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If you torture data enough, it will confess

—Ronald Coase
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Abstract

In the past few years, there has been an exponential growth in the amount of data collected
in many fields. Performing statistical inference on data on a large scale brings with it many
challenges. To deal with these challenges, data is typically represented using components
that are “simple". These notions of simplicity typically allow tractable methods to be used to
perform inference on the data. This thesis focuses on understanding algorithmic, statistical
and theoretical questions that arise in large-scale structured model selection problems using
(big) data.

This thesis can be broadly categorized into three parts. The first portion of this thesis in-
volves theoretical contributions for structured sparse signal recovery. The lasso has been a
widely used tool to recover signals that are sparse, and the group lasso is a natural extension
for signals that exhibit structure amongst the non zero components. However, the group lasso
cannot handle the case of overlapping groups efficiently and hence finds limited use. We ana-
lyze a method that was proposed to overcome the aforementioned drawback of the group lasso.
We derive sample complexity bounds for the group lasso with overlap (also called the latent
group lasso), and show that the number of measurements needed only depends on the size and
number of groups, and not the complexity of overlap between the groups. Furthermore, moti-
vated by applications in functional Magnetic Resonance Imaging and computational biology,
we introduce the Sparse Overlapping Sets lasso (SOSlasso) that can recover signals that are
not only (overlapping) group sparse, but many components within a group are also zero. We
derive sample complexity bounds for the SOSlasso in linear and logistic regression settings.

The SOSlasso generalizes the group lasso with overlap, and can be used to recover structured



iii
patterns spanning a wide range of applications.

We then turn to algorithms for recovering signals that are simple in a very general sense
of the word. The algorithmic framework that we propose can be used for standard sparse
recovery, group sparse recovery, low rank matrix completion methods, group sparse regular-
ized problems in multitask learning, among others. The algorithm can also be used to recover
signals in cases where no tractable methods exist, such as super resolution applications in
signal processing, or cases where existing methods are intractable due to massive memory
requirements, such as the group lasso with overlapping groups. The method can also be used
to perform regression on large graphs, where the graph can be decomposed into (overlapping)
edges, cycles and/or cliques. Also, one can use our method to recover signals that are made
up of a combination of different structures.

Lastly, this thesis focuses on novel applications that involve structured pattern recovery.
We show the utility of the SOSlasso on multitask learning in fMRI and gene selection ap-
plications in computational biology. We then show a novel modeling scheme for recovering
wavelet transform coefficients in inverse problems. Our method to model the coefficients al-
lows us to solve convex recovery problems, while at the same time taking advantage of the
structure inherent in the coefficients.

We finally conclude the thesis and discuss some ongoing research, and also discuss exten-

sions to the work presented.
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Chapter 1

Introduction

In recent years, there has been an explosion of data collected in diverse fields such as genet-
ics, business, social media, physics and engineering. Almost all modern signal processing
and machine learning applications have to deal with massive data, and this leads to daunting
challenges for statistical inference. However, in many cases, salient aspects of the data can
be represented in terms of a small number of “simple" components. These components might
correspond to blocks of values arising from correlations between transform domain coeffi-
cients in signal processing, spatial or functional connectivity of voxels in cross-subject fMRI
studies, components connected by edges in a graph, low-rank structure in designing recom-
mendation systems, across task feature similarities in multitask learning applications, genes
belonging to a particular pathway, among other applications. This thesis focuses on under-
standing algorithmic, statistical and theoretical questions that arise in large-scale structured
model selection problems.

Dealing with data on a large scale brings with it two major challenges. In applications
such as neuroscience, genetics and signal processing, the process of acquiring data itself is
often a costly affair. The “cost" here might refer to the time taken to obtain measurements,
monetary cost constraints, available power constraints or a combination of these. Solving
the inference/recovery problem with small amounts of measurements becomes very hard, or

downright impossible. To alleviate this, one often needs to model the data using much simpler
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components, so that the limited measurements on hand suffice to recover the signal of inter-
est. Such modeling assumptions typically manifest themselves in the form of sparsity and
group sparsity in signal processing and low rank assumptions in matrix completion and rec-
ommendation systems. These assumptions on the model make intractable problems tractable,
and facilitate the use of efficient algorithms to perform inference. While sparsity is the most
common assumption made to enforce structure on the data, in some cases one has additional
information about the kinds of sparsity patterns present. In this thesis, we focus on structure
in the sparsity pattern. Motivated by problems in functional Magnetic Resonance Imaging,
computational biology and image processing, we focus on different notions of overlapping
group sparse models. We show that when additional information about the sparsity pattern
is known, the number of measurements needed to solve high dimensional structurally con-
strained problems is less than that needed without these assumptions, while at the same time
allowing for efficient convex recovery methods to be used. We apply the methods we develop
to the aforementioned applications, and show that we indeed perform better than methods
where such assumptions are not taken into account, either in the modeling of the data or in the
reconstruction algorithm used.

The second challenge that arises in most modern-day machine learning applications is that
traditional optimization techniques might not be well suited to handle arbitrary notions of
simplicity in the data. While efficient algorithms exist for recovering signals with certain pre-
defined structure (for example sparsity and low rank), a method that works for fairly arbitrary
notions of “simplicity" has not been forthcoming. For example, one might wish to represent
the data as being made up of a small number of edges on a graph. Most first order methods that
exist to solve this problem involve huge computational costs. We look to bridge this gap in

this thesis. We develop a method that retains the computational efficiency of greedy methods,
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while at the same time delivering state of the art performance on many different kinds of sig-
nals that have a simple structure with respect to a predefined (but arbitrary) basis or frame. We
show that the method enjoys nice theoretical convergence properties, and apply the algorithm
to a vast variety of problems in signal processing and machine learning, proving its utility in

many real world applications.

1.1 Summary of Contributions

We summarize our contributions in this section. We give a brief overview of the Chapters in

the sequel, and also point the interested reader to relevant publications that (s)he may peruse.

Chapter 2

In this chapter, we derive theoretical results for structured sparse signal recovery. Standard
compressive sensing results state that to exactly recover an s sparse signal in R”, one requires
O(s - log p) measurements. While this bound is extremely useful in practice, often real world
signals are not only sparse, but also exhibit structure in the sparsity pattern. We focus on group
structured sparsity patterns first. Under this model, groups of signal coefficients are active (or
inactive) together. The groups are predefined, but the particular set of groups that are active
(i.e., in the signal support) must be learned from measurements. We show that exploiting
knowledge of groups can further reduce the number of measurements required for exact signal
recovery, and derive universal bounds for the number of measurements needed. The bound
is universal in the sense that it only depends on the number of groups under consideration,
and not whether the groups overlap. Experiments show that our result holds for a variety of

overlapping group configurations.
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In many applications, however, the group lasso with overlapping groups itself can be very
restrictive. We hence turn our attention to a less restrictive form of structured sparse feature
selection: we assume that while features can be grouped according to some notion of simi-
larity, not all features in a group need be selected for the task at hand. We introduce a new
procedure called Sparse Overlapping Sets (SOS) lasso, a convex optimization program that
automatically selects similar features for learning in high dimensions. We establish consis-
tency results for the SOSlasso for classification problems using the logistic regression setting,
which specializes to results for the lasso and the group lasso, some known and some new. We
also prove sample complexity bounds in linear regression settings. In particular, SOSlasso is
motivated by multi-subject fMRI studies in which functional activity is classified using brain
voxels as features, source localization problems in Magnetoencephalography (MEG), and an-

alyzing gene activation patterns in microarray data analysis.

Relevant Publications:

* N. Rao, R. Nowak, C. Cox and T. Rogers Logistic Regression with Structured Spar-
sity, arXiv:1402.4512 , 2014 (In preparation for submission to the Journal of Machine

Learning Research)

* N. Rao, C. Cox, R. Nowak, and T. Rogers Sparse Overlapping Sets Lasso for Multitask

Learning and fMRI Data Analysis, NIPS, 2013

* N. Rao, B. Recht and R. Nowak Universal Measurement Bounds for Structured Sparse

Signal Recovery, AISTATS, 2012



Chapter 3

In many signal processing and machine learning applications, one aims to reconstruct a signal
that has a simple representation with respect to a certain basis or frame. Fundamental elements
of the basis known as “atoms” allow us to define “atomic norms” (to be explained in the se-
quel shortly) that can be used to construct convex regularizers for the reconstruction problem.
Efficient algorithms are available to solve the reconstruction problems in certain special cases,
but an approach that works well for general atomic norms remains to be found. This chapter
describes an optimization algorithm called CoGEnT , which produces solutions with succinct
atomic representations for reconstruction problems, generally formulated with atomic-norm
constraints. CoGEnT combines a greedy selection scheme based on the conditional gradi-
ent approach with a backward (or “truncation”) step that exploits the quadratic nature of the
objective to reduce the basis size. We establish convergence properties and validate the algo-
rithm via extensive numerical experiments on a suite of signal processing applications. Our
algorithm and analysis are also novel in that they allow for inexact forward steps. In practice,
CoGEnT significantly outperforms the basic conditional gradient method, and indeed many
methods that are tailored to specific applications. We also introduce several novel applications
that are enabled by the atomic-norm framework, including tensor completion and moment

problems in signal processing.

Relevant Publications:

* N. Rao, P. Shah and S. Wright Forward-backward Greedy Algorithms for Atomic Norm

Regularization, arXiv:1404.5692, 2014 (submitted to IEEE Trans. Signal Processing)
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* N. Rao, P. Shah and S. Wright Forward-backward Greedy Algorithms for Signal Demix-

ing, ASILOMAR (Invited Paper), 2014

* N. Rao, P. Shah, S. Wright and R. Nowak A Greedy Forward-backward Algorithm for

Atomic Norm Constrained Minimization, ICASSP, 2013

Chapter 4

In this chapter, we exclusively focus on applications that motivated the theoretical work of
the first chapter. A major motivating application for the Sparse Overlapping Sets lasso is the
analysis of multi-subject fMRI data. We show that the SOSlasso is ideally suited to simultane-
ously take advantage of large scale inter subject similarities and the small scale dissimilarities
between subjects. Experimental results validate our claim, and we achieve better classification
accuracy and more meaningful results when compared to the lasso, elastic net and different
versions of the group lasso. Along similar lines, we postulate that the SOSlasso can be used
to improve performance on gene microarray datasets, and validate our claim experimentally.
We then turn our attention to modeling wavelet coefficients in images. Statistical depen-
dencies among wavelet coefficients are commonly represented by graphical models such as
hidden Markov trees (HMTs). However, in linear inverse problems such as deconvolution, to-
mography, and compressed sensing, the presence of a sensing or observation matrix produces
a linear mixing of the simple Markovian dependency structure. This leads to reconstruction
problems that are non-convex optimizations. Past work has dealt with this issue by resorting to
greedy or suboptimal iterative reconstruction methods. In this chapter, we propose new mod-
eling approaches based on group-sparsity penalties that leads to convex optimizations that can

be solved exactly and efficiently. We show that the methods we develop perform significantly
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better in deconvolution and compressed sensing applications, while being almost as computa-
tionally efficient as standard coefficient-wise approaches such as lasso. As an extension to the
method we propose, we also investigate a scheme to design the sensing matrix in compressed
sensing applications, when additional information about the sparsity pattern is known a priori.
We show that by designing a sensing matrix that is “well aligned" with the subspace in which
the signal is expected to lie in, we get a performance boost due to increased Signal to Noise

Ratios.

Relevant Publications:

* N. Rao, C. Cox, R. Nowak, and T. Rogers Sparse Overlapping Sets Lasso for Multitask

Learning and fMRI Data Analysis, NIPS, 2013

* N. Rao, R. Nowak, S. Wright and N. Kingsbury Convex Approaches to Model Wavelet

Sparsity Patterns ICIP 2011

* N. Rao and R. Nowak Correlated Gaussian Designs for Compressive Imaging. 1CIP

2012

1.1.1 Full List of Publications

1. Logistic Regression with Structured Sparsity: Nikhil Rao, Robert Nowak, Chris Cox and
Timothy Rogers, arXiv:1402.4512 , 2014 (In preparation for submission to the Journal

of Machine Learning Research)

2. A Forward-Backward Algorithm for Atomic Norm Regularization: Nikhil Rao, Parikshit
Shah and Stephen Wright, arXiv:1404.5692, 2014 (submitted to IEEE Trans. Signal

Processing)
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. Forward-Backward Greedy Algorithms for Signal Demixing: Nikhil Rao, Parikshit Shah
and Stephen Wright, Asilomar Conference on Signals, Systems and Computers (Invited

paper), 2014

. Sparse Overlapping Sets Lasso for Multitask Learning and fMRI Data Analysis: Nikhil
Rao, Christopher Cox, Robert Nowak and Timothy Rogers, Neural Information Pro-

cessing Systems 2013 (Spotlight Presentation)

. Conditional Gradient with Enhancement and Truncation for Atomic Norm Regulariza-
tion: Nikhil Rao, Parikshit Shah and Stephen Wright, NIPS workshop on Greedy Algo-

rithms 2013

. A Greedy Forward Backward Method for Atomic Norm Constrained Minimization: Nikhil
Rao, Parikshit Shah, Stephen Wright and Robert Nowak, IEEE International Conference

on Acoustics, Speech and Signal Processing, 2013

. Adaptive Sensing with Structured Sparsity: Nikhil Rao, Gongguo Tang and Robert
Nowak, IEEE International Conference on Acoustics, Speech and Signal Processing,

2013

. Knowledge Enhanced Measurements for Estimating Sparse Signals from Clutter: Work-
shop on Signal Processing with Adaptive Structured Sparse Representations (SPARS)

2013, Lausanne, Switzerland

. Adaptive Sensing on Markov Trees : Workshop on Signal Processing with Adaptive

Structured Sparse Representations (SPARS) 2013, Lausanne, Switzerland



10.

11.

12.

13.

14.

15.

9

Correlated Gaussian Designs for Compressive Imaging : Nikhil Rao and Robert Nowak,

IEEE International Conference on Image Processing, 2012

Universal Measurement Bounds for Structured Sparse Signal Recovery : Nikhil Rao,
Benjamin Recht and Robert Nowak, Journal of Machine Learning Research (proc. Ar-

tificial Intelligence and Statistics), 2012

A Clustering Approach to Optimize Online Dictionary Learning : Nikhil Rao and Fatih
Porikli, IEEE International Conference on Acoustics, Speech and Signal Processing,

2012

Convex Approaches for Group Sparse Signal Recovery in Compressed Sensing : Work-
shop on Signal Processing with Adaptive Structured Sparse Representations (SPARS)

2011, Edinburgh, UK

Convex approaches to Model Wavelet Sparsity Patterns : Nikhil Rao, Robert Nowak,
Stephen Wright and Nick Kingsbury, IEEE international Conference on Image Process-

ing, 2011 (1st prize, Best Student Paper Award)

Using Machines to Improve Human Saliency Detection : Nikhil Rao, Joseph Harrison,
Tyler Karrels, Robert Nowak and Timothy Rogers , Asilomar Conference on Signals,

Systems and Computers, 2010
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1.2 Background on Sparse and Structured Sparse Signal Re-
covery

We first set up some preliminary concepts that will make an appearance throughout this thesis.
The notion of sparse pattern recovery has played a central role in many signal processing and

' is assumed to be

machine learning applications. Here, a high dimensional target vector
sparse, meaning only a small fraction of the entries are non zero. As a running example,
consider the problem of inferring what genes are responsible for causing metastasis in breast
cancer tumors, from microarray data. The number of potential genes in a sample is typically
in the thousands, whereas the number of samples available for the experiment will be at most
in the hundreds. A natural assumption to make is that a biologist will only be interested in
a small fraction of the thousands of genes. Indeed, typically the number of relevant genes is
usually in the order of tens. The idea is then to recover the subset of genes that are relevant
for diagnosis, from a small number of observations, typically in the hundreds.

The most natural optimization framework to recover a sparse vector is the following ¢,

pseudo norm penalized program:
min f(x) s.t. ||z|o < s (1.1)

Where f(-) is a (convex) loss function. Typical examples for f(-) include the least squares
loss and the logistic loss.
The /¢, penalty is non convex, but admits a convex relaxation in terms of the ¢; norm. In

fact, the /; norm is a tight convex relaxation of the ¢, pseudo norm, and the corresponding

I'We assume that matrices and tensors are vectorized
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convex optimization problem is given by

min f(x) s.t. [|z]; <s (1.2)
or equivalently the Lagragian form is given by,
rnminf(zc)jt)\ﬂle (1.3)

(1.2) and (1.3) have found use in a wide variety of situations, and have been extensively
studied in the literature [13,24, 58, 83]. [83] referred to the above convex optimization prob-
lem as the lasso (Least Absolute Shrinkage and Selection Operator). The lasso 2 is useful for
a couple of reasons: In many cases, the solution is extremely high dimensional, and even for
solving a simple system of linear equations, it becomes prohibitive to obtain many measure-
ments. In such scenarios, the problem is heavily underdetermined. Fortunately, if it is known
that the high dimensional solution is sparse, then there is hope, since the number of unknowns
is far less than the problem dimension, and meaningful recovery is possible. In our running
example, this will correspond to selecting a small number of genes to be relevant for predic-
tion of metastasis. In other cases, even if we can solve the system of equations, the solution
makes little sense if there are few (if any) zeros in it, since the idea is to recover a small subset
of explanatory variables for the data at hand.

While the importance and utility of the lasso to a wide variety of applications in signal
processing and machine learning is unquestioned, in many cases one has additional informa-

tion about the problem. The simplest form of this information is the knowledge that certain

2We use the term lasso to mean both the penalized and the Lagrangian formulations, since they are equivalent.
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features * are highly correlated with each other. These correlated features form blocks in the
feature space, with the following effect: if, from a certain group, a single feature is relevant,
then all the features from that group are relevant. In our running example, this means that it is
known that certain genes are highly correlated with each other, and so it is highly likely that if
a certain gene is relevant, then the genes that are correlated are also relevant.

Thus, the goal is to not only select a small number of features, as in the lasso, but to
select a small number of entire groups of features (See Figure 1 for an illustration). The group
lasso [91] was proposed to achieve this goal. The group lasso can be written as the following

convex program

min /() +AY [zl (1.4)

Geg

where G' € G is a known set of groups, so that G; N G; = {}, i # j, and x; is the sub vector

of x indexed by group G.

OJON XOX HOX NONOX NONCXO

(a) Sparsity pattern promoted by the lasso. Many elements are set to zero

0000000000000

(b) Sparsity pattern when certain groups of variables are highly correlated. The large
ovals indicate groups. Note that some groups are set entirely to zero

Figure 1: Sparsity patterns promoted by the lasso (a), and that needed when groups of features
need to be jointly selected (b), and promoted by the group lasso

In many applications of interest however, the groups overlap with each other. Coming back
to our running example in computational biology, it is reasonable to assume that not only are

groups of genes correlated with each other, but there exist genes that are part of multiple sets

3We use the term variables and features interchangeably in this work. In a strict sense, variables correspond
to the elements of the vector x, while features correspond to the data observed. However, it will be clear from
context whether we are referring to the elements in the solution itself, or the data observed.
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© O O@ e)e @O0 0000000

(a) A vector with overlapping groups. The second group (indexed in red) is
active

@ee@ee e@eee(0000)
0000 0@ 800000000

(b) Potential sparsity patterns obtained by solving the group lasso. Since
entire groups are set to zero, we will either select one group or three. In
either case, the resulting sparsity pattern is incorrect

Figure 2: A vector with overlapping groups, and sparsity patterns obtained from the group
lasso. Note that in (b), some groups are entirely set to zero. The pattern of zeros form a union
of groups, and hence the non zero pattern is a complement of a union of groups.

. This has in fact been observed in real datasets [80]. The group lasso (1.4) is inappropriate
for use in such situations. The group lasso sets entire groups to zero, and hence the recovered
sparsity pattern is a complement of a union of groups (Figure 2). However, a more natural
way to think about the group lasso is that we want a union of groups to be nonzero, as in
Figure 3. Coming back to our running example, what we want is to select sets of genes that
are correlated with each other, regardless of whether one of those genes lies in another set that
is not selected.

To select sparsity patterns that can be cast as a union of groups, [37] proposed the group
lasso with overlap (also called the latent group lasso). It was shown that this method selects
sparsity patterns that are unions of groups, and thus can be used for a wide variety of applica-
tions. In this thesis, we study this formulation further, and provide sample complexity bounds
for the group lasso with overlap in Chapter 2. In Chapter 3, we also propose an algorithm that
can be used to solve this optimization problem, with a much smaller memory footprint than

traditional proximal point based methods.
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Figure 3: Decomposition of a vector into latent vectors. Each vector corresponds to one of
the four groups present in the signal. The groups indexed in red and green are active, and the
resulting sparsity pattern is realized by activating the corresponding vectors, and adding them

up.
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While the group lasso with overlapping groups allows us to recover sparsity patterns that
can be seen to be a union of groups, there are still some applications where this might not
be ideal. Again, going back to our running example in computational biology, not only are
correlated genes arranged in overlapping groups, but each group contains 100’s of genes. It is
unreasonable to assume that if a certain group is active, then each and every one of the genes
in the group are relevant. This motivates a method that not only selects a union of groups, but
once a group is selected, only a small fraction of the variables within that group is activated,

as illustrated in Figure 4.

CO0@O0 @@®O O OO O

Figure 4: Sparsity pattern where a single group is active (among overlapping groups) and
within the active group, only a few coefficients are active.

In Chapter 2, we introduce a method that does precisely this. We call it the Sparse Overlap-
ping Sets (SOS) lasso, and provide a theoretical analysis of the same, In Chapter 4, we provide
some experimental results and show that the SOSlasso outperforms other standard methods for
sparse regression in some applications of interest. We also show that the SOSlasso is a gen-
eralization of the lasso and the (overlapping) group lasso, and specific choices of parameters

lead to the lasso or the group lasso formulations.

1.3 Solving the Overlapping Group Lasso Problem

In the previous section, we introduced the group lasso with overlapping groups, as an extension

to the standard group lasso, where the groups form a partition of the ambient space. The
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optimization problem for the group lasso with overlapping groups is given by

& = argmin f () + A, 14, () (1.5)
where, for a given set of groups G, ngerlap(m) is the overlapping group lasso penalty given
by
O priap(®) =1Inf ¥ " we st =Y wq (1.6)
Geg Geg

where wg is a vector with the same length as x, but with zeros in the locations not indexed by
G.

In all the applications we are concerned about in this thesis, and indeed many practical
applications, the ambient dimension is large (x € R? with p large ). In such scenarios, second
order methods become prohibitive very quickly, and hence first order methods are a com-
mon choice. Among first order methods, the proximal gradient algorithm, and its accelerated

versions is one of the most widely used. For a problem of the form

min f(x) + A\g(x)

where f(x) is smooth and convex is x, and g(x) is potentially non smooth but convex in
x, the basic proximal point method is an iterative procedure that follows the following steps

in each iteration (7 being an appropriately chosen step size):

wt—l—% — wt o T]Vf(wt)

t+

2! = prox,  (z'*2)
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where prox,(-) is the proximal point operator obtained as the solution to the following
convex program

1
prox, (z) = argmin 5l — y|* + Ag(y)

When the function g(«) is the ¢; norm, the proximal point function is the standard soft
thresholding operator:
g(x) = [|z|1 = prox,(x) = sign(z)[|z| — nA]"

where [-]* indicates an element wise thresholding operation of the form max(0, ). For

g(-) being the group lasso norm, we have on a per group basis

g(@) =" |zl = (prox,(z))c = H‘”— ] — A" (1.7)
Geg wGH

The proximal point operator for the group lasso (1.7) gives further insights into the kinds
of sparsity patterns promoted by the group lasso. We see that, (1.7) sets entire groups to zero,
if the corresponding group norm is larger than a certain threshold (n)). Hence, a number of
groups are entirely set to zero, meaning a union of groups is zeroed out. This results in the
sparsity pattern (the set of non zero variables) to be expressed as a complement of a union of
groups. When the groups are non overlapping, the complement of a union of groups is a union
of another set of groups, but this is not true when the groups overlap. The group lasso with
overlapping groups was introduced to overcome this precise drawback.

For ¢g(-) = ngerlap(-), a simple closed form for the proximal operator does not exist.

However, we can reduce the problem to the standard group lasso problem, by replicating

the variables that are part of more than one group. Specifically, we form a new vector €
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R2ceq Gl a5 follows:

T = [mgl wgz e ng]T

The above vector lies in potentially a much larger space than R?, but by making copies of
variables in multiple groups, we can now define a set of groups G that partitions R2-ceg G,

We can then solve the standard group lasso problem in this lifted space:

v

— argmin (&) + A Y [l
Geé

and then recombine the variables to recover the optimal vector . For more implementation
details, we refer the interested reader to [37]. A second method, that does not involve explicit
replication of variables is also possible [56] but we have observed that it does not yield any

computational advantages.

1.4 Atoms and the Atomic Set

In the previous section, we saw how the group lasso with overlaps aims to overcome the draw-
backs inherent in the lasso and the group lasso. In this section, we set up some preliminaries
about a framework that unifies the methods mentioned above, and also a host of other appli-
cations in signal processing and machine learning.

Suppose x is the signal that we are interested in recovering, from noisy measurements. We
assume that we can write

T = Zciai, ¢ >0, a; € A (1.8)

The set A will be called the atomic set, and its members will be called atoms. So, for
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any signal of interest, we assume that it can be represented as a conic combination of atoms.
Furthermore, we will mainly be interested in signals that can be expressed not only as in (1.8)

but with the additional assumption that most of the ¢;s are zero:

T = Zciau ¢; >0, a;e A, |clo<s (1.9)

(2

where c is the vector whose elements are the ¢;s.

The representation in terms of atoms allows us to work with a wide variety of signals:
1. When the atoms are signed canonical basis vectors, the signal can be seen to be sparse.
2. When the atoms are unit norm matrices, the signal will be a low rank matrix

3. When the atoms are unit vectors whose support is restricted to certain predefined indices,

we obtain group sparse vectors.

Later in Chapter 3, we will give more examples of atoms, and the corresponding signals
they give rise to. Armed with the atomic notation, the goal of recovering a signal that has
a parsimonious representation with respect to a certain atomic set can be expressed as the

solution to an optimization problem:
& = argmin f(x) st. [[x|a0<s (1.10)

where ||x|| 40 = |/c|lo, and ¢ is per the representation in (1.9). We see that (1.10) is the
equivalent of the ¢, pseudo norm constrained problem for standard sparse vectors (1.1), but
in a very general sense. Indeed, given an appropriately defined set of atoms A, (1.10) yields

a framework to recover signals that have a parsimonious representation in that set of atoms.
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Specifically, from the representation (1.9), we have that « is a conic combination of atoms,
and when ||c||o is small, it means that only a few atoms a € A are used to represent .

The above formulation is non convex however, and hence the problem is hard to solve in

general. This motivates a convex relaxation of the above penalty, called the atomic norm
H:BHA:ianCi s.t. :c:ch-ai, ¢ >0, a, €A (1.11)
i i

The atomic norm is the gauge functional of the convex hull of the atoms in the set A.
When the set of atoms is centrally symmetric, ||| 4 is indeed a norm, and hence the name.
For all the applications of interest in this thesis, we will have that 4 is symmetric about the
origin, and hence we will continue to use the term “atomic norm".

The atomic norm essentially acts as the ¢, equivalent of the function ||| 4 0. The inf in the
formulation ensures that when there are multiple sets of vectors c that satisfy ¢ = ) . ¢;a;,
we pick the one that has the smallest /; norm. Note that the minimizer may not be unique, but

it always exists. Returning to the examples listed above, we see that
1. When the atoms are canonical basis vectors, we obtain the ¢; norm of the vector.
2. When the atoms are unit norm matrices, we obtain the nuclear norm of the matrix.

3. When the atoms are unit vectors whose support is restricted to certain predefined indices,
we obtain the group lasso with overlap norm. The standard group lasso arises as a special

case when the groups do not overlap.

We can then look to solve the following convex optimization problem

x =argmin f(x) st |z||l4<s (1.12)
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The notion of atomic norms allows us to formulate recovery problems for a vast range

of applications, and for fairly arbitrarily defined atomic sets .A. That being said, a practical
algorithm that actually solves (1.12) has not been forthcoming. Indeed, for special cases of A,
very fast methods exist, but they cannot be easily generalized to arbitrary .4. In Chapter 3, we
introduce an algorithm that solves this problem. The method enjoys nice theoretical conver-
gence properties, is computationally efficient and can be applied to vast range of problems of

practical interest in signal processing and machine learning.
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Chapter 2

Sample Complexity Bounds for Learning

with Structure

In this chapter, we theoretically analyze the problem of structured sparse signal recovery.
First, we study the problem of regression with overlapping groups. We show that the group
lasso with overlap can be cast as an atomic norm minimization problem (See Chapter 1 for
an introduction to the atomic norm), and derive sample complexity bounds for the same. The
bounds we derive yield a rather surprising result: the number of measurements needed for
accurate recovery in an overlapping group sparse setting does not depend on the amount of
overlaps between groups. It only depends on the number of groups and the group size, and of
course the number of active groups.

We then motivate and introduce the Sparse Overlapping Sets (SOS) lasso. The SOSlasso
generalizes the group lasso with overlapping groups and the lasso, and allows one to perform
structured sparse recovery in a very flexible framework. We derive sample complexity bounds
for the SOSlasso under both regression and classification settings, and show that under spe-
cific choices of parameters, we recover existing results for the lasso and the results for the
overlapping group lasso.

The analysis for both the methods mentioned above relies on the notion of the mean (Gaus-

sian) width, a robust geometrical property of sets. The problem of deriving sample complexity
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bounds reduces to deriving bounds on the Gaussian width. We also validate our results on

some toy data, leaving experiments on real datasets to Chapter 4.

2.1 Organization

We first derive sample complexity bounds for the group lasso with overlapping groups. We
show that the problem can be cast as an atomic norm minimization algorithm, and show that
by bounding the Gaussian width (to be defined) of a particular set, we can bound the number
of measurements needed for exact recovery under noiseless settings, or approximate recovery
in the presence of noise. The task of bounding the Gaussian width is non trivial, since there is
no closed form expression for the set we will be interested in.

We then turn our attention to the problem of selecting sets of “similar" features, and not
entire sets of features. We motivate applications where this might be necessary, and introduce
the Sparse Overlapping Sets (SOS) lasso to solve inference problems with the aforementioned
constraint. We derive consistency results for the SOSlasso under both regression and classifi-
cation settings. We show that the SOSlasso generalizes the lasso and the group lasso, and thus

provides a framework for structured signal recovery in a vast variety of applications.

2.2 Sample Complexity Bounds for the Group Lasso with
Overlapping Groups

Standard compressive sensing results state that to exactly recover an s sparse signal in R?, one
requires O(s-log p) measurements. While this bound is extremely useful in practice, often real

world signals are not only sparse, but also exhibit structure in the sparsity pattern. We focus on
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group-structured patterns in this section. Under this model, groups of signal coefficients are
active (or inactive) together. The groups are predefined, but the particular set of groups that are
active (i.e., in the signal support) must be learned from measurements. We show that exploiting
knowledge of groups can further reduce the number of measurements required for exact signal
recovery, and derive universal bounds for the number of measurements needed. The bound is
universal in the sense that it only depends on the number of groups under consideration, and
not the particulars of the groups (e.g., compositions, extents, overlaps, etc.). Experiments on

toy data show that our result holds for a variety of overlapping group configurations.

2.2.1 Introduction

In many fields such as genetics, image processing, and machine learning, one is faced with
the task of recovering very high dimensional signals from relatively few measurements. In
general this is not possible, but fortunately many real world signals are, or can be transformed
to be, sparse, meaning that only a small fraction signal coefficients are non-zero. Compressed
Sensing [13,24] allows us to recover sparse, high dimensional signals with very few mea-
surements. In fact, results indicate that one only needs O(s - log p) random measurements to
exactly recover an s sparse signal of length p.

In many applications however, one not only has knowledge about the sparsity of the signal,

but some additional information about the structure of the sparsity pattern as well:

* In genetics, the genes are arranged into pathways, and genes belonging to the same

pathway are often active/inactive in a group [80].

* In image processing, the wavelet transform coefficients can be modeled as belonging to

a tree, with parent-child coefficients simultaneously being large or small [19, 73].
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* In wideband spectrum sensing applications, the spectrum typically displays clusters of

non-zero frequency coefficients, each corresponding to a narrowband transmission [55]

In cases such as these, the sparsity pattern can be represented as a union of certain groups of
coefficients (e.g., coefficients in certain pathways, tree branches, or clusters). This knowledge
about the signal structure can help further reduce the number of measurements one needs to
exactly recover the signal. Indeed, the authors in [36] derive information theoretic bounds
for the number of measurements needed for a variety of signal ensembles, including trees.
In [5,25], the authors show that one needs far fewer measurements when the signal can be
expressed as lying in a union of subspaces, and explicit bounds are derived when using a
modified version of CoSaMP [58] to recover the signal. In this chapter, we derive bounds
on the number of random 1.1.d. Gaussian measurements needed to exactly recover a sparse
signal when its pattern of sparsity lies in a union of groups, when solving the convex recovery
algorithm introduced in [37].

We analyze the group-structured sparse recovery problem using a random Gaussian mea-
surement model. We emphasize that although the derivation assumes the measurement matrix
to be Gaussian, it can be extended to any subGaussian case, by paying a small constant penalty,
as shown in [?]. We restrict ourselves to the Gaussian case here since it highlights the main
ideas and keeps the analysis as simple as possible.

Note that in this work, variables can be grouped into arbitrary sets, and we make no as-
sumptions about the nature of the groups, except that they are known in advance. In short,
we derive bounds for any generic group structure of variables, whether the groups overlap or
form a partition of the ambient high dimensional space.

To the best of our knowledge, these results are new and distinct from prior theoretical

characterizations of group lasso methods. Asymptotic consistency results are derived for the
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group lasso when the groups partition the space of variables in [2]. Similarly, in [35], the
authors consider the groups to partition the space, and derive conditions for recovery using the
group lasso [91]. In [41,42], the authors derive consistency results for the group lasso under
arbitrary groupings of variables. In [59], the authors consider overlapping groups and derive
sample bounds under the group lasso [91] setting. The authors in [37] derive consistency
results in an asymptotic setting, for the group lasso with overlap, but do not provide exact
recovery results. The general group lasso scenarios is different from what we consider, in that
the group lasso yields vectors whose support can be expressed as a complement of a union
of groups, while we consider cases where we require the support to lie in a union of groups,
a distinction made in [37] and in Chapter 1 here. Note that in the case of non-overlapping
groups, the complement of a union of groups is a union of (a different set of) groups. In
this section, we (a) derive sample complexity bounds in a compressive-sensing framework
when the measurement matrix is i.i.d. Gaussian. (b) We focus on non-asymptotic sample
bounds, and in a case where the support is contained in a union of groups, and (c¢) make no
assumptions about the nature of groups. To derive our results, we appeal to the notion of
restricted minimum singular values of an operator.

We bound number of measurements needed for exact recovery with two terms. One term
(kB) grows linearly in the total number of non-zero coefficients (with a small constant of
proportionality). This is close to the bare minimum of one measurement per non-zero com-
ponent. The other term only depends on the number of groups under consideration, and not
the particulars of the groups (e.g., compositions, sizes, extents, etc.). In particular, the groups
need not be disjoint. The degree to which groups overlap, remarkably, has no effect on our
bounds. In this regard, our bounds can be termed to be universal. This is somewhat surprising

since overlapping groups are strongly coupled in the observations, tempting one to suppose
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that overlap may make recovery more challenging.

Our main result shows that for signals with support on £ of M possible groups, exact re-
covery is possible from (\/m +vVB )2k + k B measurements using an overlapping
group lasso algorithm, B being the maximum group size. Note that the bound depends on the
sparsity s of the signal via the kB term. We will routinely compare the performance of the
group lasso to the standard lasso, to study the effects of overlap between groups on the actual
number of measurements needed to exactly recover a signal. For the lasso bound, we will use
the one derived in [14]: (2s + 1)log(p — s). Assuming that M = O(poly(p)), our bound
is roughly klog(p) + kB. For the same problems, the lasso which ignores the group struc-
ture of the sparse signal components would require approximately kB log(p) measurements.
Hence, taking advantage of the group structure will allow us to take fewer measurements to
reconstruct the signal.

Our proof derives from the techniques developed in [14]. The rest of this section is or-
ganized as follows: in Section 2.2.2, we lay the groundwork for the main contribution of the
chapter, viz. applying the techniques from [14] to the specific setting of group lasso with
overlapping groups. We describe the theory and reasoning behind this approach. In Section
2.2.3 we derive bounds on the number of random i.i.d. Gaussian measurements needed to be
taken for exact recovery of group sparse signals. We further derive bounds for the number
of measurements required for robust recovery of signals as well. Section 2.2.4 outlines the
experiments we performed and the corresponding results obtained. We conclude our chapter

in Section 3.7.
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Notations

We first introduce notations that we will use for the rest of the section. Consider a signal of
length p, that is s sparse. Note here that in case of multidimensional signals like images, we
assume they are vectorized to have length p. The coefficients of the signal are grouped into
sets {G;}M,, such that Vi € {1,2,--- M}, G; C {1,2,--- ,p}. We denote the set of groups
by G = {G,}i=1..1, and | - | denotes the cardinality of a set. We let 2* be the (sparse) signal to

be recovered, whose non zero coefficients lie in &k of the M groups G* C G. Formally,

G*={G; € G* : supp(z*) N G; # 0}

We assume |G*| = k < M = |G|. We let ®,,,, be a measurement matrix consisting of i.i.d.
Gaussian entries of mean 0 and unit variance so that every column is a realization of an 1.1.d.
Gaussian length n vector with covariance /. For any vector € RP, we denote by x a vector
in R? such that (xg); = «; if i € G, and 0 otherwise. We denote the observed vector by
y € R" :y = ®x*. The absence of a subscript following a norm || - || implies the ¢, norm.
The dual norm of | - ||, is denoted by || - [|5. The convex hull of a set of points .S is denoted by

conv(S).

2.2.2 Preliminaries

In this section, we will set up the problem that we wish to solve in this chapter. We will argue
as to why exact recovery of the signal corresponds to the minimization of the atomic norm of

the signal, with the atoms obeying certain properties governed by the signal structure.
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Atoms and the atomic set

To begin with, let us (re)formalize the notion of atoms and the atomic norm of a signal (or
vector), and in the process revisit some definitions from Chapter 1. We will restrict our atten-
tion to group-sparse signals in R”, though the same concepts can be extended to other spaces

as well. Recall that we assume € R? can be decomposed as :

k
a::E cia;, ¢; >0
=1

Where a € A are the atoms. Note that the sum notation, rather than the integral notation,
implies that only a countable number of coefficients can be non-zero. As explained in Chapter
1, to obtain a “simple" representation of a vector, we look to minimize the atomic norm subject

to constraints (equation (2.1)):

Z = argmin||z|| 4 s.t.y = Px .1)
xrceRP

Assuming we are aware of the group structure G, we now proceed to define the atomic set

and the corresponding atomic norm for our framework:

VG € G, let
Ag ={a% e R”: ||(a%)gll2 = 1, (a%)ge = 0}
A={Ac}ceg (2.2)

We now show that the atomic norm of a vector x € R? under the atomic set defined in equation

(2.2) is equivalent to the overlapping group lasso norm defined in [37], a special case of which
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is the standard group lasso norm [91]. Thus, minimizing the atomic norm in this case is exactly

the same as the group lasso with overlapping groups.

Lemma 2.2.1. Given any arbitrary set of groups G, we have

| |JI| |-A = ngerlap(m)

where ngerlap(w) is the overlapping group lasso norm defined in [37].
Proof. In (3.6), we can substitute vg = cga, giving us cg = |cgl - ||al| = ||cqal| = ||vg]|-
Hence,

||m[|A:inf{an:az:ana ce >0 VCLEA}

acA acA
:inf{ZHvGH :w:ng}
Geg Geg
= ngerlap(m>

O]
Corollary 2.2.2. Under the atomic set defined in (2.2) , when G partitions RP?,
][4 =) llzcll
Geg
Proof. ngerlap = > _ceg ||xcl| in the non overlapping case. O
Thus, (2.1) yields:
2 = argmin vaerlap(m) st.y = Px (2.3)

xrcRP
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which can be solved using the replication based method outlined in Chapter 1.

Also note that we can directly compute the dual of the atomic norm from the set of atoms
[ul’y = sup(a, u) = max |lug]| (2.4)
acA Geg
The dual norm will be useful in our derivations below.

Gaussian Widths and Exact Recovery

Following [14], we define the tangent cone and normal cone at x* with respect to conv(.A)

under ||x|| 4 as [72]:

Ta(x*) = cone{z —x* :||z||a < ||z"||a} (2.5)
Na(®*) ={u : (u,z) <0, Vz € Ta(z")} (2.6)
={u : (u,z") =t|x| 4

and ||ul/%y <t for somet > 0}
We note that, from [14] (Prop. 2.1), £ = z* (2.1) is unique iff
null(®) N Ta(x*) = {0} 2.7

Hence, we require that the tangent cone at ™ intersects the nullspace of ® only at the origin,
to guarantee exact recovery.

Before we state the main recovery result from [14], we define the Gaussian width of a set:

Definition Let SP~! denote the unit sphere in R?. The Gaussian width w(S) of a set S € SP~*
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is

w(S) =E, {Sup gTz}

zeS
where g ~ N(0, 1)

Gordon uses the Gaussian width to provide bounds on the probability that a random subspace
of a certain dimension misses a subset of the sphere [33]. In [14], these results are specialized

to the case of atomic norm recovery. In particular, we will make use of the following:

Proposition 2.2.3. [ [14], Corollary 3.2] Let ® : RP — R" be a random map with i.i.d.
zero-mean Gaussian entries having variance 1/n. Further let Q = T4(z*) N'SP~! denote the
spherical part of the tangent cone T x(x*). Suppose that we have measurements y = ®x*,
and we solve the convex program (2.1). Then x* is the unique optimum of (2.1) with high
probability provided that

n > w(Q)*+ O(1).

To complete our problem setup we will also restate Proposition 3.6 in [14] :

Proposition 2.2.4. (Proposition 3.6 in [14]) Let C' be any non-empty convex cone in RP, and

let g ~ N(0, 1) be a Gaussian vector. Then:
w(C' NS < E,[dist(g, C*)] (2.8)

where dist(., .) denotes the Euclidean distance between a point and a set, and C* is the dual

cone of C'

We can then square (2.8) use Jensen’s inequality to obtain

w(CNSP1H?2 < E [dist(g, C*)?] (2.9)
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We note here that the dual cone of the tangent cone is the normal cone, and vice-versa.

Thus, to derive measurement bounds, we only need to calculate the square of the Gaussian
width of the intersection of the tangent cone at x* with respect to the atomic norm and the
unit sphere. This value can be bounded by the distance of a Gaussian random vector to the
normal cone at the same point, as implied by (2.9). In the next section, we derive bounds on

this quantity.

2.2.3 Gaussian Width of the Normal Cone of the Group Sparsity Norm

For generic groups G, we have

vENA(Z) & Iy >0 : (v, 2") =||2"|| 4,

lvgll =7if G € G%, flugll < vif G & G (2.10)

It is not hard to see that, in the case of disjoint groups,

Np(@z*) ={z€RP: z; = ”y’(é:)ﬁ VG € G, (2.11)
G

l2g|| <v VG ¢ G*,v >0}

However, in the case of overlapping groups, no such closed form exists.
We now prove the main result of this chapter, a sufficient number of Gaussian measure-

ments needed to recover a group-sparse signal:

Theorem 2.2.5. To exactly recover a k-group sparse signal decomposed into M groups in RP,

(v/2log(M — k) 4+ v/B)?k + kB i.i.d. Gaussian measurements are sufficient.
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We defer the proof of this result to Appendix A.1
If the groups are disjoint to begin with, the normal cone will be given by (2.11), and
|vs||* = k. Also, in this case, we have |S| = kB. We see that we do not pay an additional
penalty when the groups overlap. This fact is surprising, since one would expect that one

would need more measurements to effectively capture the dependencies among the overlap-

ping groups.

Remarks

The kB term in the bound is an upper-bound on the signal sparsity. In the case of highly over-
lapping groups, this value may be much larger than the signal sparsity, but such cases seldom
arise in real-world applications. If the group sizes are vastly different, then it is pessimistic to
bound the quantity with the maximum group size B, but this yields a simple expression for the
measurements needed. It is of course possible to obtain tighter bounds using the techniques in
our work for cases where the groups are of varying sizes.

It can be seen from Theorem 2.2.5 that the number of measurements is linear in k£ and B.
Hence, the number of measurements that are sufficient for signal recovery grows linearly with
the number of active groups in the signal, and also the maximum group size. This can be seen
analogous to the linear dependence of the lasso bound on the sparsity s of the signal, though
for overlapping groups, kB # s.

We note that although we pay no extra price to measure the signal when the groups overlap,
there is an additional cost in the recovery process of the signal, in that the groups need to first
be separated by replication of the coefficients [37], or resort to a primal-dual method to solve

the problem [56].
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Finally, we compare the bound we obtain to the standard lasso measurement bound [14]:
(2s 4+ 1) log(p — s) (2.12)
The bound we obtain in Theorem 2.2.5 can be upper bounded by
2k max{2log(M), B} + kB (2.13)

Noting that s < kB with equality when the groups do not overlap. In this case, (2.13)

evaluates to

2
ES max{2log(M), B} + s

max{2log(M), B}

=(2s+1) 7

log(M)
Blog(p)

which is smaller than the lasso bound (2.12) by a factor of roughly . S0, in most cases,

our bound shows that the we can perform better than the conventional lasso by exploiting the
additional group structured information that is available.

Noisy Observations

The results we obtain can be easily extended to the case where we obtain noisy observations,

assuming that the noise is bounded. In the noisy case, we observe
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We then solve the atomic norm minimization problem, with a relaxed constraint to take into

account the bounded noise:
& = argmin||z||4 s.t. [|[y — Px| <4 (2.14)
xERP

We restate corollary 3.3 from [14]:

Proposition 2.2.6. [ [14], Corollary 3.3] Let ® : RP — R"™ be a random map with i.i.d.
zero-mean Gaussian entries having variance 1/n. Further let Q2 = T4(z*) NSP~! denote the
spherical part of the tangent cone T 4(z*). Suppose that we have measurements y = ®x* + 0,
and ||0)| < 9. Suppose we solve the convex program (2.14). Let & denote the optimum of
(2.14). Also, suppose ||Dz| > €||z|| Vz € T(z*). Then ||z* — &|| < 2 with high probability

provided that

w(§)?
> ——+0(1).
Substituting the result in Theorem 2.2.5 in Proposition 2.2.6, we have the following corol-

lary yielding a sufficient condition to accurately recover a signal when the measurements are

corrupted with bounded noise:

Corollary 2.2.7. Suppose we wish to recover a k— group sparse signal having M groups,
such that the maximum group size is B. Let T be the optimum of the convex program (2.14).

To have ||& — x*|| < 2 with high probability,

(v/2log(M — k) + VB)*k + kB

(1—¢)?

i.i.d. Gaussian measurements are sufficient.
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2.2.4 Experiments and Results
We extensively tested our method against the standard lasso procedure. In the case where the
groups overlap, we use the replication method outlined in [37], to reduce the optimization

problem to that of non overlapping groups. We compare the number of measurements needed

for our method with that needed for the lasso. For the lasso, it would be instructive to keep
in mind the bound derived in [14] , viz. (2s + 1)log(p — s). In the case of non overlapping
groups, the bound evaluates to (2kB + 1)log(kM — kB). We generate length p = 2000
signals, made up of M = 100 non-overlapping groups of size B = 20. We set k£ = 5 groups to
be “active”, and the values within the groups are drawn from a uniform [0, 1] distribution. The
active groups are assigned uniformly at random. The sparsity of the signal will be s = 100

We use SpaRSA [90] for the lasso and the group lasso with overlap, learning A over a grid.
Figure 5 displays the mean reconstruction error ||Z — *||3/p as a function of the number of
random measurements taken. The errors have been averaged over 100 tests, and each time a
new random signal was generated with the above mentioned parameters.

From the parameters considered, we conclude that ~ 380 measurements are sufficient to
recover the signal. When we have 380 measurements, the lasso does not recover the signal
exactly, as seen in Figure 5.

To show that the bound we compute holds regardless of the complexity of groupings, we
consider the following scenario: Suppose we have M = 100 groups, each of size B = 40.
k = 5 of those groups are active, and the values within each group are assigned from a uniform

[—1, 1] distribution. We arrange these groups in three configurations:

1. The groups do not overlap, yielding a signal of length p = 4000, and signal sparsity

s = 200.



38

0.02

—lassao
— group lassal |

0016+ 8

0.018+

o ©

e 2

N e
1

0.01 1

reconstruction error

o o

o o

[= S =1

& @D
: T

0.004 - 8

0.002 - 1

0 100 200 300 400 500 600
# measurements

Figure 5: The group lasso (red) compared with the lasso (blue). The vertical line indicates
our bound. Note that our bound (380) predicts exact recovery of the signal, while at the same
value, the lasso does not recover the signal

2. A partial overlapping scenario, where apart from the first and last group, every group has

20 elements in common with a group above it, and 20 common with the group below,

giving p = 2020, s € [120, 200] depending on which of the 100 groups are active.

3. An almost complete overlap, where apart from one element in each group, the remaining

elements are common to each group. This leads to p = 139 and s = 44

4. We also considered cases intermediate to the ones listed above. Specifically, we con-
sidered (a) a highly overlapping scenario which is identical to the previous case, but
with odd and even groups disjoint, giving p = 178 and s < 80. We also consider (b)
a random overlap case where the first 50 groups are non overlapping and the remaining
50 are assigned uniformly at random from the existing p = 2000 indices. s < 200 in

this case.
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Figure 6: Types of groupings considered. Each set of coefficients encompassed by one color
belongs to one group.

The scenarios we consider are depicted in Figure 6. In each of the cases, we compute the
bound to be ~ 630. The bound becomes looser as the complexity of the groupings increases.
This, as argued before, is a result of the bound for the signal sparsity becoming looser.

We can see from Figure 7a that our group lasso bound (=~ 630) holds for all cases. For
the sake of comparison, we considered the lasso performance on the signals in cases (i) -
(iv) as well, and these are plotted in Figure 7b. From the values of p and s computed for
the four cases, we have the corresponding bounds for the lasso [14] to be 3305 for the no
overlap case (i), [1819, 3010] for the partial overlap case (ii) and 405 for the almost complete
overlap case (iii) respectively. The lasso bounds for case (iv a) and (iv b) are 738 and 3000
respectively. Another thing to note is that, apart from cases (iii) and (iv a), the group lasso
always outperforms the lasso. This leads us to believe that when there is excessive overlap
between groups, the knowledge of the group structure does not aid in signal reconstruction.

Our final experiment outlines the relationship between the number of groups M and the
number of measurements needed, when k = 1—]%. We consider the partial overlap scenario as

mentioned before in case (ii), with B = 10. Figure 8 shows that as we increase the number of
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(a) performance of the group lasso on cases considered in Fig-
ure 6. Note that our bound evaluates to 630, clearly sufficient
measurements to recover the signal in all cases.
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(b) performance of the lasso on cases considered in Figure 6.

Figure 7: (Best seen in color) Performance on various grouping schemes. The group lasso
outperforms the lasso in all cases apart from (iii) and (iv a). This shows that as the amount of
overlap increases, the group lasso does not yield any advantage as compared to the lasso, and
if anything, performs worse.
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total groups, we naturally need more measurements. It is also instructive to note that since the
number of active groups is proportional to M/, we get an almost linear relationship between M
and the number of measurements needed for perfect recovery. This effect is captured in our
bound, which scales linearly with k, the number of active groups, which is linear in M, the
total number of groups in this experiment. The probability of error is computed empirically

from 100 runs for each (measurement, M) pair.
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Figure 8: Number of measurements needed vs the total number of groups for recovery. The
image shows the probability of error, with blue indicating values that are (nearly) zero. The
maximum value on the plot corresponds to a 0.06 probability of error. (Best seen in color).

Another thing to note with regards to Figure 8 is that the x-axis shows the number of groups
in the signal, since our bound depends only on that. In the present setup, the corresponding
dimensionality of the signal is (505, 755, 1005, 1255, 1505, 1755, 2005) respectively for each

M in Figure 8.

2.2.5 Conclusion

We showed that, when additional structure about the support of the signal to be estimated is

known, we can recover the signal in much fewer measurements that what would be needed
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in the standard compressed sensing framework using the lasso. Also, we showed that we
surprisingly do not pay an extra penalty when the groups overlap each other. Moreover, the
bound holds for arbitrary group structures, and can be used in a variety of applications. The
bounds we derive are tight, and can be extended to subGaussian measurement matrices by

incurring a constant penalty. Experimental results agree with the bounds we obtained.
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2.3 The Sparse Overlapping Sets Lasso

In the previous section, we derived sample complexity bounds for the group lasso with over-
lapping groups. In this section, we extend the overlapping group lasso to select a small number

of overlapping groups, when the groups themselves exhibit sparsity within themselves.

2.3.1 Introduction

Binary logistic regression plays a major role in many machine learning and signal processing
applications. In modern applications where the number of features far exceeds the number of
observations, one typically enforces the solution to contain only a few non zeros. The lasso
[83] is a commonly used method to constrain the solution (henceforth also referred to as the
coefficients) to be sparse. The notion of sparsity leads to more interpretable solutions in high
dimensional machine learning applications, and has been extensively studied in [3,10,59, 65],
among others. In cases when we have additional information about the structure within the
non zero coefficients, we saw in the previous section how one can use the group lasso to
recover the signals of interest.

The group lasso forces all the coefficients in a group to be active at once: if a coefficient
is selected for the task at hand, then all the coefficients in that group are selected. This is the
case even when the groups overlap.

While the group lasso has enjoyed tremendous success in high dimensional feature se-
lection applications, we are interested in a much less restrictive form of structured feature
selection for classification. Suppose that the features can be arranged into overlapping groups
based on some notion of similarity, depending on the application. For example, in Figure 9a,

the features can be organized into a graph (similar features being connected), and each feature
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(a) Grouping features based on sim- (b) Decomposition of coefficient vector into
ilarity. Vertices denote coefficients overlapping sparse groups. The vector can
and edges indicate the similarity of be decomposed as a sum of two vectors,
the corresponding features. Each each corresponding to a single group (green
group (indicated by dashed colored and red). The lighter shaded regions in the
lines) corresponds to a particular ver- right hand side correspond to zeros in the
tex (highlighted by the same color), active groups, and the darker regions corre-
and its neighbors. The groups over- spond to non zero coefficients. The vertical
lap, and if a vertex is selected, it bars in the LHS indicate various overlapping
should encourage selection its neigh- groups

bors.

Figure 9: (Best seen in color) Grouping features based on similarity (a) and its decomposition
in terms of sparse overlapping sets (b). The sparse vector that determines what features are
selected takes into account the groups formed due to the graph in (a)

forms a group with its neighbors. The notion of similarity can be loosely defined, and only
suggests that if a feature is relevant for the learning task at hand, then features similar to it may
also be relevant. It is known that while many features may be similar to each other, not all
similar features are relevant for the specific learning problem. Figure 9b illustrates the pattern
we are interested in. In such a setting, we want to select ! similar features (i.e., groups), but
only a (sparse) subset of the features in the (selected) groups may themselves be selected. We

propose a new procedure called Sparse Overlapping Sets (SOS) lasso to reflect this situation

in the coefficients recovered.

' A feature or group of features is “selected" if its corresponding regression coefficient(s) is non zero
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As an example, consider the task of identifying relevant genes that play a role in predicting
a disease. Genes are organized into pathways [80], but not every gene in a pathway might be
relevant for prediction. At the same time, it is reasonable to assume that if a gene from a
particular pathway is relevant, then other genes from the same pathway may also be relevant.
In such applications, the group lasso may be too constraining while the lasso may be too
under-constrained.

A major motivating factor for our approach comes from multitask learning. Multitask
learning can be effective when features useful in one task are also useful for other tasks, and
the group lasso is a standard method for selecting a common subset of features [49]. In this
section, we consider the case where (1) the available features can be organized into groups
according to a notion of similarity and (2) features useful in one task are similar, but not
necessarily identical, to the features best suited for other tasks. Later in the chapter, we apply

this idea to multi-subject fMRI prediction problems.

2.3.2 Past Work

When the groups of features do not overlap, [76] proposed the Sparse Group Lasso (SGL)
to recover coefficients that are both within- and across- group sparse. SGL and its variants
for multitask learning has found applications in character recognition [78, 79], climate and
oceanology applications [15], and in gene selection in computational biology [76]. In [43],
the authors extended the method to handle tree structured sparsity patterns, and showed that
the resulting optimization problem admits an efficient implementation in terms of proximal
point operators. Along related lines, the exclusive lasso [94] can be used when it is explicitly

known that features in certain groups are negatively correlated. When the groups overlap,
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[37,63] proposed a modification of the group lasso penalty so that the resulting coefficients
can be expressed as a union of groups. They proposed a replication-based strategy for solving
the problem, which has since found application in computational biology [37] and image
processing [67], among others. The authors in [57] proposed a method to solve the same
problem in a primal-dual framework, that does not require coefficient replication. Risk bounds
for problems with structured sparsity inducing penalties (including the lasso and group lasso)
were obtained by [51] using Rademacher complexities. Sample complexity bounds for model
selection in linear regression using the group lasso (with possibly overlapping groups) also
exist [68]. The results naturally hold for the standard group lasso [91], since non overlapping
groups are a special case.

For logistic regression, [3, 10, 59, 65] and references therein have extensively character-
ized the sample complexity of identifying the correct model using ¢; regularized optimization.
In [65], the authors introduced a new optimization framework to solve the logistic regres-
sion problem: minimize 2 a linear cost function subject to a constraint on the ¢; norm of the

solution.

2.3.3 Our Contributions

In this section, we consider an optimization problem of the form in [65], but for coefficients
that can be expressed as a union of overlapping groups. Not only are only a few groups se-
lected, but the selected groups themselves are also sparse. In this sense, our constraint can
be seen as an extension of SGL [76] for overlapping groups where the sparsity pattern lies in
a union of groups. We are mainly interested in classification problems, but the method can

also be applied to regression settings, by making an appropriate change in the loss function

2The authors in [65] write the problem as a maximization. We minimize the negative of the same function
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of course. We consider a union-of-groups formulation as in [37], but with an additional spar-
sity constraint on the selected groups. To this end, we analyze the Sparse Overlapping Sets
(SOS) lasso, where the overlapping sets might correspond to coefficients of features arbitrarily
grouped according to the notion of similarity.

We introduce a constraint that promotes sparsity patterns that can be expressed as a union
of sparsely activated groups. The main contribution of this section is a theoretical analysis
of the consistency of the SOSlasso estimator, under a logistic regression setting. Based on
certain parameter settings, our method reduces to other known cases of penalization for sparse
high dimensional recovery. Specifically, our method generalizes the group lasso for logistic
regression [37, 53], and also extends to handle groups that can arbitrarily overlap with each
other. We also recover results for the lasso for logistic regression [3, 10, 59, 65]. In this
sense, our work unifies the lasso, the group lasso as well as the sparse group lasso for logistic
regression to handle overlapping groups. To the best of our knowledge, this is the first chapter
that provides such a unified theory and sample complexity bounds for all these methods.

In the case of linear regression and multitask learning, our work generalizes the work
of [78,79], where the authors consider a similar situation with non overlapping subsets of
features. We assume that the features can arbitrarily overlap. When the groups overlap, the
methods mentioned above suffer from a drawback: entire groups are set to zero, in effect
zeroing out many coefficients that might be relevant to the tasks at hand. This has undesirable
effects in many applications of interest, and the authors in [37] propose a version of the group
lasso to circumvent this issue.

We also test our regularizer on both toy and real datasets. Our experiments reinforce our
theoretical results, and demonstrate the advantages of the SOSlasso over standard lasso and

group lasso methods, when the features can indeed be grouped according to some notion of



48
similarity. We show that the SOSlasso is especially useful in multitask Functional Magnetic
Resonance Imaging (fMRI) applications, and gene selection applications in computational
biology in Chapter 4

To summarize, the main contributions of this section are the following:

1. New regularizers for structured sparsity: We propose the Sparse Overlapping Sets
(SOS) lasso, a convex optimization problem that encourages the selection of coefficients
that are both within-and across- group sparse. The groups can arbitrarily overlap, and
the pattern obtained can be represented as a union of a small number of groups. This
generalizes other known methods, and provides a common regularizer that can be used
for any structured sparse problem with two levels of hierarchy *: groups at a higher

level, and singletons at the lower level.

2. New theory for logistic regression with structured sparsity: We provide a theoretical
analysis for the consistency of the SOSlasso estimator, under the logistic observation
model. The general results we obtain specialize to the lasso, the group lasso (with or
without overlapping groups) and the sparse group lasso. We obtain a bound on the
sample complexity of the SOSlasso under both independent and correlated Gaussian
measurement designs, and this in turn also translates to corresponding results for the
lasso and the group lasso. In this sense, we obtain a unified theory for performing

structured variable selection in high dimensions.

3Further levels can also be added as in [43], but that is beyond the scope of this chapter.
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2.3.4 Logistic Regression with Structured Sparsity

In this section, we formalize our problem. We first describe the notations that we use in the
sequel. Uppercase and lowercase bold letters indicate matrices and vectors respectively. We
assume a sparse learning framework, with a feature matrix ® € R"*P. We assume each
element of ® to be distributed as a standard Gaussian random variable. Assuming the data
to arise from a Gaussian distribution simplifies analysis, and allows us to leverage tools from
existing literature. Later in the section, we will allow for correlations in the features as well,
reflecting a more realistic setting. In the results that follow, C'is a constant, the value of which
can be different from one result to the other.

We focus on classification, and assume the following logistic regression model. Each
observation y; € {—1,+1}, i =1,2,...,nis randomly distributed according to the logistic

model

Py = 1) = f({¢i,z")) (2.15)

where ¢; is the i row of ®, and * € RP is the (unknown) coefficient vector of interest in

our setting.

exp(2)
J(z) = 1+ exp(z)

where z is a scalar.
The coefficient vector of interest is assumed to have a special structure. Specifically, we
assume that x € C C B§, where B is the unit ball in RP. This motivates the following

optimization problem [65]:

T =argminy -y (¢, z) st. xeC (2.16)
=1
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The statistical accuracy of T can be characterized in terms of the mean width of C, which

is defined as follows

Definition Let g € N(0, I'). The mean width of a set C is defined as

where C — C denotes the Minkowski set difference.

Note that definition 2.3.4 is equivalent to the definition of the mean width in the previous
section for the atomic set. In most cases of practical importance, the set we are interested in
will be symmetric about the origin, and hence we can replace the Minkowski difference by the
set itself.

The next result follows immediately from Theorem 1.1, Corollary 1.2, and Corollary 3.3

of [65].

Theorem 2.3.1. Let ® € R"*P be a matrix with i.i.d. standard Gaussian entries, and let

C C BY. Assume -%— € C, and the observations follow the model (2.15) above. Let § > 0,

*
l[2*l2

and suppose

n > Co *w(C)?

Then, with probability at least 1 — 8 exp(—cd>n), the solution T to the problem (2.16) satisfies

2
< dmax(||=*|7, 1)
2

. x*

[P
where C| c are positive constants.

In this section, we construct a new penalty that produces a convex set C that encourages
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structured sparsity in the solution of (2.16). We show that the resulting optimization can be
efficiently solved. We bound the mean width of the set, which yields new bounds for logistic

regression with structured sparsity, via Theorem 2.3.1.

A New Penalty for Structured Sparsity

We are interested in the following form of structured sparsity. Assume that the features can be
organized into overlapping groups based on a user-defined measure of similarity, depending
on the application. Moreover, assume that if a certain feature is relevant for the learning
task at hand, then features similar to it may also be relevant. These assumptions suggest a
structured pattern of sparsity in the coefficients wherein a subset of the groups are relevant to
the learning task, and within the relevant groups a subset of the features are selected. In other

words, £* € RP has the following structure:
* its support is localized to a union of a subset of the groups, and
* its support is localized to a sparse subset within each such group

Assume that the features can be grouped according to similarity into M (possibly overlapping)

groups G = {G1,Gs, ..., Gy} and consider the following definition of structured sparsity.

Definition We say that a vector « is (k, a)-group sparse if x is supported on at most k& < M

groups and at most a fraction « € (0, 1] of the elements in the union of groups are non zero.

Note that @ = 0 corresponds to = 0.
To encourage such sparsity patterns we define the following penalty. Given a group G € G,
we define the set

We={weR: w,=0if i ¢ G}



52

‘We can then define

W(iE) = {wGl S WGI? Wq, € WGQ?"'7wG]\4 € WGM : ZwG = "B}

That is, each element of W(x) is a set of vectors, one from each W, such that the vectors
sum to . As shorthand, in the sequel we write {wg} € W(x) to mean a set of vectors that
form an element in WW(x)

For any € RP, define

h(z) ==  inf Z(\/EngHg—i—unng) 2.17)

{weleW(@) 5

The logistic SOSlasso is the optimization in (2.16) with h(x) as defined in (2.17) deter-
mining the structure of the constraint set C, and hence the form of the solution . The ¢,
penalty promotes the selection of only a subset of the groups, and the /; penalty promotes the

selection of only a subset of the features within a group.

Definition We say the set of vectors {w¢} € W(x) is an optimal representation of  if they

achieve the inf in (2.17).

The objective function in (2.17) is convex and coercive. Hence, YV, an optimal representation
always exists.

We also define the “group support norm" as follows:

Definition Given a set of M groups G, for any vector & and its optimal representation {w¢} €

W(z), noting that v = .., wg, define

Illg.0 =) Lgjwe0}
Geg
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2.3.5 Analysis of the SOSlasso Penalty

Recall that we defined h(x) as in (2.17). We can define the penalty in full generality, by

defining constants g, [¢ that tradeoff the /5 and ¢, norm terms for each group:

W)= it S (acVBlwells + fonlwal) (2.18)

{wglew Geo

This makes the model extremely flexible, and can be used to recover sparsity patterns that
are structured in a very general sense of the word. However, we will restrict ourselves to the
case considered in (2.17), for ease of exposition. All the results we derive can be extended to
the general setting with o, (¢, by including the appropriate constant terms where necessary.

Note that the sum of the terms u||wg||; does not yield the standard ¢; norm of the vector
x, but instead an ¢;—like term that is made up of a weighted sum of the absolute value of
the coefficients in the vector. The weight is proportional to the number of groups to which a

coordinate belongs.

Remarks :

The SOSlasso penalty can be seen as a generalization of different penalty functions previously

explored in the context of sparse linear and/or logistic regression:

* If each group in G is a singleton, then the SOSlasso penalty reduces to the standard ¢,

norm, and the problem reduces to the lasso for logistic regression [10, 83]

e if 4 = 01n (2.17), then we are left with the latent group lasso [37,63,68]. This allows
us to recover sparsity patterns that can be expressed as lying in a union of groups. If a

group is selected, then all the coefficients in the group are selected.
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* If the groups G € G are non overlapping, then (2.17) reduces to the sparse group lasso
[76]. Of course, for non overlapping groups, if ;1 = 0, then we get the standard group

lasso [91].

Figure 10 shows the effect that the parameter p has on the shape of the “ball" ||wg| +

pllwgllr <9, for a single two dimensional group G.

OJOFORO)

(@p=0 (b) p=10.2 ©p=1 (d) p =10

Figure 10: Effect of 1 on the shape of the set |[wg| + p||lwel/i < 9, for a two dimensional
group GG. = 0 (a) yields the /5 norm ball. As the value of 4 in increased, the effect of the /;
norm term increases (b) (c). Finally as i gets very large, the set resembles the ¢; ball (d).

Properties of SOSlasso Penalty

The example in Table 1 gives an insight into the kind of sparsity patterns preferred by the
function h(x). We will tend to prefer solutions that have a small value of h(-). Consider
3 instances of * € R!°, and the corresponding group lasso, ¢; norm, and h(x) function
values. The vector is assumed to be made up of two groups, G; = {1,2,3,4,5} and G5 =
{6,7,8,9,10}. h(x) is smallest when the support set is sparse within groups, and also when
only one of the two groups is selected (column 5). The ¢; norm does not take into account
sparsity across groups (column 4), while the group lasso norm does not take into account
sparsity within groups (column 3). Since the groups do not overlap, the latent group lasso

penalty reduces to the group lasso penalty and h(x) reduces to the sparse group lasso penalty.
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Support Values | 5 [zl | (=]l | > ¢ (lzcl + @)

{1,4,9} (3,4,7} 12 14 26
{1,2,3,4,5} | {2,5,2,4,5} | 8.602 18 26.602

{1,3,4] (3,4,7} 8.602 14 22.602

Table 1: Different instances of a 10-d vector and their corresponding norms.

The next table shows that h(x) indeed favors solutions that are not only group sparse, but
also exhibit sparsity within groups when the groups overlap. Consider again a 10-dimensional
vector & with three overlapping groups {1,2,3,4}, {3,4,5,6,7} and {7,8,9,10}. Suppose
the vectorz =[0 0 1 0 1 0 1 0 0 0]”. From the form of the function in (2.17), we see that
the vector can be seen as a sum of three vectors w;, @ = 1,2, 3, corresponding to the three
groups listed above. Consider the following instances of the w; vectors, which are all feasible

solutions for the optimization problem in (2.17):

Lw, =00 -1 0000000 w,=1[001110T10 0 0],

w;=[000000000 07

2w, =[0010000000 7, w=[000010000 0, w=

00000010007

3w, =[0000000000 , w=[001010000 07, w=

00000010007

4. w; =0 0000000005, w=[001010100 07, w=

00000000007

In the above list, the first instance corresponds to the case where the support is localized to
two groups, and one of these groups (group 2) has only one zero. The second case corresponds

to the case where all 3 groups have non zeros in them. The third case has support localized
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to two groups, and both groups are sparse. Finally, the fourth case has only the second group
having non zero coefficients, and this group is also sparse. Table 2 shows that the smallest
value of the sum of the terms is achieved by the fourth decomposition, and hence that will

correspond to the optimal representation.

A= |lwi| + pllwilly | B = [Jwa|| + pllwall | € = |lws|| + pllwslh A+B+C
VB + 2v/B + 4y 0 3VB + 5
VB + VB + VB + 3VB + 3u

0 V2VB + 2u VB + pu (1+v2)VB+3u

0 V3VB + 3u 0 V3VB + 3

Table 2: Values of the sum of the ¢; and ¢, norms corresponding to the decompositions listed
above. Note that the optimal representation corresponds to the case w; = w3 = 0, and w-
being a sparse vector.

Lastly, we can show that h(x) is a norm. This will allow us to derive consistency results

for the optimization problems we are interested in in this section.

Lemma 2.3.2. The function

h(x) =  inf
{waleW(z

)Z (\/EHUJGM + unGH1>

Geg
is a norm
Proof. Tt is trivial to show that h(x) > 0 with equality iff * = 0. We now show positive

homogeneity. Suppose {wg} € W(x) is an optimal representation (Definition 2.3.4) of «,

and let v € R\{0}. Then, } ., wg =2 = ) .5 7wc = 2. This leads to the following
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set of inequalities:

1 1
W) = 3 (VBlwsla +ulwalh) = o3 3 (VBlInwall: + plwel: ) 2 hty)

Geg Geg

(2.19)

Now, assuming {vg} € W(y) is an optimal representation of v, we have that } .5 %% =

x, and we get

i) = 3 (VBloall + lvals) = | Y (VB v

Geg Geg

e,
v

) > |ylh(z)

2 ‘ 1

(2.20)

Positive homogeneity follows from (2.19) and (2.20). The inequalities are a result of the
possibility of the vectors not corresponding to the respective optimal representations.
For the triangle inequality, again let {wg} € W(x),{ve} € W(y) correspond to the

optimal representation for x, y respectively. Then by definition,

hx+y) <> (VBllwg + vall2 + pllwe + vall)
Geg

< > _(VBllwglz + VBllvglls + ullwell + pllvey)

Geg

= () + h(y)

The first and second inequalities follow by definition and the triangle inequality respectively.

]
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2.3.6 Sample Complexity Bounds for the Sparse Overlapping Sets Lasso

From Theorem 2.3.1, we see that sample complexity bounds can be derived for the SOSlasso,
if we first devise a constraint set C for our problem, and then bound the square of the mean
width of that set.

The first thing to note, is that we can obtain a bound on the i (x) in terms of ||z ||. Note that,
given a vector , we can always find a representation © = ), u¢ such that the supports of

ug do not overlap. Then

h(z) <Y VBugl + luclh

Geg

< (VB+VaB) ) |ug|

Geg

— VEB(1+ Va)|z| 2.21)

Since h(-) is a norm, it is convex. This fact, along with (2.21) allows us to define a convex

set:

Caos = {a: 2]l <1, (@) < VEB(1 +va)} (2.22)

The SOSlasso optimization problem can then be written as
& = argmin —y  ®x s.t. x € Cyps (2.23)
xr

The next Theorem gives a bound on the mean width of the set C,,; above. We state the

theorem here and prove the result in Appendix A.2
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Theorem 2.3.3. The mean width of the set
Cars = {2 < 1, h(z) < VAB(1+Va)}

can be bounded as

W(Caos)? < k (1+ va)’ (v/210g(M) + VB)?

Armed with the result above, we now obtain the following result:

Theorem 2.3.4. Suppose there exists a coefficient vector x* that is (k, a)-group sparse. Sup-
pose the data matrix ® € R™*P and observation model follow the setting in Theorem 2.3.1.
Suppose we solve (2.16) for the constraint set given by (2.22). For 6 > 0 and a constant C, if

the number of measurements satisfies
n > C6%k(1+ «) [log (M) + BJ

then the solution of the logistic SOSlasso satisfies

* 2

~ xTr

< dmax(f|z*| ", 1)

]2 1],

Remarks

Theorem 2.3.4 generalizes existing results on sparse logistic regression, and also yields new
results for (overlapping) group sparse logistic regression. In particular, we make the following

observations:
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* When the groups are singletons, we have B = 1, and we obtain known results for ¢,

penalized regression. Setting v =1, k=s, M = n, we get

n > Cslog (p)

* For traditional group lasso, we merely set & = 1 and obtain

n > Ck(log (M) + B)

* We also obtain results for the sparse group lasso, since it is a special case of the SOSlasso.

In chapter 4, we apply the SOSlasso for classification to problems in fMRI and computa-

tional biology.

2.3.7 Extensions to Data with Correlated Entries

The results we proved above can be extended to data ® with correlated Gaussian entries as
well (see [69] for results in linear regression settings). Indeed, in most practical applications
we are interested in, the features are expected to contain correlations. For example, in the
fMRI application that is one of the major motivating applications of our work, it is reasonable
to assume that voxels in the brain will exhibit correlation amongst themselves at a given time
instant. This entails scaling the number of measurements by the condition number of the
covariance matrix 3, where we assume that each row if the measurement matrix ® is sampled
from a Gaussian (0, X) distribution. Specifically, we obtain the following generalization of

the result in [65] for the SOSlasso with a correlated Gaussian design.
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We now consider the following constraint set:

L VEB(1 + va), |Shal| < 1} (224)

1
Omin 32

Ccorr = {m : h(.’E) <

We consider the set C,,,- and not C,s in (2.22), since we require the constraint set to be
a subset of the unit Euclidean ball. In the proof of Corollary 2.3.5 below, we will reduce
the problem to an optimization over variables of the form z = Y2z, and hence we require

|S2a|5 < 1. Enforcing this constraint leads to the corresponding upper bound on A(x).

Corollary 2.3.5. Let the entries of the data matrix ® be sampled from a N (0, X) distribution.
Suppose the measurements follow the model in (2.15). Suppose we wish to recover a (k, a)—
group sparse vector from the set C... in (2.24). Suppose the true coefficient vector x* satisfies

|S2x*|| = 1. Then, so long as the number of measurements n satisfies

n > 0o %k(1 + a)(y/2log(M) + VB)?k(Z)

the solution to (2.16) satisfies
0

i —ar|P< —2
=P <

where 0min(+), Omaz(+) and k(-) denote the minimum and maximum singular values and

the condition number of the corresponding matrices respectively.

We prove this result in Appendix A.3
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2.3.8 The SOSlasso for Linear Regression

Up until now, we have been focussing on classification settings, under a logistic regression
model. In this section, we derive consistency bounds for the SOSlasso under linear regression

settings. We consider the following optimization problem:
N ) 1 9
T = argmin 2—||y — ®x||; + \h(x) (2.25)
x n

In the sequel, for brevity, we define L () := 5-||y — Px|]3.
In the previous sections, we showed that i(x) is a norm. The dual norm of h(x) can be

bounded as

h*(u) = mgx{a:Tu} sit. h(x) <1

= maxc{ Y whua} st Y (lwals + wal) <1

Geg Geg
(4)
< mV%X{Z’wgug} st. Y 2wglz <1
Geg Geg
1
T
= .t. < =
mV%X{ZwGuG} st. Y [lweglz < 5
Geg Geg
1
= h*(u) < - 2.26
(u) < max S flucl (2.26)

(1) follows from the fact that the constraint set in (i) is a superset of the constraint set in the

previous statement, since |[a|lz < ||all;. (2.26) follows from noting that the maximum is

obtained by setting wg- = ﬁﬁ, where G* = arg maxgeg ||ugl|l2- The inequality (2.26)

is far more tractable than the actual dual norm, and will be useful in our derivations below.

Since A(-) is a norm, we can apply methods developed in [59] to derive consistency rates for
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the optimization problem (2.25).

Definition A norm A(-) is decomposable with respect to the subspace pair sA C sB if h(a +

b) = h(a) + h(b) Va € sA,b € sB*.

Lemma 2.3.6. Let x* € RP be a vector that can be decomposed into (overlapping) groups
with within-group sparsity. Let G* C G be the set of active groups of *. Let S = supp(x*)
indicate the support set of x. Let sA be the subspace spanned by the coordinates indexed by
S, and let sB = sA. We then have that the norm in (2.17) is decomposable with respect to

sA, sB

The result follows in a straightforward way from noting that supports of decompositions

for vectors in sA and s B+ do not overlap.

Proof. Leta € sAand b € sB* be two vectors. Let w* and w? correspond to the vectors
in the optimal decompositions of a and b respectively. Note that S C (J;cg. G. Since the

vectors w* and w? are the optimal decompositions, we have that none of the supports of the

A

vectors w* overlap with those in w?. Hence,

h(a) +h(b) = Y (Jwd] +llwdlh) + > ([wi] + [lwE )

Geg* Geg

= 3" (]l + wEl + l[wi ] + |[w8|l)) = hia +b)
Geg

]

Definition Given a subspace sB, the subspace compatibility constant with respect to a norm

| |l is given by
h(z)

L) = S“p{ T

YV € sB\{O}}
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Lemma 2.3.7. Consider a vector x that can be decomposed into G* C G active groups.
Suppose the maximum group size is B, and also assume that a fraction o € (0,1) of the

coordinates in each active group is non zero. Then,
M) < (14 v Ba)y/|G|[||

Proof. For any vector x with supp(x) C G*, there exists a representation x = EGGQ* wea,

such that the supports of the different w¢ do not overlap. Then,
hz) < ) (lwells + |welh) < (L+VBa) Y Jwell: < (1+VBa)V[G|l:
Geg* Geg*

O

We see that (1 + v/ Ba)+/|G*| (Lemma 2.3.7) gives an upper bound on the subspace com-
patibility constant with respect to the /5 norm for the subspace indexed by the support of the

vector, which is contained in the span of the union of groups in G*.

Definition For a given set .S, and given vector x*, the loss function Lg () satisfies the Re-

stricted Strong Convexity(RSC) condition with parameter  and tolerance 7 if
Lo(x* +A) — La(x*) — (VLs(x),A) > k[|A|; — 72(x*) VA€ S

In this paper, we consider vectors x* that lie exactly in k < M groups, and display
within-group sparsity. This implies that the tolerance 7(x*) = 0, and we will ignore this term

henceforth.
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We also define the following set, which will be used in the sequel:
C(sA,sB,x*) := {A € RP|h(Il,51 A) < 3h(Il;pA) + 4h(Il 4 ™)} (2.27)

where I, 4(-) denotes the projection onto the subspace sA. Based on the results above, we can

now apply a result from [59] to the SOSlasso:

Theorem 2.3.8. (Corollary 1 in [59]) Consider a convex and differentiable loss function such
that RSC holds with constants k and T = 0 over (2.27), and a norm h(-) decomposable
over sets sA and sB. For the optimization program in (2.25), using the parameter \, >

2h* (VL (x*)), any optimal solution &, to (2.25) satisfies

~ 9N?
125, — 2"z < = W*(sB)
Y

The result above shows a general bound on the error using the lasso with sparse overlap-
ping sets. Note that the regularization parameter \,, as well as the RSC constant x depend on
the loss function Lg (). In the next section, we consider the least squares loss (2.25), and

show that the estimate using the SOSlasso is consistent.

2.3.9 Consistency of SOSlasso with Squared Error Loss

We first need to bound the dual norm of the gradient of the loss function, so as to bound \,,.
Consider £ := Lg(x) = 5-||y — ®x||?. The gradient of the loss function with respect to  is
givenby VL = 287 (dx — y) = 207

where n = [nfni ... nF]" (see Section 2.2.1). Our goal now is to find an upper bound on



66

the quantity 2*(V L), which from (2.26) is
1 T
5 max[[VLell2 = o max ||l

where ®; is the matrix ® restricted to the columns indexed by the group G. We will prove an
upper bound for the above quantity in the course of the results that follow.

Since  ~ N(0,02I), we have ®Ln ~ o N (0, BLP). Defining 0,6 := Omax {PLPc}

to be the maximum singular value, we have || ®Ln||3 < 0?02 ||y

5, where vy ~ N (0, I|¢;)) =
7[5 ~ Xig > where xj is a chi-squared random variable with d degrees of freedom. This
allows us to work with the more tractable chi squared random variable when we look to bound
the dual norm of VL. The next lemma helps us obtain a bound on the maximum of x? random

variables.

Lemma 2.3.9. Let z1, zo, . . ., z)s be chi-squared random variables with d degrees of freedom.
Then for some constant c,

P ( max z; < c2d) >1—exp (log(M) —

i=1,2,...M

g

Proof. From the chi-squared tail bound in [22], P(z; > ¢*d) < exp (—%). The result
follows from a union bound and inverting the expression. 0

Lemma 2.3.10. Consider the loss function L = 5- 2;1 lyr — ®re||* = 5 lly — @x?,

with the ®,s deterministic and the measurements corrupted with AWGN of variance o*. For
the regularizer in (2.17), the dual norm of the gradient of the loss function is bounded as

202 (log(M) + B)

(VL) < 4 n
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with probability at least 1 — c¢1 exp(—can), for c1, co > 0, and where 0, = maxgeg Ome

Proof. Let v ~ X|2G’\' We begin with the upper bound obtained for the dual norm of the

regularizer in (2.26):

i)

(@1
K (VL)? < - max || —®L
( ) — 4 Geg}( n a'l 9
2 2
9 O-mG’7
< —
— 4 rcrzlgé( n?
(Z) UQJ?H
max —
- 4 G’Eé( n?
(iii) 522

- 1)B
< TWCQB w. p. 1 —exp (log(M) - %)

where (i) follows from the formulation of the gradient of the loss function and the fact that
the square of maximum of non negative numbers is the maximum of the squares of the same
numbers. In (i7), we have defined 0, = maxg 0,,¢. Finally, we have made use of Lemma

2.3.9in (4i7). We then set
2 _ log(M) + B

¢ Bn

to obtain the result. O]

We combine the results developed so far to derive the following consistency result for the

SOS lasso, with the least squares loss function.

Theorem 2.3.11. Suppose we obtain linear measurements of a sparse overlapping grouped
matrix X* € RP*T corrupted by AWGN of variance o>. Suppose the matrix X* can be
decomposed into M possible overlapping groups of maximum size B, out of which k are

active. Furthermore, assume that a fraction o € (0, 1] of the coefficients are non zero in each
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active group. Consider the following SOSlasso regression problem:
. . 1 2
x =argmin§ —|ly — @x[; + \h(x)p,
z | 2n

W) =inf > (lwelz + llwell) st Y we=a

Geg Geg

Suppose the data matrices ®; are non random, and the loss function satisfies restricted strong

2 .2
convexity assumptions with parameter k. Then, for \> > W, the following holds

with probability at least 1 — ¢1 exp(—can), with c1, ¢y > 0:

2
90’0, (1 +V Ba) k(log(M) + B)
(R PR

4 nK

where we define o, := maxXgeg Omar{ PLPG}

Proof. Follows from substituting in Theorem 2.3.8 the results from Lemma 2.3.7 and Lemma

2.3.10. U

2.3.10 Experiments : Toy Data, Linear Regression

We show that the method we propose can also be applied to the linear regression setting. To
this end, we consider simulated data and a multitask linear regression setting, and look to
recover the coefficient matrix. We also use the simulated data to study the properties of the
function we propose in (2.17).

The toy data is generated as follows: we consider 7 = 20 tasks, and consider overlapping
groups of size B = 6. The groups are defined so that neighboring groups overlap (G; =

{1,2,...,6}, Gy = {5,6,...,10}, G5 = {9,10,...,14}, ...). We consider a case with
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M = 100 groups, We set & = 10 groups to be active. We vary the sparsity level of the
active groups « and obtain m = 100 Gaussian linear measurements corrupted with Additive
White Gaussian Noise of standard deviation o = 0.1. We repeat this procedure 100 times and
average the results. To generate the coefficient matrices X *, we select k groups at random,
and within the active groups, only retain fraction « of the coefficients, again at random. The
retained locations are then populated with uniform [—1, 1] random variables.
The regularization parameters were clairvoyantly picked to minimize the Mean Squared
Error (MSE) over a range of parameter values. The results of applying lasso, standard latent
group lasso [37], Group lasso where each group corresponds to a row of the sparse matrix, [49]

and our SOSlasso to these data are plotted in Figures 11a, varying a.

-6-LASSO

-5-GLASSO
-A-0-GLASSO
-0-SOSLASSO

(a) Varying o (b) Sample pattern

Figure 11: Figure (a) shows the result of varying o. The SOSlasso accounts for both inter and
intra group sparsity, and hence performs the best. The Glasso achieves good performance only
when the active groups are non sparse. Figure (b) shows a toy sparsity pattern, with different
colors and brackets denoting different overlapping groups

Figure 11a shows that, as the sparsity within the active group reduces (i.e. the active

groups become more dense), the overlapping group lasso performs progressively better. This
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is because the overlapping group lasso does not account for sparsity within groups, and hence
the resulting solutions are far from the true solutions for small values of a. The SOSlasso
however does take this into account, and hence has a lower error when the active groups are
sparse. Note that as a« — 1, the SOSlasso approaches O-Glasso [37]. The Lasso [83] does
not account for group structure at all and performs poorly when « is large, whereas the Group

lasso [49] does not account for overlapping groups, and hence performs worse than O-Glasso

and SOSIlasso.

2.4 Conclusions

In this chapter, we studied theoretical properties of structured pattern recovery. We analyzed
the group lasso with overlapping groups, and showed that the number of (sub)Gaussian mea-
surements needed for recovery does not depend on the extent of overlap between groups, but
only on the number of non zero groups and the total number of groups.

We then introduced the Sparse Overlapping Sets lasso, a framework for structured pattern
recovery when one is looking for patterns that are sparse across groups, as well as sparse
within groups. We again derived sample complexity bounds for the convex SOSlasso problem
under both classification and regression settings. The SOSlasso can be specialized to both
the lasso and the (overlapping) group lasso, and hence provides a very general framework to

perform structured sparse pattern recovery in high dimensional data.
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Chapter 3

CoGEnT : A Greedy Framework for

Structurally Constrained Signal Recovery

In this chapter, we focus on a general purpose algorithm to solve structurally constrained high
dimensional problems. In Chapter 1, we defined the notion of atoms, atomic norms and atomic
sets. We showed how many common applications in information processing can be seen as
recovery of a signal that has a constraint on it’s simplicity. In this chapter, we give further
examples of atomic sets, and then pose the following problem:

Can a common algorithmic framework be used to solve atomic norm constrained recov-
ery problems?

We show that the answer to the above question is affirmative, and devise a method to
perform atomic norm constrained recovery. We propose a greedy scheme based on the Con-
ditional Gradient method. We build on the conditional gradient method, by incorporating an
efficient step to enhance the quality of the solution at each iteration. Furthermore, to alleviate
the inherent drawbacks of greedy schemes, we incorporate backward (or truncation) steps in
the method to “parsimonize” the solution at each iteration. The resulting method is a scheme
that retains the computational advantages of greedy methods, while providing excellent results

on a wide variety of applications.
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3.1 Introduction

Minimization of a convex loss function with a constraint on the “simplicity” of the solution
has found widespread applications in communications, machine learning, image processing,
genetics, and other fields. While exact formulations of the simplicity requirement are often
intractable, it is sometimes possible to devise tractable formulations via convex relaxation that
are (nearly) equivalent. Since these formulations differ so markedly across applications, a
principled and unified convex heuristic for different notions of simplicity has been proposed
using notions of atoms and atomic norms [14]. Atoms are fundamental basis elements of the
representation of a signal, chosen so that “simplicity” equates to “representable in terms of a
small number of atoms.” We list several applications, describing for each application a choice
of atoms that captures the concept of simplicity for those applications.

For instance, a sparse signal  may be represented as * = ). ¢;e;, where the e; are
the standard unit vectors and S captures the support of . One can view the set {+e;} as
atoms that constitute the signal, and the convex hull of these atoms is a set of fundamental
importance called the atomic-norm ball. The operation of inflation/deflation of the atomic
norm ball induces a norm (the atomic norm), which serves as an effective regularizer (see Sec.
3.1.1 for details). The atomic set {te;, j =1,2,...,p} induces the ¢, norm [13], now well-
known to be an effective regularizer for sparsity. However, this idea can be generalized. For
instance, the atomic norm induced by the convex hull of all unit rank matrices is the nuclear
norm, often used as a heuristic for rank minimization [12,70]. Other novel applications of the

atomic-norm framework include the following.

* Group-norm-constrained multitask learning problems with group-¢, norms [2, 37,

67] or group-{., norms [50,60,85] have as atoms unit Euclidean balls and unit ¢.,-norm
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balls, respectively, restricted to specific groups of variables.

Group lasso with overlapping groups arises from applications in genomics, image
processing, and machine learning [37,67]. We showed in the previous chapter that the

latent group lasso norm is indeed an atomic norm.

Moment problems, which arise in applications such as radar, communications, seis-
mology, and sensor arrays, have an atomic set which is uncountably infinite [81]. Each
atom is a trigonometric moment sequence of an atomic measure supported on the unit
interval [81]. This methodology can be extended to signal classes such as Bessel func-

tions, Gaussians, and wavelets.

Group testing on graphs and network tomography finds widespread applications in
sensor, computer, social, and biological networks [18,37]. In such applications, it is
typically required to identify a set of faulty edges/nodes from measurements that are
based on the known structure of the graph. Each atom can be defined as a subset of

nodes or edges in the graph.

Hierarchical norms arise in topic modeling [43], climate and oceanology applications
[15], and fMRI data analysis [66]. The atoms here are hybrids of group-sparse and

Sparse atoms.

OSCAR-regularized problems use an octagonal penalty to simultaneously identify a
sparse set of pairwise correlated variables [9]. The atoms are vectors containing at
most two nonzeros, with each nonzero entry being i\/ii and the signed canonical basis
vectors, in two dimensions. In higher dimensions, the OSCAR penalty has been shown

to be an atomic norm [92]
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* Tensor Completion: Signals modeled as tensors have recently enjoyed renewed interest
in machine learning [1]. In the case we consider here, in which the tensor is symmetric,
orthogonally decomposable, and low (symmetric) rank, the atoms consist of unit-rank

symmetric tensors.

* Deconvolution is the problem of splitting a signal z = x + y into its constituent com-
ponents x and y [52], where = and y are succinct with respect to different sets of atoms.
Typical cases include the atomic sets being sparse and low rank [89], sparse in the

canonical and discrete cosine transform (DCT) bases, and sparse and group sparse [40].

We present a general method called CoGEnT (for “Conditional Gradient with Enhance-
ment and Truncation”) that can be applied to general atomic norm problems, in particular
to all the applications discussed above. CoGEnT reconstructs signals by minimizing a least-
squares loss function that measures the difference between the signal representation and the
observations, subject to a “simplicity" constraint on the signal, imposed in terms of an atomic
norm. Besides its generality, novel aspects of CoGEnT include (a) introduction of enhance-
ment steps at each iteration to improve solution fidelity, (b) introduction of efficient backward
steps that dramatically improves the performance, (c) introduction of the notion of inexactness

in the forward step. A comprehensive convergence result is presented.

3.1.1 Preliminaries and Notation

We assume the existence of a known atomic set A and an unknown signal & in some “ambient”
space, where @ is a superposition of a small number of atoms from A. (We emphasize that
the set of atoms need not be finite.) We assume further that the set A is symmetric about the

origin, that is, @ € A = —a € A. The representation of & as a conic combination of atoms
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a € A, in a subset .A; C A is written as follows:

T =) cqa, withc, > 0foralla € A, (3.1)

acA;

where the c,, are scalar coefficients. We write
x € co(Ay, 7), 3.2)

for some given 7 > 0, if it is possible to represent the vector x in the form (3.1), with the

additional constraint

Ssr (3.3)

acA;

We use A, to denote a linear operator which maps the coefficient vector ¢ (with cardinality

|A;]) to a vector in the ambient space, using the vectors in 4, that is,

Aic = Z Cq Q. (3.4)

Since there is a one-to-one relationship between A; and the linear operator A;, we use the
notation (3.4) more often, and sometimes slightly abuse terminology by referring to A; as the
“basis” at iteration t. We sometimes refer to the “columns” of A;, by which we mean the
elements of the corresponding basis A;.

The atomic norm [14] is the gauge functional induced by .A:

|&||4 :=inf{t > 0: x € t(conv(A))}, (3.5)
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where conv () denotes the convex hull of a collection of points. Equivalently, we have

|z|| 4 := inf an LT = ana, Co > 02 (3.6)

acA acA

Given a representation (3.1), the sum of coefficients in (3.3) is an upper bound on the atomic

norm ||z|| 4. The dual atomic norm is given by

|4 = sup (u,z). 3.7)

lula<1

The dual atomic norm is key to our approach — the atom selection step in CoGEnT amounts
to choosing the argument that achieves the supremum in (3.7), for a particular choice of x.
Our algorithm CoGEnT solves the convex optimization problem:

) 1
min f(x) := 5”?! —®z|; st |lzf|la <, (3.8)

x

where y = ®x + w corresponds to observed measurements, with noise vector w. The reg-
ularizing constraint on the atomic norm of @ enforces “simplicity” with respect to the chosen
atomic set. Efficient algorithms are known for this problem when the atoms are standard unit
vectors e (for which the atomic norm is the ¢; norm) [83,84,90] and rank-one matrices (for
which the atomic norm is the nuclear norm) [37,41,91]. CoGEnT targets the general formu-
lation (3.8), opening up a suite of new applications with rigorous convergence guarantees and
state-of-the-art empirical performance.

We remark that while (3.8) is a convex formulation, tractable algorithms for solving it are
not known in full generality. Indeed, characterization of the atomic norm is itself intractable

in some cases. From an optimization perspective, interior point methods are often impractical,
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being either difficult to formulate or too slow for large-scale instances. First order greedy
methods are often the methods of choice. Greedy schemes are popular in high dimensional
signal recovery settings because of their computational efficiency, scalability to large datasets,
and interesting global rate-of-convergence properties. They have found widespread use in

large scale machine learning applications [20,27,29, 32,38, 58, 82].

3.1.2 Past Work: Conditional Gradient Method

A conditional gradient (CG) algorithm for (3.8) was introduced in [82]. This greedy ap-
proach is often known as “Frank-Wolfe” after the authors who proposed it in the 1950s [31].
At each iteration, it finds the atom that optimizes a first-order approximation to the objec-
tive over the feasible region, and adds this atom to the basis for the solution. Each iteration
of CoGEnT performs a “forward step” of this type. Although CoGEnT includes various en-
hancements, it is this forward step that drives the convergence theory, which is similar to
that of standard conditional gradient methods [29, 82], although with a different treatment of
inexactness in the choice of search direction.

Although greedy methods require more iterations than such prox-linear methods as SpaRSA
[90], FISTA [7], and Nesterov’s accelerated gradient method [61], each iteration is typically
less expensive. For example, in matrix completion applications, prox-linear methods require
computation of an SVD of a matrix [11] (or at least a substantial part of it), while CG re-
quires only the computation of the leading singular vectors. In other applications, such as
structural SVM [47], CG schemes are the only practical way to solve the optimization formu-
lation. Latent group lasso [37] can be extended to perform regression on very large signals by

employing a “replication” strategy, but as the amount of group overlap increases, prox-linear
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methods quickly become memory intensive. CG offers a scalable method to solve problems
of this form. The procedure to choose each new atom has a linear objective, as opposed to
the quadratic program required to perform projection steps in prox-linear methods. The lin-
ear subproblem is often easier to solve; in some applications, it makes the difference between
tractability and intractability. Moreover, the linear problem need only be solved approximately

to retain convergence guarantees [32, 38].

3.1.3 Backward (Truncation) Steps

In signal processing applications, one is interested not only in minimizing the loss function,
but also in the “simplicity” of the solutions. For example, when the solution corresponds to
the wavelet coefficients of an image, sparsity of the representation is key to its usefulness as
a compact representation. In this regard, the basic CG and indeed all greedy schemes suffer
from a significant drawback: atoms added at some iterations may be superseded by others
added at later iterations, and ultimately may not contribute much to reducing the loss function.
By the time the loss function has been reduced to an acceptable level, the basis may contain
many such atoms of dubious usefulness, thus detracting from the quality of the solution.
Backward steps in CoGEnT allow atoms to be removed from the basis when they are found
to be unhelpful in reducing the objective. We define this step in a flexible way, the only re-
quirement being that it does not degrade the objective function too greatly in comparison to
the gain that was obtained at the most recent “forward” iteration. The enhancement / reopti-
mization step discussed below is one way to perform truncation; we can simply discard those
atoms whose coefficients are reduced to zero when we reoptimize over the current basis. This

step may be expensive to implement, so we seek alternatives. One such alternative is to test
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one-by-one the effect of removing each atom in the current basis — an operation that can be
performed efficiently because of the least-squares nature of the loss function in (3.8) — and
remove the atom(s) that do not deteriorate the objective beyond a specified limit. A third alter-
native is to seek a completely new set of basis atoms that can be combined to obtain a vector
with similar objective value to the latest iteration.

We note that the backward steps in CoGEnT are quite different from the “away steps”
analyzed in [34, 38]. These steps move in the opposite to the “worst possible” linearized
direction, and thus add a new element to the basis at each iteration, rather than removing
elements, as we do here. While away steps have been shown to improve the convergence
properties of CG method, they do not contribute to enhancing sparsity of the solution.

Forward-backward greedy schemes for ¢; constrained minimization have been considered
previously in [39,44,48,93]. These methods build on the Orthogonal Matching Pursuit (OMP)

algorithm [84], and cannot be readily extended to the general setting (3.8).

3.1.4 Enhancement (Reoptimization) Steps

The enhancement / reoptimization step in CoGEnT takes the current basis and seeks a new
set of coefficients in the representation (3.4) that reduces the objective while satisfying the
norm constraint. (A “full correction” step of this type was described in [38].) The step is
implemented as a linear least-squares objective over a simplex. CoGEnT solves it with a gra-
dient projection method, using a warm start based on the current set of coefficients. Projection
onto the simplex can be performed in O(n;.1) operations, where n,, is the dimension of
the simplex (which equals the number of elements in the current basis .4;,1). Since gradient

projection is a descent method that maintains feasibility, it can be stopped after any number of
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iterations, without prejudice to the convergence of CoGEnT .

3.1.5 Outline of the Chapter

The rest of the chapter is organized as follows. We specify CoGEnT in the next section, de-
scribing different variants of the backward step that promote parsimonious solutions (involv-
ing small numbers of atoms). In Section 3.3, we state convergence results, deferring proofs
to the appendix. Section 3.4 describes the application of CoGEnT to a number of existing
applications, and compares it to various other methods that have been proposed for these ap-
plications. In Section 3.5, we apply CoGEnT for a variety of new applications, for which
current methods, if they exist at all, do not scale well to large data sets. In Section 3.6 we

extend our algorithm to deal with deconvolution problems.

3.2 Algorithm

CoGEnT is specified in Algorithm 1. Its three major elements — the forward (conditional
gradient) step, the backward (truncation) step, and the enhancement (reoptimization) step —
have been discussed in Section 3.1. We note that these three steps are constructed so that the
iterates at each step are feasible (that is, ||x;||4 < 7). We make further notes in this section
about alternative implementations of these three steps.

The forward step (Step 4) is equivalent to solving an approximation to (3.8) based on a
linearization of f around the current iterate. Specifically, it is easy to show that 7a; solves the

following problem:

min f(z) + (Vf(@),x—2) st |zfa<r
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Algorithm 1 CoGEnT: Conditional Gradient with Enhancement and Truncation

1: Input: Characterization of .4, bound 7, acceptance threshold n € (0, 1/2];
2: Initialize, ag € A, t + 0, Ag < [ag], co « [T], g + Agco;

3: repeat

4 app + argminge4(Vf(xy), a); {FORWARD}

A1 +— [Ay aal;

Vi1 < argmingepq) f(@: + y(Tar 1 — x¢)); {LINE SEARCH}

Crr < [(1 = yeq1)Ct Y17 @1 ];

Optional: Approximately solve

Cip1 < argming, f(AtHctH) s.t. [|cirallt < 7 1 > 0 with the output from
Step 7 as a warm start; {ENHANCEMENT}

9: Ty = App1Cigas

10:  Threshold F, 1 :=nf(x;) + (1 — ) f(Ze41);

1 [Agy, e, Tea]
= TRUNCATE(At+1, ét—i-la T, Ft—i—l);
{BACKWARD}
122 t+t+1;

13: until convergence
14: Output: x,

(A simple argument reveals that the minimizer of this problem is attained by 7a, where a is
an atom.) For many applications of interest, this step can be performed efficiently, often more
efficiently than the corresponding projection/shrinkage step in prox-linear methods.

The line search of Step 6 can be performed exactly, because of the quadratic objective in
(3.8). We obtain

<y - ¢$t7 @’U)
[®v?

7t+1=min{ 71};’032 TQiy1 — Ty

We now discuss two options for performing the backward (truncation) step (Step 11),
whose purpose is to compactify the representation of x;, without degrading the objective more
than a specified amount. The parameter 1) defines a sufficient decrease criterion that the mod-

ified solution needs to satisfy. A value of 7 closer to its upper bound will yield more frequent
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removal of atoms and hence a sparser solution, at the expense of more modest progress per
iteration.

Our first implementation of the truncation step seeks to purge one or more elements from
the expanded basis A, 1, using a quadratic prediction of the effect of removal of each atom in
turn. The approach is outlined in Algorithm 2. Removal of an atom a from the current iterate

;.1 in Step 4 of Algorithm 2 would result in the following change to the objective:

f(it—‘rl — Caa) (39)

= F(@) — alV (o), a) + 56l @al

(We have assumed that ¢, is the coefficient of a in the current representation of x;,,.) The
quantities ||®a||3 can be computed efficiently and stored as soon as each atom a enters the
current basis A;, so the main cost in evaluating this criterion is in forming the inner product
(V f(&411), a). Having chosen a candidate atom that optimizes the degradation in f, we can
reoptimize over the remaining elements (Step 6 in Algorithm 2), possibly using the same
gradient-projection approach as in Step 8 of Algorithm 1), and test to see whether the updated
value of f still falls below the threshold F;,;. Note that Step 6 in Algorithm 2 is optional;
we could alternately define by ¢;,; by removing the coefficient corresponding to the discarded
atom from c; ;. Atom removal is repeated in Algorithm 2 as long as the successively updated
objective stays below the threshold F} .

Our second implementation of the truncation step allows for a wholesale redefinition of the
current basis, seeking a new, smaller basis and a new set of coefficients such that the objecive
value is not degraded too much. The approach is specified in Algorithm 3. It is motivated by

the observation that atoms added at early iterates contain spurious components, which may
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Algorithm 2 TRUNCATE(A, 1, é1, 7, Fi 1)

1: Input: Current basis At+1, coefficient vector ¢;;q, iterate ;1 = /LHQH; bound T;
threshold F},q;

2: continue < 1;

3: while continue= 1 do

4 Quyr < argming 4, f(@111 — cqa)

5 A — A \{aa ) .

6:  Find §t+1 > 0 with [|¢,41]|1 < 7 such that f(Ayy1641) < f(Brr1 — (Caper )e+1Qe41);
7 if ngH-léH-l) S Ft+1 then

8: Ay At+1;

9: Ty < Ai1Ciprs

10: Cit1 < Cit15

11: else

12: continue < 0;

13:  end if

14: end while
15: Ay < A1 Ty 4 Tyg1s Cop1 & Cogts
16: Output: Possibly reduced basis A, 1, coefficient vector ¢; 1 > 0, and iterate @ 1.

not be cancelled out by atoms added at later iterations. This phenomenon is apparent in ma-
trix completion, where the number of atoms (rank-one matrices) generated by the procedure
above is often considerably larger than the rank of the target matrix. For this application, we
could implement Algorithm 3 by forming a singular value decomposition of the matrix repre-
sented by the latest iterate x; , 1, and defining a new basis AtH to be the rank-one matrices that
correspond to the largest singular values. These singular values would then form the new co-
efficient vector ¢;,1, and the new iterate x,,; would be defined in terms of just these singular
values and singular vectors. The computational work required for such a step would be com-
parable with one iteration of the popular singular value thresholding (SVT) approach [11] for
matrix completion, which also requires calculation of the leading singular values and singular
vectors.

We conclude this section by discussing practical stopping criteria for Algorithm 1. As we
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Algorithm 3 TRUNCATE(A,, 1, é1, 7, Fip1)

1: Input: Current basis At+1, coefficient vector ¢;;q, iterate ;1 = /LHQH; bound T;
threshold F},q;
2: Find alternative basis At+1 and coefficients ¢, ; > 0 such that #columns(At+1) <
#columns(Aiir), |Gl < 73
if f(At—&—lét—&-Al) < Ft+1 thenA
A = Avps T < Avp1Cegts G < Cegts
else )
A Ay Ty < Ty C1 4 Cogs
end if
Output: Possibly reduced basis A, 1, coefficient vector ¢, > 0, and iterate x; .

A A

show in Section 3.3, CoGEnT is guaranteed to converge to an optimum, and the objective is

guaranteed to decrease at each iteration. We therefore use the following termination criteria:

f(wt71> - f(wt)

f(xiq) < tol, or < tol,

f(wtfl)

where tol is a small user-defined parameter.

3.3 Convergence Results

Convergence properties for CoGEnT are stated here, with proofs appearing in the appendix.

Sublinear convergence of CoGEnT (Theorem 3.3.1) follows from a mostly familiar argument.

Theorem 3.3.1. Consider the convex optimization problem (3.8), and let x* be a solution
of 3.8). Letn € (0,1/2]. Then the sequence of function values { f(x;)} generated by Co-
GEnT converges to f* = f(x*) with

C

f(wT) — f* S T——|—1’ for all T 2 1, (310)
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where

Cy :==nD +2(1 —n)LR*7?,

_ 202
C:= _ 1 0
(1 —n)(Cr— LR?72) ~

L:=|2"®||,

D = f(zo) — f(z"),

R := max||a]|.
acA

More interestingly, similar convergence properties hold when the atom added in the for-
ward step of Algorithm 1 is computed approximately'. In place of the arg min in Step 4 of

Algorithm 1, we have the following requirement on a,; € A:
(Vf(xy), (a1 —x)) < (1 —w) Eéiﬂ<vf(wt)’ TaQ — Ty) (3.11)

where w € (0,1/4) is a user-defined parameter. Note that (3.11) implies that (V f(x;), Ta@t41)

AN

(1 — w)minge4(Vf(x:), 7a) + w(V f(x;), x;) so that this condition essentially requires us
to find a solution of the Frank-Wolfe subproblem with relative objective accuracy w. If a
lower bound for the minimum is available from duality, this condition can be checked in
practice. This criterion is similar in spirit to the inexact Newton method for nonlinear equa-
tions [62, pp. 277-279], which requires the approximate solution of the linearized model to
achieve only a fraction of the decrease promised by exact solution of the model.

For the relaxed definition (3.11) of a;, 1, we obtain the following result.

! Approximately solving this step can give substantial gains in practicality of the algorithm, making the
method useful in a wider variety of applications, as we see in later sections
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Theorem 3.3.2. Assume that the conditions of Theorem 3.3.1 hold, but that the atom a;
selected in Step 4 in Algorithm 1 satisfies the condition (3.11). Assume further than 1 €

(0,1/3) and w € (0,1/4). Then we have

fler)— fr < Ti—l—l forall T > 1, (3.12)

where

Ci = (n+w(l—n)D +2(1 —n) LR,
o 2(512~ |
(1-n)[(1—-w)Cy — LR27?

with L, R, 7, D defined as in Theorem 3.3.1

Finally, when the measurements obtained are noiseless, and the measurement operator ®
has full row rank, we can prove linear convergence for CoGEnT, under Slater’s condition:

that is, there is a unique solution x* such that

|le*||la <7, Px=y. (3.13)

From [6, Proposition 3.1], we have

(re, wy) + ————=—=11]| <0, (3.14)

where

§ = dist(x*, bdry By, (7)) = inf |z — x| (3.15)
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(Note that 6 > 0 by assumption.) This inequality leads immediately leads to the following

bounds:
17 = wil[* = [[rel|* + [lawel® = 2(re, we) > [l + [Jwel|* > [, (3.16a)
e = wel|* = (|7l + [l = 2(re, we) > [|rel|* — (7o, we) = (re,re —wy). (3.16b)

Recall that the closed-form expression for the optimal line-search parameter +; in Step 6 of

Algorithm 1 is as follows:

%zmin{l w} (3.17)

7 |7 — w,||?

Because of (3.16b), we have that the minimum in (3.17) is achieved at the fraction, that is,

yy = T W) w;>. (3.18)
|7 — wy]

We have the following convergence result, whose proofs tracks closely the analysis in [6].

Theorem 3.3.3. Consider the convex optimization problem (3.8), where ® has full row rank.
Suppose that there exists a vector x* such that |x*||4 < 7 and y = Px*. Then Co-
GEnT generates a sequence of iterates {x;} such that {f(x;)} convergence to f(x*) = 0

at a linear rate, that is,

5 2
x7) < f(xg) exp (—TC(1 —n)), where C := .
flwr) < fl@) o (-TC ~m), wh ( ||<<I><I>T>—l||[||yu+Rr|\<1>m>

We prove this result in Appendix A.5
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3.4 Experiments: Standard Applications in Sparse Recov-
ery

CoGEnT can be used to solve a variety of problems from signal processing and machine learn-

ing. We describe some experiences with such problems.

3.4.1 Sparse Signal Recovery

We tested our method on the following compressed sensing formulation:
T = arg m]iRn |y — ®x|3 st |zl <7 (3.19)
reRP

The atoms in this case are the signed canonical basis vectors, and the atom selection (Step 4

in Algorithm 1) reduces to the following:

i = arg max |[V f(a;)]i],

apy = —sign ([Vf()];) €;.

We consider a sparse signal x of length p = 20000, with 5% of coefficients randomly
assigned values from A/ (0, 1). Setting n = 5000, we construct the n x p matrix ® to have i.i.d.
Gaussian entries, and corrupt the measurements with Gaussian noise (AWGN) of standard
deviation o = 0.01. In the formulation (3.19), we set 7 = ||x*||;, where x* is the chosen
optimal signal.

To check the performance of CoGEnT against the conditional gradient method, we run

both methods for a maximum of 5000 iterations, with a stopping tolerance of 10~%. Figure 12
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Figure 12: Comparison between CoGEnT and standard conditional gradient (CG).

shows a graph of the logarithm of the function value vs iteration count (left) and logarithm
of the function value vs wall clock time (right). On a per-iteration basis, CoGEnT performs
more operations than standard CG. However, the backward steps yield faster reduction in the
objective function value, resulting in better convergence, even when measured in terms of run
time.

Figure 13 shows a comparison of solution quality obtained by CoGEnT , CG, CoSaMP
[58], and Subspace Pursuit [20]. As a performance metric, we used both the mean square
error and the Hamming Distance between the true and predicted vectors. We performed 10
independent trials, setting ® in each trial to be a 1000 x 5000 matrix, with reference solution x*
chosen to have s = 200 nonzeros. Observations y were corrupted with AWGN with standard
deviation o in the range [0, 2]. In CoOGEnT and CG, we chose 7 := ||z*||;. For CoSaMP and

the Subspace Pursuit methods, we set s = 200, the known sparsity level of the optimal signal

ax*. Figure 13 shows the results.
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Figure 13: Comparison of solution quality obtained by different methods. Left: MSE for
recovered solution as a function of observation noise parameter . Right: Hamming error in
recovered solution as a function of o.

3.4.2 Overlapping Group Lasso

In group-sparse variants of (3.19) we seek vectors x such that ®x ~ y for given ® and v,
such that the support of x consists of a small number of predefined groups of the coefficients.
We denote each group by G C {1,2,...,p} and denote the full collection of groups by G.
An example of such problems is image recovery, where components of x are coefficients of
discrete wavelet transforms and the groups express parent-child relationships between these
coefficients. Latent group Lasso and the graph lasso [37] provide formulations and algorithms
for these problems. That the penalty can be expressed as an atomic norm was shown in [68].
CG and CoGEnT approaches can be viewed as greedy analogues of the latent group lasso
approach. CG and CoGEnT do not require replication of variables (as was done in [67]), and
thus avoid inflating the problem dimension. The atom selection step (Step 4 in Algorithm 1)

amounts to the following operation:
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G = argmax| - [V(f (@),

[acn]e = =V (@)le/ IV f(@)]ell,

[@i1]; = 0 fori ¢ G.

We test the CoGEnT and CG approaches on some standard one-dimensional signals from
[17], aiming to recover DWT coefficients arranged into parent-child groups. We take ® to
be an n X p Gaussian matrix, with p = 1024 and n = 300. The entries of the measurement
vector y are corrupted with AWGN of standard deviation o = 0.01. Each signal was scaled to
lie between 0 and 1, and we restricted ourselves to 200 iterations of each algorithm. Table 3
shows final MSE values for the methods. Note that in all cases, the CG method selects 200
atoms (equal to the number of iterations), while CoGEnT selects far fewer atoms (see final

column) while producing somewhat closer MSE fits to the ground truth.

Signal MSE CoGEnT | MSE CG | #Atoms Selected
Piece Polynomial | 1.262 x 10~* | 2.267 x 10~* 44
Blocks 5.933 x 107° | 1.129 x 10~* 52
HeaviSine 5.164 x 10~* | 7.118 x 10* 64
Piecewise Regular 0.0017 0.0083 62

Table 3: Recovery of some 1d test signals in the presence of AWGN (o = 0.01). After 200
iterations, ECG recovers more accurate and sparser solutions.

We conpare next the performance of CoGEnT in comparision with the latest group Lasso
(LGL) approach, the latter using replication of variables that appear in multiple groups. We
considered M group sparse signals with | A//10]| groups chosen to be active in the reference

solution, where each group has size 50. The groups are ordered in linear fashion with the



92
last 30 indices of each group overlapping with the first 30 of the next group. We then took
n = [p/2] measurements with a Gaussian sensing matrix ®, with AWGN of standard de-
viation ¢ = (.1 added to the observations. Table 4 shows runtimes for CoOGEnT and LGL,
the latter implemented using SpaRSA [90] on the formulation with replicated variables. (It
is possible to implement LGL without explicitly replicating columns of ®, but we found for

these experiments that there was little computational advantage in doing so.)

M | True Dimension | Replicated Dimension | time CoOGEnT | time LGL
100 2030 5000 15. 22.
1000 20030 50000 211. 462.
1200 24030 60000 359. T78.
1500 30030 75000 575. 1377.
2000 40030 100000 852. 2977.

Table 4: Recovery times (in seconds) for CoGEnT and latent group Lasso (LGL) applied to a
synthetic group-sparse problem.

3.4.3 Group /;-/,, Regularization for Multitask Learning

In multitask learning applications, we desire not only for the covariates to be shared across
many tasks, but also that they share the same magnitude of activation. Such problems, and
their use in other applications, have been considered in [50, 60] and elsewhere. In such cases,
a group /-, regularizer is used to encourage the desired sparsity pattern. Such norms can be
easily cast into the atomic norm framework by defining the atoms be the unit /., ball restricted
to a given group. Step 4 in Algorithm 1 is then identical to the step for the latent group lasso,
with the ¢, norm replaced by the ¢; norm (the dual of the ¢, norm) to select G.

We define a synthetic problem with 1000 features and 5 tasks. We consider a Gaussian
sensing matrix with n = 350 rows, common to all tasks. (The observations then form a 350 x5

matrix.) We generate a feature matrix X* € {£1,0}!%9°%5 by choosing 20 rows at random,
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Figure 14: CoGEnT for multitask learning with the ¢,-{., norm regularizer. (The figure shows
a vectorized 1000 x 5 matrix.) Final MSE is 0.000009 and we obtain perfect signed support
recovery.

and populating each such row with Rademacher(0.5) random variables. The measurements
are corrupted by AWGN with standard deviation o = 0.02.

Figure 14 shows the result obtain by CoGEnT, with matrices vectorized for the sake of

display. Note that the recovery is essentially perfect.

3.4.4 Matrix Completion

In low-rank matrix completion, the atoms are rank-one matrices and the observations are in-
dividual elements of the matrix. We generated a synthetic 100 x 120 random matrix with rank
r = 3, and observed only 30% of its entries in randomly chosen locations. We set the param-
eter 7 to its empirically optimal value - the one that gave best results for recovery. We follow
up the CoGEnT and CG algorithms with a debiasing step, in which the bound involving 7 is
discarded and we solve a least-squares problem over the final basis of rank-one matrices to

identify a set of nonnegative coefficients that fits the observations best. For the backward step,
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we use Algorithm 3. We see in Figure 15 that CoGEnT recovers the original matrix well; the
three singular values are recovered almost exactly. By contrast, CG gives a solution with five

nonzero singular values.

(a) Original Matrix of (b) Matrix recovered (c) Matrix recovered

rank 3 from CoGEnT from conditional
gradient
120;
100! —e True singular values |
= Conditional Gradient
80l e CoGEnT
601
401
201
R T R )

(d) Singular values of recovered matrices and ground truth

Figure 15: Matrix completion using CoGEnT and CG. Note that CoGEnT recovers the true
matrix almost exactly and identifies the rank correctly.

We compare CoGEnT to OptSpace [45] and SET [21] on larger problems. We vary the
number of rows m of the target matrix, setting the number of columns n = [%m} . We generate
a matrix of size m X n, having rank r = max {2, [7%]}. We observe 25% of the entries

at random, and corrupt the measurements with Additive White Gaussian Noise of standard
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deviation 0.02. We then aim to recover the matrix using OptSpace and CoGEnT . We set the
maximum number of iterations to be 100, and the tolerance to be 10~°¢. Figure 16 plots the
time taken to run each method, as a function of the number of rows of the matrix m. Each

point on the curves is a result of averaging over 10 independent runs.
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Figure 16: Time taken to run CoGEnT , OptSpace and SET. As the size of the matrix increases,
CoGEnT takes far less time than OptSpace. SET does not scale too well as the matrix size
increases, and we did not run it beyond matrices with 750 rows

3.5 Experiments: Novel Applications

We now report on the application of CoGEnT to recovery problems in several novel areas of
application. In some cases, CoGEnT and CG are the only practical approaches for solving

these problems.
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3.5.1 Tensor Completion

Recovery of low-rank tensor approximations arises in applications ranging from multidimen-
sional signal processing to latent-factor models in machine learning [1]. We consider the re-
covery of symmetric orthogonal tensors from incomplete measurements using CoGEnT . We
seek a tensor 7' of the form T = )", ¢;[®u;], where ®@u indicates an ¢-fold tensor product
of a vector u € RP. We obtain partial measurements of this tensor of the form y = M (T),
where M (-) is a masking operator that reveals a certain subset of the entries of the tensor. We
formulate this problem in an atomic norm setup, wherein the objective function that captures

the data fidelity term is f(7') := 3|ly — M (T) ||*. The atomic set has the form

A={®u: uek?, |ul,=1}.

In applying CoGEnT to this problem, the greedy step requires calculation of the symmetric
rank-one tensor that best approximates the gradient of the loss function. This calculation can
be performed efficiently using power iterations [1]. We implement a backward step based on
basis reoptimization and thresholding (Algorithm 3), where the new basis is obtained from a
tensor decomposition, computed via power iterations.

We look to recover toy 10 x 10 x 10 tensors, with 50% of the entries observed using
CoGEnT (without noise). Figure 5 shows accuracy of recovery for tensors of various ranks.
While the recovered tensor does not always match the rank of the original tensor, it does indeed
have low rank and small component-wise error. We declare that recovery is “exact” if each
entry of the recovered tensor is within 1072 relative error w.r.t. the original tensor. We used a
(relative) stopping tolerance of 1075, running the method for a maximum of 100 iterations.

Fig. 17 shows the probability of successfully performing tensor recovery for random 20 x
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Rank MSE
2 5.406 x 107
3 3.4789 x 1074
4 4.999 x 107
5 5.4929 x 1074

Table 5: Accuracy of tensors recovered, from 50% of exact observations.

20 x 20 tensors, using different fractions of sampled entries. Compared to the matrix unfolding
method, we see that CoGEnT requires far fewer entries to perform accurate recovery. The

results were averaged over 10 independent trials.
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Figure 17: Recovery vs fraction of observations. Notice that the matrix unfolding method
requires far more observations.

3.5.2 Moment Problems in Signal Processing
Consider a continuous time signal
k

o(t) = Z c; exp(i2m f;t),

=1
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for frequencies f; € [0,1], 7 = 1,2,...,k and coefficients ¢; > 0, j = 1,2,..., k. In many
applications of interest, ¢(¢) is sampled at times S := {¢;}_, giving an observation vector

x = [p(t1), p(t2), ..., P(t,)] € C™. The observed information is therefore

k
T = calfy),
j=1

where

_[.i2nfit1 i2nfits i2nfitn1 T
a(fj)—[e e etemlgte et it T

Finding the unknown coefficients c; and frequencies f; from @ is a challenging problem in
general. A natural convex relaxation, analyzed in [81], is obtained by setting ® = [ in (3.8)
and defining the atoms to be a(f) for f € [0, 1], a set of infinite cardinality.

The main technical issue in applying CoGEnT to this problem is the greedy atom selecion
step (Step 4 of Algorithm 1), which requires us to find the maximum modulus of a trigono-
metric polynomial on the unit circle. This operation can be formulated as a semidefinite pro-
gram [28], but since SDPs do not scale well to high dimensions [81], this approach has limited
appeal. In our implementation of CoGEnT , we form a discrete grid of frequency values. We
start with an initial grid of equally spaced frequencies, then refine it between iterations by
adding new frequencies midway between each pair of selected frequencies.

By controlling the discretization in this way, we are essentially controlling the inexactness
of the forward step. Indeed, the accuracy requires in (3.11) can provide guidance for the
adaptive discretization process. Step 4 simply selects an atom a(f) corresponding to the
frequency f in the current grid that forms the most negative inner product with the gradient of

the loss function.
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Our implementation of the backward step for this problem has two parts. Besides per-
forming Algorithm 2 to remove multiple uninteresting frequencies, we include a heuristic for
merging nearby frequencies, replacing multiple adjacent spikes by a single spike, when it does
not degrade the fit to observations too much to do so.

Figure 18 compares the performance of CoGEnT with that of standard CG on a signal with
ten randomly chosen frequencies in [0, 1]. We take samples at 300 timepoints of a signal of
length 1000, corrupted with AWGN with standard deviation .01. The left figure in Figure 18
shows the signal recovered by CoGEnT, indicating that all but the smallest of the ten spikes
were recovered accurately. The critical role played by the backward step can be seen by
contrasting these results with those reported for CG in the right figure of Fig. 18, where many

spurious frequencies appear.
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Figure 18: CoGEnT and CG for off-grid compressed sensing. Blue spikes and circles represent
the reference solution, and red circles are those estimated by the algorithms.

We compared CoGEnT to the SDP formulation as explained in [81]. Although the SDP
solves the problem exactly, it does not scale well to large dimensions, as we show in the timing

comparisons of Figure 19.

The formulation above can be generalized to include signals that are a conic combination
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Figure 19: Speed comparison with SDP. The SDP formulation does not scale well, and we
could not run it for signal sizes beyond 256.

of a few arbitrary functions of the form ¢(¢, cv;).

* Bessel and Airy functions form natural signal ensembles that arise as solutions to dif-

ferential equations in physics. As an example, letting J,.(¢) denoting Bessel functions

of the first kind, we have

t
(L ar, g, a3) = Jo, (— — ag) ,
&%)

where oy, ap, 3 € R,. Here, each atom is defined by a specific choice of the triple

(a1, a9, a3). (Again, the atomic set A has infinite cardinality.)

* Triangle and sawtooth waves. Consider for instance the sawtooth functions:

Qg

P(t; a1, a) = L {LJ — Qg,

where a;, s € R,. Each atom is defined by a specific choice of («y, o). Figure 20
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shows successful recovery of a superposition of sawtooth functions from a limited num-

ber of samples.

o(t)

L L L L L , o , L
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: EJ G

(a) The true signal (blue) is a superposition of saw-  (b) Sawtooth components recovered by CoGEnT .
tooth functions. Red dots show samples acquired.

Figure 20: Recovering sawtooth components by sampling. (Best seen in color)
* Ricker wavelets arise in seismology applications, with the atoms characterized by o >

0:

* Gaussians, characterized by parameters ; and o:

Estimating Gaussian mixtures from sampled data is a much-studied problem in machine

learning.

The key ingredient in solving these problems within the atomic norm framework is ef-
ficient (approximate) solution of the atom selection step. In some cases, this can be done
in closed form, whereas for all the signals mentioned above, approximate solutions can be

obtained via adaptive discretization.
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3.5.3 Group Testing on Graphs

We apply CoGEnT for group testing on graphs, where the atoms can either correspond to
nodes in a graph, edges, or cliques. Assuming the nodes in a graph are variables, we say that
a node (or a set of nodes) in a graph is active if it represents a variable that is relevant to the
task at hand. This could correspond to identifying faulty sensors in a network, or identifying
a clique in a social network. For identifying cliques, we merely need to solve a group-lasso
version of the graph testing methods considered in [18], as explained below:

We model the problem as an atomic norm based recovery problem. Let V' = {1,2,... N}
be the set of nodes and £ C N x N be the set of (undirected) edges. The activation pattern that
we seek to recover is a vector *, whose components represent the activation values associated

with each node. For each n € N, we define the group g, of neighbors of node n, that is,
gn =A{x;: (i,n) €&}, 1=1,2,... N.
We then form a set of groups as
G={g, :n=12,...,N}
Consider the following atomic set:

A= |J {aeRY:ae{-1+1}ifi€cg,}.

n=1,2,....N

In the sets in the union, a; = 0 if i ¢ g,,. The atomic norm induced by this set admits a

solution that can be decomposed into active groups, which in this case will be neighborhoods
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of nodes. The atomic norm will also force the components of x that correspond to active
nodes to have the same magnitude. The atom selection step in this case then reduces to that
for the ¢; — /., multitask learning considered in the previous section.

To test the performance of CoGEnT on these problems, we constructed a synthetic graph
of N = 1000 nodes. The edge set was defined randomly to have a density of about 10%.
To form the reference solution x*, we chose a node n € N arbitrarily at random to have the
value 1, and set its neighbors to have value 1 also, while the components of & corresponding
to all other nodes were set to (. (Note that this solution is covered by the single group g,,.) We
obtained 300 measurements from this graph using a random bernoulli (0.5) sensing matrix.

Figure 21b confirms that CoGEnT performs perfect recovery of x*.
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(a) The reference solution is defined tobe  (b) Solution recovered by CoGEnT on a random graph

a single node and its neighbors (shaded).  with 1000 nodes and density 10%.

Figure 21: Problem and recovery results for CoOGEnT applied to recovery of graph activation
patterns
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Figure 22: Recovery of a vector with correlated variables obtained by applying CoGEnT to
OSCAR

3.54 OSCAR

The regularizer for the Octagonal Shrinkage and Clustering Algorithm for Regression (OS-

CAR) method is defined for « € RP as follows:

p J
el + ¢ max {|ay], [k}

j=1 k=1

The atomic-norm formulation is obtained by defining the atoms to be the vectors with at
most two non zero entries, resulting in a scaled /., norm ball in 2D and the ¢; norm ball
in the ambient space. We considered the example of [9, Section 4, Example 5], corrupting
the measurements with AWGN of standard deviation 0.05. CoGEnT was used to recover the
reference vector 3, varying the bound 7 and choosing the value that performed best. Figure 22

shows that CoGEnT succeeds in recovering the solution.
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3.5.5 Successive Projections for Tree-Structured Norms

Hierarchical structured sparsity penalties find application in a variety of signal processing and
machine learning applications [43]. Problems of this form can be written as a tree-structured
group lasso. This framework ca be extended to handle overlapping groups in a level as well
[66]. We show that CoGEnT lends itself well to solve problems of this form in an efficient
manner.

To keep the exposition simple, we consider two levels in the hierarchy: a set of groups
and singletons, corresponding to the sparse group lasso formulation. We define two sets of
atoms, one for each level of the hierarchy. For the upper (group) level, the atoms correspond
to vectors with support restricted to a group G' € G. We first pick an atom @, from this set
of atoms, by performing the atom selection step as done in the latent group lasso formulation.

Once we select an atom corresponding to the upper level of the hierarchy, we then define
another set of atoms: canonical basis vectors e; but only for i € supp(@upper), the support of

the atom selected in the upper level. This results in a greedy step of the following form:

Auer = | fa: aro = 0, [lafla = 1)

Geg

Qypper = ATG aerf}lax <aa _vft>
upper

Alower = {ei NS Supp(auppeT)}

a=arg max (a,~Vf)

An important thing to note here is that the efficiency of the method is not affected by
overlapping hierarchical groups, as considered in the SOS lasso framework.

To test this approach, we considered 100 groups of size 20, resulting in a signal of length
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2000. We selected 10 groups at random, and set them to be non-zero. Among the active
groups, only 15% of the coefficeints were active. We obtained 667 linear measurements.

Figure 23 shows the results.
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Figure 23: Recovery of a Tree group structured signal.

Note that in this case, the atom selection step is approximately solved. The solution of
CoGEnT converges to the true solution only if the approximation is “good enough". Although
experimentally we see that we do obtain accurate solutions, an interesting theoretical endeavor

would be to characterize the goodness of such approximations.

3.6 Reconstruction and Deconvolution

The deconvolution problem involves recovering a signal of the form z = x' + x? from
observations y via a sensing matrix ®, where ! and x? can be expressed compactly with

respect to different atomic sets .A; and As.
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‘We have

1_ 1 2 _ 2
w—g Ca@, :13—5 Ca@,

acA; acAs

where only a small number of atoms are present in each expansion.
We mentioned several instances of such problems in Section 3.1. Adopting the optimization-
driven approach outlined in Section 3.1, we arrive at the following convex optimization for-

mulation:

1
minimize “ly — ®(z' + z%)|?
xl x2 2
subject to |z 4, <71 and ||| 4, < T2

Algorithm 1 can be extended to this situation, as we describe informally now. Each it-
eration starts by choosing an atom from .4; that nearly minimizes its inner product with the
gradient of the objective function with respect to ax1; this is the forward step with respect to
A;. One then performs a backward step for .4;. Next follows a similar forward step with re-
spect to A,, followed by a backward step for .A;. We then proceed to the next iteration, unless
convergence is flagged. Note that the backward steps are taken only if they do not deteriorate
the objective function beyond a specified threshold. The entire procedure is repeated until a
termination condition is satisfied.

In our first example, we consider the standard recovery of sparse + low rank matrices. We
consider a matrix of size 50 x 50, which is a sum of a random rank 4 matrix and a sparse
matrix with 100 entries. The sets .4; and A, are defined in the usual way for these types of

matrices. Figure 24 shows the true components, and Figure 25 shows that CoGEnT recovers
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the components accurately

Figure 24: True sparse and low rank components

Figure 25: Recovered sparse and low rank components when the true ones are those shown in
Figure 24, Error in each recovered component is at most 107",

We also consider recovery of a mixture of signals that are sparse in the canonical and
DCT bases. We generated random signals with sparsity level 10 in each of the bases, and
applied our method to perform recovery. Figure 26 shows that our method indeed recovers the

components accurately
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Figure 26: Recovery of a signal that is sparse in the DCT and canonical basis. The MSE for
the top figure is 2.3 x 107>, and that for the lower figure is 3.3 x 10~°. The blue bars represent
the true components and the red stars represent the recovered coefficients

3.7 Conclusions

In this chapter, we introduced CoGEnT, a greedy scheme for recovering signals that are rep-
resentable as a linear combination of a few elements from some basis. We showed that our
method is efficient, and helps in obtaining solutions that are sparse in the bases of interest.
CoGEnT enjoys the same theoretical convergence properties as conditional gradient and is
applicable in a variety of interesting problems, including compressed sensing, matrix comple-

tion, and moment problems. We also extended the method to problems in signal demixing.
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Chapter 4

Applications in Structured Sparse Signal

Recovery

In Chapter 2, we focused on theoretical characterization of the SOSlasso and the group lasso.
In this chapter, we exclusively focus on applications involving the SOSlasso and the group
lasso. We start with an application in multi-subject fMRI that motivated work on the SOSlasso,
in a multitask learning framework. We then move on to an application in computational bi-
ology, where the groups are predefined, and the goal is to identify the relevant genes for
metastasis of breast cancer tumors.

We then turn our attention to a novel method to model wavelet sparsity coefficients in
inverse problems in image processing. Our method allows us to recover wavelet sparsity
patterns using convex optimization framework, while at the same time taking advantage of the
structure inherent among the coefficients. We also discuss a method to design measurement
matrices for compressed sensing applications, that takes advantage of this structure. We show
that by modifying the measurements to take advantage of the structure, we can achieve further

gains over the standard lasso and group lasso based methods for compressive imaging
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4.1 The Sparse Overlapping Sets lasso for Multitask Learn-
ing in fMRI Applications

The SOS lasso introduced in Chapter 2 is motivated in part by multitask learning applications.
The group lasso is a commonly used tool in multitask learning, and it encourages the same set
of features to be selected across all tasks. As mentioned before, we wish to focus on a less
restrictive version of multitask learning, where the main idea is to encourage sparsity patterns
that are similar, but not identical, across tasks. Such a restriction corresponds to a scenario
where the different tasks are related to each other, in that they use similar features, but are not
exactly identical. This is accomplished by defining subsets of similar features and searching
for solutions that select only a few subsets (common across tasks) and a sparse number of
features within each subset (possibly different across tasks). Figure 27 shows an example of
the patterns that typically arise in sparse multitask learning applications, along with the one
we are interested in. We see that the SOSlasso, with it’s ability to select a few groups and
only a few non zero coefficients within those groups lends itself well to the scenario we are
interested in.

A major application that we are motivated by is the analysis of multi-subject fMRI data,
where the goal is to predict a cognitive state from measured neural activity using voxels as
features. Because brains vary in size and shape, neural structures can be aligned only crudely.
Moreover, neural codes can vary somewhat across individuals [30]. Thus, neuroanatomy pro-
vides only an approximate guide as to where relevant information is located across individuals:
a voxel useful for prediction in one participant suggests the general anatomical neighborhood

where useful voxels may be found, but not the precise voxel. Past work in inferring sparsity
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(d) Group
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Figure 27: A comparison of different sparsity patterns in the multitask learning setting. Figure
(a) shows a standard sparsity pattern. An example of group sparse patterns promoted by
Glasso [91] is shown in Figure (b). In Figure (c), we show the patterns considered in [40].
Finally, in Figure (d), we show the patterns we are interested in this chapter. The groups are
sets of rows of the matrix, and can overlap with each other
patterns across subjects has involved the use of groupwise regularization [87], using the logis-
tic lasso to infer sparsity patterns without taking into account the relationships across different
subjects [74], or using the elastic net penalty to account for groupings among coefficients [71].
These methods do not exclusively take into account both the common macrostructure and the
differences in microstructure across brains, and the SOSlasso allows one to model both the
commonalities and the differences across brains. Figure 28 sheds light on the motivation, and
the grouping of voxels across brains into overlapping sets

In the multitask learning setting, suppose the features are give by ®,, for tasks ¢t =
{1,2,...,T}, and corresponding sparse vectors ; € RP. These vectors can be arranged
as columns of a matrix X*. Suppose we are now given M groups G = {@1, Go, .. .} with
maximum size B. Note that the groups will now correspond to sets of rows of X*.

Letz* = [z77 o7 ... &7 e R77, andy = [yI yl ...yH7 € R7". We also
define G = {G1,Gs,...,G )} to be the set of groups defined on R7? formed by aggregating

the rows of X that were originally in G, so that @ is composed of groups G' € G, and let
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Figure 28: SOSlasso for fMRI inference. The figure shows three brains, and voxels in a par-
ticular anatomical region are grouped together, across all individuals (red and green ellipses).
For example, the green ellipse in the brains represents a single group. The groups denote
anatomically similar regions in the brain that may be co-activated. However, within activated
regions, the exact location and number of voxels may differ, as seen from the green spots.

the corresponding maximum group size be B = TB. By organizing the coefficients in this

fashion, we can reduce the multitask learning problem into the standard form as considered in

Chapter 2.

Results on fMRI dataset

In this experiment, we compared SOSlasso, lasso, standard multitask group lasso (with each
feature grouped across tasks), the overlapping group lasso [37] (with the same groups as in
SOSlasso) and the Elastic Net [95] in analysis of the star-plus dataset [88]. 6 subjects made
judgements that involved processing 40 sentences and 40 pictures while their brains were
scanned in half second intervals using fMRI!. We retained the 16 time points following each

stimulus, yielding 1280 measurements at each voxel. The task is to distinguish, at each point

'Data and documentation available at http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-81/www/
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in time, which kind of stimulus a subject was processing. [88] showed that there exists cross-
subject consistency in the cortical regions useful for prediction in this task. Specifically, ex-
perts partitioned each dataset into 24 non overlapping regions of interest (ROIs), then reduced
the data by discarding all but 7 ROIs and, for each subject, averaging the BOLD response
across voxels within each ROI. With the resulting data, the authors showed that a classifier
trained on data from 5 participants generalized above chance when applied to data from a
6th—thus proving some degree of consistency across subjects in how the different kinds of
information were encoded.

We assessed whether SOSlasso could leverage this cross-individual consistency to aid in
the discovery of predictive voxels without requiring expert pre-selection of ROISs, or data re-
duction, or any alignment of voxels beyond that existing in the raw data. Note that, un-
like [88], we do not aim to learn a solution that generalizes to a withheld subject. Rather,
we aim to discover a group sparsity pattern that suggests a similar set of voxels in all sub-
jects, before optimizing a separate solution for each individual. If SOSlasso can exploit cross-
individual anatomical similarity from this raw, coarsely-aligned data, it should show reduced
cross-validation error relative to the lasso applied separately to each individual. If the solution
is sparse within groups and highly variable across individuals, SOSlasso should show reduced
cross-validation error relative to Glasso. Finally, if SOSlasso is finding useful cross-individual
structure, the features it selects should align at least somewhat with the expert-identified ROIs
shown by [88] to carry consistent information.

We trained the 5 classifiers using 4-fold cross validation to select the regularization param-
eters, considering all available voxels without preselection. We group regions of 5 x 5 x 1
voxels and considered overlapping groups “shifted" by 2 voxels in the first 2 dimensions.The

irregular group size compensates for voxels being larger and scanner coverage being smaller
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in the z-dimension (only 8 slices relative to 64 in the x- and y-dimensions).

Figure 29 shows the prediction error (misclassification rate) of each classifier for every in-
dividual subject. SOSlasso shows the smallest error. The substantial gains over lasso indicate
that the algorithm is successfully leveraging cross-subject consistency in the location of the
informative features, allowing the model to avoid over-fitting individual subject data. We also
note that the SOSlasso classifier, despite being trained without any voxel pre-selection, aver-
aging, or alginment, performed comparably to the best-performing classifier reported by [88],
which was trained on features average over 7 expert pre-selected ROIs

To assess how well the clusters selected by SOSlasso align with the anatomical regions
thought a-priori to be involved in sentence and picture representation, we calculated the pro-
portion of selected voxels falling within the 7 ROIs identified by [88] as relevant to the classi-
fication task (Table 6). For SOSlasso an average of 61.9% of identified voxels fell within these
ROIs, significantly more than for lasso, group lasso (with or without overlap) and the elastic
net. The overlapping group lasso, despite returning a very large number or predictors, hardly
overlaps with the regions of interest to cognitive neuroscientists. The lasso and the elastic net
make use of the fact that a separate classifier can be trained for each subject, but even in this
case, the overlap with the regions of interest is low. The group lasso also fares badly in this
regard, since the same voxels are forced to be selected across individuals, and this means that
the regions of interest which will be misaligned across subjects will not in general be selected
for each subject. All these drawbacks are circumvented by the SOSlasso. This shows that even
without expert knowledge about the relevant regions of interest, our method partially succeeds
in isolating the voxels that play a part in the classification task.

We make the following observations from Figure 29 and Figure 30

* The overlapping group lasso [37] is ill suited for this problem. This is natural, since
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Method | Avg. Overlap with ROI %
OGlasso 27.18
ENet 43.46
Lasso 41.51
Glasso 47.43
SOSlasso 61.90

Table 6: Mean Sparsity levels of the methods considered, and the average overlap with the
precomputed ROIs in [88]
the premise is that the brains of different subjects can only be crudely aligned, and the
overlapping group lasso will force the same voxel to be selected across all individuals.
It will also force all the voxels in a group to be selected, which is again undesirable from

our perspective. This leads to a high number of voxels selected, and a high error.

* The elastic net [95] treats each subject independently, and hence does not leverage the
inter-subject similarity that we know exists across brains. The fact that all correlated
voxels are also picked, coupled with a highly noisy signal means that a large number of
voxels are selected, and this not only makes the result hard to interpret, but also leads to

a large generalization error.

* The lasso [83] is similar to the elastic net in that it does not leverage the inter subject
similarities. At the same time, it enforces sparsity in the solutions, and hence a fewer
number of voxels are selected across individuals. It allows any task correlated voxel
to be selected, regardless of its spatial location, and that leads to a highly distributed
sparsity pattern (Figure 30a). It leads to a higher cross-validation error, indicating that
the ungrouped voxels are inferior predictors. Like the elastic net, this leads to a poor
generalization error (Figure 29). The distributed sparsity pattern, low overlap with pre-

determined Regions of Interest, and the high error on the hold out set is what we believe
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Figure 29: Misclassification error on a hold out set for different methods, on a per subject
basis. Each solid line connects the different errors obtained for a particular subject in the
dataset.

makes the lasso a suboptimal procedure to use.

* The group lasso [49] groups a single voxel across individuals. This allows for taking into
account the similarities between subjects, but not the minor differences across subjects.
Like the overlapping group lasso, if a voxel is selected for one person, the same voxel is
forced to be selected for all people. This means, if a voxel encodes picture or sentence
in a particular subject, then the same voxel is forced to be selected across subjects, and
can arbitrarily encode picture or sentence. This gives rise to a purple haze in Figure 30b,
and makes the result hard to interpret. The purple haze manifests itself due to the large

number of ambiguous voxels in Figure 30d.

* Finally, the SOSlasso as we have argued helps in accounting for both the similarities and

the differences across subjects. This leads to the learning of a code that is at the same
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time very sparse and hence interpretable, and leads to an error on the test set that is the
best among the different methods considered. The SOSlasso (Figure 30c) overcomes
the drawbacks of lasso and Glasso by allowing different voxels to be selected per group.
This gives rise to a spatially clustered sparsity pattern, while at the same time selecting a
negligible amount of voxels that encode both picture and sentences (Figure 30d). Also,
the resulting sparsity pattern has a larger overlap with the ROI’s than other methods

considered.

4.2 The Sparse Overlapping Sets lasso for Gene Selection

As explained in the introduction, another motivating application for the SOSlasso arises in
computational biology, where one needs to predict whether a particular breast cancer tumor
will lead to metastasis or not, from gene expression profiles. Genes are typically organized
into pathways, with genes in a single pathway being correlated. If a particular gene is found
to be relevant for prediction of a disease, then it is likely that she correlated genes will also be
relevant. Moreover, these pathways overlap with each other. However, pathways are typically
100’s of genes long, and this makes the overlapping group lasso ill-suited for this problem.
Indeed, if a cartain pathway is found to be active, then all the genes in that pathway will be
activated, making the solution hard to interpret. It is reasonable to assume that if a certain
gene is relevant, then some correlated genes will be relevant, and that makes the SOSlasso a
perfect candidate so solve this problem.

We used the breast cancer dataset compiled by [86] and grouped the genes into pathways
as in [80]. To make the dataset balanced, we perform a 3-way replication of one of the classes

as in [37], and also restrict our analysis to genes that are atleast in one pathway. Again as
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Figure 30: [Best seen in color]. Aggregated sparsity patterns across subjects per brain slice.
All the voxels selected across subjects in each slice are colored in red, blue or purple. Red
indicates voxels that exhibit a picture response in at least one subject and never exhibit a
sentence response. Blue indicates the opposite.Purple indicates voxel that exhibited a a picture
response in at least one subject and a sentence response in at least one more subject. (d) shows
the percentage of selected voxels that encode picture, sentence or both.
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in [37], we ensure that all the replicates are in the same fold for cross validation. We do not
perform any preprocessing of the data, other than the replication to balance the dataset. We
compared our method to the standard lasso, and the overlapping group lasso. The standard
group lasso [91] is ill-suited for this experiment, since the groups overlap and the sparsity
pattern we expect is a union of groups, and it has been shown that the group lasso method will

not recover the signal in such cases.

Method Misclassification Rate
lasso 0.42
OGlasso [37] 0.39
SOSlasso 0.33

Table 7: Misclassification Rate on the test set for the different methods considered. The
SOSlasso obtained better error rates as compared to the other methods.

We trained a model using 4-fold cross validation on 80% of the data, and used the remain-
ing 20% as a final test set. Table 7 shows the results obtained. We see that the SOSlasso
penalty leads to lower classification errors as compared to the lasso or the latent group lasso.
The errors reported are the ones obtained on the final (held out) test set.

We see that the SOSlasso leads to lower misclassification errors as compared to the lasso
and the overlapping group lasso. Note that we did not compare with the standard group lasso

in this case, since it is known that the groups overlap.

4.3 Convex Approaches to Model Wavelet Sparsity Patterns

We now deviate from the SOSlasso, and consider a novel application of the overlapping group
lasso in compressive imaging, that is to recover an image from a small number of random

measurements. Here “small” is used relative to the ambient dimension of the image.
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We let « denote the inverse Discrete Wavelet Transform (DWT) coefficients of an image.

Let ® be a sensing matrix, and suppose we observe noisy linear measurements of the form
y=>ox +1n n ~ N(0,0°T)

where 7 is Additive White Gaussian Noise (AWGN).

The standard lasso [83] formulation is given by
. 1 9
&= axgmin |y — Bal? + A 4.1

The ¢; norm acts as a surrogate for the sparsity of the signal. The lasso aims to recover a
signal that is sparse, by setting most coefficients of @ to be zero. For the exact recovery case,

the lasso problem is equivalent to the Basis Pursuit [16]
& = argmin ||z||; st y=Px 4.2)
X

The lasso penalty reflects the fact that the wavelet coefficients are approximately sparse,
but in reality not all patterns of sparsity are equally plausible/probable. For example, Fig (31b)
shows the DWT coefficients of the barbara image, and Fig. (31c) shows the same coefficients,
but randomly scrambled. Clearly, the ¢; norm of both sets of coefficients will be the same.
This shows that the lasso penalty in itself is invariant to any structure present in the sparse
coefficients.

To model this structure that is inherently present between wavelet transform coefficients
of images, [19,26,73] propose making use of graphical models such as Hidden Markov Trees

(HMT’s). HMT’s, while providing good performance in image denoising applications (where
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=

(a) Original image (b) 3 -stage DWT of the bar-(c) Coefficients of the DWT
bara image of the Barbara image, random-
ized

Figure 31: The ¢; norms of both (b) and (c) are exactly equal, since they do not take structure
into account

® = 1) in (4.1), cannot provide acceptable reconstruction for other, more general inverse
problems. This is because the presence of a (non identity) sensing matrix ® (randomly) mixes
up the coefficients for every measurement y; obtained.

To overcome this mixing between the coefficients, many alternatives have been proposed.
[75] propose using a version of loopy belief propagation to solve the recovery problem. The
authors in [5, 25] generalize the notion of restricted isometry properties to signals that lie in
unions of subspaces, and use a modified version of CoOSAMP [58] to solve the inverse problem.
Greedy and/or suboptimal iterative reconstruction schemes are used in [26,46]. Finally, the
authors in [77] propose modeling the coefficients using an HMT, and using the Approximate
Message Passing algorithm [23] to solve the compressed sensing problem.

All the methods mentioned above sacrifice the recovery guarantees and the easy analy-
sis that convex optimization algorithms provide, for the sake of modeling the dependencies

between DWT coefficients (an exception being [5] that provide guarantees for the greedy
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scheme developed). This motivates our problem: can we on the one hand model the de-
pendencies among wavelet transform coefficients, while at the same time propose to solve a
convex optimization problem similar to (4.1)?

To this end, we model the parent-child coefficients into groups. Parent-child pairs of
wavelet transform coefficients across scales and at similar locations tend to be simultaneously
high or low. Hence, we can take advantage of this dependency and use group lasso methods

to recover the image. Fig 32 shows a representative example.

Figure 32: Quadtree corresponding to the 2-d DWT. At each scale, parent coefficients can be
grouped with child coefficients.

Note that modeling the coefficients into parent child pairs is more advantageous than look-
ing for a rooted tree by forming groups along paths of the tree. It has been established that the
coefficients of an image do not form a rooted tree.

As an illustrative example, consider the standard “blocks" signal, and its Haar DWT co-
efficients (Figure 33). It is possible that at a certain level j and location k, the sum of the
signal values corresponding to the positive part of the Haar basis vector cancels with that of
the negative part, leading to a small (or zero) wavelet coefficient. However, as we move to

finer scales, the variations in the signal may mimic the variations in the Haar wavelet support,
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resulting in large values of the corresponding coefficients, as can be seen in Fig. 34.

Original Signal
61
4t
ot
0
-2+ ; : : : ;
200 400 600 800 1000
Haar Coefficients
20
0 IhH”'f ,l.l-'..'.l (N L1 -
=20

200 400 600 800 1000
Figure 33: "Blocks’ and its Haar DWT

Hence, there do exist cases where a parent coefficient is inactive(zero), and it’s child is
active (non zero). The fact that we only group pairs of nodes in the tree allows for a group
higher up in the tree to be zeroed out, while still having non zero coefficients from groups
beneath it. This is another advantage of our method over other methods that enforce a tree-
like set of coefficients.

We wish to recover the non zero coefficients lying on the wavelet tree shown in Fig 32.
When coefficients are modeled into groups, one can use the group lasso [91] to recover the

coefficients
M

. 1 2
T = argma}niHy — oz|” + )\Z lze,

=1

4.3)

where x;, is the vector  whose coefficients not indexed by group G, are set to zero. The

group lasso as shown in (4.3) suffers from a drawback however. We showed in Chapter 2 that
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Figure 34: (Best seen in color) Haar coefficeints in Figure 33 arranged in a tree. Darker
regions correspond to smaller magnitude coefficients. We see that wavelet coefficients can be
small (or zero) and still have non zero children, as denoted by the red rectangles.

the sparsity pattern recovered by the group lasso can be expressed as a complement of a union
of groups. One look at Figure 32 tells us that we are interested in the recovery of sparsity

patterns that can be expressed as a union of (overlapping) groups. To this end, the authors

in [37] propose the latent group lasso [63, 64]

. 1
& = argmin §Hy — ®x|® + /\ngerlap(zc) 4.4)
where Qogverlap(ac) is the latent group lasso norm. defined by

M
st =) wg, (4.5)
=1

M
ngerlap<w) = Ver%Tl)g ] Z HvGi
=1

To solve the problem, we make use of SpaRSA [90] after performing replication, which is
explained in Chapter 2.
We considered a 128 x 128 section of the cameraman image (normalized to lie in [0, 1]),

and obtained 6000 noisy (¢ = 0.05) iid Gaussian measurements from it. We compare our
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recovery to the standard Lasso. In Figure 35, we see that the recovery using the group lasso is

better in terms of PSNR.

(a) lasso PSNR = 25.73 dB (b) Glasso PSNR = 28.29 dB

Figure 35: Reconstruction of a section of the cameraman image using lasso and group lasso

We performed reconstruction experiments on natural images from the “background"” set of
550 images from the Caltech image database (http://www.vision.caltech.edu/html-files/archive.html).
We used the first 350 images in the dataset for denoising experiments, and the rest for decon-
volution experiments. For denoising, every image was resized to size 64 X 64, normalized to
have range [0, 1] and vectorized to length 4096. 800 Gaussian samples were used per image to
reconstruct it, after corrupting it with AWGN of variance 0.5. For the deconvolution case, the
image was blurred with a Gaussian kernel of variance 0.5. Table 8 shows the average squared
reconstruction error (per pixel), over all the 350 images considered for denoising, and 200
images considered for deconvolution. The regularization parameters were learned over a grid,
ranging from 1072 to 10? for respective \s

Figure 36 shows the results we obtain as a function of the noise standard deviation. We

consider piecewise constant signals of length 1024, having 7 jumps. The location of the jumps
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Method || MSE (denoise) || MSE (deconv)
lasso 0.0172 0.0194
OGLR 0.0107 0.0120

Table 8: Denoising and deconvolution performance on the “background” dataset. Column 2
displays the mean reconstruction error for the denoising experiments, while column 3 does the
same for deconvolution.

0.05 ‘ ‘ ‘ ‘ P
—>-Lasso
-o-
0.04! Glasso
0.031
4
2! )
=
0.021
0.017
(}6 0.1 0.2 0.3 0.4 0.5

Noise Std. Deviation

Figure 36: Comparison of the two methods in the presence of noise.

is chosen at random, and the magnitude of each “piece" is chosen uniformly between [—1, 1].
We take 256 measurements for both the lasso and Glasso. From the figure, it is clear that by
modeling the wavelet coefficients into parent-child pairs, we can better reconstruct signals in
the presence of noise. The results are averaged over 1000 randomly generated signals.

We consider the “peppers" image, sized to 128 X 128. We vectorize the image to length
16384, and take 5000 Gaussian measurements. We considered this image so as to compare our
results with those in [5]. We see that (Figure 37), we can recover the signal accurately, with
very few measurements. The figure also shows the results obtained by [5], where the authors

also take 5000 measurements.
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(a) Peppers (b) CoSaMP (c) Model-Based (d) OG Lasso
(MSE =22.8) MSE=11.1) (MSE =17.8)

Figure 37: Performance on the peppers image

Finally, we use CoGEnT to perform compressive image recovery. We consider the pop-
ular Shepp-Logan phantom image, resized to 64 x 64. We vectorize the image and obtain
2000 i.i.d Gaussian measurements, and look to reconstruct the image. Figure 38 shows that
CoGEnT does help in solving structured compressed sensing problems, without blowing up
the problem dimension. Note that the resulting dimension of the problem after replication is

much larger than the true dimension.

Figure 38: Compressive image recovery using CoGEnT . Left: Original image. Right: recov-
ered image, PSNR = 32.7 dB. Note that we deal with 4096 dimensional signals in this exper-
iment. If we use the strategy in [67], the corresponding dimension after replication would be
15680.
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4.4 Sensing Matrix Design for Compressive Imaging

In this section, we extend the method considered in the previous section, and incorporate
prior knowledge about variable grouping into the design of the sensing matrix itself. We aim
to show that by redesigning the (standard) i.i.d. Gaussian sensing matrix to reflect the intra
group dependencies, significant improvements in image reconstruction are possible.

Consider the standard compressive sensing framework of images, the same as that consid-

ered in the previous section:

y=A0 +n
= AW 'z 41

=®x + 17

where y € R™ is a vector of measurements, A € R™*" is the sensing matrix, with m < n.
W is the DWT matrix, and # € R" is the image (vectorized). x is the DWT coefficients of
the image, which is known to be (approximately) sparse. € R is an i.i.d. Gaussian noise
vector of zero mean and unit variance.

As in the previous section, we assume that the wavelet coefficients x can be grouped into

parent-child pairs (Figure 32), and solve the overlapping (latent) group lasso program:

overlap

N .1 N
TGlasso = Argmin §Hy — AuaW 1z ||* + )\gQg () (4.6)

where QY

overlap

(x) is the latent group lasso penalty [63]. For a set of groups G1,Go, ..., Gy,
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the latent group lasso penalty is defined by

M
ngerlap(x) = Ell’lf Z HIUZH
=1

; Vi=2

where v; € R" has support restricted to the indices in group G;. A;;q is the standard
Gaussian i.i.d. sensing matrix used for compressed sensing. The latent group lasso penalty
has the property that the pattern of non zeros (coefficients) recovered by solving (4.6) can be
expressed as a union of groups.

We continue to build on the same model for = as introduced in the previous section: As-
sume that the parent child groups are given by G = {G;}M,. We assume a mixture model,
where a group can be active with probability p. Since the signal is group-sparse, p is small
(p << 1). If a group is active, we assume that the coefficients arise from a distribution with
covariance matrix >. The matrix Y encodes the intra group dependencies between variables.
Since we are considering only parent-child pairs, ¥ € R**?, and the off-diagonal elements
will represent the cross-correlation between the parent and child

Our goal in this section is to learn the covariance matrix coresponding to the parent child
pair from a training set of images, and use this as prior information to design new sensing
matrices that are better matched to the image structure 2. In doing so, the sensing energy is
better aligned to the image structure, and consequently active groups can be reliably identified
using fewer measurements than needed with the conventional sensing matrix composed of
1.i.d. zero-mean Gaussian variables.

An important point to note is that since the covariance matrix that we aim to learn is only

2 x 2, we do not need as many samples as one might need to accurately learn the entire n X n

2Note that an alternative is to use the universal Hidden Markov Model [73] where the covariance matrix can
directly be inferred using the transition probabilities between parent and child states



131

covariance matrix corresponding to the images.

4.4.1 Measurement Matrix Design

A group sparse signal can be written as a sum of signals whose support is restricted to be the
indices corresponding to a single group. For example, the signal s comprising of three groups

in Figure 39 can be decomposed using latent variables [63] into signals s1, s, and sg

S 51 52 s3

Figure 39: Decomposition of the group sparse signal in latent group lasso. The curved lines
in the LHS represent groups of coefficients. (best seen in color)

The latent groups can be active/inactive independent of each other, and the final sparse
signal is the sum (normalized) of the decomposition. It can then be seen that, if the groups
(3; have covariance »;, then the final (sum) vector will have a covariance matrix that can be
decomposed as in Figure 40, where C' is the matrix after combining the individual covariance
matrices >; (shown shaded in Fig 40).

Based on this insight, we form measurement vectors (the rows of the measurement matrix):
Assume we are given the covariance matrices >; = .. We assume all the covariance matrices

are the same, for simplicity. We note later in the chapter that one can assume the covariance
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Figure 40: Decomposition of the covariance matrix of the signal in Figure 39. The shaded
parts in the RHS if the figure correspond to covariance matrices of the individual active groups,
Yi,1=1,2,3.

matrices to be different across scales, and still apply our method. Let a' € R™ denote the i-th
row of the sensing matrix under construction. We start with a’ = 0. Letting ag, be the sub-

vector of a’ indexed by group G, we recursively perform the following operation VG; € G:
G,Gi = aGi + ’UGZ- s (47)

where

(Ye NN(O, 2) .

This procedure yields a’ ~ N(0, C), where C is the covariance matrix obtained as a result
of the composition of the vectors, as in Figure 40. The measurement matrix is generated by
repeating this procedure m times. We then normalize the columns to have unit norm, and
call this matrix Ay, distinguishing it from the standard Gaussian sensing matrix used for
compressed sensing, which we denote by A;;;. The columns of A;;4 are also normalized, so
that both A,,, and A;;; have Frobenius norm 7. This puts the two sensing matrices on equal
footing, as far as SNR is concerned. Hence, we now solve the group lasso as in (4.6), but with
Agpg:

~ .1 _
LCGlasso — aArg Ina}n 5”:’/ - Aa'qu 11:”2 + >\an (m) (48)

overlap
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The intuition for this approach arises from work on correlated Gaussian designs, as in [69].
In [69], it was shown that Gaussian matrices with non iid columns also obey the restricted
eigenvalue conditions [8] needed for exact recovery in the noiseless setting, and robust recov-
ery in the noisy case. In our case, the sparse vector to be reconstructed itself has correlated
entries. To take into account this correlation, we allow the columns in the measurement ma-
trix (called predictor variables in sparse linear regression settings) to be correlated. Hence,
selection of any variable will automatically force the selection of a correlated variable, when
we use the latent group lasso.

It is well known that to accurately capture a signal, one should measure along the direction
of the signal. The matched filter is a typical example that makes use of this principle. By
generating sensing vectors from (roughly) the same distribution as the data itself, we ensure
that the measurement is correlated with the signal itself, facilitating better recovery. Note that
in this case, the “data" corresponds to coefficients from a single group.

We refer to the method introduced in the previous section as Glasso and the method we
developed by CGlasso, the ‘C’ indicating the use of the covariance matrix in our design. For
details on how the groups are designed, and the Glasso method, we refer the reader to the
previous section. Again, we solve the latent group lasso problem by the replication strategy
elaborated in [37]. We use SpaRSA [90] to solve the optimization problems.

To show the efficacy of our method, we first consider a toy signal, with a known covariance
matrix. Note here that the covariance matrix refers to the 2 x 2 matrix corresponding to the
parent child pairs on the DWT tree. We assume a signal consisting of 100 non-overlapping
groups of size 10 each, of which 10 are active, and consider 250 measurements. The signals
have active groups whose coefficients are generated from a zero mean Gaussian with covari-

ance matrix UL U, where U € R'°%10 js an orthonormal basis for a 10 x 10 random Gaussian
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matrix. It can be seen from Figure 41 that CGlasso outperforms Glasso

otiginal signal
2!‘ T T T T

‘ | |0 | \ |
T RN
0 2II|)0 460 560 860 1000
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0 200 400 600 800 1000
CGlasso

_zj' ! i R

1 1 1 1 g
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Figure 41: Comparison of the two methods. It can be seen the CGlasso recovers the signal
exactly, while Glasso makes some errors, for the given number of measurements.

We also compared the overlapping group lasso to our new method, with noisy measure-
ments. Table 9 demonstrates that CGlasso outperforms Glasso under this scenario as well. We
again considered the same toy signals as the ones explained with reference to Figure 41. The
signals were of length 1000, and we considered 200 measurements. The results are averaged
over 100 tests. Note that once the number of measurements exceeds a certain bound, Glasso

also gives near exact recovery.



Noise Std. Dev || MSE CGlasso || MSE Glasso
0 ~ 10731 0.0200
0.02 0.0001 0.0225
0.04 0.0003 0.0294
0.06 0.0006 0.0355
0.08 0.0011 0.0497
0.1 0.0019 0.0556

Table 9: Comparison of the two methods under noisy measurements.

135
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Chapter 5

Future Directions and Conclusions

5.1 Future Directions

In this thesis, we focussed on the problem of structured sparse pattern recovery, and derived
novel theoretical guarantees, regularization functions and algorithms. This thesis added to the
rapidly growing literature in the field of structured pattern recovery, and below we outline
some open problems that arise as a result of this thesis. Some of the works mentioned below
are ongoing, while some are left as future work.

The SOSlasso framework allows one to recover patterns that can be expressed as a com-
bination of overlapping group sparse and sparse patterns. Another way of looking at this
problem, is that of recovery of a hierarchical sparsity pattern, where there exists overlapping

groups in one level of the hierarchy, and groups of size 1 in the level below it (Figure 42).

Figure 42: Setup for the SOSlasso. Variables 1-3 are in one group, variables 3-6 are in another
group, variables 5-8 are in the third group and the variables 8-10 are in the final group
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Figure 43: Hierarchical overlapping groups. We start with the same configuration as for the
SOSlasso, but the groups themselves can be grouped into sets in higher levels

In some applications, it makes sense to consider a similar situation, but with more levels
in the hierarchy. Specifically, consider the case of learning semantic labels from images (or
documents). The lowermost level might correspond to objects in the image (like net, table
etc.). These objects can be grouped into overlapping sets, of household items, sport equipment,
etc. Furthermore, these sets themselves can be grouped into overlapping sets, representing
higher order semantic information, and so on. This gives rise to a structured sparsity pattern
comprising of multiple levels of overlapping groups, as shown in Figure 43 as an extension of
the SOSlasso. Figure 44 shows a more concrete example

Future work involves investigating this sparsity pattern, and its application to various prob-

lems of interest. Like in the case of images, we can consider learning contents of documents
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Figure 44: Hierarchical overlapping groups for learning higher order information from objects
in scenes
as well, from a bag-of-words feature representation.

When the groups overlap a lot, the SOSlasso with replication suffers from the same draw-
back as the group lasso with replication: it leaves a large memory footprint. CoGEnT alleviates
this problem for the overlapping group lasso, but the SOSlasso does not admit a simple atomic
norm based representation. At the same time, since we have shown that CoGEnT can be used
even with approximately optimal steps, it is interesting to see if a strategy can be devised for
the SOSlasso as well.

Another possible direction for future research is to succinctly characterize the atomic set

for the SOSlasso. A very simple characterization of the atomic set can be written as:

Ag ={a:supp(a) C G, |al2+[lal; =1}



139

A:UAG

Geg

It will be an interesting exercise to study in detail this atomic set, and the apply CoGEnT and/
or there techniques to solve and characterize the SOSlasso problem.

From a cognitive neuroscience point of view, future work involves grouping the voxels
in more intelligent ways. Our method to group spatially co-located voxels yields results that
are significantly better than traditional lasso-based methods, but it remains to be seen whether
there are better motivated ways to group them. For example, one might consider grouping
voxels based on functional connectivities, or take into account the geodesic distance on the
brain surface. One can also look to apply an SOSlasso type regularization in the graphical
lasso setting, for inferring functional connectivity.

For CoGEnT, we aim to handle general convex loss functions. The analysis does not rely
on the fact that the loss function is the least squares loss, and hence it should be fairly straight-
forward to obtain results for other loss functions as well. Note that for the linear convergence
rate, we do make use of the fact that the loss function is the least squares loss. Along similar
lines, our experiments suggest that CoGEnT not only yields sparser solutions, but converges
much faster than standard conditional gradient. It will be interesting to see whether this in-
creased convergence rate amounts to constant factor improvements in the theoretical rate we
derived, or if we can get rates much faster than %

Also, it will be interesting to see what other applications CoGEnT can be applied to, es-
pecially those cases where no simple method exists currently. We also intend to extend the

method to online and/or distributed settings.
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5.2 Conclusion

In this thesis, we developed theoretical results for structured sparse signal recovery. We intro-
duced a method called the Sparse Overlapping Sets Lasso, and showed that it generalizes the
lasso, group lasso and the group lasso with overlapping groups to incorporate sparsity patterns
that can be expressed as a union of sparsely populated groups. We derived sample complexity
bounds for the SOSlasso under classification and regression settings. We also derived sample
complexity bounds for the group lasso with overlapping groups for linear regression.

We also developed CoGEnT, a method to perform very general high dimensional struc-
tured recovery. This method not only generalizes the standard greedy methods for recovery of
sparse vectors or low rank matrices, but in some cases achieves state of the art performance,
while in others is the first of it’s kind to solve certain problems.

Lastly, this thesis demonstrated the use of structured sparse pattern recovery methods to
problems in fMRI, computational biology and image processing. We showed that by 1) un-
derstanding that there is structure within the coefficients of the desired signal of interest, and
2) developing a scheme that takes advantage of this structure, we can achieve state of the art
results in some applications, while in others, we believe we have opened the doors for further

development of these methods and achieving much better results.

5.3 Full List of Publications

1. Logistic Regression with Structured Sparsity: Nikhil Rao, Robert Nowak, Chris Cox and
Timothy Rogers, arXiv:1402.4512, 2014 (In preparation for submission to the Journal

of Machine Learning Research)
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. A Forward-backward Algorithm for Atomic Norm Regularization: Nikhil Rao, Parikshit
Shah and Stephen Wright, arXiv:1404.5692, 2014 (submitted to IEEE Trans. Signal

Processing)

. Forward-Backward Greedy Algorithms for Signal Demixing: Nikhil Rao, Parikshit Shah
and Stephen Wright, Asilomar Conference on Signals, Systems and Computers (Invited

paper), 2014

. Sparse Overlapping Sets Lasso for Multitask Learning and fMRI Data Analysis: Nikhil
Rao, Christopher Cox, Robert Nowak and Timothy Rogers, Neural Information Pro-

cessing Systems 2013 (Spotlight Presentation)

. Conditional Gradient with Enhancement and Truncation for Atomic Norm Regulariza-
tion: Nikhil Rao, Parikshit Shah and Stephen Wright, NIPS workshop on Greedy Algo-

rithms 2013

. A Greedy Forward Backward Method for Atomic Norm Constrained Minimization: Nikhil
Rao, Parikshit Shah, Stephen Wright and Robert Nowak, IEEE International Conference

on Acoustics, Speech and Signal Processing, 2013

. Adaptive Sensing with Structured Sparsity: Nikhil Rao, Gongguo Tang and Robert
Nowak, IEEE International Conference on Acoustics, Speech and Signal Processing,

2013

. Knowledge Enhanced Measurements for Estimating Sparse Signals from Clutter: Work-
shop on Signal Processing with Adaptive Structured Sparse Representations (SPARS)

2013, Lausanne, Switzerland



10.

11.

12.

13.

14.

15.

142

. Adaptive Sensing on Markov Trees : Workshop on Signal Processing with Adaptive

Structured Sparse Representations (SPARS) 2013, Lausanne, Switzerland

Correlated Gaussian Designs for Compressive Imaging : Nikhil Rao and Robert Nowalk,

IEEE International Conference on Image Processing, 2012

Universal Measurement Bounds for Structured Sparse Signal Recovery : Nikhil Rao,
Benjamin Recht and Robert Nowak, Journal of Machine Learning Research (proc. Ar-

tificial Intelligence and Statistics), 2012

A Clustering Approach to Optimize Online Dictionary Learning : Nikhil Rao and Fatih
Porikli, IEEE International Conference on Acoustics, Speech and Signal Processing,

2012

Convex Approaches for Group Sparse Signal Recovery in Compressed Sensing : Work-
shop on Signal Processing with Adaptive Structured Sparse Representations (SPARS)

2011, Edinburgh, UK

Convex approaches to Model Wavelet Sparsity Patterns : Nikhil Rao, Robert Nowak,
Stephen Wright and Nick Kingsbury, IEEE international Conference on Image Process-

ing, 2011 (1st prize, Best Student Paper Award)

Using Machines to Improve Human Saliency Detection : Nikhil Rao, Joseph Harrison,
Tyler Karrels, Robert Nowak and Timothy Rogers , Asilomar Conference on Signals,

Systems and Computers, 2010



143

Appendix A

Proofs of Theorems

A.1 Proof of Theorem 2.2.5

To prove this result, we need two lemmas:

Lemma A.1.1. Let q1,...,qr be L, x-squared random variables with d-degrees of freedom.

Then

[max ¢ < (v/2log(L) + Vd)>.

1<7,<L

Proof. Let M, := max;<;<r, ¢;- For t > 0, we have that

logexp(t - E[ML])]
t
é) 1Og[E[eXI;(t - M|
(ii) log[E[max;<;<r exp(t - g;)]]
t

(iéi) log[LE[ejp(t “q1)]]
 log(L) - 4log(1 — 2t)
B t

E[M.] =

—~

Where (i) follows from Jensen’s inequality , (ii) follows from the monotonicity of the expo-

nential function, and (iii) merely bounds the maximum by the sum over all the elements. Now,

setting t = (2 + 2¢) ! with € = \/ STeatDy ( ) yields E[M] < (y/2log(L) + \/_ [
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Note that ¢ can be optimized depending on the application. We use this particular choice

because it makes no assumptions about the relative magnitudes of (A/ — k) and B.

Lemma A.1.2. Suppose v € RP is supported on some set of groups G* C G. Then,

o]l < V/1G*] [|v]l%s -

Proof. By duality, it suffices to show that ||z|| 4 < 1/|G*| ||z|| for all z with supp(z) C G*.
For any such z, there exists a representation z = ) 5. bo Where none of the supports of b

overlap. It then follows that

(i)
Izlla < D lbel

Geg*

1/2
(i0)
< V1| (Z HbGH2>

Geg*

= VG |-

Where (i) follows from the definition of the norm || - || 4 and (ii) is a consequence of the relation

18]lx < Vk||B]|2 for k dimensional vectors /3 O

Proof of Theorem 2.2.5. Intuition: Note that, from (2.9),the Gaussian width of the intersec-
tion of the tangent cone at z* with the unit sphere is bounded above by the expected euclidean
distance between a random Gaussian vector and the normal cone at z* (2.10). We can fur-
ther bound this distance by the distance between a random Gaussian vector g and a particular
vector r € N4 (z*), shown in (A.1). We proceed to construct such a vector r and prove the
result

E,[dist(g, C*)*] < Eq[dist(g,7)?], r € Na(z*) (A.1)
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Now, let S = Ugeg+G, i.e. S is the indices corresponding to the union of groups that
support z*. Note that S C {1,2,...,p}.

Since the normal cone is nonempty, there exists a v € N 4(z*) with ||v[|* = 1 and vge = 0.
Since v is in the normal cone, it will also satisfy (v, z*) = ||z*|| 4. We will use this v in our
bound below.

Let w ~ N(0, I,) be a vector with i.i.d. Gaussian entries. We can write w = [wg wge]”.
Let t(w) = maxggg- ||wel|-

Let us now construct a vector r € N 4(z*). We can decompose r as r = [rg rge|’. Let
rs = t(w) - vg, and rge = wge.

From (2.10), and from our definition of ¢(w), we have r € N 4(x*). Referring to (2.9), we

now consider the expected squared distance between N4 (z*) and w:

E[dist(w, C*)] < E[||r — w]||?]

)

(@)
= E[|lrg — wg||* + ||rse — wge

= E[||rs — ws)?]

DElrsl) + Eflws)?

— E[||t(w) - vs]|?] + E[Jws]?]
D E[t(w)?] - [los|> + E[ws|]

(iv)
= Eft(w)?] - lvs|* + |5

(v)

< (v21og(M — k) + VB)? - |Jus||* + kB
(vi)

< (v2log(M — k) +VB)* -k + kB

Where (i) follows because S and S¢ are disjoint, (ii) follows from the fact that rg and
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wg are independent, (iii) follows from the fact that v is deterministic. We obtain (iv) since
|ws||? is a x? random variable with | S| degrees of freedom. (v) follows from Lemma A.1.1,

and from the fact that £B is a upper bound on the signal sparsity. Finally, (vi) follows from

Lemma A.1.2, noting that |G*| < k, and ||v|, = 1. O

A.2 Proof of Theorem 2.3.3

Here, we look to bound the mean width of the set
Cos = {2 < 1, h(z) < VEB(L+Va)

Proof. Before we compute the mean width, let us first compute an expression for the maxi-

mum inner product between a random Gaussian vector g ~ N'(0, I') and an element in C

supg’x st. ¢ €C

—sup Y glwe st Y {\/E||wG||2 + ||wG||1} < VKB(1 + va)

Geg Geg

(%)
< sungng st. (VB +1) Z |well2 < VEB(1 + Va)

Geg Geg

_ VEkB(1+ \/_
sup Y gbwe st Y wglls <1
<\/§ Geg Geg

B \/@(1+\/&)
=T WBT) max ||gall

(A.2)

where (i) follows since the constraint set in (7) is a superset of the constraint set in the

expression above it.



147
Now,

e = (2gors])

. 2
(i1) T
< E [supg’ @

xzeC

VEB(1 + /a) o | ”2
WB11) o'

_(VEBO+v) ] T
-< 5 s ]

Geg
i (VEBO+va)\’ e a2
—( ey )E[ gl

Geg
< k(14 Va)'E ol (A3)

(11) follows from Jensen’s inequality, (i) from (A.2). (iv) is a consequence of noting that

the square of maximum of non negative quantities is the same as the maximum of the square

of the same quantities.

Now, since g ~ N(0, 1),

~ XzB, a chi-squared random variable with at most B

degrees of freedom. From Lemma A.1.1, we have

w(C)? <k(1+a) (\/WJF\/_)

A.3 Proof of Corollary 2.3.5

Before we prove this result, we make note of the following lemma
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Lemma A.3.1. Suppose A € R, and let Ac € RICI* be the sub matrix of A formed by

retaining the rows indexed by group G € G. Suppose 0,,..(A) is the maximum singular value

of A, and similarly for Ag. Then

Umax(A) Z Umax(AG) \V/G S g

Proof. Consider an arbitrary vector & € RP?, and let G be the indices that are to indexed by G.

We then have the following:

Agfl!
|Az|* =
A@a:

= [Acz[* + | Ag=|

= |Az|* > ||Agz|?
We therefore have

Umax<A) = Ssup HA"EH

[l(|=1

> sup || Agz||
=1

where the inequality follows from (A.4).

We now proceed to prove Corollary 2.3.5.

(A4)

Proof. Since the entries of the data matrices are correlated Gaussians, the inner products in
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the objective function of the optimization problem (2.16) can be written as
(B;,x) = (229],z) = (3], Tiw)

where ®. ~ N(0, I'). Hence, we can replace x in our result in Theorem 2.3.4 by Yz, and
make appropriate changes to the constraint set.

We then see that the optimization problem we need to solve is

T = arg min — Zyi(q);, E%:v) S.t. © € Ceppr
i=1

Defining z = Y2z, we can equivalently write the above optimization as
Z = argmin — Z yi (P, z) sit. z € E%me (A.5)
i=1

where we define $2C to be the set C, with each element multiplied by 32, We see that (A.5)
is of the same form as (2.16), with the constraint set “scaled" by the matrix >3, We now need

to bound the mean width of the set E%CCW. We then have
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max gl'z= mangEZ:c

zeE?C xcC
(4) VEB(1+ /«
< max Z Big) we st Y [lwell < E Vo)
{warew( 93) Geg mm(EQ)(l + \/E)
\/kB(1+ \F)

" @+ V) e gl

o VRt Vo)
< YTV nax | Sagl
0m1n<2 2 ) GGQ
where (i) follows from the same arguments used to obtain (i) in the proof of Theorem
(2.3.4). By X2, we mean the |G| X p sub matrix of 32 obtained by retaining rows indexed by
group G.
To compute the mean width, we need to find E[maxgeq HE g|!]. Now, since g ~
N(0,1), Egg ~ N(0, 22(22) ). Hence, |22 g||2 < am(m(Ez )lle||* where ¢ ~ N(0, I ).
c||? ~ X|2G|’ and we can again use Lemma A.1.1 to obtain the following bound for the mean

width:

w(E%C)2 < 01 + (\/_ (v/21log(M) + VB)? [max Umax(EG):|
k(1 \/2 log(M) + V' B)? (A.6)

S Omax (E
Jmm(

where the last inequality follows from Lemma A.3.1.

We then have that so long as the number of measurements n is larger than C'd 2 times the
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quantity in (A.6),

However, note that

2

Tmin(B)[|& — 2| < HE%@—E%:E* (A7)

(A.6) and (A.7) combine to give the final result. Note that for the sake of keeping the expo-
sition simple, we have used Lemma A.3.1 and bounded the number of measurements needed
as a function of the maximum singular value of 3. However, the number of measurements

actually needed only depends on maxgeg Omaz (X)), which is typically much lesser.

A.4 Proof of Theorem 3.3.2

Theorem 3.3.2 is (except for a minor difference in the upper bounds on 7) a true generalization
of Theorem 3.3.1, in that we recover the statement of Theorem 3.3.1 by setting w = 0 in
Theorem 3.3.2. Likewise, the proof of Theorem 3.3.1 can be obtained by setting w = 0 in
Theorem 3.3.2, so we prove only the latter result here.

Denote f; := f(x,), f; := f(&), and ffV = f(x,_1 + (@, — x;_1)). We have from

the algorithm description that

fern <nfe+ (1 —n) tivlv



152
For v € [0, 1], we define

() = (1 — y)@s + YT

Because Step 6 of Algorithm 1 chooses the value of y optimally, we have f£Y = f(xi(7yi41)) <

f(x:(7)), for all v € [0, 1], and so

fe1

<nfe+ (=) fEY

<nfe+ (L=n)f(2(7))

< nfi+

(L=n) [fe + V(@) (2:(7) — )] +

L
(1—=mn) {EH%(’V) - thQ} (by definition of L)

= fit
(1 =) [Vf(z)" (1 = y)a: +y7a11 — )] +

[ L
(=) 510 =+ a7a - el

=fi+(1—n) [’va(wt)T (Tat1 — :13,5)] +
L

(=) | lras - @)

<fit (L=n) [y —0)Vf(@)" (& -] +
(1—n) [29°LR*7*]  (see below)

< fe+ A —=n) [yA —w)(fi = fi) + 2°LR*7"] . (A.8)
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The last inequality follows from convexity of the objective function. The second-last inequal-

ity uses two results. First, note that the solution * can be expressed as follows:

w*:ZcZa, forc* > 0with Y __, ¢ <.

acA ~a
acA

We therefore have

(Vf(x:), " — )

(e (Zie) )

<Zc ) mm (Vf(xy),a) — (Vf(x), )

acA

v

> gneiE(Vf(:Bt), TQ — Xy)

L<Vf(33t)a Ty — Ty),

1l —w

IV

by the definition of a;y; in (3.11) and noting that minge 4(V f(x;)a) < 0. Second, we use

the definition of R together with ||z;||4 < 7 and a;4; € A to deduce

ITai1 — x| <7 ([lag|| + ||z /7]]) < 27R,

which we can use to bound the squared-norm term. By subtracting f* from both sides of

(A.8), and defining

O = flay) — f7, (A.9)

we obtain that

Sei1 < [1—v(1 =n)(1 —w)] & + 2(1 — n)LR*y*1%, (A.10)
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for all v € [0,1]. This inequality implies immediately that {0;};— 12 . is a decreasing se-
quence, since 7 = 0 is always a valid choice in (A.10).

Note that 69 = fy — f, = D. For the first iteration ¢ = 0, set ¥ = 1 in (A.10) to obtain a

further bound on d;:
0 < [n+w(l—n))D+2(1—n)LR** = (.

For subsequent iterations ¢ > 1, we consider the following choice of :

_ O
T oE,

By monotonicity of {d;} and the bound above on ¢;, we have 4, < 1/2 for all t > 1. By

substituting the choice v = 7; into (A.10), we obtain

(1=n)(1 = w)C = (1 = n)LR*r*
2C?

Oue1 < 6 — 0
52
=0, — =. (A.11)
e
The denominator of C'is positive because 77 € (0,1/3] and w € (0, 1/4] together imply that

(1—w)Cy — LR*® > 2(1 — w)(1 — n)LR*r* — LR*r* > 0.

Note too that
2C?

C = _ > 2C
(1—-n)((1 —w)C; — LR272)

so that §; < C /2. An argument from [6, Lemma 2.1] yields the result. Since d; < C /2,
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the bound (3.12) holds for ¢t = 1. Since {0} is a decreasing sequence, we have §; < C /2
for all ¢ > 1. For the inductive step, assume that (3.12) holds for some ¢ > 1. Since the
right-hand side of (A.11) is an increasing function of ¢, for all §; € (0, C /2), this quantity can

be upper-bounded by substituting the upper bound C /(t + 1) for 4,, to obtain

52 C C
< g — 4 < —
o1 < 0 T (t+1) (t+1)2
Ct __Cit+2) _ C

T (t+1)? (E+D2(t+2) t+2

establishing the inductive step and completing the proof.

A.5 Proof of Theorem 3.3.3

Here we prove linear convergence for CoGEnT, under the assumptions made in Theorem
3.33

We start with a technical lemma.

Lemma A.5.1. We have

[[7e][[[wel| = WHWH’

where ¢ is defined in (3.15).

Proof. It follows from (3.14) and the Cauchy-Schwatrz inequality that

)
[7ell[[well = [{re, we)| = WHHH’

giving the result. 0
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We now prove Theorem 3.3.3.

Proof. Denote f, := f(x,), f; == f(&), and ffV = f(xi_1 + n(ra; — x,_1)). We have

from the algorithm description that
fe <nfia+ @ =) (A.12)
which we express explicitly as follows:
2 1 2 1 2
lrenll” = fo < nglly = @zea |+ (1 = n)5lly — @(@-1 +wlrar — 21))|"
By using definitions of r; and w;, we obtain

e l” < mllred® + (1= n)lly — oot — 7 Pra; + 3P |
= nllr® + (1 = n)lly — ®xiy — 1®ra; + 7 Pwi + vy — eyl
= 7|7l + (L= ) [[(1 = 7e)7e + v
= nllrd” + (L= m){llrell* + A2 llwe — vel|* + 27 (re, we — 7))

= [lmel* + (1 = {3/ llwr = vl + 23 (e, wy — 7}
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By substituting the value of ~y, from (3.18) in this expression, we obtain

T, T — w2
el < lrell2 + (1 =) { <—>}

N |7 — w,||?
[re* [l — wi||* = (1 = n){re, 7 — wy)?

|7 — wy]|?

Con{rer)® = 20(r, ) we) 4 (1 ) (wy, we) — (1= 1) (g, wy)?
B |7 — wi]?
_ n{re, re) [(re, ) — 2(re, wo)| + e *lwe]* — (1 = n)(ry, wy)?
B |7 — wi?
_ ol Pl — welP — Jwell?] + (e[l ]* — (1 = n){re, w)®
a |7 — wi|?
el PLC = ) [+l — weP] — (1 — ) (e, wy)?
a |7 — wy|?
@ =)l Pllwel* = (e we)?] + mllr] P e — we?
a |7 — wy|?

2 2 52
< (1 = n)||lre][? [ we| H(‘I”I’T)‘lﬂ] +77H’l°tH2 by (3.14)

[re — wi]?

2 52
lwdl” ~ Ty

< (1 =n)|r T +nllm)|> by Lemma A.5.1 and (3.16a)
] 5 )
= [l=)1* € (1 =) 1—( ) +1
VI@®T)~[[Jw]
: 5 ,
< |lrelPR (1 —m) [1— ( ) +n by definition of w;.
[(@@T)~"[[[|lyll + |||

(A.13)

Using the definition of C' in the statement of the theorem, we can simplify the quantity inside

the braces in (A.13) as follows:

1= -Cl+n=1-(1-n)C.
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By combining this expression with (A.13), we obtain

Irec* < [1= (1 =m)C] Ire]®

From Lemma 2.1 in [6], we then have

lrz]|* < [l7ol|* exp (=TC(1 =),

completing the proof. 0
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