entries iid NV(0, 1/n) and z has entries iid N (0, c?). The
normalization is such that the reciprocal of the noise variance o2

Signal-to-Noise Ratio, i.e. SNR = 1/o2.

is equal to the

The Maximum-Likelihood (ML) decoder. The ML decoder which maximizes the
probability of error (assuming the X ; are equally likely) is given by minye 41y [ly —
Ax||;. Solving the above, is often computationally intractable, especially when n is

large, and therefore a variety of heuristics have been proposed (zero-forcing, mmse,
decision-feedback, etc.) [185].

Box Relaxation Optimization. The heuristic we shall use, we refer to it as Box
Relaxation Optimization (BRO). It consists of two steps. The first one involves
solving a convex relaxation of the ML algorithm, where x € {+1}" is relaxed to

x € [—1, 1]". The output of the optimization is hard-thresholded in the second step

HFor this sectoin, we are going to use the conventional notations in communications for consis-
tency with related works. In these works, the dimension of the unknown signal is n (instead of p),
while the number of measuements is m (instead of n)
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to produce the final binary estimate. Formally, the algorithm outputs an estimate x*

of x given as

X =arg lmm ly — Ax]l,

x" = sign(X), (2.56)

where the sign function returns the sign of its input and acts element-wise on input

vectors.

Bit error probability. We evaluate the performance of the detection algorithm by
the bit error probability P,, defined as the expectation of the Bit Error Rate BER .
Formally,

1 n
BER := - Z Lxt 30,1} (2.57a)

P, :=E[BER] ZPr X! # X0,) - (2.57b)

Our main result analyzes the P, of the BRO in (2.56). We assume a large-system
limit where m,n — oo at a proportional rate 6. The SNR is assumed constant; in
particular, it does not scale with n. Let Q(-) denote the Q-function associated with

the standard normal density p (/) = \/l_ﬂ e 112,

Theorem 3 (P, of the BRO) Let P, denote the bit error probability of the detection
scheme in (2.56) for some fixed but unknown BPSK signal Xy € {£1}". For constant
SNR and 2 — § € (3, ), it holds:

llm Pe = Q(I/T*)a

where 7, is the unique solution to

) 2
1/SNR 2
min %((5— —) + /27' - %L (h+;) p(h) dh. (2.58)

Theorem 3 derives a precise formula for the bit error probability of the (BRO).
The formula involves solving a convex and deterministic minimization problem in
(2.58).
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Figure 2.5: BER Performance of the Boxed Relaxation: P, as a function of SNR for different
values of the ration 6 = [m/n]. The theoretical prediction follows from Theorem 3. For the
simulations, we used n = 512. The data are averages over 20 independent realizations of the channel
matrix and of the noise vector for each value of the SNR.

Computing 7... It can be shown that the objective function of (2.58) is strictly convex
when 6 > % When 6 < %, it is well known that even the noiseless box relaxation
fails [40]. (In fact, 6 = % is the recovery threshold for this convex relaxation.) Thus,
(2.58) has a unique solution 7,. Observe that the problem parameters 6 and SNR
appear explicitly in (2.58); naturally then 7. is indeed a function of those. The
minimization in (2.58) can be efficiently solved numerically. In addition, owing to
the strict convexity of the objective function, 7, can be equivalently expressed as the

unique solution to the corresponding first order optimality conditions.

Numerical illustration. Figure 2.5 illustrates the accuracy of the prediction of
Theorem 3. Note that although the theorem requires n — oo, the prediction is

already accurate for n ranging on a few hundreds.

P, athigh-SNR. It can be shown that when SNR > 1, thent, =1/ m .
This can be intuitively understood as follows: at high-SNR, we expect 7. to be going
to zero (correspondingly P, to be small). When this is the case, the last term in
(2.58) is negligible; then, 7. is the solution to min;~g 5 (6 - %) + 1 ;TNR which gives

the derided result. Hence, for SNR > 1,
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Figure 2.6: Biterror probability of the Box Relaxation Optimization (BRO) in (2.56) in comparison
to the Matched Filter Bound (MFB) for § = 0.7 (dashed lines) and 6 = 1 (solid lines). The red curves
follow the formula of Thm. 3, the green ones correspond to (2.59), and, P8 of (2.60) is in blue.

lim P, ~ O(+/(6 - 1/2) - SNR). (2.59)

In Figure 2.6 we have plotted this high-SNR expression for the log,q(P,) vs its
exact value as predicted by Theorem 3. It is interesting to observe that the former
is actually a very good approximation to the latter even for small practical values of
SNR. The range of SNR values for which the approximation is valid becomes larger
with increasing 6. Heuristically, for 6 > 0.7 the expression in (2.59) is a good proxy

for the true probability of error at practical SNR values.

Comparison to the matched filter bound. Theorem 3 gives us a handle on the P,
of BRO in (2.56) and therefore allows to evaluate its practical performance. Here,
we compare the performance to an idealistic case, where all n—1, but 1, bits of x( are
known to us. As is customary in the field, we refer to the bit error probability of this
case as the matched filter bound MFB and denote it by PM¥B_ The MFB corresponds
to the probability of error in detecting (say) Xo, € {1} from: ¥ = X ,a, +z, where

y=y- Z;.:ll Xp,;a; is assumed known, and, a; denotes the i'" column of A.

The ML estimate is just the sign of the projection of the vector ¥ to the direction of

a,. Without loss of generality assume that Xo, = 1. Then, the output of the matched
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filter becomes sign(X), where X = ||a,||*>+0%v, where v ~ N'(0, 1). Whenn — oo,

P
la,||> = 612 . Hence, with probability one,

lim PMFB = 1im P(X < 0) = Q(V6 - SNR). (2.60)

n—oo

A direct comparison of (2.60) to (2.59) shows that at high-SNR, the performance of
the BRO is 10log; ﬁ dB off that of the MFB. In particular, in the square case
(6 = 1), where the number of receive and transmit antennas are the same, the BRO
is 3 dB off the MFB. When the number of receive antennas is much larger, i.e. when

0 — oo, then the performance of the BRO approaches the MFB.

Next, we would like to apply our main Theorem 1 to binary classification problems.

2.3 Binary Classification

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 like-
lihood estimator provides an efficient estimate of the underlying parameter, i.e.,
an unbiased estimate with covariance matrix approaching the inverse of the Fisher
information [103, 183]. However, in most modern applications in data science, the
datasets often have a huge number of features, and therefore, the assumption % > 1
is not valid. Sur and Candes [37, 157, 159] have recently studied the performance
of the maximum likeliood 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 likelikehood 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 [30, 94, 182]). 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 orderwise
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.)

P
12We use — to denote convergence in probability with n — co.
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In this section, we study regularized logistic regression (RLR) for parameter es-
timation in high-dimensional logistic models. Inspired by recent advances in the
performance analysis of M-estimators for linear models [56, 66, 165], we precisely
characterize the assymptotic performance of the RLR estimate. Our characterization
is through a system of six nonlinear equations in six unknowns, through whose so-
lution 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 [157]. When the regularizer is quadratic in parame-
ters, the 6 equations also simplifies to 3. When the regularizer is the £; norm, which
corresponds to the popular sparse logistic regression [98, 99], our equations can be
expressed in terms of g-functions, and quantities such as the probability of correct
support recovery can be explicitly computed. Numerous numerical simulations val-
idate the theoretical findings across a range of problem settings. To the extent of
our knowledge, this is the first work that precisely characterizes the performance of

the regularized logistic regression in high dimensions.

Mathematical Setup

Consider the scenario when the observations y; are binary in the following form,

1 . T
b = +1 w.p. p(x; Bo) 2.61)

-1 wp. 1= p(xBo)
where p : R — [0, 1]. In practice, the function p is often unknown, but choices

like Hyperbolic tangent or tangent inverse functions are made for recovery of the

separating hyper plane Sy. In this case, the link function g is
g(x) =Sign(p(x) —€), , € ~Unif(0,1).

where € has a uniform distribution between 0 and 1. It’s not hard to check that the
output of the link function will be 1 with probability p(x), and —1 with probability
1 - p(x).

The performance of the convex estimator (2.2) has been analyzed for a wide variety
of loss functions and regularizers.

Schur et al. [158] analyzed this optimization for the case of logistic loss function,
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where there is no regularization function f. The logistic loss function is defined as

n

LXB.y) = Y ~log (ex"ﬁ + e—"fﬁ) +yixiB. (2.62)
i=1
It’s not hard to see that this loss function is the maximum likelihood estimator of 5

in model (2.61), where the function p is the Hyperbolic tangent function which is

eX

o(x) = (2.63)

eX+e*
Salehi et al. [143], analyzed the same problem for the regularized case in their work
using CGMT framework.

One interesting result that is not derived in these series of works is the performance
analysis of Support Vector Machine and the Perceptron method. In support vector

machine, the loss function for classification is define as
Lyyw(XB.y) = ) max (0,1 y; xB) . (2.64)
i=1
For the Perceptron method, the loss function is defined as

n
~£Perceptr0n(Xﬁa Y) = Z max (0, —Yi X;rﬁ) . (2.65)
i=1
Performance Analysis of Logistic Regression
Assume we have n samples from a logistic model with parameter §* € R”. Let
D = {(x;,y:)}, denote the set of samples (a.k.a. the training data), where for
i=1,2,...,n, Xx; € RP is the feature vector and the label y; € {0, 1} is a Bernouli

random variable with,

Ply; = 1|x;] = p'(x! ), for i=1,2,...,n, (2.66)

where p’(t) := % is the standard logistic function. The goal is to compute an
estimate for 8* from the training data 9. The maximum likelihood estimator, By,
is defined as,

n eyl(x;rﬁ)

n
BurL = arg/r}ré%)é 1—1[ Pg(yilxi) = arggé%’g 1_1[ L+ X8
i= 1=

- (2.67)
=argmin } p(x/ )~ yi(x{ B) .
i=1



43

Where p (1) := 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 3.

In many interesting settings the underlying parameter possesses cerain structure(s)
(sparse, low-rank, finite-alphabet, etc.). In order to exploit this structure we assume
f : RP — 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,

. 1 v Pl
peargmin [ p(xIB) = yix( ]+ f(B). (2.68)
i=1

BERP R
Here, 1 € R, is the regularization parameter that must be tuned properly. In this
section, 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 ,@ in terms of the ratio, 9, and the signal strength, x = % . For
our analysis we assume that the regularizer f(-) is separable, f(w) = 3.; f(w;), and

the data points are drawn independently from the Gaussian distribution, {x;}!" | b

N (0, I%Ip). We further assume that the entries of §* are drawn from a distribution
I1. 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.

As we will see in Theorem 4, 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 («, o, y, 0, 7, r).
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KZCL’ = E[ﬁ PI‘OX/lO.Tf(,) (O-T(Gﬁ + %Z))] ’

1
y = o E[Z Prox ., (07 (0B + %Z))] ;

Ka*+o*=E [Prox/lmf(.) (oT(0B + %Z))z] ,

\/_

2
Yy’ = ) E|p'(—kZ1) (kaZ) + 0 Zy — Prox,,() (kaZ; + O-ZZ))Z] ’

0y = =2 E[p" (=kZ)Prox, () (kaZ + 0Z5)] ,
y 20" (—kZy) |
)

1-—=E|
oT 1 +yp”(Prox, ) (kaZ) + 0Z)

(2.69)
Here Z,Z,, Z, are standard normal variables, and 8 ~ II, where Il denotes the
distribution on the entries of 8*. The following remarks provide some insights on

solving the nonlinear system.

Remark 16 (Proximal Operators) [t is worth noting that the equations in (2.69)
include the expectation of functionals of two proximal operators. The first three
equations are in terms of Prox j ., which can be computed explicitly for most widely
used regularizers. For instance, in {\-regularization, the proximal operator is the
well-known shrinkage function defined as n(x,t) := |§—|(|x| — t);. 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 17 (Numerical Evaluation) Define v := [, 0,7,0,1,r]" as the vector
of unknonws. The nonlinear system (2.69) can be reformulated as v = S(v) for a
properly defined S : RS — R®. We have empirically observed in our numerical
simulations that a fixed-point iterative method, vi+1 = S(v;), converges to v*, such
that v* = S(v¥).

We are now able to present our main result. Theorem 4 below describes the average
behavior of the entries of B the solution of the RLR. The derived expression is in
terms of the solution of the nonlinear system (2.69), denoted by (@, 7, ¥, 0,T,F).
An informal statement of our result is that as n — oo, the entries of ,@ converge as
follows,

B STBL2Z), for j=1,2,....p, (2.70)
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where Z is a standard normal random variable, and I : RZ — R is defined as,
= r
[(c,d) == Prox ;- 7, (57 (0c + %d)) : (2.71)

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 4 Consider the optimization program (2.68), where fori = 1,2,...,n,
X; has the multivariate Gaussian distribution N (0, %Ip), and y; = Ber(xiT,B*),
and the entries of B* are drawn independently from a distribution 1. Assume the
parameters 0, k, and A are such that the nonlinear system (2.69) has a unique
solution (&,7,%,0,7,7). Then, as p — oo, for any locally-Lipschitz3 function
¥Y:RXxR — R, we have,

15,
> > ¥ B) — E[¥(r(8.2).8)]. 2.72)
=1

where Z ~ N (0, 1), B ~ Il is independent of Z, and the function I'(-,-) is defined
in (2.71).

Correlation and variance of the RLR estimate

As the first application of Theorem 4 we compute common descriptive statistics of
the estimate 3. In the following corollaries, we establish that the parametrs @, and &
in (2.69) correspond to the correlation and the mean-squared error of the resulting

estimate.
N P
Corollary 1 As p — oo, W BB — @

Proof 1 Recall that ||8*||> = pk®. Applying Theorem 4 with ¥ (u,v) = uv gives,

RN r 1 L 7 )
||,3*||2'8 :@]Z] J '_)EE[ﬁProxﬁ&ff(.)(‘TT(eﬁ+%Z))]:

(2.73)

where the last equality is derived from the first equation in the nonlinear sys-

tem (2.69), along with the fact that (&, 7,7, 0, T, F) is a solution to this system.

3A function ® : R — R is said to be locally-Lipschitz if,

VM >0, ALy; > 0, such that Vx,y € [—M,+M]d o |d(x) - D(y)| < Lyllx-Yll-
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Corollary 1 states that upon centering 3 around a*, it becomes decorrelated from
B*. Therefore, we define a new estimate 3 := = and compute its mean-squared error

in the following corollary.

|Q

Corollary 2 As p — oo, L|If - p7|P 5 & .

Proof 2 We appeal to Theorem 4 with ¥ (u,v) = (u — av)?,

| | S R o _ o
SIB=BIP = 5 (ClIB-aBI) — ?E[(megﬁf(.)(U'T(Qﬁ"'%z))_aﬁ)z] ==

C_L’z
(2.74)
where the last equality is derived from the third equation in the nonlinear sys-
tem (2.69) together with the result of Corollary 1.

8}

In the next two sections, we investigate other properties of the estimate 4 under ¢,

and ¢, regularization.

RLR with £3-regularization

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 f%—regularization,

ie.,
. 1o Ty T 1G5,
B = argérelﬁrllj o [iél p(x; B) — yi(x; ,8)] + _2p ,-:EI Bi . (2.75)

To analyze (2.75), we use the result of Theorem 4. It can be shown that in the
nonlinear system (2.69), 6, T, ¥ can be derived explicitely 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,

Prox, 7, (x) = arg Iyneilél zlt(y -x)%+ %yz = 1L+t . (2.76)
This indicates that the proximal operator in this case is just a simple rescaling.
Substituting (2.76) in the nonlinear system (2.69), we can rewrite the first three

equations as follows,

(04
0=—,
vo
oy
T=—"7—"7"—,
(1= 07) (2.77)
g
r=——.
yVé
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Figure 2.7: The performance of the regularized logistic regression under 5% penalty (a) the

. - . _ N 2
correlation factor @ (b) the variance 52, and (c) the mean-squared error Il—)||,8 - B*||". The

dashed lines depict the theoretical result derived from Theorem 5, and the dots are the result
of empirical simulations. The empirical results is the average over 100 independent trials
with p =250 and k = 1.

Therefore we can state the following Theorem for Kg-regularization:

Theorem 5 Consider the optimization (2.75) with parameters k, 6, and vy, and the
same assumptions as in Theorem 4. As p — oo, for any locally-Lipschitz function

Y(.,-), the following convergence holds,
1 2 A — % * P —
5 2,V Bi=ap. ) — E[¥(FZ.)] (2.78)
j=1

where Z is standard normal, f ~ 1l, and &,& are the unique solutions to the

following nonlinear system of equations,

2
g_(s = E[p/(~kZ1) (kaZ\ + 0Zy = Prox, ) (xaZ) + 0Z))’] ,
a 144
~35 = E[p (=KkZ1)Prox, (. (Ka21 +O'Zz)] )
1=y = gl 2p'{~Z1) -
) 1 +yp”(Proxy, ) (kaZi + 0Z,))

(2.79)
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The proof is deferred to the Appendix. Theorem 5 states that upon centering the
estimate f3, it becomes decorrelated from S* and the distribution of the entries
approach a zero-mean Gaussian distribution with variance 5.

Figure 2.7 depicts the performance of the regularized estimate for different values of
A. As observed in the figure, increasing the value of A reduces the correlation factor
a (Figure 2.7a) and the variance a2 (Figure 2.7b). Figure 2.7c shows the mean-
squared-error of the estimate as a function of A . It indicates that for different values

of ¢ there exist an optimal value Ay that achieves the minimum mean-squared error.

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 [89]. Adding an ¢; penalty to the loss function is the most popular approach
for feature selection.
As a natural consequence of the result of Theorem 4, we study the performance
of RLR with ¢; regularizer (referred to as "sparse LR") and evaluate its success in
recovery of the sparse signals. In Section 2.3, 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,

N 1

B =arg min —
BERP N

n
A
> o B) = yi(xIB)] + =1l - (2.80)
i=1 p
In Section 2.3, we explicitly describe the expectations in the nonlinear system (2.69)
using two g-functions#. In Section 2.3, we analyze the support recovery in the
resulting estimate and show that the two g-functions represent the probability of on

and off support recovery.

Convergence behavior of sparse LR
For our analysis in this section, we assume each entry 87, fori = 1,.. ., p, is sampled

i.i.d. from a distribution,

¢(%)
M(B) = (1-5) - 5o(B) +5 - (——), 2.81)
\s
“The g-function is the tail distribution of the standard normal r.v. defined as, Q(t) :=

0o ,-x2/2
¢ dx
fl‘ V2m ’
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Figure 2.8: The performance of the regularized logistic regression under ¢; penalty (a) the
correlation factor @ (b) the variance 2, and (c) the mean-squared error %ll,@ - B |2. The
dashed lines are the theoretical result derived from Theorem 4, and the dots are the result

of empirical simulations. For the numerical simulations, the result is the average over 100
independent trials with p =250 and k = 1.

where s € (0, 1) is the sparsity factor, ¢(t) = e\_/tzz_: is the density of the standard
normal distribution, and d¢(-) is the Dirac delta function. In other words, entries
of B* 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 as, (x, t) = |§—| (x—1), . Therefore, we are able to explicitly compute
the expectations with respect to f(-) in the nonlinear system (2.69). To streamline
the representation, we define the following two proxies,

A A
t1=—2 22,l2=z-
Loy X Vo
N

(2.82)

In the next section, we provide an interpretation for ¢#; and t,. In particular, we will

show that Q(71), and Q(7,) are related to the probabilities of on and off support
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recovery. We can rewrite the first three equations in (2.69) as follows,

2L:9~Q(n>,
60"1'
_yzs.Q([1)+(1—S)-Q(12)’

2007
2.2 2 2 2
K*a“+0o°  oyds yr 2,2 2, #(11) #(12)
- 02.0(n)-26- 2 L 1-y). .
207212 2007 - 20T K Q( 1) (s t1 +(1-s) ) )
(2.83)

Appending the three equations in (2.83) to the last three equations in (2.69) gives
the nonlinear system for sparse LR. Upon solving these equations, we can use the
result of Theorem 4 to compute various performance measures on the estimate
B. Figure 2.8 shows the performance of our estimate as a function of 1. It can
be seen that the bound derived from our theoretical result matches the empirical
simulations. Also, it can be inferrred from Figure 2.8c that the optimal value of A

(Aopt that achieves the minimum mean-squared error) is a decreasing function of 6.

Support recovery

In this section, we study the support recovery in sparse LR. As mentioned earlier,
sparse LR is often used when the underlying paramter has few non-zero entries. We
define the support of 8* as Q := {j|1 < j < p,,B;‘- # 0}. Here, we would like to
compute the probability of success in recovery of the support of 5*.

Let ,@ denote the solution of the optimization (2.80). 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 3,
Q={jl1<j<p.IBjl> e} (2.84)

In order to evaluate the success in support recovery, we define the following two

€rror measures,
Ei(€) =Prob{j € Q|j ¢ Q} , E»(€) =Prob{j ¢ Q|j € Q} . (2.85)

In our estimation, E represents the probability of false alarm, and E» is the prob-
ability of misdetection of an entry of the support. The following lemma indicates

the asymptotic behavior of both errors as € approaches zero .

Lemma 5 (Support Recovery) Let j3 be the solution to the optimization (2.80), and
the entries of B* have distribution 11 defined in (2.81). Assume A is chosen such that

the nonlinear system (2.69) has a unique solution (&, o,7, 0,T,7). As p — oo we



51

0.6

0.5

04

0.2

0.1

(a) (b)

Figure 2.9: The support recovery in the regularized logistic regression with £; penalty for
(a) E|: the probability of false detection, (b) E»: the probability of missing an entry of the
support. The dashed lines are the theoretical results derived from Lemma 5, and the dots are
the result of empirical simulations. For the numerical simulations, the result is the average
over 100 independent trials with p =250 and x = 1 and € = 0.001 .

have, A
lif(r)l Ei(€) i> 2 Q(fl) where, 1t = -, and,
‘ Vo
P ) . 1 (2.86)
limE>(e) — 1 — 2 Q(tz) where, fr, = .
€l0 7z + 022
0 s

2.4 Generalized Margin Maximizers

Machine learning models have been very successful in many applications, rang-
ing 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 learn-
ing 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 diffrent classifiers for binary classi-
fication dates back to the seminal work of Vapnik in the 1980’s [184]. 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 datapoints 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



52

training data, the so-called support vectors [46].

In this section, we challenge the conventional wisdom by showing that when the un-
derlying parameter has certain structure one can come up with classifiers that outper-
form the max-margin classifier. We introduce the Generalized Margin Maximizer
(GMM) which takes into account the structure of the underlying parameter as well
as the minimimum distance of the datapoints to the separating hyperplane. We
provide sharp asymptotic results on various performance measures (such as the
generalization error) of GMM 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 [16, 21, 84, 114, 197]. Most of these studies
focus on the least-squares/ridge regression, where the loss function is the squared
{>-norm, and derive sharp asymptotics on the performance of the estimator. In
particular, in [84, 97] the authors have shown that the minimum-norm least square
solution demonstrates the so-called "double-descent" behavior [20].

A more recent line of research studies the generalization performance of gradient
descent (GD) for binary classification. It has been shown [151]) that for a sepa-
rable dataset, GD (when applied on the logistic loss) converges in 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 [51, 118].

State of the Art

We analyze the performance of GMM 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.
First, we provide the phase transition condition for the separability of data (i.e.,
derive the exact value of 6* such that the data is separable for all 6 > ¢*%.) Con-
sequently, we analyze the performance in the interpolating regime (6 > ¢*). To
the best of our knowledge, this is the first theoretical result that provides sharp
asymptotics on the performance of GMM classifiers on separable data. For our
analysis, we exploit the Convex Gaussian Min-max Theorem (CGMT) [155, 171]

which is a strengthened version of a classical Gaussian comparison inequality due

I5Concurrent to the submission of this paper, a similar phase transition has been demonstrated
in [97] for a somewhat different model.
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to Gordon [79]. This framework replaces the original optimization with another
optimization problem that has a similar performance, yet is much simpler to analyze
as it becomes nearly separable. Previously, the CGMT has been successfully applied
to derive the precise performance in a number of applications such as regularized
M-estimators [165], analysis of the generalized lasso [117, 171], data detection in
massive MIMO [1, 9, 175], and PhaseMax in phase retrieval [54, 141, 142].

More recently, this framework has been employed in a series of works by multiple
groups of researchers to characterize the performance of the logistic loss minimizer
in binary classification [143, 161]. Furthermore, in an analogous avenue of re-
search, 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 [51, 118].

Mathematical setup
We consider the problem of binary classification, having a set of training data,
D = {(x;,yi)},, where each of the sample points consists of a p-dimensional
feature vector, x;, and a binary label, y; € {+1}. We assume that the dataset D is
generated from a logistic-type model with the underlying parameter w* € R”. This
means that

yi ~Rap(p(x'w*)), i=1,...,n, (2.87)

where p : R — [0, 1] is a non-decreasing function and is often referred to as the

link function. A commonly-used instance of the link function is the standard logistic
1

l+e~t*

When n/p is sufficiently large, i.e., when we have access to a sufficiently large num-

function defined as p(¢) :=

ber 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 [157] 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 [143], assuming some prior knowledge on the struc-
ture 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 learn-
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ing models, in this section, 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.,
Twp s.t. SioN(Wix;) =y, fori=1,2,...,n. (2.88)

Let ‘W denote the set of all the parameters that interpolate the data.
W ={weRP:Sien(w/x;)) =y;, forl <i<n.}. (2.89)

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 funda-
mental) model of binary classification. We assume that the underlying parameter,
W* possesses 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 Generalized Margin Maximizer (GMM) as the solution to the
following optimization:

min ¥ (w)

weR? (2.90)
s.t. yl-(xiTW) >1, forl <i<n.

It is worth noting that the condition on the separability of the dataset is crucial for

the optimization program (2.90) to have a feasible point.

Remark 18 It can be shown that when () is absolutely scalable 16, the GMM can
be found by solving the following equivalent optimization program,

y(w) Iwll ¥ (w)
max max X

werd min y; (x! w)  werd miny;(xTw)  [lw
1<i<n 1<i<n L

(2.91)

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

16A function f : R? — R is absolutely scalable when,
vveRY Va eR, f(av)=|a|f (V).

All £, norms, for example, are absolutely scalable.



55

model. Hence, we refer to the objective function in the optimization (2.91) as the
generalized margin, and the solution to this optimization is called the generalized

margin maximizer (GMM).

In this section, we study the linear asymptotic regime in which the problem dimen-
sions p, n grow to infinity at a proportional rate, ¢ := % > 0. Our main result
characterizes the performance of the solution of (2.90), W, in terms of the ratio,
0, and the signal strength, « := %. We assume that the datapoints, {x,-}lfl:], 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.

Main Results

In this section, we present the main results of the paper, that is the characterization of
the performance of the generalized margin maximizers. Our results are represented
in terms of a summary functional, ¢, (-, -), which incorporates the information about

the underlying model.

Definition 1 For the parameter t > 0, the function c; : R X R, — R, is defined as,
ci(s,r) =E[(1 —tsZ1Y - rZ5)7], (2.92)

where Zy, Zy "4 N(0,1), andY ~ Rap(p(tZy)).

Asymptotic phase transition
Here, we provide the necessary and sufficient condition for the separability of the
data.

Theorem 6 (Phase transition) Consider the generalized max margin optimization

. . . . . . p
defined in Section 2.4. As n, p — oo at a fixed overparameterization ratio 6 := - €
(0, 00), this optimization program (almost surely) has a solution (or equivalenty, the
set ‘W is nonempty) if and only if,

§> 6" =6"(k) = inf Lszr)
s,r>0 r

(2.93)

Remark 19 Theorem 6 indicates the necessary and sufficient condition for the

existense of GMM. It is worth mentioning that this condition, which is simply the
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K

Figure 2.10: The phase transition, ¢*, for the separability of the dataset, where the
feature vector, Xx; is drawn from the Gaussian distribution, N (0, 11711’)’ and the labels

are y; ~ RAD(p(XlTW*)), for p(z) = ﬁ The empirical result is the average over

20 trials with p = 150, and the theoretical results are from Theorem 6.

condition on separability of the dataset D, does not depend on the choice of the
potential function y(-).

Remark 20 The phase transition (2.93), is valid for any link function p(-). This
generalizes the former results in [37]. Note that the summary functional, c,(-,-),

contains the choice of the link function and can be computed numerically.

The following lemma explains the behavior of 6" as « varies.

Lemma 6 6* is a decreasing function of k, with §*(0) = % and lim,_, 1 6% (k) = 0.

The result of Lemma 6 can be intuitively verified. Recall that « = ”3:_7” and

yi ~ RAD(p(XiTW*)). Therefore, k — oo translates to having y; = SIGN(XiTW*). In
this case our training data is always separable for any number of observations #.
Besides, the case of k = 0 corresponds to having random labels assigned to feature

vectors X;. [47] showed that in this case, as p — oo, 6 > 0.5 is the necessary and
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sufficient condition for the separability of the data set.
Figure 2.10 provides a comparison between the theoretical result in Theorem 6, and
the empirical results derived from numerical simulations for p = 150 and 20 trials.

As seen in this plot, the theory matches well with the empirical simulations.

A nonlinear system of equations
Our main result in Section 2.4 precisely characterizes the performance of GMM in
terms of a system of 5 nonlinear equations with 5 unknowns, («, o, 8, ¥, T), defined

as follows,

%E[W*TProxgw(.) ((@ — oTy)w* + BorVoh)| = ax?,
%E[hTProxmw(.) ((@ —oTy)w* +,80'T\/5h)] = ,/—C“(g’(r) ,
2
%E ‘ ProX, -y () ((@ — oty)w* + BorV6h) H = ?k? + 02, (2.94)

2
Bexlend) z%yx/ck(a, o),
dc(a,o) _ 2Vew(a,0)

do - BT

Remark 21 The first three equations in the nonlinear system (2.94) 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 y(-) = ||-||;, the proximal operator is simply equivalent to
applying the well known shrinkage (defined as n(x,t) = I%l(lxl —1t);) on each entry.

For more information on the proximal operators, please refer to [132].

Asymptotic performance of GMM

We are now ready to present the main result of the paper. Theorem 7 characterizes the
asymptotic behavior of GMM, that is the solution to the optimization program (2.90).
It connects the performance of GMM to the solution of the nonlinear system of

equations (2.94), and informally states that,
w2 T(w*, h), as p — oo, (2.95)
where h € R? has standard normal entries, and I' : R? X R? — R? is defined as,
[(v1,V2) = Proxs s ((@ — G77)v1 + BaTVoV2), (2.96)

where (&, 0, 5, ¥, T) is the solution to the nonlinear system (2.94).
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Theorem 7 Let W be the solution of the GMM optimization (2.90), where for

i = 1,2,...,n, X; has the multivariate Gaussian distribution N (0, I%Ip), and
[lw]|
7

As n,p — oo at a fixed overparameterization ratio § = % > 0% (k), the nonlinear

vi ~ RAD(p(Xl.TW*)), and wW* is drawn from a distribution T1 with k =

system (2.94) has a unique solution (&, , B,7,7). Furthermore, for any locally-

Lipschitz function F : RP X R? — R, we have,
F(¥,w*) 5 E[F(T(w, h), w], 2.97)

where h € RP has standard normal entries, w ~ 11 is independent of h, and the
function T'(-, ) is defined in (2.96).

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 (2.94) corresponds to its

optimality condition.

Remark 22 The result in Theorem 7 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) = % lu-v|?

gives the mean-squared error (MSE).

Generalization error

Theorem 7 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 o
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 GMM classifier. We do so, by appealing to the result of Theorem 7.

Definition 2 The generalization error for a binary classifier with parameter W is
defined as,
GEy, = Py{Sion(x"W) # Sion(x’ w*)}, (2.98)

where the probability is computed with respect to the distribution of the test data.
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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 an-
gle between W and w*. The following lemma provides sharp asymptotics on the

generalization error of the GMM classifier.

Lemma 7 (Generalization Error) Let W be the GMM classifier defined in Sec-
tion 2.4. Assume 6 > 6%, and the (test) data is distributed according to the multi-

variate Gaussian distribution N (0, %Ip). Then, as p — oo, we have,

P 1 Ka
GE« — — _ ), 2.99
W nacos( e _2) (2.99)

where & and & are derived by solving the nonlinear system (2.94).

Proof 3 We first note that when the data is normally distributed, the generalization

error for w is defined as,

1 ~ T ok
GEy = —acos(%). (2.100)
m [Iw* | {]w]]

We appeal to the result of Theorem 7 with two different functions. Using Fi(u,v) =

Sviwin (2.97) will give,

1 1 _
—w'w* 5 ZE[w Proxsy() (@ — 777)w* + fo-Voh)]. (2.101)
P P

Since (&, 7, 3,7, T) is the solution to the nonlinear system, we can replace the
expectation from the first equation in (2.94),which gives the following,

1
—wTw* 5 la. (2.102)
p

Similarly, using the result of Theorem 7 for the measure function F>(u,v) = ]l, lul|?,
along with the third equation in (2.94) gives,
1
— Wl S Vieaz+ 52 (2.103)
\Vp
The proof is the consequence of (2.100), (2.102), and (2.103), along with the

continuity of the function acos(-).

GMM 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
GMM classifier for some common structures and the corresponding choices of the
potential function.
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Max-margin classifier (£,-GMM)

The ¢>-norm regularization is commonly used in machine learning applications to
stabilize the model. Here, we study the performance of the GMM classifier when
v = % || ||%, i.e., the solution to the following optimization program,
R .
min = ||lw
werr 2 Iwilz

s.t. yi(xiTW) >1, forl <i<n.

(2.104)

The optimization program (2.104) is called the hard-margin SVM and the cor-
responding solution is the max-margin classifier, as it maximizes the minimum
distance (margin) of the datapoints from the separating hyperplane. The conven-
tional justification for using such a classifier is that the risk of a classifier is inversely
proportional to its margin. The performance of £,-GMM (2.104), has been earlier
analyzed in [51] and [118]. The form we present below in (2.106), differes in ap-
pearance to the results of [51], but can be shown to be equivalent.

When ¢/ (-) = % II- ||%, the proximal operator has the following closed-form,
1
Prox%”.”z (u) = 1—+tu. (2.105)

By replacing the proximal operator in the nonlinear system (2.94), we can explicitly
find two of the variables (8, and y) and reduce it to the following system of three

nonlinear equations in three unknowns,

Ver(a, o) = 0'\/5,

doc(a,o) —2k%T0é

da 1407t (2.106)
oc(a,o) 2006

doc  l+ot

Sparse classifier (£;-GMM)

In today’s machine learning applications, typically the number of available features,
p, is overwhelmingly large. To reduce the risk of overfitting in such settings,
feature selection methods are often performed to exclude irrelevant variables from
the model [89]. Adding an ¢; penalty is the most popular approach for feature
selection.

As a natural consequence of our main result in Theorem 7, here we analyze the
asymptotic performance of GMM when the potential function is the £; norm, and

evaluate its success on the unseen data (i.e., the test error) when the underlying
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parameter, w*, is sparse.
min  [Iwl,
we (2.107)
s.t. yi(xl.Tw) >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.,
Prox; .|, (w) = n(u,1), (2.108)

where n(x, 1) := ﬁ(lxl — t); is the soft-thresholding operator. Here, for a sparsity

factor s € (0, 1], we assume the entries of w* are sampled i.i.d. from the following

distribution,
¢(x)
My(w) = (1 —5) - So(w) +5 - (—), (2.109)
Vs
2
where 6 (+) is the Dirac delta function, and ¢(¢) := % is the density of the standard

normal random variable. This means that each of the entries of w* are zero with
probability 1 — s, and the nonzero entries have independent Gaussian distribution
with variance Ks—z Having this assumption we can further simplify the first three
equations in the nonlinear system (2.94), and present them in terms of q-functions.

To streamline our representation, we introduce the following proxies,

1
1= or L= ——. (2.110)
\/Ks—z(a —o1y)? + B2o?736 pVo
We also define the function y : R — R, as,
N=E[(Z-02, Z~N(1
x () =E[(Z - 1)}] 0, 1) 2111

= Q(0)(1+1) —1¢(1),

Where Q(t) := ft ® ¢(x)dx denotes the tail distribution of standard normal random
variable. We are now able to simplify the first three equations in (2.94) and derive

the following nonlinear system,

Q(tl) = 2((1+_Ty),
s-0()+(1=5)-0(n) = Vee(a,o)

2Botd
1— 2,2
B o)+ S50 () = £85 + 5, 2.112)

2
fes) - 2 o (e,
dc(a,0) — 2y ey (a,0)

oo BT
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The nonlinear system (2.112) can be solved via numerical methods. For our nu-
merical simulations in Section 2.4 we exploit accelerated fixed-point methods to
solve the nonlinear system. Using the result of Lemma 7, we can compute the
generalization error.
Another important measure in this setting (when w* is sparse) is the probabil-
ity of error in support recovery. Let Q C [p] denote the support of w* (i.e.
Q={j: W;.‘ # 0}.) For a pre-defined threshold €, we form the following estimate
of the support,

Qc={j:1<j<p,|W]|>e}. (2.113)

The following lemma establishes the success in the support recovery:

Lemma 8 (Support Recovery) For a sparsity factor s € (0, 1], let the entries of
w* have distribution 11 defined in (2.109), and W be the solution to the optimiza-
tion (2.107). Then, as p — oo, we have,
A P -

nfgpl(e) =P{j¢QljeQ} > 1-20(f)

‘ A . (2.114)

1%1102(6) =P{j eQ.lj¢Q} >20(h),

€
where t| and ty are defined as in (2.110), with variables derived from solving the

nonlinear system (2.112).

Binary classifier ({,,.-GMM)
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}? [40]. This problem arises in integer programming and has some
connections to the Knapsack problem [110]. Here, we consider analyzing the
performance of the solution of the following optimization program,
min  ||wl|,
WeRP (2.115)
s.t. y,-(xl.TW) >1, forl <i<n.
It can be shown that the proximal operator of the {s-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:

PI‘OX,p”.”m(W) =W- PI‘OX,1||.||1 (W), (2.116)
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Figure 2.11: Generalization error of the general max margin classifier under three
penalty functions, ¢; norm with the red line (£;-GMM), ¢, norm with the blue line
((,-GMM), and £, norm with the black line (£{.,.-GMM). In this figure, the entries
of w* are drawn independently from N (0, x?) Gaussian distribution. Solid lines
correspond to the theoretical results derived from Theorem 7, while the circles are
the result of empirical simulations. For the numerical simulations, the result is the
average over 100 independent trials with p = 200 and « = 2.

where A := A(t) is the smallest nonnegative number that satisfies,
E[ln(W,)|] =E[(IW] - 2),] < 1. (2.117)

Here, the expectation is with respect to W ~ II. Note that A is a non-increasing
function of 7, and A = 0 whenever ¢t > E|W|.

Similar to the case of {;-GMM, here we can use the closed-form of the proximal
operator to simplify the first three equations in the nonlinear system (2.94). For our
numerical simulations in the next section, we have done the computations for three
different distributions: (1) Thei.i.d. Gaussian distribution, (2) the sparse distribution
defined in (2.109), and (3) the uniform binary distribution, I1 = Unif({+1}7).

Numerical Simulations

In this section, we investigate the validity of our theoretical results with multiple
numerical simulations applied to the three different cases of GMM classifiers elab-
orated in Section 2.4. For each of the three potentials discussed in the paper (i.e., {1,

{>, and €, norms) we perform numerical simulations for three different models on
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Figure 2.12: Generalization error of the general max margin classifier under three
penalty functions, £; norm with the red line (£;-GMM), £, norm with the blue line (£>-
GMM), and ¢, norm with the black line ({c.-GMM). In this figure, the underlying
vector w* is s-sparse, where the non-zero entries are drawn independently from
N (0, k?/s) Gaussian distribution. Solid lines correspond to the theoretical results
derived from Theorem 7, and the circles are the result of empirical simulations. For
the numerical simulations, the result is computed by taking the average over 100
independent trials with p = 200, s = .1 and x = 2.

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. As
will observed in our numerical simulations, the appropriate choice of the potential
function in the GMM optimization (2.90) has an impact on the generlization error
of the resulting classifier. The three different distribution 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, N (O, Kz). In this model, the direction of w*
(which indicates the separating hyperplane) is distributed uniformly on the unit
sphere. Figure 2.11 gives the generalization error when w* has Gaussian distri-
bution. The solid lines show the theoretical results derived from Theorem 7 and
Lemma 7. 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
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Figure 2.13: Generalization error of the general max margin classifier under three
penalty functions, ¢; norm with the red line (£;-GMM), £, norm with the blue line
((,-GMM), and £, norm with the black line ({..-GMM). In this figure, the entries
of w* are drawn independently from « « Rap(0.5) Rademacher distribution.
Solid lines correspond to the theoretical results derived from Theorem 7, and the
circles are the result of empirical simulations. For the numerical simulations, the
result is the average over 100 independend trials with p = 200 and « = 2.

in this figure that the max-margin classifier (£{,-GMM) outperforms the other two
classifiers. We should also note that as the overparameterization ratio, d, grows the
generalization error increases which indicates that the estimator is not reliable for
large values of 9.
Sparse: here, we assume that the entries of w* are drawn from the sparse distribution
represented in (2.109), i.e., each entry is nonzero with probability s, and the nonzero
entries have i.i.d. Gaussian distribution with appropriately-defined variance. Fig-
ure 2.12 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. Similar to the previous case, the empirical
results match the theory. Also, it can be observed that the £;-GMM outperforms the
two other classifiers in the regime of § that 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 2.13 shows the result

of numerical simulations under this model. Similar to previous cases the empirical
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results (k = 2, p = 200) match the theory. Also, the {,-GMM classifier outperforms

the other two classifiers for 6 < 1 (which corresponds to the underparameterized

setting). However, the max-margin classifier performs better for larger values of 6.

2.5 Highlight of the Proof and CGMT Framework

Developed by Thrampoulidis et al., Convex Gaussian Min-Max Theorem (CGMT) is
a noble framework that enables us to analyze a wide variety of problems, including
the convex estimator (2.2), and is the main idea behind the proof of Theorem
1. The CGMT is an extension of a Gaussian comparison inequality proved by
Gordon in 1988 [79, 80]. Starting with the works of Rudelson and Vershynin [139],
Stojnic [153], Oymak [127], Chandrasekaran [40] and also Amelunxen, Maccoy [6]
Gordon’s original theorem has played a key role in the analysis of (underdetermined)
noiseless linear inverse problems. We refer the interested reader to [165, 171] for
more details and a discussion on the relation of the CGMT to the result by Gordon.
Before going through the technicalities of CGMT, we present a simple understanding
of how CGMT framework can be applied in practice. Recall the convex estimator
(2.2)

B = arg min £ (XB/P.&(XBo/\P)) + Af(B) . (2.118)

After a couple of steps that we will explain shortly, we can rewrite this optimization
in the form of the following min-max optimizations, which we refer to as the Primary
Optimization (PO),

®(X) := min max u' X8+ ¥(B,u) . (2.119)

BeS ueS,

This is a more complicated form of our initial optimization, because of the extra
maximization. Besides, as we go more through the technical details, we can see
that one of the main restrictions in the analysis of this optimization, in how the
variables u and S are coupled through the features matrix X. If we were somehow
able to decouple these two, the analysis would get much easier. This is what CGMT
actually does.
The Convex Gaussian Min-max Theorem associates with the primary optimization
(PO) problem a simplified Auxiliary Optimization (AQ) problem, from which we
can tightly infer properties of the original (PO), such as the optimal cost, the optimal
solution, etc.. In the other words, CGMT introduces another optimization that is

much simpler to analyze, and its solution has the same properties as the solution to
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the PO. Specifically, the Auxiliary optimization is given as follows

#(hy, by) := min max |Bllh{u + [[ullzh)w + ¥ (B, u) . (2.120)
€

3 UEOy

As you see, the auxiliary optimization is the same as the primary optimization,
except the bi-linear form u' XA which is replaces by two two terms || ||2th and
||u||2hgw. This simple change will significantly help us later in the analysis.

In the other words, we will be able to analyze the properties of the solution to the
auxiliary optimization using techniques in convex analysis and high dimensional
probability and random matrix theory (which are not applicable to the primary
optimization). Afterwards, the CGMT tells us that the primary and auxiliary opti-
mizations shares some properties, including those of our interest. Next, we will go

through a precise analysis of our theorem, using the CGMT framework.

2.6 Proof of Theorem 1

In this section, we rigorously prove Theorem 1. Recall the convex estimator (2.2),
B = argmin L (XB/Vp. 8(XBo/VP)) + Af (B) (2.121)

Note that the entries of X are independently drawn from N (0, 1). Now, we rewrite
the optimization by introducing a new variable,

min L (w,g(XBo/Vp)) + £ (B) . (2.122)

BeRP
w=Xfo//P

In the next step, we bring the constraint over w in the objective function using
Lagrange multiplier,

min max £ (w,g(XBo/Vp)) +Af(B) + rlluT(X,B/\/l_) -w). (2.123)

BERP  ueR”
weR”"

Note that the two terms X3 and u' X3 are dependent. We would like to decompose
the later term in such a way that one becomes independent of the other. This will
help us use CGMT, as you will see later. To do so, we decompose the variable
into its projection in the direction of S8y and the subspace orthogonal to By. In the
other words, we rewrite 8 = a8y + 3, where 51,. The optimization becomes,
min max £ (w.2(X50/VP) + 1f -+ o) + 2" (XB/ VB +aXBo/ VB - W)
ek
%ﬁTﬂo:O
(2.124)
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Now, since the matrix X is Gaussian with iid entries, the variables X3, and XS are

independent. We reorder the term on optimization to get

min max
ﬁ”eRP ueR” n+/ P
weR”
geR

+B"Bo=0

(2.125)

Now, the first bi-linear term u' X3 is independent of the rest of the objective function.
Up to now, it seems like we’ve build a more difficult optimization to analyze by
introducing new variables and a maximization. But the point of every step up to
now was simply to utilize the CGMT framework. Note that what we have in (2.125)
is in the form of the primary optimization (2.119), in the CGMT framework. Next,
we give a precise statement of the CGMT framework and apply it to the optimization
(2.125).

The Convex Gaussian Min-max Theorem

Consider the primary optimization (PO) and the Auxiliary optimization (AO) below,

®(X) := min max u'XB+¥(B8,u), (PO) (2.126a)
ﬁESﬁ ueS,

¢(h;,hy) := min max ||Blhju+ lulphiw+¥(B,u), (AO).  (2.126b)
BeS ueS,

where X € R™”,h; e R",h, e R?, S, cR",Sg c R” and ¥ : R” xR" — R. We
denote B := Bo(X) and B4 := Bs(hy, hy) any optimal minimizers in (2.126a) and
(2.126b), respectively. Then, we have the following result.

Theorem 8 (CGMT) In (2.126), let Sg, Sy be compact sets, ¥ be continuous on
Sp X Su, and, X, hy and hy all have entries iid standard normal. The following

Statements are true:

1. Forall c € R:
P(®(X) <c) <2P( ¢(hy,hy) <c).

2. Further assume that Sg, Sy are convex sets and  is convex-concave on
Sp X Su. Then, forall c € R,

P(®(X)>c) <2P(¢th—1Lhy) >c).

u'XB + (L (W, 2(XBo/VP)) + Af (B +apo) + %UT(aXﬁo/\/l_? -w -
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In particular, forallu € R, t > 0, P(|®(X)—pu| > 1) < 2P(|p(hy,hy)—pu| >
t).

3. Let S be an arbitrary open subset of Sg and S¢ = Sg/S . Denote ¢s-(hy, hy)
the optimal cost of the optimization in (2.126b) when the minimization over
W is now constrained over w € SC. If there exist constants ¢, 536 andn >0
such that

a) ¢se = ¢+3n,
b) ¢(hi,hy) < ¢ + n with probability at least 1 — p,
c) ¢se(hy,hy) > g —n with probability at least 1 — p,

then,
P(Bo(X) €S) > 1 -4p.

The first two statements of Theorem 8 are identical to [171, Thm. 3], and, a proof is
included therein.

The second statement of the theorem states that under the theorem assumption, the
values of the optimal objective functions ®(X) and ¢(hy, hy) converge to the same
values (if the later converges).

Using the third statement, we show that if the optimal solution of the (AO) lies
within some set S with probability approaching to 1 (as the dimensions p and n
increase), and optimizing (AO) over the set S¢ will result in a strictly larger optimal
objective value, then the optimal solution in (PO) will be also in the set S with
probability approaching to 1. Using this, we would like to show that the optimal
values for a, and || ]|, will converge to the same value for (AO) and (PO). To do so,
we show that these terms in (AO) converge to a unique value, and so will they in
the (PO). Rigorously applying this theorem to the primary optimization is discussed
in the proof of Theorem 2 in the Appendix. For now, let’s apply CGMT to the
optimization (2.125), and get the auxiliary optimization from it.

Clearly, the optimization (2.125) has the desired format of (PO) in the CGMT.

Therefore, the corresponding Auxiliary Optimization will be

- 1o 1 s _
min - max o (|l + ﬁllullhzﬁ + L (W, g(XBo/Vp)) +Af (B +apo)
weR”

aeR
»B Bo=0

+ %uT(aX,BO/\/ﬁ -w) . (2.127)
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Corollary 3 (Asymptotic CGMT) Using the same notation as in Theorem 8, sup-
pose there exists constants ¢ < $g. such that ¢(g, h) il ¢ and ¢psc(g,h) £, B ge.
Then,

Ji_)ngoP(quG) €eS)=1.

Analysis of the AOQ

Out next step would be to analyze the auxiliary optimization. The idea is to use
dimension reduction techniques to reduce the optimization (2.127) to an optimization
over scalars. To do so, for most of the high dimensional variables, we would like to
do the optimization over their direction first.

In the first step, we would like to optimize over the direction of u. In the other
words, we rewrite u/y/n = t - @i, where ||[@i|| = 1 and r > 0. Then, if we solve the

optimization over u, we get

pe g S I X8 - w4 LB £ (. 5K/ VD)
%[%Eﬂlio
+Af(B+apo) . (2.128)

Next, we would like to do the same trick for ,@, but it also exists inside the function
f. We can pull it out using the same trick that we used to pull out X out of the loss

function. By introducing new variable v to rewrite the optimization as

. r B 15
min max — |[|—h; + X —-w||+ —h, B+ L (w,g(X
Jin, - max = [ 2+ X = Wi+ bl £ (wg(X6o/VP)
ek
8" Bo=0
V=,B~+Cxﬁ()
+Af(v). (2.129)

And then, using Lagrange multiplier x and y to bring the constraints over f3 to the

objective function.

t B toTa
i, o Phin + X80 - w4 SWF e £ (v 5050/ VP)
vcvyeel%& xeR”

+Af(v)+ ll?xT(,é+a/ﬁo -V)+ %ﬁTﬁo. (2.130)

Now, we would like to solve the optimization over the direction of 3 as we did so for

u. But the optimization above doesn’t look convex concave with respect to its vari-
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ables and we are not by default allowed to switch minimization and maximization.

At this point, recall that the (PO) in (2.125) is itself convex. In fact, for it, all
conditions of Sion’s min-max Theorem [149] are met, thus, the order of min-max
operations can be flipped. According to the CGMT, the (PO) and the (AO) are tightly
related in an asymptotic setting. We use this, to translate the convexity properties
of the (PO) to the (AO). In essence, we show that when dimensions grow, the order
of min-max operations in the (AO) can be flipped. Thus, we will instead consider
the following problem as the (AO):

. ot AL« I

— "2 h, + —=XB) - w|| + —h XBo/\P
min max UT&\/EH\/I? 1+\/17 Bo w||+\/p_n B+ L (w,g(XBo/VP))
weR"  yeR N
a€R  xeRP
>0

1 ~ -
$AFV) + X (B ao = V) + %BT,BO . 2.131)

Observe that the objective function remains the same; it is only the order of min-max
operations that is slightly modified. Since the objective function is not necessarily
convex-concave in its arguments, there is no immediate guarantee that the two
problems in (2.130) and (2.131) are equivalent for all realizations of h; and hy.
However, the lemma below essentially shows that such a strong duality holds with
high probability over h; and h; in high dimensions. Hence, the problem in (2.131)
can be as well used, instead of the one in (2.130), in order to analyze the (PO). For

this reason, henceforth, we refer to (2.131) as the (AO) problem.

Lemma 9 Let ,@(X) denote an optimal solution of (2.125). Consider the (AO)
problem in (2.131). Let o, be the value that the optimal o in (2.131) converges to.
For any € > 0 define the set S = {B | |||Bll» — 0| < €}, and, ¢pse(hy, hy) be the
optimal cost of the same optimization as in (2.131), only this time the minimization
over B is further constrained such that B ¢ S. Then,

Jim P(IBX)k -0l <€) =1,

This lemma and its proof is similar to Lemma A.3 in [165]. Now we solve the



72

optimization over the direction of 3 and let o := LB e get

Si=

t 1% o t
min  max — ||ch; + —XBy — w|| — —||yBo + x+ —hy||
P

veR? 0 +/n \P \P NG

weR” yeR
a€R,0>0 xeRP

+ %XT(Q’ﬁQ —v)+ L (w,g(XBo/VP)) + Af (V) . (2.132)

Now, we have gotten closer to our goal which is to build an optimization over scalars.
In the next step, we would like to do the optimization over x. What helps us next, is

the following trick,

1 x2r
= min — + — . 2.133
R P (2.133)

Using this trick, we would like to square the || - ||, norms in the optimization and get

. t tTl a 2 g g1n t 2
— +— |loh; + —=XBo - W|* - =— - = —h
minma et o llo 7 Bo — wl| 2 2p ||7ﬁo+X+\/5 ol
weR"  yeR
a'anEO XERP
1
+ ;xT(aﬁo ~ V) + L (w,g(XBo/P)) +Af (V) . (2.134)

Now we can simply do the optimization over x and get

t t t
min  max —— + — [loh; + ——Xgo - W% — — + (@ = oym)Bo + —=hy — v
VeR? 1,120 27  2n 21, 20Tmp Vo
weR” ’)/ER
aeR
o120
— T2y Bo + —=ha | + £ (w. (XBo/vP)) + AL (V) (2.135)
2p o ’

Now, we use the Monreau envelope notation defined in (2.4), for the minimization

over v and w. Recall that the Monreau envelope is defined as
1
er (X,y,7) :=min — ||v—x||*+ L(V,y),
v 21

1
e (x,7) :=min — [[v-x|*+ f(x) . (2.136)

v 2T
(2.137)

Also let « = ||Boll/+/p. We can replace XBy/+/p with «h3, where h3 is a random
vector with iid standard Gaussians. Replacing these in (2.135) yields,

. t g O'Tzll ﬂ + t h ”2
min max — - — — —||yBo + —=h,
R 1,120 2 2 2
Sk tyTgR 7] ™ D V6

o0t

V6

1
+es |ohy + akhsz, g(kh3), t_) +ef (— hy + (@ — oy)Bo, o1
Tl

(2.138)
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Up to now, analysis of the Auxiliary optimization was precise without letting the
problem dimensions grow or applying any convergence lemma. Now, we would like
to replace the Monreau envelope functions and and the norm of the random vector
above (third term) with their corresponding point-wise convergence functions. But
since these functions are inside the min-max, we are typically not allowed to do so.
But in this case, we would like to use the following lemma in convex analysis which

will make this possible.

Lemma 10 Consider a sequence of proper, convex stochastic functions M, :

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

1. M,(x) LR 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 M, (x) LRt inf,-o F(x).

It’s not hard to check that the objective function in (2.138) satisfies the assumptions of
lemma 10. By applying this lemma consecutively on (2.138), and using Assumptions

1, we can do the following replacements in the objective function of (2.138),

(M ¥) t 2 P O-thz O-TZ')/ZKZ
—h|” —

—= +
o lvBo Vs 25 >

1 1
er (0’h1 + akhs, g(kh3), H) l L(o,a, a)

o0t P ot
er |- h2+(CY—O'T27)ﬁo,O'T2) — F(-——=,a-ony,on), (2.139)
! ( Vo Vs
where the functionals L and F are defined in Assumption 1. Therefore, (2.138)
becomes
min max L _g_ ont | onyK L( ) F(—O-th )
weR  1o50 271 21 25 3 o,aq, N7 , @ — O0TRY,0T)
o,1120 v€R

(2.140)

This is the scalar optimization in Theorem 1. Let’s denote its solutions with the
scalars (@, 0, 1, T2, ,9). Then, if one follows the steps of the analysis of the (AO),
it can be observed that the final solution 3 in the Auxiliary optimization (2.127) in

terms of the scalars (a, o, 71, 72, ¢, ), is

o taf
hy , 6%, (2.141)
Vo

Biaoy = Proxy (& — 629)Bo + (
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Therefore, using Assumption 2, for the auxiliary optimization, we have

lim , =¥Y(@ - 61t79, ,0T) . 2.142
piim_ Y (Baro), Bo) ( 2y 75 2) ( )
Now, let’s define the set S to be
t O-tHt
S={(, 0,11, 1,1,y) st [W(a -0y, —=,01) - (& - 0829, 2, 6r8y)| < €}
V6 5
(2.143)

Since the solution to the optimization (2.140) is unique, if we optimize the auxiliary
optimization over S¢, the value of optimal objective is going to increase. Thus, we
can utilize the third part of Theorem 8 to show that the same convergence happens

in Primary Optimization and we will have

Ot
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A

plniglool!’(,é(m),ﬁo) =W¥(a - 017,

01) . (2.144)

This concludes the proof.
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Chapter 3

GENERAL PERFORMANCE METRICS FOR THE LASSO

In this chapter!, we extend the applicability of the CGMT framework and the
precise results that it yields to more general performance metrics. For concreteness,
we focus primarily on the problem of sparse recovery under {;-regularized least-
squares (a.k.a LASSO). We also discuss how the results extend to more general
structured signal recovery problems and to a wide family of convex recovery methods
known as regularized M-estimators. We establish accurate predictions of a wide
range of performance metrics that have a Lipschitz property. For illustration,this
result can be used to accurately predict the probability that the LASSO successfully
identifies the non-zero entries of the unknown signal; specializing the result to the
high-SNR regime yields bounds that are geometric in nature and admit insightful

interpretations.

There is an increasing line of work on the precise analysis of regularized M-
estimators. Please see [165, Sec. 7] for an exhaustive review. We have already
referred to the works that use the CGMT framework [129, 154, 165, 171]. The most
general result is included in [165] which characterizes the £,-reconstruction error of
general regularized M-estimators under very generic settings; yet, no other perfor-
mance metrics have been considered thus far. A different line of works is based on
a state evolution framework for an iterative Approximate Message Passing (AMP)
algorithm inspired by statistical physics ([18, 63] and the references therein). To the
best of our knowledge, the AMP framework has not been used to analyze general
regularized M-estimators. Nonetheless, [18, 63, 119] have considered Lipschitz
performance metrics for the LASSO; our result extends the formulae to general
regularized M-estimators. Overall, the two methods of analysis are very different
(and of their own value each); this is the first time that the CGMT framework is used

for general performance metrics.

3.1 Problem Setup
Consider the problem of recovering a sparse signal gy € R” comprised of only &
non-zero measurements from n noisy linear observations of the formy = X8y +z €

R", where X is the measurement matrix and z is the noise vector. The typical

I'This chapter is mostly based on [4]
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approach to produce an estimate 3 of B is by solving an ¢;-regularized least-squares
minimization, as follows:

ﬁ=argrrgnlly—Xﬁllz+%Ilﬁlh- 3.1)

Here, 4 > 0 is a regularization parameter. (The normalization with /p is for
convenience in the analysis). This method is known as row Square-root LASSO
in the statistics literature [22], and is a slight variation of the popular LASSO; see
[129] for a discussion. Our analysis applies to both instances, but we focus on the
former for concreteness. Also, for convenience, we shall often refer to (3.1) simply
as the LASSO.

Measuring Performance
A “good estimate" might translate to a variety of different desired attributes associ-
ated with 3. This translates to a variety of different performance metrics, which we

discuss here.

{r-reconstruction error: A standard and somewhat generic measure of performance
is the &>-reconstruction error, which measures the deviation of B from the true signal
Bo in the {r-norm. Formally, the metric acts on the reconstruction error vector
W := B — By and returns its Euclidean norm, i.e., W, (W) = ||W| = 1B = Boll.
The ¢»-error in estimating the coeflicients of By also controls the mean squared
prediction error, i.e. the error in predicting a (future) response to a fresh (random)

measurement (e.g. [130, Sec. 8.1]).

Lipschitz Metrics: Beyond the £;-reconstruction error, we consider performance
metrics ¥ : R? — R that act on the error vector W := 3 — By and which satisfy a
Lipschitz property, i.e. |¥(x) — ¥(y)| < L - ||x —y]||» for all X,y € R? and some L.
One common such metric is ¥(w) = [|w]||;, [123].

Support Recovery: In the problem of sparse recovery a natural performance metric
that arises in a variety of contexts (e.g. subset selection in regression, structure
estimation in graphical models, sparse approximation [188]) is that of support
recovery, i.e. identifying whether an entry of the unknown signal Sy is on the
support (aka is non-zero), or it is off the support (aka is zero). We take a decision
based on the solution 3 of the LASSO: declare the i" entry to be on the support
iff |3;] > €. Here € > 0 is a user-defined threshold imposed on 3; such a hard-
thresholding operation is practical due to machine precision inaccuracies in solving
(3.1).
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In Theorem 10 we accurately predict the (per-entry) rate of successful on-support

and off-support recovery. Formally, let

A1
q)e,on(ﬁ) = z Z ﬂ{IBiIZe} (3.2a)
i€S(Bo)
A |
D o (B) = P Z Ligi1<er (3.2b)
i¢S(fBo)

where 1 is the indicator function of a set S. The metric ®¢ o (8) (resp. Do (B))
measures the ratio of the non-zero (reps. zero) entries of Sy that are properly
identified to be on (resp. off) the support.

An equivalent way to interpret the metrics defined above is to consider their ex-
pectation. For instance, E[®, o, (8)] = (1/k) 2ieS(Bo) P(|B3i| > €) measures the
average probability that a single non-zero entry of S is correctly identified to be
on the support. In particular, if the entries of 4 are iid, then in the limit ®, o,(5)

converges to the probability that a single on-support entry is correctly identified.

Working Hypothesis

The unknown signal Sy € R? is k-sparse: its first k entries are sampled iid from
a distribution pg, of zero mean and of unit variance (E[(,Bo)l.z] = 1), and the rest
of them are zero. The measurement matrix X € R™P has entries iid zero mean
Gaussian random variables with variance 1% (denote N'(0,1/p)). The noise vector
z € R” has entries iid N'(0,0?). We study the linear asymptotic regime in which
the problem dimensions p, n and k all grow to infinity at proportional rates 2:
k/lp—pe€(0,1) and n/p — 6 € (0,0). Also, the regularizer parameter A in
(3.1) is considered to be constant, in particular independent of p. Under the current
setting, the Signal to Noise Ratio (SNR) becomes SNR := p/o?.

3.2 Results

We gather our main results in this section. For a sequence of random variables
{XP)} and a constant ¢, {X"} il ¢ denotes convergence in probability as p — oo.
We reserve the letters H and X to denote (scalar) random variables with distributions

N (0,1) and pg,, respectively.

2 The results of Section 3.2 apply on a sequence of problem instances {8, X, z, 1, k } p indexed
by p € N such that the properties mentioned hold for all members of the sequence for all p. To keep
notation clear we do not explicitly use the subscript p for symbols of the sequence.
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{>-reconstruction Error

The precise characterization of the £,-reconstruction error has been performed in
[164, 172] via the CGMT framework (also, [18, 63] have analyzed the problem via
an alternative framework called AMP). We include a statement of the result here
since it helps us set up some necessary definitions for the presentation of the more

general result that follows in the next section.

y-distance functional: For a function ¢ : R — R, let Disty,()(-,-) : RXRso — R
be defined as

Disty () («,4) = p - E[¢(Xo — n(kH + Xo, k1))] 3.3)
+ (1 -p)-Ely(n(xH, 1))],

where the expectation is over both Xo ~ pg, and H ~ N(0,1), and n(X,7) =
(X/|X|) max{|X|—7, 0} denotes the soft-thresholding operator. The function returns
the distance, with respect to the function ¢ (.), between ar.v. X and the soft threshold
operator applied to the random variable itself after adding a Gaussian noise to it.
This motivates the terminology used. Also, note the implicit dependence of the

functional on the rest of the problem parameters, namely p, 6 and o.

noindentAd,;: There exists a critical value of the regularizer parameter, namely Ay,
such that the error behavior is different when A4 < A compared to 4 > Agpie [129].

Define the pair (@crit, Acrit) s the solution to the following system of equations:

aczzrit = DiSt(.)2 (Kerits Acrit) 3.4)
6 =p P{{«H + Xo| = Acritkerie} +2(1 = p) QO (Aerit)
where Kerie = (agm +02)/6 and Q(-) is the standard Q-function. It is shown in

[164, Sec. 2.C] that if 6 < 1, then (3.4) has a unique solution. Otherwise, define

Aerit = 0. With these we are ready to state the first lemma.

Lemma 11 ([164]) Under the working hypothesis of Section 3.1 and for any fixed
A > 0, define a = a(Q) as the unique solution to the equation a* = Dist( y2(+/ (a2 +02)/5, 1),
if 1 > Aerir, and, as @ = gy, otherwise. Then, it holds in probability that

. LA 2_ .2
lim, oo 3118 = foll3 = 2.
Extensive empirical evidence suggest that the system of the two nonlinear equations
in two unknowns in (3.4) can be solved numerically very efficiently using a simple
iterative fixed-point method (see also [ 165, Rem. 4.3.3]). Figure 3.1 below illustrates

the accuracy of the lemma.
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Lipschitz Performance Metrics
Theorem 9 below generalizes Lemma 11 to metrics that attain a Lipschitz property.

Assumption 3 below formally defines the required properties of such metrics.

Assumption 3 (Lipschitz metrics) We say Assumption 3 holds for the Lipschitz
Sfunction ¥ : RP — R if

e For all constants ¢ > 0, there exists a constant C > 0 such that for all B € R? that

IBIl < c+/p, we have | (B)| < C+/p.

e forallx,y € R?, |[P(x) — ¥(y)| < % |Ix = yll2, for a constant L independent on
p.

e Forall a,A > 0 andh ~ N(0,1,), there exists function I" : R.o X R — R such
that

W (8o — n(kh + By, Ak)) 5 T(x, ). (3.5)

Here, n is the “vector"” soft-threshold operator acting element-wise on the entries of

its first argument.

The first is a simple scaling requirement such that ¥(x) = O (1). The second
imposes a growth condition on the Lipschitz constant with respect to p (this is
necessary for the asymptotic analysis but can potentially be relaxed). The third
requirement of Assumption 3 is easier to interpret in the “separable-case" in which
Y (x) = (1/b) 3; ¥ (x;) for some L-Lipschitz scalar function . Then, condition
(3.5) holds by the WLLN for I'(«, A) = Disty, (k, 4) (recall (3.3)).

Theorem 9 (Lipschitz performance of LASSQO) Under the working hypothesis of
Section 3.1 and with a and A, defined as in Lemma 11, fix A > 0, let A=
max{A, Ayi} and k = Va2 + o2 /NS, Then, for any Lipschitz function ¥(x) that
satisfies Assumption 3, it holds in probability that, lim,_, ¥(B - Bo) =T(k,A).

Evaluating the prediction only involves identifying the function I" as per Assumption
3, and calculating the parameters @ and A as per Lemma 11. Of course, Lemma
11 follows from Theorem 9 when applied for ¥(3 — Bo) = %H,@ — Boll2, since
the latter is easily shown to satisfy Assumption 3 for I'(k, 1) = /Dist 2(x,1). A
different Lipschitz performance metric that is often of interest in practice is the ¢-
reconstruction errof ¥(3—Bo) = (1/p)|13— Boll1. This is an example of a separable
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{5-reconstruction error

{1-reconstruction error
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Figure 3.1: Performance of Square root Lasso with respect to ¥(x) = \/Lﬁ [x||> (Red Line) and

¥Y(x) = I%||x||1 (Blue line) as a function of 1. The theoretical prediction comes from Theorem 9.
For the simulations, we used p = 256, 6 = 0.8, p = 0.1, SNR=0.5 and the data are averaged over 5
independent realization of the Problem.

metric, thus it satisfies Assumption 3 for I'(k, A1) = Dist|,|(, 4). See Figure 3.1 for
an illustration. Observe that the prediction of the theorem (although asymptotic) is
accurate for problem dimensions of only a few hundreds. Also, the precise nature
of the predictions allows optimal tuning of the regularizer parameter A, the number

of measurements 6, etc..

Support Recovery

Theorem 10 below characterizes the support recovery metrics introduced in (3.2).
Recall that € > 0 is a fixed hard threshold imposed on the entries of the solution /3
to the LASSO in order to decide whether an entry is on or off the support.

Theorem 10 (Probability of support recovery) Under the working hypothesis of
Section 3.1 and with a and A, defined as in Lemma 11, fix 1 > 0, let k =

V(a2 +02)/6 and A = max{Aeis, A}. Then, for any € > 0, it holds in probability
that 1im_eo D on(B) = P{|xH + Xo| > € + Ak} and



81
lim), 0 @E,Oﬁ-(,BA) = P{|kH| < € + Ak}.

The metrics in (3.2) are not Lipschitz. Hence, they don’t satisfy all requirements of

Assumption 3 of Section 3.2, and Theorem 9 is not directly applicable.

Nonetheless, the core idea behind the proof of the theorem is similar to that of
Theorem 9 and requires only a few extra arguments (see Section 3.3). Figure 3.2

illustrates the validity of the prediction.

Remark 23 (Off-support) When € < Ak, the formula of the theorem for <I)6’,,ﬁr(,8A)
reduces to P{|kH| < € + Ak} ~ P{|H| < A}, which is independent of the problem
parameters 8, p and SNR. This simple observation is verified in Figure 3.2: the
off-support recovery probability is the same for different values of under-sampling

parameter ¢ as long as A > Ay

Remark 24 (Large/Small 1) It is easy to conclude from Theorem 10 that as A
becomes large ®¢ o (reps. @ ,,) converge to one (resp. zero). Of course, this
behavior is expected since large values for the regularizer parameter put more
emphasis on the €i-regularization term in (3.1), thus promoting sparser solutions.

Reversed behavior is observed when A takes values close to zero.

Remark 25 (Optimal 1) A natural question becomes that of determining the op-
timal value of the regularizer parameter. In order to balance between on- and
off- support recovery probabilities a reasonable performance metric becomes ® =
WD¢pp + (1 = W)Pe o for w € [0,1]. Theorem 10 precisely characterizes the
behavior of this as a function of A; thus, it determines the optimal value of A that

minimizes ®..

Remark 26 (High-SNR Regime) Here, we analyze the probability of support re-
covery at SNR > 1 (eqv. 0> — 0). In this regime, Ao takes a simple form: if
6 < 1, then Aepyy = Q‘l(%) where Q7! is the inverse Q-function, otherwise,
Aerie = 0 [129, Sec. 8]. Let us first examine the behavior of “off-support” recovery

probability. When o> < 1, the formula of Theorem 10 reduces to the following

. A A € A
lim ®cop(f) ~ 1-20 (a + ;w/(s - D(/l)) : (3.6)

simpler one:
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Probability of Successful On and Off Support Recovery

On Support

Off Support

o
o

Prob. of Successful Recovery
o o o
w N 3

o
N

e
=

)\Crit ' A

Figure 3.2: Probability of successful detection of support and off support entries as a function of
A for two different problem setup. The theoretical prediction (Solid and dashed lines) comes from
Theorem10. For the simulations (Squares and Circles), we used p = 256, SNR= 0.5, € = 1073,
p = 0.1 and the data are averaged over 5 independent realizations of problem. For solid lines and
squares and circles, we used 6 = 0.8, while for dashed lines and empty squares and circles 6 = 1.2.

for A such that 6 > D(1), A = max{A, Ay}, and
D) =p-E[(H-2)*|H > 0]+ (1-p)-E[y°(H,1)].

Several remarks are in place here. First, when the threshold € does not scale
with o and o — 0, then naturally the probability converges to one. The same is
true as A grows large, which is again expected. Finally, the term D(A) is known
as the “Gaussian squared distance" in the relevant literature of noiseless linear
inverse problems and admits insightful geometric interpretations [6, 73, 129]. In
particular, min,~o D (Q) is known to be an asymptotically tight approximation of the
exact phase transition threshold of €\-minimization [6, 153]. This can also be seen
in (3.6) which requires § > minyo D (). Also, the formula is valid for A such that
5 > D(A).

For the on-support probability, we can show that it behaves as lim;,_, . ®¢ o (B) ~
P {|/?H + Xo| > €+ /i/?}for R = 0 /\6 — D(A). Similar remarks can be made.
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Generalizations

The results of Section 3.2 on Lipschitz-like performance metrics for the LASSO
extend to general regularized M-estimators. We outline the result here and defer a
detailed treatment to the extended version of the paper. Regularized M-estimators

solve

p = argmin L(y -XB) + 1/ (). (3.7)
where £ : R" — R is a proper continuous convex loss function and f a convex
regularizer. Clearly, the LASSO is an instance of (3.7) for £(-) = || - |l» and
() =1 |l:- Depending on the noise distribution and on the particular structure of

Bo, different choices for the loss and regularizer function might be more appropriate
[165]. Here, for simplicity we focus on separable functions of the form L(x) =
(1/p) 2, t(x;) (wlog, £(0) = 0) and f(x) = (1/p) Zle f(x;) for non-negative
convex functions f,¢ : R X R. Also, extending on the assumption of Section 3.1
we assume that the entries of the noise vector z are sampled iid from a distribution
pz (not necessarily Gaussian). We only require the (rather mild) assumptions
E[|¢/(cH +Z)|*] < 0 and E [|f’(cH + X0)|2] < oo (see [165, Sec. 4] for details).
where the expectations are taken over Z ~ pz, Xo ~ px and H,G ~ N(0, 1). Here,
f(x) = SUPeh f(x) |s| where d f(x) is the subdifferential of f at x, and similar for
t.

We also need to recall the notion of the Moreau Envelope function. For a convex
function ¢ : R — R, the Moreau Envelope function of ¢ at x with parameter 7 > 0 is
defined ases(x; ) := min, % llx=y]I>+¢(y) We denote the optimal value of y above
as prox,, (x, 7). With these, [165, Thm. 4.1] characterizes the £,-reconstruction error
of general regularized M-estimators as follows. There exists a unique a for which
it holds in probability that lim,,_, %ll B — Boll* = @?, where « is the solution to the
following system of four equations in four unknowns (if such a solution does not

exist then a = 0):

2
o> =E [ Xo — prox s (2 H + Xo; %)) ]

< y? =6E [(ez,(aH+ Z;K))Z]

(3.8)
va = 0E [H -e,(aH +Z; K)]

ky =E [H - prox;(2H + X0 )]
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Imposing an extra requirement that the loss function be strongly convex and fol-
lowing similar steps as in the proof of Theorem 9 (see Section 3.3), we extend
the result to Lipschitz performance metrics. In particular, for any ¥ satisfying
Assumption 3 it holds in probability lim,_,« Y(B - Bo) = Lr(y/v,4/y), where
(a,y,v,k) are as in (3.8) and the function I'y : Ryo X Ryo — R is defined as
W(Xo — prox ;(«H + Xo; 1) kit I'r(k,A).

3.3 Proof Outline
Our analysis is based on the recently developed Convex Gaussian Min-max Theorem

(CGMT) framework [165, 171]. The following lemma specializes the general result
of [165, Thm. 6.1] to the LASSO method in (3.1).

Theorem 11 (CGMT for LASSO) Let X, z, By be as in Section 3.1, g € R",h €
R? have entries iid N (0, 1) and all be independent of each other. Consider the

optimizations:
.1 A
min — ||z — Xw||> + —||Bo + wl|1, (3.9
v P p
[Iwll3 h'w 2
min max y@ — 2 402 —y—+ 2By + . (3.10)
W o0ysit \p N p N/

Denote ¢(g,h) the optimal cost of the latter. Further, for an open set S C R"
denote ¢psc(g,h) its optimal cost when the minimization over w is now constrained
over w € S. Suppose there exists constants ¢ < 55 such that ¢(g,h) £ @
and ¢sc(g, h) £, ¢sc. Then, for any minimizers Wg and wg of (3.9) and (3.10),
respectively, the events {wy € S} and {we € S} occur with probability 1 in the

limit of p — oo.

The minimization in (3.9) corresponds to the LASSO, only now the optimization
variable is the error vector w := 8 — Bo. To see how the theorem is applicable,
suppose we are interested in showing ¥ (53— o) kil as (eqv. ¥(wo) LR d,) for some
constant d... Then, we need to apply Theorem for the set Sy := {w||‘I‘(w) —d.| < 6},
where 6 > 0 is an arbitrarily small constant. The theorem suggests that d, is the
converging limit of W(wy), the solution to the Auxiliary Optimization (AO) in
(3.10). The strategy becomes now clear [165]. First, we need to analyze the (AO)
problem in (3.10) and find the converging limit of ¥ (wy), say d.. The second step
consists of showing that the objective function of the (AO) strictly increases when
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w is constrained such that W(wy) is far from d.. Of course, the premise of this
machinery is that these two tasks are much simpler to complete for the (AO) rather
than for the original LASSO minimization [165]. The basics of these steps are

outlined in the next two sections; details are deferred to the extended version of the

paper.

Proving Theorem 9

Itis shown in [164] that wg; = Bo; —n(«(g, h)h; + By, (g, h) - 1) where x(g,h) :=
\/W /6 and a(g,h) can be expressed as the minimizer of a random
optimization problem (e.g. [164, eqn. (46)]). Moreover, it is shown in [164] that
a(g,h) converges to « as this is defined in Lemma 11. Conditioning on the h.p.
event that «(g,h) — «, we show that ¥(wy ) il W(By — 77 (kh + By, k - 1)). But
the latter term converges to I'(«, 1) by assumption, thus showing that the formula of
Theorem 9 holds for the solution of the (AO) problem. It is also worth mentioning

that the above argument shows the entries of wy to be asymptotically iid.

Next, we need to verify that the objective function of the (AO) strictly increases
when w is such that |¥(w) — I'(«x, 1)| > 26 > 0. First, if w is such, then using the
result of the previous section it follows that |¥(w) — ¥(w4)| > ¢ with probability
approaching 1. Then, the Lipschitzness property of ¥ implies that ||[w—wg|]>/+/p >
0/L. The desired conclusion then follows by showing that the objective function
in (3.10) is strongly convex in w and recalling optimality of wy. In particular,
7||g||2,/||w||§/n + 02 is strongly convex with coefficient 7/p for some constant
7 > 0 (independent of p). Thus for the objective function of the optimization in
(3.10) (say F()) it holds F(w) > F(wg) + CIek 5 pyy,) 4 22,

On the Support Recovery

The two metric defined in (3.2) do not satisfy the Lipschitz property. Nevertheless
the proof of Theorem 10 follows from Theorem 9 when combined with a weak-
convergence argument. Let ¥ : R — R be arbitrary L-Lipschitz function. By
Theorem 9, (1/p) ;¥ (Wo;) il Disty («, 4). Since this holds for all Lipschitz
functions, the empirical probability measure of wg converges [25, Thm. 25.8].
Hence, it follows (almostidentically as in [25, Thm. 19]) that ¥, ,,,, i I'(k, A1), where
I" as in Assumption 3 for the function W (w) = 1/k Zle L{iwi-po =€}~ Simplifying
the “T"(k, 1)-term" yields the statement of Theorem 10.
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Chapter 4

SPARSE COVARIANCE ESTIMATION FROM QUADRATIC
MEASUREMENTS: A PRECISE ANALYSIS

The problem of covariance estimation! arises in many areas of modern statistics and
information processing systems such as finance [5], when the underlying signal is
high-dimensional, and/or the memory or computation power is limited. Therefore, in
the current big data era, finding an efficient algorithm (in terms of sample complexity
and memory requirements) to accurately estimate the covariance matrix is of great

importance.

Recently, in [44, 48, 145], a framework for covariance estimation using phaseless,
or energy measurements has been proposed. This type of measurements find ap-
plications in covariance estimation of data streams [44, 120], spectrum estimation
of stochastic processes from energy measurements, noncoherent subspace detection
from energy measurements [145], and others. Mathematically, given an unknown
covariance matrix Xy € R”*?, the problem reduces to estimating Xy from a number
of m quadratic samples of the form al.TEOai +z;,1 =1,...,m. Here, the measurement
vectors @;’s are given and z;’s represent noise. [44, 48, 145] provide different convex
and non-convex optimization algorithms for the recovery of Xg. in this section, we
provide a convex optimization formulation that is similar to that of [44], and pre-
cisely characterize its performance. Moreover, in the noiseless setting, our analysis
framework provides the exact phase transition, i.e., the necessary and sufficient
number of measurements for perfect recovery of the underlying covariance matrix.
We are particularly interested in analyzing the underdetermined case, where we have
n< w measurements and n denotes the number of variables. In such settings,
the problem is ill-posed and the recovery is not possible unless the covariance matrix

belongs to a low-dimensional set.

In many practical settings, the covariance matrix possesses certain structures. For
instance, one common assumption is that the pairwise correlation has small mag-
nitude for many pairs of entries of the underlying random vector, and hence, the
covariance matrix has many (near)zero entries. in this section, we focus on the

problem of recovery of a sparse covariance matrix. The convex optimization formu-

I'This chapter in mainly based on the work in [2]
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lation includes a regularization term that only enforces sparsity on the non-diagonal
entries of the matrix. We then analyze the error performance of the solution. An
order-wise analysis of a similar convex estimator for this problem exists in the works
of [44, 48]. However, they provide upper bounds on the error of the estimated covari-
ance matrix, with order-wise phase transitions. The key contribution of this section
is to precisely characterize the error in the estimate and to present the necessary and
sufficient number of measurements required for perfect recovery of the covariance
matrix. In practice, having a precise theoretical understanding is extremely useful

in designing the proper measurement settings.

The organization of this chapter is as follows. In Section 4.1 we introduce the
main notations and mathematically set up the problem. Section 4.2 includes the
main result of the paper followed by discussions and numerical simulations. In this
section, we also present a major outcome of our main theorem which is the the
characterization of the phase transition in the noiseless setting. Finally, Section 4.3

concludes the paper by describing the key steps of the proof of our main theorem.

4.1 Problem Setup

Notations

We gather here the basic notations that are used throughout the paper. Bold lower
letters are reserved for vectors and upper letters are used for matrices. For a vector
v, v; denotes its i entry and ||v|| is its &,-norm. (-)T is used to denote the transpose.
X ~ px implies that the random variable X has a density px, E[X]| denotes
its expected value. For a sequence of random variables {X®} . , X 5 C
indicates convergence in probability, i.e., imP{|X® — C| > €} = 0 . N(u, %)
denotes the multivariate Gaussian distributilo_r)liowith mean u and covariance matrix
2. I, represents the identity matrix in dimension d. S, refers to the set of p X p
symmetric matrices. For X € S, [[X]|r, Tr(X) and ||X||o, respectively represent
the Frobenius norm, the trace, and the number of non-zero entries. We also define
IXIl7 = 2iz; |Xi ;| as the £;-norm of the non-diagonal entries of matrix X. The
function ¢ : S, — R is said to be Lipschitz if |y/(X) — ¢ (Y)| < %HX — Y||F, for
some constant L > 0. For a function f : & — R, we define its proximal operator as

following,

1
Prox(v,7) = argmin — [|x — v||* + f(x), VW€ S, 1 € R,.
xeS 2t
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Setup

Following [44], we consider the problem of recovering an unknown symmetric

matrix Xy € S, from n (noise-corrupted) quadratic measurements of the form,

1 1
Vi = — al‘TZOai +z; = —Tr(Zoal-aT) + Z;, i=1... ,n, (41)
p p

i

where {a; € R}, , is the set of known measurement vectors, and z = [z1, 22, . . ., Zm] "

R™is the noise vector. Throughout this section, for our analysis purposes, we assume
that a;’s are independently drawn from the Gaussian distribution with mean zero

and covariance matrix I,, the noise vector is independent of all the measurement

vectors, and has independent zero mean entries with variance o>. The normal-

T

ization % in (4.1) ensures that the measurement matrices a;a; are approximately

unit-(Frobenius)norm.

2n
p(p+l)
(0, 00), while p — oco. Our interest is in studying the case where 6 < 1, in which the

Our result is asymptotic which assumes a fixed oversampling ratio, ¢ := €
problem is ill-posed. Therefore, one needs to efficiently exploit the low-dimensional
structure of the underlying covariance matrix, Xo. Here, we focus on the setting
where the covariance matrix is sparse, i.e., it has a few non-zero entries and define

S . . . . o
k=1 p"2”0 as the sparsity factor. This happens in practical applications when a

large number of entries have small pairwise correlations. We analyze the following
convex optimization formulation for recovery of a sparse covariance matrix,
n 2
¥ = arg min L (yi - lal.TZ‘.a,-) + i||2||]. 4.2)
Xes, 2n & p p?

Recall from our notations in Section 4.1, the regularization term, [|X||, enforces
sparsity only on the non-diagonal entries of X, as the diagonals of a covariance
matrix consist of positive entries. Due to the positive-definiteness of the covariance
matrix, researchers often restrict the optimization program to the cone of positive
semidefinite matrices [36, 44]. Here, we relax that constraint and let the feasible set
contain all symmetric matrices. This relaxation not only simplifies the optimization
program (by removing some constraints), but at the same time we will show that,
when A is tuned properly, it will provide a positive-definite estimate for X, which

indeed is equal to the solution of the semidefinite program.

Contribution
The optimization (4.2) resembles the well-known LASSO problem in the litera-

ture [176]. When the measurement matrix in LASSO is Gaussian, there exist

€
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powerful tools such as CGMT [165] and AMP [62] that could precisely analyze its

performance. For example, the CGMT framework has been successfully applied
to analyze the performance in a number of applications including analysis of regu-
larized M-estimators [165], massive MIMO [1, 166, 174], and PhaseMax in phase
retrieval[54, 142]. Roughly speaking, for a convex optimization problem over an
instance of a Gaussian process, the CGMT associates a secondary optimization with
similar performance yet often much simpler to analyze.

Unfortunately, these frameworks do not apply to (4.2), because the measurement
matrix is a,~al.T whose entries are neither Gaussian nor independent. To provide a
precise analysis, we introduce a novel comparison lemma, that associates an equiv-
alent optimization with our initial optimization problem (see Lemma 12). The
equivalent optimization has i.i.d. Gaussian entries in its measurement, which makes
it suitable to analyze via CGMT. Lemma 12 claims that under some conditions,
the performance of these two optimizations is asymptotically the same. Therefore,
analysis of the equivalent optimization via CGMT, characterizes the performance
of our initial problem. To the best of our knowledge, this is the first work that
introduces an equivalent optimization to analyze the performance of the problem of

signal reconstruction from quadratic Gaussian measurements.

4.2 Main Results

The goal is to analyze the performance of our estimate, ¥ in (4.2). Let ¢(-)
be a function which is Lipschitz and either convex or concave. Popular convex
instances include ¢(X) = #lelh, and ¢(X) = ||X]|r/p, and a concave one is
?(X) = Amin(X). Our result is asymptotic in the sense that given a sequence of

0 i=1°
performance as the limiting behavior of the sequence {¢(£(P) — E(()p ))}peN. To

problem instances indexed by p, (Z(p ), {al.(p ) M z(f’))p - it characterizes the error

streamline the notations, we often drop the superscript (p) when understood from

the context.

Let X9 = [0y,;] ~ px,, where py, denote the distribution of the underlying co-
variance matrix, which also incorporates the sparsity structure of X. For instance,
one can assume that the off-diagonal entries of Xy are non-zero with probability
k € [0, 1], so that the average sparsity of the resulting covariance is k - p(p — 1). It
will be observed in Theorem 12, that py, plays a role in the performance of (4.2)

via the summary functionals F,(-,-), G(-,-), and @, (-, -), as follows.

Assumption 4 Let £ ~ py,, and H = [y ;] such that h;; = h;; "% N(0,1),
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for 1 < i < j < n We say that Assumption 4 holds, if there exist functions
Fl:RxR, >R, G :RxR, 5> R, and ®, : RxR>? - R such that for all
s€Randt >0,

1 P
17 ||Pr0x||,||l—(20 + sH, /lT) - ZOH% — Fi(s, 1),

1
— Tr(H - Prox|- (X0 + sH, /IT)) 5 G.(s,7), and,
p

¢(PI’OX||.||I (Z() + sH, /l‘[') - 20) E> D, (s, T), (4.3)

where the convergence is in probability, over the distributions of £y and H.

Later in this section, we argue that Assumption 4 holds under very generic settings,
and the the functions, F;, G,, and ®,, capture the role of A and py, in our analysis of
error performance. We now present the main result of the paper which characterizes

the limiting behavior of ¢(£ — o) in terms of § and .

Theorem 12 Let Assumption 4 holds, and £ € S p denote the solution to the convex
optimization (4.2), given n quadratic observations of the form (4.1). Then, as

p—)OO,

4.4)

o2 +2a** Vol + 2a*2)
* b

A P
¢(Z—Zo)—>q>a( % 28

where (a*, %) is the unique solution to the following system of non-linear equations

with two unknowns, a and S,

a,2 = F o242a2 Vo?+2a?
= I'a 25’ 28 s

4.5)
p= 2 - |E o

25

and the functions F)(-,-) and G (-, -) are defined in (4.3).

A few remarks are in place regarding Theorem 12:

[Frobenius Norm of the Error] Here, we show that the parameter @* in the

Theorem 12, represents the limiting value of the Frobenius of the error of (4.2),
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Il,”ﬁ — S,llF. Since, by choosing ¢(X) = I%HXH[ZT, from the definitions of @, (s, 7)
and F,(s, 1) in (4.3), we get

D,(s,7) = Fi(s, 7). (4.6)

Therefore, applying Theorem 12, the error performance can be computed as follows,

o2 +2a*% Vol + 2&*2)
*

| N P
—IE-Z2 > @ ,
SIE- R B e\ T S

o2 +20** Vol +2a*? )
=F, - =a,

26 28

4.7)

0.5 T T T T T T T T
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Figure 4.1: Performance of the optimization (4.2) with respect to ¢(W) = ||W||¢/p,
as a function of A. Circles represent numerical simulations, and solid lines are
theoretical predictions from Theorem 12. For simulations, we used p = 120, 6 = .8,
E[z?] = 1, and three choices of sparsity factor; k = .05 in red, « = .1 in blue, and
k = .2 in black. The results are averaged over 80 random realizations of data. For
A > A*, the output of (4.2) will be positive definite.

where the last two equalities come from (4.6) and (4.5). Figure 4.1 demonstrates
that the empirical result well matches the theoretical result derived from Theorem 12
. For our numerical simulations, the underlying covariance matrix, X, is chosen to
be a (uniformly) subsampled symmetric Gaussian matrix added by a multiple of the
identity matrix (such that Ain(2p) = 0.1 and kx = ”i%”o).
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[Tuning 1] In order to guarantee that the solution of (4.2) is positive definite, we
need to tune the regularization parameter A. Here, we show that if A is chosen such

that the matrix M := Prox |- (Xo + s* - H, At*) is positive definite, then S will also

ces . 2 2 Vo2 2 . .
be positive definite. Here s* = \/%, and 7 = YZ229 with (a*, B*) being

2B
the solution of (4.5).

To show this, we define the performance measure of optimization (4.2) to be the

concave Lipschitz function ¢(X) = #/lmin(X +Xy). Applying Theorem 12 yields,

1
VP

As aresult, when A is tuned properly such that M := Prox. |- (Zo+s*-H,At™) = 0,

1 P
mm(S) \/[_) mm (PI‘OX” I (E() + S H, /lT*)) —0 ,

then S would be a positive definite matrix.

Computing the appropriate range of A for an arbitrary distribution of py, is beyond
the scope of this thesis. For the case where X is chosen as the addition of a
subsampled Gaussian plus a multiple of identity, using results from random matrix
theory, we can show that 4 > C log(m), where C is a constant independent of
p and X, is sufficient for S being PD. Figure 4.1 also specifies the range of A under

which the estimate S is positive definite, for three choices of the sparsity factor, «.

Phase Transition

Using the result of Theorem 12, we are able to characterize the phase transition of our
convex optimization program, which provides us with the necessary and sufficient
number of measurements for the perfect recovery of the underlying covariance

matrix. Here, we assume that the measurements are noiseless (z = 0). The goal

2Mrec
p(p+1)
p — 9,0 > Ore is the necessary and sufficient condition for perfect recovery of X.

is to identify O = that indicates the exact phase transition, such that , as
We state the following corollary (without proof) that characterizes the exact phase

transition of the the optimization program (4.2):

Corollary 4 Consider the optimization program (4.2), given n noiseless measure-

ments (z = 0) of the form (4.1). For a fixed oversampling ratio 6 = and the

p(p+1)
sparsity factor k = %, the optimization program (4.2) perfectly recovers the true
covariance matrix (in the sense that lim,_, P{||£ - Zo|| > €} = O, for any fixed

€ > 0), if and only if 5 > Oyec, Where Oyc is the unique solution of the following
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Figure 4.2: Phse transition regimes for the optimization (4.2), in terms of the
oversampling ratio 6 = %, and the sparsity factor x. Solid line comes from

(4.8). For the empirical results, we used p = 40. The results are averaged over 20
independent realization of measurement vectors.

equation,

26 — 26 —
6Q‘1(26_ 2:) - (1 —K)¢(Q—1(25_ 2z)) (4.8)

—x2 0
Here, ¢p(x) = e—\/z_:, and Q(x) = /x ¢(z)dz, represent the probability density and

the tail distribution of the standard normal distribution, respectively.

Corollary 4 specifies that the optimization (4.2) achieves perfect recovery w.p.a. 1,
if and only if n > O - p(p + 1)/2. Note that oy is only a function of the sparsity
factor «, and is independent of other statistics of So. Figure 4.2 illustrates validity
of the Corollary 4. For numerical simulations, we used the same model to general
X, as for the Figure 4.1. As observed in the figure, the error becomes zero only in
the regime where n > O - p(p +1)/2.

4.3 Proof Outline
The complete proof of this theorem can be found in the (15) and (16).
Here, we outline the fundamental ideas behind the proof of Theorem 12. Consider

the optimization problem (4.2). To get a direct handle on the error term, it is
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convenient to rewrite the optimization in terms of a new variable, W = X — X.
Thus, (4.2) is equivalent to the following,
1 < 1 >
in —  — —Tr(WA;)| + —=I[|W+Xol, 4.9
nin 221(z ST ,>) IV 2ol (4.9)

where A; = a,-al.T, and the goal is to analyze ¢(W). To have a simpler notation, we

rewrite the optimization in a vectorized format. Let,
VecT (A1)
A= : , w=Vec(W), xo = Vec(Xy) , (4.10)
VecT(A,,)
where Vec(X) is the vectorization of X and Mat(x) is its inverse transform. For a

vector x, we also define ||x||; = |[Mat(x)||;. Using these notations, (4.9) can be

rewritten as

, 1 1., A _
Y(A) = Maf{‘éﬁsn‘”(A’ w) = %Ilz - I;AWII + ?||W+X0||1,

W(A) = Mat i A . 4.11
W(A) a(argMatrglvg)nEgpM W) (4.11)

We proceed onward by analyzing the optimization (4.11) which is similar to the
popular LASSO problem. As stated before, the main bottleneck in analyzing this
optimization is the fact that the entries of A are not i.i.d. Gaussian. Instead, we
prove the desired indirectly, via the following two steps. First, we show that the
properties of W(-) are preserved asymptotically, as we replace A, with a carefully-
designed Gaussian matrix B with independent entries. In other words, W(A) and
W (B) have the same asymptotic performance. Consequently, we utilize the CGMT
framework to analyze W(B). Leaving some technical details for section (15) and
(16), the mechanics are easy to explain and provide valuable intuition regarding our
approach.

Step 1. We start by introducing some new notations. Let G;, fori = 1,2,...,n,
be a symmetric matrix whose diagonal and (upper) non-diagonal entries are drawn

independently from distributions NV (1, 2) and N (0, 1), respectively. Also, define,
VecT(G)
B= : e R™P" (4.12)
VecT(Gy,)

The following comparison lemma forms the heart of our proof, allowing us to have

the same performance replacing A with B in (4.11).
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Lemma 12 Consider the functions ¥(.) and W(.) defined in (4.11) and the random
matrices A and B from (4.10) and (4.12). Let the assumptions in Theorem 12 hold
and both parameters (W (A)) and (W (B)) converge in probability as p — oo.
Then, ¥(W(A)) — ¢ (W(B)) > 0.

Lemma 12 essentially states that replacing matrices a,-al.T, fori =1,2,...,n, in
the optimization (4.9) with Gaussian matrices G; does not alter the performance
measure. It is worth noting that the stated result is only valid when all the stated
conditions hold. We defer the technical details in the proof to (15) and (16), but
once it is established we only need to analyze the performance of W(B).

Step 2. We utilize the CGMT framework to analyze the performance of W(B).

Lemma 13 Let (a*, %) be the unique solution to the system of equations (4.5),

then as p — oo, we have

(4.13)

o2 +2a** Vol + 2&*2)
" )

P
¢<W<B>>~<I>( 2

To show this lemma we need to apply the CGMT. We refer the interested reader
to section V.D. of [165]. So in the next section, we will focus on the proof of the

Lemma 12.

Proof of Lemma 12
Proving that (W (A)) and (W (B)) converge to the same value is one step away

from proving that for every C > 0

p
i A, W) —  mi B, 0. 4.14
Vo Spw W) MR Yy (B,w)| — (4.14)
Lwli2<c L wlP<c
P 2p

Once we have this lemma, if #HVAV(A) |2 and # IWh(B)||2 converge to different
values s; and s,, choosing C = (s1 + s52)/2 in (4.14) results in a contradiction.
Thus #HW(A)H% and #HW(B)H% converge to the same value. Then, using
Lipschitsness and convexity of ¢(.) and the same set of arguments as in the Section
IV-B of [4] shows that (W (A)) and ¢ (W(B)) converge to the same value.

It remains to prove (4.14). We define

| x| if x| > 1

n(x) = . (4.15)
% + gxz - %x“ 0.W.
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n(.) can be also applied to matrices, where it acts element-wise. It is twice differ-
entiable and convex. Besides, ¢ - n(X/1) is jointly convex in X and ¢ > 0, since it is

the perspective function of 7(-). Next, we introduce a new optimization,

1 1 At W + X
¥, (A) = min — ||z — —Aw|* + = -
re(A) VlglelsnpznllZ 5 wl| + o n(——)
€
+ —lIwl*. (4.16)

This function is convex in ¢ and concave in €. Furthermore,

infsup—Ce+Y¥;(A) = min ¢Y(A,w). “4.17)
>0 50 WeS,
ﬁIIWIIZSC

Thus, if we show that

¥, (A) - ¥, (B)| 20, (4.18)

we can apply Lemma 14 on (4.17), twice, to prove (4.14). The key ingredient of
proving (4.18) is the Lindeberg replacement principle and the strong convexity of
the regularizer in (4.16). We omit the details due to the limited space, but such
similar results has been shown in [130, 131]. We now present lemma bellow which

is also known as the convexity lemma in the literature [136].

Lemma 14 Consider a series of convex functions f,, : R>" — R that converges
point-wise to the function f : R — R. Besides, there exists M > 0 such
that for all x > M, we have f(x) > infg.g f(s5). Then f(.) is also convex and

infss0 fp(s) 2z inf-o f(s).
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Chapter 5

SCALABLE COVARIANCE ESTIMATION IN GRAPHICAL
MODELS WITH PROVABLE GUARANTEES

5.1 Introduction

variance matrices play a fundamental role in behavioral analysis of multivariate
random variables in a variety of fields including finance and economics, engineering,
and environmental and physical sciences. In modern such inference applications,
one is faced with the problem of estimating covariance matrices associated with
data, of a very large dimension p, from a few (and potentially less than p), number
of observations n. Also, it is often the case that the true unknown matrix possesses
some low-dimensional structure. This might be a property directly associated
with the covariance matrix (examples including sparse or approximately low-rank
covariance matrices), but it can also arise in an indirect form. For example, a
very well-encountered structural model, which is relevant to graphical models for
Gaussian random variables, is one in which the inverse of the covariance matrix
(rather than itself), also termed the precision matrix, is sparse. Here, the sparsity
pattern of the concentration matrix implies the structure of the associated graph in
the Gaussian Markov Random Field (GMRF), and is thus critical to estimate.

Overall, modern inference procedures for covariance estimation need to have the

following favorable properties:

* on the statistical/theoretical side, it is important that they provably reveal
the underlying structures of the true desired matrices (such as the support
pattern of the precision matrix) while having access to only few number of

observations.

* on the computational side, it is critical that their computational complexity
scales with the increasing problem dimensions, thus allowing to solve practical
instances in which n and p are on the range of (at least) a few hundrends. In
a similar flavor, algorithms that allow performing operations in a parallel
fashion on different machines thus speeding up the total performance are also

desirable.
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in this section, we consider the classical problem of estimating the sparse preci-
sion matrix of a multivariate zero-mean random variable, given n iid observations
{xi}i=1...n» € RP. While this problem has attracted lots of attention over the past
decade or so, and several algorithms have been proposed and analyzed in the relevant
literature, it appears that none of them enjoys both the computational and the the-
oretical features discussed above. We propose a novel algorithm that combines all
these; specifically, it (i) is scalable, (ii) is parallelizable, and (iii) provably estimates
the desired structure of the underlying graphical model from only a few number of

observations.

Background and Motivation

We consider the problem of estimating the covariance matrix X of a multivariate
. € R, We

focus on the regime of high-dimensions in which both n and p are large. Of

zero-mean random variable, given n i.i.d. observations {X;};=

.....

particular, interest is the case of limited number of observations n <« p. In this

high-dimensional setting the classical sample covariance estimator R = 37", x,-xiT
has been shown to perform poorly[92][93]. Besides, it cannot accommodate for
any prior knowledge on the structure of X. Many different kinds of structures have
been considered in the literature. For example, for the case of banded covariance (or
concentration) matrices, where the entries decrease as a function of their distance
from the diagonal, popular estimators include banded estimators [195][24][32], and

shrinkage estimators [102][76].

in this section, we focus on a widely-studied model where the concentration matrix
¥~! is sparse. This model shows up in graphical models for Gaussian random
variables. It is classically known that in graphical models, the sparsity pattern of the
concentration matrix implies the structure of the associated graph in the Gaussian
Markov random field (GMREF).

{1-penalized log det-optimization. A popular approach to estimate a sparse preci-

sion matrix is via solving the following convex optimization program:

A

Q =arg l’grzlil(’)l Tr(QR) — logdet(L2) + 2||Q" ||, (5.1
>

where recall that R := % 2y x,-xl.T is the sample correlation matrix, and ||Q7||; =
2izj |€ij| is the £1-norm of the off-diagonal entries of its argument. When the

observations are generated from a Gaussian distribution, then the objective function
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in (5.1) is nothing but the {;-penalized (negative) log-likelihood function. The

{1-regularization is known to promote sparse solutions under several settings [68].

On the analysis side, taking advantage of the convex nature of (5.1), the estimator
Q has been well-analyzed in the literature and it has been proved to enjoy favorable
properties. When the x;’s are Gaussian, Rothman et al. [138] showed, under

2~ O( (HP)%), where s denotes the

standard assumptions on X, that Q-3
number of non-zero non-diagonal entries in the concentration matrix; this implies
consistency in a Frobenius-norm sense, as long as n > O((s + p) log p). Later in
2008, Lam and Fan [100] further showed that (5.1) additionally recovers the sparsity
pattern of the concentration matrix as long as s = O(4/p) and n = Q((s + p) log p).
Since then, Ravikumar et. al. [134] have extended these results beyond Gaussians
to a general class of random variables with appropriate tail bounds (which includes
sub-Gaussians and random variables with bounded moments), under additional
coherence assumptions on X. Importantly, they proved consistency with respect to

the stronger notion of the max-norm 12 — = |lmax = max; ; 1(Q - =N il

These rich set of performance guarantees apply to the solution Q of the convex
optimization (5.1). However, the computational task of obtaining (e-close approx-
imations of) Q via standard generic convex solvers, such as interior point methods
and other second-order-methods [28], does not scale well with the problem dimen-
sions, which makes solving (5.1) prohibitive in any practical scenario where p is on

the order of even a few hundreds!

GLASSO. The computational challenge of scaling the minimizationin (5.1), has led
to significant research activity on deriving fast alternative algorithms [49][199][75].
A very popular method towards this direction is the Graphical LASSO (GLASSO)
[75]. GLASSO is an iterative algorithm, which starts with an initialization (say)
¥, and at each step, it solves a specific LASSO problem (aka ¢;-regularized least-
squares) with the goal of updating a specific row/column of this matrix. After p
iterations the entire matrix is updated once and the process continues until con-
vergence (in the sense that the updated matrix remains in some e-neighborhood of
the previous estimate). While the details of the updates are not important for our
discussion, it should be emphasized that solving LASSO problems can be done very
efficiently using off-the-shelf solvers (e.g. [74]). Hence, GLASSO is scalable and

is used in practice, instead of (5.1).

Unfortunately, despite its obvious algorithmic advantages when compared to (5.1),

no matching theoretical guarantees for GLASSO exist in the literature. This is
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despite the fact that GLASSO can be interpreted as a block-wise coordinate descent
approach for solving (5.1). For example, the answers to the following questions are
unknown: “What is the rate of convergence of GLASSO?", or “If you were to run the
algorithm for (say) p steps (during which the entire initial matrix X is updated once),
how good an estimate is obtained?". It should also be mentioned that more recent
proposed extensions of GLASSO such as the P-GLASSO and DP-GLASSO [111],
although apparently faster, still suffer by the lack of any analytical guarantees on

their rate of convergence and on the performance after a fixed number of iterations.

Adding to this, note that even though GLASSO is scalable, it is not parallelizable
since solving the LASSO at each iteration depends on the previous one.

Contribution

In this chapter, we propose a new algorithm that combines the virtues of both
GLASSO and of the convex estimatorin (5.1), i.e., it is fast and scalable with problem
dimensions, and it provably attains the same order-wise statistical guarantees as
(5.1). Moreover, it involves solving only p independent LASSO problems which

can be performed on different machines; thus it is also parallelizable.

The algorithm starts with a shrinkage estimator £ of X!. Then, it solves p indepen-
dent LASSO problems. Each LASSO problem uses X to obtain an estimate of the
i™ row/column of the concentration matrix. These p estimates are combined in the
last step to obtain a final estimate Q of the concentration matrix Q = 2!, We give
the details in Section 5.2.

The scalability of the algorithm is obvious: its computational complexity is the
same as that of solving p LASSO problems. On top of that (something that is
not true for GLASSO), the LASSO problems are independent of each other, thus
they can be run over parallel machines to achieve further improved computational
performance. Finally, when the random variables are Gaussians, we prove recovery
bounds that coincide with state of the art corresponding results on the performance
of the convex program in (5.1). In particular, we show that with the correct tuning
of the input parameters, the algorithm exactly recovers the zero-pattern of the
concentration matrix, which here corresponds to the structure of the underlying
Gaussian graphical model. Furthermore, we provide consistency guarantees on the

max-norm as in [134].

10ther appropriate initializations are also possible, we discuss these in later sections.
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Paper Organization

The rest of the paper is organized as follows. In Section 5.2 we describe how
the proposed algorithm operates, and we present its computational features and
accompanying theoretical results on its statistical performance. A more detailed
discussion, a thorough comparison of the results to the relevant literature and nu-
merical simulations are included in Section 5.3. The proofs, and also an illustration

of the intuition behind the algorithm are deferred to the Appendix.

5.2 The Algorithm: Computational & Statistical Guarantees
For convenience, denote the concentration matrix as Q := X' and [p] = {1, ..., p}.
)th

For a matrix M and a vector v we denote My ¢ and vy the (k,{)"" entry of M and

the k" entry of v, respectively.

FGL Algorithm
We call our algorithm the Fast Graphical-LASSO (FGL) algorithm. In this section,

we describe how the algorithm operates.

Initialization. Let R = % 1 xixl.T be the sample covariance matrix and DR be a
diagonal matrix with the same diagonal entries as R. For a constant 0 < u < 1, the

shrinkage estimator R, of X is defined as
R, = uDr + (1 - u)R. (5.2)

Of course, Ry = R. Further note that R, is always positive definite forall0 < u < 1,
even in the regime of few observations n < p. We will see that this property is
critical for the satisfactory performance of the algorithm in the presence of few

observations.

FGL takes as input a parameter y and utilizes £ = R, as an estimate of . Our main
theorem specifies appropriate values for tuning u that guarantee good statistical
performance. (For example, we will see that naively setting u = 0, eqv. initializing

the FGL with just R, guarantees good performance only in the case n > p).

p independent LASSOs. The main body of the algorithm is solving p independent
LASSO optimization problems. Each one of them uses the initialization R, and
outputs an estimate of a certain row/column of the precision matrix (a total p of
them).

Each one of the p main operations of the algorithm is independent of one other, but

can all be described in a common language. For this, fix anyi=1,..., p.
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Construct matrix £ by permuting the i™ and p™ rows and columns of £ such that

the i™ (resp. p™) row and column of £ is the p™ (resp. i™) row and column of X 2

Consider the following partition of £():
Ly o 12]

$0) —
5'1T2 022

(5.4)

where we have suppressed the dependence of the elements of the partition on the
index i in order to keep the notation simple. Using this notation, and for an input

parameter A > 0, solve the following LASSO problem,
BY = argmﬁin %ﬁT211,8+6'12ﬁ+/1||,8||1. (5.5)
Observe that 8 € RP~!. Use this to construct o) € R” as follows
1, k=1,

a)g) = (00 +BEuB) T x {8, k=p, k=1,....p. (5.6)

1 2

BY. k¢ {i.p}.

Output. The FGL algorithm outputs an estimate Q of the precision matrix €,

based on the previously computed vectors 0w i=1,..., p as follows:

Qo=@ +0)2,  ke=1,...,p. (5.7)

All these are outlined in Algorithm 1 below.

Algorithm 1 FGL Algorithm

Input: Observations {x; € R”},_; _,. Parameters 0 < u < 1,4 > 0.
Output: Estimate  of the precision matrix Q = 71,

SetX = R, = uDr + (1 — u)R as in (5.2).
foralli=1,...,pdo
Solve the LASSO problem in (5.5) to find 8, where £, and &, are as in
(5.4).
Use B(i) to form w as in (5.6).
end for
Using the wD’s, construct Q as in 5.7).

2Formally, define permutation matrices P?),i = 1,.. ., p such that
1, k=t¢{ip},
P =11 (kO € (p) (i), (53)
0, else.

Then, £ = POTPO



103

Computational Performance

It is clear that the main computational burden of the FGL algorithm is that of solving
p LASSO problems. This makes the algorithm scalable. Moreover, observe that
the LASSO problems are all independent of each other. The outputs 3% of each
are combined only at the last step of the algorithm to form the final estimate €.
Thus, each LASSO problem can be solved separately on a different machine. Each
machine needs only have access to the matrix ¥ computed at the first stage of the
algorithm. (See however Section 5.3 where it is shown that storing X is not necessary

and all operations can be performed via sole access to the observation vectors, when

n> p).

Statistical Performance
Aside from the obvious computational virtues discussed above, it is further shown

in this section that the FGL algorithm enjoys provable performance guarantees.

As s typical, the guarantees require some conditions on the true unknown covariance
matrix 2. We start with these and state the main result in Theorem 13. The theorem
holds for the case of Gaussian random variables, but we expect the result to generalize
to wider classes, such as sub-gaussians and variables with bounded moments. We

leave these to a future long version of the paper.

Some notation & Assumptions Let M € R”*P. Forsets S, R C [p], Ms g denotes
a sub-matrix of M with entries (M; ;)ies,jer. Also, we write ||M||max = max; ; |M; |
for the maximum element-wise norm of M and |[M||., = max; Zle |M; ;| for the

induced infinity norm.

Our analysis keeps explicit track of the positive quantities , y, A and A defined

below, so that they can scale in a non-trivial manner with the problem dimension p.

e First we define the parameter « > 0 that corresponds to the diagonal dominance

of the covariance matrix. We have,

Vielpl, 19| < kQi. (5.8)

Jj#i
e We also define y > 0 such that

Vielpl, II(Zs.8) " o <7,

corresponding to the {,-norm of the inverse sub-covariance matrices.
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e Weuse 0 <1 <A< oo todenote the minimum and maximum eigenvalues of Z,

/lmax{z} < /i
/lmin{z} 2 /_l

We require the following assumption on the covariance matrix. See Section 5.3 for

a discussion of its interpretation.
Assumption 5 There exists a constant 0 < a < 1 such that,
. -1
Vi € [p]’ ”251',31‘(281"‘&) ||00 < l -a.

Main Result. We are now ready to present our main theorem characterizing the
statistical performance of the FGL algorithm in terms of both support recovery and

max-norm consistency.

Theorem 13 (Zero-pattern & max-norm Guarantees) Letthe observations {X;}i-

follow a zero mean Gaussian distribution of covariance ¥ € RP*P that further sat-
isfies Assumption 5. Let @ = X', and Q be the output of the FGL Algorithm 1 with

input parameters y = pu* defined in (5.11) and A = %(K + 1)2‘/710%. Then, for
any T > 2, the following statements hold with probability at least 1 —5/p™ 2.

(i) Supp(€2) C Supp(€2).

(ii) Further suppose that

o ((4 - )y (€1 +1)

2
) d*tlog p, (5.9)
ad

for some constant M and C; = 1 + (8_20‘6!&. Then,

A 7lo
”Q_'QHmax <G gp, (5.10)

n

for Cy = 2727(C1 + &)+ k(1 +k + k2 + C1(2x + 1)).

In the statement of the theorem, the bounds and the value of the regularizer parameter

A are both specified in terms of a parameter 7 > 2. Larger values of 7 lead to looser

.....

n
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bounds on the error performance, but yield faster rates of probability convergence.

Further, we suggest the following tuning for u 3

40V21 1 1
4* =min {0.5, V2 8P 6 [PTOBP L (5.11)
max;x ;{2 |} n n

Statement (i) of the theorem guarantees recovery of the zero pattern of the precision

matrix Q. Equivalently, for Gaussian graphical models, it guarantees recovery of
the structure of the underlying graphical model. A further refinement of this result
to perfect signed-support recovery is possible with an additional assumption on the

minimum on-support entry of €2, as stated in Corollary 5 in Section 5.3.

The second statement of Theorem 13 proves consistency of the FGL estimate in the
max-norm sense as long as n = O(log p). This is the same order-wise result as the
one obtained by Ravikumar et al. [134] regarding the log det-minimization in (5.1);
see Section 5.3. Also, the bound of Theorem 13(ii) can be further used to conclude
bounds on the Frobenius and on the Spectral norm of the error. We discuss these in
Section 5.3.

5.3 Discussion and Numerical Experiments

We start in Section 5.3 with a couple of extensions of Theorem 13 to signed-support
recovery and bounds on the Frobenius and on the spectral norm. In Section 5.3,
(i) we discuss the main differences of the proposed algorithm to the GLASSO,
(i) we compare Theorem 13 to corresponding results on the performance of the
convex log det minimization (5.1) derived in[75, 102, 134] and show that the FGL
algorithm enjoys the same order-wise guarantees as the latter and (iii) we provide
an interpretation of Assumption 5. Finally, in Section 5.3 we present the results of

numerical experiments.

Extensions
Signed-support Recovery. A further refinement of Theorem 13(i) to perfect
signed-support recovery is possible with an additional assumption on the minimum

on-support entry of £ as shown in the corollary 5 below.

3 It turns out from the analysis that the initial matrix £ of Algorithm 1 needs be positive definite.
As discussed, the shrinkage estimators R, enjoys that property even when n < p. The larger the
value of u is the better the bound on the minimum eigenvalue of R,,, but at the same time as the
parameter u increases, we loose control of error of the estimator in terms of the operator norm and
element-wise maximum norm. It turns out that the tuning suggested in (5.11) serves both of the
aforementioned goals well enough.
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Corollary 5 (Perfect signed-support recovery) In addition to the assumptions of
Theorem 13, suppose that n and p further satisfy Cz\/@ < ming, ;0 [€2 .
Then, with probability at least 1 — 1%’ we achieve perfect signed—supporl:;{ecovery,
ie., sign(€Y; ;) = sign(€Y; ;),V(i, j).

Rates in spectral and Frobenius norms. The bound on the max-norm of Theorem
13(ii) can be used to derive bounds on the Frobenius and spectral norms of the error,

as well.

Corollary 6 (Spectral and Frobenius norm bounds) Under the same setup and

assumptions as in Theorem 13(ii), with probability at least 1 — %, it holds

IQ-Qlr=0 (\/—(”pl“"g”) and

min{(s + p), d*}t logp)

(5.12)

12 -Ql,=0 (

n
Using bounds on spectral norm, we can also provide guarantees for positive defi-
niteness of the matrix. Note that the covariance matrix € is positive definite with
Amin{Q} > A~'. Thus, any matrix Q for which ||Q — Q| < /_Tl holds, is also
positive definite. This in turn implies that, if A is constant, then enough samples on
the order of O(min{s + p, d*}t log p) guarantee that  is positive definite. In this

case, it can be inverted to further obtain an estimate of the covariance matrix.

Further remarks

On Initializations of £. Theorem 13 characterizes the performance of the FGL
algorithm under the initialization £ = R, for appropriate tuning of the parameter
p as in (5.11). It turns out from the analysis that the same desired performance is
attained as long as the initialization X is positive definite, and is appropriately close
to the true X in both the spectral norm and the max-norm. For example, the sample
covariance matrix R satisfies these conditions, but only when n > p. This suggests,
that R, which otherwise might have been a standard candidate for initialization
of such an iterative covariance estimation algorithms, is a good initialization only
when the number of observations is relatively large. However, when this is the

case, initializing with R leads to reduced space complexity . To see this note that
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calculating the LASSO objective in (5.5) does not require computing and storing
R, but rather, it can be done directly solely via access on the x;’s since for any two
vectors u and v, itholds u"Rv =1 3 (u"x;) (v'x;), and Rv = 1 37 (vTx;)x;.

Comparison to the GLASSO. The Graphical-LASSO algorithm [75] is an iterative
algorithm. It starts with an initial estimate X (say) of ¥ and it iteratively updates
its rows and columns. At each iteration, it solves a LASSO problem (as the name of
the algorithm suggests). This is similar to the LASSO problem in (5.5) of the FGL
algorithm, but other than that there are important differentiating features between
the two algorithms as discussed next. First, the GLASSO at each iteration updates
the last (after permutation) row/column of the covariance estimate X. Instead, the
FGL algorithm never operates directly on X, but rather outputs an estimate of the
precision matrix. Each iteration of the GLASSO results in the last row/column of
the ! that is sparse (owing to the structure-promoting nature of the LASSO), but
at the same time it ruins any structure of the rest of the blocks of £~! obtained
in previous iterations. In contrast, since the FGL algorithm operates directly on
the precision matrix, it does not suffer from this issue. Besides, updating £ at
each iteration makes the analysis of the GLASSO hard. The fact that the solutions
of the LASSO problems in our algorithm are independent allows us to obtain the
theoretical guarantees in Theorem 13. To the best of our knowledge, analogous
results for the GLASSO are not available in the literature

Regarding time complexity, both the algorithms are scalable. Yet, FGL is a “one-
shot" algorithm in the sense that it only requires solving p LASSO problems.
Algorithms like the GLasso [75], the P-GLasso and the DP-Glasso [111] require at
least the same complexity. An additional feature of FGL, as mentioned before, is the

fact that it can be parallelized over different machines for even faster performance.

Comparison with existing guarantees on the log det-optimization. As discussed
in the introduction, the convex nature of the estimator in (5.1) allows analyzing
its statistical performance [134, 138]. In particular, Ravikumar et al.[134, Thm. 1]
used a primal-dual witness approach to prove that, under an appropriate incoherence
assumption on the Hessian of the log det term and under enough number of obser-

vations n > Cd’7log p (for some C a constant that depends on the incoherence
parameter), the optimal solution  of (5.1) satisfies [|Q — Q||max < Mgw/”o%,

with probability at least 1 — p,l,z. Here, M5 depends on the model parameters

such as y,«, etc. (for example, when these are constants then ||Q — Q|lmax =
O(+\/(tlog p)/n)). Of course, this bound coincides with the result of Theorem
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13(ii). Moreover, it is shown in [134] that Supp(€) C Supp(€), which is also

guaranteed by Theorem 13(i). Hence, for Gaussian random variables, Theorem
13 shows that the FGL algorithm attains the same order-wise performance bounds
as state-of the-art corresponding results on the convex optimization in (5.1). It
should be noted however that the results in [134] go beyond Gaussians; we defer
such extensions for our setting to future work. Also, the two results hold under
different incoherent conditions (compare Assumption 5 to [134, Ass. 1]), which are
not directly comparable. Please refer to the new remark for a discussion on the

interpretation of Assumption 5.

It is worth mentioning that the error bound on the Frobenius norm derived in
Corollary 6 also coincides with corresponding best known results in the literature.
In particular, Rothman et al. [138] showed that under a mild restriction on the

minimum eigenavalue of the covariance matrix it holds with high probability that

I1Q - Q| < M; (””)%, for M depending on the parameters A and A.

Overall, it has been shown that the algorithm proposed in this section enjoys per-
formance guarantees (at least in the Gaussian case), which are as strong as the best
known ones in the literature regarding the performance of the £;-regularized log det
minimization. However, the former has superior computational performance and

can scale with increasing high-dimensions of modern applications.

On Assumption 5. The incoherence Assumption 5 is similar (but not the same)
to standard assumptions imposed on X in the performance analysis of the LASSO
[115,177]. Intuitively, this assumption limits the influence between different random
variables in the following form. Suppose x is a zero-mean Gaussian random vector
with covariance X. Then Assumption 5 is equivalent to the following,

Vie[p], max [E[xg|xs]llo<1-a. (5.13)

s, o<1

Since E[xg.] = 0, this can be interpreted as a requirement that the influence of the

variables in S; on the variables in S; is not large.

Numerical Experiments

In this section, we illustrate the validity of the predictions of Theorem 13 via
numerical simulations. For two different structures of the underlying graphical
model, namely a line-graph and a star-graph, and for varying parameters p and
n, we produce realizations of Gaussian observations and report the probability

of successful signed-support recovery (see Corollary 6) and the max-norm of the
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estimation error. The structure of the underlying graph determines the sparsity

pattern of the concentration matrix.

Chain graph. For the chain graph, the precision matrix £ has non-zero entries
only on the diagonal and on the upper and lower diagonals, i.e., it is tri-diagonal.
For the simulations, we set €, ; = 0.5 for |i — j| = 1 and €;; = 2. Note that for the
chain graph d = 2, and for the specific values of the precision matrix, Assumption

5 is satisfied with parameter @ = 0.732.

For each one of the simulated values of pairs (n, p), we draw N = 40 batches of n
Gaussian random observations with covariance ¥ = Q~!. We run the FGL algorithm
on each data batch with input parameters A = \/@ and u = k’% (in consistency
with the scaling suggested by Theorem 13.). In Figure 5.1a we have plotted the
probability of signed support recovery as a function of the number of observations.
As expected, more samples are needed as the problem size p increases. In Figure
5.1b the data are plotted against the rescaled sample size n/log p. As suggested by
Corollary 5, the curves corresponding to different values of p pile up, verifying that

a sample size of O(d? log p) is sufficient for successful signed support recovery.

Star graph. We build the star graph by connecting its central node (first random
variable) to p/10 other nodes and the rest of the nodes are disconnected. In fact, in
the first row/column of the concentration matrix we set the first p/10 entries to be
0.5 and similarly, we add a scaled identity matrix to make the smallest eigen value
to 1. Thus, for the star graph d = p/10, and for the specific values of the precision
matrix, Assumption 5 is satisfied with parameter @ = 0.8.

5.4 Proof of the Main Results
Proof of Theorem 13

Proof 4 In this section we prove Theorem 13 through several steps and lemmas.
Before anything, we mention this result which is a simple modification of the results
in [187, Proposition 2.1] and [134, Lemma 1.]

Lemma 15 Consider a zero-mean Gaussian random variable with covariance ma-
trix ¥ where Apax(X) = A. Given observations {X;}i=1._n of the random variable,

Then with probability at

.....

we construct the sample covariance as R = % 1 xixl.T.
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Figure 5.1: Plots of the probability of signed support recovery of the precision matrix
corresponding to a chain graph, and for different values of p as a function of (a) the number
of observations n, and, (b) of the scaled sample size n/log p. The different curves pile up
in (b) as predicted by Corollary 5. Each simulation point corresponds to an average over
N =40 points.

Prob. of Successful Support Recovery. Prob. of Successful Support Recovery.

300

1 T T T T T T 1

—*%—p=80
0.9 —o—p=150

08

T

0.7

06

05

0.4

Prob. of Success

Prob. of Success

03r

0.2

01 r

x L x A
0 2 4 6 8 10 12 14 16 18 20 0 200 400 600 800 1000
n/(dlogp) n

(a) (b)

Figure 5.2: Plots of the probability of signed support recovery of the precision matrix
corresponding to a star graph with parameter d = p/10, and for two different values of
p as a function of (a) the number of observations n, and, (b) of the scaled sample size
n/log p/d. The different curves pile up in (b) as predicted by Corollary 5. Each simulation
point corresponds to an average over N = 40 points.

least 1 — pf_z we have

_ 1
IR = =flmax < 80V214 [ 8P
n

IRs,.s — Zs,.s:l2 < 324 (5.14)

1200



111
if n satisfies (5.9).

In the next step, we desire to get similar bounds on the error of the shrinkage

estimator with parameter chosen as in (5.11). We prove the following lemma,

Lemma 16 Consider a zero-mean Gaussian random variable with covariance ma-

trix ¥ where Ao (X) = A. Given observations {X;}i=1.._n of the random variable,

.....

we construct the shrinkage estimator with parameter u set to be as in (5.11). Then

with probability at least 1 — pf,z we have

[rl
IR, — 2 [lmax < 160V214/ = ‘;gp

- |8t 1o
IRL (S8 — Zsisil2 < 96/1\/|’|Tgp,

Proof 5 First, we desire to bound |R — X||max. Note that due to (5.2) we have,

b

if n satisfies (5.9).

”R,u ~ Xllmax £ #lIDR = Z|lmax + (1 = ) [|R = Z|max
< pmax {”R,u = 2 ||lmax> n;R}X |2i,j|}
+ ”R - z“”max

71
< 160V2.1, | 1282

n

(5.15)

where the last inequality is due to lemma 15 and the way we chose p in (5.11). Now

for the spectral norm we have,

IRL(s,.5) — 28,812 < plDRr(s.8) — Zs,.5; |12
+(1 - pWlRs,.s — Zs; 5112

< u(lIZs,s,1l2 + DR (s,.5) = D (si.s0 2

+ Dz (s.5)l12) + IRs,.s = Zs,.5, 12

< u(22+|Rs.s; — Zs,.51k) + IRs,.s, — Zs,.5: 112

< 962\/@ (5.16)

where the last inequality is due to lemma 15 and the value of u in (5.11).
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In the next step, we prove that the shrinkage estimator R, has similar assumptions

as 2 including the incoherence assumption.

Lemma 17 Consider a zero-mean Gaussian random variable with covariance ma-

trix X where Admax (X) = A. Given observations {X;}i=1..._n of the random variable, we

.....

construct the shrinkage estimator with parameter u set to be as in (5.11). Suppose

that X satisfies assumption [Al] with parameter a. Then with probability at least

1- pf_z the shrinkage estimator satisfies assumption [Al ] with parameter a /2 and

also inequality (5.8) with parameter 2y if n satisfies (5.9).

5

Proof 6 According to lemma 16 with probability at least 1 — ooz we have
- [l
IR, = Elmax < 160V214 =L,

_ 1871
IR, (s.5) — Es.. ]l < 961,/"'7#. (5.17)

Let us denote E := R, — X and rename L= R, fo avoid unnecessary notations.

Then for all i we have

125 s, (Es.5) o = 1(Eg s, +Z5,5) (Es.s, + Zs..5,) " oo
<1255 Z5.6) oo 1T+ (Zs,.8) " Es,.8) ' Moo

+Eg, s lloll(Es,.5) " lloo
1

1 - ”(ZSI-,S,»)_]ESi,Si ||°°

< (1-a). + 27 ISIEs, s, lmax (5.18)

Now we bound each term above, (note that |S;| < d)

1(Zs,.5,) ' Es,.s,llo < Vd||(Zs,.5,) " Es,.s,II2
< 1(Zs.5) " 2 IEs,.s ll2

B 96AVd [dtlogp . 3a

- A n T4 -

(5.19)
where the last inequality is because of (5.9). On the other hand,

- |
27 ISil|Eg, s llnax < 320V2yd T4~ £l <2 (5.20)

And the last inequality is due to the choice of n (5.9) for large enough constant M.
Now, combining (5.18), (5.19) and (5.20) implies the following,

< = _ a
1255, (E5.s) o < 1 - > (5.21)
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as desired. Now we just need to bound the following

1(Es,5) " e < 1(Z5,5) " Nloo 1T+ (Z,.5) " Esys) ™ o
1

<vy (5.22)
1 - ”(ZS,‘,S,')_]ES,',SL'”OO
Now we need to bound the later term,
1(Zs,.5) " Es,s,llo < Vd||(Zs,.5) "Es,.s.ll2
< 1(Zs.5)  RMEs,sII2
96AVd |dr1 1
96AVd [drlogp 1 (5.23)

A 2

and the last inequality is similarly due to the choice of n. Combining (5.22) and
(5.23) leads to

I(Zs,.5) " ko < 2y (5.24)

Now from now on suppose & = R, and with probability at least 1 — %, lemma
17 holds. Recall that the FGL algorithm performs p steps of iterationsi =1,...,p
and in the step i, it estimates the i'" row/column of the concentration matrix Q. All
these steps are independent and can be performed in parallel. Thus, we just analyze
how well the algorithm performs in recovering the p*' row/column of & and then
the same goes for the other steps as well. So for now assume that the we are in the
p'™ step of the algorithm that recovers p'™ row/column of Q. The algorithm first

solves the following Lasso problem,
A | R _
B =argmin SpTE11B+ B+ AIBI (5.25)

Recall that the output of this problem was supposed to be an estimation B of the
quantity By = 3—2 and now we analyze its performance in recovering the structure

of Bo and also in terms of the maximum norm of the error || — Bollmax-

Performance of the Lasso

To analyze the Lasso problem (5.25), we utilize a well-known technique called
primal-dual witness. Note that based of the assumption [B2], ¥11 is positive definite
which implies strict convexity of the objective function in (5.25) and also uniqueness

of the optimizer jB. Besides, B satisfies the optimality condition

LB+ +18=0, x€d|Bl. (5.26)
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where 0|1 is sub-differential of the £-norm calculated at 8. Now we proceed by
constructing a pair (B, ¥) that satisfies (5.26) and due to uniqueness of the optimizer
B = B. We are going to do this in two steps, first constructing the pair (3, %) and
then proving that this pair satisfies (5.26).

1. Constructing the pair (B,%): We denote support of the vector By by S and its
compliment by S¢ and for a vector v € RP~! vg € RIS! is a sub-vector of v with
entries {V;}ics.

In order to construct (B, %), we set Bse = 0 and
5 e _
Ps = arg min Eﬁgzs,sﬁs + 7, gBs + AllBsli.-
S
Thus Bs satisfies the following optimality condition,

Yssfs + T s+Afs =0, Xs€d|Bsll- (5.27)

Note that in (5.27) we also set Xs. At last we choose Xsc to be
. I & 5  _
X§e = _Z(ZSC’SﬂS + 012 Sc). (528)
Because of the way we constructed the pair (B, %), we already have
Lnf+a1+A8=0, s €d|Bslh-

We just need to check if ¥se € 0||Bse |1 or equivalently if | Zsc ||l < 1 because Bse = 0.

2. Verifying Optimality Conditions: First we define error of estimation in X to be
Z =% -3 andalso A = f‘.nﬁ — X1180. Thus

As =2s5(Bs —Pos) +ZssPos
Ase = Zges(Bs — Bos) + Zse sPo's
= Asc = WAs — WZgssBos +ZscsPo s, (5.29)

where W := Lgc s (f‘.s,s)_l. Now, combining (5.28), (5.29) and 512 sc = —2Zgc 50 s+
Z12 sc implies the following,

1 1 1 1
rse = —WA —WZ — —Zgc - — c. 5.30
Xge = 7WAs + 1 s.sBos 14s sPos TL2s (5.30)
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We also make use the equation (5.27) and 012 s = —2ssfos + 2212 S to rewrite
(5.30) as

.1 _— !
Fge = /—1W112 s + Wis + ZWZS,S,BO S~ /—lZsc,sﬁo S

1
- — c. 5.31
Th2s (5.31)

We desire to bound ||Xsc || and so

- 1 .
[l %se lloo < Z”W”oo”le Slleo + [[Wleo [l Xs]loo
1
+ /—l||W||oo||Zs,s||max||/30 slh
1 1
+ Z”ZS",S”max”,BO S”l + Z”ZU S¢ ”max- (532)

From the assumptions we have a bound on all the variables above including
1Zllmar < f(n.p), Wl < 1 =@ [Bolli < x and 2 = 2% (k + 1) f(n, p)
that we can use in (5.32) which results in ||Xsc|l < 1.

3. Deriving Performance of the Lasso: The previous two steps showed that
B = B is the unique answer to the lasso problem (5.25) with the property that
Support{ 8} cSupport{By}. This already proves the first part of the theorem Since
in the way we estimate &> from B in the algorithm, Support{} cSupport{By}
implies Support{@,} CSupport{wi,}.

On the other hand, due to equation (5.26)

A+z+ A8 =0= ||Allo < A+ [|Z12]lec < C1f (1, p), (5.33)
where C1 =1+ w We also can rewrite (5.27) as
YssBs — EssPos+ZssBos +T12s + ks =0 =
Bs - Bos = ig,lsZs,sﬁo s — ig,ISZu s — /lig}sis-
Thus,
1B = Bolleo = 11Bs = Bosllw < y(x+1)f(n,p)

(4=28) 11, p) = (C1 + 1) f (. p). (5.34)

+y(k+1)——=
a

where we used Bsc = Bo sc = 0and ||)f.§’lsllo0 < y from the assumptions. Besides, (53—
Bo) has at most s = |S| non-zeros entries because Support{ 8} c S =Support{Bo},

N

18 = Bolli < slIf = Bolleo < sy(C1+ k) f(n, p) <1, (5.35)

where last inequality is because of the additional assumption in the theorem.
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w12

Estimating w, and w;, from o

We know from previous section that how well the Lasso problem (5.25) performs
in estimating 2‘:—2 The FGL algorithm uses the following equations to estimate w1,

and wyy using the answer f3 to (5.25),

. 1

Wy = ——F= %>
an+LTE1p

D= —————— 'BA —. (5.36)
g+ LTEp

We are interested in bounding the error terms |0y — wy| and @1y — w12||o]||. As
the first step,
(022 + ByZ11Bo) — (T2 + BTEN) = (022 — T22)
+2ByA + (B = Bo)"A
+B5(Z11 = Z11)Bo + By (Z11 = Z11) (B = o)
Therefore, Cauchy—Schwarz and triangle inequality implies
(022 + ByE11B0) — (G2 + BTENB)| < |oan — G722
+2/1Bolli 1A lleo + 118 = Bolli 1Al
+1BolIFIZ11 = Z11llmax + 1BolltIZ11 = Zi1llmaxllB — Boll
< (1+42kCi +Ci + k%> +k) f(n, p) (5.37)
On the other hand, because of the extra assumption in the theorem |0y — 02| <
f(n, p) < A/2 and therefore
(22 +BE11B) 2 022 > 00 — |52 — 020

>1-1/2=2/2 (5.38)

Now, combining (5.37) and (5.38) gives us the following

. 1 1
Wy —wy = ———— —
Tn+BTENS o+ BiEi o
2
< ?(1 +2kCy +C1 + K> +K) f(n, p) (5.39)

Finally,

@12 — wi2llo = |BD2 — Bodr + Bo@az — Bow2a |l
< 118 = Bolleo®22 + |@22 — w22l | Bolleo
2

< Z«y(cl + k) f(n, p) + k(1 +2kCi + C1 + &2+ 1) f(n, p), (5.40)
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where the last inequality is from (5.38), (5.34) and (5.39). This implies our final

result in the theorem,

lo12 — wizlleo

< %’)’(K+C1)+K(l+K+K2+C1(2K+1)) f(n,p). (5.41)



118
Chapter 6

UNIVERSALITY IN LEARNING FROM LINEAR
MEASUREMENTS

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 xg € R”, from
observations of the form y; = al.TXO, fori =1,...,n. In many modern applications,
the ambient dimension of the signal, p, is often (overwhelmingly) larger than the
number of observations, p. In such cases, there are infinitely many solutions that
satisfy the linear equations arising from the observations, and therefore to obtain
a unique solution one must assume some prior structure on the unknown vector.
Common examples of structured signals are sparse and group-sparse vectors [35, 61],
low-rank matrices [34, 135], and simultaneously-structured matrices [39, 128]. To
this end, we use a convex penalty function f : R”? — R, that captures the structure
of the structured signal, in the sense that signals that do not adhere to the desired
structure will have a higher cost. Therefore, the following estimator is used to

recover Xo,

X =argmin f(x) subjectto, y;= at-Tx, i=1,...,n. (6.1)
X

Popular choices of f(-) include the ¢;-norm for sparse vectors [176], and the nuclear
norm for low-rank matrices [135]. A canonical question in this area is “how
many measurements are needed to recover Xg via this estimator?" This question
has been extensively studied in the literature (see [6, 40, 156] 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 with high probability. In the special
case where the entries of the measurement matrix are drawn iid from a Gaussian
distribution, the minimum number of measurements for the recovery of xo with
high probability is known (and is related to the concept of the Gaussian width
[6, 40, 156]). For instance, it has been shown that 2k log(p/k) linear measurements

IThis chapter is mainly based on the work in [3]
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is required to recover a k—sparse signal [58], and 37 p measurements suffice for the
recovery of a symmetric p X p rank-r matrix [40, 127]. Recently, Oymak et al
[130] 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 [131]. Although
these works are of great interest, the independence assumption on the entries of the
measurement vectors can be restrictive. In certain applications in communications,
phase retrieval, covariance estimation, the entries of the measurement vectors a;
have correlations. in this section, we show a much stronger universality result
which holds for a broader class of measurement distributions. Here is an informal

description of our result:

Assume the measurement vectors a; are drawn iid from some given
distribution. In other words, the measurement vectors are iid random,
but their entries are not necessarily so. Then the minimum number
of observations needed to recover X from (6.1) with high probability,
depends only on the first two statistics of the a;, i.e., their mean vector

W, and covariance matrix X.

We anticipate that this universality result will have many practical ramifications. in
this section we focus on the ramifications to the problem of recovering a structured
matrix, Xo € R”*?, from quadratic measurements (a.k.a. rank-one projections). In
this problem, we are given observations of the form y; = al.TXoai = Tr(XO(aial.T)) =
vec(X)'vec(a;al) fori = 1,...,m.2 Such measurement schemes appear in a variety
of problems [31, 44, 104, 105, 194]. An interesting application of learning from
quadratic measurements is the PhaseLift algorithm [36] for phase retrieval. In phase
retrieval, the goal is to recover the signal xy from quadratic measurements of the
form, y; = |al.TX0|2 = al.T (xoxg)ai. Note that xoxf) is a low-rank (in this case rank-1)
matrix and PhaseLift relaxes this constraint to a non-negativity constraint and min-
imizes nuclear norm to encourage a low rank solution. Quadratic measurements
also appears in non-coherent energy measurements in communications and signal
processing [8, 180], sparse covariance estimation [44, 194], and sparse phase re-
trieval [104, 147]. Recently, Chen et al [44] proved sufficient bounds on the number
of measurements for various structures on the matrix Xy. However, to the best of

our knowledge, prior to this work, the precise number of required measurements for

2The reader should pardon the abuse of notation as the measurement vectors are now vec(a;al).
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perfect recovery was unknown.

For example, when the a; have iid Gaussian entries (note that the measurement
vectors, which are now vec(a;a!), are no longer iid Gaussian) we show that 3pr
measurement is necessary and sufficient for the perfect recovery of a rank-r matrix
from quadratic measurements. In the special case of phase retrieval, we therefore
demonstrate that 3p measurements is necessary and sufficient for perfect recovery
of xp, which settles the long standing open question of the recovery threshold for
PhaseLift. In particular, this indicates that 2p extra phaseless measurements is all

that is needed to compensate the missing phase information.

The remainder of the paper is structured as follows. The problem setup and def-
initions are given in Section 6.1. In Section 6.2, we introduce our universality
framework, which states that the number of required observations for the recovery
of an unknown model depends only on the first two statistics of the measurement
vectors. As an applications, in Section 6.3, we apply this universality theorem to
derive tight bounds (i.e., necessary and sufficient conditions) on the required number

of observations for matrix recovery via quadratic measurements.

6.1 Preliminaries

Notations

We start by introducing some notations that are used throughout the paper. Bold
lower letters X, y, ... are used to denote vectors, and bold upper letters X, Y, ...
are for matrices. For a matrix X € R"™P?_ Vec(X) € R”" returns the vectorized
form of the matrix. ||X||2, ||X]|r, ||X||x and Tr(X) represent the operator norm, the
Frobenius norm, the nuclear norm and the trace of the matrix X, respectively. [|x||,
denotes the £,-norm of the vector x and for matrices, [|X[l,, = [[Vec(X)]l¢,. For
both vectors and matrices, || - ||o indicates the number of non-zero entries. The set
of p X p positive definite matrices and positive semi-definite matrices are denoted
by S?, and S”, respectively. The letters g and G are reserved for a Gaussian random
vector and matrix with i.i.d. standard normal entries. The letter H is reserved
for a random Gaussian Wigner matrix, that is a symmetric matrix whose upper-
diagonal entries drawn independently from N (0, 1) whose its diagonals entries are
drawn independently from N (0, 2). Finally, the letter I is reserved for the identity
matrix. For a random vector a, E[a] and Cov|[a] represent the expected value and

the covariance matrix of a.
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Problem Setup

We consider the problem of recovering the unknown vector xg € S € R? from n
observations of the form y; = a;.rX(), i=1,...,n. Here, the known measurement vec-
tors a; € RP’s are drawn independently and identically from a random distribution.

These observations can be reformulated as
y=Axp, (6.2)

where y = [y1,...,v,]" € R* and A = [ay,...,a,]" € R™P. We focus on the
high-dimensional setting where both n and p grow large. We use the notation
n = 6(p), to fix the rate at which n grows compared to p. Of special interest is
the underdetermined case where the number of measurement is smaller than the
ambient dimension. In this case, the problem of signal reconstruction is generally
ill-posed unless some prior information is available regarding the structure of Xo.
Some popular cases of structures include, sparse vectors, low-rank matrices, and
simultaneously-structured matrices.

Convex estimator: To recover the structured vector Xop, we minimize a convex
function f : R? — R that enforces this structure. We do this minimization for all
feasible points x € S, that satisfy y = Ax. We formally define such estimators as

follows,

Definition 3 Let X9 € S where S C R? is a convex set. For a convex function
f : RP? — R and a measurement matrix A € R"™P, we define the convex estimator
E{x0, A, S, f(-)} as following,

X = arg l’niél f(x). (6.3)
A))((ZEAX()

We say E{xo, A, S, f(-)} has perfect recovery if and only if X = X.

Note that we are given the observation vector y = Axg in the constraint of (6.3). We
aim to characterize the perfect recovery criteria for this estimator. Given a structured
vector X, the perfect recovery of an estimator E{x, A, S, f()} depends on three
factors; the number of observations n compared to the dimension of the ambient
space p, properties of the measurement vectors {a;} |, and the penalty function,
f(+). We briefly explain each factor, below.

The rate function 6(-): We work in the high dimensional regime where both n

and p grow to infinity with a fixed rate n = (p). Finding the minimum number of
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measurements to recover Xg via (6.3), translates to finding the smallest rate function
0*(-), for which our estimator has perfect recovery. This optimal rate function
depends on the problem settings and varies in different problems. For instance, in
order to recover a rank-r matrix in Sf, we will need the measurements to be of order
n = O(p), while in the case of k-sparse matrices, the measurements will be of order

n = O(klog(p?/k)), where in many applications k is a fraction of p.

The penalty function: We use a convex function f(-) that promotes the particular
structure of xo. Exploiting a convex penalty for the recovery of structured signals has
been studied extensively [6, 33, 40, 62, 156, 165]. Chandrasekaran et. al. [40] in-
troduced the concept of the atomic norm, which is a convex surrogate defined based
on a set of (so-called) "atoms". For instance, the corresponding atomic norm for
sparse recovery is the £;-norm and for low-rank matrix recovery the nuclear norm.
Another interesting scenario is when the underlying parameter xy simultaneously
exhibits multiple structures such as being low-rank and sparse. For simultaneously
structured signals building the set of atoms is often intractable. Therefore, it has
been proposed [43, 128] to use a weighted sum of corresponding atomic norms for

each structure as the penalty.

The measurement vectors: We consider a random ensemble, where the vectors
{a;}!| are drawn independently and identically from a random distribution. Later
in Section 6.1, we formally present the required assumptions on this distribution. It
has been observed that the estimator (6.3) exhibits a phase transition phenomenon,
i.e., there exist a phase transition rate *(p), such that when n > 6*(p) the op-
timization program (6.3) successfully recover xy with high probability, otherwise,
when n < 6*(p) it fails with high probability [6, 40]. The question is that how is

this phase transition is related to the properties of the measurement vectors a;’s?

Universality in learning: Directly calculating the precise phase transition behavior
of the estimator &(xg, A, S, f(+)), for a general random distribution on the measure-
ment vectors is very challenging. Recently, as an extension of Gaussian comparison
lemmas due to Gordon [79, 80] and earlier work in [6, 40, 153, 156], a new frame-
work, known as CGMT [165, 171], has been developed which made this analysis

n
i=1’

Gaussian distribution, N'(0,1,). Another parallel work that makes this analysis

possible when the measurement vectors {a; are independently drawn from the
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possible under the same conditions is known as AMP [62]. However, the Gaussian
assumption is critical in the analysis through these frameworks, which restricts us
from investigating a vast variety of practical problems.

As our main result, we show that, for a broad class of distributions, the phase tran-
sition of &(Xp, A, S, f(-)) depends only on the first two statistics of the distribution
on the measurement vectors {a; l’.’:] . As aresult, the phase transition of the estimator
remains unchanged when we replace the measurement vectors with the ones drawn
from a Gaussian distribution with the same mean vector and covariance matrix. As
the phase transition is the same as the one with Gaussian measurements, we can use
the CGMT framework to analyze the latter and get the desired result.

Equivalent Gaussian Problem: Let x4 := E[a;] and £ := Cov[a;] for i =

1,2,...,n, and consider the following problem:

1. We are given n observations of the form y; = gl.TXO and the measurement

vectors {g;} ;.

2. The rows of the measurement matrix G = [gj,...,g,]" € R™? are indepen-

dently drawn from the multivariate Gaussian distribution N (u, X).

3. We use the estimator E(xg, G, S, f(-)), as in Definition 3, to recover Xg.

In Theorem 14, we show that under certain conditions, the two estimators & (X, A, S, f(+))
and &(xg, G, S, f(+)) asymptotically exhibit the same phase transition behavior. Be-
fore stating our main result in Section 6.2, we discuss the assumptions needed for

our universality to hold.

Assumptions
We show universality for a wide range of distributions on the measurement vector
as well as a broad class of convex penalties. Here, we give the conditions needed

for the measurement matrix,

Assumption 6 [The Measurement Vectors] We say the measurement matrix A =
[ar,...,a,]" € R™ satisfies Assumption 6 with parameters u € RP and & € RP*P,
if the followings hold true.

1. [Sub-Exponential Tails] The vectors a;’s are independently drawn from a

random sub-exponential distribution, with mean u and covariance £ > 0.
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llell3

2. [Bounded Mean] For some constants c1, ) > 0, we have Ela—p7] < c1-p ",
for alli.
Var(|la:|l%)
3. [Bounded Power] For some constants ¢y, > 0, we have Plla—pul?] =

cr-p Pforalli.

Assumption 6 summarizes the technical conditions that are essential in the proof
of our main theorem. The first assumption on the tail of the distribution enables
us to exploit concentration inequalities for sub-exponential distributions. We allow
the vector a; to have a non-zero mean in Assumption 1.2. 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 R?, and not be biased towards a specific direction. Finally, Assumption
1.3 is meant to control the dependencies among the entries of a; and is used to prove
concentration of Il?al.TMai around its mean, for a matrix M with bounded operator
norm. For instance, for a Gaussian vector g ~ N(0,I), we have Var[||g|*] = 2p
and E*[||g||?] = p>. So Assumption 1.3 is satisfied with ¢ = 2 and 7o = 1. We will
examine these assumptions for the applications discussed in Section 6.3.

In addition, we need to enforce a few conditions on the penalty function f(-) as

follows,

Assumption 7 [The Penalty Function] We say the funtion f (-) satisfies Assumption
2, if the following holds true.

1. [Separablity] f(-) is continuous, convex and separable, where f(X) = 11'7:1 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,

3r
such that for all i, we have |%

of fi(+) such that |x| < C.

| < ¢y, for all smooth points in the domain

As observed in the Assumption 2.1, we only consider the special (yet popular) case
of separable penalty functions. Common choices include ||x||¢, and ||x||§2 for vectors,
and || X]lz,, ||X]||r and Tr(X) (which is equivalent to the nuclear norm of X when

X € S;) for matrices. We can also apply our theorem for £,-norm. This is due to
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the fact that replacing || - [|¢, with [| - || f does not change our estimate, and the latter
p

is a separable function.

6.2 Main Result

In this section, we state our main theorem which shows that the performance of
the convex estimator &(xXg, A, S, f(+)), is independent of the distribution of the
measurement vectors. So we can replace them with the Gaussian random vectors
with the same mean and covariance. Next, using CGMT framework [165, 171], we
analyze the phase transition in the case with Gaussian measurements, in Corollary

7. Later, we will apply this result to some well-known problems in Section 6.3.

Universality Theorem

Theorem 14 [non-Gaussian=Gaussian] Consider the problem of recovering xg €
S C R? from the measurements y = Axg € R”, using a convex penalty function f(-)
in the estimator E{xo, A, S, f(:)} in (6.3). Assume S is a convex set and p and n

are growing to infinity at a fixed rate n = 0(p). Also assume that

1. f:R? — R is a convex function that satisfies Assumption 7.

2. The measurement matrix A = [ay, . ..,a,]" satisfies Assumption 6, with y =
Ela;] and £ := Cov[a;| foralli=1,...,n.

3. G =1g1,...,8,]" € R™ is a random Gaussian matrix with independent

rows drawn from Gaussian distribution N (i, Z) .

Then the estimator E{xo, A, S, f(-)} (introduced in Definition 3) succeeds in recov-
ering Xo with probability approaching one (as p and n grow large), if and only if
the estimator E{xo, G, S, f(+)} succeeds with probability approaching one.

Theorem 14 shows that only the mean and covariance of the measurement vectors a;
affect the required number of measurements for perfect recovery in (6.3). Although
Theorem 14 holds for n and p growing to infinity, the result of our numerical
simulations in Section 6.2, indicates the validity of universality for values of p and

n ranging in the order of hundreds.

Analysis of the Gaussian Estimator

Theorem 14 shows the equivalence of the convex estimator E{xg, A, S, f(:)} and
the Gaussian estimator £{x¢, G, S, f(-)}. We can utilize the CGMT framework to
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analyze the perfect recovery conditions for E{xo, G, S, f(-)}. Before doing so, we

need the definition of the descent cone,

Definition 4 [Descent Cone] The descent cone of a convex function f(-) at point

X is defined as

Dy(x0) = Cone ({y : f(y) < f(X0)}) (6.4)

which is a convex cone. Here, Cone(S) denotes the conic-hull of the set S.

Corollary 7 Consider the problem of recovering the vector Xo € 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 u
and covariance ¥ = MM". Let § := n/p and the set S and the penalty function f(-)
be convex. E{xo, G, S, f(+)} succeed in recovering xo with probability approaching
one (as p and n grow to infinity), if and only if

;
Vo> Vo* =E m W e (6.5)

ax
we(S—x0)ND r (xo) 1+ L(wTu)2
J1+ S (w
FMIWeS, p P( )
where S,_1 is the p-dimensional unit sphere, and the expected value is over the

Gaussian vector g ~ N(0,X).

["Pseudo Gaussian Width"] When p = 0 and X = I, the expected value in (6.5)
resembles the definition of the Gaussian width [139]. It has been shown that when
the measurements are i.i.d. Gaussian, the square of the Gaussian width indicates the
phase transition for linear inverse problems [6, 40, 156]. The Gaussian width has
been computed for several interesting examples, such as sparse recovery, and low-
rank matrix recovery. Using our universality result in Theorem 14, we can state that
the square of the Gaussian width indicates the phase transition in the non-Gaussian

setting as well.

Numerical Results

To validate the result of Theorem 14, we performed numerical simulations under
various distributions for the measurement vectors. For our simulations in Figure 6.1,
we use the estimator E{xo, A, R”, || - ||, } to recover a k-sparse signal xo under three

random ensembles for the measurement vectors {a;}" . In each of the three plots,
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we computed the norm of the estimation error &{xo, A, R”, || - |, }, for different over
sampling ratios 6 = n/p and multiple sparsity factors s = k/p. We generated the
measurement vectors {a;}!" | for each figure, as follows,

e For each trial, we generate a random matrix M € R”*P, with i.i.d. standard
Gaussian random variables. £ = MM will play the role of the covariance

matrix of the measurement vectors.

* For Figure 6.1a, {a;}!, are drawn independently from the Gaussian distribu-
tion N (0, X).

* For the measurement vectors of the Figure 6.1b, we first generate i.i.d centered

bernouli vectors Ber(.8), and multiply each vector by M.

* For the measurement vectors of the Figure 6.1c, we first generate i.i.d centered

X1 vectors, and multiply each vector by M.

The blue line in the figures shows the theoretical phase transition derived as a result
of Corollary 7. It can be observed that the phase transition for all the three random
schemes is the same, as predicted by Theorem 14. It also matches the theoretical

phase transition derived from Corollary 7.
Next, to illustrate the applicability and the implications of the results, we present

some examples where our universality theorem can be applied.

6.3 Applications: Quadratic Measurements
In this section we consider the problem of recovering a matrix from (so-called)
quadratic measurements. The goal is to reconstruct a symmetric matrix Xo € RP*?

in a convex set S, given n measurements of the form,
yi = a Xoa; = Tr (Xo-(a,-aiT)), i=1,....n. (6.6)

Depending on the application, the matrix Xy may exhibit various structures. Similar
to (6.3), we use the convex penalty function f : RP*? — R, to enforce this structure

via the following convex estimator,

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

subject to: al-TXa,- = al.TXOal-, i=1,...,n. (6.7)



128

(a) (b)

S

(©)

Figure 6.1: Phase transition regimes for the estimator &{xo, A,R”, || - ||, }, in terms of
the oversampling ratio ¢ = % and s = @’ for the cases of (a) Gaussian measurements
and (b) Bernoulli measurements and (c) y> measurements. The blue lines indicate the
theoretical estimate for the phase transition derived from Corollary 7. In the simulations we
used vectors of size p = 256. The data is averaged over 10 independent realization of the
measurements.
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Note that the measurements in (6.6) are linear with respect to the matrix X,
yet quadratic with respect to the measurement vectors a;. We can define X, :=
Vec(Xp) € R”” and a; = Vec(aial.T) € R”’, such that the measurements take the
familiar form, y; = ﬁl.Tf(o. In order to apply the result of Theorem 14, one should
check if the vectors {a;}, satisfy Assumption 6.

It can be shown that if the vectors {a;}, satisfy the following conditions, then
Assumption 6 holds true for {&; = Vec(a;a])}", .

Assumption 8 We say vectors {a;}! | satisfy Assumption 3, 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. Therefore, when Assumption 8 holds, we can apply Theorem 14 to show
that the required number of measurements for perfect recovery in (6.7) is equal to

the required number of measurements for the success of the following estimator,

A

X = in f(X
argmin f(X)

subjectto: Tr((H; +DX) =Tr(H; +DXo), i=1,...,n, (6.8)

where I is the p X p identity matrix and H;’s are independent Gaussian Wigner

matrices (defined in Section 6.1). Corollary 8 presents a formal statement.

Corollary 8 Consider the problem of recovering the matrix Xg € S C RP*P, from
n quadratic measurements of the form (6.6), using the estimator (6.7). Let S and

f(-) be convex set and function satisying Assumption 7. Assume,

® The measurement vectors {a;}!_ | satisfy Assumption 8, and,
o {H; € RP*P}!  is a set of independent Gaussian Wigner matrices.
Then, as n and p grow to infinity at a fixed rate n = 6(p), the estimator (6.7)

perfectly recovers Xq with probability approaching one if and only if the estimator
(6.8) perfectly recovers Xo with probability approaching one.
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Therefore, in order to find the phase transition, it is sufficient to analyze the equivalent
optimization (6.8) which is possible via the CGMT framework. Proceeding onward,
we exploit the CGMT framework along with Corollary 7 to find the required number

of measurements for the recovery of X in two specific applications.

Low-rank Matrix Recovery

Assume the unknown matrix Xg > 0 has rank r, where r is a constant (i.e., r does not
grow with problem dimensions 7, p.) 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 [135]. Hence, we are interested in analyzing the optimization (6.7), with
the choice of f(X) = ||X]|«, where the optimization is over the set of PSD matrices.
Note that Tr(:) = || - ||x within this set, which satisfies Assumption 7.

According to Corollary 8, the perfect recovery in (6.7) is equivalent to perfect
recovery in (6.8), where the same choice of f(X) = Tr(X). The analysis of the later
through CGMT yields the following corollary.

Corollary 9 Consider the optimization program (6.7), where the matrix Xo > 0 has
rankr, f(X) = Tr(X), the set S is the PSD cone and the measurement vectors {a;}!_,
satisfy Assumption 8. Assume p,n — oo at the proportional rate 6 := 1% € (0, +o0).

The estimator perfectly recovers Xg if 6 > 3r.

Corollary 9 indicates that 37 p measurements is needed to perfectly recover a rank-r
PSD matrix Xy, from quadratic measurements. Although, the error of estimation
gets extremely small, much before the threshold n = 3pr. To the extent of our
knowledge, this is the first work that precisely computes the phase transition of low-
rank matrix recovery from quadratic measurements. Figure6.2 depicts the result of
numerical simulations. For different values of r and 6, the Frobenius norm of the
error of the estimators (6.7) and (6.8) has been computed, which shows the same

phase transition in both cases.

Phase Transition of PhaseLift in Phase Retrieval

An important application for the result of Corollary 9, is when the underlying matrix
Xy is of rank 1. This appears in the problem of phase retrieval, where Xy = xoxg is
the lifted version of the signal. The optimization program (6.7) with f(X) = Tr(X)

in this case, is known as PhaseLift [36]. Corollary 9 states that the phase transition of
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Figure 6.2: Phase transition regimes for both estimators 6.7 and (6.8), with f(X) = Tr(X),
in terms of the oversampling ratio § = % and r = Rank(X), for the cases of (a) estimator
(6.7) with quadratic measurements and (b) estimator (6.8) with Gaussian measurements. In
the simulations we used matrices of size p = 40. The data is averaged over 20 independent
realization of the measurements.

the PhaseL.ift algorithm happens at §* = 3, i.e., n > 3p measurements is 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 long an open problem.

Sparse Matrix Recovery

Let X > O represent the covariance matrix of a set of random variables. In certain
applications, the covariance matrix has many near-zero entries as the correlations
are small for many pairs of random variables. Such matrices arise in applications in
spectrum estimation, biology and finance [44, 67]. We are interested in analyzing
estimator (6.7), where f(X) = ||X||,, promotes the sparsity in the optimization. As
|| - |l¢, satisfies Assumption 7, applying the result of Corollary 8, the perfect recovery
in (6.7) is equivalent to the perfect recovery in the estimator (6.8), with the same
penalty function. Analyzing the optimization (6.8) via CGMT leads to the following

result:

Corollary 10 Let 6 := &, 5 := %. As p — oo, the optimization program (6.7),

with f(X) = ||X|l¢, can successfully recover the signal iff 6 > 6*, where 6* is the

i1

unique solution to the following nonlinear equation,

x-Q"! (Zx_s) - (1—s>¢(Q‘1 (zx_s)) , (6.9)

2-—12s 2-—12s
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s S

(a) (b)
Figure 6.3: Phase transition regimes for both estimators (6.7) and (6.8), with f(X) = [IX]l¢,,
in terms of the oversampling ratio § = % and s = M, for the cases of (a) estimator (6.7)

with quadratic measurements and (b) estimator (6.§) with Gaussian measurements. The
blue lines indicate the theoretical estimate for the phase transition derived from equation
(6.9). In the simulations we used matrices of size p = 40. The data is averaged over 20
independent realization of the measurements.

Model Penalty function f(-) | No. of required measurements
k sparse matrix Il e, p?6* defined in (6.9)

Rank-r PSD matrix | Tr(-) 3pr

S&L (k,r) matrix | Tr(:) + || - |l O(min(k?,rp))

Table 6.1: Summary of the parameters that are discussed in this section. The last
row is for a p X p rank-r matrix whose smallest sub-matrix with non-zero entries
is k by k. The third column shows the number of required quadratic measurements
for perfect recovery.

where ¢(x) = exp(—x2/2)/N2m and Q' (-) is inverse of the Q-function.

Figure 6.3b compares the empirical result with the theoretical phase transition
derived from Corollary 10 Each plot shows the norm of the error with respect to
the sparsity of the matrix Xy and the ratio 6 = #. A comparison between the two
plots indicates that the phase transitions of the two estimators (6.7) and (6.8) with
£(X) = X, match.

6.4 Simultaneously Sparse and Low-rank Matrices
Another interesting example is where the unknown matrix Xo > 0 is simultaneously

sparse and low rank. To recover Xy, we would like to simultaneously minimize the
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penalty functions f(V(X) = IIX]l¢, and f @(X) = |IX||4, for all feasible matrices

X € S that align our measurements in (6.6). Here, each function f)(-) enforces
one of the structures on X. So, a natural choice for the regularizer function in
(6.7) would be f(X) = f(X) + 1f?(X), where A is a regularizing parameter.
Oymak et al [128] studied phase transition for perfect recovery of simultaneously
structured matrices. Their results are based on Gordon’s comparison lemma which
is only applicable to the cases of linear Gaussian measurements. We can use the
result of Corollary 8 to extend their result to settings with quadratic measurements,
as the phase transition regime is equivalent in both cases. Let Xy € RP*? be a
rank-r PSD matrix. Also assume that the largest sub-matrix in X that contains all
non-zero entries is k by k. If we choose f(X) = ||X]|,, + ATr(X), they show that

O(min(k?, rp)) measurements is required for perfect recovery.

Conclusion

We have investigated an estimation problem under linear observations. We aimed to
characterize the minimum number of observations that are needed for perfect recov-
ery of the unknown model. Our main result indicated that this phase transition, only
depends on the first two statistics of the measurement vector. Therefore, it remains
unchanged as we replace these vectors with the Gaussian one, with the same mean
vector and covariance matrix. The later can be analyzed through existing frame-
works such as CGMT. As one of the applications of this universality, we investigated
the case of matrix recovery via the so called quadratic measurements, and derived
the minimum number of observations required for the recovery of a structured ma-
trix. Due to the space constraint, we moved the discussions regarding the case of
simultaneously structured matrices to the appendix. Table 6.1, summarizes these

results for the cases of three structures.

Proof of Theorem 14

Consider the following optimization

® = Amin f(x), (6.10)

Without loss of generality, assume that f(0) = 0. We change the variable to
W = X — Xg, which gives the following

®; = min f(W+Xp), (6.11)
Aw=0

This optimization has perfect recovery, iff W = 0, or equivalently iff ®; = 0. We

would like to show that if ®; = 0 with probability converging to 1, then the same
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holds if we replace the measurements vectors a;, with another set of measurement
vectors with the same mean and covariance. We rewrite this optimization in the

form of this min-max optimization,

A
®; = sup min —||Aw||2 + f(W+Xq)
0 w2

A 1
=sup min min —||Aw|? + f(W +Xo) + 2—||W||2
u

>0 H>0 w2

1 1 1
= sup A- rgg min 5||Aw||2 + Zf(w+x0) + m||w||2 (6.12)

Informally, we first show that for fixed values of A and u, the values of last mini-
mization remains unchanged as we change the random measurement vectors inside
it (as p and n grow to infinity). Next, we use Lemma 18 (See [165] Section A.4 and
B.5) to switch the min-max over u and A, with the limit over p and n.

By fixing the values of A and u, from now on, we redefine the function f(-) to
be % f(w+xp) + ﬁllwllz, which is strongly convex. Note that we would like the
following assumptions holds for these two set of random measurement vectors.
Assumption 1: Assume A = [a;,...,a,]" € R”? and B = [by,...,b,]" € R>?

are two random matrices, such that

e=E [ai] =E [bl] Vi
L=E[aa]| =E[bb]]| Vi
2
e
lim w =0, (6.13)
pP— p
Besides, there exists 7 > 0 such that for any matrix M € R”*? such that [|[M|}; < «,
there exists some c that only depends on « that
1 T -7
?Var (ai Mai) <c-p and,
1

p2

Now we want to investigate equivalence of the following two optimizations. Let

Var (bl.TMb,-) <c-pT. (6.14)

A =Jay,...,a,] and B = [by,...,b,] be n by p measurement matrices and

n

1 T2
@B—rrgn EZ(Z,'—W a,') +f(W+X()) N

R R o \2
@A:mvén ﬂZ(Zi_W bi) + f(W+Xp) . (6.15)

=
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Theorem 15 Consider the optimizations in (6.15). If
n}jglw |E [P — Pall =0, (6.16)
and if for constants C and 6 > 0,
Pr(|@s-C|>8) 50, (6.17)

as n,p — oo. Then,

Pr(|®p—C|>38) 50, (6.18)

Proof 7 We first define the function g : R — R as follows.

0 if x| <1,
(Jx] = 1)? if 1<lx[<2,
g(x) = (6.19)
2 - (x| - 3)? if 2<|x] <3,
2 if  |x|>3.

Note that g(.) is continuously differentiable with its first derivative bounded by 2.

#[e(*5)
(%) (5|

Now,

(I) —
Pr{|q>B—C|>35}:Pr{g( B5 C)>2}s

1 Oy - C 1
< -E — B
<= |+(™5) +3
1 ®y-C dg-C
< Pr{|®s-C|>6}+=[E|g () | 2—=_B
2 5 5
1 n,p—oo
< Pr{|®s - C| > 6} + = |E[@) — ]| == 0  (6.20)

Theorem 16 Consider the optimizations in (6.15). If A, B and f(.) satisfy Assump-

tion 6 and 7, respectively, then

lim [E[®a] -E[®g]| — 0. 6.21)

n,p—oo

Proof 8 Fork =0,...,n, we define

n

(Zi - al-Tw)2 + ZL Z (zi - bl-Tw)2 +f(W+xo) . (6.22)

i=1 n i=k+1

1
®; :=min —
w 2n

M~
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We have

[E [@a - ®p]| = [E[®, - ]| < > [E[Ox—D4i]l . (6.23)
k=1

Now it suffices to show that there exists a constant c, such that for any k,
B [®) — Dpy]| < ¢ n”H/2D (6.24)

for some positive constant t. Since, then combining (6.24) and (6.23) yields,

n
[E[@a - ®p]| < ) [E[@) —Dpi]| < cn/? = 0. (6.25)
k=1
Let
M = [a1,...,2 1, brst, ..., by € RV g
Zk = [Z]a---vZk—]aZk+]a---’Zn]T ERn_l . (626)

This helps us rewrite ®y and ®y_1 as

1 , 1 L \2
®; = min 2—||zk - M w||“ + (zk - akw) +f(W+Xxg) ,
w 2n

2n
o1 , 1 T \?
@)1 = min —||zy - Myw||* + — (zk - bkw) + f(W+Xq) . (6.27)
w 2n 2n
As of this point, we fix k and drop the subscript k from zy, zx, My, ay and by for

simplicity. The expectation in (6.24) is over the randomness in z, z, M, a and b,

which can be written as

|E [@ — Pk—1]] = [Epmzy [Eqzany [®r — Pro1|{M, z}]]|

E ] . (6.28)

[r — Di—1]

< Bpmay [ {zab}|(M.2}

We first fix M and z, and bound the inner expectation in (6.28). Now let,

1 5 1 - 2
¢(a,z,w) = — ||z — Mw|| +—(z—aw) +f (W+Xo),
2n 2n

d(a,z) = mvgn o(a,w),

® = ®(0,0), and, W =argmin ¢(0,0,w) . (6.29)
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With these new definitions, we have ®; = ®(a, z7) and ®y_; = D(b, z) and thus,
[E by [Pk = @i-i]] = [Ezap) [@(a,2) - P(b,2)]]

or+ =
2n(1 + E[bTQb])

Wl

< [Efzay |P(a,2) — @

+[Biepy |@(b,2) — D - - n (6.30)

So since E[b'Qb] = E[a'Qal], it remains to show that for positive constants ¢ and

T,
SO
g+
Ea |®(a,z) —® - n <cn M2 and,
(ca) | P(@,2) n(l+E[a'Qa)) ||~ " o
S
— g~ +
E(py [P(b,2) - D — L <cn /2 (6.31)

We show the later, and the proof of the first is similar. Define v = W and

A2 f (W
v = L) 6(::; %) and

1 1 2
w(b,z, W) = — ||z — Mw|]? + — (z —bTw) L (W4X0) + VT (W= W)
2n 2n

1
+ E(W—V_V)TV( W—W),
¥Y(b,z) =min ¢ (b,z,w), and, W =argmin ¥(b,z,w). (6.32)
w

Note that by writing the optimality conditions, it is easy to show that ¥(0,0) =
®(0,0) = ®. Thus,

) o2 4 LI
E(.b} || ®(b,2) - ® - z < Egp [|®(b, 2) - ¥(b,
o |[@00.9) = @ = B | < By [@(b,2) = (b, 2) ]
o2 4 1907
+ By |®(b,2) = ¥(0,0) - . (633)

2n(1 +E[bTQb])

So we have to bound the two terms on the right hand side of (6.33). We start with
bounding B py [|P(b, z) — ¥ (b, z)|]. Note that for any w we have

c
(b, 2, W) — ¢(b, 2, W)| < 7f||w—W||;. (6.34)
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Besides, due to strong convexity of f(.) we have,
€ -
9 (b, 2, W) = ®(b,2)| > —[|w =W} . (6.35)
We have two cases.

First if |W — w3 < 56 C . Consider the set S ={w : ||W—W|j3=|W—-W|3}. For

any w in the set S we have

_ ;i _ i) — & (1w — w13 15 — i
Bb.2,W) = $(b.2,%) = (b2 W) = (b, 2. W) = — ([Iw = Wi+ ¥ - W)

€ _o Gy — 13 ~ =13
> Zllw =Wl = =L (1w = 113 + |5 - W3

€ . Cc _ L
> Zllw = Wi ==L (4 1w = W13 + 5 1§ - W3
9C;

= T”W w||3 ( e\ \TV||3) >0. (6.36)

€
9Cy
This means that the optimal value of ¢(b,z,w) lies within S. Now if wg =
arg min ¢ (b, z, w),
¥(b,z) = ®(b,z) = (¥(b,z,W) = (b, z,Wy)) + (¥ (b, 2, Wy) — ¢(b, 2, Wy))
Cy =113
< (lr//(b’ < W¢) - ¢(b7 < W¢)) < 7”W¢ - w||3
4Gy 3 a e —wiB) < S 1w w3
< (1wg = 113 + 1 = wiE) < —Lw-wI3 . (6.37)
And,
@ (b, z) - ¥(b, 2) = (#(b,z,Wy) — ¢(b,z,W)) + (¢(b, 2, W) — (b, z, W))
C
< (o(b.2. W) — (b, W) < LW -} (6.38)
Thus, (6.37) and (6.37) implies that
8Cr _ _ 3
|@(b, z) —¥(b,2)| < T”W -wlls . (6.39)

Case 2 if |W — W3 > 56 Cf

® (b, z) - ¥(b,2) = (#(b,z,Wy) — ¢(b,z,W)) + (¢(b, 2, W) — ¢(0,0,W))
+ ('7[’(0’ O’ V_V) - ‘ﬁ(b, < W)) + (‘ﬁ(b, < W) - w(ba Z’W))

_ o 1\2
< (b, z,W) — (b, 2, W) < — (z —b w) . (6.40)
2n
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¥(b,z) - ®(b,z) < (¢(b,z, W) — (b, z,W)) + (¥ (b, z, W) — (0,0, W))
+ (¢(0’ 0’ V_V) - ¢(0’ 0’ V_V))

1 2
<= (c-bW) 6.41)
2n
So finally,
1 2
¥(b.2) — D(b,2)] < - (z _ bTW) . (6.42)
So by combining the two cases, we get
@ Y 1 SC v —wiid) + 1 ! &)
[©(b.2) = ¥(b. )| < Ljgmsiers | —2IF = W3+ Lscaore (5 (2-079) ) -
(6.43)
Therefore,
E [|®@(b, z) — ¥(b, 2)|]
8Cr . _ 3 1 1-\2
< B\ Ljw-wih<ges ( " ||W—W||3) + B Ll e (E(Z—b W) )]

8C
< TfE [IW - W3] + —\/Pr{IIW - w3 > i} E[(z - bTW)"]
1 |E [Iw —wli3]
2n (5&)°
. & (6.44)

= 54

On the other hand, it is easy to see that

8C
TfE [ — W3] + E[(z - bTw)"]

IA

(z-b"w)?

¥(b, z) — ¥(0,0) = :
(b.2) = ¥(0.0) = S T pTaTh)

(6.45)

where Q@ =V + M"M. Note that

2 lwll

o~ +

2n(1 + E[br'lrﬂb])

E|¥(b,z) —¥(0,0) -

Wl

(z—-b"w)?2 or+ =
2n(1+b7Q'b)  2n(1 +E[bTQb])

%E [(z-b™W)* [b'Qb - E[b'Qb]||

%\/E [(z-bTW)*| E [(bTQb - ]E[bTQb])z]
c

= plrr/2

IA

(6.46)
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Now putting (6.44) and (6.46) in (6.33), results in

] o2 4 151
Egzpy [@(b,2) - @ - 2n(1 +E[bTQb])
< 8ﬂE[II - wli3] 3/2\/15 [I1% = wii3] E[(z - bT
s — £l ey 3] Elle-bs)
¥ %\/ E[(z-bTW)*] E [(bmb ~E[b"eb))’| ©4n
e n~(1+7/2) (©49

It remains to bound E [(z - bTW)4] and E [||W - V_Vllg’]. For the first one, let I%e =
E[b] andb =b - %e. Then,

E[(z=b™W)*| = E[z"] + 6E[z*] E[(b"W)*] + E[(b"W)"]

6E[z%]

— B[ + (E[(B"W)?] + (e"W)?) + E[(B"W)*]

+ 6E[(BTW)2] (eTW)2 + (eTW)*

< C1+ G||W|* + Cs||w]|* . (6.49)
On the other hand, let Q! = [wi ...,a)p]T. Since Q7! < 1/e,
-b'w) P 3
—Q‘b _E[ -b'w) Q7 'b ]
B[l - wi3] = H Gaoraip P | B[l -b"w 27b];

< 48|z~ b"W) QB[ | + as; [z = bTw) @3]
p

< 4\/13 [(z = bTw)6] B [[l- 1Bl + ;% l"ell} B [(z — bTwe]

2

< 4415 [(z=b™W)°| E

D, lwfbP
k

3
. (£+ 4“e“32)\/E [(z - bT#)6] (6.50)

pe’  €p

4
s "¢ \/]E [(z = bTW)°]

which concludes the proof.

Theorem 17 let Wa and Wy bt the optimal solutions to (6.15). If for any function

f(.), that satisfies our conditions,

Pp —Pg — 0, (6.51)
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then,
1 2 1 2
SIWAlE = IWal; 0. (6.52)

Proof 9 Assume that # ||WA||,2, and #”WB”% converge to difference values of Cp

and Cg. Choose C = (Cg + Ca) /2 and consider the following optimization,

l n
®p = min —Z(Zi—Tr(Ai'W))2+f(W) ,
<c 2n P

LW
WeH?
- ] &
dp = min — Z (z; — Tr(B; - W))2 + f (W) . (6.53)
LIWIE<c 2n
WeH?

We show that the two should converge to the same value, which is a contradiction
since f(.) is strongly convex and one should converge to ®5 and the other should

be larger that ®g. Using min-max theorem, they can be rewritten as

T ; 1\ 2 A 2
B =sup —AC+ min, %;m—mmwn + (W) + S IWIE

_ . 1 v 2 % 2
p =sup —AC+ min %;(Zi—Tr(Bi-W)) +f(W)+l7||W||F. (6.54)

Due to the assumption of the theorem, the two inside converge to the same value
for any fixed A. So the concave version of Lemma 18 shows that ®5 and ®g also

converge to the same value which is a contradiction.

Lemma 18 Consider a series of convex functions f), : R>" — R that converges
point-wise to the function f : R>® — R. Besides, there exists M > 0 such that

for any x > M, we have f(x) > infg f(s). Then f(.) is also convex and

infs>0 fp(s) L infs>0 f(S)

Lemma 19 Let W be the optimal solution to the optimization
1 )
min §||Z—Aw|| + f(W+Xxg) , (6.55)
w
where f(.) is strongly convex with constant €. Then

2
Wl < E(IIATZII +[IVf(xo)l) (6.56)
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Proof 10 let

H(AW) = Sllz— AWl + F(w+30). (657)
We have
0> $(AW) = $(A,0) = W7 (-ATz+Vf(x0)) + WP
Therefore,
SR < W7 (<ATz+ V£(x0))| < I (IA"21+ IV Goll) . (658)

which concludes the proof. Now let W be the optimizer of (A, w) and E[A] = 1e'.

Due to optimality we have,

0=AT(AW —2z) + Vf(x0 + W) (6.59)

Lemma 20 Let w be the optimal solution to the optimization
1 2
min Ellz—Awll + f(wW+xg), (6.60)
w

where f(.) is strongly convex with constant € and A € R™P is a random value with
E[A] = 1¢' and B = A — 1¢'. Then

2
Wl < ;(IIATZII +[|V.f (x0)[) (6.61)

Proof 11 We have,
1
$(A,0) > $(A, W) = Sz - BW - 1e"W||2 + £ (W +xo)

> g(eT\TV)z + (') - 1T (BW — 2) (6.62)
Therefore,
(e"w)? + %(eTv'v) 1T(BwW -1z) — %¢(A, 0)<0 (6.63)

This results in

IA

2 _ 2 2 2 2
“ 1T (BW - 2)| + =¢(A, 0) < Z[17z| + =[|%]| - [[BT1]| + =|1z]|* + f (x0)
n n n n n

IA

2 4 2
21172+ = (A2 + 9 £ (o)l - IBTL + =12 + £ (x0) (6.64)
n € n

n
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Some notes on the Corollary 9

Out goal is to analyze the following optimization and see under what conditions it

will succeed.

min Tr(X-Xp), st X>0. (6.65)
((A \/’+1[)x0) 1Tr((A x/'+11)x) Vi

Here, we initially assume that Xo = XoX;

This optimization succeeds in recovering Xy, if and only if the optimal value of

is a rank-one matrix where %||X0||2 =1.

objective function is zero (and it fails if the optimal value is negative).
Now, assuming an iid standard Gaussian distribution for the entries of the matrices

A;, we can use the proof of Theorem 1 and CGMT framework, and get the following

optimization.
mlg ma)g VBVsV2a2 + 12 - —+y(t+1)+— -1
a> >
2
1 1
_ (—XOX(T) + Py gy - 1)11) : (6.66)
2a7 ||\ p \P Al

where H is a Wigner random matrix, and (-);. is the positive definite part of a matrix.
We will have perfect recovery if and only if this optimization is non-negative. First
step of understanding this optimization, would be to analyze the high dimensional

behavior of the positive part of the matrix
I 1 atp
—xoX, + —H+at(y - 1)I. (6.67)
P P

We know that the eigenvalue distribution of matrix H follows the semi-circular law
and has eigenvalues from -2 to 2. Besides, adding a rank-one matrix xoxg/ p, affects
this eigen-value distribution only if the coefficient of this rank one distortion is more
than the coefficient of H/+/p. Meaning that if @7 < 1 we will have an extra
J + <5 H will have
the same distribution of the eigenvalues of TfH which is semi-circular. Besides,

eigenvalue at 1 + o>728%. Otherwise, the eigenvalues of lXox

in optimization (6.66), we should always have a7 (y — 1 + 28) < 0. Otherwise, the
positive part of the matrix in (6.67) will have an infinitely large Frobenius norm,
which the minimization will avoid. Therefore, we sould always have y — 1 -28 < 0.

Considering this constraint, if we solve this optimization over y and the optimization
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becomes,
BVoV2a2 +12 =22 = 2)(1+1) +t if 2 <a? <2 +2(t+1)(1 =V1+1)?,
, B(VSV22 +12 —adi(a,t) —21) +1 if 2+2(0+1)(1-V1+1)?<a?<1,
min max A
020 20 | B(\6V2a2 +12 =2t —2) +1 if a®2>1,
00 if a® <.
(6.68)
where the function ¢ (-, -) is defined as
1 2.3
é1(a,1) = min — +37—2a72+ L1 (6.69)
Vi 1 2T

So we would like to see under what conditions, the optimization (6.68) will be
negative, which means the initial optimization (6.65) will fail in recovering Xo. The
optimization (6.68) will be negative, if there exists a negative ¢ < O that makes the
coeflicient of 8 negative.

It’s not hard to see that the minimization over @ and ¢ in (6.68) happens when both «
and 7 go to zero. Thus, it’s the ratio of «/t will define the result of this optimization.
A closer look at this optimization shows that it will be minimized when o2 > 31,
especially, when t/a— — 0. In this scenario, the second case in the objective
function of (6.68) holds, and the objective function will converge to Ba (V26 = V6)
which is always positive if 6 > 3. In the other words, this optimization is zero if
0 > 3, otherwise, there exists negative values of ¢ that makes it negative. Thus we
have perfect recovery iff 6 > 3.

This proof was for the case that rank of the unknown matrix Xy was one. For the
case of a rank » matrix, the proof will be the same, expect that Xo = 37, xixl.T. Soin
the matrix (6.67), we will have a rank r distortion of a Wigner matrix, and following
the same steps, we can show that if 6 > 3r, the objective function always remains

non-negative.
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Chapter 7

PERFORMANCE ANALYSIS OF CONVEX DATA DETECTION
IN MIMO

7.1 Introduction

We consider the problem of recovering a transmit signal!, Sy € D?, form n (noisy)
linear observations of the form y = Xgy + z, where D C C denotes the discrete
transmit constellation, and z € C" is the noise vector. This problem has a pivotal
role in signal detection in multiple-input, multiple-output (MIMO) communication
systems [90, 91, 126], where X € C"™P, often referred to as the channel state
information, is a known matrix. In such settings, n and p correspond to the number

of transmit and receive antennas, respectively.

The Maximum Likelihood(ML) estimator is the desirable theoretical solution for
this problem. There has been numerous studies to investigate algorithms that can
generate exact or approximate solutions for this problem. Due to the combinatorial
nature [185] of the problem, exact algorithms (e.g. sphere decoding [83]) are
computationally prohibitive, especially in a very large system (e.g. massive MIMO)
[140]. Therefore, various heuristics have been proposed and used in practice [71, 81]
to approximate the ML solution. Despite tractable computational complexity, the

precise performance analysis of such methods are often challenging.

Due to the practical advantages of convex algorithms, one conventional approach
to solve this problem is to relax the discrete set Dc to a continuous convex set S
and utilize convex programming to search over S instead of D [108, 162, 198]. The
performance of this method for data recovery has been investigated in the works
of [9, 91, 166] for the real valued constellations, specifically, BPSK and PAM when
the channel matrix is Gaussian. To do so, Thrampoulidis et. al. [166] utilized a
framework that they had developed, known as the CGMT framework [4, 165]. The
CGMT framework has been successfully applied to analyze the performance in a
number of other applications including analysis of regularized M- estimators [165],
and PhaseMax in phase retrieval [53, 141, 142]. Unfortunately, The CGMT frame-
work can not be readily extended to the complex settings (which indeed is the

desirable case in many practical applications).

! This chapter is mainly based on the work in [1]



146

The major result of this section is to introduce a new comparison lemma for complex
Gaussian processes to study the convex detection problem for complex constella-
tions. In particular, we precisely characterize the symbol error rate performance
of the convex method, for a general constellation 9 and a convex relaxation S.
Our theorem also allows us to derive the necessary and sufficient number of an-
tennas, n, required for data recovery in the high-SNR regime which enables us to
precisely characterize the phase-transition regions. Through our analysis, we can
further observe the relationship between the choice of the convex relaxation with its
corresponding phase transition. As an example, we analyze the loss in performance
when choosing a relaxation that is easier to implement in a convex program for the

case of PSK modulation.

7.2 Problem Setup

Notations We gather here the basic notations that are used throughout this section.
We reserve the letter j for the complex unit. For a complex scalar x € C, xge and xypy,
correspond to the real are imaginary parts of x, respectively and |x| = /xlie + xlzm.
N (i, %) denotes real Gaussian distribution with mean u and variance o?. Simi-
larly, Nc(u, 0?) refers to a complex Gaussian distribution with real and imaginary
parts drawn independently from AN (uge,02/2) and N (um, o%/2), respectively.
X ~ px implies that the random variable X has a density px. We reserve the letters
G and H to denote (scalar) standard normal random variables. Similarly, Hc is
reserved to denote a complex N¢(0,2) random variable. The bold lower letters are
reserved for vectors and for a vector v, v; denotes its i" entry. Finally, for a convex

set S C C, the projection and distance functions with respect to D are defined as

Pg(x) := argmin ||x — y]|
yesS

Ps(x) := min ||x —y]||. (7.1)
yesS

Setup Our goal is to recover an p-dimensional vector 8y € C? where the entries of
Bo are independenty drawn from the discrete set © C C with distribution xo; ~ px.
The set D defines the modulation used for data transmission (e.g. QAM, PSK, etc.).
For this purpose, we are given the noisy multiple-input multiple-output (MIMO)

relation of the form

y=XBp+zeC", (7.2)
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where X € C™? is the known MIMO channel matrix with i.i.d. entries drawn
from N¢(O0, %) and z € C" is the unknown noise vector with i.i.d. random complex
Gaussian N¢ (0, o°2) entries.

Estimator The ML estimator of Xg in this scenario is
B = arg min ! | X,8||2 (7.3)
- g BeDP 2n y ' )

Since solving (7.3) is computationally intractable, a variety of heuristic methods,
such as zero-forcing, MMSE, decision-feedback, have been proposed. In this sec-
tion, we make use of convex programming to estimate Sy. In the first step, we relax
P to a convex set S and minimize the objective function of (7.3) over this relaxed

convex set,

= —lly - XgII* 7.4
= arg min > Ly - X1, (7.4)

Next, we map each entry of £ to the closest point in D to build our final estimation
of Bo,

Al-: i _~i’ ':1,..., . 75
B arg;nelzr)llﬁ Bil, i P (7.5)

We refer to this method as the Convex Decoder Algorithm (CDA). In this section,
we will precisely analyze the performance of the CDA as a function of the problem
parameters such as o, n/p, D and S. Note that the performance of CDA depends
on the constellation O and the way we relax it to the convex set S. Later in Section
7.3, we observe the impact of choosing two different relaxations on the performance
of CDA and its phase-transition regions with the help of our main theorem.
Symbol error probability We characterize the performance of CDA in terms of the
symbol error probability, defined as the expected value of the Symbol Error Rate
(SER) where,

1 )4
SER := — Z ﬂﬁiiﬁo,i’

D

= — > P (B # (Bo)i) (7.6)

i=1

P, :=E[SER]

"BI»—
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Here ,é is the output of CDA in (7.5), 1g is the indicator of the event & and the
probability P(-) is over the randomness of X, z and 3y. We introduce the notation S,

for x € D, as the set of all points in S that will be mapped to 5 in (7.5). Equivalently,
Sp:={B € S:VyeD, |beta’ - beta| < |beta’ - y|}. (7.7)

This notation helps us interpret our main theorem more clearly. Using this notation,

we can rewrite the symbol error probability defined in (7.6) as

)4

D P (Bi ¢ Sa,) - (7.8)

i=1

1
p
where ,8~ is the minimizer of (7.4).

Assumptions We impose two mild assumptions on the problem. First, we assume
that the entries of 5y arei.i.d. random variables with B8y; ~ pgand also Pg(ri+jr2) =
Pg(ra + jr1), Vri,r2 € R. Second, we want the convex set to be symmetric in the

sense that if (r; + jrp) € S, then also (r, + jr;) € S.

Modulations

Using our main theorem, we can precisely analyze the SER of the CDA in terms of
the SER for a constellation 9 which we relax to an arbitrary convex set S. For a
better understanding of the theorem and to show how to apply it to different schemes,
we will work with two conventional modulations; Phase-Shift Keying (PSK) and
Quadrature Amplitude Modulation (QAM).

N-PSK Constellation: In the N-PSK constellation, each entry of Sy is randomly
drawn from D = {eﬂTni :i=0,...,N— 1}. The entries of D are distributed over
the unit circle in the complex space and therefore the Signal to Noise Ratio (SNR)
will be 1/02. Next, we need an appropriate convex relaxation of O for CDA. We
suggest two candidates for this purpose and compare their performances later in
Section 7.3. In one which we will refer to as the Circular Relaxation (CR), we
choose the set SR = {B e C:|B| < 1} as the convex set in (7.4). The simple
structure of S(°®) makes its implementation easier in the convex program (7.4). In
another scenario, we consider the convex hull of D as the relaxed set S and refer
to it as Convex Hull Relaxation (CHR). Thus, S(°HR) = Conv (D) will be used in
(7.4) which might be harder to implement compared to S‘®. But we will show

that since (CHR) is a tighter relaxation, its corresponding CDA performs better in



149
terms of SER.

N2-QAM Constellation: We also briefly talk about the N 2_.QAM modulation where

Z):{(r+js)—NT_1(1+j):r,sG{O,...,N—l}}.

Under this constellation the SNR will be N(észz_l). The relaxation that is often used

for this modulation is known as the Box Relaxation (BR) [166] which is

N -1 N-1
Sz{(x+jy)€©:|x|$ > Ly < 5 } (7.9)

Using our main theorem, we can calculate the SER of CDA under box relaxation
and rederive the results of [91, 166].

7.3 Main Result
Our main result explicitly characterizes the limiting behavior of the symbol error
rate of the convex decoder algorithm, under the high dimensional regime where

n, p — oo with a constant ratio d := n/p.

Theorem 18 (SER analysis of CDA) Let SER denote the symbol error rate of the
Convex Decoder Algorithm (CDA), for random signal By € D with entries drawn
independently from the distribution px. Let S be a convex relaxation of D and S
and px satisfy the assumptions in Section 7.2. Fix SNR and 6 = n/p and consider
the optimization

§-1 o1

T H¢
i —+ -E[Distg(X + —)]. A
min —— + 1 + 4]E[ zstg( + T\/S)] (7.10)

If (7.10) has a unique answer T, then in the limit of p,n — oo

lim P, =P(Ps(X + Hj_)esx . (7.11)

p.n—>00 VS

The expected value and probability in (7.10) and (7.11) are over X ~ px and
Hec ~ Nc(0,2), respectively.
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Figure 7.1: SER Performance of the Circular Relaxation (CR) for 16-PSK: P, as a
function of SNR for the two cases where 6 = .8 and 6 = 1. The theoretical prediction
follows from Theorem 18 and the high-SNR analysis comes from Section 7.3. For
the simulation, we used signals of size p = 128 with each entry chosen randomly

uniform from the set Spgx = {e%ﬂ" :i=0,..., 15}. The data are averages over 30
independent realizations of the channel matrix and the noise vector.

Theorem 18 provides a formula to calculate the SER of the convex decoder, under

a general constellation in the high dimensional regime.

Theorem 18 provides a formula to calculate the SER of the convex decoder, under

a general constellation in the high dimensional regime.

Remark 27 (Computing t*) The objective function in (7.10) is convex and only
involves one scalar variable. Thus, T can, in principle, be efficiently numerically
computed. It can be shown that T is the minimizer of (7.10) if and only if it is the

answer to the corresponding first-order optimality condition,
Hc

2
T*\/E) ]) . (7.12)

Although, this does not provide us with a closed form formula to calculate T, in

‘X - Ps(X +

o1,
EZE(O--I-E

all our simulations a fixed-point iterative method converges to ™ over a handful of
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iterations. It can be also shown that (7.12) has a unique solution if 6 > 6" for some
0" € (0, 1) which depends on S.

Next, we apply Theorem 18 to the N-PSK and N?>-QAM modulations introduced in
Section 7.2 to calculate their corresponding symbol error probabilities and phase-
transition thresholds in the high-SNR regime. Figures 1 and 2 verify the accuracy of
the prediction of Theorem 18 for 16-PSK and 16-QAM modulations, respectively.
Note that although the theorem requires p — oo, the prediction is already accurate
for p = 128. In these figures, we have also plotted the high-SNR expressions for
SER that we derive in the next Section for both modulations. Interestingly, we
observe that this high-SNR expression gives us a good enough approximation of the

exact value of SER, even for small practical values of SNR.

N-PSK Constellation

Under the N-PSK setup, the set D is defined in Section 7.2. We investigate the error
performance of the convex decoder algorithm for two different convex relaxations
for the set D; Circular Relaxation (CR) and Convex-Hull Relaxation (CHR). The
effect of using different relaxations shows up in the projection function in equations
(7.12) and (7.11). Define S®® = {¢ € C : |c| < 1} as the circular relaxation of D.
The projection function on this set has the following form,

if |8 <1
Pscr (B) = P BT = (7.13)
B/|B| otherwise.

Therefore, 7* can be efficiently calculated using a fixed-point iterative method to
solve (7.12). Furthermore, due to the symmetric nature of the N-PSK constellation,
the probability of error for each symbol in D can be derived in the following closed

form,
P, :P(lGl > tan(%)(H+T*\/5)), (7.14)

where G and H are i.i.d. N (0, 1).

High-SNR Analysis Let S(®® and S‘®HR) denote the circular relaxation and convex-
hull relaxation of the set S. It can be shown that for SNR > 1, 7* grows large

proportional to VSNR. As a consequence, the last term in (7.10) can be approxi-

mated by 8;—5 and % for the cases of (CR) and (CHR), respectively. This results
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Figure 7.2: SER Performance of the Box Relaxation for 16-QAM: P, as a function
of SNR for the two cases where 6 = .8 and 6 = 1. The theoretical prediction
follows from Theorem 18 and the high-SNR analysis comes from Section 7.3. For
the simulation, we used signals of size p = 128 with each entry chosen uniformly at
random in the set Spap = {1, +3}% . The data are averages over 30 independent
realizations of the channel matrix and the noise vector.

int" =4/ ZSNR((S—‘S_W') for (CR) and 7 = \/ ZSNR((S_; [A+UN) o (CHR). Putting these
values for 7* in (7.14) yields their corresponding high-SNR symbol error probabil-

ities,

PR _p (|G| > tan(%)(H +V2SNR - (6 — 3/4))) , (7.15)

p(CHR) _p (|G| > tan(%)(H +2SNR - (6 — 3/4+ l/N))) . (7.16)

The difference between phase-transitions of these two cases can be observed from
equations (7.15) and (7.16). While for (CR) we need 6 > 3/4 for consistent data
recovery, this threshold changes to § > (3/4 — 1/N) for (CHR). This essentially
means that p/N additional MIMO receivers is required at the expense of having
a simpler convex set. This verifies the fact that while the optimization over SR
might be done faster over the Circular Relaxation due to its simple structure, we

need more measurements (or higher SNR) to get the same performance for (CR)



153

compared to (CHR). In other words, the performance of (CR) is 10 loglo(m

5-3/4
off that of (CHR).

Comparison to the matched filter bound. The matched filter is the ideal impracti-
cal case where we assume to have the first p — 1 entries of 8y and we want to recover
the last entry. We compare the symbol error probability of this scenario, referred to
as the Matched Filter Bound (MFB), with the P, of the convex decoder that can be
derived from Theorem 18. The matched filter bound corresponds to the probability
of error in detecting X € O from § = Xx + z, where x € C? with Gaussian entries
drawn from N (0, #), and z is the noise vector with entries Ng(O0, 0'2). Then, the
probability of error of the ML estimator of X in N-PSK will be

P(|G| > tan(%)(H+\/ZSNR-6)) . (7.17)

Comparison of (7.15) with (7.17) shows that in the high-SNR regime the perfor-
mance of (CR) is 10 loglo(%m)dB off from the (MFB). In particular, in the square
case (6 = 1), where the number of receive and transmit antennas are the same, the
(CR) is 6dB off the (MFB). Besides, as 6 — oo (meaning that the number of anten-
nas grows largecompared to users), the performance of (CR) and (CHR) approaches
(MFB).

N?-QAM Constellation

In N2-QAM, each entry of 3y is randomly chosen from the set D defined in Section
7.2 with distribution px. The conventional relaxation for this constellation is the
Box Relaxation (BR) [108, 162, 198] defined in (7.9). Similar to the previous
section, In order to use Theorem 18, we need to form the projection function to S
in (7.1) which is straightforward for a box set. Once 7* is obtained using equation
(7.12) (or recruiting other methods to solve (7.10)), we shall use (7.11) to calculate
P, of N>-QAM constellation. Here, unlike the N-PSK case, the probability of error

in the recovery is not the same for different symbols in D.

Using the same set of arguments in Section 7.3, it can be shown that in the high-

SNR regime, the last term in the objective function of (7.10) approaches ﬁ.

Therefore the answer to the minimization problem will be 7* = \/ 2SNR(6_§N “D/N)
This implies that 6* = % is the recovery threshold for the Box Relaxation of the

set D. It can also be shown that for § > ¢*, the problem (7.10) is strictly convex
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and therefore has a unique solution. This is consistent with the result of [91] which

proves the same phase-transition region for the Box Relaxation.

7.4 Proof Outline
In this section we introduce the main ideas used in the proof of Theorem 18. The

goal is to analyze the performance of the following optimization problem:

A 1
= in —|ly - XgI|I* 7.18
B arg min 7 |ly =Xl (7.18)
We rewrite (7.18) by changing variable to vector w = 8 — B9
| in 5-llz—Xwl 1.19)
w=arg min —||z—-Xw .
g weSP -y 2n

Now let X = [Xg, X;; —X7, Xg] € R¥?P and 7' = [zg;z;] € R*", where Xy and
zg (X7 and z;) are the real (imaginary) parts of X and z, respectively. Now (7.19)

can be written as

1 1
w* = arg min — ||z - —x-w]||*. (7.20)

wWeRbbH2P 4n \2p

Wi+ Wi €S—(Bo)i

This optimization is difficult to analyze and current methods for asymptotic analysis
of such optimizations fail here, because of the dependence between the entries of
X. The main step of our proof is to show that in the asymptotic regime when
p,n =— oo with n/p = ¢, the SER in the optimization (7.19) converges to the one

in the following.

1 1
w* = arg min —||lz - —B - w|]*. (7.21)

weR2P 4n NG P

Wi+ Wpi €S—(Bo)i

Here, zZ € R*" is a vector with i.i.d. N (O, 0'2/2) entries and B € R(ZMx(2p)
is a matrix whose entries are independently drawn from N(0,1). To do so, we
first show this in the case that both the objective functions have an extra strongly
convex term €||w||?/2. Under this scenario, we can utilize the Lindeberg method
as in [3, 130]. In equations (6.15) followed by Theorems 15 and 16 we prove that
these two optimizations converge to the same value (with the difference that for our
optimizations we should change two dependent rows of B with two dependent rows
of X).

The idea is to replace the rows of X to B in n steps. In each step, we replace the
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rows i and p +1i in the X (that are independent from the rest of X) with the the
rows i and 7 + p in the B. We can show that each step changes the SER on the
order of O(p>/*). So as n — oo, the SER doesn’t change. Next, we use the RIP
condition for Gaussian matrices to show that removing the extra e||w||>/2 term in
the optimization does not affect the SER for small enough € (See Sections 3.1 and
3.3.2 in the appendix of [131] for more details regarding these two steps). Then,
we just need to analyze performance of (7.21) instead of (7.19). For the rest of the
proof, we apply the CGMT framework and the same tools as in [165](Section 5.3).
The idea is to rewrite (7.21) as the following min-max problem,

1 1 1
min max u'z - u'Bw — 5||u||2 : (7.22)

Wi+jWpi €S—(Bo); ueR? @ 2\/pi’l
This enables us to apply the CGMT which associates with (7.22), the following

simplified optimization whose analysis provides us with the desired properties of
the initial optimization.

min max Lu’z’ - l||u||2
Wi+jWpi€S—(Bo)i W \2n 2

——(g'u||w|| + h'wp||u

2\/_(g |Iwl| oflull),
where g € R? and h € R?” have i.i.d. standard Gaussian entries. It can be shown
that the optimization over u results in
L wll [

— +——h'w. (7.23)
Wi +1wp+les (Bo)i x/ﬂ” 1/2p gll 2/pn

Using v/x = mingsq 2 — + 7, optimization (7.23) can be written as

1 7112 2 2 1
min — + Tl + min rlwilZlel + h'w. (7.24)
>0 271 4n Wit Wi €S—(Bo): 8np 2+/pn

Using dimension reduction techniques, we can show that from the following deter-

ministic optimization, we can tightly infer the properties of (7.24).
1 10? 7||w||? 1
min — + — + min + h'w. 7.25
>0 271 4 Witjwpr€S—(Bo)  4p 2vpl’l ( .

A completion of squares in the minimization over w, the weak law of large numbers

and convex techniques (See Section A.3 in [165] to see how WLLN can be applied
here) results in the final deterministic optimization

§—-1 o?r

+ 2 g
™0 276 4 4 [Di Vo

1. (7.26)
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Besides, the optimal w can be obtained by putting the optimizer of (7.26) in the min-
imization over w in the last term of the (7.25). Similar to the proof of [166](section
3), SER of w* derived here is equal to the one from (7.19) which is

Hc

S 7.27
T*\/g) ¢ Sx (7.27)

P, - P|Ps(X +
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Chapter 8

ACHIEVING NEAR MAXIMUM-LIKELIHOOD
PERFORMANCE IN MASSIVE MIMO

8.1 Introduction

The last several decades has seen a sustained exponential growth rate in wire-
less traffic (known as Cooper’s law). Due to increasing applications of wireless
networks, such as real-time video, wireless gaming, virtual reality, the emerging
internet-of-things, etc., this exponential growth is forecast to continue unabatedly
into the future. The goal of the upcoming 5G standard is to enable reliable com-
munication at these higher data rates (often 100 Mbits/sec and beyond). One of
the most promising technologies suggested for 5G is Massive MIMO, where each
base station is equipped with a very large number of antennas (many tens to even
hundreds). This increases the capacity of the network many-fold (ideally, by the
number of base station antennas) without adding new base stations or increasing the
frequency spectrum.

in this section, we address the signal processing challenge in Massive MIMO [126,
185], where the base station is confronted with a deluge of data, coming from
potentially several hundred independent streams, and is required to reliably and
efficiently recover the data. The maximum-likelihood (ML) estimator, which is the
desireable theoretical solution for this problem, can not be computed exactly due to
its combinatorial nature [83, 185]. Various heuristics, with tractable computational
complexities, have been proposed to approximate the ML solution often have per-

formance quite distant from ML.

Due to practical advantages, convex-optimization-based methods have gained signif-
icant attenstions in the recent years. The performance of convex relaxation for signal
recovery in MIMO communication systems have been analyzed in [9, 166, 174] for
real-valued constellations (e.g. BPSK, PAM), and very recently, in [1], it has been
extended to the complex-valued constellations (e.g. PSK, QAM).

Here, we develop an algorithm that employs a combination of convex and non-
convex techniques. Our proposed method essentially exploits the solution of a

convex optimization as the initial point for a local search method. We provide the-
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oretical bounds on the performance of symbol update as the post-processing local
search method. Combining this with the theoretical guarantees on the performance
of the convex optimization, we will find the regimes of SNR under which our pro-
posed method has a performance very close to the ML estimate. Our numerical
simulations validates this result by showing that the proposed method has a perfor-
mance very close to the matched filter bound (which itself is a lowerbound on the

performance of the ML estimate.)

8.2 Problem Formulation

Notations We gather here the notations that are used throughout the paper. The bold
lower letters are reserved for vectors and upper letters are used for matrices. For a
vector v, v; represent its i entry, and for a matrix M, My, represent its k™ column.
We reserve the letter j for the complex unit. For a complex scalar x € C, Re{x},
and Im{x} correspond to its real and imaginary part, and |x| is its absolute value.
Nc(u, 0%) denotes the complex Gaussian distribution, with real and imaginary parts
drawn independently from N (uge, 02/2), and N (Mimg> 02/2). Q(+) denotes the tail
distribution of standrad normal distribution, and L indicates convergence in prob-
ability. X ~ px implies that the random variable X has a density px. For a set S,
conv(S) denotes its convex hull.

Problem Setup Consider the problem of recovering a transmitted data vector Sy €
PP, where p is the number of data streams and 9 C C defines the transmit
constellation (QAM, PSK, etc.) for the streams. In our setting, p can be considered
to be the number of mobile users operating in a cell at a certain frequency band.
Assuming that the base station is employing n receive antennas, we seek to recover
Bo € DP from the noisy linear relation y = \/@Xﬁo +z € C", where, X € C"™?
is the known MIMO channel matrix and z € C" is the unknown noise vector. We
consider a random setup where the entries of X and z are both random. The noise
vector z has i.i.d. zero-mean unit-variance circularly-symmetric complex Gaussian
(Nc(0, 1)) entries. In our analysis, we will also assume that the entries of X are
ii.d. Ng(0, 1), in which case SNR is, in fact, the signal-to-noise-ratio. This is a
reasonable assumption when the environment is rich-scattering and there is sufficient

separation between the receive antennas.

When the symbols of Sy are chosen uniformly at random, the estimator that min-

imizes the block probability of error is the maximum-likelihood (ML) estimator
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| Convex

Figure 8.1: The proposed two-pronged algorithm.

/SNR
Y= X8
p

This problem is computationally intractable (in fact, known to be NP hard) when

4

which is given by
2

N 1
BML = arg min — . (8.1)

BeDP 2n

p and n are large. As a result, many computationally-efficient heuristics have been
proposed to approximately solve (8.1), including zero-forcing, mmse, and decision-
feedback-equalization. Unfortunately, these methods underperform ML by quite
a bit (especially when p and n are large). Furthermore, they often lack rigorous
performance analysis, especially in the case of decision-feedback-equalization. An
exact method for solving (8.1) is the sphere decoder [70]. While it has reasonable
complexity when p and n are small, it cannot be scaled to the dimensions encoun-
tered in massive MIMO [83].

We propose a two-pronged attack to develop methods that can efficiently achieve
near ML performance. However, before doing so, let us examine more closely
the performance of (8.1). This will give us a benchmark against which we can
compare our methods. As mentioned, computing the ML solution of (8.1) is
practically impossible. Furthermore, a rigorous formula for the SER (symbol-error-
rate) corresponding to (8.1) is not known. Using the heuristic replica method from
statistical physics, Tanaka [163] gave a formula for the SER of (8.1) when the
modulation is BPSK, i.e., © = {+1} and all signals are real. Since we cannot be
certain of the validity of that formula, we use a rigorous lower bound on the SER
of the ML estimator which is called the matched filter bound (MFB). This bound
is obtained by assuming that a genie provides the receiver with the correct value
of all symbols in Sy except for the first one, and we use the maximume-likelihood
estimator for just the first symbol (instead of the whole block). This is a lower bound

on the SER of any estimator and we shall use it for comparison purposes.
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Figure 8.2: SER Performance of the convex relaxation (Blue line), After doing the local
search (Green line) and the Matched Filter Bound (Red line) for 8-PSK: SER as a function
of SNR for the two cases. For the simulation, we used signals of size n = 128 with each
entry chosen randomly uniform from 8-PSK constellation. The data are averages over
100 independent realizations of the channel matrix and the noise vector. The left figure
corresponds to ¢ = .9 and for the right figure 6 = 1.1 .

Two-step Algorithm

Our two-step algorithm computes the solution to a convex optimization and then
perform a local search to further improves the performance. We mathematically
present our proposed method in Algorithm 2. The convex optimization (8.2) ini-

mizes the loss function in (8.1) over the set C, where C is a convex set that contains
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all the constellation points. After finding the solution to the optimization program,
we map it to closest point in the constellation. This step can be done entrywise and
therefore efficiently.

In the second step of the algorithm, we perform a local search method. For our anal-
ysis, we use a simple symbol update algorithm, which iteratively checks if changing
a certain entry can lower the cost function. Note that the optimization program (8.3)
has only |D)| feasible points.

Figure 8.2 shows the performance of our two step algorithm, in terms of the symbol-
error-rate (SER), with respect to SNR, for PSK and QAM constellations. As depicted
in the figure, the second step makes considerable contribution to the performance,
especially for larger values of SNR. Besides, we see that the performance of the

two-step algorithm gets stupendously close to MFB for larger SNR values.

Algorithm 2 Two-pronged Algorithm
Step 1: Convex Relaxation

o Choose a convex set C, such that D? C C,

o Solve the following convex optimization problem,

. 1 /SNR )
= in—|ly — 1| —X 8.2
B arg min 2nlly ) BlI%, (8.2)

o Map the result to the closest point in constellation, i.e., fori = 1,2, ..., p,i.e.
Bi = argmingep |8 — Bil.

Step 2: Local Search (Symbol Update)

} /SNR
;= i -[—X 8.3
B arg min, Iy ) Bl (8.3)

st.  Bi=B;, Vj#i.

o Fori=1,2,...,p:

Analysis of the convex relaxation

The convex-optimization-based methods [108, 162, 198] have gained significant
attentions in recent years mainly due to the availability of fast convex solvers as
well as the theoretical guarantees that can be provided on their performance. The

difficulty in solving (8.1) is the nonconvexity of the constraint set D” (the set is, in
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fact, discrete). One approach to approximating (8.1) is to relax the discrete set to a
convex one. If we remove the constraint entirely and write

1 [SNR
Y= X8
n p

2

,gz}: =gq|arg n'lgin o , (8.4)

where g simply quantizes each entry of its argument to the closest constellation
point in 9, we obtain the zero-forcing equalizer. Similarly, if we relax D? to the

ball || 8| < ¢, for an appropriate constant ¢, then the MMSE equalizer can be written

/SNR
Y=y Xb
p

For example, for BPSK we should take ¢ = +/p.

Clearly, neither of the above relaxations are the best convex relaxations that one can

as

2

- 1
BMMSE = ¢ | arg min —

8.5
IBll<c 2n (8:2)

use. The best would be to relax D to its convex hull, S = conv(D), in which case

SNR
Y-y Xp
p

Many efficient methods for solving the above convex optimization problem exist
[23, 28].

the estimator becomes,

2

- 1
Beonv = ¢ | arg min —

BeSP 2n (8.6)

While these relaxations have been extensively used, analyzing their performance
was, for a long time, an open problem. In the past 4-5 years, the performance of the
convex relaxation methods have been analyzed for real-valued constellation in the
works of [9, 91, 166, 174]. More specifically, Thrampoulidis et. al. [174] exploited a
framework known as the Convex Gaussian Min-max Theorem (CGMT) [165, 171]
to compute the performance of the box relaxation method for BPSK and PAM
modulations. More recently, in [1], the authors of this paper have extended the
previous results and provided a precise performance analysis for a complex-valued
constellation, D c C, a general convex set C such that D? c C.

In order to compare performance of different convex relaxations, let us consider
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8-PSK constellation as an example, where Dg psk = {ej%"li =0,..., 7} . Using
Theorem 3.1 in [1], the symbol error rate for the aforementioned relaxations can be

bounded as follows,

SERzp < 16 - Q (\/m) .

\/SNR- (6 — g)) and,

SERMpp < 160 (VSNR5) . (8.7)

SERCony < 16+ 0

Here, SER7R, SERCqny and SERppg correspond to the symbol error rate of
zero-forcing, convex hull relaxation and matched filter bound, respectively.

More importantly, this result allows one to say something about the distribution of
errors in a single block of transmission. It turns out that the number of errors in each
block of data, i.e., the number of errors in B, concentrates around pSER [165]. This
is a remarkable result and tells us that we have a very good idea about the number
of errors that appear in the output of the convex optimization step. This knowledge

will be critical in developing the second step of our approach.

Analysis of the post processing (symbol update)

In this section we analyze the performance of the post-processing local search
method. The goal of this step is to reduce the number of erronous symbols in
the result of the first step. As depicted in Figure 8.1, the symbol update method
receives an input X € D?, which is the result of the first step of the algorithm. Using
the measurement matrix, X, and the measurement vector y, it updates the symbols
one-by-one as in (8.3), to reduce the the objective value, ||y — XB||. We analyze
this step to realize the number errors this step is able to correct, in terms of a few
problem parameters that we will define next.

For a constellation set D c C, we define dmin = dmin (D) := ming, z5,e0 |51 — 52/,
and diax = dmax (D) = maxy, s,ep |51 — 52| We assume the entries of S are
independently distributed such that, (57, Bi) ~ pa, fori = 1,2,...,p. Here, py
denotes a probability mass function (PMF) over D?. We use p to define the average

error distance, as follows,

Definition 5 Ler P : D> — [0, 1] be a probability mass function over D?. The
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average error distance D is defined as,

D := D(P) = \[Eryy-p [ = yP?] (8.8)

Theorem 19 provides an upper bound on the SER of the output of the symbol update

algorithm, in terms of the parameters D and dyn.

Theorem 19 Consider the symbol update algorithm as in (8.3). Let X has i.i.d.
complex normal entries, and fori = 1,2,...,p, (ﬁj,,g,-) Hid Pa, Where pg is a
probability mass function over D?. Then, as p,n — oo with the fixed ratio & := %

the symbol-error-rate of the output, B, can be bounded almost surely as,

dwin [ 6-SNR
SERS(IZ)I—I)Q(\/iw/1+SNR'D_2). (8.9)

Before stating the proof, the following remark is in place.

Remark 28 It is worth nothing that the probability of error in the input, 3 , lies
whitin the PMF p, and consequently D. Parameter D is only defined for a tighter
analysis of this step and can be simply bounded as D < SER 5 dmax, where SER; is

the symbol-error-rate of the input signal 8. Therefore, we have the following,

din 0 - SNR
SER < (|D] -1 ) 8.10
(D] )Q( V2 1+SNR~dmax~SER,B~ ) ( )
Proof 12 (outline) As p — oo, the WLLN asserts,
1 & P = .
SER = Ezlﬁ_”ﬁﬁ?‘ S P(B1 2 B)). (8.11)

i=1

Recall that B is the output of the symbol update which is computed via solving the

following optimization,

= ) SNR ,__ ~ ~
Bi = argmin|ly —y[——(XB + (s = BOX)II . (8.12)
Replacing y = SNTRXB* + z would result,

_ _|SNR .
B = argmin [l (s = BDX +v]l (8.13)
seD p
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where v € C" is defined as,

SNR & -
V=, /TZ(@- -BX;—z. (8.14)
=2

Exploiting the assumption that the entries of X;’s and z are independently drawn
from Nc(0, 1) distribution and (f3;, Bi) P pa, we have the followig via WLLN,

VIl = \Jn(1+ SNR - D?) (8.15)

Next, choose s € D — {,81‘}. We have,

— SNR
P(B) = 5) < P(‘/T'S - BiPIIXq )2 (8.16)

+2Re{(s — B)V*X;} < 0) .

It can be shown that the expression in the right-hand-side of (8.16) converges in

probability to,
ls=Bil [ 6-SNR
RHS — — ). 8.17
o \2 1 + SNR - D? ) @17

Since dmin < |s — B}l, we can get an upper bound by replacing |s — Bi| with dyn.

The result (upper bound on SER) is then derived by taking a union bound over all
s €D - {B}+

The following proposition can be proved by combining the results of Theorem 2.1,

with theoretical guarantees on the first step that are derived in [1].

Proposition 1 Consider the assumptions of Theorem 19. Also assume that SNR
goes to infinity as p — oo (with any order larger than constant). Then the relative
gap between the performance of the MFB (SERyrp) and our two step algorithm
(SERA;g) goes to zero, ie.

SER A1, — SERyFB

(8.18)

This Proposition simply states that the proposed algorithm achives the matched filter
bound (MFB) when the SNR grows at a rate greater than a constant. Due to lack of

space, we defer the proof, which is a combination of Theorem 19 and performance



166

1 00 T T T T T T T
2 ==
10 e T, .\“\
\~\~ ~\~
~ ~.
s\ \~
s\ \~
\\ \~
\\ \‘
K N\,
o \s .
2L \ \,
cL}J) 10 \\‘ ‘\
\\
\\
Convex Hull Relaxation N
————— Convex Hull Relaxation + Local Search
10'3 F Zero-Forcing
=== Zero-Forcing + Local Search
r MMSE
[ |===== MMSE + Local Search
I Matched Filter Bound
1 0-4 1 1 1 1 1 1 1
8 9 10 11 12 13 14 15

SNR (dB)

Figure 8.3: SER performance of our two-step algorithm with respect to SNR,
for three choises of convex relaxation; Zero-Forcing (Red lines), MMSE (Black
lines) and Convex Hull relaxation (Blue lines). The green curve corresponds to the
performance of the Matched Filter Bound. Solid lines represent the performance of
the first steps only, and the dashed lines are the final performance of the two-step
algorithm. For our simulations we used p = 128 with % = 1.1. The results is
averaged over 200 random independent realization of the channel matrix and noise
vector.

analysis of the first step, to an extended version of this paper.

We conclude the section by presenting some numerical simulations that verify the
validity of our proposition. Figure 8.3 shows the SER of our two-step algorithm with
respect to SNR, for various convex relaxations in the first step. We used zero-forcing,
MMSE, and Convex Hull relaxation for recovering an 8-PSK signal as the first step.
As seen in the figure, applying the symbol update considerably improves the SER of
the convex relaxation in the large SNR regime. We also reach the MFB performance
as the SNR gets reasonably large. Besides, the best performance corresponds to the
tightest relaxation. The convex hull relaxation performs better than MMSE which

itself outperforms the Zero-Forcing.
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Chapter 9

A PRECISE ANALYSIS OF PHASEMAX IN PHASE RETRIEVAL

9.1 Introduction

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 physics such as astronomical imaging [69], X-
ray crystallography [116], medical imaging [55], and optics [191]. 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.

Reconstructing a signal from magnitude-only measurements is generally very dif-
ficult due to loss of important phase information. Therefore, phase retrieval faces
fundamental theoretical and algorithmic challenges and a variety of methods were
suggested [86]. 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 [11, 13, 36, 77, 87, 88, 128, 144, 190]. Due to the convex nature of their
formulation, these algorithms usually have rigorous theoretical guarantees. How-
ever, 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 [12, 78], 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 this method achieves

perfect recovery for a nearly optimal number of random measurements. The analysis

IThis chapter is mainly based on the work in [142]
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in [12, 78, 82] suggests that m > Cn, where C is a constant that depends on the
quality of initial estimate (Xjyi¢), 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 [52, 53].
However, for the practical case of complex signals, previous results could only

provide an upper bound on C.

In this paper, we characterize the phase transition regimes for the perfect signal
recovery in the PhaseMax algorithm. Our result is asymptotic and assumes that
the measurement vectors are derived independently from Gaussian distribution. To
the extent of our 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 developed Convex Gaussian Min-max The-
orem (CGMT) [165] 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 [4, 165], massive MIMO
[1, 166] and etc. CGMT has been also used by Dhifallah et. al. [53] to analyze the
real version of the PhaseMax. But unfortunately, the complex case does not directly
fit into the framework of CGMT. Therefore, in this paper we introduce a secondary
optimization that provably has the same phase transition bounds as PhaseMax and
that also can be analyzed by CGMT.

The organization of the chapter is as follows. In section 9.2 we introduce the main
notations and mathematically setup the problem. In section 9.3, we present our
main result followed by discussions and the result of numerical simulations. Finally,

section 9.4 includes an outline of the proof of the main theorem.

9.2 Problem Setup

Notations

We gather here the basic notations that are used throughout this paper. We reserve the
letter j for the complex unit. For a complex scalar x € C, xge and xyp, correspond to
the real and imaginary parts of x, respectively, and |x| = /xf{e + xlzm . N (u, 0?) de-
notes real Gaussian distribution with mean y and variance 2. Similarly, Nc(u, 02)
refers to a complex Gaussian distribution with real and imaginary parts drawn inde-
pendently from N (uge, 02/2) and N (um, 02 /2), respectively. R(20°%) denotes the

Rayleigh distribution with second moment equal to 20->. X ~ pyx implies that the
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random variable X has a density px. Bold lower letters are reserved for vectors and
upper letters are used for matrices. For a vector v, v; denotes its i™ entry and ||v||
is its I norm. (-)* is used to denote the conjugate transpose. For a complex vector
Vv, Vre and vy, denotes its real and complex parts, respectively. Also, v(k : [) is a
column vector consisting of entries with index from & to [ of v. We use caligraphy

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

Setup
Let xo € C" denote the underlying signal. We consider the phase retrieval problem

with the goal of recovering x( from m magnitude-only measurements of the form,
bi=lalxol, i=1,...,m. 9.1)

Throughout this paper we assume that {a; € C"}"  is the set of known measure-
ment vectors where the a;’s are independently drawn from the complex Gaussian

distribution with mean zero and covariance matrix L.

As mentioned earlier, the PhaseMax method relies on an initial estimate of the true
signal. xjpi € C" is used to represent this initial guess. We assume both xy and Xjy;
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 (9.1) into convex inequality constraints. This results in the following

convex optimization problem:

£ =argmax Re{Xijn* x}

xeCn (92)
subjectto:  |a’x| < b;, 1 <i<m.

This optimization searches for a feasible vector that posses the most real correlation
with Xjnii. Note that because of the global phase ambiguity of the measurements in
(9.1), we can estimate X up to a global phase. Therefore, we define the following

performance measure for the PhaseMax method,

fel? —x
Dist(%,Xo) = min e = xoll (9.3)
gel-nal [l

Under this setting, a perfect recovery of xo means Dist(%,xg) = 0. In this paper
we investigate the necessary and sufficient conditions under which the optimization

program (9.2) perfectly recovers the true signal.
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9.3 Main Result

In this section, we present the main result of the paper which provides us with the
necessary and sufficient number of measurements for the perfect recovery of the
PhaseMax method in (9.2) under different scenarios. Our result is asymptotic which
assumes a fixed oversampling ratio ¢ := % € [0, 00), while n — co. In theorem
20, we introduce d.c which depends on the problem parameters and prove that the
condition & > e, is necessary and sufficient for perfect recovery. Our result reveals
significant dependence between dy.. and the quality of the initial guess. We use the

following similarity measure to quantify the caliber of the initial estimate:

Re(e/? x*. xq)
Pinit *= Max . OH
o<p<2r |[Xol| ||Xinitl|

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 xg
is dissolved in the absolute value in (9.1)). Therefore, for convenience we assume

both xjn;; and xq are aligned unit norm vectors (||Xo|| = ||Xinit|| = 1), which results

in Pinit = X;;it Xo. We also define 6 as the angle between X;y; and X¢, and therefore,
Pinit = cos 6. We now present the main result of the paper which characterizes the

phase transition regimes of PhaseMax for perfect recovery, in terms of ¢ and pjpit-

Theorem 20 Consider the PhaseMax problem defined in section 9.2. For a fixed
oversampling ratio 6 = * > 4, the optimization program (9.2) perfectly recovers the
true signal (in the sense that lim,,_,. P(Dist(%,Xg) > €) = 0, for any fixed € > 0) if
and only if,

4 4

5 > 5}’60 ==, (95)
2 2
cos= 6  po .

where pinir is defined in (9.4).

Theorem 20 establishes a sharp phase transition behavior for the performance of
PhaseMax. The inequality (9.5) can also be rewritten in terms of 6 (or pj,it) when

the oversampling ratio, ¢, is fixed,

4
Pinit = cOs 6 > \/; ) (9.6)

The proof of Theorem 20 consists of two main steps. First, we introduce a real

optimization program with 2n — 1 variables and prove that it has the same phase
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transition bounds as PhaseMax in (9.2). 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 9.4.

Remark 29 The condition 6 > 4 is proven to be fundamentally necessary for the
phase retrieval problem under generic measurements to have a unique solution
[45]. This is consistent with Theorem 20 where you can observe that even in the
best scenario where Xp;; is aligned with Xo, we still need m > 4n measurements
for PhaseMax to have Xq as the solution. On the other hand, in the case where
Xinit carries no information about Xq (X is orthogonal to Xg), recovery of Xy by

PhaseMax is not guaranteed regardless of the number of measurements.

Remark 30 [t is shown in the work of Goldstein et. al. [78] that 6 > ﬁ is
sufficient for perfect recovery of Xo. This bound is compared to our result in Fig. 9.1
which shows phase transition regions of PhaseMax derived from empirical results.
Although the simulations are run on the signals of size n = 128, one can see that the

blue line that comes from Theorem 20, perfectly predicts phase transition boundary.

9.4 Proof Outline

In this part we introduce the main ideas used in the proof of Theorem 20. As
mentioned earlier in section 9.3, we assume X is a unit norm vector aligned with Xipi;.
Due to rotational invariance of the Gaussian distribution, without loss of generality,
we assume Xy = ej, the first vector of the standard basis in C". Furthermore, the

optimization program (9.2) is scalar invariant. So, we can assume ||Xn;¢|| = 1.

The proof consists of two main steps: In the first step, we analyze the complex
optimization problem (9.2) and find the necessary and sufficient condition under
which X = xo. Consequently, we use this condition to build an equivalent real
optimization problem. Lemma 24 introduces this equivalent real optimization ERO,
in R>"~!, and states that the perfect recovery in the PhaseMax algorithm occurs if

and only if zero is the unique minimizer of the ERO.

In the second step, we adopt the CGMT framework to analyze the ERO and inves-
tigate the conditions on pjyi¢ (or €) under which the unique answer to the ERO is
0. Therefore ,as a result of Lemma 24, these conditions will guarantee the perfect

recovery in the initial PhaseMax optimization (9.2).
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Figure 9.1: Phase transition regimes for the PhaseMax problem in terms of the
oversampling ratio 6 = m/n and 6, the angle between X and X;,;. For the empirical
results, we used signals of size n = 128. The data is averaged over 10 independent
realization of the measurement vectors. The blue line indicates the sharp phase
transition bounds derived in Theorem 20 and the red line comes from the results of
[78], which is referred to as the GS Bound.

Introducing the Real Optimization ERO

We define the error vector w := X — X and rewrite (9.2) in terms of w,

max Re{Xinic* W}
wee (9.7)
subject to: |a¥(e; +w)| <b;, 1 <i<m.

Fori = 1,2,...,m , we use ¢; := phase(aj*xo) to define aligned measurement

vectors d; := e¢/%a,. Therefore, we have,

b;=axg = (&), for i=12,...,m, 9.8)

where (&;); is the first entry of ;. Let D := {w € C" : Re{x*. w} > 0} be the set of

init
all vectors w with nonnegative objective value and ¥ := {w € C" : |a*(e; + w)| <

b;, fori =1,2,...,m} be the feasible set of the optimization problem (9.7). The
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following lemmas prove necessary and sufficient conditions for perfect recovery in

PhaseMax, based on these notations.
Lemma 21 x is the unique optimal solution of (9.2) if and only if D (F = {0}.

Proof 13 For w € D N F, Xo + W is a solution of (9.2) with an objective value
greater than the value for xXo. Therefore, D (\F = {0} is equivalent to Xy be a local

minimum of (9.2) which is also a global minimum due to convexity of (9.2).
Lemma 22 D N F = {0} if and only if D () cone(F) = {0}.

Proof 14 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(F) = cone(D ﬂ F).
Lemma 23 cone(¥) = (;L;{w € C" : Re{a* w} < 0}.

Proof 15 Letd € F,

|b;+a*d| < b;, for i=1,2,...,m. 9.9)
Therefore,
Re{ﬁfd} = Re{b,- + ﬁl*d} - b;,
<|b;+a’d|-b;, (9.10)
<0.
This shows that cone(¥) € N2, {w € C" : Re{a*w} < 0}. To show the other
direction, choose d € C" such that: Re{ﬁ;‘d} <0, for i =1,2,...,m. One

can show that there exists R > 0, such that for all r < R, rd € F. Therefore,
d € cone(F). This concludes the proof.

We have the following corollary as aresult of Lemma 21, Lemma 22, and Lemma 23.

Corollary 11 xg is the unique optimal solution of (9.2) if and only if,

{w:Re{x; . w} >0 Re{a}w} <0, for 1 <i<m}=1{0}. 9.11)

init
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We are now ready to establish the equivalent real optimization ERO. We will show
that the ERO has the exact phase transition bounds as PhaseMax in (9.2).

max n’w
weRl (9.12)
subject to: |a’} (e; +W)| < b;, 1<i<m,

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

dimensional real vectors defined as,

Re{Xinit } ,
and a; :=
—Im{Xii(2 : n)}

Here Im{4;(2 : n)} is the imaginary part of the last n — 1 entries of 4;,. We conclude

Re{a;}
—-Im{a;(2 : n)}

, Vi. (9.13)

this step of the proof with the following lemma:

Lemma 24 x is the unique optimal solution of the PhaseMax method if and only

if W = 0 is the unique optimal solution of (9.12).

The proof of Lemma 24 is straightforward by defining

/ —_—

(9.14)

Re{w} c R2-!
Im{w(2 : n)} ’
and then showing that the optimality conditions for w' = 0 in (9.12) is equivalent to
(9.11).

Itis worth mentioning that the result of Lemma 24 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.

Convex Gaussian Min-Max Theorem
Our analysis is based on the recently developed Convex Gaussian Min-max Theorem
(CGMT) [165]. 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 + y (u, w), (9.152)

weSy ueS,

min max ||w|/g’u — |[u|[hfw + ¢ (u, w), (9.15b)
weSy ueS,

¢(g,h) :
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where G € R™" g e R" he R", Sy Cc R", Sy Cc R" and ¢ : R" x R" — R.

Denote wo := Wo(G) and wy := wg(g, h) any optimal minimizers in (9.15a) and
(9.15b), respectively. The following lemma is a result of CGMT [165].

Lemma 25 Consider the two optimizations (9.15a) and (9.15b). Let Sy, Sy be
convex and compact sets, Y be continuous and convex-concave on Sy, X Sy, and,
G, g and h all have entries iid standard normal. Suppose there exist a such that in
the limit of n — oo it holds in probability that ||ws(g, h)|| — «. Then, the same
holds for we (G) and we have ||wo(G)|| — a.

In the next section, first we will rewrite the ERO in the form of the optimization
(9.15a). This enables us to apply Lemma 25 to the ERO and derive an Auxiliary
Optimization in the form of (9.15b). This lemma indicates that if ||w4(g,h)|| — 0
for the (AO), then ||[we(G)|| — 0 for the ERO and we have perfect recovery. (AO)

can be analyzed using the 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 24 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 (9.13).
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 defined in section 9.4, is as follows:

1. The first entry of a; is the absolute value of the first entry of the a;. Therefore,
it has a Rayleigh distribution, i.e.,

(@)1 ~ R(1), (9.16)

2. The remaining entries of &; remain standard Gaussian random variables,

(3 ~ Nc(0,1), for2 <k <n, (9.17)

3. The entries of 4; 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
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the measurement matrix A € R"*(>"~1 by stacking vectors {a;’, 1 <i < m}. Let
A € R™ be the first column of A, and A € RM*(2n=1) e the remaining part (i.e.,
A =[A; A)]). xo = e; implies that A| = [by, b, ..., b,]7, where b;’s are defined
in (9.1). Using the Lagrange multipliers, we can reformulate (9.12) as the following

minmax program,

min  max (—-n'w+(1-p) AW
wieR  A,ueRY
W€R2n72

— A+ AL+ (A= A1+ wy)), (9.18)

where w1 denotes the first entry of w and w is the remaining part. Definev := A—pu .
It can be shown that optimal values of (9.18) satisfy A + u = |4 — u|. Here, | - |
denotes the component-wise absolute value. Therefore, (9.18) can be rewritten as
an optimization over v € R” and w € R>"~! in the following form:
vl‘;lllé% max —'w+vIAW+VIA (1 +w)) — [v]TA,. (9.19)
WeRZn—Z
Note that A has i.i.d. standard normal entries. One can check that (9.19) satisfies
the condition of Lemma 25. Hence, we can form the (AO) as follows,
min max — ' w+ v g||W|| + ||v||h W
wieR veR™
WeR22 (9.20)
+vIAL(1+wy) = |v]"Ay,

where g € R” and h € R¥? with entries drawn independently from standard
normal distribution. Analysis of (9.20) is similar to [53]. Due to lack of space, we

defer technical details to the full version of the paper.

We conclude the paper with a theorem that characterizes the performance of the
ERO. Let w* be the optimizer of (9.20). Define s* := 1 + w] and * := [|W*|].

Theorem 21 In the asymptotic regime where m,n — oo, and 6 := =, s* and t*

converges to the solution of the following deterministic optimization,

[ o
mit S+l 1 = pinic[ 1> — =p(t,
sE[—rlr,lﬁ),( tZOplmt s Pinit 2]7( S)

2
t
subject to: p(t,s) < =5

(9.21)
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In the above optimization, p(t, s) is define as,

p(t,s) =2+ (1+8)[1+s— V2 +(1+5)2]
+(1=95)[1-5—-~2+(1-15)?] (9.22)

2
Vs
(0, 1) to be the unique solution of (9.21) which is equivalent to the perfect recovery

in the ERO.

It can be shown that p;,;; > —= is the necessary and sufficient condition for (¢, s*) =
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Chapter 10

CONCLUSION AND FUTURE WORK

We will conclude with some brief remarks n the results of this thesis, and mentioning

a few related directions that worth further exploration.

The universality results we showed were for a few special, but useful and practi-
cal cases, and does not always hold. For instance, in the last chapter we observe
that the phase transition we achieve for complex phase retrieval with phase-max, is
not simply equivalent to the case where we replace the complex Gaussian matrix,
with its corresponding real Gaussian matrix, as we did for massive MIMO. Also in
Chapter 6, we have observed that the assumptions we mentioned for the regularizer
are necessary. For instance, universality will not hold by choosing a nuclear norm
as the regularizer, without being constraint to PSD matrices. Note that if we are
constrained to PSD matrices, the nuclear norm simply becomes the trace function,

which satisfies the assumptions of the Chapter 6.

The precise analysis we proposed in Chapter 2, paved the way for a few possible fu-
ture directions. Calculating the best regularizer parameter A and choosing the right
loss function and regularizer based on the problem parameters are two interesting
directions that we would like to consider as future work. Besides, the universality
results enables us to go further, and analyze the best designs for the feature matrices
X. This can be helpful in the applications that we can manipulate the features matrix

for the best performance.

Another area that has not been investigated yet, is the analysis of the count data
models, such as Poisson regression. These models are very popular with tens of
applications in telecommunications (number of arriving calls in a system), Biology
(number of mutations on a DNA), Finance and insurance (number of losses or claims
in a period of time), etc.. Using the results of Chapter 2, we can easily analyze their
performance and derive results on consistency of count data models under various

conditions.
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Finally, new applications of generalized linear models and also non-linear models,
always leads to new research directions where CGMT and such universality results
framework are applicable. We hope that this thesis was a practical guide in using

CGMT framework and corresponding universality results to those new directions.
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.1 Proof of Theorem 2

Here, we prove Theorem 2. The proof consists of several steps and intermediate
results, that are stated as lemmas. The proofs of those are all deferred to Appendix
2.
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Preliminaries

B := arg min L(y - XB) + 1£(8).

Recall that y = X3y + z. Our goal is to characterize the nontrivial limiting behavior
of || - Boll2/+/p. We start with a simple change of variables w := (8 — o) /+/P,
to directly get a handle on the error vector w. Also, we normalize the objective by
dividing with p so that the optimal cost is of constant order. Then,

W= argn&né{ﬁ (z— VpXW) +Af (Bo+pwW)} . (1)

Instead of the optimization problem above, we will analyze a simpler Auxiliary
Optimization (AO) that is tightly related to the Primary Optimization (PO) in (1)
via the CGMT.

The CGMT for M-estimators

In this section, we show how the CGMT Theorem 8 can be applied to predict
the limiting behavior of the solution ||W/||, to the minimization in (1). The main
challenge here is to express (1) as a (convex-concave) minimax optimization in
which the involved random matrix (here X) appears in a bilinear form, exactly as in
(2.126a). Also, some side technical details need to be taken care of. For example,
in (2.126a) the optimization constraints are required by Theorem 8 to be bounded,

which is not the case with (1). We start with addressing this immediately next.

Boundedness of the Error

The constraint set over which w is optimized in (2.126a) is unbounded. We will
introduce “artificial" boundedness constraints that allow applying Theorem 8, while
they do not affect the optimization itself. For this purpose, recall our goal of proving
that ||W||, converges to some (finite) @, defined in Theorem 2. Define the set

Sw ={w | [lw]}2 < K,}, where
Ky, =a.+¢ )

for a constant £ > 0, and, consider the “bounded" version of (1):

WP e argg;gl%{g (2~ VPXW) + Af (Bo + vEW)} . 3)
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We expect that the additional constraint w € Sy in (3) will not affect the optimization
with high probability when p is large enough. The idea here is that the minimizer
of the original unconstrained problem in (1) satisfies ||W|; ~ a. < K, w.h.p.. Of
course, this latter statement is yet to be proven; but onnce this is done, we can
return and confirm that our initial expectation is met. Lemma 26 below shows that

N P . .
if ||W3|| = a. < K, then, the same is true for the optimal of (1).

Lemma 26 For the two optimizations in (1) and (3), let W and W? be optimal

P P
solutions. Also, recall the definition of K, in (2). If |W8|l, = a., then ||W|) — a..

Owing to the result of the lemma, henceforth, we work with the bounded optimiza-
tion in (3). Using some abuse of notation, we will refer to optimal solution of (3) as

w, rather than W5,

Identifying the (PO)

Here, we bring the minimization in (3) it in the form of the (PO) in (2.126a). For
this purpose, we will use Lagrange duality. Note that the former can be equivalently

expressed as

1
W = arg rr}Sin ; {L(\/ﬁv) +Af(Bo+ \/ﬁw)} subjectto v =1z —/pXw.
WEOW,V

Associating a dual variable u to the equality constraint above, we write it as

W = argwlg}siavml?x % {—uT(\/ﬁX)w +ulz — uTV} + }17 {.E(V) +Af(Bo + \/ﬁw)} .
4)

It takes no much effort to check that the objective function above is in the desired
format of (2.126a): the random matrix X appears in a bilinear term u’ Xw, and,
the rest of the terms form a convex-concave function in u, w. Furthermore, we can
use Assumption 1 to show that the optimal u.. is bounded, which is a requirement
of Theorem 8. In the same lines as in Section .1, we henceforth work with the
“bounded" version of (4), namely,

W = arg wrgav max % (" (vpX)w +u’z —u'v} + ;—) {LV)+Af(Bo+pW)}.
5)

for Sy := {u | |lull» < Kz} and Kg > 0 a sufficiently large constant.



197

Lemma 27 If Assumption 1(b) holds, then there exists sufficiently large constant
Kpg, such that the optimization problem in (5) is equivalent to that in (3), with
probability approaching 1 in the limit of p — oo.

As alast step, before writing down the corresponding (AO) problem, it will be useful
for the analysis of the latter, to express f in a variational form through its Fenchel

conjugate, which gives,

. 1 T T T
w=arg min max — -0 (WpX)w+uz—-u'v
gweSw,vueS“,s VP { ( p ) }

+ % {LO)+ 2" po+ ANpsTw=f' (9} (©)

The (AO)

Having identified (6) as the (PO) in our application, it is straightforward to write the
corresponding (AO) problem following (2.126b):

1
min  max — {[lwlg"u - [lulbh’w+u’z - u'v}
WESW,V ueS,,s \/}_7

+ Il? {L(v) + As” Bo + A/ps'w — ﬂf*(S)} . (7N

Once we have identified the (AO) problem, Corollary 3 suggests analyzing that one
instead of the (PO). Our goal is showing that ||W/||» il .. For this, we wish to apply

the corollary to the following set
S={w[|lIwl - a.| > €},

for arbitrary € > 0.

Asymptotic min-max property of the (AO)

It turns out that verifying the conditions of the corollary for the (AO) as it appears
in (7) is not directly easy. In short, what makes the analysis cumbersome is the fact
that the optimization in (7) is not convex (e.g. if g’u is negative, then ||wl||,g’u is
not convex). Thus, flipping the order of min-max operations that would simplify
the analysis is not directly justified.

At this point, recall that the (PO) in (6) is itself convex. In fact, for it, all conditions
of Sion’s min-max Theorem [149] are met, thus, the order of min-max operations
can be flipped. According to the CGMT, the (PO) and the (AO) are tightly related in
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an asymptotic setting. We use this, to translate the convexity properties of the (PO)
to the (AO). In essence, we show that when dimensions grow, the order of min-max
operations in the (AO) can be flipped. Thus, we will instead consider the following
problem as the (AO):

1 1
(g.h):= max min  max —(||wlhg+z-v)u— —|ulph’w
v 0sp<Kp IIWlp<Ka lul=p VP 8 VP

+ lL(v) + isTﬁo L if’"(s).
p p p

\P
®)

Observe that the objective function remains the same; it is only the order of min-max
operations that is slightly modified compared to (7). Since the objective function
is not necessarily convex-concave in its arguments, there is no immediate guarantee
that the two problems in (7) and (8) are equivalent for all realizations of g and h.
However, the lemma below essentially shows that such a strong duality holds with
high probability over g and h in high dimensions. Hence, the problem in (8) can be
as well used, instead of the one in (7), in order to analyze the (PO). For this reason,
henceforth, we refer to (8) as the (AO) problem.

Lemma 28 Let w(X) denote an optimal solution of (1). Consider the (AO) problem
in (8). Let a. be as defined in Theorem 2. For any € > 0 define the set S :=
{w | |lIw]l2 — a«| < €}, and, psc (g, h) be the optimal cost of the same optimization
as in (8), only this time the minimization over W is further constrained such that
w & S. Assume that for any K, > «. and for any sufficiently large Kpg, there exist
constants ¢ < ESC such that for all n > 0, with probability approaching one in the
limit of p — oo the following hold:

1. ¢(g.h) <g+n,

2. ¢pse(g.h) > ¢g — 1.

Then,
I}EQOP( NWX)2 — .| <€) =1.

In view of Lemma 28, what remains in order to prove Theorem 2 is satisfying the
conditions of the lemma. This involves a thorough analysis of the (AO) problem in

(8), which is the subject of the next few sections.
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Scalarization

Observe that the optimization in (8) is over vectors. The purpose of this section
is to simplify the (AO) into an optimization involving only scalar variables. Of
course, one of this has to play the role of the norm of w, which is the quantity of
interest. The main idea behind the “scalarization" step of the (AO) is to perform
the optimization over only the direction of the vector variables while keeping their
magnitude constant. This is already hinted by the rearrangement of the order of
min-max operations going from (7) to (8). Also, this process is facilitated by the

following two:

1. The bilinear term u’ Xw that appears in the (PO) conveniently “splits" into

the two terms ||w|j>g’ u and |[u||;h? w in the (AO),

2. The term involving the regularizer, i.e. f(Bp + W) has been expressed in a

variational form as supg s’ B + s’ w — f*(s).

The details of the reduction step are all summarized in Lemma 29 below which
shows that the (AO) reduces to the following convex minimax problem on four
scalar optimization variables:
T 1 T
inf  sup & +—er (a/g +z; —g)

Osa=Ko 0<p<k P B
Tg> 7,>0

%+’%@—/l.%e‘f(%h+ﬁo;‘j—j) ,a>0 ©
4 £ (fo) =0
where recall that

ew (U;7) = mvin{%llu ~v[3 +w(v)}

denotes the (vector) T-Moreau envelope of a function w : R? — R evaluated at
u € R

Lemma 29 (Scalarization of the (AO)) The following statements are true regard-
ing the two minimax optimization problems in (8) and (9):
1. They have the same optimal cost.

2. The objective function in (9) is continuous on its domain, (jointly) convex in

(a, 7¢) and (jointly) concave in (3, Tp,).

3. The order of inf-sup in (9) can be flipped without changing the optimization.
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Convergence Analysis
The goal of this section is to show that the (AO) satisfies the conditions of Lemma
28. This requires a convergence analysis of its optimal cost. We work with the

scalarized version of the (AO) that was derived in the previous section:

¢(g.h,z,B0) = inf sup R,(a,7g, 6,78 0,2 Bo), (10)
<a< @ 0<B<Kpg

7,>0

Rp=%+%{ (ag+z—) L(Z)}
e LR d e (Bha gy ) - f(Bo)} La>0
0 ,a=0

Here, when compared to (9), we have subtracted from the objective the terms £(z)
and f(Bp), which of course does not affect the optimization. The optimization is of
course random over the realizations of g, h, z and Sy, and, by the WLLN, it is easy to
identify the converging value of the objective function R, for fixed parameter values
@, Ty, B, T,. For our goals, we need to show that minimax of the converging sequence
of objectives converges to the minimax of the objective of the (SOP). Convexity of
R, plays a crucial role here since is being use to conclude local uniform convergence
from the pointwise convergence. Uniform convergence is a requirement to conclude
the desired.!

Lemma 30 (Convergence properties of the (AOQ)) Let

Rp(aa Tg9 ﬁa T/’l) :: Rp(a’ Tg, ﬁ7 Th; g7 h’ Z7 ,80)
be defined as in (10), and,

¢ﬂ - ¢ﬂ(g,h z ﬁO) lnf Sup Rp(a/’ Tg’ﬁ’ Th)’ (11)
aeA 0<B<Kpg
Tg>0 7,50

for A C [0, ). Further consider the following deterministic convex program

2

=6+ Lo B=0 |0 =0
(12)

nterestingly, some of the tools used for this part of the proof are similar to those classically
used for the study of consistency of M -estimators in the classical regime where p is fixed and n goes
to infinity, see for example the Arg-min theorem in [107, Thm. 7.70], [125, Thm. 2.7].
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where L and F as in Theorem 2. If Assumption 1 hold, then,

1. Ry(a,1g,B,ThH) LR D(a, 1,4, B, 14), for all (a, 74, B, 1), and, D(«a, g, B, Th)

is convex in (a, T,) and concave in (B, ).

2. Assume «, is the unique minimizer in (12) with A := [0, ). For any € > 0,
define S¢ := {a | |@ — a.| < €}. Then, for any sufficiently large constants
K, > a. and Kg > 0, and for all 1 > 0, it holds with probability approaching

lasp — oo

a) dlo.k,) < 5[0,00) +7,
b) dro.k.\S. = 5[0,00)\35 -1

c) 5[0,00)\85 > E[o,m>-

Putting all the Pieces Together

We are now ready to conclude the proof of Theorem 2.

Proof 16 (Proof of Theorem 2) Fix any e > 0. Consider the set S¢ = {w | |||w]||» —
|l < € as in Lemma 28. We use the same notation as in the lemma. Let
Ko > a. and arbitrarily large (but finite) Kg > 0. From Lemma 29(i) ¢(g,h) is
equal to the optimal cost of the optimization in (9). But, from Lemma 30(b)(i),
the latter converges in probability to some constant ¢ (see Lemma 30 for the exact
value constant). The same line of arguments applies to ¢sc(g,h), showing that it
converges to another constant 532. Again from Lemma 30(iii): 532 > ¢. Thus,
the conditions of Lemma 28 are satisfied, and, it implies that the magnitude of any
optimal minimizer (say) W) of the (PO) problem in (6) satisfies W9 € S in
probability, in the limit of p — 0.

Once, we have a min-max optimization that consits of only scalars, we only have to
investigate the optimality conditions to get to the system of non-linear equations in

Theorem 2.

.2 Proofs for Section .1
Proof of Theorem 8(iii)

Consider the following event

& = {®sc(G) = pg- — 17, (G) < ¢ +1}.
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In this event, it is not hard to check using assumption (a) that ®sc > ®, or equiv-
alently we € S. Thus, it suffices to show that & occurs with probability at least
1-4p.

Indeed, from statement (i) of the theorem and assumption (c),

P(®se(G) < pge — 1) < 2P(¢sc(g,h) < pge — 1) < 2p.

Also, from statement (ii) of the theorem and assumption (b),
P(®(G) > ¢ +1) < 2P(¢(g.h) = ¢ +n) < 2p.

Combining the above displays the claim follows from a union bound.

Proof of Corollary 3

Call 5 := (¢gc — #)/3 > 0. By assumption, for any p > 0 there exists N := N (1, p)
such that the events {¢ < ¢ + 1} and {¢sc > ¢g — n} occur with probability at
least 1 — p each, for all p > N. Then, for all p > N, we can apply Theorem 8(iii)
to conclude that we(G) € S with probably at least 1 — 4p. Since this holds for all

p > 0, the proof is complete.

Proof of Lemma 26
For convenience, denote with M (w) the objective function in (1). For some € > 0
suchthat o +€ < K, (e.g. € = £/21in (2)), denote D = {w | a—€ < |W|» < a+¢€}.

By assumption, with probability approaching 1 (w.p.a. 1).
wleD. (13)

For the shake of a contradiction, assume that there exists optimal solution w of (1)

such that w ¢ O w.p.a. 1. Clearly,
M(W) < M(W5). (14)

Suppose w € Sy, then W is optimal for (3) and satisfies (13), which contradicts our
assumption. Thus, W ¢ Sy. Next, let wyg := OW + (1 — 9)W? for 6 € (0,1) such
that wy ¢ D and wy € S,, (always possible, by definition of D). By the convexity
of F and (14), it follows that M (W) < M(W?). Hence, Wy is optimal for (3) and
satisfies (13), which, again, is a contradiction. This completes the proof.
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Proof of Lemma 27
It suffices to prove the equivalence of the optimization (4) and (5). Let w., v, u, be
optimal in (4). To prove the claim, we show thatu, € Sy (& [Ju.|l2 < K3) w.p.a. 1.

From the first order optimality conditions in (4), we find that

u, € %QL(V*) (15)
V. = Z — \[pXW.. (16)

Recall Assumption 1 and consider two cases. First, if supyegn SUPse (v lISll2 < o0,
the claim follows directly by (15). Next, assume that w.h.p., [[z| < Ci+/p for
constant C; > 0. Also, a standard high probability bound on the spectral norm of
Gaussian matrices gives || X]|]» < C3, e.g. [186]. Using these, boundedness of w,
and (16), we find that [|v.[, < C34/p w.h.p.. Then, the normalization condition
% SUPseyr(v) lIsll2 < C for all [|v]l < c+/p and all p € N, yields the desired, i.e.
|lu.|l» < C holds with probability approaching 1 as p — oo.

Proof of Lemma 28

Let w. denote an optimal solution of the “bounded" optimization in (6). It will
suffice to prove that w, € § in probability. To see this, recall from Lemma 27
that (6) is asymptotically equivalent to (3). Then, Lemma 26 and the assumption
a. < K, guarantee that W(X) € S in probability, as desired.

Denote @ := ®(X) the optimal cost of the minimization in (6) and ®gc := Dge (X)
the optimal cost of the same problem when the minimization is further restricted to
be over the set w € S¢. Note that w, € S iff ®gc(X) > ®(X); hence, it will suffice

to prove that the latter event occurs in probability.

We do so by relating the (PO) in (6) to the Auxiliary Optimization (AO) in (8) using
Theorem 8. For concreteness, denote the objective function in (8) with A(w, v, u, s),
and, recall Sy := {w | [|W|}» < K, }, Su := {u | |Jull> < Kg}. With these, define

¢" = ¢"(g,h) ;== min max A(w,v,u,s) and
WESy,VUES,,S

#P = ¢P(g,h) := max min A(w,v,u,s). 17)

ueS,,s WeSy,v

Observe here that the order of min-max in ¢ is exactly as in the original formulation
of the CGMT, cf. (2.126b); ¢D is the dual of it, while ¢ in (8) involves yet another

change in the order of the optimizations. The reason we prefer to work with the
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later problem, is that this particular order allows for a number of simplifications

performed in Section .1.

As done before, denote with ¢P Sc,¢D sc the optimal costs of the optimization
problems in (17) under the additional constraint w € S¢. The two problems in (17)

are related to the one in (8) as follows:

¢PSC = min max A(w,v,u,S) = min max max A(w,v,u,s)

WESw,V UESy,S weSy,v B8 |ulh=B
weS¢ weS<
> max min max A(W,v,u,s) = dsec, (13)
B.s weSy,v |lulh=8
weS*¢

where the inequality follows from the min-max inequality [136, Lem. 36.1]. Simi-

larly,
D = max min A(w,v,u,8) = max max min A(W,v,u,s)
ueS,,s WeSy,v B.s |ul=8 weSy.v
< max min max A(w,v,u,s) = ¢. (19)

B.s weSy,v ||ulx=8

Furthermore, they are related to the (PO) via the CGMT. From Theorem 8(i), for all
ceR:

P(®se < ¢) < 2P(¢ge < ¢). (20)

Also, from Theorem 8(ii)2:
P(® > ¢) < 2P(¢P > ¢). (21)
The remaining of the proof is in the same lines as the proof of 8(iii), but is included

for clarity. Let n := (¢sc — ¢)/3 > 0. We may apply (20) for ¢ = 53(,- —n and
combine with (18) to find that

P(®sc < e —1) < 2P(¢7gc < bse —1) < 2P(¢se < bse —1).  (22)

From assumption (b) the last term above tends to zero as p — oo. In a similar way,

combining (21), (19) and assumption (a), we find that
P(® > ¢+17) <2P(¢” = ¢ +1) <2P(¢ = ¢ +1), (23)

goes to zero with p — oco. Denote the event & = {®Pgc > ESC —nand ® < ¢ +7}.
From (22) and (23) the event occurs with probability approaching 1. Furthermore,
in this event, after using assumption (a), we have ®* g > ESC -n>¢+n > P

equivalently, the optimal minimizer satisfies w,. € §, which completes the proof.
2

more precisely, please refer to equation (32) in [171].
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Proof of Lemma 29
(i) We start by showing how the vector optimization in (8) can be reduced to the

scalar one that appears in (9). This requires the following steps.

Optimizing over the direction of u: Performing the inner maximization is easy. In
particular, using the fact that maxy),-g u’t = B||t||, for all B > 0 the problem

simplifies to a max-min one:

m . ﬂ ﬁ T
Wil2g + 2 — — —h
OS,BSaI){(ﬁ,S ||w||$11r(1mv \/p” Iwllg+z -V} N w
1 A A pl
+—L(v)+ =s'xg + —=s"w— = f*(s), 4
p p VP p

Optimizing over the direction of w: Next, we fix ||w|> = @, and, similar to what
was done above, minimize over its direction:
1 a A A
max min £|| ag+z—V |+ —L(V)— —||fh - As|l, + =s'xg — = f*(s).
0<p<Kgs 0<a<K,v \/p p \pP p p
(25)

Changing the orders of min-max: Denote with M («, 3, v, s) the objective function
above. It can be checked that M is jointly convex in (@, v) and jointly concave in
(B,s) (cf. Lemma 34). Thus, miny M is convex in @ and jointly concave in (3, s).
Furthermore, the constraint sets are all convex and the one over which minimization
over a occurs is bounded. Hence, as in [149, Cor. 3.3] we can flip the order of

maxg s min,, to conclude with

min  max maxminM(a,S,V,S).
0<a<K, 0<p<Kg s v

Also, observe that the order of optimization among v and s does not affect the

outcome.

The square-root trick: We apply the fact that \/y = infr~o{7 + 2)(—7} to both the terms

|ag +z — v||; and Sh — As|»:

=l il
2 VP

T 1
min  max inf sup &+—min ﬁll ag+z—v ||§+.E(V)
0<a<Ko 0<B<Kp 7,>0 1 50 p v 2Tg

- = _min {inﬁh — Asl3 - As"xo +/1f*(s)} .
N 2Th
(26)

Identifying the Moreau envelope: Arguing as before, we can change the order of

optimization between 8 and 7,. Also, it takes only a few algebra steps and using
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basic properties of Moreau envelope functions (in particular, Lemma 35(ii)) in order

to rewrite the last summand in (26) as below. If @ > 0, then,

min {inﬁh — as|2 = asTxg + Af? (s)}
s |21y

Th 5 T B Th T
L — B xg+A-er [Zh+ Pixg: 27
ol - g+ e (e ox )1
2
)
_ B p - e (ﬂ—“h+ Xo: “—) . (28)
ZTh Th Th

Otherwise, if @ = 0, then the same term equals —1 f (Xo) since maxgs’ xg — f*(s) =
f (Xo).

(ii) The continuity of the objective function in (9) follows directly from the continuity
of the Moreau envelope functions, cf. [137, Lem. 1.25, 2.26]. In particular,
regarding the two branches of the objective: it can be checked, using the continuity
of the Moreau envelope, that the limit of the RHS in (28) as @« — 0 evaluates to
—Af(xp). (In fact, this is the unique extension of the upper branch to a continuous

finite convex function on the whole @ > 0,7 > 0, as per [136, Thm. 10.3]).

Convexity of (9) can be checked from (26). By applying Lemma 34, after mini-
mization over v the Moreau Envelope remains jointly convex with respect to @ and
7, and concave in 8. The same argument (and similar lemma) holds for the last term
of (26) in which after minimization over s it remains jointly convex in 8 and 7, and
concave in . Then the negative sign before this term makes it jointly concave in 8

and 7, and convex over «.

Proof of Lemma 30

(a) By Assumption 1 the normalized Moreau envelope functions in (10) converge
in probability to L and F, respectively. Also, [|h||3/p LNy by the WLLN. This

proves the conver gence part.

Lemma 29(i) showed R, to be convex-concave. Then, the same holds for D by

point-wise convergence and the fact that convexity is preserved by point wise limits.

(b) Call
M,(a) = sup inf R,(a, 7., B,7,) and M(a) = sup inf D,(a,7,, B, 11).
0<B<Kp Ts> 0<pB >0
7,>0 7,>0

(29)
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The bulk of the proof consists of showing that the following two statements hold

V compact susets A C (0, o) and sufficiently large Kg := Kg(A) > 0
- inf M, () D> inf M(a) (30)
aeA aeA
and,
Ve > 0,w.p.a.1 : M,(0) < M(0) +e. (31)

Before proceeding with the proof of those, let us show how the conclusion of the

lemma is reached once (30) and (31) are established.

Using (30) and (31) to prove the lemma : Fix K, > a., any 6 > O such that A :=
[ — 26, a. +20] C (0,K,] and Kg > 0 large enough such that (30) and (31) both
hold. Then, for all € > 0, w.p.a.1:

min M, (a) < IIli;{l M,(a) < M,(a,) < M(a,) +e€. (32)

0<a<K,
For the last inequality above: if a. = 0, it follows from (31), or otherwise from (30).
Next, consider the compact set A; = {a@ > 0| @ € [, — 20, — 6] } and A, =

{a>0]|a¢€[a.+06,a+20] }. (Note that if @, = 0, then A; is empty.) From (30),

we know that for all € > 0, w.p.a.1

min M, (@) > min M(a@) —€¢ and min M,(«@) > min M(a) — €.
aEA; a€A; a€A, aeAy

Let A;, = A; U A, and combine the above to find

min M, (a) > min M(a) — €. (33)

a A, a€A
By assumption on uniqueness of @, and on convexity of M, we have

M(a.) < min M(«) (34)

(YEﬂ[u

and M (@) = minyeq M (). Thus, Applying (32) and (33) for € = (minyen,, M ()—
M(a,))/3 yields w.p.a.l :

min M,(a) > min M(a) —€ > M(a,) +€ > min ]M,,(a). (35)

aEeA;, aeA;, ac|a,—26,a.+20

Thus, w.p.a.1,

ay = argameiyrllM,,(a) € (as —0,a. +0).
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In this event, for any @ ¢ ‘A, there is a convex combination ay := &, + (1 — 0)a,

(8 < 1) that equals either @, — 26 or a, + 26. By convexity,
Mn(a'G) < GMn(d'n) + (1 - O)Mn(a')

Also, from (35), M,,(&,) < M, (ag). Combining those, we find M,,(&,) < M,(«a),
implying that &, is the minimizer of M, over the entire [0, K,] w.p.a.1. In other
words, for all e w.p.a. 1,

min M,(a) > min M,(a) > min M(a) — €. (36)
a€[0,K o]\ (as—6,a.+0) acA;, a€A;,

To establish a connection with the three statements (i)-(iii) of the lemma, observe
that 5[0’00) = M(a.). Also, E[O,m)\ s = Mingegq,, M (@) (by convexity). With these,
(i) corresponds directly to (32), (ii) to (36), and, (iii) to (34).

Proof of (30) and (31) : From the first statement of the lemma, the objective function

R, of the (AO) converges point-wise to . We will use this to show that the minimax
value of R, converges to the corresponding minimax of . The proof is based on a
repeated use of Lemma 31 below, about convergence of the infimum of a sequence
of convex converging stochastic processes. This fact is essentially a consequence of
what is known in the literature as the convexity lemma, according to which point wise
convergence of convex functions implies uniform convergence in compact subsets.

Please refer to Section .2 for the proof.

Lemma 31 (Min-convergence — Open Sets) Consider a sequence of proper, con-
vex stochastic functions M, : (0,00) — R, and, a deterministic function M :
(0, 0) — R, such that:

1. M,(x) Ll 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 M,,(x) kil inf,-o F(x).

1) Fixa >0, > 0, and, 7, > 0. Consider

Mr(zl/”&Th (Tg) = Rn(a'9 Tg’ﬁ’ Th)’ (37)

M*PT (1) == D(a, 14, B, h). (38)
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P
The functions {M,} are convex. Furthermore, M, BeTh () > M @B, T (7¢) point
wise in 7. Next, we show that M @B.7h ig level-bounded, i.e. it satisfies condition (b)
of Lemma 31. In view of Lemma 32, it suffices to show that lim, o M @BTh (1,) =

+00, or limy, o (§ +6- L(aT_Ze/ﬂ))

> 0. By assumption 1, lim;, 0 L(a, 74/B) =

—Lo. There is two cases to be considered. Either Ly < oo, or else, Assumption 1

holds. Either way, lim;, o L(@, 74/B)/7; = 0 and we are done. Now, we can apply

Lemma 31 to conclude that

inf MOPT (1) B inf M@P (1), (39)
0 Tg>0

Tg>
2)

Next, again for fixed @ > 0, 7, > 0, consider (we use some abuse of notation here,
with the purpose of not overloading notation)

ME™(B) = inf MyP™ (1)

7¢>0

M*™(B) -

inf M®B- €M)

Tg>0
The functions {M,"™} are concave in 8, as the point wise minima of concave
P
functions. Furthermore, M, (B) — M®™ () point wise in 8 > 0, by (39).

a > 0: For now and until further notice, restrict attention to the case o > 0. Also,
consider first 8 > 0. We show that M*™ is level-bounded, i.e. it satisfies condition

(b) of Lemma 31. In view of Lemma 32, it suffices to show that limg_, ..o M*™ () =

—oo, or limg_, 0 inng>o M @Bt (tg) = —oo. This condition is equivalent to the
following
(YM > 0)(3B > 0) [B> B = (H{rehe) [D(a,1q, B, 1) < —M] |. (40)

First, we show that

—/l-F(—,—) = oo (41)

This follows by Assumption 1 when applied for ¢ = afB/7, and T = ad/1; (recall
here that a > 0).

Next, choose {74} — 0. For that choice, % +L(a,74/B) — lim:—o L(a, T) < oo,

where boundedness follows by Assumption 1. Thus, (40) is correct and we may
apply Lemma 31 to conclude that

sup M (B) > sup M (p). 42)
B£>0 B>0
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Now, we investigate the case § = 0. We have, M,"™(0) = —I%L(z) - S+
% (ef (xo; ‘;—;}) - f(xo)) and M,,"™(0) = —=6Lo — 5+ + F(0, &4

If Ly < oo, then by assumption, M, ™ (0) L, men (0). Combined with (42), we
find

sup M (B) 2> sup M (B). (43)
B=0 B=0

Now, consider the case Ly = +co. Clearly, the optimal g for M*™ is not at
zero; thus, supg.o M“™(B) = supg.o M*™(B). Also, by assumption, for all M,
lim, e P (lL(z) > M) = 1. Letting, € > 0 and M := —supg, o M*™(B) + € +
=t - F(0, ‘”) then w.p.a.1, M;"™ (0) < supg o M*™(B) — € < supg.o M,,"™ (B),
where the last inequality follows because of (42). Again, this leads to (43). To sum
up, (43) holds for all @ > 0.

a = 0: We show that for all € > 0, the following holds w.p.a.1:

sup M2=0 (B) < sup M¥=0Tn(B) + €. (44)
B=0 B=0

To begin with, note that for all p,

sup M~ 0.7 (B) < sup lim 'B— + lm1n{—||z—v||2 + L(v) - L(z)} =
B>0 B>0 750 2 p v |2
(45)

where we have used Lemma 40(ix). Next, we show that
M0 (B) = 0. (46)

Using Assumption 1 on the non-negativity of Ly and Assumption 1 thatlim,_,o L(c, 7) =
0, it follows that M*=07(p) < SUpg.o limz, o ﬁ% +L(0,7,/B) = 0. Thus, it will

suffice for the claim if we prove

lim inf '87 +L(0,7,/B) = (47)

P—oo Tg>

or equivalently,

ﬁZ
li f
im in K(2

B—00 k>0

L(0,x))
),

Fix some 8 > 0. Note that lim,_, KTﬂZ+L(O, k) = 0, where we have used Assumption

1 that lim;—o L(0,7) = 0. Also, limy_c & (%2 + M) = +0o, using Assumption

K
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1 this time. Now, consider only 8 > +/—L,+(0,0) (see Assumption 1). Then, the

B + L(0, k) has a positive derivative at Kk — 0. From this and convexity,

function
it follows that for all « > 0,
2 2
K—+L(O K) > hm£+L(0 K) =
2 2
This proves (47) as desired.

To complete the argument, (44) follows by (45) and (46), and with this we have
completed the proof of (31).

3) Keep @ > 0 fixed and consider

M (tp) == sup M,”™ (),
B>0

M (1) = sup M*™(B),
B=>0

The functions {M '} and F are all concave in 75, as the point wise maxima of
jointly concave functions. Furthermore, M) (1},) LM *(1p) point wise in 7, by
(43). Next, we show that M™ is level-bounded, i.e. it satisfies condition (b) of
Lemma 31. In view of Lemma 32, it suffices to show that lim;, _,.o M*(75,) = +00,

or lims, e SUPg- inng>0 D(a, 14, B, T4) = —o0. This is equivalent to the following

(VM > 0)(3T > 0) [r > T = (V{B}x) B{ze}x) [D(a, 7, B,78) < —M] ]
(48)

Consider the function

aB? a a/l
H(B.m) = th —A-F( Tf T
‘We show that
H(B.T) = .

To see this note thate ¢ (ch +Xo; 7) < |h” 4 £(x0). Thus, 1 {ef (ch+x0;7) — f(x0)} <

- ”h” . The LHS converges to F(c,7) by Assumptlon 1 and the RHS converges to

3= Therefore F(c,7) < Applylng this for ¢ = 28 and T = 22, we have that
2

% —A-F(%,4) >0, as de51red
h Th " Th

Then,

D(a,7g, B, 7h) < ﬁ%+6 L( Tg) _ 4T
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50

B
Then, % +0-L (a/, %) — lim; 0 L(a, T) =: A < oo. It can then be seen that (48)

holds for (say) T :=T(M) =4(A+ M)/ «.

Also, note that for all 8 > 0, we can choose (sequence) of 7, such that g7,

We can apply Lemma 31 to conclude that

sup M (1) 2> sup M (1. (49)

75,>0 75,>0

4) Finally, consider

77,>0

M (@) := sup M (13). (50)

7,>0
The functions {M,} and F are all convex in 75, as the point wise maxima of
convex functions. Furthermore, M, (@) oM (@) point wise in @, by (49). By
assumption of the lemma, F has a unique minimizer ., which of course implies

level boundedness. Thus, we can apply Lemma 10 to conclude that

inf M, () 2> inf M(a). (51)
a>0 a>0

Besides, pointwise convergence M, (a) LM (@) translates to uniform convergence
over any compact subset A C (0, co) by the Convexity lemma [7, Cor.. II.1] ,[107,
Lem. 7.75]. Hence,

i2f M) = Jof M)
This is of course same as the desired in (30). Recall, (31) was established in
(44). The only thing remaining is showing that there exists an optimal S. in
supgso M@ ™ () that is bounded by some sufficiently large Kg(A). This follows

from the level-boundedness arguments above as detailed immediately next.

Boundedness of solutions : For a compact subset A C (0, o), we argue that there

exists bounded [, and sequences {7g_}i, {Th«}k such that (a., {7g, }i, Be {Thiti)
approaches

Mminge A SUP7,>0 inf7g>0 D(a, 74, B, 74). This follows from the work above. In partic-
B=0
ular, at each step in the proof of (30) above, we showed level-boundedness of the cor-

responding functions. For example, (48) shows that there exists (sufficiently large)
Tp(a) > 0 such that sup,, .o M®(75) is equal to Supy, (4)>7,-0 M (74). This holds

for all «; so, in particular, is true for 7j, := maxy,eq Ty (). Next, from (41) there
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exists Kg(a,Ty), such that supg.o M*™ () is equal to SUPK, (.T;) 2520 M*™ ().
Again, this holds for all @ € A, thus there exists sufficiently large Kz > 0 such that
(see also Lemma 33)

min sup inf D(a, 1,,B,7,) = inf sup inf D(a,1e, B, 1)
aEA 75>0 7g>0 aEA 7>0 7¢>0

B>0 Kp>p=0
The objective function D above is convex-concave. Also, the constraint sets over «
and S are compact. Furthermore, the optimization of D over 7, and 7y, is separable.
With these and an application of Sion’s minimax theorem, the order of inf—sup
between the four optimization variables can be flipped arbitrarily without affecting

the outcome. Thus, for example,

inf sup inf D(a, 1, B, 1) = inf sup D(a, 14, B, 1)
acA 7>0 7¢>0 €A 1,50
B0 %>0>p>0
The same is of course true for the corresponding random optimizations (also, Lemma

29(iii)).

Auxiliary Lemmas

Proof 17 (Proof of Lemma 31) First, convexity is preserved by point wise limits,
so that F(x) is also convex. Using this and level-boundedness condition (b) of the
lemma, it is easy to show that infy~q F(x) > —oco. Since F is proper and (lower)
level-bounded, the only way inf,sq F(x) = —oo is if limy_,g F(x) = —oo. But, this

is not possible as follows: Fix 0 < x1 < xp < x3. Then, for any 0 < x < x| and

. X3X)
0= powt

convexity gives

X3 — X1 X2 — X

|F(x2)] - LIF(x3)].

F() > 2F(x) - (1 - 1) Fy) > -
0 0 X3 — X2 X3 — X2

Next, we show that for sufficiently small € > 0, there exist xo > x > O:
inf F(x) < F(xe) <inf F(x)+e and F(x.) < F(xp). (52)
x>0 x>0

We show the claim for all 0 < € < €] := (F(z) —infys9 F(x)). Since inf,~o F(x)
is finite, there exists x > 0 such that F(x¢) — € < infy-o F(x). Without loss of

generality, x¢ < z. Pick any xo > z. For the shake of contradiction, assume
F(x0) < F(x¢). Then, by convexity, for some 0 € (0, 1)

F(z) <0F(x¢) + (1 —0)F(x0) < F(x¢) < ir;gF(x) +e < F(2).
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Thus, F(x¢) < F(xq).

In order to establish the desired, it suffices that for all arbitrarily small 6 > 0, w.p.a.
1,

|inf F,(x) — inf F(x)| < 6. (53)
x>0 x>0

Fix some 0 < € < min{ey, 6} such that (52) holds, and, also some
0 < € <min{(F(xg) — F(x¢))/4,6/4,6 — €}. (54)

Let K = [a,b] C (0,00) be compact subset such that a < x¢ < xo < b and

a= g(;fgﬁxf . The functions {F,} are convex and they converge point wise to F

in the open set (0, 00). This implies uniform convergence in compact sets by the
Convexity lemma [7, Cor.. I1.1] ,[107, Lem. 7.75]. That is, there exists sufficiently
large Ny such that the event

sup | Fy (x) = F(x)| < € (55)
xeK

occurs w.p.a. 1, for all p > Ny. In this event,
inf F,(x) < Fy(x¢) < F(xe) +€ <inf F(x)+e+€ <inf F(x)+6
x>0 x>0 x>0

It remains to prove the other side of (53). In what follows, take p > N and condition
on the high probability event in (55).

Let us first show level-boundedness of F,. Consider the event inf,.,, F,(x) <
infy<y, Fn(x). If this happens, then, infy .. F,(x) < F,(x¢), in which case there
exists (by continuity of F,,), x, > xq such that F,(x,) < F,(x¢). But then, convexity
implies that for some 0 < 6, < 1,

Fu(x0) < 0,Fy(xy) + (1 = 0,) Fy(xe) < Fu(xe) < F(xe) +€ < F(xg) — €, (56)
where we also used (55) and (54). Of course, this contradicts (55). Thus,

)1615 Fu(x) = xlgxfo Fu(x). (57

Using (57), convexity and properness of {F,}, it can be shown that inf~q F,(x) >

—oo. The argument is the same as the one used in the beginning of the proof for F,

thus is omitted for brevity.
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Overall, for all p > Ny, conditioned on (55), there is some 0 < x, < xq such that

in(f) F,(x) > F,(x,) — €. (58)

If a < x,, < b, then a direct application of (55) gives the desired

F,(x,) > F(x,) —€ > inf F(x) — € = inf F,(x) > inf F(x) —2€’ > inf F(x) — 6.
x>0 x>0 x>0 x>0

Next, assume that 0 < x,, < a. There exists 6,, € (0, 1) such that 6,,x,+(1-0,)x. = a.
In fact,

Xe—a 0 —2€
0, = > (1- = .
n Y —x, ( a/xe) 26 — ¢

(59)

Then, by convexity and (55), F,(a) < 0,F,(x,) + (1 = 0,)F,(x¢). Rearranging and
using (55)
1 1-0,

Fn(xn) > Q_Fn(a) - 9 Fn(xe)
. 0—1"<F<a) _ey- ! ;f" (F(xo) +€)
> 3 (im0 - ) =152 [ oo )

Combining this with (58) and (59), yields the desiredinf - F,,(x,) > inf,o F(x)—46.

Lemma 32 (Level-bounded convex fcns) Let F : (0, 00) — R be convex. Then, the

following two statements are equivalent:

1. There exists z > 0 such that F(x) > inf,~o F(x) for all x > z.

2. limy_,o F(x) = +o0.

Proof 18 (a)=(b): Clearly, there exists 0 < xo < z, such that F(z) > F(xq). Then,
by convexity, for all x > z it holds

FOx) 2 Bl + 00

(x = 2).

R ——
>0

Taking limits of x — oo on both sides above, proves the claim.

(a)=(b): A a proper functions, F has a nonempty domain in (0,c0). Hence,
inf,s0 F(x) < oo and can choose some M > inf g F(x). From (b), there exists
z > 0 such that F(x) > M for all x > z, as desired.
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Lemma 33 (Saddle-points) For a convex-concave function F : R XR — R, con-
sider the minimax optimization infy sup, F (x,y). Let C, D be compact subsets such

that there exists at least one saddle point (x.,y.) € C X D. Then,

inf sup F(x,y) = 1nf sup F(x,y).
roy yED

Proof 19 First observe that,

inf sup F'(x, y) = inf sup F(x, y)
Xy xeC

Since F has a saddle-point, the LHS above is equal to sup,infy F(x,y) [136,
Lem. 36.2]. Also, from Sion’s minimax theorem, the RHS is equal to sup  infyec F (x,y).
Thus, it suffices to prove that

sup 1nf F(x,y) =sup 1nf F(x,y).
yeD X

Clearly, this holds with a “>" sign. To prove equality, let (x., y.) be a saddle point.
Then,

sup ingF(x, y) = 1nf sup f(x,y) < sup (x4, ) < f(xs,y:) = sup 1nf F(x,y).
y XE€ yeD X

Lemma 34 The function h(a,t,v) = %Hax +z— V||§ is jointly convex in its

arguments.

Proof 20 The function |lax — V||§ is trivially jointly convex in a and v. So its
perspective function which is %lla/x - V||% is also jointly convex in all its arguments,

same as its shifted version which is h(a, T, V).

Lemma 35 Let f : R? — R be convex. Then,

1. prox; (X;7) +7 - prox p (x/7;77") =X,

||XI|

2. ep(xs7)+ep (x/T51/7) =
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.3 Proof of Auxiliary Lemmas

Proof of Lemma 10

First, convexity is preserved by point wise limits, so that F(x) is also convex.
Using this and level-boundedness condition (b) of the lemma, it is easy to show
that inf,~o F(x) > —oco. Since F is proper and (lower) level-bounded, the only way

infyso F(x) = —oo is if lim,_,g F(x) = —co. But, this is not possible as follows: Fix

0 < x1 < x2 < x3. Then, forany 0 < x < x; and 6 := %, convexity gives

X3

F(x) = %F(xz) - (1 - é) F(x3) 2 5 e

— X1 — X1
|F(x2)] - |F (x3)].
— X2 — X2

X3
Next, we show that for sufficiently small € > 0, there exist xg > x > O:
im(“)F(x) < F(xe) < ingF(x) +€ and F(x¢) < F(xp). (60)
x> x>

We show the claim for all 0 < € < €] := (F(z) —inf,>0 F(x)). Since inf,~q F(x)
is finite, there exists x, > 0 such that F(x.) — € < inf,.o F(x). Without loss

of generality, x¢ < z. Pick any xo > z. For the shake of contradiction, assume
F(x¢) < F(x¢). Then, by convexity, for some 8 € (0, 1)

F(z) <O0F(xo)+ (1 —0)F(xp) < F(xe) < iggF(x) +€ < F(z).

Thus, F(x¢) < F(xp).

In order to establish the desired, it suffices that for all arbitrarily small 6 > 0, w.p.a.
1,

|inf F,(x) — inf F(x)| < 6. 61)
x>0 x>0

Fix some 0 < € < min{e;, 6} such that (60) holds, and, also some
0 <€ <min{(F(xg) — F(xc))/4,6/4,6 — €}. (62)

Let K = [a,b] C (0,00) be compact subset such that ¢ < x, < xo < b and
a= ;;—fjxf . The functions {F,} are convex and they converge point wise to F
in the open set (0, o). This implies uniform convergence in compact sets by the
Convexity lemma ,[107, Lem. 7.75]. That is, there exists sufficiently large N such

that the event

sup | Fy (x) - F(x)] < € (63)
xeK
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occurs w.p.a. 1, for all n > Nj. In this event,
inf F,(x) < Fy(xe) < F(xe)+€ <inf F(x)+e+€ <inf F(x)+6 (64)
x>0 x>0 x>0

It remains to prove the other side of (61). In what follows, take n > N and condition

on the high probability event in (63).

Let us first show level-boundedness of F,. Consider the event infy.y, F,(x) <
infy<y, Fn(x). If this happens, then, infy.,, F,(x) < F,(x¢), in which case there
exists (by continuity of F}), x, > xo such that F,,(x,) < F,(xc). But then, convexity

implies that for some 0 < 8, < 1,
Fn(XO) < gnFn(xn) + (1 - gn)Fn(xe) < Fn(xe) < F(xe) +€e < F(XO) - fla (65)
where we also used (63) and (62). Of course, this contradicts (63). Thus,

inf F,(x) = inf F,(x). (66)
x>0 x<x0

Using (66), convexity and properness of {F,}, it can be shown that inf,~o F,(x) >
—oo. The argument is the same as the one used in the beginning of the proof for F,

thus is omitted for brevity.
Overall, for all n > N1, conditioned on (63), there is some 0 < x,, < x¢ such that

ing F,(x) > F,(x,) — €. (67)
x>

If a < x,, < b, then a direct application of (63) gives the desired
F,(x,) > F(x,) — € > inf F(x) — € = inf F,(x) > inf F(x) —2€" > inf F(x) - 6.
x>0 x>0 x>0 x>0

Next, assume that 0 < x, < a. Thereexists 8, € (0, 1) suchthat 6,x,+(1-6,)xc = a.
In fact,
Xe—a 0 -2¢€
0, = > (1- = .
" 2 (1 —a/xe) 5o
Then, by convexity and (63), F,,(a) < 0,F,(x,) + (1 —6,) F,(x¢). Rearranging and

using (63)

(68)

1 1-0,
Fo(x,) > G_Fn(a) -
n

Fp(xe)
1 - Qn

n

\%

(F(xe) +€)

6—1’1<F<a> —e)-

_Qn

v

Qi(ian(x)—e)—1

n \x>0

(inf F(x)+ 5)

x>0

Combining this with (67) and (68), yields the desired infy~q Fj(x,) > inf,so F(x) —
0.

n
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Lemma 36 (Level-bounded convex fcns) Let F : (0,00) — R be convex. Then, the

following two statements are equivalent:
1. There exists z > 0 such that F(x) > inf,~o F(x) for all x > z.

2. limy_ F(x) = 4o00.

Proof 21 (a)=(b): Clearly, there exists 0 < xo < z, such that F(z) > F(x¢). Then,
by convexity, for all x > z it holds

Fx) > F(2) + w& o).
ﬁ,o_/

>0
Taking limits of x — oo on both sides above, proves the claim.
(a)=(b): A a proper functions, F has a nonempty domain in (0,c0). Hence,

inf,~o F(x) < oo and can choose some M > inf,~o F(x). From (b), there exists
z > 0 such that F(x) = M for all x > z, as desired.

Lemma 37 (Saddle-points) For a convex-concave function F : R X R — R, con-
sider the minimax optimization infy sup, F(x,y). Let C, D be compact subsets such

that there exists at least one saddle point (x.,y.) € C X D. Then,

infsup F(x,y) = mf sup F(x,y).
roy yeD

Proof 22 First observe that,

inf sup F(x, y) = inf sup F(x, y)
Xy xeC

Since F has a saddle-point, the LHS above is equal to sup,infy F(x,y) [136,
Lem. 36.2]. Also, from Sion’s minimax theorem, the RHS is equal to sup  infyec F (x,y).
Thus, it suffices to prove that

sup 1nf F(x,y) =sup 1nf F(x,y).
yeD X€

Clearly, this holds with a “>" sign. To prove equality, let (x., y.) be a saddle point.
Then,

sup 1nf F(x,y) = 1nf supf(x y) <sup f(xs,y) < f(xs,ys) = sup 1nf F(x,y).
y yeD X€
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Lemma 38 The function h(a,t,v) = 21—T||01X +z— V||§ is jointly convex in its

arguments.

Proof 23 The function |lax — V||§ is trivially jointly convex in a and v. So its
perspective function which is %llax - V||% is also jointly convex in all its arguments,

same as its shifted version which is h(a, T, V).

Lemma 39 Let f : R" — R be convex. Then,

1. prox; (X;7) +7 - prox . (x/7;771) =x,

2 e (x;7) +ep (x/731/7) = B

Properties of the Moreau envelope:

In this section we have gathered some very useful properties of Moreau envelopes
of convex functions. We have made heavy use of those results for the proofs of
Theorem (1) and (2). Some of the results are standard, while others are more

tailored towards our interests.

Lemma 40 (Properties of the Moreau envelope) Let £ : R — R be a proper,
closed, convex function. For v > 0, consider its Moreau envelope function and its

proximal operator:
1
ee (x;7) :=min — (y —v)> +£(v), (69a)
v 21
1
prox, (x;7) := arg min 2—()( — )2 +£(v) (69b)
T

The following statements are true:

1. prox, (x;7) is single valued and continuous. Furthermore,
, 1
o= ;(X — prox, (x; 7)) € 8¢(prox, (x;7)). (70)
2. e¢ (x; 1) is jointly convex in (x, T).

3. e¢ (x; 1) is continuously differentiable with respect to both x and tv. The

gradients are given by:

(965 1 ,
Ei(x,7) = o ;()( —prox, (x;7)) =, 1, (71)
i 665 _ 1 X 2 _ 1 ) 2
Ex(7) = 5o = =5 (v —prox, (i) = =3 (Go) - (02
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4. Fix y and T > 0. Consider the function A : R X (-1, 00) — R:

A(x,y) = (Ei(x +x,7+y) = Ei(x, D)x + (E2(x + X, 7 +y) = E2(x, 7))y

Then,
A y ’ ’ 2
(x,y) > (r + 5) (Cnrny = L)) (73)
5. e¢ (x;7) is non-increasing in .
6. lim; e/ (x;7) = min, £(v).
7. lim; 00 %lx —prox, (x;7) | =0.

8. If0 € argmin, €(v), thenprox, (x;7)x > 0, [prox, (x;7) | < |x]| and|€l’)
161

<
roxf(x;‘r),‘r| -

9. er (x5 1) — €(x) whenever x, — x while T, — 0" in such a way that the

sequence {|x, — x| /Ty }nen is bounded.

Proof 24 (i) From [137, Thm. 2.26(a)], prox, (x;7) is known to be continuous

single valued mapping. Besides, from standard optimality conditions:

1
~(x = prox, (x; 7)) € DL(prox, (i 7)) 74)

For convenience, we have define U, . := %()( — prox, (y; 1) € 0t(prox, (x;7)).

Note that if € is differentiable at prox, (x; ), then € . is the derivative of { at that

point.

(ii) Trivially, h(x,v) := (x — v)? is a jointly convex function of v and x. Thus, its
perspective function Th();(, 7)) = %( x —V)? is also jointly convex over T, x and v and
so after minimization over v, the function remains jointly convex over x and t (cf.
[137, Prop. 2.22]).

(iii) See [137, Thm. 2.26(b)] for differentiability with respect to x. Next, we mimic
the argument to conclude about differentiability with respect to T. It suffices to
show that h(y) :==e¢ (x;T7+y)—er(x;7) + zy?()( — prox, (x; 7))? is differentiable
at'y = 0 with g—;’ =0. We knower (x;7) = %(}( — prox, (x; 7)) + t(prox; (x; 7)),
whereas e; (x;T+y) < ﬁ(){ —prox, (x;7))% + t(prox, (x; 7)). Thus,

1
2(t+y)

y2

T2 (t+y)

1
h(y) < (x = prox; (i) = 2= (x = prox; (¢: 1))’ + 575 (x = prox; (x: 7))’

(x - prox, (x; 7))*. (75)
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Besides because of convexity of h(y), 0 = h(0) < %h(y) + %h(—y) or equivalently
h(y) = —h(-=y). Thus, (75) gives:
2
y
h(y) > ———
V2 2y

Combining (75) and (76) leads to the following

(x — prox, (x; 7))*. (76)

2 2

O =prox, (1)) < h(v) < 5

Y

7y (x —prox, (x;7))*  (77)

Here, h(y) is sandwiched between two continuously differentiable functions at 0

with zero derivatives. This completes the proof.

(iv) From (71) and (72), we have

’ ’ / / M
AEY) = Gy = G = (2,74 =00 D) 5 (79)
/ / y / /
= (5)(+x,r+y - f/\/,r) (x - z (f/\/+x,‘r+y + 5/\/,7)) : (79)

On the other hand, due to optimality conditions in (70),

prox, (x +x;7+y) = prox, (x;7) =x = (T + Y) iy iy + 700

y / / y / /
= (¥ = 2 ey +6.0) = (T + 2 Carray = G0
(80)

Finally, from convexity of {, it follows from the monotonicity property of the subdif-
ferential that

(Cpaxrey = Cp) (PrOX, (x + 57 +y) = prox, (x; 7)) 2 0.
Combining the three displays above gives the desired inequality.
(v) This follows directly by non-positivity of the derivative as in (72).
(vi) Using the decreasing nature of e; (x;T) w.r.t. T, we have
lim e (x:7) = inf,..o min %(x—v)%f(v) = min infT>021—T(x—v)2+€(v) = min£(v).
&1
(vii) Fix an € > 0. Since lim;_,o €¢ (x;7) = min, £(v), there exist T, such that for

all T > T, := max{2,T’},

lec (x;7) —min£(v)] = 2—1T(x — prox, (x;7))? + (£(prox, (x; 7)) — min £(v)) < €’
(82)
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Then, iT(x — prox, (x;7))? < €2, which gives

1 2 [2
—|x —prox, (x;7) | < 6\/j <€\ <€ (83)
T T T

Therefore, lim;_,q %lx —prox, (x;7) | = 0.

(viii) By (70) and the assumption O € arg min, £(v), we find prox, (0; 7) = 0. Mono-
tonicity of the prox operator [ 137, Prop. 12.19], gives (prox, (x; T)—prox, (0; 7))x >
0, which then shows prox, (x;t) x > 0. Also, monotonicity of the subdifferential of

t gives £} .x > 0. Those two, when combined with optimality conditions in (70) give
x —prox, (x;7) = 76, , => x> 2 prox; (x;7)x = |x| > |prox; (x;7)x|.

It remains to show that MaXsey¢(prox, (x:7)) S| < Maxsear(x) |s|- Since 0 € arg min, £(v),

it follows by convexity that

0<x;<xyo0or x3<x1<0) = max |s| < max |[s]
s€0l(xy) s€0l(x2)

Observe that the LHS of the implication above is equivalent to (|x3| > |x1| and x1x; >
0). Then apply it for x; = prox, (x; ) and x; = x, to conclude.

(ix) Please see [137, Thm. 1.25].

On Remark 14

Substituting the envelope function of | - | in (2.40) gives:

B(aG+Z)? _ pa’G?

=== |laG+Z| < % laG| < %
B s 272 | | BFy(-5EB{ 2 G £ >0,
2 - ﬁ , otherwise - ﬁ , otherwise
(84a)
£G(aG+2) JaG+7Z| < T aG’p oGl <z =
5E Py(6-5E] P _ gDy >0,
G sign(aG + Z) ,otherwise G sign(G) ,otherwise
(84b)
(aG+2)* T a*G* T
—— |laG+Z| <% ,|laG| < % —
TisE] ¥ | | By(-5E] 7 G| B —ayDg < 0.
2 —% , otherwise —% , otherwise
(84¢)
Define « := ﬁia and p := % In order to find a sufficient condition for « to be zero,

we assume @ — 0, 7 — 0, p — 0 and x > 0 and look for conditions under which
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the equations in (84) are consistent. Under these assumptions, one can check that

(84c) is satisfied (the argument converges to zero), while, (84b) and (84a) become

(6-39)
K

B >5+ 2? / G%¢(G)dG +2(6 - 5) /m #(G)dG, (85b)
0 K

2

/K G*¢(G)dG + (6 - 5) /m G¢(G)dG > B+/ Dy, (85a)
0 K

where ¢(G) = e=G'2 /27 and we multiplied (84a) by 82 to get (85b). Observe that
(85a) upper bounds S while (85b) derives a lower bound on it. Thus, consistency of
the set of equations (85) is achieved if the following holds:

1 0—3§
Y Gl
Dy K

0—3
K2

/K G?¢(G)dG + (6 - 35) /w G¢(G)dG)?
0 K

>5+2

/ G*¢(G)dG +2(5 - 5) / #(G)dG.
0 K
Or, equivalently,

22 [“G2¢(G)dG + (6 - 5) [~ G¢(G)dG)>?
5+255F [CG29(G)dG +2(6 - 5) [ ¢(G)dG

Dy < (86)
Thus if maximum of the right side of (86) with respect to « is greater than Dy, all
our variables satisfy (2.40) and the optimal value in (2.39) occurs when @ — 0,

7 — 0 and J—ﬁ — k which means a, = 0. We will show that

(28D [*G24(G)dG + (5 - 5) [~ GH(G)AG)?
0 54255 [FG29(G)AG +2(5-5) [ #(G)dG

> 6 —min 5(1+k%) +2(6-3) /OO(G — ¥)%¢(G)dG (87)

If both this and (2.45) are true then, there will be a x for which (86) holds and as we

discussed, this implies .. = 0.

For convenience, we define A, = fKOO G?*¢(G)dG, B, = fkoo G¢(G)dG and Cy =
/K “ ¢(G)dG. The optimal « for the right side of (87) satisfies the following due to

the first optimality condition

2(6 — 5)RBy — 2(6 — 5)R*C = %5 (88)
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For this value of «, the left side of (87) becomes

292 [FG2¢(G) dG + (5 - 5) [~ G#(G) dG)?
§+255 [ G29(G) dG +2(6-3) [.” ¢(G) dG
=5-5-2(6 —5)RBe +2(6 = 5)R*Cr = 2(6 — 5)Ap +4(6 — 5)kBz — 2(6 — 5)R*Cp
=5-5(1+&%) -2(6-35)(As —2Bi + R2C) =6 — 5(1 + &%)

+2(6 -3) /w(G - R)*¢(G) dG,

= ((5— 5)(1 —2A,3 +2ﬁB,g)

where the first and third equalities follow after substituting § using (88). This proves
(87) as desired to conclude the claim of the remark.

Satisfying Assumption 1(a) on Section 2.1

It only takes a few calculations to show that

if Vollogrzly o

1 lag+zl— 55 > 1,

—Cvpl-lh (a/g +z;7) = \/_ g (89)

n L logt]; otherwise

2t n ’ :
Assume that 0 < ]E” I =: 02 < co. From (89), it can be seen that le\/—” I, (ag+2z;7)
is a Lipschitz convex function of ”ag”” Also, w converges in probability to
Va? + 02, thus
—"lzt/‘;_”—% Jif 6(a? + 0?) > 12,

1
~(eypi (08 +%7) - llzlvp) - L) =1 ¥
' 3:(@”+0°) — % otherwise.
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