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Abstract

Signal models have always been central to the development of new and better algorithms. This
thesis is concerned with sparse representations modeling, which builds upon the observation
that natural signals can be well approximated by a few elements from a vast collection of atoms,
commonly termed dictionary. Over the last decade, many works have studied the problem of
retrieving the sparse set of atoms that best represent a given measurement signal, and proposing
ways of adapting and training this model from real-world data. The latter task, known as the
dictionary learning problem, has empowered sparse enforcing methods to achieve remarkable
results in many different fields from signal and image processing and restoration to higher level
tasks such as detection, classification and several other machine learning applications.

This new sparsity-inspired model, while greatly successful, has typically been applied to small
and local signal patches due to the computational constraints that solving these problems entails.
More precisely, various computationally efficient algorithms were suggested for solving global
problems by addressing a collection of relatively independent local sub-problems. This paradigm
results in a series of inconsistencies, however, which we loosely refer to as a local-global gap, with
both practical and theoretical implications. In this thesis, we will first propose different and
complementary strategies to significantly alleviate several of these issues by deploying multi-scale
analysis tools and global regularization techniques, such as the expected patch log-likelihood and
Laplacian regularization. We will then circumvent these inconsistencies altogether by tackling
the problem of learning a sparse representation model for high dimensional signals. Building
on the double sparsity model and a cropped wavelets dictionary, this will take us to propose a
new dictionary learning algorithm resulting in large trainable atoms, dubbed Trainlets. This
approach will not only deliver state-of-art results in dictionary learning, but will also enable us
to address problems and applications that are simply out of the scope of local methods.

Towards the second part of this thesis, we will consider the Convolutional Sparse Coding
(CSC) model, which will be shown to be a (somewhat surprising) answer for the local-global
gap. This relatively new model, however, comes with a loose and hardly applicable theoretical
analysis. We will expand much of the classical sparse representations theory to the convolutional
case, providing uniqueness, stability and recovery guarantees based on a new local measure of
sparsity. On the one hand, this will give a theoretical justification to abundant work dealing with
algorithmic solutions to this problem. On the other hand, our approach will guide the development
of new pursuit and dictionary learning algorithms that, while solving global problems, think

and work locally. Towards the last part, and motivated by a very recent connection between



CSC and the rising topic of deep learning, we will analyze the Multi-Layer Convolutional Sparse
Coding model, which proposes a global construction composed of a cascade of convolutional
layers. We will propose a sound pursuit algorithm for signals following these model assumptions
by adopting a projection approach, providing new and improved bounds on the stability of its
solution and analyzing different algorithmic alternatives. A dictionary learning algorithm will
be naturally derived from our study, enabling to train the nested convolutional filters from real
data, and employing them in several applications.

This thesis condenses a tour of different alternatives that seek to better serve global problems
while leveraging the powerful locally sparse modeling framework. The outcomes of this work are
several new algorithms, practical solutions, novel models and theoretical results that, I hope and

believe, will empower the next generation of signal modeling.



Chapter 1

Introduction

Signal models are the expression of our partial understanding of the manifestation of natural
phenomena. They intend to condense, in a few mathematical rules, the basic characteristics
that describe all there is to know about the signal of interest. Clearly, the accuracy of the
characterization is problem-dependent, and more accurate descriptions will commonly lead to
more complex models. These mathematical constructions, while imperfect, provide progressively
better comprehension of real world signals, and have enabled the development of practical
applications such as signal and image restoration, detection and classification, among a myriad
of other problems.

The concept of parsimony, on the other hand, has been known to thinkers and scholars
for a long time. It suffices to refer to Occam’s Razon [Sobl5] to understand that simplicity
and parsimony where admired qualities among philosophers and early scientists. This concept
inevitably influenced physics and the modern sciences, from Newton [Haw03] to Solomonof [RH11].
Eventually, around two or three decades ago, the advent of Wavelets begun to influence signal
and image modeling, bringing about the understanding that natural signals can be (well)
described by a linear combination of only a few building blocks or components. Since then,
much progress has been achieved by sparse representations in terms of a redundant collection
of signal atoms, commonly known dictionary [BDEO09]. Backed by elegant theoretical results,
this model has led to a series of works dealing either with the problem of the pursuit of such
decompositions, or with the design and learning of better atoms from real data [RBE10]. The
latter problem, termed dictionary learning, empowered sparse enforcing methods to achieve
remarkable results in many different fields from signal and image processing [RPE14, MBS09] to
machine learning [JLD13,PCCP14,SPC14].

This new transform model is typically accompanied by hard optimization problems and
algorithms that have a high computational complexity [RZE08]. These reasons, together with the
curse of dimensionality, causes that whenever this model is deployed to real-world applications,
this sparse prior is not enforced on the global signal or image but rather on small local portions, or
patches, from it [Elal0]. This local paradigm, while powerful and computationally effective, has
important limitations that arise from modeling a global signal by simply operating on it locally.

These limitations, loosely referred to as the local-global gap, are both practical and theoretical.



In restoration applications, this results in texture-like artifacts, particularly noticeable in smooth
regions. From an estimation perspective, local neighboring regions do not provide a coherent
estimation of their overlap. Could we circumvent these problems by somehow learn a global
(but perhaps restricted) model? More importantly, these methods have overlooked a central
question: what is the actual global model imposed on signals when working under this local

sparse modeling framework? These issues will be our guiding points throughout this work.

1.1 Local Restoration Methods

Our starting point is the SparseLand model and its application to image restoration problems
based on a local modeling strategy. Image restoration is any task that aims to recover an image
that has undergone some damaging process, usually modeled as resulting from a degradation
operator applied to the image with the addition of acquisition noise. Some typical image
restoration problems include tmage denoising, where only noise is added to the original image;
image inpaiting, where some pixels or even areas of the image have been completely removed by
the degradation operator; and image debluring, resulting in an image that looks out of focus or
otherwise blurred.

All these are ill-posed problems, and so it becomes necessary to include some prior information
or assumptions into the restoration formulation. This is exactly the role of the signal model:
incorporating prior knowledge or beliefs about the unknown signal. In this context, the restoration
task consists of obtaining an estimate of the image which is properly related to the measurements
but that is likely under the imposed model. In one very popular form, this process reduces —
either implicitly or explicitly — to the Maximum a Posteriori (MAP) estimator of the unknown
image under some prior. In the last two decades, much effort has been put into developing
better models for image restoration, some of these being based on adaptive smoothness [TM98],
low-rankness [CLMW11], self-similarity [DFKEO06], sparsity [EA06], and combinations of some
of these [MBS09, PSWS03]. These priors have become very popular as they often result in

computationally effective algorithms with state-of-the-art performance.

1.2 Upgrading Local Restoration Methods

However effective, most state of the art methods share the limitation of working on a single scale
and operating on patches of the same size. This local strategy of treating image patches has
inherent limitations in terms of the amount of information available per local estimate. Our first
contribution [SOE14] tackles this particular point, presenting a patch-based denoising algorithm
relying on a sparsity-inspired model (K-SVD [AEBO06]) while leveraging a multi-scale analysis
framework. This allows us to overcome some of the disadvantages of the popular algorithms by
considering patches of different effective size in a natural and computationally practical way. We
propose an algorithm in which we look for a sparse representation under an already sparsifying
wavelet transform by adaptively training a dictionary on the different decomposition bands of

the noisy image, leading to a multi-scale extension of the K-SVD denoising algorithm [EA06].



We then combine the single-scale and multi-scale approaches by merging both outputs by a
weighted joint sparse coding strategy. Our experiments on natural images indicate that the
proposed method is competitive with state of the art algorithms in terms of PSNR, while giving
superior results as to visual quality.

From a Bayesian point of view, most algorithms that operate locally invest their effort on
maximizing an a posteriori estimator with respect to some sophisticated prior on the extracted
patches, and eventually obtain the final image simply by averaging these processed patches back
together. This averaging process, while practical, leads to eventual patches that are in fact
not likely under the employed model. Recently, the Expected Patch Log Likelihood (EPLL)
method was introduced in [ZW11], arguing that the chosen model should be enforced on the
final reconstructed image patches instead. In the context of a Gaussian Mixture Model (GMM),
this idea has been shown to lead to state-of-the-art results in image denoising and debluring. In
our second contribution [SE15], we combine the EPLL framework with a sparse-representation
prior. Our derivations lead to a close yet extended variant of the popular K-SVD algorithm. We
show that in order to effectively maximize the EPLL the denoising process should be iterated,
and we present a method that intrinsically determines the corresponding local noise thresholds
in order to improve the image estimate. Our results show a notable improvement over K-SVD in
image denoising and inpainting, achieving comparable performance to that of EPLL with GMM.

More broadly, all these local denoising algorithms (GMM, EPLL, K-SVD, among others)
can be understood as global pseudo-linear operators. These algorithms — acting on the entire
noisy image — can be thought of having a two-step implementation process: first building a
linear operator based on some non-linear decision rules (e.g., which atoms to employ for each
patch) and then simply applying this operator to the noisy image in order to obtained the
result. This is the approach we take in [SRE16] when studying the resulting operator from the
Gaussian Mixture Model (GMM) [PSWS03]. Focusing then on the denoising formulation, we
incorporate a graph-based regularization term leveraging the corresponding GMM graph that
emerges from this denoiser [Mill3]. From a variational interpretation, the resulting algorithm
extends and improves the non-local diffusion algorithm [GOO07] by replacing the Non-Local Means
kernel [BCMO05] with a GMM one. Our results indicate that this approach, termed Gaussian
Mixtures Diffusion (GMD), consistently improves over both the original GMM scheme and the
non-local diffusion algorithm. Furthermore, GMD is competitive or even better than the state
of-the-art method of EPLL.

1.3 High Dimensional Dictionary Learning

Clearly, the local-global gap arises from employing local models to address a global problems.
What if one could employ a global model directly? This direction of work is indeed appealing,
as it avoids all the problems discussed in the section above. Such a strategy is not as trivial
as it might seem, however, since obtaining a model for increasingly higher dimensional signals
suffers from the curse of dimensionality, and imposing or training it from real data can result in

prohibitive computational costs.



In another contribution [SOZE16], we show how to efficiently handle bigger dimensions
and go beyond the small patches in sparsity-based signal and image processing methods. We
build our approach based on a new cropped Wavelet decomposition, which enables a multi-scale
analysis with virtually no border effects. We then employ this as the base dictionary within a
double sparsity model to enable the training of adaptive dictionaries. To cope with the increase
of training data, while at the same time improving the training performance, we present an
Online Sparse Dictionary Learning (OSDL) algorithm to learn this model effectively, enabling it

to handle millions of examples and resulting in large adaptable atoms that we coin Trainlets.

The reported results show that not only this approach provides state of the art performance
in dictionary learning, but it also allows sparsity-based methods to tackle new problems that
remained unreachable until now. For example, in [SE16], we address the specific problem of
inpainting large regions of face images. This is a challenging task, as attempting to solve it
with local methods is generally infeasible: for the inpainting to be successful, one must have a
global model of how a face should look like, what facial features such images contain, etc. We
avoid these problems by employing the above Trainlets approach to learn a global dictionary for
this class of images. When this model is deployed with a sparse prior, we obtain very plausible

reconstructions that outperform competing methods.

1.4 Convolutional Sparse Coding

While the above global method is very effective in modeling relatively large image patches, or
even global images from a similar class, it is still too limited when attempting to model arbitrarily
large natural images. An elegant and more profound solution to the above-described local-global
dichotomy is given by the Convolutional Sparse Coding (CSC) model. This model assumes that
the global dictionary is structured as the concatenation of banded Circulant matrices, and in
doing so it provides a global model with a shift-invariant local prior. Although several works
have presented algorithmic solutions to the global pursuit problem under this new model, no

truly-effective guarantees are known for the success of such methods.

Moving to our fifth contribution [PSE17a], we address the theoretical aspects of the sparse
convolutional model, providing the first meaningful answers to questions of uniqueness of solutions
and success of pursuit algorithms. To this end, we generalize mathematical quantities, such as
the g norm, the mutual coherence and the Spark, to their counterparts in the convolutional
setting, which intrinsically capture local measures of the global model. We further extend the
analysis to a noisy regime, thereby considering signal perturbations and model deviations. We
address questions of stability of the sparsest solutions and the success of pursuit algorithms, both
greedy and convex. Classical definitions such as the RIP are generalized to the convolutional
model, and existing notions such as the ERC are connected to our setting. On the algorithmic
side, we propose a simple yet effective approach to solve the global pursuit problem by using
simple local processing, thus offering a first of its kind bridge between global modeling of signals

and their patch-based local treatment.



1.5 Multi-Layer CSC

While the CSC model has gained increasing attention, a multi-layer (ML) extension of this model
was very recently proposed in [PRE17]. Most interestingly, this ML-CSC model consisting of a
cascade of convolutional sparse layers, provides a new interpretation of Convolutional Neural
Networks (CNNs). Under this framework, the computation of the forward pass in a CNN is
equivalent to a pursuit algorithm aiming to estimate the nested sparse representation vectors —
or feature maps — from a given input signal. These results are encouraging, as they show for the
first time stability guarantees for a problem for which the forward pass provides an approximate
solution. Despite having served as a pivotal connection between CNNs and sparse modeling,
a deeper understanding of the ML-CSC is still lacking: there are no pursuit algorithms that
can serve this model exactly, nor are there conditions to guarantee a non-empty model. While
one can easily obtain signals that approrimately satisfy the ML-CSC constraints, it remains
unclear how to simply sample from the model and, more importantly, how one can train the
convolutional filters from real data.

In a last contribution of this thesis [SPRE17], we propose a sound pursuit algorithm for
the ML-CSC model by adopting a projection approach. We provide new and improved bounds
on the stability of the solution of such pursuit and we analyze different practical alternatives
to implement this in practice. We show that the training of the filters is essential to allow for
non-trivial signals in the model, and we derive an online algorithm to learn the dictionaries from
real data, effectively resulting in cascaded sparse convolutional layers. Last, but not least, we
demonstrate the applicability of the ML-CSC model for several applications in an unsupervised
setting, providing competitive results to state-of-the-art work in the deep-learning arena. This
last work represents a bridge between matrix factorization, sparse dictionary learning and sparse

auto-encoders, and we analyze these connections in detail.

1.6 Thesis Structure

The organization of this thesis follows, to a large extent, the organization of this introductory
chapter. In addition, each chapter is roughly organized following the corresponding related
publications.

We will begin by providing background material on Sparse Representation modeling in a
general sense in Chapter 2, introducing relevant pursuit algorithms and theoretical guarantees.
We will further introduce the problem of dictionary learning and describe a few popular and
recent algorithms for this task. We will then move to the novel part of this work, starting
by addressing image processing restoration problems in Chapter 3, focusing particularly on
image denoising. We will present three strategies to alleviate some of the issues arising from
the local-global gap while still working on small image patches. Chapter 4 will be concerned
with introducing our approach for high dimensional dictionary learning with Trainlets. We
will naturally derive border-effects-free cropped wavelets, introduce the learning algorithm and

finally study the performance of this approach on several image processing problems, including



the inpainting of large face images.

We will then undertake a systematic study of the CSC model in Chapter 5, where we will
provide new theoretical guarantees for the optimization problems involved and for the algorithms
that attempt to solve them. We will then extend this analysis to the Multi-Layer version of the
CSC in Chapter 6, providing new and tighter bounds for the recovery of signals satisfying these
model assumptions. We will introduce a learning algorithm to adapt the nested filters from real
data, and demonstrate the model on several applications.

We will lastly conclude in Chapter 7, where we will comment on open questions and working

directions that arise from the works compiled in this thesis.

1.7 Notation

This thesis is compiled based on the results from several publications, often treating different
models and applications. Nevertheless, we will strive to maintain a consistent notation throughout
this document whenever possible. We will generally refer to vectors with bold lowercase letters
to differentiate them from matrices that will be denoted by bold uppercase letters, and from
scalar quantities, in non-bold letters. The notation employed in Chapter 5 will represent an
exception to this general rule, as we will employ both lower and uppercase bold letters for local
and global vectors, respectively. We will make this distinction precise at that point.

While each chapter will employ notation specific to each topic, we will typically refer to
signals (or images) by the vectors y, x and z, while denoting v or n measurement noise or model
deviations. Throughout this thesis, we will employ n to depict the signal dimension of local
patches, and N to refer to the global dimension. The number of atoms, d;, in a dictionary D

will be denoted by m. The remaining notation will be specified when needed.



Chapter 2

Preliminaries on Sparse Modelling

Chapter Abstract

Sparse representations modeling assumes that a natural signal can be well described by a
linear combination of only a few basic signal components, or atoms, represented as columns
from a redundant matrix, termed dictionary. The problem of searching for this sparse set of
building blocks, while being NP-hard in general, can be addressed by a variety of approximation
algorithms with provable performance bounds. When coupled with different approaches that
allow for learning the dictionary from real data, this model provides excellent performance in
a variety of signal and image processing applications. In this chapter we review the basics of
sparse representation modeling, assesing the type of guarantees that can be claimed and the

typical approaches to deploy this model to real data.



2.1 Sparse Solutions to Redundant Systems of Equations

The benefits of having a representation where most of the information is concentrated on only
a small part of our data have been known for decades. Such representations, where most of
its entries are zero except for only a few of them, are called sparse. Sparse signals — or signals
belonging to the SparseLand model — are such that can be represented or well approximated by
a linear combination of only a few signal elements, called atoms. Given a collection of atoms,
represented by the matrix D and termed dictionary, one can represent an n—dimensional signal

x by

x = D~

L counts the number of

where D € R™™, v € R™, and ||v||op < n, where the lyp pseudo-norm
non-zero coefficients in 7. The dictionary is usually redundant, i.e. m > n, and while this choice
ruins the benefit of orthogonality between the atoms in D, it enables very sparse representation

vectors .

2.2 Sparse Coding

Clearly, if m > n and D is a full-rank matrix, there exist infinite representations < that can
generate x. We therefore regularize this problem by searching for the sparsest of all these
representations, yielding a formulation known as sparse coding, or pursuit. This pursuit problem

can be formally posed as follows:

(Ry) : m‘gn vllo st. x=D~. (2.1)

Given the non-convexity (and highly discontinous) £y norm, this problem is NP hard in
general [DMA97]. Nevertheless, several results have shed light on the circumstances under which
a unique solution can be claimed. These guarantees are typically given in terms of properties
of the dictionary D, such as the Spark, defined as the minimum number of linearly dependent
columns in D [DE03]. Formally,

o(D) =min [ly[o st. Dy=0,v#0.

Based on this property, a solution obeying ||7v|lo < o(D)/2 is necessarily the sparsest one [DE03].
Unfortunately, this bound is of little practical use, as computing the Spark of a matrix is a
combinatorial problem — just as hard as solving the problem in Equation (2.1), and infeasible in
practice.

Other guarantees are given in terms of the mutual coherence of the dictionary, p(D). This

'From this point onward, we will refer to o norm as norm, in a slight abuse of nomenclature.
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measure quantifies the similarity of atoms in the dictionary, defined in [DE03] as:

] d;|
p(D) = max =
i#j || dgll2 [|djll2

Unlike the Spark, this quanatity is easily computable. A relation between the Spark and the

mutual coherence was shown in [DEO03], stating that (D) > 1+ % This, in turn, enables

u(
the formulation of a practical uniqueness bound guaranteeing that -~ is the unique solution of

the Py problem if:

I7llo < 5 (1+1/(D)) . (22)

Due to the combinatorial nature of these problems, the usual way to tackle such a pursuit
is to approximate its solution instead of finding it exactly. Two approaches are possible:
either minimizing the problem in (2.1) with a greedy strategy, or else relaxing the non-convex
lp norm by some convex alternative such as the popular [; norm. Within the first family
of methods, the Orthogonal Matching Pursuit (OMP) [PRK93] has shown to yield a good
compromise between accuracy and complexity, and it has become a popular option. On the
other hand, FOCUSS [GR97], shrinkage algorithms [BD08, Ela06] and other convex optimization
techniques [Tro06] enable to approximate the solution of the problem above in the [; case.
Interestingly, both families of methods have been proven to recover the true solution of the Py
problem if the representation vector is sparse enough. This sparsity (or rather, cardinality) bound
depends on the mutual coherence of the dictionary just as before [DET06, Tro04, DE03, GN03]
and detailed in Equation (2.2).

In real world applications, due to noisy measurements and model imperfections, the idealistic
setting portrayed above is not directly applicable. Consider one is given the measurements
y = D~ + n, where n is a nuisance vector of bounded energy, ||n||2 < e. In this case, one can
extend the Py problem to consider these signal perturbations and enforcing the model only

approximately, obtaining:
(F5): min ylo st Dy -yl <e (2.3)

Unlike the noiseless case, given a solution to this problem, one can not claim its uniqueness
but instead can guarantee that it will be close enough to the true vector + that generated
the signal y. This kind of stability results have been derived in recent years by leveraging the
Restricted Isometry Property (RIP) [CT05]. A matrix D is said to have a k-RIP with constant
0y, if this is the smallest quantity such that

(1= aR)ll713 < D3 < (1 +)lIvI3,

for every ~ satisfying ||7v|lo = k. Based on this property, it was shown that assuming =y is
sparse enough, the distance between « and the solution to the P§ problem is bounded [Elal0].
Similar stability claims can be formulated in terms of the mutual coherence also, by exploiting

its relationship with the RIP property. For example, from [Elal0], if 4 is the solution to the
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problem in (2.3), and if [|y[lo = k < (1 + 1/u(D), then

4¢?
1= 2k)u(D)’
Success guarantees of practical algorithms, such as the Orthogonal Matching Pursuit (OMP)

2, 2 <
g% 7M_1_(

and the Basis Pursuit Denoising (BPDN), have also been derived under this regime. In the
same spirit of the aforementioned stability results, both approaches where shown to recover a
solution close to the true sparse vector as long as some sparsity constraint, relying on the mutual
coherence of the dictionary and the noise energy, is met [Tro04, DETO06].

Another useful property for analyzing the success of pursuit methods, initially proposed
in [Tro04], is the Exact Recovery Condition (ERC). Formally, one says that the ERC is met for

a support 7 with a constant 6 whenever

H=1- D! d;||; >0,
gﬁ!TAh

where we have denoted by Dl} the Moore-Penrose pseudoinverse of the dictionary restricted to
support T, and d; refers to the i*” atom in D. Assuming the above is satisfied, the stability of
both the OMP and BP was proven in [Tro06]. Moreover, in an effort to provide a more intuitive
result, the ERC was shown to hold whenever the total number of non-zeros in 7 is less than a

certain number, which is a function of the mutual coherence.

2.3 Dictionary Learning

Clearly, the choice of the dictionary is a central issue as the ability to obtain a sparse representation
for a given signal will depend on how well the respective atoms can represent it. Initially,
analytically defined dictionaries were — and still are — used for sparse coding [CDS01]. These
dictionaries are defined in terms of algorithms or transformations rather than explicit matrices,
and as such are have a very efficient implementation. Common examples of these include
the Discrete Cosine Transform [Jai79], wavelets [Mal08], contourlets [DV02], shearlets [KT12],
among other. However, even though some of these analytical constructions are optimal (in an
approximation rate sense) for certain classes of functions, the mathematical rules by which they
are defined might not necessarily provide the most sparsifying transform for real data.

A better alternative is to train the dictionary from real data. In this problem, the objective
is to obtain the most representative set of atoms such that they enable a good (i.e., sparser)
representation for many real cases. Consider one gathers a collection of N training examples
arranged in a matrix Y € R™¥. The dictionary learning problem can then be posed as
minimizing a reconstruction term, subject to the sparsity of each representation vector and a

constraint on the atoms (to resolve a norm ambiguity):

1villo < & Vi

s (2.4)
Idjll2 =1V

in ||[Y — DI||% s.t.
%gH ||z st {
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where T' € R™*Y are the corresponding sparse vectors, ordered column wise.

This problem is highly non-convex, not only for inheriting the £y norm of the sparse coding
problem, but also because of the multiplication of the factors. Many algorithms have been
proposed to minimize the above objective, and though different, they generally follow an
alternating minimization strategy. Under this iterative framework, at each ¢ iteration, on
frizzes one variable (say, the current estimate D*~1), and then minimizes the cost in (2.4) just
with respect the sparse codes I't. This is nothing but the pursuit problem we commented on
the previous subjection for a number of N signals. Again, greedy approaches and relaxation
methods can be employed for this stage.

Once the matrix I'* has been updated, one keeps this variable fixed and minimizes the cost
with respect to the dictionary D. In other words, and up to the norm constraint (which is easily

amendable with a subsequent projection) the problem reduces to:
min | Y — DIY|3. (2.5)

It is in this step that most approaches differ from one another. For example, in one of its earliest
forms (the MOD algorithm from [EAHO00]) the matrix D was simply found by the least-squares
solution,

D' = YI'".

This whole process is then iterated until convergence, or until a sufficient representation error
has been obtained.

More sophisticated approaches have been proposed. Among them, the K-SVD algorithm
[AEBO6] has been extremely popular in a myriad of different applications. The main characteristic
of this approach is to employ a sequential atom-wise update of the dictionary. This way, one is
interested in minimizing the cost in (2.5) only with respect to the, say, j* atom. One can write
this problem as

min |[B; — d;T 1

where E; =Y — Z#j diI‘? is the error term of the j** atom and I‘]T denotes the j% row of the
matrix I". This problem has a solution in terms of the SVD decomposition of the error matrix
E; — thus, the name of the algorithm — providing a rank-1 approximation to E; However, in
order to maintain the sparsity of I', this decomposition is performed not on the entire error
matrix but rather on a reduced version of it, containing only those signals that employ the atom
d; in their decomposition.

Before moving on, we comment on a popular alternative method, the Online Dictionary
Learning (ODL) algorithm by [MBPS10]. Both of the above methods (K-SVD and MOD) are
batch learning algorithms: the entire set of training examples is needed in order to perform a
dictionary update step. This approach can be prohibitive in high dimensional scenarios or in
cases with a very large dataset. The ODL proposes a solution that works in an online regime,
by minimizing a quadratic surrogate of the expected loss function. Generally speaking, this

algorithm also alternates between sparse coding and a dictionary update stage, but it does so
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tth

one sample at a time. At iteration ¢, one first solves the following pursuit for the signal

example y;

1
~; = argmin §||Yt — DAl5 + A1,
¥

solved in practice with the LARS algorithm [EHJ'04]. Then, the update of D is driven by the
surrogate loss
1< (1 )
agn 33 (31— Dl + Al

The ODL algorithm searches for the dictionary that minimizes the cost above in a block-coordinate
descent manner, which results in a closed-form update that leverages the past information of
previously seen samples, and it does so in an efficient way by keeping two auxiliary matrices.
After adding a few modifications (like managing mini-batches, scaling past data and pruning
unused atoms), this algorithm has shown state-of-the-art performance in a number of different
applications [MBPS09, MBPS10].

2.4 Sparse Modeling and Inverse Problems

Inverse problems in image processing consist of recovering an original image that has been
degraded. Denoising, debluring and inpainting are specific and common such examples, in which

one is given the measurements y, generally modeled as
y = Ax+n, (2.6)

where A is a known linear? operator and n represents measurement noise, assumed to be
independent and normally distributed. Put formally, these problems attempt to estimate the
underlying image x given the measurement y. Since these restoration problems are ill-posed,
it becomes necessary to include image priors as regularizers, which results in developing a
Maximum a Posteriori (MAP) estimator for the unknown image x. This can be formulated as
an optimization problem where we look for an estimate which is close enough to the measured
image while being likely under this prior. Most state of the art methods employ, either implicitly
of explicitly, some prior knowledge of this form [EA06, PSWS03, MBS09, DFKE06].

In the field of sparse representations, this restoration task can be generally formulated as
follows. Considering the denoising case for simplicity (i.e., A = I), and letting P; denote a
patch-extraction operator that extracts an n-dimensional patch from y, one is usually interested
in an optimization problem like the following [EA06, MESMO0S]:

. 1 2 1 2
—llx—y +)\E —[|D~,; — Pix||5 + il |y,

In words, this loss searches for an estimate x closed to y such that every patch from it has an

2While we will restrict our study to known (and linear) degradation operators, unknown degradation operators
have also been considered in the literature, for example in [SLE15].
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approximation in terms of sparse vectors ,; and dictionary D.

Noticing the similarities with the dictionary learning problem studied above, this is a
generalization of it where all training examples come from a real (high-dimensional) image.
Therefore, one can employ the same alternating minimization approach to approximate the
solution of this problem as well. In practice, this reduces to taking all overlapping patches P;x,
and then iterating between sparse coding and dictionary updates. Once the iterates converge,
the patches are finally merged back together by averaging. When the update of the dictionary is
done with an SVD step, this results in the K-SVD denoising algorithm [EA06].

Is this optimal? Why should we reconstruct the global image only once? what are really the
model assumptions imposed on the global image x? We will gradually answer these questions in

the coming chapters.
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Chapter 3

Upgrading Local Methods

Chapter Abstract

Over the last decade, a number of algorithms have shown promising results in removing additive
white Gaussian noise from natural images, and though different, they all share in common a patch
based strategy by locally denoising overlapping patches. While this decreases the complexity of
the problem, it also causes noticeable artifacts when dealing with large smooth areas. In this
chapter we present two different patch-based denoising algorithms relying on a sparsity-inspired
model (K-SVD) that significantly alleviate these problems. The first one employs a multi-scale
analysis framework, in which we look for a sparse representation under an already sparsifying
wavelet transform by adaptively training a dictionary on the different decomposition bands of
the noisy image itself, leading to a multi-scale version of the K-SVD algorithm. The second
approach focuses on a relatively recent idea, the Expected Patch Log Likelihood (EPLL). This
framework argues that the chosen model should be enforced on the final reconstructed image
patches, and not just on the intermediate ones. We will show how to combine the EPLL with
a sparse-representation prior, and our derivations will lead to a close yet extended variant of
the popular K-SVD image denoising algorithm. Finally, we study the global properties of the
denoising operator resulting from the GMM denoising algorithm, and we leverage it to employ a
Laplacian regularization. This method shares similarities with variational approaches, and can
be thought of as a generalization of the non-linear diffusion algorithm. In all cases, we will see

how local patch-based algorithms can be boosted to better serve global restoration problems.
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3.1 Local Priors and Image Restoration

Inverse problems in image processing consist of recovering an original image that has been
degraded. Denoising, debluring and inpaiting are specific and common such examples. Put
formally, these problems attempt to recover an underlying image x given the measurement y
such that

y =Ax+n, (3.1)

where A is a known linear operator and n represents measurement noise. In dealing with this
problem, it is common to work with image priors as regularizers and develop a Maximum a
Posteriori (MAP) estimator for the unknown image x. This can be formulated as an optimization
problem where we look for an estimate which is close enough to the measured image while being
likely under this prior. Most state of the art methods employ, either implicitly of explicitly, some
prior knowledge in the form of smoothness [TM98], self-similarity [DFKEO06], sparsity [EA06],
and combinations of some of these [MBS09, PSWS03]. Learning specifics priors from real data, by
adapting them to the image and problem at hand, has shown to enable better performance under
this approach [MBPS09, RB09]. However, this learning process is computationally expensive
and it is usually restricted to small dimensions, which leads naturally to the modeling of small
image patches [AEB06, WF07].

When deploying a sparse enforcing prior, as briefly mentioned at the end of Chapter 2, this

can be done in terms of the following optimization problem,

. 1
min -

A
%, {7:},D 2Hy_AX||%+§Z||D%’—PiX||§+Mi||%-|Io-
) S P

This expression seeks for an underlying image x that would be close to y if one applies the
degradation operator A, and such that every patch from it, P;x, can be expressed as D+; for a
sparse vector 7y;. We make use of the linear operator P; that extracts a small image patch of
length n (typically 8 x 8 - 11 x 11) from an image of dimension N. In addition, one minimizes

the expression with respect to the dictionary D as well, adapting the model to the data.
This problem is highly non-smooth and non-convex. The popular K-SVD algorithm [EA06]

minimizes the expression above by taking an alternating minimization approach: first fixing the
dictionary and the target image and optimizing with respect to the sparse vectors «y,;. Then,
keeping these fixed and updating the dictionary D. One might repeat this process several times,
until fixing those and updating the image x. The loss above is quadratic with respect to x, and
so this step simply amounts to aggregating the image patches and averaging with appropriate
weights.

This local strategy, while very effective both in terms of computational complexity and
restoration performance, is known to cause significant artifacts in the estimated images. In fact,
these problems are not unique to sparse-enforcing methods as they appear in practically all
restoration method that employ a patch-based approach. This can be clearly seen in Figure 3.1,

were we depict a natural image contaminated with Gaussian noise of standard deviation of 35,
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Figure 3.1: One image from the dataset in [oCD] contaminated with Gaussian noise of o = 35
(left), and the denoising results by the state-of-the-art method of BM3d (right) [DFKEOQ7] with
PSNR = 33.16.

and the results obtained by the state-of-the-art algorithm BM3D [DFKEOQ7]. As one can see,
despite the PSNR measure being considerably good (33.16 dB), the resulting image contains
severe texture-like artifacts, particularly noticeable in smooth areas of large images — which,
ironically, are often not appreciated in the smaller and popular images used in computer vision
community. These artifacts are mainly caused by a lack of agreement of the local (per patch)
estimates of the image value at that locations. This is the problem we intend to solve in the

works presented in this Chapter.

3.2 Multi-Scale Sparse Modeling and Restoration

An appealing direction to globalize patch-based algorithms is through a multi-scale approach.
Indeed, working at different scales can provide a broader analysis of image patches, forcing
them to consider more global information. This is the approach we took in [SOE14], where we
proposed to merge the K-SVD denoising algorithm [EA06] with a wavelet analysis, in a similar
way to the approach taken in [OLE11]. This leads to an effective sparse decomposition of the
image content using different scale atoms in a natural way. As a result, the potential of the
K-SVD denoising algorithm is exploited beyond the single scale limitations, reaching state of
the art results. In this section we describe this idea in detail, tie it and contrast it to existing

work, and demonstrate the effectiveness of the proposed scheme.

3.2.1 Related Work

The idea of combining dictionary learning with a multi-scale analysis framework is not new.
In [SO02], the authors proposed to train wavelet coefficients with a sparsity inducing prior on a
wavelet pyramidal decomposition structure, achieving slightly better results for compression.
Later, the authors in [MSEQ7] used different size patches taken from a quadtree structure to train

a multi-scale dictionary, in a first extension of the K-SVD algorithm to a multi-scale scheme.
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The work presented in [OLE11] introduced the construction of true multi-scale dictionaries
by learning patch based atoms in the analysis domain of the wavelet transform. In this case, the
resulting dictionary appears as the multiplication of a wavelet synthesis matrix with a learnt
dictionary in the wavelet domain, i.e., D = WgD, where Wy is the synthesis matrix of a wavelet
(inverse) transform. However, choosing an orthogonal wavelet with periodic extension enables the

authors to work in the analysis domain instead, by solving the following optimization problem:
I]I)lin |[Way — DT||% subject to ||v,]]o < k, Vi,
,X

where W, is the analysis operator (wavelet transform) matrix. This expression suggests to adapt
the atoms to sparsely represent the wavelet coefficients of the different training examples. In this
sense, the expression represents a slight abuse of notation as WAy denotes small dimensional
patches taken from the wavelet coefficients of the image y, arranged column-wise. Moreover, the
authors proposed to train different sub-dictionaries Dy, per band by employing K-SVD on 8 x 8
patches of the wavelet sub images. This simple scheme allows to work with different sized atoms,
since a patch in a first decomposition level implies an effective patch of four times its area in the
image domain. Once the collection of sub-dictionaries is trained, the authors in [OLE11] use a
global framework for the sparse coding stage, where the patches from different scales compete for
additional coefficients selecting the one that gives the most profit in terms of the residual energy,
with a global variant of the OMP algorithm.

All these approaches have looked for a better representation of some class of data or images in
terms of some dictionary. As such, they fail to treat the denoising task competitively, as indeed
demonstrated in [OLE11]. In [EA06], the K-SVD denoising algorithm was formally derived
by proposing a global image prior that forces patch-based local sparsity over patches in every
location of the image. The problem is solved iteratively using an error threshold for the sparse
coding which depends on o, the noise standard deviation, treating each patch independently.

We will make use of this concept and extend it to a multi-scale framework.

3.2.2 OQOur Contribution

In this work we propose to continue and extend the work in [OLE11], and tackle specifically the
denoising problem. In [OLE11] the authors have shown an example of a naive denoising through
M-term approximation, using a global pursuit. The results reported in this method were not
competitive with the single-scale K-SVD. In this section we propose to adapt the multi-scale
sub-dictionaries to the noisy image itself and treat the pursuit locally. This resembles the work
in [EA06], but in a multi-scale scenario. Each band of the decomposition is treated separately,
training a subdictionary for each band, which is then used to denoise the corresponding wavelet
coefficients. In a final stage, the multi-scale K-SVD and the traditional (single-scale) K-SVD
denoised images are combined though a weighted joint sparse coding in order to benefit from
the advantages that each bring. This last step allows us to maximize the information shared

between the two images, and obtain a better estimate for the original signal.
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3.2.3 Multi-scale K-SVD Denoising

Consider a noisy image y, its wavelet transform as a collection of band images ygV = (Way)y,
and its estimated denoised versions fcgv, b=1,...,L =35+ 1, with S decomposition levels.
Generalizing the work in [EA06], we propose a global maximum a posteriori (MAP) estimator

for denoising the image in the wavelet domain as

. A
min__ §HYZV =115+ misllvipllo + D IDyvip — Pisxi) |5, Vb
7¢,b7Db7Xb i q

where x; is the sparse vector for the (i)—patch in the decomposition band b, P;; the patch-
extraction operator acting on the sub-image XXV, and )\ is a penalty parameter. This optimization
problem can be solved iteratively by first considering a fixed set of dictionaries Dj and obtaining
the vectors -, ;, by any pursuit method. Then the sub dictionaries are updated using a K-SVD

step. These steps are repeated for a fixed number of iterations. Finally, we update ng by

—1
1V = ()\I +>° PZbPZ-7b> (AyXV + Pz:bDb'Yi,b> :
i 7

After the different sub band images have been denoised in the wavelet domain, the multi-scale
denoised image is obtained by applying the inverse wavelet transform. Note that by working on
patches of the same size in all decomposition levels, we consider different-scale effective patches
in the image domain. This gives our algorithm a more global outlook than that of the regular
K-SVD denoising algorithm, and involves essentially the same computational complexity, plus
the forward and backward wavelet transform. The complexity analysis detailed in [OLE11] is
still valid here.

3.2.4 Fusing Single and Multi-Scale Results

After this multi-scale K-SVD denoising stage, we go one step further. While working on the
wavelet coefficients on the different scales 1,2,..., S, we miss considering the scale 0. Following
this motivation, we propose to merge the outcome of the original (single-scale) K-SVD denoised
image Xzs with the output of the multi-scale K-SVD algorithm proposed here, X,,s. Both of
these have some remaining noise and different artifacts, but correspond to the same underlying
image. We aim to recover the information common to both of them by a weighted joint sparse
coding, as motivated by [YQR13] and shown in Fig. 3.2. Consider each patch in the single
scale and multi-scale images given by yss and y,,s, respectively. We concatenate corresponding
patches of both images with a weighting factor 8 as y = [ yL V1 + B, yLv/1— BT € R?".
We may then use the dictionary given by A = [ DT/T+ 3, DT/T =3 ]T € R?*™ {0 obtain
the sparse vector o € R™ by the OMP algorithm. Finally, the denoised patch will be given by
z = Da/y/2, in order to preserve the initial energy.

As we will see later, the multi scale K-SVD algorithm outperforms the single scale K-SVD

specially in the presence of high noise due to the increasing patch-like artefacts, which the multi
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Figure 3.2: Joint sparse coding stage of the Fused K-SVD denoising algorithm. 51 = /1 + 3,
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scale approach is more robust to. This indicates that S should be close to 1 in such cases, and
close to 0 when the noise level is lower. One could just propose a function § = f(o,) accordingly,
or choose an adaptive method that optimizes this parameter for each patch. For the sake of
simplicity we consider here a linear function of the initial noise level, from g =0 for ¢ = 0 to
B =0.9 for 0 = 50. Certainly other choices are possible, and the implications of this choice will

be commented later on.

3.2.5 Experiments

In this section we present the results of a denoising experiment on landscape images from the
online NOAA library [oCD]. We chose these images as they contain large scenery areas that are
poorly treated by typical patch-based denoising methods. One of this images is depicted in the
top left corner of Fig.3.4. Fifteen images from this dataset, size 870x 1360, were contaminated
by white Gaussian noise with zero mean and variable standard deviation ¢. For the multi-scale
decomposition we used a discrete Meyer wavelet, with 2 decomposition levels. By choosing a
unitary transform, the stoping criteria for the sparse coding stage in the denoising algorithm is
simply € = ¢ o, where ¢ = 1.15 following [EA06].

We evaluate our denoising results with two image quality measures: the popular Peak Signal
to Noise Ratio (PSNR) and the Structural Similarity Index (SSIM) [WBSS04]. While simple and
practical, the PSNR relies only on the absolute difference pixel by pixel, and does not provide
a good signal fidelity measure [WB09]. As such, its ability to compare images from a human
perception point of view is poor. The SSIM is somehow a more complete image quality measure,
which builds upon the idea that human perception is highly adaptive to structural information
from images and visual scenes [WBSS04]. We include in the results those obtained by the BM3D
algorithm [DFKEOQ6]|, computed with the code made available by the authors, and with their

recommended parameters. We also compare our performance against the regular single-scale
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Figure 3.3: Denoising results by the K-SVD [EA06], BM3D [DFKE06], multi-scale K-SVD and
Fused K-SVD algorithms, averaged over 15 testing images from the NOAA database [oCD].
Left: PSNR gain with respect to K-SVD. Right: SSIM gain with respect to K-SVD.

K-SVD. Note that all three methods use 8 x 8 patches.

We may also benefit from choosing an appropriate initial dictionary [EA06]. To this end, we
trained a single-scale and a multi-scale dictionary on 20 natural images (outside the above set of
test images), for the single-scale and multi-scale versions of the K-SVD algorithm, respectively.
The same single scale initial dictionary was later used to merge the final outcome of the Fused
K-SVD algorithm, as described in the previous section. In this case we use OMP with an error
threshold of € = 0.1 - o), where this factor has been chosen empirically, accounting not only for
the remaining noise but also for the difference in the artefacts of the two images.

In Fig. 3.3 we present the averages over all testing images for the different algorithms,
relative to that of K-SVD. The multi-scale K-SVD outperforms the single-scale K-SVD in almost
the whole range of noise variance, and the Fused K-SVD and BM3D present the best results,
with the latest being slightly higher in terms of PSNR. Note that the last weighted joint sparse
coding stage enables an extra boost, and the full fused algorithm improves the results by 0.2 -
0.3 dB compared to the plain multi-scale K-SVD. Turning to the SSIM results, the artefacts
on the smooth areas in the regular K-SVD denoised images are strongly penalized by this
measure. Multi-scale K-SVD and Fused K-SVD seem to be the best, with our methods slightly
outperforming BM3D. Fusion gives no gain with respect to this measure. In Fig. 3.4 we depict
the results of the K-SVD, BM3D and Fused K-SVD on the example image.

The reason for this difference in both measures should not be surprising. While BM3D makes
little mistakes in terms of absolute value, these errors are more noticeable when there are large
smooth areas, which causes the annoying texture artefacts that can be seen in the images in Fig.
3.4. It is in these areas where our method shows its greatest benefits. The coding of the deeper
decomposition levels implies choosing big atoms yielding nicely codded smooth patches. These

atoms are treated considering a more global approach than just looking at a 8 x 8 patch in the
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Figure 3.4: One image from the dataset in [oCD], and its denoising results (noise level o, = 35).
Top left: original image. Top right: K-SVD (PSNR = 31.01, SSIM = 0.857). Bottom left:
BM3D (PSNR = 33.16, SSIM = 0.923). Bottom right: Fused K-SVD algorithm (PSNR = 33.16,
SSIM = 0.940). Note the artefacts in the single scale patch based methods.

image domain. This makes the method more robust to higher noise levels, where the texture
artefacts become stronger. However, this advantage comes at the cost of losing some details in
the sharp edges of the image. The absolute error at these points are slightly higher that those
made by BM3D, as noted by the PSNR results.

To finish this section, we have a word about the standard images such us Lena, Barbara, etc.
In these cases the performance of the Fused K-SVD algorithm is between 0.3-0.4 dB (PSNR)
and 0.002-0.01 (SSIM) lower than BM3D. Note that these images are small (512 x 512) and
hardly present any smooth areas of considerable size. Even in these images, however, there is a
notable improvement over the regular K-SVD in both measures (up to 0.55 dB in PSNR and
0.035 in SSIM).

3.3 Expected Patch Log Likelihood

We now leave behind the multi-scale analysis approach, and focus in the formulation of the
restoration problem instead. As we saw, image restoration methods typically work by breaking

the image into small overlapping patches, solving their MAP estimate, and tiling the results
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Figure 3.5: Sub images extracted from the denoising results of the image shown in Fig. 3.4, by
the K-SVD [EA06] (left), the BM3D (center) and by the fused K-SVD method (right).

back together by averaging them [EA06, DFKE06, BCMO05]. Recently, Zoran and Weiss [ZW11]
proposed a general framework based on the simple yet appealing idea that the resulting final
patches should be likely under some specific prior, and not the intermediate ones. Their approach
is based on maximizing the Ezpected Patch Log Likelihood (EPLL) which yields the average
likelihood of a patch on the final image under some prior. This idea is general in the sense that
it can be applied to any patch-based prior for which a MAP estimator can be formulated. In
particular, the authors in [ZW11] employed the classic Gaussian Mixture Model prior achieving
state of the art results in image denoising and deblurring.

As we have discussed in Chapter 2, the idea that a natural signal or image patch can be well
represented by a linear combination of a few atoms from a dictionary is a very strong prior. This
leads to the natural question, could we use the EPLL framework with a sparsity-inspired prior?
If so, how is this related to existing methods that explicitly target this problem and what is there
to gain from this approach? In this section we explore and formally address these questions,
showing that indeed benefit can be found in employing EPLL with a patch sparsity-based prior.

We thus begin this section by briefly reviewing the EPLL framework as described in [ZW11].
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Given an image x, the Expected Patch Log Likelihood under some prior p is defined as

EPLL,(x) = Z log p(P;x),

where P; extracts the i*" patch from x. Therefore, given the corruption model in Eq. (3.1) we

can propose to minimize the following cost function:
A 2
To(xly) = S1IAx — yI — BPLL,(x),

where the first term represents the log likelihood of the image. To get around the hard
optimization of this function, the authors in [ZW11] propose to use a Half Quadratic Splitting

strategy by defining auxiliary patches {z'} for each patch P;x, and then minimizing
i _A 2 B if2 i
epp(x, {2'}y) = SllAx —yllz + > 5 |IPix — 2|3 — log p(z') (32)
i

iteratively, while increasing the value of 3. Note that for f — 0o, z' — P;x, so this parameter
controls the distance between the auxiliary patches and the patches of the image x. For a fixed
value of 3, the cost function is again broken into a two step inner minimization: first fix {z’}

and solve for x by

-1
X = </\ATA +8) Pz-TPZ) ()\ATy +8Y P z’) : (3.3)

Then, fix x and solve for {z’} by solving the MAP estimate for each patch under the prior in
consideration. This process should be repeated 4-5 times, before increasing 8 and repeating the

whole process again. Each time, the patches are taken from the image estimate at each iteration.

Within the EPLL scheme, the choice of 3 is crucial. In [ZW11] the authors set this parameter
manually to be #[17 4,8,16,32,...], where o is the noise standard deviation. In the same work
it is also suggested that 8 could be determined as § = %, where o is estimated in every iteration

by an off-the-shelf white Gaussian noise estimator.

3.4 EPLL with a Sparse Prior

In the original formulation, Zoran and Weiss propose to use a Gaussian Mixture Model (GMM)
prior which is learnt off-line from a large number of examples. In their case, the MAP estimator
for each patch is simply given by the Wiener filter solution for the Gaussian component with
the highest conditional weight [ZW11]. However, the EPLL approach is a generic framework
for potentially any patch-based prior. We now turn to explore the formulation of an equivalent

problem with a sparsity inducing prior.
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3.4.1 Cost function formulation

Consider the signal z = D=y, where D is a redundant dictionary of size n x m (n < m), and the
vector -y is sparse; i.e., ||7v|lo < n, where the [y pseudo-norm || - ||o basically counts the non zero

elements in 4. Assuming that this is the model we impose on our patches z’, Eq. (3.2) becomes

A p
enp(x {yidly) = SlIAx —y[B+ Y SIDy; — Paxl[5 + il il o- (3-4)
)

In this case, u; reflects the trade-off between the accuracy of the representation and the sparsity
of ~;. For the case § = 1, this last expression corresponds exactly to the formulation of the
K-SVD denoising algorithm in [EA06], where A = I. In this work, Elad and Aharon proposed to
use a block-coordinate minimization that starts by fixing x =y, and then seeking the optimal

~; solving the MAP estimator for each patch:
A; = argmin ;||v;lo + || Dy; — Pix][3. (3.5)
v

Though this problem is NP-hard in general, its solution can be well approximated by greedy or
pursuit algorithms [DETO06]. In particular, the Orthogonal Matching Pursuit (OMP) [Tro04] can
be used with the noise energy as an error threshold to yield an approximation of the solution to
Problem (3.5), and we employ this method in our work due to its simplicity and efficienty [RZEO0S].
This way, u; is handled implicitly by replacing the second term by a constraint of the form

min ||y||o subject to |[Dvy — P;x|3 < nco?, (3.6)
¥

where ¢ is a constant factor set to 1.15 in [EA06]. Given the estimated sparse vectors {¥,},
the algorithm proceeds by updating for the unknown image x which results in an equivalent
expression to that in Eq. (3.3) - for a specific value of 5. When denoising is done locally (training
the dictionary on the corrupted patches) the dictionary gets updated together with the sparse
vectors by using a K-SVD step. This adaptive method that trains the dictionary on the noisy
image itself has proven to be better than using a dictionary trained offline.

The initial claim in [EA06] is that the above block-coordinate minimization should be iterated.
In practice, however, repeating this process is problematic since after updating x, the noise
level has changed and it is spatially varying. Therefore, the sparse coding stage has no known
thresholds to employ. Thus, the algorithm in [EA06] does not iterate after updating x.

Increasing (3, as practiced in [ZW11], forces the distance ||D+; — P;x||2 to be smaller.
Therefore, iterating the above algorithm for increasing values of g is equivalent to iterating the
process described for the K-SVD with smaller thresholds. As we see, the algorithm proposed
in [EA06] applies only the first iteration of the EPLL scheme with a sparse-enforcing prior,
therefore losing important denoising potential. A synthetic example is shown in Fig. 3.6, where
we compare the algorithms in [EA06] and [ZW11] with the method proposed in this section.

We now turn to address the matter of the threshold design for later stages of the K-SVD in

order to practice the EPLL concept in an effective way.
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Original Image Noisy Image. PSNR = 18.59 dB

K-SVD. PSNR = 34.45 dB EPLL + KSVD. PSNR = 42.26 dB EPLL + GMM. PSNR = 37.72 dB

Figure 3.6: Denoising of a synthetic image (0 = 30). A similar demonstration was presented
in [ZW11], showing the benefits of the EPLL framework under a GMM approach. Note the
texture-like resulting artifacts in the result by K-SVD. This problems is notably reduced by the
EPLL with a Sparse Prior, the method we present in this work. We include for comparison the
result by [ZW11]. The evolution of the Peak Signal to Noise Ratios are depicted in Fig 3.9.

3.4.2 Sparse coding thresholds

Consider the threshold in the sparse coding stage, at each iteration k, to be 1/,3. Naturally, in the
first iteration of the process that aims to minimize Eq. (3.4) we set this threshold to be exactly
the noise energy o2 for all patches; i.e. i = o2, In the following iterations, however, instead of
trying to estimate the remaining noise with an of-the-shelf algorithm, we propose an intrinsic
alternative by using the information we already have about each patch.

Consider the general problem of estimating the remaining noise after applying K-SVD on
the noisy image; i.e., the first iteration of our method. From a global perspective, the estimated

image can be expressed as

-1
%= (AATA +) PiTPZ-) (AAT +) P?DSZ-D;Pi> Y,

where S; denotes the support of the sparse vector 4; chosen in the OMP, and Dyg, is the set of

the corresponding atoms in the dictionary. Leaving aside the selection of the support of each
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sparse vector, we can represent this operation by a linear operator as

x =L(x+ n). (3.7)

Assuming for a moment that x ~ Lx, we could express the remaining noise as n, = Ln,
from which we could obtain the full covariance matrix as Cov(n,) = ¢?LL”. Then, we could
either take into consideration the full covariance matrix, or make the simplifying assumption
of white noise by considering just the diagonal of Cov(n,). Though appealing, this approach
does not work in practice because ||x — Lx||2 is considerably large, and thus the estimate of the
remaining noise is considerably low. Also, note that L is a banded matrix of size N? x N2, where
N is the number of pixels, and so the estimation of its covariance matrix is computationally
intractable for practical purposes.

We thus turn to a similar but local alternative that will enable a practical solution. Each
patch consists of the true underlying vector zg; and a noise component v;, z; = zg; + v;. Given

the chosen support S;, z; is obtained as a projection onto the span of the selected atoms:
ii = DngglzZ = DSZD:S: (ZOi + Vi) .

Assuming now that zgp; ~ DSZ,D;ZOZ' (if the correct support of the signal was chosen by the
OMP), the contribution of the noise to the patch estimate would be given by V! = DSZ.D'S:W.
This is an analogue assumption to that made for Eq. (3.7), but now for each patch instead of
the global image. This way, considering the covariance matrix of the remaining noise Cov(v}),
the mean squared error estimate at the " patch and iteration k will be given by 1tr{Cov(¥7)},

leading to

A 2 1/2
(1) =t

Therefore, the estimate of the remaining noise in each patch is simply proportional to the number
of atoms used for that patch. Of course, the remaining noise is no longer white after the back
projection step, but we make this assumption in order to simplify further derivations.
Generalizing this patch analysis to the entire image, we can estimate the average remaining
noise in the image x by performing an estimate in the spirit of Eq. (3.3), tilling back and

averaging the local estimates as

Ak\2
Rk _ AVI%I + Zz PzT]' (O-zk) - P ((6k)2> , (3.8)

M+ Y PIP;

where the operator ®(-) relocates the local estimates 6f with the corresponding weighting. This
way, R¥ stands for an estimation of the energy of the remaining noise pixel-wise, equivalent —
but not equal, due to our simplifying assumptions — to the diagonal of Cov(n,). An example is
shown in Fig. 3.7 for the popular image Lena. We see that R* provides a fair estimate of the

information in the diagonal of the full covariance matrix of the remaining noise Cov(n,), and
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Figure 3.7: Left: plot of the diagonal of the covariance matrix Cov(n;) after the first iteration

of denoising the image Lena (o = 20). Center: the corresponding plot of the estimated RF in

Eq. (3.8), and right: the corresponding average of the standard deviation per patch of the true
error image.

that it is closer to the average of the standard deviation per patch of the true error image. The
reader should also note that computing R is considerably cheaper than the computation of
the operator in (3.7), since we only compute the local covariance matrices and their weighted
average, and the matrix in the denominator of Eq. (3.8) is a diagonal one. Therefore we use R*

to derive the threshold for the next iteration.

From this point two possibilities arise: use R* to evaluate a local patch-based noise energy,
eventually denoising each patch with a different threshold, or finding a new global and common
threshold for all the patches. The first option, while elegant, is slightly more complex, as you
cannot benefit from fast (batch) sparse coding implementations that require all signals to employ
the same error threshold. In addition, this option was found not to yield significant improvements
when compared to the second and simpler approach. Thus, in the following we adopt the later

global alternative.

The reader should bare in mind that the thresholds should tend to zero as we iterate,
corresponding to 8 — co. Certainly, this implies that our thresholds will not reflect the real
remaining noise. As an example, in Fig. 3.8 we present the evolution of the PSNR by the
proposed method for the image Lena for different thresholds. We see that if the threshold is not
changed with the iterations, the PSNR of the resulting image x decreases after the first iteration.
On the other hand, if we set the threshold to be the variance of the real remaining noise (by
having access to an oracle and the original image), the PSNR initially increases but eventually
decreases since the threshold do not tend to zero. We include for comparison the results of our
threshold-setting method.

This way, in what follows we propose to use an heuristic that provides decreasing thresholds
and which has been proven to be robust. In the subsequent iterations, we set the threshold 1/,%
to be the mode of the values in R* . Furthermore, we have found that the multiplication by a
constant factor ¢ improves the performance in our method. To this end, assuming independence

between the remaining noise and the patch estimate, and considering the residual per patch
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Figure 3.8: PSNR evolution of the EPLL scheme with a sparse-representation prior for
denoising the image Lena (0 = 20) and three different threshold settings: a) using a constant
threshold for all the iterations (equal to the initial noise energy o2); b) using an oracle threshold
by setting it to be the variance of the real error image (having access to the original image); and
¢) our threshold setting method.

r; = z; — Z;, we have that 622 =02— Var(ri)l. With these estimates we can perform an analogue
of Eq. (3.8) and obtain its mode, 7. We then define the factor § = 7% /v2, and set the thresholds
for the next iteration to be v2 = § - mode(R¥). A full description of our algorithm is depicted in
Algorightm 3.1. This way, one can think of the effective o**1 to be given by vV/k6.

In the following iterations the assumption about the independence between the remaining
noise and the patch estimate will be very week, and so 7 will not be accurate. Thus, § is
determined after the first iteration only and kept fixed for the subsequent steps, while the
estimate V,% provides decreasing estimates every time. An example of the obtained V,f’s can be

seen in Fig. 3.9.

3.4.3 Results

To gain some insight into the performance of our method and as a motivating example, in
Fig. 3.6 we present the denoising results on a synthetic image obtained by the regular K-SVD
algorithm, and the one achieved by applying the EPLL approach with the sparse-enforcing prior.
A similar demonstration was presented in [ZW11], and we include the results of this method as
well. The K-SVD denoised image presents texture artifacts common to patch-based algorithms,
while in the image denoised with our method the final patches are far more likely under the
prior that we try to learn from the image itself.

Fig. 3.9 depicts the evolution of the PSNR of the denoised image in each iteration for this

experiment. Note that given a fixed dictionary, solving the MAP estimate for each patch with a

' The variance is calculated as Var(r) = -5 > — )2, where T is the mean of r.
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Algorithm 3.1 EPLL with a Sparse Prior, given the noisy image y with a noise standard
deviation of ¢ and an initial dictionary Dyg.

Initialization: x =y. D=Dg, =1, k=1, V]% = o2

for Outerlter =1:3 —4 do

- {DFHL xFHL) = arggu'n MNIxE—y |3+, [IDPy; —Pix*||34wil|v;]|o, by K-SVD with error threshold
Vi X

2
Vi

2
- get local estimates (621-“)2 = |83, Vi

- get global estimate R* = @ ((6F)?) with Eq. (3.8)

if £ =1 then
- V2, = mode(RF)
-
-0 = 772/’/1%“

end

- Vi, =6 mode(RF)
-k=k+1

end

Output: x,D.

sparse prior implies applying OMP on each of them. This corresponds to the EPLL+OMP curve.
On the other hand, we could minimize Eq. (3.6) w.r.t D as well by applying a K-SVD step,
updating the dictionary as well as the sparse vectors; this is the curve depicted as EPLL+K-SVD.
The constant dotted line corresponds to the original K-SVD algorithm. Note that the result
after the first iteration in our method is worse than the one obtained by K-SVD where ¢ = 1.15.
Choosing ¢ = 1 in our case, however, enables further improvement as we proceed maximizing the
Expected Patch Log Likelihood. Notice also that our method converges in considerable fewer
iterations than the method of [ZW11]. The right side of Fig. 3.9 shows the evolution of the
thresholds vy used in the successive iterations, as well as the values 1/4/8 used by EPLL-GMM.

The improvement obtained by training the dictionary in each iteration of our method is
both important and intuitive. It is known that applying K-SVD on a noisy image achieves good
denoising results but yields somewhat noisy atoms [EA06]. By training the dictionary D in the
progressively cleaner estimates x we obtain cleaner and more well defined atoms, which are later
used to perform further denoising. In the top row of Fig. 3.10 we present 8 atoms trained on a
noisy version of the image Lena after the first iteration, while the lower row shows the same

atoms after 4 iterations.

3.4.4 Inpaiting

We next present results on image inpainting. In this particular application of image restoration,

the signal is the outcome of a linear operator that deletes a number of pixels from the original
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Figure 3.9: Left: PSNR evolution by EPLL with a sparsity inducing prior on the synthetic
image in Fig. 3.6, compared to the original K-SVD algorithm [EA06] and the EPLL-GMM
of [ZW11]. Right: sequence of thresholds vy determined by the proposed method and the
equivalent 1/+/8 by the method of [ZW11].

image x, plus the measurement noise. By considering a sparse prior on the original signal, we

can formulate an equivalent problem to that of Eq. (3.4), where A is the missing-pixels mask.

The corresponding cost function can be minimized in a block coordinate manner, coding for the

unknown sparse representation and updating the dictionary. In this case, however, the threshold
in the OMP has to consider only the energy of existing pixel in each patch [MESMO08|. This
again represents the first iteration of the Half Splitting strategy proposed in [ZW11], and we may

perform the next iterations by estimating the remaining noise as explained above. Furthermore,

after the first iteration our estimate includes values of the missing pixel. We can then make

use of the previous denoising strategy to tackle the next iteration, by having knowledge of the

supports used to inpaint each patch, as it was previously explained.

Table 3.1 shows the results on inpainting the popular images peppers and Lena with 25%,

| Missing Pixels | 25% [ 50% [ 75% |
K-SVD 20.67 [ 28.81 [ 27.92 | 27.27 [ 23.64 | 23.86
EPLL+K-sVD | 29.71 [ 28.85 | 28.18 | 27.39 | 23.81 | 24.07

Table 3.1: Inpaiting results in terms of Peak Signal to Noise Ratio (PSNR) for 25%, 50% and
75% missing pixels for the images peppers (left subcolumns) and Lena (right subcolumns), with
additive white Gaussian noise (o = 20).
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Figure 3.10: Atoms from a dictionary trained on a noisy version of the image Lena. The top
row corresponds to the atoms after the first iteration of our method (essentially, after applying
K-SVD), while the lower row corresponds to the same atoms after 4 iterations of the EPLL with

a sparsity enforcing prior.

50% and 75% missing pixels, with additive white Gaussian noise (o0 = 20). As it can be seen,
the EPLL scheme leads to a slight improvement in the K-SVD inpainting results, with increased
effect for higher missing pixels rates. The same concept could be applied to more sophisticated

algorithms that use a sparsity-based prior, such as the state-of-the-art method of [RPE14].

3.4.5 Denoising

We conclude this section by presenting results on denoising of 12 images from the Kodak database,
for different noise levels. We compare here the performance of the K-SVD denoising algorithm
in [EA06] and our approach of the EPLL framework with a sparse prior (EPLL-K-SVD, where
the dictionary is also updated in each iteration). In all cases we performed 4 iterations of this
method, as this was found to be a convenient compromise between runtime and performance.
For both K-SVD methods, an initial dictionary with 1024 atoms was trained on overlapping 8 x 8
patches from 9 training images using K-SVD. We include for completion the results achieved by
the EPLL with a Gaussian Mixture Model (GMM) as the image prior from [ZW11].

In Fig. 3.11 we present the relative increase in PSNR, averaged over all 12 images. The EPLL
with a Sparse enforcing Prior shows a clear improvement over the regular K-SVD. Furthermore,
the complete implementation of the denoising algorithm closes the gap between the original
K-SVD and EPLL-GMM, having comparable performance: our method achieves the best results
for lower noise energy while EPLL with GMM is better for higher noise levels. In Fig.3.12 and
Fig.3.13 we present two examples of denoised images by the three methods. Note, lastly, how

artifacts are notably reduced in the resulting images processed by our method.

3.5 Gaussian Mixture Diffusion

As we have seen, most state-of-the-art denoising algorithms employ a patch-based approach
by enforcing a local model or prior, such as self similarity, sparse representation, or Gaussian
Mixture Model (GMM). While applying these models, these algorithms implicitly build a notion

of similarity between the image pixels. This can be formulated as an image-adaptive linear-filter
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Figure 3.11: Denoising results averaged over 12 images from the Kodak Dataset with respect to
K-SVD [EA06] by EPLL with GMM [ZW11] and the method presented here: EPLL with Sparse
Prior, in terms of the Peak Signal to Noise Ratio (PSNR).

which is then used to denoise or restore the degraded image. In this final section, we focus on
such a filter emerging from the GMM, study its properties and construct a graph Laplacian

from it.

Given the noisy measurements y, the image restoration task can be expressed in terms of an

optimization problem, minimizing a cost function over the unknown image x:
1 2
min 2 [ly = x|3 + AR(x). (3.9)

From a maximum a posteriori perspective, the first term corresponds to the log-likelihood
function while R(x) enforces the specific model on the unknown image, with parameter A. This
last term acts as the regularizer, promoting smoothness or other qualities that — we believe —

characterize natural images.

Broadly speaking, often times the denoising process can be decomposed into two stages. The
first one involves highly non-linear decisions which enforce quite sophisticated local priors on
small patches extracted from the image, whereas the second stage accounts for projections and
averaging in order to obtain the final global image. Interestingly, as pointed out in [Mill3, RE15],

once the non-linear part is fixed, these algorithms can be formulated as an image-adaptive linear
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Figure 3.12: Denoising results of an image from the Kodak Database corrupted with a noise
standard deviation of o = 25. Top left: original image. Top right: K-SVD (PSNR = 32.14 dB).
Bottom left: EPLL with Sparse Prior (PSNR = 32.42 dB). Bottom Right: EPLL with GMM

(PSNR = 32.25 dB).
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Figure 3.13: Denoising results of an image from the Kodak Database, initially corrupted with

additive white Gaussian nose (o = 25). Top left: Original Image, top right: K-SVD (PSNR =

31.42 dB), bottom left: EPLL with Sparse Prior (PSNR = 31.83 dB), bottom right: EPLL with
GMM (PSNR = 31.85 dB).
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filter, W. This way, the entire denoising process in this framework can be expressed as
x = Wy, (3.10)

where % € R is the denoised image, and W € RY*¥ is the matrix form of the denoiser (we
will describe this operator in more detail in Section 3.5.1).

On the one hand, Equation (3.10) states that each denoised pixel in x is the outcome of a
weighted average over the noisy image pixels, where the weights are determined by the specific
denoising algorithm. On the other hand, this shows that most denoising algorithms implicitly
build a notion of similarity between the i-th and j-th image pixels, given by the entry W (i, j).
Based on this observation, the denoiser can be formulated as a weighted graph, where the vertices
refer to the image pixels, and the (weighted) edges represent the pixels’ similarity. Previous
works have addressed the graph formulation (and its properties) of the K-SVD [RE15], the
Non-Local Means, the Bilateral and the LARK kernels [Mill3]. Yet, despite the popularity of
the GMM prior in the image processing community, this analysis has not been addressed for its
resulting operator — this will be the first concern of our work.

Recently, the graph formulation has been employed to regularize the denoising process
[GO07,Mil13, RE15], designing an image-adaptive term R(x) in Equation (3.9). This term is
usually expressed in terms of the Laplacian operator, defined by L = I — W, where I € RV*V
is the identity matrix and W is induced by different denoisers (from Equation (3.10)). Broadly
speaking, the eigenvectors that correspond to the small eigenvalues of L encapsulate most of the
structure of the underlying signal [MS14]. As such, one may propose a graph-based regularization
term that penalizes those components in x corresponding to the large eigenvalues of L; e.g., as
done in [GO07,ELBO0S§],

1
min §Hy—xH§ + AxTLx. (3.11)
X

Notice that when moving from Equation (3.9) to Equation (3.11), we are constraining ourselves
to priors that have a graph-Laplacian interpretation. In these cases, the performance of the
resulting algorithm depends on the choice of L, which is in turn determined by the similarity
measure we use to construct the corresponding graph.

The problem in Equation (3.11) is certainly not the only way to enforce a graph-based
regularization when dealing with inverse problems. Recent works have also considered replacing
the data-fidelity term by a weighted norm induced by the matrix W, as in [KM14]. Another
alternative, presented in [RE15], is to enforce the reconstructed image x to be close to the

filtered image Wy. Formally,
1
J(x) = min iHWy — x|+ MxTLx. (3.12)
X

This formulation generally provides better results than the problem in Equation (3.11), as it
is related to boosting methods. In particular, this is the cost function minimized by the SOS
boosting [RE15].

Interestingly, the minimization of this kind of problems can be interpreted from a variational
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perspective. The Non-Local Diffusion (NLD) algorithm [GO07] suggests a non-local generalization
of the diffusion framework by employing a functional defined over a set of pixels which are not
necessarily near each other. Unlike the conventional diffusion methods, the minimization of the
corresponding functional amounts to a diffusion process between pixels that can now be far
apart by leveraging some notion of similarity or affinity. In particular, the NLD employed the
affinity measure induced by the Non Local Means (NLM) kernel [BCMO05], defining the distance
between pixels as a function of the Euclidean distance between their corresponding patches.
The resulting algorithm effectively minimizes the cost function in Equation (3.11), where the
Laplacian is the one corresponding to the NLM operator.

In this work, we explore the algorithm resulting from the problem in Equation (3.12) in the
case of a Laplacian operator induced by the GMM prior. We provide a detailed analysis of the
denoiser resulting from GMM, and employ the formulation in terms of a non-local diffusion
process. This way, our also work extends and improves the non-local diffusion algorithm of [GO07]
by (1) employing a similarity measure induced by the GMM operator, and (2) considering the
cost function in Equation (3.12) instead of the original problem in (3.11). As we will show in the
experimental section, our proposed Gaussian Mixture Diffusion (GMD) approach outperforms
both the initial formulation of the NLD with the NLM kernel [GOO07], and the original GMM
algorithm. Interestingly, the GMD is also competitive or even better than the EPLL [ZW11],
which builds upon GMM as well.

3.5.1 Gaussian Mixture Model

GMM is a popular prior for natural image patches, which has been shown to be very effective in
several image restoration tasks [PSWS03,ZW11]. This prior models the distribution of patches as
the sum of multivariate Gaussians learned from real data. Applying this prior for image denoising
accounts to formulating a MAP estimator for each independent patch from the corrupted image.
This can be approximated by choosing the Gaussian with the highest conditional weight for each
patch, and then applying a plain Wiener filter with the corresponding covariance matrix [ZW11].
Finally, a patch averaging step is applied in order to obtain the final denoised image.

Given K (learned) Gaussian distributions, characterized by their covariance matrices Y,
with zero mean?, denoising each patch z; € R™ can be formally expressed by the following
minimization problem

pi = argmin||p — Zz”% + UQPTEII(li)p’
P

where k(i) is the index of the chosen Gaussian with highest conditional weight [ZW11] for the
ith patch, and p; is its estimated clean version. This problem has a closed form solution in terms

of the Wiener filter, given by

-1
pi = (I + 022,;(1i)> z; = F;z;. (3.13)

Next, the denoised patches p; are merged together by averaging. This is done by minimizing

2For simplicity, we make the common assumption that the image patches have zero-mean.
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the following cost function

N
x = argmin plly = xJ3 + > b — Rax, (3.14)
X

i=1

where % € RY is the estimated (denoised) global image, and R; € R™¥ is a matrix that
extracts the i'" patch from the image. Following the procedure described in [RE15], the closed

form solution of Equation (3.14) is given by

-1
%= (uI + RiTRZ) <MI +)° RiTFiR,) y
= Waummy, (3.15)

where the filters F; are the Wiener filters in Equation (3.13). In the above derivation we have
used the fact that z; = R;y. Notice that this linear operator can be written as a matrix Wanm,
and thus the denoised image is simply expressed as X = WauMm V-

While the GMM model is a popular choice for image denoising, a formal analysis of Wgnm
has not yet been addressed. In this section, we present the properties of this filter and provide
their corresponding proofs in Appendix 3.7.1. We should note that all these properties are also
shared by the KSVD filter [RE15].

Theorem 3.1. Under the assumption of periodic boundary conditions, the matriz W g,

defined in Equation (3.15), has the following properties:

1. Womum = WJC;MM: it is symmetric.

2. Waum = 0: it is positive definite, and has minimal eigenvalue equal to “ﬁ
3. ||Wammlle < 1: its spectral radius < 1.

3.5.2 The Proposed Approach

Based on the properties provided in Theorem 3.1, we can draw interesting conclusions. As it
was done for the K-SVD operator matrix in [RE15], the matrix Wy can be decomposed into

a similarity matrix Kgyy and a normalization matrix D. Formally,
-1
WGMM = (MI + Z RZTRZ> (MI + Z RlTFZRZ>
i i
:D_lKGMM.
As a consequence, a graph-Laplacian can be constructed from this operator by

Loviv =1 - Wamw,

3By assuming cyclic boundary conditions, the following holds: > RTR; = nl, where n is the dimension of
the image patch.
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where the eigenvalues of Lgy are in [0,1).
The denoising algorithm is obtained by minimizing the function 7 (x), defined in Equation
(3.12), which can be done using a gradient descent strategy. As such, the estimated image is

found by iterating:
M = xF 4V T (x)

where
VJ(x) =x — Wy + 2A\Lx. (3.16)

For a given step-size v and regularizer-strength p (fixed for each noise level), we run the gradient
descent process a fixed number of iterations. In practice, we do not build L nor W explicitly,
but rather apply it by using the local filters F;. In the case of the GMM, this corresponds to
knowing the Gaussians chosen for each patch. Before moving to the experimental section, we
should note that the non-local diffusion method of [GO07] employs a minimization driven by an
update very similar to that in Equation (3.16), where y is used instead of Wy — thus, the name.
This shows more clearly the connection to the NLD algorithm, as well as providing a variational
interpretation to the SOS boosting algorithm [RE15].

3.5.3 Experimental Results

In this section we present image denoising results corresponding to the minimization of the cost
function in Equation (3.12) for the Laplacian matrix L induced by the GMM prior, for various
standard test images and noise levels. As for the parameters the proposed GMD, for all noise
levels we set v = 0.1, A = 2, and 2 diffusion steps are applied.

We compare the proposed approach to the Non Local Diffusion work [GOO07], which cor-
responds to a diffusion process guided by the graph built with the NLM kernel (minimizing
Equation (3.11)). In addition, we also compare the GMD to the plain GMM denoiser as a
baseline. We include for completion the results obtained by the EPLL [ZW11]. This algorithm
essentially minimizes a cost function similar to the one in Equation (3.9), where the prior is
enforced on the reconstructed patches. This idea boils down to applying a GMM-based denoiser
iteratively, with a set of parameters which need to be tuned. Note that the EPLL algorithm is
still a patch-based method which also updates its operator (choosing the Gaussian Mixtures) at
every iteration, whereas in our approach these remain constant.

Table 3.2 provides a comparison between NLD, GMM, EPLL and the proposed GMD
approach in terms of Peak Signal to Noise Ratio (PSNR). As can be seen, for ¢ = 20, GMD
achieves the best reconstruction performance. For ¢ = 30, EPLL and GMD obtain comparable
results, whereas for 0 = 50, the EPLL slightly outperforms GMD. We remind the reader that the
EPLL, unlike our approach, updates its operator at each iteration. We believe that by updating
the matrix L (i.e., re-run the Gaussian selection step) the GMD results can be further improved,
too. However, we choose not to include this step in our algorithm in order to focus the attention
on the minimization of the problem in Equation (3.12).

Figure 3.14 provides a visual comparison between the NLD approach of [GO07], GMM and
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Table 3.2: Denoising results for various noise levels and images, given in terms of PSNR. The
best result is highlighted.

l o\Image “ House [ Saturn [ Foreman [ Lena [ Peppers [ Girl [ Woman “ Averages ‘
Non Local Diffusion (NLM kernel)
20 32.27 35.21 32.65 31.35 31.51 30.03 30.99 32.00
30 30.00 32.57 30.42 29.36 26.65 28.60 28.86 29.49
50 27.14 29.64 27.76 26.86 27.09 26.72 26.06 27.40
GMM
20 32.59 35.54 33.07 32.23 32.11 30.56 31.81 32.56
30 30.84 33.38 31.24 30.48 30.56 29.38 29.86 30.82
50 28.13 30.33 28.66 28.03 28.23 27.82 27.26 28.35
EPLL-GMM
20 32.98 36.68 33.63 32.60 32.51 30.71 32.08 33.03
30 31.22 34.23 31.66 30.78 30.90 29.54 30.04 31.20
50 28.76 31.15 29.16 28.41 28.68 28.00 27.57 28.82
GMD (Proposed)
20 33.07 36.78 33.68 32.61 33.53 30.75 32.14 33.22
30 31.20 34.35 31.70 30.70 30.86 29.53 29.97 31.19
50 28.42 31.12 29.08 28.23 28.47 28.07 27.27 28.66

ours GMD method. As can be seen the GMD reconstruction has less artifacts than the baseline

methods, complying with the quantitative PSNR measure.

3.6 Chapter Conclusion

In this chapter, after having shown the limitations of patch-based approaches in the form of
artifacts, we initially presented a multi-scale extension of the K-SVD denoising algorithm by
proposing a global MAP estimator for the denoised image in the wavelet domain. We tackled
this minimization problem iteratively in terms of the K-SVD algorithm per band, applying a
multi-scale patch denoising of the image. We then boosted the results by fusing the single scale
and multi-scale K-SVD outcome images by a weighted sparse coding step. The results obtained
by this method show the potential benefits of working within a multi-scale framework, as we are
able to combine bigger effective atoms that give rise to clear smooth areas, in which most current
methods fail. The combination of the regular and multi-scale K-SVD denoised images could be
improved by proposing a patch-based adaptive weight instead of a global one, and the joint sparse
coding alternative is effective, but not necessarily the only one. An orthogonal wavelet transform
enabled a simple multi-scale analysis, but other multi-scale transforms might yield improvements
on this framework and are worth exploring. Moreover, this multi-scale approach is not restricted
to the K-SVD algorithm, and the question posed in the introduction still holds for other methods.
We then moved to show that maximizing the Expected Patch Log Likelihood with a sparse
inducing prior leads naturally to a formulation of which the K-SVD algorithm represents the
first iteration. In its original form, this method performed only one update of the image due to
technical difficulties in assessing the remaining noise level. We have shown how to circumvent

this issue and go beyond this first iteration, intrinsically determining the coding threshold in
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(a) Input: Foreman (b) NLD: PSNR = 32.65dB (¢) GMM: PSNR = (d) GMD: PSNR =
33.07dB 33.68dB

(e) Input: Girl (f) NLD: PSNR = 30.03dB (g) GMM: PSNR = (h) GMD: PSNR =
30.56dB 30.75dB

Figure 3.14: Denoising of the images Foreman (a-d) and Girl (e-h), when o = 20.

each step. This work completes the one in [EA06], providing the full path to the numerical
minimization of the original cost function and exploiting all the potential of the sparse inducing
prior. The resulting algorithm shows a clear improvement over K-SVD in all the experiments. In
denoising in particular, EPLL with a sparse prior achieved comparable performance to the state
of the art method of EPLL with a GMM prior. Interestingly, both priors yield comparable results
when applied within the EPLL framework. Lastly, we introduced a graph interpretation of the
GMM denoiser, followed by an analysis of the resulting operator. The denoising effect is obtained
by minimizing a cost function with a graph-Laplacian regularization, as suggested by the SOS
formulation. We have shown that the proposed approach can be understood from a variational
perspective, resulting in close variant of the NLD algorithm. Following the experimental results,
it was evidenced that our approach is more effective than the traditional NLD counterpart. Our
results not only outperform those by the regular GMM denoising algorithm, but they are also
competitive with those of the state-of-the-art EPLL method. We believe that updating the
graph (and the corresponding operator) along the iterations (as done by the EPLL and the SOS
boosting) will result in increased performance, and this is a promising direction of future work.

More broadly, we have seen local-patch based approaches provide effective and powerful
priors. Nevertheless, one can boost the performance of these algorithm in several ways once a

more global analysis is performed.
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3.7 Chapter Appendix

3.7.1 Properties of the GMM Matrix

In this appendix we provide the proves for Theorem 3.1.

Proof. We will start by showing that property 1 holds. Under the periodic boundary conditions,

we have that

-1
WGMM = (/JI + Z R?Rl> (/,LI + Z RlTFlRZ>
! I+ Z R7F;R;
"t \M

Recall that the filters F;, expressed in Equation (3.13) are symmetric (and more so, positive
definite) as they are the inverse of symmetric matrices. Therefore, Wy is the sum of

symmetric matrices, and it is then also symmetric.

The second property can be deduced using the same rationale. The matrices given by
R?FiRi are symmetric and positive semidefinite. Thus, their sum ), R?FiRi is also positive

semidefinite. Moreover, we can express

H 1 T
W = I R F,R;|.
GMM u—l—n +M+n<; i L1 z)

The first term in this sum is obviously positive definite, while the second is positive semidefinite.

From this, the minimal eigenvalue of the GMM matrix Apin(Wanmm) = m +n > 0, and Wamm =
0.

To prove the last property, consider the operator norm of Wan given the (square of the)

decomposition presented above:

H 1 T
W - I RIF,R;
|| GMMH2 H,U‘i‘n +,u—|—n<¥ i L1 z) ,

(3.17)

HN"‘” 2

Note first that the operator norm of the first term is given by Focusing on the second

et
term, we consider a similar decomposition to that presented in [RE15] (Appendix B). The sum
in the last Equation, over all N patches, considers overlapping structures. We can decompose

this term by considering the sum over {2; };7‘:1 groups of non overlapping patches only. With
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this, we have that

n

= 2" Y RIER,|| < IMll,,
9 J

2 ] kEQj

> RFR;

where we have denoted M; = Zker RZFkRk. Notice that M is a block diagonal matrix,

having the filters F as leading minors.

To show that [|M;|2 < 1 we will rely on the definition of the induced norm. Consider thus
any vector x € RY such that ||x||z = 1. Moreover, denote Rpx = x; € R". Then,

2 2

||MJX||% = Z M?X = Z Rngxk . (3.18)

kEQj k’EQj

2 2

Due to the fact that RgRj =0, Vi # k (because the corresponding patches are non-overlapping),

we have that

IMixI3 < S |REFixi|;

< ST IREIEIEsZ. < S P2, (3.19)
S keQ;

where we have used the multiplicative property of the operator norm and the fact that [|R] |2 = 1.

Looking now at the square of the operator norm of Fypxy:
11— 2
[Frxk |3 = [|(T+ 0”0 ") |5 < Ixll3 (3.20)

where the inequality holds since Apq. (I + 022,;1) >1, as E,;l = 0.

By using Equations (3.18), (3.19), (3.20), and the fact that ||x||3 = Zkeﬂj |x£|3, we have
that

2
I 2
[Myx[l5 Hz’fe% RkF’“X’“HQ - > keq, IFexkl3
1x/3 I3 keo, xkll3 = Pkeq, Ixkll3

2
S hen, I3

= Sen, Ixil3

Therefore, the squared maximal singular value (i.e. the operator norm) of M; is < 1. Incorpo-
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rating this into Equation (3.17), we have that

1

+

HWmWMSH
2

n+n

W 1
< +
p+n  p+

<ty
p+n  p+

()

n
=3 Ml
Jj=1

< 1.

n
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Chapter 4

Trainlets

Chapter Abstract

Sparse representation has shown to be a very powerful model for real world signals, and has
enabled the development of applications with notable performance. Combined with the ability
to learn a dictionary from signal examples, sparsity-inspired algorithms are often achieving
state-of-the-art results in a wide variety of tasks. However, these methods have traditionally been
restricted to small dimensions mainly due to the computational constraints that the dictionary
learning problem entails. In the context of image processing, this implies handling small image
patches. In this chapter, we show how to efficiently handle bigger dimensions and go beyond the
small patches in sparsity-based signal and image processing methods. We build our approach
based on a new cropped Wavelet decomposition, which enables a multi-scale analysis with
virtually no border effects. We then employ this as the base dictionary within a double sparsity
model to enable the training of adaptive dictionaries. To cope with the increase of training
data, while at the same time improving the training performance, we present an Online Sparse
Dictionary Learning (OSDL) algorithm to train this model effectively, enabling it to handle
millions of examples. The derivations that we now present show that dictionary learning can be
up-scaled to tackle a new level of signal dimensions, obtaining large adaptable atoms that we

call Trainlets.
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4.1 Dictionary Learning for High Dimensional Signals

As presented in Chapter 2, the dictionary learning problem consist in adapting a matrix D to
represent a set of signal examples (given by the columns of a matrix Y) as sparse as possible.

Formally, this can be written as
1 2 . ‘
wmin §HY —DI'||%  subject to  [|v;llo <p Vi, (4.1)

While several works have proposed different algorithmic solutions to minimize this cost function,
they involve computationally complex and time consuming algorithms. As a consequence,
all dictionary learning approaches (and applications) have typically been restricted to small
dimensional signals. In the context of image processing, small signals imply handling small
image patches. Most state-of-the-art methods for image restoration exploit such a localized
patch based approach [DFKE07,MBS09,ZW11]. As we have already presented extensively in the
previous chapter, small overlapping patches (7 x 7 - 11 x 11) are extracted from the corrupted
image and treated relatively independently according to some image model [DFKE06,ZW11],
sparse representations being a popular choice [DZSW11,YWHM10, EA06, RPE14]. The full
image estimation is lastly formed by merging together the small restored patches by overlapping
and averaging.

Some works have attempted to handle larger two dimensional patches (i.e., greater than
16 x 16) with some success. In [OLE11], and later in [SOE14], traditional K-SVD is applied
in the Wavelet domain. These works implicitly manage larger patches while keeping the atom
dimension small, noting that small patches of Wavelet coefficients translate to large regions
in the image domain. In the context of Convolutional Networks, on the other hand, the work
in [BSH12] has reported encouraging state-of-art result on patches of size 17 x 17.

Though adaptable, explicit dictionaries are computationally expensive to apply. Some efforts
have been done in designing fast dictionaries that can be both applied and learned efficiently.
This requirement implies constraining the degrees of freedom of the explicit matrix in some way,
i.e. imposing some structure on the dictionary. One such possibility is the search for adaptable
separable dictionaries, as in [HSK13], or the search of a dictionary which is an image in itself as
in [AE08,BMBP11], lowering the degrees of freedom and obtaining (close to) shift invariant atoms.
Another, more flexible alternative, has been the pursuit of sparse dictionaries [RZE10,YDO09].
In these works the dictionary is composed of a multiplication of two matrices, one of which is
sparse. The work in [LMG15] takes this idea a step further, composing a dictionary from the
multiplication of a sequence of sparse matrices. In the interesting work reported in [CMTD15] the
dictionary is modeled as a collection of convolutions with sparse kernels, lowering the complexity
of the problem and enabling the approximation of popular analytically-defined atoms. All of
these works, however, have not addressed dictionary learning on real data of considerably higher
dimensions or with a considerably large dataset.

A related but different model to the synthesis sparse model studied so far is the analysis
model [EMRO7,RE14]. In this framework, a dictionary W is learned such that [[Wy|o < n. A
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close variant is the Transform Learning model, where it is assumed that Wy ~ ~ and ||v||o < n,
as presented in [RB13b]. This framework presents interesting advantages due to the very cheap
sparse coding stage. An online transform learning approach was presented in [RWB15], and a
sparse transform model was presented in [RB13al, enabling the training on bigger image patches.
In our work, however, we constrain ourselves to the study of synthesis dictionary models.

We give careful attention to the model proposed in [RZE10]. In this work a double sparse
model is proposed by combining a fixed separable dictionary with an adaptable sparse component.
This lowers the degrees of freedom of the problem in Equation (4.1), and provides a feasible way
of treating high dimensional signals. However, the work reported in [RZE10] concentrated on 2D
and 3D-DCT as a base-dictionary, thus restricting its applicability to relatively small patches.

In this chapter we expand on this model, showing how to efficiently handle bigger dimensions
and go beyond the small patches in sparsity-based signal and image processing methods. This
model provides the flexibility of incorporating multi-scale properties in the learned dictionary, a
property we deem vital for representing larger signals. For this purpose, we propose to replace
the fixed base dictionary with a new multi-scale one. We build our approach on cropped Wavelets,
a multi-scale decomposition which overcomes the limitations of the traditional Wavelet transform
to efficiently represent small images (expressed often in the form of severe border effects).

Another aspect that has limited the training of large dictionaries has been the amount of data
required and the corresponding amount of computations involved. As the signal size increases, a
(significant) increase in the number of training examples is needed in order to effectively learn
the inherent data structure. While traditional dictionary learning algorithms require many
sweeps of the whole training corpus, this is no longer feasible in our context. Instead, we will
look to online learning methods, such as Stochastic Gradient Decent (SGD) [Bot98]. These
methods have gained prominence in recent years with the advent of big data, and have been
used in the context of traditional (unstructured) dictionary learning [MBPS10] and in training
the special structure of the Image Signature Dictionary [AE08]. We will present an Online
Sparse Dictionary Learning (OSDL) algorithm to effectively train the double-sparsity model.
This approach enable us to handle very large training sets while using high dimensional signals,
achieving faster convergence than the batch alternative and providing a better treatment of local

minima, which are abundant in non-convex dictionary learning problems.

4.2 Sparse Dictionaries

Learning dictionaries for large signals requires adding some constraint to the dictionary, otherwise
signal diversity and the number of training examples needed make the problem intractable.
Often, these constraints are given in terms of a certain structure. One such approach is the
double-sparsity model [RZE10]. In this model the dictionary is assumed to be a multiplication
of a fixed operator ® (we will refer to it as the base dictionary) by a sparse adaptable matrix A.
Every atom in the effective dictionary D is therefore a linear combination of few and arbitrary

atoms from the base dictionary. Formally, this means that the training procedure requires
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solving the following problem:

lvillo<p Vi

- (4.2)
lajllo =% Vj

win %HY — ®AT|%  st. {
Note that the number of columns in ® and A might differ, allowing flexibility in the redundancy
of the effective dictionary. The authors in [RZE10] used an over-complete Discrete Cosine
Transform (ODCT) as the base dictionary in their experiments. Using Wavelets was proposed
but never implemented due both to implementation issues (the traditional Wavelet transform is
not entirely separable) and to the significant border-effects Wavelets have in small-to-medium
sized patches. We address both of these issues in the following section.

As for the training of such a model, the update of the dictionary is now constrained by
the number of non-zeros in the columns of A. In [RZE10] a variant of the K-SVD algorithm
(termed Sparse K-SVD) was proposed for updating the dictionary. As the work in [AEBO06], this
is a batch method that updates every atom sequentially. In the context of the double-sparsity
structure, this task is converted into a sparse-coding problem, and approximated by the greedy
OMP algorithm.

In the recent inspiring work reported in [LMG15] the authors extended the double-sparsity
model to a scenario where the base dictionary itself is a multiplication of several sparse matrices,
that are to be learned. While this structure allows for a clear decrease in the computational
cost of applying the dictionary, its capacity to treat medium-size problems is not explored. The
proposed algorithm involves a hierarchy of matrix factorizations with multiple parameters to be

set, such as the number of levels and the sparsity of each level.

4.3 Cropped Wavelets

The double sparsity model relies on a base-dictionary which should be computationally efficient
to apply. The ODCT dictionary has been used for this purpose in [RZE10], but its applicability
to larger signal sizes is weak. Indeed, as the patch size grows — getting closer to an image
size — the more desirable a multi-scale analysis framework becomes. The separability of the
base dictionary provides a further decrease in the computational complexity. Applying two (or
more) 1D dictionaries on each dimension separately is typically much more efficient than an
equivalent non-separable multi-dimensional dictionary. We will combine these two characteristics

as guidelines in the design of the base dictionary for our model.

4.3.1 Optimal Extensions and Cropped Wavelets

The two dimensional Wavelet transform has shown to be very effective in sparsifying natural
(normal sized) images. When used to analyze small or medium sized images, not only is the
number of possible decomposition scales limited, but more importantly the border effects become
a serious limitation. Other works have pointed out the importance of the boundary conditions

in the context of deconvolution [AF13, Ree05]. However, our approach is different from these, as
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Figure 4.1: Different border treatments: a) periodic, b) symmetric, ¢) zero-padding, and d) the
resulting optimized extension signal f = Wg,,.

we will focus on the basis elements rather than on the signal boundaries, and in the pursuit of
the corresponding coefficients.

In order to build (bi-)orthogonal Wavelets over a finite (and small) interval, one usually
assumes their periodic or symmetric extension onto an infinite axis. A third alternative, zero-
padding, assumes the signal is zero outside of the interval. However, none of these alternatives
provides an optimal approximation of the signal borders. In general, all these methods do not
preserve their vanishing moments at the boundary of the interval, leading to additional non-zero
coefficients corresponding to the basis functions that overlap with the boundaries [Mal08]. An
alternative is to modify the Wavelet filters such that they preserve their vanishing moments at the
borders of the interval, although constructing such Wavelets while preserving their orthogonality
is complicated [CDV93].

We begin our derivation by looking closely at the zero-padding case. Let f € R™ be a finite
signal. Consider f = Pf, the zero-padded version of f, where P € RY*" L > n (L is “big
enough”). Considering the Wavelet analysis matrix W, of size L x L, the Wavelet representation
coefficients are obtained by applying the Discrete Wavelet Transform (DWT) to f, which can
be written as g,, = W,f. Note that this is just a projection of the (zero-padded) signal onto
the orthogonal Wavelet atoms. As for the inverse transform, the padded signal is recovered by
applying the inverse Wavelet transform or Wavelet synthesis operator Wy (W, = W assuming
orthogonal Wavelets), of size L x L to the coefficients g,,. Lastly, the padding is discarded
(multiplying by PT) to obtain the final signal in the original finite interval:

f=P'W,g, = PTW, (W,Pf) =T.

Zero-padding is not an option of preference because it introduces discontinuities in the
function f that result in large (and many) Wavelet coefficients, even if f is smooth inside the
finite interval. This phenomenon can be understood from the following perspective: we are

seeking the representation vector g,, that will satisfy the perfect reconstruction of f,
P'WwW,g, =f.

The matrix PTW, serves here as the effective dictionary that multiplies the representation in

order to recover the signal. This relation is an under-determined linear system of equations with
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n equations and L unknowns, and thus it has infinitely many possible solutions.

In fact, zero padding chooses a very specific solution to the above system, namely, g,, = W,Pf.
This is nothing but the projection of the signal onto the adjoint of the above-mentioned dictionary,
since W,P = (PTW,)T. While this is indeed a feasible solution, such a solution is expected to
have many non-zeros if the atoms are strongly correlated. This indeed occurs for the finite-support
Wavelet atoms that intersect the borders, and which are cropped by P7T.

To overcome this problem, we propose the following alternative optimization objective:
g, = argmin||glo st. PTW,g=f,
g

i.e., seeking the sparsest solution to this under-determined linear system. Note that in performing
this pursuit, we are implicitly extending the signal f to become f = Wg,,, which is the smoothest
possible with respect to the Wavelet atoms (i.e., it is sparse under the Wavelet transform). At
the same time, we keep using the original Wavelet atoms with all their properties, including
their vanishing moments. On the other hand, we pay the price of performing a pursuit instead of
a simple back-projection. In particular, we use OMP to approximate the solution to this sparse
coding problem. To conclude, our treatment of the boundary issue is obtained by applying the
cropped Wavelets dictionary W, = PTW,, and seeking the sparsest representation with respect
to it, implicitly obtaining an extension of f without boundary problems.

To illustrate our approach, in Fig. 4.1 we show the typical periodic, symmetric and zero-
padding border extensions applied to a random smooth function, as well as the ones obtained by
our method. As can be seen, this extension — which is nothing else than Wavelet atoms that fit
in the borders in a natural way — guarantees not to create discontinuities which result in denser
representations’. Note that we will not be interested in the actual extensions explicitly in our
work.

To provide further evidence on the better treatment of the borders by the cropped Wavelets,
we present the following experiment. We construct 1,000 random smooth functions f of length
64 (3rd degree polynomials), and introduce a random step discontinuity at sample 32. These
signals are then normalized to have unit lo-norm. We approximate these functions with only 5
Wavelet coefficients, and measure the energy of the point-wise (per sample) error (in ls-sense)
of the reconstruction. Fig. 4.2 shows the mean distribution of these errors?. As expected, the
discontinuity at the center introduces a considerable error. However, the traditional (periodic)
Wavelets also exhibit substantial errors at the borders. The proposed cropped Wavelets, on the
other hand, manage to reduce these errors by avoiding the creation of extra discontinuities.

Practically speaking, the proposed cropped Wavelet dictionary can be constructed by taking

a Wavelet synthesis matrix for signals of length L and cropping it. Also, and because we will be

! A similar approach was presented in [ZMO00] in the context of compression. The authors proposed to optimally
extend the borders of an irregular shape in the sense of minimal /;-norm of the representation coefficients under a
DCT transform.

2The m-term approximation with Wavelets is performed with the traditional non-linear approximation scheme.
In this framework, orthogonal Wavelets with periodic extensions perform better than symmetric extensions or
zero-padding, which we therefore omit from the comparison. We used for this experiment Daubechies Wavelets
with 13 taps. All random variables were chosen from Gaussian distributions.
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Figure 4.2: Mean approximation (using 5 coefficients) error per sample of smooth functions of
length 64 with a discontinuity at sample 32.

making use of greedy pursuit methods, each atom is normalized to have unit ls norm. This way,

the cropped Wavelets dictionary can be expressed as
¢« =PTW, W,

where W is a diagonal matrix of size L x L with values such that each atom (column) in ®{ (of
size n x L) has a unit norm®. The resulting transform is no longer orthogonal, but this — now
redundant — Wavelet dictionary solves the borders issues of traditional Wavelets enabling for a
lower approximation error.

Just as in the case of zero-padding, the redundancy obtained depends on the dimension of the
signal, the number of decomposition scales and the length of the support of the Wavelet filters
(refer to [Mal08] for a thorough discussion). In practice, we set L = 2[1092(W1+1. j ¢ twice the
closest higher power of 2 (which reduces to L = 2n if n is a power of two, yielding a redundancy

of at most 2) guaranteeing a sufficient extension of the borders.

4.3.2 A Separable 2-D Extension

The one-dimensional Wavelet transform is traditionally extended to treat two-dimensional signals
by constructing two-dimensional atoms as the separable product of two one-dimensional ones,
per scale [Mal08]. This yields three two-dimensional Wavelet functions at each scale j, implying
a decomposition which is only separable per scale. This means cascading this two-dimensional
transform on the approximation band at every scale.

An alternative extension is a completely separable construction. Considering all the basis

3Because the atoms in W are compactly supported, some of them may be identically zero in the central n
samples. These are discarded in the construction of ®§.
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Separable 2-D Wavelet Atoms Traditional 2-D Wavelet Atoms

Figure 4.3: 2-D atoms of the Wavelet (Haar) transform for patches of size 8 x 8 — the separable
versus the the traditional construction.

elements of the 1-D DWT (in all scales) arranged column-wise in the matrix ®;, the 2-D
separable transform can be represented as the Kronecker product ®, = ®; ® ®;. This way, all
properties of the transform ®; translate to each of the dimensions of the 2-dimensional signal
on which ®- is applied. Now, instead of cascading down a two-dimensional decomposition, the
same 1-D Wavelet transform is applied first to all the columns of the image and then to all the
rows of the result (or vice versa). In relatively small images, this alternative is simpler and faster
to apply compared to the traditional cascade. This modification is not only applicable to the
traditional Wavelet transform, but also to the cropped Wavelets dictionary introduced above. In
this 2-D set-up, both vertical and horizontal borders are implicitly extended to provide a sparser
Wavelet representation.

We present in Fig. 4.3 the 2-D atoms of the Wavelet (Haar) Transform for signals of size
8 x 8 as an illustrative example. The atoms corresponding to the coarsest decomposition scale
and the diagonal bands are the same in both separable and non-separable constructions. The
difference appears in the vertical and horizontal bands (at the second scale and below). In the
separable case we see elongated atoms, mixing a low scale in one direction with high scale in the

other.

4.3.3 Approximation of Real-World Signals

While it is hard to rank the performance of separable versus non-separable analytical dictionaries
or transforms in the general case, we have observed that the separable Wavelet transform provides
sparser representations than the traditional 2-D decomposition on small-medium size images.
To demonstrate this, we take 1,000 image patches of size 64 x 64 from popular test images, and
compare the m-term approximation achieved by the regular two-dimensional Wavelet transform,

the completely separable Wavelet transform and our separable and cropped Wavelets. A small
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Figure 4.4: Left: Random set of some of the images used for the the M-Term approximation
Experiment. Right: M-Term approximation by the traditional 2-D Wavelets and the separable
and cropped Wavelets on real images of size 64 x 64.

subset of these patches is presented on the left of Fig. 4.4. These large patches are in themselves
small images, exhibiting the complex structures characteristic of real world images.

As we see from the results in Fig. 4.4 (right), the separability provides some advantage
over regular Wavelets in representing the image patches. Furthermore, the proposed separable
cropped Wavelets give an even better approximation of the data with fewer coefficients.

Before concluding this section, we make the following remark. It is well known that
Wavelets (separable or not) are far from providing an optimal representation for general images
[Mal08,CD00,DV05]. Nonetheless, in this work these basis functions will be used only as the
base dictionary, while our learned dictionary will consist of linear combinations thereof. It is up
to the learning process to close the gap between the sub-optimal representation capability of the
Wavelets, and the need for a better two dimensional representation that takes into account edge

orientation, scale invariance, and more.

4.4 Online Sparse Dictionary Learning

As seen previously, the de-facto method for training the doubly sparse model has been a batch-like
process. When working with higher dimensional data, however, the required amount of training
examples and the corresponding computational load increase. In this big-data (or medium-data)
scenario, it is often unfeasible or undesired to perform several sweeps over the entire data set. In
some cases, the dimensionality and amount of data might restrict the learning process to only a
couple of iterations. In this regime of work it may be impossible to even store all training samples

in memory during the training process. In an extreme online learning set-up, each data sample is
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seen only once as new data flows in. These reasons lead naturally to the formulation of an online
training method for the double-sparsity model. In this section, we first introduce a dictionary
learning method based on the Normalized Iterative Hard-Thresholding algorithm [BD10]. We
then use these ideas to propose an Online Sparse Dictionary Learning (OSDL) algorithm based
on the popular Stochastic Gradient Descent technique, and show how it can be applied efficiently

to our specific dictionary learning problem.

4.4.1 NIHT-based Dictionary Learning

A popular practice in dictionary learning, which has been shown to be quite effective, is to
employ a block coordinate minimization over this non-convex problem. This often reduces to
alternating between a sparse coding stage, throughout which the dictionary is held constant,
and a dictionary update stage in which the sparse coefficients (or their support) are kept fixed.
We shall focus on the second stage, as the first remains unchanged, essentially applying sparse
coding to a group of examples. Embarking from the objective as given in Equation (4.2), the

problem to consider in the dictionary update stage is the following:

1
mjin§\|Y—<PAF|\% st. lajllo=Fk Vi,

f(a)
where ® is the base dictionary of size n X L and A is a matrix of size L x m with k£ non-zeros
per column. Many dictionary learning methods undertake a sequential update of the atoms
in the dictionary ( [AEB06, MBPS10,RZE10]). Following this approach, we can consider m

minimization problems of the following form:

1
min 5 ||E; — Pa;v] 7 st lajllo =k, (4.3)
J

f(aj)

where E; is the error given by Y — 5", £ ®a;~v! and 47 denotes the i-th row of I'. This problem
produces the j-th column in A, and thus we sweep through j = 1,...,m to update all of A.

The Normalized Iterative Hard-Thresholding (NIHT) [BD10] algorithm is a popular sparse
coding method in the context of Compressed Sensing [BD08]. This method can be understood as
a projected gradient descent algorithm. We can propose a dictionary update based on the same
concept. Note that we could rewrite the cost function in Equation (4.3) as f(a;) = ||E;—H;a;||%,
for an appropriate operator H;. Written in this way, we can perform the dictionary update in
terms of the NIHT by iterating:

a§+1 = Pk [a§ — 7];- H; (Ej - Hjaé)] s (4.4)

where H7 is the adjoint of H;, Py is a Hard-Thresholding operator that keeps the k largest
non-zeros (in absolute value), and 17; is an appropriate step-size. This algorithm iterates over

Equation (4.4) until convergence per atom in the dictionary update stage.
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The choice of the step size is critical. Noting that #; (Y — H;a;) = Vf(a;), in [BD10] the

authors propose to set this parameter per iteration as:

o IVF@)s, 1%

N T f(a)s, 5 (45)

where S; denotes the support of aj. With this step size, the estimate a't! is obtained by
performing a gradient step and hard-thresholding as in Equation (4.5). Note that if the support
of é?“ and al are the same, setting 7} as in Equation (4.5) is indeed optimal, as it is the
minimizer of the quadratic cost w.r.t. 77§. In this case, we simply set a§+1 = é;“

changes after applying P, however, the step-size must be diminished until a condition is met,

. If the support

guaranteeing a decrease in the cost function*. Following this procedure, the work reported
in [BD10] shows that the algorithm in Equation (4.4) is guaranteed to converge to a local

minimum of the problem in Equation (4.3).

Consider now the algorithm given by iterating between 1) sparse coding of all examples in
Y, and 2) atom-wise dictionary update with NIHT in Equation (4.3). An important question
that arises is: will this simple algorithm converge? Let us assume that the pursuit succeeds,
obtaining the sparsest solution for a given sparse dictionary A, which can indeed be guaranteed
under certain conditions. Moreover, pursuit methods like OMP, Basis Pursuit and FOCUSS
perform very well in practice when k < n (refer to [BDEQ9] for a thorough review). For the
cases where the theoretical guarantees are not met, we can adopt an external interference
approach by comparing the best solution using the support obtained in the previous iteration
to the one proposed by the new iteration of the algorithm, and choosing the best one. This
small modification guarantees a decrease in the cost function at every sparse coding step. The
atom-wise update of the dictionary is also guaranteed to converge to a local minimum for the
above mentioned choice of step sizes. Performing a series of these alternating minimization
steps ensures a monotonic reduction in the original cost function in Equation (4.1), which is

also bounded from below, and thus convergence to a fixed point is guaranteed.

Before moving on, a word on the characteristics of trained dictionaries is in place. The
recovery guarantees of pursuit methods is generally formulated in terms of properties of the
dictionary, such as its mutual coherence or its Restricted Isometry Property (RIP) [Elal0].
While dictionary learning provides better and sparser representations for real data, this adaptive
process generally deteriorates these measures. A trained dictionary does not typically exhibit low
correlation between its atoms, and so the corresponding results (which are worst-case scenario
analyses) say very little about the quality of the obtained dictionary. As we shall see in the
results section, this does not imply a deterioration of its practical performance; on the contrary,

their effectiveness in image representation and restoration is greatly improved.

“The step size is decreased by n} = ¢ n, where ¢ < 1. We refer the reader to [BD08] and [BD10] for further
details.
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Algorithm 4.1 Stochastic NIHT for Sparse Dictionary Learning.

Initialization: Training samples {y;}, base-dictionary @, initial sparse matrix A°
fori=1,...,Iter do

Draw y; at random

~, + Sparse Code (y;, ®, A?)

Si = Support(7y;)

for j=1,...,|S;| do

5()
1+i/T

Update agbl.) with Equation (4.6) and step size

end
end

Result:Sparse Dictionary A

4.4.2 From Batch to Online Learning

As noted in [AE08, MBPS10], it is not compulsory to accumulate all the examples to perform an
update in the gradient direction. Instead, we turn to a stochastic (projected) gradient descent
approach. In this scheme, instead of computing the expected value of the gradient by the sample
mean over all examples, we estimate this gradient over a single randomly chosen example y;.

We then update the atoms of the dictionary based on this estimation using;:
1
ait =Py [a; -1 V(alyiv,)]- (4.6)

Since these updates might be computationally costly (and because we are only performing
an alternating minimization over problem (4.2)), we might stop after a few iterations of applying
Equation (4.6). We also restrict this update to those atoms that are used by the current
example (since others have no contribution in the corresponding gradient). In addition, instead
of employing the step size suggested by the NIHT algorithm, we employ the common approach
of using decreasing step sizes throughout the iterations, which has been shown beneficial in

stochastic optimization [Bot98]. To this end, and denoting by n; the step size resulting from the
nk

TH/T"

modification does not compromise the guarantees of a decrease in the cost function (for the

NIHT, we employ an effective learning rate of with a manually set parameter T. This
given random sample 7), since this factor is always smaller than one. We outline the basic stages
of this method in Algorithm 4.1.

An important question that now arises is whether shifting from a batch training approach to
this online algorithm preserves the convergence guarantees described above. Though plenty is
known in the field of stochastic approximations, most of the existing results address convergence
guarantees for convex functions, and little is known in this area regarding projected gradient
algorithms [BBO08]. For non-convex cases, convergence guarantees still demand the cost function
to be differentiable with continuous derivatives [Bot98]. In our case, the ly pseudo-norm makes
a proof of convergence challenging, since the problem becomes not only non-convex but also

(highly) discontinuous.
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Algorithm 4.2 Online Sparse Dictionary Learning (OSDL) algorithm.

Initialization: Training samples {y;}, base-dictionary @, initial sparse matrix A°
G =®"®:U=0

fort=1,...,T7 do
Draw a mini-batch Y; at random

T'; < Sparse Code (Y, ®, Al, G!)

' = [IVF(AS)IIF/| @V f(ASTY ||

UG =4US + 19 VF(AL)

A =P [AL - U]

Update columns and rows of G by (AHI)T G@A?—l

end

Result: Sparse Dictionary A

That said, one could re-formulate the dictionary learning problem using a non-convex but
continuous and differentiable penalty function, moving from a constrained optimization problem
to an unconstrained one. We conjecture that convergence to a fixed point of this problem can
be reached under the mild conditions described in [Bot98]. Despite these theoretical benefits, we
choose to maintain our initial formulation in terms of the [y measure for the sake of simplicity
(note that we need no parameters other than the target sparsity). Practically, we saw in all our
experiments that convergence is reached, providing numerical evidence for the behavior of our

algorithm.

4.4.3 OSDL In Practice

We now turn to describe a variant of the method described in Algorithm 4.1, and outline other
implementation details. The atom-wise update of the dictionary, while providing a specific
step-size, is computationally slower than a global update. In addition, guaranteeing a decreasing
step in the cost function implies a line-search per atom that is costly. For this reason we propose

to replace this stage by a global dictionary update of the form
At+1 _ Pk [At o nt vf(At)] ’

where the thresholding operator now operates in each column of its argument. While we could
maintain a NIHT approach in the choice of the step-size in this case as well, we choose to employ
«_ _IVi(AS)IF

T @V f(As) Xlr .7

Note that this is the square-root of the value in Equation (4.5) and it may appear as counter-
intuitive. We shall present a numerical justification of this choice in the following section.

Secondly, instead of considering a single sample y; per iteration, a common practice in
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stochastic gradient descent algorithms is to consider mini-batches {y;} of N examples arranged
in the matrix Y;. As explained in detail in [RZE08], the computational cost of the OMP
algorithm can be reduced by precomputing (and storing) the Gram matrix of the dictionary D,
given by G = DTD. In a regular online learning scheme, this would be infeasible due to the
need to recompute this matrix for each example. In our case, however, the matrix needs only to
be updated once per mini-batch. Furthermore, only a few atoms get updated each time. We
exploit this by updating only the respective rows and columns of the matrix G. Moreover, this
update can be done efficiently due to the sparsity of the dictionary A.

Stochastic algorithms often introduce different strategies to regularize the learning process
and try to avoid local minimum traps. In our case, we incorporate in our algorithm a momentum
term U! controlled by a parameter v € [0,1]. This term helps to attenuate oscillations and
can speed up the convergence by incorporating information from the previous gradients. This
algorithm, termed Online Sparse Dictionary Learning (OSDL) is depicted in Algorithm 4.2. In
addition, many dictionary learning algorithms [AEB06, MBPS10] include the replacement of
(almost) unused atoms and the pruning of similar atoms. We incorporate these strategies here

as well, checking for such cases once every few iterations.

4.4.4 Complexity Analysis

We now turn to address the computational cost of the proposed online learning scheme®. As was
thoroughly discussed in [RZE10], the sparse dictionary enables an efficient sparse coding step.
In particular, any multiplication by D, or its transpose, has a complexity of Tp = Q(km + Ts),
where m is the number of atoms in ® (assume for simplicity A square), k is the atom sparsity
and T is the complexity of applying the base dictionary. For the separable case, this reduces to
Te = Q(ny/m).

Using a sparse dictionary, the sparse coding stage with OMP (in its Cholesky implementation)
is Q(pn+y/m+ pkm) per example. Considering N examples in a mini-batch, and assuming n oc m
and p o< n, we obtain a complexity of @ (Nn?(y/m + p)).

Moving to the update stage in the OSDL algorithm, calculating the gradient V f(As) has a
complexity of Ty = Q((k|S|+n+/m)N), and so does the calculation of the step size. Recall that
S is the set of atoms used by the current samples, and that |S| < m; i.e., the update is applied
only on a subset of all the atoms. Updating the momentum variable grows as (|S|m), and the
hard thresholding operator is £2(|S|mlog(m)). In a pessimistic approach, assume |S| x n.

Putting these elements together, the OSDL algorithm has a complexity of Q(Nn?(y/m +k) +
m?2log(m)) per mini-batch. The first term depends on the number of examples per mini-batch,
and the second one depends only on the size of the dictionary. For high dimensions (large n),
the first term is the leading one. Clearly, the number of non-zeros per atom k determines the
computational complexity of our algorithm. While in this study we do not address the optimal

way of scaling k, experiments shown hereafter suggest that its dependency with n might in

SWe analyze the complexity of just the OSDL for simplicity. The analysis of Algorithm 4.1 is similar, adding
the complexity of the line search of the step sizes.
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fact be less than linear. The sparse dictionary provides a computational advantage over the
online learning methods using explicit dictionaries, such as [MBPS10], which have complexity of
Q(Nn3).

4.5 Application to Image Processing

In this section we present a number of experiments to illustrate the behaviour of the method pre-
sented in the previous section. We start with a detailed experiment on learning an image-specific
dictionary. We then move on to demonstrations on image denoising and image compression.

Finally we tackle the training of universal dictionaries on millions of examples in high dimensions.
4.5.1 Image-Specific Dictionary Learning

To test the behaviour of the proposed approach, we present the following experiment. We train
an adaptive sparse dictionary in three setups of increasing dimension: with patches of size
12 x 12, 20 x 20 and 32 x 32, all extracted from the popular image Lena, using a fixed number of
non-zeros in the sparse coding stage (4, 10 and 20 non-zeros, respectively). We also repeat this
experiment for different levels of sparsity of the dictionary A. We employ the OSDL algorithm,
as well as the method presented in Algorithm 4.1 (in its mini-batch version, for comparison). We
also include the results by Sparse K-SVD, which is the classical (batch) method for the double
sparsity model, and the popular Online Dictionary Learning (ODL) algorithm [MBPS09]. Note
that this last method is an online method that trains a dense (full) dictionary. Training is done
on 200,000 examples, leaving 30,000 as a test set.

The sparse dictionaries use the cropped Wavelets as their operator ®, built using the Symlet
Wavelet with 8-taps. The redundancy of this base dictionary is 1.75 (in 1-D), and the matrix A
is set to be square, resulting in a total redundancy of just over 3. For a fair comparison, we
initialize the ODL method with the same cropped Wavelets dictionary. All methods use OMP in
the sparse coding stage. Also, note that the ODLS algorithm is implemented entirely in C, while
in our case this is only true for the sparse coding, giving the ODL somewhat of an advantage in
run-time.

The results are presented in Fig. 4.5, showing the representation error on the test set, where
each marker corresponds to an epoch. The atom sparsity refers to the number of non-zeros per
column of A with respect to the signal dimension (i.e., 5% in the 12 x 12 case implies 7 non-zeros).
Several conclusions can be drawn from these results. First, as expected, the online approaches
provide a much faster convergence than the batch alternative. For the low dimensional case,
there is little difference between Algorithm 4.1 and the OSDL, though this difference becomes
more prominent as the dimension increases. In these cases, not only does Algorithm 4.1 converge
slower but it also seems to be more prone to local minima.

As the number of non-zeros per atom grows, the representation power of our sparse dictionary
increases. In particular, OSDL achieves the same performance as ODL for an atom sparsity of

25% for a signal dimension of 144. Interestingly, OSDL and ODL achieve the same performance

5We used the publicly available SPArse Modeling Software package, at http://spams-devel.gforge.inria.fr/.
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Figure 4.5: Experiment 1: Dictionary learning by Sparse K-SVD, by the Stochastic NIHT
presented in Algorithm 4.1, the ODL algorithm [MBPS09] and by the Online Sparse Dictionary

Learning (OSDL).
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for decreasing number of non-zeros in A as the dimension increases: 10% for the 20 x 20 case
and =~ 2% for the 32 x 32. In this higher dimensional setting, not only does the sparse dictionary
provide faster convergence but it also achieves a lower minimum. The lower degrees of freedom
of the sparse dictionary prove beneficial in this context’, where the amount of training data is
limited and perhaps insufficient to train a full dictionary. This example suggests that indeed &
could grow slower than linearly with the dimension n.

Before moving on, we want to provide some empirical evidence to support the choice of the
step size in the OSDL algorithm. In Fig. 4.6 we plot the atom-wise step sizes obtained by
Algorithm 4.1, 173k (i.e., the optimal values from the NIHT perspective), together with their mean
value, as a function of the iterations for the 12 x 12 case for illustration. In addition, we show
the global step sizes of OSDL as in Equation (4.7). As can be seen, this choice provides a fair
approximation to the mean of the individual step sizes. Clearly, the square of this value would be

too conservative, yielding very small step sizes and providing substantially slower convergence.

4.5.2 Image Restoration Demonstration

In the context of image restoration, most state-of-the-art algorithms take a patch-based approach.
While the different algorithms differ in the models they enforce on the corrupted patches (or
the prior they chose to consider, in the context a Bayesian formulation) the general scheme
remains very much the same: overlapping patches are extracted from the degraded image, then
restored more or less independently, before being merged back together by averaging. Though
this provides an effective option, this locally-focused approach is far from being optimal. As
noted in several recent works ( [SOE14,SE15,RE15]), not looking at the image as a whole causes
inconsistencies between adjacent patches which often result in texture-like artifacts. A possible
direction to seek for a more global outlook is, therefore, to allow for bigger patches.

We do not intended to provide a complete image restoration algorithm in this work. Instead,
we will show that benefit can indeed be found in using bigger patches in image restoration —
given an algorithm which can cope with the dimension increase. We present an image denoising
experiment of several popular images, for increasing patch sizes. In the context of sparse
representations, an image restoration task can be formulated as a Maximum a Posteriori

formulation [EA06]. In the case of a sparse dictionary, this problem can be posed as:

A
min, = Zlz - yl3 + D lI@Ay; = Pizfl3 + pul l¥illo.
KA

where z is the image estimate given the noisy observation y, P; is an operator that extracts
the it" patch from a given image and v, is the sparse representation of the ith patch. We can
minimize this problem by taking a similar approach to that of the dictionary learning problem:
use a block-coordinate descent by fixing the unknown image z, and minimizing w.r.t the sparse

vectors «; and the dictionary (by any dictionary learning algorithm). We then fix the sparse

"Note that this limitation needed to be imposed for a comparison with Sparse K-SVD. Further along this
section we will present a comparison without this limitation.
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Figure 4.6: Step sizes 77 obtained by the atom-wise NIHT algorithm together with their mean
value, and the global approximation by OSDL.

vectors and update the image z. Note that even though this process should be iterated (as
effectively shown in [SE15]) we stick to the first iteration of this process to make a fair comparison
with the K-SVD based algorithms.

For this experiment, denoted as Experiment 4, we use both Sparse K-SVD and OSDL, for
training the double sparsity model. Each method is run with the traditional ODCT and with the
cropped Wavelets dictionary, presented in this chapter. We include as a reference the results of
the K-SVD denoising algorithm [EA06], which trains a regular (dense) dictionary with patches
of size 8 x 8. The dictionary sparsity was set to be 10% of the signal dimension. Regarding
the size of the dictionary, the redundancy was determined by the redundancy of the cropped
Wavelets (as explained in Section 4.3.1), and setting the sparse matrix A to be square. This
selection of parameters is certainly not optimal. For example, we could have set the redundancy
as an increasing function of the signal dimension. However, learning such increasingly redundant
dictionaries is limited by the finite data of each image. Therefore, we use a square matrix A for
all patch sizes, leaving the study of other alternatives for future work. 10 iterations were used
for the K-SVD methods and 5 iterations for the OSDL.

Fig. 4.7 presents the averaged results over the set of 10 publicly available images used
by [LBM13], where the noise standard deviation was set to ¢ = 30. Note how the original
algorithm presented in [RZE10], Sparse K-SVD with the ODCT as the base dictionary, does not
scale well with the increasing patch size. In fact, once the base dictionary is replaced by the
cropped Wavelets dictionary, the same algorithm shows a jump in performance of nearly 0.4
dB. A similar effect is observed for the OSDL algorithm, where the cropped Wavelets dictionary
performs the best.

Employing even greater patch sizes eventually results in decreasing denoising quality, even
for the OSDL with Cropped Wavelets. Partially, this could be caused by a limitation of the
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Figure 4.7: Experiment 4: Denoising results as a function of the patch size for Sparse K-SVD
and OSDL, which an overcomplete DCT dictionary and a separable cropped Wavelets dictionary.
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Figure 4.8: Experiment 5: a) Compression results (as in ratio of kept coefficients) by Wavelets,
Cropped separable Wavelets, PCA, OSDL and SeDiL. [HSK13] on aligned faces. b) Compression
results for the “Cropped Labeled Faces in the Wild” database.
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Figure 4.9: Subset of atoms from a sparse dictionary trained with OSDL on a database of
aligned face images.

sparse model in representing fine details as the dimension of the signal grows. Also, the amount
of training data is limited by the size of the image, having approximately 250,000 examples
to train on. Once the dimension of the patches increases, the amount of training data might
become a limiting factor in the denoising performance.

As a final word about this experiment, we note that treating all patches the same way (with
the same patch size) is clearly not optimal. A multi-size patch approach has already been
suggested in [LNDF12], though in the context of the Non-Local Means algorithm. The OSDL
algorithm may be the right tool to bring multi-size patch processing to sparse representation-based

algorithms, and this remains a topic of future work.

4.5.3 Adaptive Image Compression

Image compression is the task of reducing the amount of information needed to represent an
image, such that it can be stored or transmitted efficiently. In a world where image resolution
increases at a surprising rate, more efficient compression algorithms are always in demand. In
this section, we do not attempt to provide a complete solution to this problem but rather show
how our online sparse dictionaries approach could indeed aid a compression scheme.

Most (if not all) compression methods rely on sparsifying transforms. In particular, JPEG2000,
one of the best performing and popular algorithms available, is based on the 2-D Wavelet
transform. Dictionary learning has already been shown to be beneficial in this application.
In [BE08], the authors trained several dictionaries for patches of size 15 x 15 on pre-aligned face
pictures. These offline trained dictionaries were later used to compress images of the same type,
by sparse coding the respective patches of each picture. The results reported in [BEO8] surpass
those by JPEG2000, showing the great potential of similar schemes.

In the experiment we are presenting here (Experiment 5), we go beyond the locally based

compression scheme and propose to perform naive compression by just keeping a certain number
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of coefficients through sparse coding, where each signal is the entire target image. To this end,
we use the same data set as in [BE0OS] consisting of over 11,000 examples, and re-scaled them
to a size of 64 x 64. We then train a sparse dictionary on these signals with OSDL, using the
cropped Wavelets as the base dictionary for 15 iterations. For a fair comparison with other
non-redundant dictionaries, in this case we chose the matrix A such that the final dictionary
is non-redundant (a rectangular tall matrix). A word of caution should be said regarding the
relatively small training data set. Even though we are training just over 4000 atoms on only
11,000 samples, these atoms are only 250-sparse. This provides a great reduction to the degrees

of freedom during training. A subset of the obtained atoms can be seen in Fig. 4.9.

For completion, we include here the results obtained by the SeDiL algorithm [HSK13] (with
the code provided by the authors and with the suggested parameters), which trains a separable
dictionary consisting of 2 small dictionaries of size 64 x 128. Note that this implies a final
dictionary which has a redundancy of 4, though the degrees of freedom are of course limited due

to the separability imposed.

The results of this naive compression scheme are shown in Fig. 4.8a for a testing set (not
included in the training). As we see, the obtained dictionary performs substantially better than
Wavelets — on the order of 8 dB at a given coeflicient count. Partially, the performance of our
method is aided by the cropped Wavelets, which in themselves perform better than the regular
2-D Wavelet transform. However, the adaptability of the matrix A results in a much better
compression-ratio. A substantial difference in performance is obtained after training with OSDL,
even while the redundancy of the obtained dictionary is less (by about half) than the redundancy
of its base-dictionary. The dictionary obtained by the SeDiL algorithm, on the other hand, has
difficulties learning a completely separable dictionary for this dataset, in which the faces, despite

being aligned, are difficult to approximate through separable atoms.

As one could observe from the dictionary obtained by our method, some atoms resemble
PCA-like basis elements. Therefore we include the results by compressing the testing images with
a PCA transform, obtained from the same training set — essentially, performing a dimensionality
reduction. As one can see, the PCA results are indeed better than Wavelets due to the regular
structure of the aligned faces, but they are still relatively far from the results achieved by
OSDL [BDEO09].

Lastly, we show that this naive compression scheme, based on the OSDL algorithm, does
not rely on the regularity of the aligned faces in the previous database. To support this claim,
we perform a similar experiment on images obtained for the “Cropped Labeled Faces in the
Wild Database” [SL09]. This database includes images of subjects found on the web, and its
cropped version consists of 64 x 64 images including only the face of the different subjects. These
face images are in different positions, orientations, resolutions and illumination conditions. We
trained a dictionary for this database, which consists of just over 13,000 examples, with the
same parameter as in the previous case, and the compression is evaluated on a testing set not
included in the training. An analogous training process was performed with SeDiL.. As shown in

Fig. 4.8b, the PCA results are now inferior, due to the lack of regularity of the images. The
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separable dictionary provided by SeDiL. performs better in this dataset, whose examples consists
of truncated faces rather than heads, and which can be better represented by separable atoms.
Yet, its representation power is compromised by its complete separability when compared to
OSDL, with a 1 dB gap between the two.

4.5.4 Pursuing Universal Big Dictionaries

Dictionary learning has shown how to take advantage of sparse representations in specific
domains, however dictionaries can also be trained for more general domains (i.e., natural
images). For relatively small dimensions, several works have demonstrated that it is possible to
train general dictionaries on patches extracted from non-specific natural images. Such general-
purpose dictionaries have been used in many applications in image restoration, outperforming
analytically-defined transforms.

Using our algorithm we want to tackle the training of such universal dictionaries for image
patches of size 32 x 32, i.e., of dimension 1024. To this end, in this experiment we train a
sparse dictionary with a total redundancy of 6: the cropped Wavelets dictionary introduces a
redundancy of around 3, and the matrix A has a redundancy of 2. The atom sparsity was set
to 250, and each example was coded with 60 non-zeros in the sparse coding stage. Training
was done on 10 Million patches taken from natural images from the Berkeley Segmentation
Dataset [MFTMO1]. We run the OSDL algorithm for two data sweeps. For comparison, we
trained a full (unconstrained) dictionary with ODL with the same redundancy, on the same
database and with the same parameters.

We evaluate the quality of such a trained dictionary in an M-Term approximation experiment
on 600 patches (or little images). Comparison is done with regular and separable cropped
Wavelets (the last one being the base-dictionary of the double sparsity model, and as such the
starting point of the training). We also want to compare our results with the approximation
achieved by more sophisticated multi-scale transforms, such as Contourlets. Contourlets are a
better suited multi-scale analysis for two dimensions, providing an optimal approximation rate
for piece-wise smooth functions with discontinuities along twice differentiable curves [DVO05].
This is a slightly redundant transform due to the Laplacian Pyramid used for the multi-scale
decomposition (redundancy of 1.33). Note that, traditionally, hard-thresholding is used to obtain
an M-term approximation, as implemented in the code made available by the authors. However,
this is not optimal in the case of redundant dictionaries. We therefore construct an explicit
Contourlet synthesis dictionary, and apply the same greedy pursuit we employ throughout
the chapter. Thus we fully leverage the approximation power of this transform, making the
comparison fair®.

Moreover, and to provide a complete picture of the different transforms, we include also the

8 Another option to consider is to use undecimated multi-scale transforms. The Undecimated Wavelet Transform
(UDWT) [Mal08] and the Nonsubsampled Contourlet Transform (NSCT) [ER06] are shift-invariant versions of
the Wavelet and Contourlet transforms, respectively, and are obtained by skipping the decimation step at each
scale. This greater flexibility in representation, however, comes at the cost of a huge redundancy, which becomes a
prohibiting factor in any pursuing scheme. A similar undecimated scheme could be proposed for the corresponding
cropped transforms, however, but this is out of the scope of this work.

68



o w7 TR A
LA_sioms QUATZnIToe
il 1.}.‘3 -l
v 4™ _F [ RS R | Y

Technion - Computer Science Department - Ph.D. Thesis PHD-2018-01.revised - 2018

Figure 4.10: Experiment 6: Subset of the general (sparse) dictionary for patches of size 32 x 32
obtained with OSDL trained over 10 million patches from natural images.
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Figure 4.11: Experiment 6: Atoms of size 32 x 32 with recurring patterns at different locations.

results obtained for a cropped version of Contourlets. Since Contourlets are not separable we
use a 2-D extension of our cropping procedure detailed in Section 4.3.1 to construct a cropped
Contourlets synthesis dictionary. The lack of separability makes this dictionary considerably less
efficient computationally. As in cropped Wavelets, we naturally obtain an even more redundant
dictionary (redundancy factor of 5.3).

A subset of the obtained dictionary is shown in Fig. 4.10, where the atoms have been
sorted according to their entropy. Very different types of atoms can be observed: from the
piece-wise-constant-like atoms, to textures at different scales and edge-like atoms. It is interesting
to see that Fourier type atoms, as well as Contourlet and Gabor-like atoms, naturally arise
out of the training. In addition, such a dictionary obtains some flavor of shift invariance. As
can be seen in Fig. 4.11, similar patterns may appear in different locations in different atoms.
An analogous question could be posed regarding rotation invariance. Furthermore, we could
consider enforcing these, or other, properties in the training. These, and many more questions,
are part of on-going work.

The approximation results are shown in Fig. 4.12.a, where Contourlets can be seen to perform
slightly better than Wavelets. The cropping of the atoms significantly enhances the results
for both transforms, with a slight advantage for cropped Wavelets over cropped Contourlets.
The Trainlets, obtained with OSDL, give the highest PSNR. Interestingly, the ODL algorithm
by [MBPS10] performs slightly worse than the proposed OSDL, despite the vast database of
examples. In addition, the learning (two epochs) with ODL took roughly 4.6 days, whereas the
OSDL took approximately 2 days?. As we see, the sparse structure of the dictionary is not only
beneficial in cases with limited training data (as in Experiment 1), but also in this big data
scenario. We conjecture that this is due to the better guiding of the training process, helping to
avoid local minima which an uncontrained dictionary might be prone to.

As a last experiment, we want to show that our scheme can be employed to train an adaptive
dictionary for even higher dimensional signals. In Experiment 8, we perform a similar training

with OSDL on patches (or images) of size 64 x 64, using an atom sparsity of 600. The cropped

9This experiment was run on a 64-bit operating system with an Intel Core i7 microprocessor, with 16 Gb of
RAM, in Matlab.
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Figure 4.12: Experiment 7-8: a) M-term approximation of general image patches of size 32x32
for different methods. b) M-term approximation of general image patches of size 64x64 for
different methods. ¢) Some atoms of size 64 x 64 from the dictionary trained with OSDL.

Wavelets dictionary has a redundancy of 2.44, and we set A to be square. For a fair comparison,
and due to the extensive time involved in running ODL, we first ran ODL for 5 days, giving it
sufficient time for convergence. During this time ODL accessed 3.8 million training examples.
We then ran OSDL using the same examples'?.

As shown in Fig. 4.12.b, the relative performance of the different methods is similar to the
previous case. Trainlets again gives the best approximation performance, giving a glimpse into
the potential gains achievable when training can be effectively done at larger signal scales. It
is not possible to show here the complete trained dictionary, but we do include some selected
atoms from it in Fig. 4.12.c. We obtain many different types of atoms: from the very local

curvelets-like atoms, to more global Fourier atoms, and more.

4.6 Large Face Image Inpainting

Image inpainting is a data completion problem that aims to recover — or fill in — missing
information in an degraded image. These areas can be given by individual missing pixels
distributed along the image, or by continuous regions resulting from scratches, foldings or other
forms of degradation of old photographs. In the extreme case where the area to inpaint is
relatively large (also known as hole-filling), this problem becomes challenging [GLM14].

This ill-posed problem, whose solution is often not even well-defined, has received considerable
attention in recent years. Many inpainting approaches rely on Partial Differential Equations
(PDF) [BSCBO00, Tsc06], variational formulations [BBC*01], exemplar-based methods [CPT04],
sparsity-enforcing priors [XS10, Gul06] and combinations of them [BBCS10, LMG12|. Despite
their efficient performance, all these works are restricted to either small areas or to the task of

object removal, by propagating and filling-in a proper surrounding background.

0The provided code for ODL is not particularly well suited for cluster-processing (needed for this experiment),
and so the times involved in this case should not be taken as an accurate run-time comparison.
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Figure 4.13: Example of a inpainted image - left: Face image with missing eyes. Right:
inpainted result obtained with the proposed approach.

Some problems, however, require a different approach. We shall focus in the specific problem
of inpainting large areas of face images, like the case in Figure 4.13. As one could foresee,
traditional patch-based methods will not be effective in recovering or estimating the missing data.
Diffusion based and content propagation approaches will also find this problem too challenging.
In fact, any method which seeks to inpaint the missing region by propagating information from
the available image data will fail, as all these are oblivious to the fact that they are inpainting a
face. This missing information needs to be provided in terms of a global model of the target
image.

The task of obtaining an adaptive global model for high dimensional signals is a hard problem.
Some attempts include manifold learning techniques, as in [Pey09], where the authors propose to
learn an adaptable low-dimensional manifold for images. This work includes inpainting examples
on synthetic and texture data, though it is still far from providing a practical solution for
real world face images. The recent work in [PKD"16], on the other hand, proposes the use of
convolutional neural networks to train a global model to inpaint large holes in natural images.
This network, however, was trained for general (street) images and it does not apply to our
specific problem.

In this work, we propose to build such a global prior employing sparse representations
modeling and dictionary learning. The problem of dictionary learning consists of adaptively
learning a set of atoms which are able to represent real signals as sparsely as possible, and
has been a popular topic in signal and image processing over the last decade [BDE09, MBP14].
However, due to the computational constraints that this problem entails, all learning methods are
typically applied on small patches from the image and not on the image itself [AEB06, MBS09].
In other words, attempting to obtain such a global dictionary with traditional dictionary learning

algorithms would be infeasible.

A novel work which has circumvented this problem is the recently proposed Trainlets
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Figure 4.14: A subset of the obtained atoms by OSDL.

framework [SOZE16], where the authors proposed an Online Sparse Dictionary Learning (OSDL)
algorithm that is able to obtain large adaptable atoms from natural images. Trainlets are built
as linear (sparse) combinations of atoms from a fast and analytical dictionary, that of the novel
Cropped Wavelets. This work [SOZE16] presented some initial results on sparse approximation
of face images - indicating their effectiveness in modeling high dimensional data.

In this work we will formulate the inpainting task as an inverse problem regularized by a
sparse prior under a global dictionary trained from publicly available datasets. Our results
indicate that the proposed approach is able to synthesize missing information which is in a
accordance with the global context of the image, yielding natural reconstructed faces.

In order to cope with the increase of training data, the work in [SOZE16] proposed a
dictionary learning algorithm based on ideas from stochastic optimization [Bot98]. In a nutshell,
the algorithm performs sparse coding of a mini-batch of training examples with (Sparse)
OMP [RZEO08], and then updates a subset of the dictionary atoms through a variation of
the Normalized Iterative Hard Thresholding algorithm [BD10]. For completion, we present a
summary of this method in Algorithm 4.2, and we refer the reader to [SOZE16] for further
details.

Tackling the learning of a global model for face images in particular, we apply OSDL on
a compendium of face images taken from different datasets, using the freely available code at
the author’s website. To increase the variability of the training data — and to obtain a more
general model — we employ images taken from the Chinese Passport dataset used in [BE0S|
(both in its aligned and non aligned formats), the Chicago Faces Database [MCW15], the AT&T
Faces Database!!, and the Cropped Yale Database [GBKO1]. All images were rescaled to a

size of 100 x 100 pixels, and employed as is; i.e., there was no coherent scaling or alignment

"Preely available from AT&T Laboratories Cambridge’s website.
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involved. All together, these amounted to a training set of roughly 19,000 images. OSDL took
approximately 2 days to perform 40 data-sweeps'?. We employed the Cropped Wavelets as the
base dictionary (with Daubechies Wavelets with 4 vanishing moments), which has a redundancy
of ~ 1.7. The matrix A was chosen to be tall (under-complete), having 6,000 atoms in it. The
atom sparsity was set to 1000; i.e., these are only ~ 6% sparse. We present some of the obtained
atoms in Figure 4.14, where one can see that not only they resemble faces or face-features, but

also the obtained variability between different sizes and configurations.

4.6.1 Inpainting Formulation

Once the global model has been obtained, we move to describe in detail the inpainting formulation.
Consider the original image yo € R™ (n = 10,000), and a mask M, given by a binary matrix
of size | X n, where | = ¢-n. This way, ¢ denotes the fraction of the pixels that have not been
removed (and remain) from the degraded image given by y = Myy.

Given this degradation model, and leveraging the obtained dictionary D, the inpainting
inverse problem can be cast in terms of a pursuit by adding a sparse regularization term.

Formally,

min ||7y||o subject to ||y — MD~l]2 <e.
2

This is nothing but a sparse coding problem with the incorporation of a degradation
mask. Unlike the sparse coding stage in Algorithm 4.2, we now turn to a relaxation of this
formulation moving from the £y to the £; norm. This way, we replace the problem above with

the unconstrained optimization problem given by

min [y — MDyllz + All~vlls, (4.8)

where A is a the penalty parameter, compromising between the desired sparsity and the
(masked) fidelity term. The shift from the ¢y to the ¢; norm is motivated by a practical aspect:
in the inpainting problem, where one does not known a priori the number of non-zero elements
needed to obtain a good reconstruction (or the equivalent € threshold), it is easier to tune a
penalty parameter A. The number of non-zeros in v might be larger than those employed during
the training, therefore making a greedy pursuit time consuming. In addition, we have found this
£1 approach to yield solutions that are smoother, resulting in more naturally-looking inpainted
areas.

Due to the convexity of the problem in Equation (4.8), a variety of algorithms can be
employed to find its solution. Iterative shrinkage algorithms are particularly well-suited for this
kind of problems, and we employ FISTA as the specific solver [BT09a]'®. Our implementation
of this method benefits from the relatively low-complexity of applying D. Indeed, multiplying a

12¥We run our experiment on a Windows computer with an Intel Xeon E5 CPU, with 64 Gb of RAM running
Windows 64 bits. However, no parallel processing was used, and memory consumption did not exceed 16 Gb.

13While we employ FISTA for the minimization of Equation (4.8), the learning algorithm (OSDL) still employs
OMP for the Sparse Coding stage.
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Figure 4.15: Inpainting of the image on the left column, for increasing values of A (from left to
right) in the range [0.05,50], with Trainlets.

vector by the dictionary (or its transpose) is never done explicitly. Instead, this is computed in
terms of the product with the (very) sparse matrix A and the 1-dimensional wavelet dictionaries,

which represent the separable operator ®.

4.6.2 Results

For our experiments, we applied the method described in the previous section on a set of
testing images, not included in the training set. In order to demonstrate the benefits of the
proposed approach based on Trainlets, we compare with a number of other methods; namely:
1) the patch-propagation method of [XS10], which employs a sparse (patch) prior to inpaint
the image, 2) a PCA (global) learned basis, and 3) the Separable Dictionary Learning (SEDIL)
algorithm [HSK13], which also trains a global but separable dictionary. For this last method, we
trained two 1-dimensional dictionaries of size 100 x 200 on the same training set, employing the
code provided by the authors!*. Note that both PCA and SEDIL obtain a set of global adaptive
atoms by enforcing some constraints: orthogonality and separability, respectively.

The inpainting algorithm resulting from the minimization of Equation (4.8) depends on the
parameter A, and its value influences the quality of the final reconstruction. An example is
presented in Figure 4.15, where we inpaint the image on the left with the proposed approach for
increasing values of this parameter.

In our experiments, and for a legitimate comparison, we run each method for a series of
values of this parameter and then selected the most plausible results for each method separately

Note that the selection of the best (most plausible) result is somewhat subjective, for which we

14 Note that this is a batch method, and we employed 2,000 iterations. Training with SEDIL took approximately
2.5 days, resulting in both dictionary learning algorithms running for about the same time.

75



have used our most fair judgment.

The comparison with [XS10], on the other hand, is not entirely fair: inpaiting methods based
on patch propagation are not expected to perform well in this challenging problem, as they
cannot inpaint elements (mouth, eyes, etc) that do not appear in the available image region. Yet,
we include them for completion and in order to demonstrate the intrinsic need of a global model.

We present a subset of our results in Figure 4.16, and more examples can be found in the
supplementary material. As expected, the local method of [XS10] provides results that are not
in agreement with the global context. On the other hand, the performance of SEDIL is limited,
while PCA sometimes manages to recover somewhat of a natural result. Still, the constraints
imposed by both of these two methods appear to be too restrictive for this problem. As can be
seen, Trainlets provide the best results — often making it hard to distinguish between the original
and the synthetic inpainted image. Some cases are particularly interesting: in the third image,
where the glare in the glasses occlude the left eye, our approach manages to restore it; in the
fourth image, we inpaint an eye which was not originally there due to lighting conditions, still in

a plausible manner. More interesting examples can be found in the supplementary material.

4.7 Chapter Conclusions

In this Chapter we have propose a different solution to the limitations of patch-based approaches:
increase the patch size to become a global image. This approach requires a careful analysis of
the dictionary model, as well as the training algorithm employed to adapt this model effectively.
After these aspects have been considered, we have shown that benefit can be gained by increasing
the small dimensional patches in traditional restoration applications, like image denoising.
Interestingly, when searching for wuniversal dictionaries, we found that our model proposes
all kinds of atoms that resemble (to some extent) typical analytic constructions popular in
approximation theory.

Our approach proves most successful when deployed for a particular class of images, as in
the case of face images. In this scenario, one can tackle very challenging restoration problems —
only attainable to very recent Deep Learning methods [PKD%16]. An interesting observation
is that once a good global model is at our disposal, there is no need for any extra algorithmic
manipulation of the data: there is no symmetry, exemplar-based copying or other form of
external regularization enforced in the reconstruction; this is naturally captured by the learning
process. Exploring the ability of a similar approach in tackling other inverse problems is an
interesting direction of research and part of ongoing work.

Finally, while the our method is very effective in modeling images from a similar class,
employing this approach for the inpainting of large areas in natural images is unlikely to succeed,
as learning a global model for such general cases is a significantly more challenging task. In
this case, improvements on the learning algorithm (and the model) would be needed before

attempting to solve this kind of inverse problem.
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Figure 4.16: Inpainting results. From left to right: masked image, patch propagation [XS10],

and the original image.

]7

PCA, SEDIL [HSK13], Trainlets [SOZE16
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4.8 Chapter Appendix

4.8.1 Further Inpainting Results

Figure 4.17: Inpainting results. From left to right: masked image, patch propagation [XS10],
PCA, SEDIL [HSK13|, Trainlets [SOZE16], and the original image.

Technion - Computer Science Department - Ph.D. Thesis PHD-2018-01.revised - 2018
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Figure 4.18: Inpainting results. From left to right: masked image, patch propagation [XS10],
PCA, SEDIL [HSK13], Trainlets [SOZE16], and the original image.
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Chapter 5

Convolutional Sparse Coding

Chapter Abstract

The celebrated sparse representation model has led to remarkable results in various signal
processing tasks in the last decade. However, despite its initial purpose of serving as a global
prior for entire signals, it has been commonly used for modeling low dimensional patches due
to the computational constraints it entails when deployed with learned dictionaries. A way
around this problem has been recently proposed, adopting a convolutional sparse representation
model. This approach assumes that the global dictionary is a concatenation of banded Circulant
matrices. While several works have presented algorithmic solutions to the global pursuit problem
under this new model, very few truly-effective guarantees are known for the success of such
methods. In this chapter, we address the theoretical aspects of the convolutional sparse model
providing the first meaningful answers to questions of uniqueness of solutions and success of
pursuit algorithms, both greedy and convex relaxations, in ideal and noisy regimes. To this end,
we generalize mathematical quantities, such as the £y norm, mutual coherence, Spark and RIP
to their counterparts in the convolutional setting, intrinsically capturing local measures of the
global model. On the algorithmic side, we demonstrate how to solve the global pursuit problem
by using simple local processing, thus offering a first of its kind bridge between global modeling

of signals and their patch-based local treatment.
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5.1 An Underlying Local-Global Model?

The previous chapter showed that if one is to propose a global sparse model for images, one
must constrain the dictionary in order to ovoid the curse of dimensionality. We leveraged this
observation in the context of the double sparsity model, showing that the dictionary learning
problem can indeed be up-scaled. However, the Trainlets approach clearly has limitations that
will prevent us from learning a model for arbitrarily large images.

An alternative is a constrained global model in which the signal is composed as a superposition
of local atoms. The family of dictionaries giving rise to such signals is a concatenation of banded
Circulant matrices, as depicted in Figure 5.1. This global model benefits from having a local
shift invariant structure — a popular assumption in signal and image processing — suggesting an
interesting connection to the above-mentioned local modeling.

When the dictionary D has this structure of a concatenation of banded Circulant matrices, the
resulting pursuit problem is usually known as convolutional sparse coding [GRKNO7]. Recently,
several works have addressed the problem of using and training such a model in the context of
image inpainting, super-resolution, and general image representation [BEL13, HHW15, KF14,
Woh14, GZX15]. These methods usually exploit an ADMM formulation [BPC*11] while
operating in the Fourier domain in order to search for the sparse codes and train the dictionary
involved. Several variations have been proposed for solving the pursuit problem, yet there has
been no theoretical analysis of their success.

Assume a signal is created by multiplying a sparse vector by a convolutional dictionary. We

will let the following set of questions guide our work and the results presented in this chapter:
1. Can we guarantee the uniqueness of such a global (convolutional) sparse vector?

2. Can global pursuit algorithms, such as the ones suggested in recent works, be guaranteed

to find the true underlying sparse code, and if so, under which conditions?

3. Can we guarantee a stability of the sparse approximation problem, and a stability of

corresponding pursuit methods in a noisy regime?
4. Can we solve the global pursuit by restricting the process to local pursuit operations?

A naive approach to address such theoretical questions is to apply the fairly extensive results
for sparse representation and compressed sensing to the above defined model [Elal0]. However,
as we will show throughout this chapter, this strategy provides nearly useless results and bounds
from a global perspective. Therefore, there exists a true need for a deeper and alternative
analysis of the sparse coding problem in the convolutional case which would yield meaningful
bounds.

In this chapter, we will demonstrate the futility of the fy-norm in providing meaningful
bounds in the convolutional model. This, in turn, motivates us to propose a new localized
measure — the {y o norm. Based on it, we redefine our pursuit into a problem that operates

locally while thinking globally. To analyze this problem, we extend useful concepts, such as
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Figure 5.1: The convolutional model description, and its composition in terms of the local
dictionary Dy..

the Spark and mutual coherence, to the convolutional setting. We then provide claims for
uniqueness of solutions and for the success of pursuit methods in the noiseless case, both for
greedy algorithms and convex relaxations. Based on these theoretical foundations, we then
extend our analysis to a more practical scenario, handling noisy data and model deviations.
We generalize and tie past theoretical constructions, such as the Restricted Isometry Property
(RIP) [CTO05] and the Exact Recovery Condition (ERC) [Tro04], to the convolutional framework
proving the stability of this model in this case as well.

Before diving in, a word about notation. The general approach of denoting vectors and
matrices with bold characters will be maintained. However, and because the results presented
in this chapter duel on the analysis of local and global vectors, we will employ the somewhat

unorthodox choice of capital letters for global vectors and lowercase for local ones.

5.2 Preliminaries on CSC

Consider now the global dictionary to be a concatenation of m banded Circulant matrices', where
each such matrix has a band of width n < N. As such, by simple permutation of its columns,
such a dictionary consists of all shifted versions of a local dictionary Dy, of size n x m. This model
is commonly known as Convolutional Sparse Representation [GRKN07,BL14, HHW15]. Hereafter,
whenever we refer to the global dictionary D, we assume it has this structure. Assume a signal
X to be generated as DI'. In Figure 5.1 we describe such a global signal, its corresponding
dictionary that is of size N x mN and its sparse representation, of length m/N. We note that I
is built of N distinct and independent sparse parts, each of length m, which we will refer to as
the local sparse vectors «;.

Consider a sub-system of equations extracted from X = DI' by multiplying this system
by the patch extraction? operator R; € R"*N. The resulting system is x; = R;X = R,;DT,

'Each of these matrices is constructed by shifting a single column, supported on n subsequent entries, to all
possible shifts. This choice of Circulant matrices comes to alleviate boundary problems.
2Denoting by O(axp) @ zeros matrix of size a x b, and I(,x,) an identity matrix of size n x n, then R; =

[0 x(i—1))> Itnxn)s O(nx (N—imn+1))]-
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where x; is a patch of length n extracted from X from location i. Observe that in the set of
extracted rows, R;D, there are only (2n — 1)m columns that are non-trivially zero. Define the

(2n—1)mxmN

operator S; € R as a columns’ selection operator?®, such that RiDSiT preserves all

the non-zero columns in R;D. Thus, the subset of equations we get is essentially

x; = R;X = R,DT" = R;DS!S,T. (5.1)

Definition 1. Given a global sparse vector T', define v; = S;T" as its i'" stripe representation.

Note that a stripe «; can be also seen as a group of 2n — 1 adjacent local sparse vectors or; of

length m from I', centered at location c;.

Definition 2. Consider a convolutional dictionary D defined by a local dictionary Dy, of size
n x m. Define the stripe dictionary € of size n x (2n — 1)m, as the one obtained by extracting

n consecutive rows from D, followed by the removal of its zero columns, namely 2 = R;DS?.

Observe that €, depicted in Figure 5.2, is independent of i, being the same for all locations due
to the union-of-Circulant-matrices structure of D. In other words, the shift invariant property
is satisfied for this model — all patches share the same stripe dictionary in their construction.
Armed with the above two definitions, Equation (5.1) simply reads x; = €~;.

From a different perspective, one can synthesize the signal X by considering D as a concate-
nation of N vertical stripes of size N x m (see Figure 5.1), where each can be represented as
R7Dy. In other words, the vertical stripe is constructed by taking the small and local dictionary
D; and positioning it in the i** row. The same partitioning applies to T, leading to the ay

ingredients. Thus,

X = ZRZ-TDLa,-.
7

Since ay; play the role of local sparse vectors, Dy are reconstructed patches (which are not
the same as x; = €7;), and the sum above proposes a patch averaging approach as practiced in
several works [AEB06,ZW11,SE15]. This formulation provides another local interpretation of
the convolutional model.

Yet a third interpretation of the very same signal construction can be suggested, in which
the signal is seen as resulting from a sum of local/small atoms which appear in a small number

of locations throughout the signal. This can be formally expressed as

m
X = Zd, * Zj,
i=1

where the vectors z; € RY are sparse maps encoding the location and coefficients convolved with

the i*" atom [GRKNO7]. In our context, I' is simply the interlaced concatenation of all z;.

3An analogous definition can be written for this operator as well.
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Figure 5.2: Stripe Dictionary

This model (adopting the last convolutional interpretation) has received growing attention
in recent years in various applications. In [MSHOS8| a convolutional sparse coding framework
was used for pattern detection in images and the analysis of instruments in music signals, while
in [ZL15] it was used for the reconstruction of 3D trajectories. The problem of learning the
local dictionary Dy, was also studied in several works [ZKTF10,KSB*10,BL14, Woh14, HA15].
Different methods have been proposed for solving the convolutional sparse coding problem
under an ¢1-norm penalty. Commonly, these methods rely on the ADMM algorithm [BPC*11],
exploiting multiplications of vectors by the global dictionary in the Fourier domain in order
to reduce the computational cost involved [BL14]. An alternative is the deployment of greedy
algorithms of the Matching Pursuit family [MZ93], which suggest an ¢y constraint on the global
sparse vector. The reader is referred to the work of [Woh14] and references therein for a thorough
discussion on these methods. In essence, all the above works are solutions to the minimization
of a global pursuit under the convolutional structure. As a result, the theoretical results in our
work will apply to these methods, providing guarantees for the recovery of the underlying sparse

vectors.

5.3 From Global to Local Analysis

Consider a sparse vector I' of size mN which represents a global (convolutional) signal. Assume
further that this vector has a few k < N non-zeros. If these were to be clustered together in a
given stripe -;, the local patch corresponding to this stripe would be very complex, and pursuit
methods would likely fail in recovering it. On the contrary, if these k non-zeros are spread all
throughout the vector I', this would clearly imply much simpler local patches, facilitating their
successful recovery. This simple example comes to show the futility of the traditional global
fo-norm in assessing the success of convolutional pursuits, and it will be the pillar of our intuition

throughout our work.
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5.3.1 The ¢y, Norm and the F, ., Problem

Let us now introduce a measure that will provide a local notion of sparsity within a global sparse

vector.

Definition 3. Define the £y o pseudo-norm of a global sparse vector I' as
[Tl = mavx ]

In words, this quantifies the number of non-zeros in the densest stripe =y, of the global I'. This is
equivalent to extracting all stripes from the global sparse vector I', arranging them column-wise
into a matrix A and applying the usual ||A||p .o norm — thus, the name. By constraining the ¢y o
norm to be low, we are essentially limiting all stripes -, to be sparse, and their corresponding
patches R;X to have a sparse representation under a shift-invariant local dictionary €2. This
is one of the underlying assumptions in many signal and image processing algorithms. As for
properties of this norm, similar to £y case, in the ¢y o, the non-negativity and triangle inequality
properties hold, while homogeneity does not.

Armed with the above definition, we now move to define the P o, problem:
(Po,oo) : mrin IT]j0,0c s.t. DI =X.

When dealing with a global signal, instead of solving the Py problem (minimizing the ¢y norm of
I') as is commonly done, we aim to solve the above defined objective instead. The key difference
is that we are not limiting the overall number of zeros in I', but rather putting a restriction on

its local density.

5.3.2 Global versus Local Bounds

As mentioned previously, theoretical bounds are often given in terms of the mutual coherence of
the dictionary. In this respect, a lower bound on this value is much desired. In the case of the
convolution sparse model, this value quantifies not only the correlation between the atoms in
Dy, but also the correlation between their shifts. Though in a different context, a bound for

this value was derived in [Wel74], and it is given by

m—1

n(D) = m@n—1) =1 (5.2)

For a large value of m, one obtains that the best possible coherence is u(D) ~ \/% This implies
that if we are to apply BP or OMP to recover the sparsest I' that represents X, the classical
sparse approximation results [BDE09] would allow merely O(y/n) non-zeros in all T', for any N,
no matter how long X is! As we shall see next, the situation is not as grave as it may seem, due
to our migration from Py to Py . Leveraging the previous definitions, we will provide global

recovery guarantees that will have a local flavor, and the bounds will be given in terms of the
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length of the global signal.

size of a local atom or a local signal patch.

number of unique local atoms (filters) or the number
of Circulant matrices.

global signals of length NV, where generally
Y=X+E.

global dictionary of size N x mN.

I' and A global sparse vectors of length mN.

[; and A; : the " entry in T and A, respectively.

Dy local dictionary of size n x m.

Q stripe dictionary of size n x (2n — 1)m, which

contains all possible shifts of Dy,
Q; : local sparse code of size m.
a stripe of length (2n — 1)m extracted

. and §;
Vi and 9 from the global vectors I' and A, respectively.
and: @ local sparse vector of length m which corresponds
}i’s " to the s portion inside ~; and J;, respectively.
,8

Table 5.1: Summary of notations used throughout this chapter.

number of non-zeros in the densest stripe. This way, we will show that the guarantee conditions

can be significantly enhanced to O(y/n) non-zeros locally rather than globally.

5.4 Theoretical Study of Ideal Signals

As motivated in the previous section, the concerns of uniqueness, recovery guarantees and
stability of sparse solutions in the convolutional case require special attention. We now formally
address these questions by following the path taken in [Elal0], carefully generalizing each and
every statement to the global-local model discussed here.

Before proceeding onto theoretical grounds, we briefly summarize, for the convenience of the

reader, all notations used throughout this work in Table 5.1.

5.4.1 Uniqueness and Stripe-Spark

Just as it was initially done in the general sparse model, one might ponder about the uniqueness
of the sparsest representation in terms of the fy o norm. More precisely, does a unique solution
to the Py o problem exist? and under which circumstances? In order to answer these questions
we shall first extend our mathematical tools, in particular the characterization of the dictionary,
to the convolutional scenario.

In Chapter 2 we recalled the definition of the Spark of a general dictionary D. In the same

spirit, we propose the following:

Definition 4. Define the Stripe-Spark of a convolutional dictionary D as

|Aljooo st. A #0, DA =0.

0o(D) = mAin
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In words, the Stripe-Spark is defined by the sparsest non-zero vector, in terms of the /g o, norm,
in the null space of D. Next, we use this definition in order to formulate an uncertainty and
a uniqueness principle for the Py, problem that emerges from it. The proof of this and the

following theorems are described in detail in the Supplementary Material.

Theorem 5. (Uncertainty and uniqueness using Stripe-Spark): Let D be a convolutional dictio-
nary. If a solution I" obeys ||I'||0,00 < %aoo, then this is necessarily the global optimum for the

Py o problem for the signal DT'.

5.4.2 Lower Bounding the Stripe-Spark

In general, and similar to the Spark, calculating the Stripe-Spark is computationally intractable.
Nevertheless, one can bound its value using the global mutual coherence defined in Section
2. Before presenting such bound, we formulate and prove a Lemma that will aid our analysis

throughout this chapter.

Lemma 5.4.1. Consider a convolutional dictionary D, with mutual coherence (D), and a
support T with o norm®* equal to k. Let GT = DfTrDT, where D7 is the matrix D restricted
to the columns indicated by the support T. Then, the eigenvalues of this Gram matriz, given by

i (GT), are bounded by
1—(k—1DuD) < X (GT) < 1+ (k—1)u(D).

Proof. From Gerschgorin’s theorem, the eigenvalues of the Gram matrix G7 reside in the union
of its Gerschgorin circles. The j* circle, corresponding to the j** row of G7, is centered at the
point sz (belonging to the Gram’s diagonal) and its radius equals the sum of the absolute
values of the off-diagonal entries; i.e., 32, ;. \GjTl| Notice that both indices i, j correspond to
atoms in the support 7. Because the atoms are normalized, V j, GJTJ = 1, implying that all
Gershgorin disks are centered at 1. Therefore, all eigenvalues reside inside the circle with the

largest radius. Formally,

A (GT) — 1] <max Y |GT;| =max Y |d] di|. (5.3)
i ! it]
1,J€

On the one hand, from the definition of the mutual coherence, the inner product between atoms
that are close enough to overlap is bounded by u(D). On the other hand, the product dJTdZ- is
zero for atoms d; too far from d; (i.e., out of the stripe centered at the j* atom). Therefore,
we obtain:

S [d7dy| < (k1) u(D),

1,1F]
1,jET

4Note that specifying the {o,00 of a support rather than a sparse vector is a slight abuse of notation, that we
will nevertheless use for the sake of simplicity.
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where k is the maximal number of non-zero elements in a stripe, defined previously as the {g
norm of 7. Note that we have subtracted 1 from k because we must omit the entry on the

diagonal. Putting this back in Equation (5.3), we obtain

A (GT) =1 <max Y |dfdi| < (k—1) u(D).
gy
1,J€T
From this we obtain the desired claim. O

We now dive into the next theorem, whose proof relies on the above Lemma.

Theorem 6. (Lower bounding the Stripe-Spark via the mutual coherence): For a convolutional

dictionary D with mutual coherence p(D), the Stripe-Spark can be lower-bounded by

(D) > 1+ ———.
> (D)
Using the above derived bound and the uniqueness based on the Stripe-Spark we can now

formulate the following theorem:

Theorem 7. (Uniqueness using mutual coherence): Let D be a convolutional dictionary with
mutual coherence p(D). If a solution I' obeys || T|o,00 < 5(1+ ﬁ), then this is necessarily the

sparsest (in terms of £y o, norm) solution to Py~ with the signal DT

The proof of this claim is rather trivial, noting that if |T'[|o,cc < (1 + ﬁ), then necessarilly

ITfl0,00 < 3000, and so from Theorem 5 T is unique.

At the end of Section 5.3 we mentioned that for m > 1, the classical analysis would allow an
order of O(y/n) non-zeros all over the vector I', regardless of the length of the signal N. In light
of the above theorem, in the convolutional case, the very same quantity of non-zeros is allowed
locally per stripe, implying that the overall number of non-zeros in I" grows linearly with the

global dimension N.

5.4.3 Recovery Guarantees for Pursuit Methods

In this subsection, we attempt to solve the o, problem by employing two common, but very
different, pursuit methods: the Orthogonal Matching Pursuit (OMP) and the Basis Pursuit (BP)
— the reader is referred to [Elal0] for a detailed description of these formulations and respective
algorithms. Leaving aside the computational burdens of running such algorithms, which will
be addressed in the second part of this work, we now consider the theoretical aspects of their
success.

Previous works [DE03, Tro04] have shown that both OMP and BP succeed in finding the
sparsest solution to the Py problem if the cardinality of the representation is known a priori to
be lower than %(1 + ﬁ) That is, we are guaranteed to recover the underlying solution as long
as the global sparsity is less than a certain threshold. In light of the discussion in Section 5.3.2,

these values are pessimistic in the convolutional setting. By migrating from Fy to the Fp
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problem, we show next that both algorithms are in fact capable of recovering the underlying

solutions under far weaker assumptions.

Theorem 8. (Global OMP recovery guarantee using {p norm): Given the system of linear

equations X = DT, if a solution I' exists satisfying

1 1
1T 0,00 < 5 (1 + M(D)> , (5.4)

then OMP is guaranteed to recover it.

Note that if we assume [|T'[jp00 < 3 (1 + ﬁ), according to our uniqueness theorem, the
solution obtained by the OMP is the unique solution to the Py, problem. Interestingly, under

the same conditions the BP algorithm is guaranteed to succeed as well.

Theorem 9. (Global Basis Pursuit recovery guarantee using the {y oo norm): For the system of

linear equations DI" = X, if a solution I exists obeying

1 1
r -1+ —=
IFloce <5 (14 25 )

then Basis Pursuit is guaranteed to recover it.

The recovery guarantees for both pursuit methods have now become independent of the
global signal dimension and sparsity. Instead, the condition for success is given in terms of the
local concentration of non-zeros of the global sparse vector. Moreover, the number of non-zeros
allowed per stripe under the current bounds is in fact the same number previously allowed
globally. As a remark, note that we have used these two algorithms in their natural form, being
oblivious to the £y, objective they are serving. Further work is required to develop OMP and

BP versions that are aware of this specific goal, potentially benefiting from it.

5.4.4 Experiments

In this subsection we intend to provide numerical results that corroborate the above presented
theoretical bounds. While doing so, we will shed light on the performance of the OMP and BP
algorithms in practice, as compared to our previous analysis.

In [SNS14] an algorithm was proposed to construct a local dictionary such that all its
aperiodic auto-correlations and cross-correlations are low. This, in our context, means that the
algorithm attempts to minimize the mutual coherence of the dictionary Dy and all of its shifts,
decreasing the global mutual coherence as a result. We use this algorithm to numerically build
a dictionary consisting of two atoms (m = 2) with patch size n = 64. The theoretical lower
bound on the p(D) presented in Equation (5.2) under this setting is approximately 0.063, and
we manage to obtain a mutual coherence of 0.09 using the aforementioned method. With these
atoms we construct a convolutional dictionary with global atoms of length N = 640.

Once the dictionary is fixed, we generate sparse vectors with random supports of (global)

cardinalities in the range [1,300]. The non-zero entries are drawn from random independent
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Figure 5.3: Probability of success of OMP and BP at recovering the true convolutional sparse
code. The theoretical guarantee is presented on the same graph.

and identically-distributed Gaussians with mean equal to zero and variance equal to one. Given
these sparse vectors, we compute their corresponding global signals and attempt to recover them
using the global OMP and BP. We perform 500 experiments per each cardinality and present
the probability of success as a function of the representation’s £y o, norm. We define the success
of the algorithm as the full recovery of the true sparse vector. The results for the experiment
are presented in Figure 5.3. The theorems provided in the previous subsection guarantee the
success of both OMP and BP as long as the ||I'||g,00 < 6.

As can be seen from these results, the theoretical bound is far from being tight. However,
in the traditional sparse representation model the corresponding bounds have the same loose
flavor [BDEOQ9]. This kind of results is in fact expected when using such a worst-case analysis.

Tighter bounds could likely be obtained by a probabilistic study, which we leave for future work.

5.5 Shifted Mutual Coherence and Stripe Coherence

When considering the mutual coherence (D), one needs to look at the maximal correlation
between every pair of atoms in the global dictionary. One should note, however, that atoms having
a non-zero correlation must have overlapping supports, and p(D) provides a bound for these
values independently of the amount of overlap. One could go beyond this characterization of the
convolutional dictionary by a single value and propose to bound all the inner products between
atoms for a given shift. As a motivation, in several applications one can assume that signals
are built from local atoms separated by some minimal lag, or shift. In radio communications,
for example, such a situation appears when there exists a minimal time between consecutive
transmissions on the same channel [HSL09]. In such cases, knowing how the correlation between
the atoms depends on their shifts is fundamental for the design of the dictionary, its utilization

and its theoretical analysis.
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In this section we briefly explore this direction of analysis, introducing a stronger char-
acterization of the convolutional dictionary, termed shifted mutual coherence. By being a
considerably more informative measure than the standard mutual coherence, this will naturally
lead to stronger bounds. We will only present the main points of these results here for the
sake of brevity; the interested reader can find a more detailed discussion on this matter in the
Supplementary Material.

Recall that € is defined as a stripe extracted from the global dictionary D. Consider the
sub-system given by x; = Q4;, corresponding to the i patch in X. Note that € can be split

into a set of 2n — 1 blocks of size n x m, where each block is denoted by €, i.e.,
Q= [Q—n-l—h ceey Q—l7 QO; le s 7971—1}7

as shown previously in Figure 5.2.

Definition 10. Define the shifted mutual coherence ps by

ps = max |(d?, d})l,
where d is a column extracted from o, dj is extracted from €2, and we require’ that i # j if
s =0.

The above definition can be seen as a generalization of the mutual coherence for the shift-
invariant (convolutional) local model presented in the beginning of this chapter. Indeed, ps
characterizes Q just as p(D) characterizes the coherence of a general dictionary. Note that if
s = 0 the above definition boils down to the traditional mutual coherence of Dy, i.e., po = pu(Dy).
It is important to stress that the atoms used in the above definition are normalized globally
according to D and not €2. In the Supplementary Material we comment on several interesting
properties of this measure.

Similar to €2, ; can be split into a set of 2n — 1 vectors of length m, each denoted by =, ,
and corresponding to Q. In other words, v, = [7Z—n+1’ .. 7’7;[,—1”7;{& 721, e ,'717:n_1]T. Note
that previously we denoted local sparse vectors of length m by ;. Yet, we will also denote them

by ;s in order to emphasize the fact that they correspond to the sth shift within ;. Denote the
n—1
number of non-zeros in v, as n;. We can also write n; = Z n; s, where n; ¢ is the number of
s=—n+1
non-zeros in each =, ;. With these definitions, we can now propose the following measure.

Definition 11. Define the stripe coherence as
n—1
Clv) = Z Ni,s Ms-
s=—n+1

According to this definition, each stripe has a coherence given by the sum of its non-zeros

weighted by the shifted mutual coherence. As a particular case, if all k£ non-zeros correspond

5The condition i # j if s = 0 is necessary so as to avoid the inner product of an atom by itself.
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to atoms in the center sub-dictionary, Dy, this becomes ugk. Note that unlike the traditional
mutual coherence, this new measure depends on the location of the non-zeros in I'" — it is
a function of the support of the sparse vector, and not just of the dictionary. As such, it
characterizes the correlation between the atoms participating in a given stripe. In what follows,
we will use the notation (; for {(~;).

Having formalized these tighter constructions, we now leverage them to improve the previous
results. Although these theorems are generally sharper, they are harder to grasp. We begin
with a recovery guarantee for the OMP and BP algorithms, followed by a discussion on their

implications.

Theorem 12. (Global OMP recovery guarantee using the stripe coherence): Given the system of

linear equations X = DT, if a solution I' exists satisfying

n—1

1
max (;=max Y misps < 5 (14 p0), (5.5)
i i st 1 2

then OMP is guaranteed to recover it.

Theorem 13. (Global BP recovery guarantee using the stripe coherence): Given the system of

linear equations X = DT, if a solution I' exists satisfying

n—1

1
m?X G = mzax Z N sfhs < 5 (1 + NO))
s=—n+1

then Basis Pursuit is guaranteed to recover it.

The corresponding proofs are similar to their counterparts presented in the preceding section but
require a more delicate analysis. We include the proof for the OMP variant in the Supplementary
Material, and outline the main steps required to prove the BP version.

In order to provide an intuitive interpretation for these results, the above bounds can be tied
to a concrete number of non-zeros per stripe. First, notice that requiring the maximal stripe

coherence to be less than a certain threshold is equal to requiring the same for every stripe:

n—1
. 1
Vi E Tshts < 5 (1 + HO) .
s=—n+1

Multiplying and dividing the left-hand side of the above inequality by n; and rearranging the

resulting expression, we obtain

1 14+ po
9 -1 1,8 :

Vi n; <

Define fi; = ZZ;LH_I %15 Recall that sl s — 1 and as such ji; is simply the

s=—n+1 n;

(weighted) average shifted mutual coherence in the i*" stripe. Putting this definition into the
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above condition, the inequality becomes

Vi n¢<1(_1—|—lf0>.
2\ [y
Thus, the condition in (5.5) boils down to requiring the sparsity of all stripes to be less than a
certain number. Naturally, this inequality resembles the one presented in the previous section
for the OMP and BP guarantees. In the Supplementary Material we prove that under the
assumption that p(D) = g, the shifted mutual coherence condition is at least as strong as the

original one.

5.6 From Global to Local Stability Analysis

One of the cardinal motivations for this work was a series of recent practical methods addressing
the convolutional sparse coding problem; and in particular, the need for their theoretical
foundation. However, our results are as of yet not directly applicable to these, as we have
restricted our analysis to the ideal case of noiseless signals. This is the path we undertake in the
following sections, exploring the question of whether the convolutional model remains stable in
the presence of noise.

Assume a clean signal X, which admits a sparse representation T" in terms of the convolutional
dictionary D, is contaminated with noise E (of bounded energy, ||E||2 < €) to create Y = DI'+E.
Given this noisy signal, one could propose to recover the true representation I'; or a vector
close to it, by solving the Fj problem. In this context, as mentioned in the previous section,
several theoretical guarantees have been proposed in the literature. As an example, consider the
stability results presented in the seminal work of [DET06]. Therein, it was shown that assuming
the total number of non-zeros in I' is less than % (1 + ﬁ), the distance between the solution

to the F§ problem, T, and the true sparse vector, I, satisfies

4¢?
uD)(2[T]lo — 1)

™ 2
IT - T3 < — (56)
In the context of our convolutional setting, however, this result provides a weak bound as it
constrains the total number of non-zeros to be below a certain threshold, which scales with the
local filter size n.

We now re-define the Fj problem into a different one, capturing the convolutional structure

by relying on the £y o norm instead. Consider the problem:
(Fooo) : min [[Plloco st [Y —DIz <e.

In words, given a noisy measurement Y, we seek for the g -sparsest representation vector that
explains this signal up to an € error. In what follows, we address the theoretical aspects of this
problem and, in particular, study the stability of its solutions and practical yet secured ways for

retrieving them.
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5.7 Theoretical Analysis of Corrupted Signals

5.7.1 Stability of the Fj  Problem

As expected, one cannot guarantee the uniqueness of the solution to the F§.0c problem, as was
done for the Py . Instead, in this subsection we shall provide a stability claim that guarantees
the found solution to be close to the underlying sparse vector that generated Y. In order to
provide such an analysis, we commence by arming ourselves with the necessary mathematical

tools.

Definition 14. Let D be a convolutional dictionary. Consider all the sub matrices D+, obtained
by restricting the dictionary D to a support 7 with an ¢y o, norm equal to k. Define J;, as the
smallest quantity such that

VA (1-0)|A]Z < IDTAlZ < (1+ )| All3

holds true for any choice of the support. Then, D is said to satisfy k-SRIP (Stripe-RIP) with

constant Jy.

Given a matrix D, similar to the Stripe-Spark, computing the SRIP is hard or practically

impossible. Thus bounding it using the mutual coherence is of practical use.

Theorem 15. (Upper bounding the SRIP via the mutual coherence): For a convolutional dictio-

nary D with global mutual coherence u(D), the SRIP can be upper-bounded by
o < (k—1)p(D).

Assume a sparse vector I' is multiplied by D and then contaminated by a vector E, generating
the signal Y = DI + E, such that ||[Y — DT||3 < €2. Suppose we solve the F§ oo problem and
obtain a solution I'. How close is this solution to the original I'? The following theorem provides

an answer to this question.

Theorem 16. (Stability of the solution to the B0 problem): Consider a sparse vector I such
that ||T'[|o,c0 = k < % <1 + ﬁ), and a convolutional dictionary D satisfying the SRIP property
for £y,oo = 2k with coefficient doz,. Then, the distance between the true sparse vector I' and the

solution to the Ff ., problem I' is bounded by

4¢? < 4¢?
=0 = 1- 2k~ )u(D)

2
T - D)3 < (5.7)
One should wonder if the new guarantee presents any advantage when compared to the
bound based on the traditional RIP. Looking at the original stability claim for the global system,
as discussed in Section 5.3, the reader should compare the assumptions on the sparse vector T,

as well as the obtained bounds on the distance between the estimates and the original vector.
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The stability claim in the F§ problem is valid under the condition

Tl < 5 (1 v M(lD)) |

In contrast, the stability claim presented above holds whenever

1 1
I‘O,oo<<1+)-
hose < 5 (14 25

This allows for significantly more non-zeros in the global signal. Furthermore, as long as the

above hold, and comparing Equations (5.6) and (5.25), we have that

4¢2 < 4e?
1 - (2|IT(jo,0 = Dp(D) — 1= (2[IT]jo — (D)’

since generally ||I'||o,.c < [|T'[Jo. This inequality implies that the above developed bound is
(usually much) lower than the traditional one. In other words, the bound on the distance to the

true sparse vector is much tighter and far more informative under the /g o setting.

5.7.2 Stability Guarantee of OMP

Hitherto, we have shown that the solution to the Ff ., problem will be close to the true sparse
vector I'. However, it is also important to know whether this solution can be approximated by
pursuit algorithms. In this subsection, we address such a question for the OMP, extending the
analysis presented to the noisy setting.

In [DETO06], a claim was provided for the OMP, guaranteeing the recovery of the true support

of the underlying solution if

1Tl < 1 (1 n 1 ) 1 €
0 s - . )
2 :U’(D) /“L(D) |me|

IT1nin| being the minimal absolute value of a (non-zero) coefficients in I'. This result comes
to show the importance of both the sparsity of I' and the signal-to-noise ratio, which relates
to the term €/|T')in|. In the context of our convolutional setting, this result provides a weak
bound for two different reasons. First, the above bound restricts the total number of non-zeros
in the representation of the signal. From Section 5.4, it is natural to seek for an alternative
condition for the success of this pursuit relying on the ¢y o norm instead. Second, notice that the
rightmost term in the above bound divides the global error energy by the minimal coefficient (in
absolute value) in I'. In the convolutional scenario, the energy of the error € is a global quantity,
while the minimal coefficient |I';,,| is a local one — thus making this term enormous, and the
corresponding bound nearly meaningless. As we show next, one can harness the inherent locality

of the atoms in order to replace the global quantity in the numerator with a local one: €f,.

Theorem 17. (Stable recovery of global OMP in the presence of noise): Suppose a clean signal

X has a representation DI', and that it is contaminated with noise E to create the signal
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Y = X +E, such that ||Y —X]|2 < e. Denote by €, the highest energy of all n-dimensional local

patches extracted from E. Assume I' satisfies

1 1 1 €
Tow < = (14 )- A 5.8
IElo 2( WD) " wD) o] (5:8)

where |I'yin| is the minimal entry in absolute value of the sparse vector I'. Denoting by T'onp

the solution obtained by running OMP for ||T'||o iterations, we are guaranteed that

1. OMP will find the correct support;

62
1=p(D)([ITlo,00=1)

2. [[Tomp — Tl <

The proof of this theorem is presented in the Supplementary Material, and the derivations
therein are based on the analysis presented in [DET06], generalizing the study to the convolutional
setting. Note that we have assumed that the OMP algorithm runs for ||T'||p iterations. We could
also propose a different approach, however, using a stopping criterion based on the norm of the
residual. Under such setting, the OMP would run until the energy of the global residual is less
than the energy of the noise, given by €2,

5.7.3 Stability Guarantee of Basis Pursuit Denoising via ERC

A theoretical motivation behind relaxing the ¢y o, norm to the convex ¢; was already established
in Section 5.4, showing that if the former is low, the BP algorithm is guaranteed to succeed.
When moving to the noisy regime, the BP is naturally extended to the Basis Pursuit DeNoising
(BPDN) algorithm®, which in its Lagrangian form is defined as follows

1
mrmgllY—DFH%Jr/\Hl“Hl- (5.9)

Similar to how BP was shown to approximate the solution to the Py, problem, in what follows
we will prove that the BPDN manages to approximate the solution to the Fj ., problem.
Assuming the ERC is met, the stability of BP was proven under various noise models and
formulations in [Tro06]. By exploiting the convolutional structure used throughout our analysis,
we now show that the ERC is met given that the {y o norm is small, tying the aforementioned

results to our story.

Theorem 18. (ERC in the convolutional sparse model): For a convolutional dictionary D with

mutual coherence p(D), the ERC condition is met for every support 7 that satisfies

1 1
||T||0,oo < B (1 + ,U(D)> .

Based on this and the analysis presented in [Tro06], we present a stability claim for the

Lagrangian formulation of the BP problem as stated in Equation (5.9).

5Note that an alternative to the BPDN extension is that of the Dantzig Selector algorithm. One can envision
a similar analysis to the one presented here for this algorithm as well.
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Theorem 19. (Stable recovery of global Basis Pursuit in the presence of noise): Suppose a clean
signal X has a representation DI, and that it is contaminated with noise E to create the signal
Y = X + E. Denote by €, the highest energy of all n-dimensional local patches extracted from

E. Assume T satisfies .

1
IFloce < 5 (14 25 ) (5.10)

Denoting by I'gp the solution to the Lagrangian BP formulation with parameter A = 4ey,, we

are guaranteed that

1. The support of I'gp is contained in that of T'.

[\V)

. HI‘BP — I‘Hoo < %EL.

w

. In particular, the support of I'gp contains every index i for which |T';| > %e L-

4. The minimizer of the problem, I'gp, is unique.

The proof for both of the above, inspired by the derivations in [Elal0] and [Tro06], are presented
in the Supplementary Material.

The benefit of this over traditional claims is, once again, the replacement of the £y with the
{p,00 norm. Moreover, this result bounds the difference between the entries in I'gp and T in
terms of a local quantity — the local noise level €;. As a consequence, all atoms with coefficients
above this local measure are guaranteed to be recovered.

The implications of the above theorem are far-reaching as it provides a sound theoretical
back-bone for all works that have addressed the convolutional BP problem in its Lagrangian
form [BEL13, Woh16, BL14, HHW15, KF14]. In Section 5.8 we will propose two additional
algorithms for solving the global BP efficiently by working locally, and these methods would
benefit from this theoretical result as well. As a last comment, a different and perhaps more
appropriate convex relaxation for the £y o, norm could be suggested, such as the ¢; o, norm.

This, however, remains one of our future work challenges.

5.7.4 Experiments

Following the above analysis, we now provide a numerical experiment demonstrating the above
obtained bounds. The global dictionary employed here is the same as the one used for the
noiseless experiments in Section 5.4, with mutual coherence (D) = 0.09, local atoms of length
n = 64 and global ones of size N = 640. We sample random sparse vectors with cardinality
between 1 and 500, with entries drawn from a uniform distribution with range [—a, a], for varying
values of a. Given these vectors, we construct global signals and contaminate them with noise.
The noise is sampled from a zero-mean unit-variance white Gaussian distribution, and then
normalized such that [|E||2 = 0.1.

In what follows, we will first center our attention on the bounds obtained for the OMP
algorithm, and then proceed to the ones corresponding to the BP. Given the noisy signals, we

run OMP with a sparsity constraint, obtaining I'oyp. For each realization of the global signal,
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Figure 5.4: The distance ||[Fomp — I'[|2 as a function of the ¢y oo norm, and the corresponding
theoretical bound.

we compute the minimal entry (in absolute value) of the global sparse vector, |Tyin|, and its
£y, norm. In addition, we compute the maximal local energy of the noise, €z, corresponding to
the highest energy of a n-dimensional patch of E.

Recall that the theorem in the previous subsection poses two claims: 1) the stability of
the result in terms of |Tomp — T'||2; and 2) the success in recovering the correct support. In
Figure 5.4 we investigate the first of these points, presenting the distance between the estimated
and the true sparse codes as a function of the fy oo norm of the original vector. As it is clear

from the graph, the empirical distances are below the theoretical bound depicted in black,

given by T=(D) (ﬁi“Ho,oofl)' According to the theorem’s assumption, the sparse vector should

satisfy [|Tlo,00 < 3 (1 + u(%D)) - u(%D) . IFEmLinl' The red dashed line delimits the area where this
is met, with the exception that we omit the second term in the previous expression, as done
previously in [DET06]. This disregards the condition on the |I'min| and €, (which depends on
the realization). Yet, the empirical results remain stable.

In order to address the successful recovery of the support, we compute the ratio |F;7Lm‘ for
each realization in the experiment. In Figure 5.5(a), for each sample we denote by e or x the
success or failure in recovering the support, respectively. Each point is plotted as a function of
its £p,0o norm and its corresponding ratio. The theoretical condition for the success of the OMP

can be rewritten as |F;Lm‘ < “(;3) (1 + u(%D)> — u(D)|IT|

0,00, Presenting a bound on the ratio

|FEP [ asa function of the £y o, norm. This bound is depicted with a blue line, indicating that
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the successful recovery of the support, for both the OMP (top) and BP (bottom) algorithms.

the empirical results agree with the theoretical claims.

One can also observe two distinct phase transitions in Figure 5.5(a). On the one hand, noting
that the y axis can be interpreted as the inverse of the noise-to-signal ratio (in some sense), we
see that once the noise level is too high, OMP fails in recovering the support”. On the other
hand, similar to what was presented in the noiseless case, once the £y o norm becomes too large,
the algorithm is prone to fail in recovering the support.

We now shift to the empirical verification of the guarantees obtained for the BP. We employ
the same dictionary as in the experiment above, and the signals are constructed in the same
manner. We use the implementation of the LARS algorithm within the SPAMS package® in its
Lagrangian formulation with the theoretically justified parameter A = 4ey,, obtaining I'gp. Once
again, we compute the quantities: |I'yin|, [|T']l0,00 and €z, and depict them in Figure 5.5(b).

Theorem 19 states that the /o, distance between the BP solution and the true sparse vector
is below %e - In Figure 5.6 we depict the ratio % for each realization, verifying it is
indeed below % as long as the {y o, norm is below % (1 + ﬁ) ~ 4. Next, we would like to

corroborate the assertions regarding the recovery of the true support. To this end, note that the

"Note that the abrupt change in this phase-transition area is due to the log scale of the y axis.
8Freely available from http://spams-devel.gforge.inria.fr/.
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theorem guarantees that all entries satisfying |I';| > %q shall be recovered by the BP algorithm.

Alternatively, one can state that the complete support must be recovered as long as ‘F;Lin| < 1%
To verify this claim, we plot this ratio for each realization as function of the {y o, norm in Figure
5.5(b), marking every point according to the success or failure of BP (in recovering the complete
support). As evidenced in [Elal0], OMP seems to be far more accurate than the BP in recovering
the true support. As one can see by comparing Figure 5.5(a) and 5.5(b), BP fails once the ¢y o

norm goes beyond 20, while OMP succeeds all the way until ||T'||o,.c = 40.

5.8 From Global Pursuit to Local Processing

We now turn to analyze the practical aspects of solving the P00 problem given the relationship
Y = DI' + E. Motivated by the theoretical guarantees of success derived in the previous sections,
the first naive approach would be to employ global pursuit methods such as OMP and BP.
However, these are computationally demanding as the dimensions of the convolutional dictionary
are prohibitive for high values of IV, the signal length.

As an alternative, one could attempt to solve the Ff ,, problem using a patch-based processing
scheme. In this case, for example, one could suggest to solve a local and relatively cheaper
pursuit for every patch in the signal (including overlaps) using the local dictionary Dy. It is
clear, however, that this approach will not work well under the convolutional model, because
atoms used in overlapping patches are simply not present in Dy. On the other hand, one could
turn to employ € as the local dictionary, but this is prone to fail in recovering the correct
support of the atoms. To see this more clearly, note that there is no way to distinguish between
any of the atoms having only one entry different than zero; i.e., those appearing on the extremes
of © in Figure 5.2.

As we can see, neither the naive global approach, nor the simple patch-based processing,
provide an effective strategy. Several questions arise from this discussion: Can we solve the
global pursuit problem using local patch-based processing? Can the proposed algorithm rely
merely on the low dimensional dictionaries Dy, or €2 while still fully solving the global problem?
If so, in what form should the local patches communicate in order to achieve a global consensus?

In what follows, we address these issues and provide practical and globally optimal answers.

5.8.1 Global to Local Through Bi-Level Consensus

When dealing with global problems which can be solved locally, a popular tool of choice is the
Alternating Direction Method of Multipliers (ADMM) [BPC™*11] in its consensus formulation.
In this framework, a global objective can be decomposed into a set of local and distributed
problems which attempt to reach a global agreement. We will show that this scheme can be
effectively applied in the convolutional sparse coding context, providing an algorithm with a
bi-level consensus interpretation.

The ADMM has been extensively used throughout the literature in convolutional sparse

coding. However, as mentioned in the introduction, it has been usually applied in the Fourier
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Figure 5.6: The distance |I'gp — I'||o/€r, as a function of the ¢y o, norm, and the corresponding
theoretical bound.

domain. As a result, the sense of locality is lost in these approaches and the connection to
traditional (local) sparse coding is non-existent. On the contrary, the pursuit method we propose
here is carried out in a localized fashion in the original domain, while still benefiting from the
advantages of ADMM.

Recall the ¢; relaxation of the global pursuit, given in Eq. (5.9). Note that the noiseless model
is contained in this formulation as a particular case when A tends to zero. Using the separability
of the ¢1 norm, |||y = ), ||al|1, where a; are m—dimensional local sparse vectors, as previously
defined. In addition, using the fact that R;DI' = Q~y,, we apply a local decomposition on the
first term as well. This results in

1
min — RY — Q)2 + A il
{ai}{vi} 2n ZZ: I Yill2 ZZ: |evillx

where we have divided the first sum by the number of contributions per entry in the global
signal, which is equal to the patch size n. Note that the above minimization is not equivalent to
the original problem in Equation (5.9) since no explicit consensus is enforced between the local
variables. Recall that the different ~y; overlap, and so we must enforce them to agree. In addition,
a; should be constrained to be equal to the center of the corresponding ~,. Based on these
observations, we modify the above problem by adding the appropriate constraints, obtaining

1
i Py, R, Y — Q~. 24 ;
{abdv) I 2n ZZ: I villa + ZZ: i1

. = (X
s.t. Qi ‘ Vi,

S;' =+,

where Q extracts the center m coefficients corresponding to c; from -,, and S; extracts the ¥

stripe =, from T'.
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Algorithm 5.1 Locally operating global pursuit via ADMM.

while not converged do

Local Thresholding: a; + min Al|efi + 5[Qv; — o + w;[3
[0

Stripe Projection:
1
v - M <nQTRiY + p(SiT + @) + pQT (o — u,;)),

where M = pQTQ + %QTQ + pI
Global Update:
L (3,878:) " 5 ST (v —w)

Dual Variables Update:
u; < u; + (Q’)’Z - ai) u; < u; + (Sil“ — 'yi)
end

Defining fi(7;) = 5 |R;Y —Q~;||3 and g(c;) = A||a|1, the above problem can be minimized
by employing the ADMM algorithm, as depicted in Algorithm 5.1. This is a two-level local-global
consensus formulation: each m dimensional vector «; is enforced to agree with the center of
its corresponding (2n — 1)m dimensional -;, and in addition, all v, are required to agree with
each other as to create a global I'. The above can be shown to be equivalent to the standard
two-block ADMM formulation [BPC*11]. Each iteration of this method can be divided into

four steps:

1. Local sparse coding that updates a; (for all 7), which amounts to a simple soft thresholding

operation.

2. Solution of a linear system of equations for updating ~, (for all ¢), which boils down to a

simple multiplication by a constant matrix.
3. Update of the global sparse vector I', which aggregates the ~, by averaging.
4. Update of the dual variables.

As can be seen, the ADMM provides a simple way of breaking the global pursuit into local
operations. Moreover, the local coding step is just a projection problem onto the £; ball, which
can be solved through simple soft thresholding, implying that there is no complex pursuit
involved.

Since we are in the ¢; case, the function ¢ is convex, as are the functions f;. Therefore, the
above is guaranteed to converge to the minimizer of the global BP problem. As a result, we
benefit from the theoretical guarantees derived in previous sections. One could attempt, in
addition, to enforce an £y penalty instead of the /1 norm on the global sparse vector. Despite
the fact that no convergence guarantees could be claimed under such formulation, the derivation
of the algorithm remains practically the same, with the only exception that the soft thresholding

is replaced by a hard one.
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Algorithm 5.2 Global pursuit using local processing via iterative soft thresholding.
Vi ¥ =R;Y, a)=0 ;

k=1;

while not converged do

Local Coding;:
Vi af= Sy/e (a]-“_l +1ip? rf‘l)

(2

Computation of the Patch Averaging Aggregation:
ch = Zz RZTDLOC?;

Update of the Residuals:
Vit =R, (Y-X*);

]

k=k+1;
end

5.8.2 An Iterative Soft Thresholding Approach

While the above algorithm suggests a way to tackle the global problem in a local fashion,
the matrix involved in the stripe projection stage, Z~', is relatively large when compared to
the dimensions of Dy. As a consequence, the bi-level consensus introduces an extra layer of
complexity to the algorithm. In what follows, we propose an alternative method based on the
Iterative Soft Thresholding (IST) algorithm that relies solely on multiplications by Dy, and
features a simple intuitive interpretation and implementation. A similar approach for solving
the convolutional sparse coding problem was suggested in [CPR13]. Our main concern here
is to provide insights into local alternatives for the global sparse coding problem and their
guarantees, whereas the work in [CPR13] focused on the optimizations aspects of this pursuit

from an entirely global perspective.

Let us consider the IST algorithm [DDDMO04] which minimizes the global objective in
Equation (5.9), by iterating the following updates

1
=S, (r’f—l + -DT(Y - Dr’f—l)) ,
&

where S applies an entry-wise soft thresholding operation with threshold A/c. Interpreting the
above as a projected gradient descent, the coefficient ¢ relates to the gradient step size and
should be set according to the maximal singular value of the matrix D in order to guarantee
convergence [DDDMO04].

The above algorithm might at first seem undesirable due to the multiplications of the residual
Y — DI*! with the global dictionary D. Yet, as we show in the Supplementary Material, such
a multiplication does not need to be carried out explicitly due to the convolutional structure

imposed on our dictionary. In fact, the above is mathematical equivalent to an algorithm that
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performs local updates given by

k _ k—1
o = S)\/C <ai

1 e
+ED€I'Z 1>,

where r¥ = R;(Y — DI'*71) is a patch from the global residual. This scheme is depicted in

i
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Figure 5.7: The sparse vector I' after the global update stage in the ADMM algorithm at
iterations 20 (top), 200 (middle) and 1000 (bottom). An ¢; norm formulation was used for this
experiment, in a noiseless setting.

From an optimization point of view, one can interpret each iteration of the above as a scatter

and gather process: local residuals are first extracted and scattered to different nodes where
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they undergo shrinkage operations, and the results are then gathered for the re-computation
of the global residual. From an image processing point of view, this algorithm decomposes a
signal into overlapping patches, restores these separately and then aggregates the result for the
next iteration. Notably, this is very reminiscent of the patch averaging scheme, as described in
the introduction, and it shows for the first time the relation between patch averaging and the
convolutional sparse model. While the former processes every patch once and independently, the

above algorithm indicates that one must iterate this process if one is to reach global consensus.

Assuming the step size is chosen appropriately, the above algorithm is also guaranteed to
converge to the solution of the global BP. As such, our theoretical analysis holds in this case as
well. Alternatively, one could attempt to employ an £y approach, using a global iterative hard
thresholding algorithm. In this case, however, there are no theoretical guarantees in terms of
the ¢y o norm. Still, we believe that a similar analysis to the one taken throughout this work

could lead to such claims.

5.8.3 Experiments

Next, we proceed to provide empirical results for the above described methods. To this end, we
take an undercomplete DCT dictionary of size 25 x 5, and use it as Dy, in order to construct
the global convolutional dictionary D for a signal of length N = 300. We then generate a
random global sparse vector I' with 50 non-zeros, with entries distributed uniformally in the
range [—2, —1] U [1,2], creating the signal X = DI".

We first employ the ADMM and IST algorithms in a noiseless scenario in order to minimize
the global BP and find the underlying sparse vector. Since there is no noise added in this case,
we decrease the penalty parameter A progressively throughout the iterations, making this value
tend to zero as suggested in the previous subsection. In Figure 5.7 we present the evolution
of the estimated I' for the ADMM solver throughout the iterations, after the global update
stage. Note how the algorithm progressively increases the consensus and eventually recovers the
true sparse vector. Equivalent plots are obtained for the IST method, and these are therefore

omitted.

To extend the experiment to the noisy case, we contaminate the previous signal with additive
white Gaussian noise of different standard deviations: o = 0.02,0.04,0.06. We then employ
both local algorithms to solve the corresponding BPDN problems, and analyze the ¢ distance
between their estimated sparse vector and the true one, as a function of time. These results are
depicted in Figure 5.8, where we include for completion the distance of the solution achieved by
the global BP in the noisy cases. A few observations can be drawn from these results. Note that
both algorithms converge to the solution of the global BP in all cases. In particular, the IST
converges significantly faster than the ADMM method. Interestingly, despite the later requiring
a smaller number of iterations to converge, these are relatively more expensive than those of the

IST, which employs only multiplications by the small Dy,.
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Figure 5.8: Distance between the estimate I' and the underlying solution I' as a function of
time for the IST and the ADMM algorithms compared to the solution obtained by solving the
global BP.

5.9 Chapter Conclusion

In this chapter we have presented a formal analysis of the convolutional sparse representation
model. In doing so, we have reformulated the objective of the global pursuit, introducing the
{p,00 norm and the corresponding Fp , problem, and proven the uniqueness of its solution. By
migrating from the Py to the Py, problem, we were able to provide meaningful guarantees
for the success of popular algorithms in the noiseless case, improving on traditional bounds
that were shown to be very pessimistic under the convolutional case. In order to achieve such
results, we have generalized a series of concepts such as Spark and the mutual coherence to their

counterparts in the convolutional setting.

Striding on the foundations paved in the first part of this work, we moved on to present a
series of stability results for the convolutional sparse model in the presence of noise, providing
guarantees for corresponding pursuit algorithms. These were possible due to our migration from
the o to the {p~ norm, together with the generalization and utilization of concepts such as
RIP and ERC. Seeking for a connection between traditional patch-based processing and the

convolutional sparse model, we finally proposed two efficient methods that solve the global
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pursuit while working locally.

We envision many possible directions of future work, and here we outline some of them:

e We could extend our study, which considers only worst-case scenarios, to an average-
performance analysis. By assuming more information about the model, it might be possible
to quantify the probability of success of pursuit methods in the convolutional case. Such

results would close the gap between current bounds and empirical results.

e From an application point of view, we envision that interesting algorithms could be proposed
to tackle real problems in signal and image processing while using the convolutional model.
We note that while convolutional sparse coding has been applied to various problems,
simple inverse problems such as denoising have not yet been properly addressed. We
believe that the analysis presented in this work could facilitate the development of such

algorithms by showing how to leverage on the subtleties of this model.

e Interestingly, even though we have declared the Py ., problem as our goal, at no point
have we actually attempted to tackle it directly. What we have shown instead is that
popular algorithms succeed in finding its solution. One could perhaps propose an algorithm
specifically tailored for solving this problem — or its convex relaxation ({1 ). Such a

method might be beneficial from both a theoretical and a practical aspect.

All these points, and more, are matter of current research.
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5.10 Chapter Appendix

5.10.1 On the /), Norm

Theorem 20. The triangle inequality holds for the ¢ o, norm.

Proof. Let T'' and T'? be two global sparse vectors. Denote the i stripe extracted from each as
~} and 2, respectively. Notice that
T+ T2lo.00 = max[|v; +7[lo < max (|v; o + [77lo)

< max |lv; [lo + max [v7llo = [IT*[lo.00 + [IT*lo,00-
In the first inequality we have used the triangle inequality of the £y norm. O

5.10.2 Theoretical Analysis of Ideal Signals

Theorem 5. (Uncertainty and uniqueness using Stripe-Spark): Let D be a convolutional dictio-
nary with Stripe-Spark oo If a solution I' obeys || T'[lo,00 < 30, then this is necessarily the
global optimum for the Py, problem for the signal DT

Proof. Let T' # T be an alternative solution. Then D (I‘ — f‘) = 0. By definition of the
Stripe-Spark
IT — Tllo.00 > 0.

Using the triangle inequality of the £y norm,
ITflo,00 + ITl0,00 = T = Tllo.00 > 0cc-

This result poses an uncertainty principle for fy o, sparse solutions of the system X = DT,
suggesting that if a very sparse solution is found, all alternative solutions must be much denser.
Since ||T'[|o,00 < 3000, We must have that ITl0,00 > 10w, or in other words, every solution other

than I' has higher £y o norm, thus making I" the global solution for the Py o problem. O

Theorem 6. (Lower bounding the Stripe-Spark via the mutual coherence): For a convolutional

dictionary D with mutual coherence p(D), the Stripe-Spark can be lower-bounded by

1

Proof. Let A be a vector such that A # 0 and DA = 0. Note that we can write
DrA7- =0, (5.11)

where A7 is the vector A restricted to its support 7, and D7 is the dictionary composed of
the corresponding atoms. Consider now the Gram matrix, G7 = D7T—D7—, which corresponds

to a portion extracted from the global Gram matrix D”D. The relation in Equation (5.11)
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suggests that D7 has a nullspace, which implies that its Gram matrix must have at least one
eigenvalue equal to zero. Using Lemma 1, the lower bound on the eigenvalues of G7 is given by
1—(k—1)p(D), where k is the £ oo norm of A. Therefore, we must have that 1—(k—1)u(D) <0,
or equally £ > 1+ ﬁ. We conclude that a vector A, which is in the null-space of D, must
always have an £y oo norm of at least 1 + ﬁ, and so the Stripe-Spark o is also bounded by

this number. O

Theorem 8. (Global OMP recovery guarantee using {p norm): Given the system of linear

equations X = DT, if a solution I'" exists satisfying

1 1
||F||0700 < 5 (1 + ,LL(I))) s (512)

then OMP is guaranteed to recover it.

Proof. Denoting by T the support of the solution I'; we can write

X=DI=) Tid,. (5.13)
teT

Suppose, without loss of generality, that the sparsest solution has its largest coefficient (in
absolute value) in T';. For the first step of the OMP to choose one of the atoms in the support,
we require
|d} X| > max |d] X|.
J¢T

Substituting Equation (5.13) in this requirement we obtain

teT teT

> max . (5.14)
i¢T

Using the reverse triangle inequality, the assumption that the atoms are normalized, and that

IT;| > |T';|, we construct a lower bound for the left hand side:

> Tud/d;

teT

>0 = > [Ty - |df dy
teT 14
>0y =T > |dfdi.
teT 1

Consider the stripe which completely contains the i atom as shown in Figure 5.9. Notice that
d!'d; is zero for every atom too far from d; because the atoms do not overlap. Denoting the

stripe which fully contains the i"® atom as p(i) and its support as To(i)» We can restrict the

> Tudfd;

teT

summation as:

S-S (. (5.15)
tEE(i),t#i

We can bound the right side by using the number of non-zeros in the support 7,;), denoted by
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Figure 5.9: The p(;) stripe of atom d;.

Np(i), together with the definition of the mutual coherence, obtaining:

> Twdfd;

teT

> [Li| = Tl - (npy — 1) - (D).

Using the definition of the ¢y o, norm, we obtain

> Twdfd;

teT

> [Li| = il - (IT]lo,00 = 1) - (D).

Now, we construct an upper bound for the right hand side of Equation (5.14), using the triangle

inequality and the fact that |[';| is the maximal value in the sparse vector:

max > Tyd{d;| <max ) [Tyl |df d;] (5.16)
T |ier 1T T
< |Tif max )~ |d{ ;.
IET teT

Relying on the same rational as above, we obtain:

> Tud/d;

teT

max
JgET

< |Tylmax Y |dfdy|
teTp()

< [Tl max ) - (D) < T3] - [Tllo,co - p(D)-
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Using both bounds, we get

thd?di > || = |T4] - (IT]Jo,00 — 1) - (D)
teT
> Tl - IT]l0.00t(D) > max r,drfd;|.
T4 - IT[0,0012(D) .Tl;_tt]

Thus,
1= ([[Tfo,0 = 1) - u(D) > [[Tfo,00 - (D).

From this we obtain the requirement stated in the theorem. Thus, this condition guarantees the
success of the first OMP step, implying it will choose an atom inside the true support.

The next step in the OMP algorithm is an update of the residual. This is done by decreasing
a term proportional to the chosen atom (or atoms within the correct support in subsequent
iterations) from the signal. Thus, this residual is also a linear combination of the same atoms
as the original signal. As a result, the ¢y~ norm of the residual’s representation is less or
equal than the one of the true sparse code I'. Using the same set of steps we obtain that the
condition on the ¢y norm (5.12) guarantees that the algorithm chooses again an atom from
the true support of the solution. Furthermore, the orthogonality enforced by the least-squares
step guarantees that the same atom is never chosen twice. As a result, after |T'||o iterations the

OMP will find all the atoms in the correct support, reaching a residual equal to zero. ]

Theorem 9. (Global Basis Pursuit recovery guarantee using the ¢y oo norm): For the system of

linear equations DI = X, if a solution I' exists obeying

1 1
r -1+ —=
IFloce < 5 (14 25 )

then Basis Pursuit is guaranteed to recover it.

Proof. Define the following set

. I #T, DI -I)=0
C:{r 7 -0 }
1Tl < [T, ITllo,00 > [IT0,00
This set contains all alternative solutions which have lower or equal ¢; norm and higher || - [|p,00

norm. If this set is non-empty, the solution of the basis pursuit is different from I', implying
failure. In view of our uniqueness result, and the condition posed in this theorem on the {y o
cardinality of T', every solution I' which is not equal to T’ must have a higher | - [|o,co nOrm.

Thus, we can omit the requirement ||Tg.00 > ||T

0,00 from C.

By defining A = I' — T', we obtain a shifted version of the set,

Cs:{A

A+#0, DA=0 }
0>[|A+T| — T
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In what follows, we will enlarge the set C; and prove that it remains empty even after this
expansion. Since DA = 0, then D'DA = 0. By subtracting A from both sides, we obtain

-A=D'D-1)A. (5.17)
Taking an entry-wise absolute value on both sides, we obtain
Al=|(D"D-T)A| < [D'D - 1] - |A], (5.18)

where we have applied the triangle inequality to the multiplication of the i** row of (DTD - 1)
by the vector A. Note that in the convolutional case D7D is zero for inner products of atoms
which do not overlap. Furthermore, the i** row of DTD is non-zero only in the indices which
correspond to the stripe that fully contains the i** atom, and these non-zero entries can be

bounded by (D). Thus, extracting the i row from the above equation gives
1Al < (D) (|8, 11 — [A:])

where p(i) is the stripe centered around the i*" atom and d,,(i) 1s the corresponding sparse vector

of length (2n — 1)m extracted from A, as can be seen in Figure 5.10. This can be written as

n(D)

|A] < m”‘sp(i)”l-

The above expression is a relaxation of the equality in Equation (5.17), since each entry A; is
no longer constrained to a specific value, but rather bounded from below and above. Therefore,

by putting the above into Cs, we obtain a larger set C!:

AF#0, 0=[A+T -

1_
C,CC,=<¢A A < (D)
T u

WH%@)HL Vi

Next, let us examine the second requirement

0>|A+T|; —|Th
= ) (A+T =T+ D> A, (5.19)

ieT(T) i¢T(T)

where, as before, T (I') denotes the support of I'. Using the reverse triangle inequality, |a+b|—|b| >

—|al, we obtain

0> Y (A+Ti = [Tuh+ D |A (5.20)

€T () 1¢T(T)
> 3 —ad+ Y (Al = Al - 218 g |AlL
€T () €T ()
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| i'thentry ||

Figure 5.10: On the left we have the global sparse vector I'; a stripe V(i) (centered around the
it" atom) extracted from it, and the center of this stripe Yp(i),0- The length of the stripe v, is
(2n — 1)m and the length of 7,;) ¢ is m. On the right we have the corresponding global vector

A. Notice that if we were to consider the i + 1 entry instead of the i", the vector corresponding
to d,(;) would not change because the atoms i and i + 1 are fully overlapping.

where the vector 17-(r) contains ones in the entries corresponding to the support of I' and zeros
elsewhere. Note that every vector satisfying Equation (5.19) will necessarily satisfy Equation

(5.20). Therefore, by relaxing this constraint in C!, we obtain a larger set C2

A#0, 0>|AlL—217p)A|

1 2 _
C,cCi=4A A < (D)
T p

Wndp(i)nla Vi

Next, we will show the above defined set is empty for a small-enough support. We begin by
summing the inequalities |A;| < %H%@ |1 over the support of ~,,;) o- Recall that v, is
defined to be a stripe of length (2n — 1)m extracted from the global representation vector and
Vp(i),0 corresponds to the central m coefficients in the p(i) stripe. Also, note that 4, is equal
for all the entries inside the support of v,;) 0. Since all the atoms inside the support of v,;) o

are fully overlapping, 4,;) does not change, as explained in Figure 5.10. Thus, we obtain

1(D)
oA S iy Mewolo - 10mwlh-

p(i
T
17—(
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Summing over all different p(i) we obtain
1Al < Z Iviollo - 10%1l1. (5.21)

Notice that in the sum above we multiply the fp-norm of the local sparse vector vy by the
£1 norm of the stripe d;. In what follows, we will show that, instead, we could multiply the
lo-norm of the stripe v, by the ¢; norm of the local sparse vector dy o, thus changing the order

between the two. As a result, we will obtain the following inequality:
1) Al S D) +1 ZH%HO 10k.0l[1-

Returning to Equation (5.21), we begin by decomposing the ¢; norm of the stripe d; into all

possible shifts (m—dimensional chunks) and pushing the sum outside, obtaining:

D)
T Al < L .
Al < (D) + 1 Ek [Ykollo - [0kl

i) S sl
- 5 Js
w(D) +14 j=k—n+1
k+n—1
Z > jolli- (5.22)
k j=k—n+1

Define a banded matrix A (with a band of width 2n — 1) such that Ay ; = [y ollo - [|650]l1,
where k —n+1 < j <k+n—1. Notice that the summation in (5.22) is equal to the sum of all
entries in this matrix, where the first sum considers all its rows k£ while the second sum considers
all its columns j (the second sum is restricted to the non-zero band). Instead, this interpretation
suggests that we could first sum over all the columns j, and only then sum over all the rows k

which are inside the band. As a result, we obtain that

k4+n—1
DlAl < E2 S S ol 1850l
k j=k—n+1
Jj+n—1
Z > hvkollo- 1850l
+1 k=j—n+1
j+n—1
n(D)
== 17k0llo
mnm? 2 o

Summing over all possible shifts we obtain the fp-norm of the stripe v;; i.e.,

rp)lAl < +1Z||5J0||1 1¥;llo-
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Using the definition of || - |/o,0

T (D)
Lrm)lAl < 4(D) +1 zj: 165001 - [I7;llo

(D)
< M ol 1T ooe
< D)+ Ej 1650l - [[Tlo,

#(D)

e L I L (5.23)

For the set C2 to be non-empty, there must exist a A which satisfies

0>[|Afl; — 217 0| A|

n(D)

> AL — 2—=———
>alh -2

AL ITlo,00,

where the first and second inequalities are given in (5.20) and (5.23), respectively. Rearranging the
above we obtain || T|o,00 > 3 <1 + ﬁ) However, we have assumed that ||T'[jg,cc < & <1 + ﬁ)
and thus the previous inequality is not satisfied. As a result, the set we have defined is empty,

implying that BP leads to the desired solution. O

5.10.3 On the Shifted Mutual Coherence and Stripe Coherence

Definition 10: Define the shifted mutual coherence us by

0
Hs = H}E;“X |<dzvdj>|v
where d? is a column extracted from €29, d? is extracted from €2, and we require’ that i # j if
s=0.

The shifted mutual coherence exhibits some interesting properties:
1. us is symmetric with respect to the shift s, i.e. us = p—s.

2. Its maximum over all shifts equals the global mutual coherence of the convolutional

dictionary: pu(D) = max fs.
S

3. The mutual coherence of the local dictionary is bounded by that of the global one:
p(Dr) = po < max pis = u(D).

We now briefly remind the definition of the maximal stripe coherence, as we will make use of it
throughout the rest of this section. Given a vector I', recall that the stripe coherence is defined
as ((v;) = Zg;inﬂ Nis ls, Where n; ¢ is the number of non-zeros in the s shift of ~;, taken
from I'. The reader might ponder how the maximal stripe coherence might be computed. Let us

now define the vector v which contains in its i entry the number n;o. Using this definition,

9The condition i # j if s = 0 is necessary so as to avoid the inner product of an atom by itself.
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Figure 5.11: Left: the shifted mutual coherence as function of the shift. The larger the shift
between the atoms, the lower u, is expected to be. Right: the maximal stripe coherence as a
function of the fy -, norm, for random realizations of global sparse vectors.

the coherence of every stripe can be calculated efficiently by convolving the vector v with the
vector of the shifted mutual coherences [ft_pi1,. .., l—1, 140y 11y - -« fn—1]-

Next, we provide an experiment in order to illustrate the shifted mutual coherence. To this
end, we generate a random local dictionary with m = 8 atoms of length n = 64 and afterwards
normalize its columns. We then construct a convolutional dictionary which contains global
atoms of length V = 640. We exhibit the shifted mutual coherences for this dictionary in Figure
5.11(a).

Given this dictionary, we generate sparse vectors with random supports of cardinalities in
the range [1,300]. For each sparse vector we compute its £y o norm by searching for the densest
stripe, and its maximal stripe coherence using the convolution mentioned above. In Figure
5.11(b) we illustrate the connection between the {y o norm and the maximal stripe coherence
for this set of sparse vectors. As expected, the fy », norm and the maximal stripe coherence are
highly correlated. Although the theorems based on the stripe coherence are sharper, they are
harder to comprehend. In this experiment we attempted to alleviate this by showing an intuitive
connection between the two.

We now present a theorem relating the stripe coherences of related sparse vectors.

Theorem 21. Let I'1 and I's be two global sparse vectors such that the support of I'y is contained

in the support of I's. Then the maximal stripe coherence of I'y is less or equal than that of I's.

Proof. Denote by '711 and '722 the " stripe extracted from I'; and Ty, respectively. Also, denote

1
,8

by n, . and n? , the number of non-zeros in the s shift of 4} and ~2, respectively. Since the
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support of I'y is contained in the support of 'y, we have that Vi,s n} s < nfs As a result, we

1y
have that
n—1 n—1
1 2
max Z Ny shbs < max Z N ghbs-
s=—n+1 s=—n+1
The left-hand side of the above inequality is the maximal stripe coherence of I'y, while the

right-hand side is the corresponding one for I's, proving the hypothesis. O

Theorem 12. (Global OMP recovery guarantee using the stripe coherence): Given the system of

linear equations X = DT, if a solution I exists satisfying

n—1
1
m?X G = mZaX Z Nisls < 5 (1 + MO)?
s=—n+1

then OMP is guaranteed to recover it.

Proof. The first steps of this proof are exactly those derived in proving Theorem 8, and are thus

omitted for the sake brevity. Recall that in order for the first step of OMP to succeed, we require

> Tudfd; > Twdfd;

teT teT

> max . (5.24)
i¢T

Lower bounding the left hand side of the above inequality, we can write

> Twdfd;

teT

>0l —(0s) > |dfdil,
te7;(,-),t7£z'

as stated previously in Equation (5.15). Instead of summing over the support 7,;), we can sum

over all the supports 7, ;) s, which correspond to all possible shifts. We can then write

n—1
> D] — |y Z Z |} di.

s==ntl t€Tpa) .
ti

> Tud/d;

teT

We can bound the right term by using the number of non-zeros in each sub-support 7, s,
denoted by ny;) s, together with the corresponding shifted mutual coherence us. Also, we
can disregard the constraint ¢t # ¢ in the above summation by subtracting an extra pg term,
obtaining;:

> Twdfd;

teT

n—1
> |Ti| — |1y ( Z HsTp(i,s — Mo) :

s=—n+1

Bounding the above by the maximal stripe coherence, we obtain

n—1
> Tudfds| > |Ti| - [Ty (mgx > usnk,s—uo>.

teT s=—n+1
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In order to upper bound the right hand side of Equation (5.24) we follow the steps leading to
Equation (5.16), resulting in

> Twdfd

teT

max

j| < Dilmax >l dyl
T ieTy )

Using a similar decomposition of the support and the definition of the shifted mutual coherence,

we have

max Z Fthd

teT

<|F|max Z > [dfdyl

5_7”+1 t€Tp(5).s

< ]F|max Z s

s*—n+1

Once again bounding this expression by the maximal stripe coherence, we obtain

n—1
max thdt | < |yl -ml?X Z LsTl s-
teT s=—n+1

Using both bounds, we have that

n—1
> Tvdfd;| > |Ty| — Ty <m,?X > psns — Mo)

teT s=—n+1
n—1
> Ty - max Z HsTl s
s=—n+1
> max Zrtdt
teT
Thus,
n—1 n—1
1—ml?x Z PNk s + o > Hl]?X Z MhsT s
s=—n-+1 s=—n-+1
Finally, we obtain
n—1 1
max = max n < = (1+4+
ax (p = me Z+1Ms ks < 5 (1+po),
s=—n

which is the requirement stated in the theorem. Thus, this condition guarantees the success of

the first OMP step, implying it will choose an atom inside the true support 7.

The next step in the OMP algorithm is an update of the residual. This is done by decreasing
a term proportional to the chosen atom (or atoms within the correct support in subsequent
iterations) from the signal. Thus, the support of this residual is contained within the support of
the true signal. As a result, according to the previous theorem, the maximal stripe coherence

corresponding to the residual is less or equal to the one of the true sparse code I". Using the
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same set of steps we obtain that the condition on the maximal stripe coherence guarantees that
the algorithm chooses again an atom from the true support of the solution. Furthermore, the
orthogonality enforced by the least-squares step guarantees that the same atom is never chosen
twice. As a result, after ||T'||p iterations the OMP will find all the atoms in the correct support,

reaching a residual equal to zero. O

Theorem 13. (Global BP recovery guarantee using the stripe coherence): Given the system of

linear equations X = DT, if a solution I' exists satisfying

n—1
1
max G =max »  nigs < 5 (L4 o),
s=—n+1

then Basis Pursuit is guaranteed to recover it.

The proof of this claim is similar to that of Theorem 9, while using ideas from Theorem 12.
In particular, one should repeat the steps leading to Equation (5.18). Then, using the definition

of the shifted mutual coherence, one can have

n—1
AL < D alldp sl — ol Al
s=—n+1
Summing over the support of v, o
n—1
WA S 3 25 sl ool

Summing over all different p(i) we obtain

IEINESY Z

k s=— n+1

Changing the order of summation, just as done in proving Theorem 9, we get

17 ]A|<Z Z

k s——n+1
Rearranging the above,
n—1
Il <Y 3 vl
s=—n+1

or equally,

—1
Al <22 Sl
UO+’ s=—n+1
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Using the definition of the stripe coherence and recalling that n; s = ||y s[lo, one gets

1
Al < S e S
M0+ ’ s=—n+1

From the above equation, the rest of the proof follows naturally.

We have provided two theorems for the success of the OMP algorithm. Before concluding,
we aim to show that assuming p(D) = po, the guarantee based on the stripe coherence is at
least as strong as the one based on the £y o norm. Assume the recovery condition using the
00,00 norm is met and as such |Tjo.c0 = max; n; < 3 (1 + %), where n; is equal to ||7;|lo-

1(
Multiplying both sides by (D) we obtain max; n; - p(D) < 3 (1+ p(D)). Using the above

Nt

inequality and the properties:

n—1
1) Z Nis = Ny, 2) Vs Hs < M(D),
s=—n+1

we have that

n—1 n—1
max E njspts < Max § ni,sM(D)
! s=—n+1 ! s=—n+1

= max n; u(D) < % 1+ p(D)).

Thus, we obtain that

n—1

1 1
mlaxs_zn“ Mishs < 5 (1+u(D)) = 3 (14 ko),

where we have used our assumption that pu(D) = pg. We conclude that if the recovery condition
based on the £y, norm is met, then so is the one based on the stripe coherence. As a result, the
condition based on the stripe coherence is at least as strong as the one based on the ¢y o, norm.

As a final note, we mention that assuming u(D) = max us; = po is in fact a reasonable
assumption. Recall that in order to compute us we evaluate isnner products between atoms which
are s indexes shifted from each other. As a result, the higher the shift s is, the less overlap the
atoms have, and the less us is expected to be. Thus, we expect the value g to be the largest or

close to it in most cases.

5.10.4 Theoretical Analysis of Corrupted Signals

Theorem 15. (Upper bounding the SRIP via the mutual coherence): For a convolutional dictio-

nary D with global mutual coherence (D), the SRIP can be upper-bounded by

5 < (k — Du(D).

121



Proof. Consider the sub-dictionary D7, obtained by restricting the columns of D to a support
T with fp oo norm equal to k. Lemma 1 states that the eigenvalues of the Gram matrix DTFDT
are bounded by

1 (k - Du(D) < X(DFDy) < 1+ (k- 1)u(D).

Now, for every A we have that

(1= (k= DuD))IA[3 <Amin(DFDT)(|A]3
<|ID7A[} < Anae(DFDT) (| A3
<(1+ (k= DuD))A]3,

where A\jnqr and A\, are the maximal and minimal eigenvalues, respectively. As a result, we
obtain that 0 < (k — 1)u(D). O

Theorem 16. (Stability of the solution to the Fj ., problem): Consider a sparse vector I' such
that ||T'(|o,00 =k < % (1 + ﬁ), and a convolutional dictionary D satisfying the SRIP property
for £y oo = 2k with coefficient d25. Then, the distance between the true sparse vector I'" and the

solution to the Ff ., problem I' is bounded by

462

r-rp<-_—-¢ < .
e Tl = s, = T @k~ Dum)

(5.25)

Proof. The solution to the Ff ., problem satisfies ||Y — DT||? < €2, and it must also satisfy
ITl0,00 < ITflo,00 (since T is the solution with the minimal £y o, norm). Defining A =T — T,
using the triangle inequality, we have that |[DA|3 = |[DT' =Y +Y — DI||3 < 4€%. Furthermore,
since the £y » norm satisfies the triangle inequality as well, we have that ||Allp e = ||T'— IA‘HQOO <

ITl0.00 + |ITl0.,00 < 2k. Using the SRIP of D, we have that

(1—d) A3 < DA < 4¢?,
where in the first inequality we have used the lower bound provided by the definition of the

SRIP. Finally, we obtain the following stability claim:

4€2
1 — 6o,

1A =T — T3 <

Using our bound of the SRIP in terms of the mutual coherence, we obtain that

€ < 462
1 =6y — 1—(2k—1)u(D)

IAJ3 = [T~ T3 <

For the last inequality to hold, we have assumed k = ||T'|jo,.0 < 3(1+ ﬁ)
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Theorem 17. (Stable recovery of global OMP in the presence of noise): Suppose a clean signal
X has a representation DI', and that it is contaminated with noise E to create the signal
Y = X +E, such that |Y —X]|2 < e. Denote by €, the highest energy of all n-dimensional local

patches extracted from E. Assume I' satisfies

1 1 1 €
o< =14+ ) - T 5.26
hoe =3 ( 4(D)) " 4D Tonin] (5.26)

where |T',in| is the minimal entry in absolute value of the sparse vector I'. Denoting by T'onp

Ir

the solution obtained by running OMP for ||T'[| iterations, we are guaranteed that
[a) ]

1. OMP will find the correct support; And,

2

2. [[Tomp — T3 < W

Proof. We shall first prove that the first step of OMP succeeds in recovering an element from

the correct support. Denoting by 7 the support of I, we can write

Y=DI'+E=) T\ +E. (5.27)
teT

Suppose that T" has its largest coefficient in absolute value in I';. For the first step of OMP to

choose one of the atoms in the support, we require
1A} Y| > max|d] Y.
J¢€T
Substituting Equation (5.27) in this requirement we obtain

> Tidfd; +E"d; . (5.28)

teT

> Tud/d; + E"d;

> max
T teT

Using the reverse triangle inequality we can construct a lower bound for the left hand side:

> Tud/d;

teT

> Tidfd; +E"d;| >

teT

— |ETd;].

Our next step is to bound the absolute value of the inner product of the noise and the atom d;.
A naive approach, based on the Cauchy-Schwarz inequality and the normalization of the atoms,
would be to bound the inner product as [E7d;| < ||E||2 - ||ds||2 < e. However, such bound would
disregard the local nature of the atoms. Due to their limited support we have that d; = RZ-TRidi
where, as previously defined, R; extracts a n-dimensional patch from a N-dimensional signal.

Based on this observation, we have that
[E"d;| = [ETR{Ridi| < |RiE|l2 - [|dill2 < ¢,
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where we have used the fact that |R;E||2 <€, Vi. By exploiting the locality of the atom,
together with the assumption regarding the maximal local energy of the noise, we are able to

obtain a much tighter bound, because €, < € in general. As a result, we obtain

> T.dfd;

teT

> Twd/d; +E"d;
teT

> —€;.

Using the reverse triangle inequality, the normalization of the atoms and the fact that |I';| > [T,

we obtain

> Twd{d; +E"d;
teT

>0 = Y [Tyl |dfdi| —e,
teT t#i
> | = [Ti] > [dfdi| — ¢,
tET t#i

Notice that dd; is zero for every atom too far from d; because the atoms do not overlap.
Denoting the stripe which fully contains the i** atom as p(i) and its support as Tp(iys we can

restrict the summation as:

Y Tdid; + E"d;
teT

> Tl = || > |dfdi| — e,
t€Tp (i)
14

Denoting by n,;) the number of non-zeros in the support 7,;) and using the definition of the

mutual coherence we obtain:

) Idid; + E"d;
teT

> [Li] = [Til(npe) — Dp(D) =€,

> |Lil = [Til([ITo.c0 = (D) — €.

In the last inequality we have used the definition of the ¢y o, norm.

Now, we construct an upper bound for the right hand side of equation (5.28), once again

using the triangle inequality and the fact that |[ETd;| <, :

> Twdfd;

teT

max

max > Tudfd; + E"d;

< max
teT T

+€;.
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Using the same rationale as before we get

max |y Tedf d; + ETd;| < |0y max > |dfdy] +e,
IET |ier TED et
T
< IFzIma;< Z |d; dj| + €,
teTp()

< Tl - [Plo,00 - (D) + €, -

Using both bounds, we obtain

> Tvdfd; + E"d;
teT

> |Til = L[ ([IT]|o,00 = 1) (D) — €,

>0y - | T]0,00i(D) + €, > max |> Tid/d; + E"d,
J¢T

teT

From this, it follows that

€

1 1 1 3
P00 < 5 <1 + u(D)> ~ D) Tl (5.29)

Note that the theorem’s hypothesis assumes that the above holds for |I'y,| instead of |T';.

However, because |I';| > |['yin|, this condition holds for every i. Therefore, Equation (5.29)
holds and we conclude that the first step of OMP succeeds.

Next, we address the success of subsequent iterations of the OMP. Define the sparse vector
obtained after k < ||T'||o iterations as A*, and denote its support by 7%. Assuming that the
algorithm identified correct atoms (i.e., has so far succeeded), 7% = supp{Ax} C supp{T'}. The
next step in the algorithm is the update of the residual. This is done by decreasing a term

proportional to the chosen atoms from the signal; i.e.,

YF=Y - ) diAf
€Tk

Moreover, Y* can be seen as containing a clean signal X* and the noise component E, where

XF=X- ) d;Af =Dr*
€Tk

The objective is then to recover the support of the sparse vector corresponding to X*, I'*, defined

aSl()

(5.30)

ok — L, —AF if G T*
! Iy if i¢ Tk

ONote that if k=0, Xo =X, Yo=Y, and Ty =T.
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Note that supp{I'*} C supp{I'} and so

IT* 0,00 < IT

0,00- (5.31)

In words, the ¢y norm of the underlying solution of Xk does not increase as the iterations
proceed. Note that this representation is also unique in light of the uniqueness theorem presented

in part I. From the above definitions, we have that

YF-XF=Y - Y diAf - X+ ) diAf
€Tk €Tk
=Y -X=E.

Hence, the noise level is preserved, both locally and globally; both € and €7, remain the same.
Note that T'* differs from T' in at most k places, following Equation (5.30) and that |T%| = k.

As such, ||[T%||« is greater or equal than the (k + 1) largest element in absolute value in T
This implies that | T%||oc > [Tmin|. Finally, we obtain that

1 1 1 €

1 1 1 e,
=3 <1 * M(D)> T D) T

The first inequality is due to (5.31), the second is the assumption in (6.10) and the third was

just obtained above. Thus,

1 1 1 €
r* Ooo < = <1 + > - . L
IPoce <5 {1+ DY)~ nD) 7%

Similar to the first iteration, the above inequality together with the fact that the noise level is
preserved, guarantees the success of the next iteration of the OMP algorithm. From this follows

that the algorithm is guaranteed to recover the true support after ||I'||o iterations.

Finally, we move to prove the second claim. In its last iteration OMP solves the following
problem:

Toup = argmAiD ID7A - Y3,

where D is the convolutional dictionary restricted to the support 7 of the true sparse code
I'. Denoting I'y the (dense) vector corresponding to those atoms, the solution to the above

problem is simply given by

Tomp = DIY = DI (DT + E)
=Dl (D77 + E) =T'1 + DL E,
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where we have denoted by Dir the Moore-Penrose pseudoinverse of the sub-dictionary D+. Thus,

ITomp — 7|3 = [DLE|3 < ID33 - 1B
1 €2

= _|E|3< :

N (D7D B2 < T D) (o — D

In the last inequality we have used the bound on the eigenvalues of D;—DT derived in Lemma 1.

Theorem 18. (ERC in the convolutional sparse model): For a convolutional dictionary D with

mutual coherence p(D), the ERC condition is met for every support 7 that satisfies

1 1
||T||0,oo < 5 (1 + u(D)) .

Proof. For the ERC to be satisfied, we must require that, for every i ¢ T,

ID}difli = ||(DFD7) ' DFa,| <1.
Using properties of induced norms, we have that
—1 -1
| D7) DFa| < | ®FDA)Y| |DFa,. (5.32)

Using the definition of the mutual coherence, it is easy to see that the absolute value of the
entries in the vector D;di are bounded by p(D). Moreover, due to the locality of the atoms,
the number of non-zero inner products with the atom d; is equal to the number of atoms in T
that overlap with it. This number can, in turn, be bounded by the maximal number of non-zeros

in a stripe from 7, i.e., its £y o norm, denoted by k. Therefore, D?diHI < ku(D).

Addressing now the first term in Equation (5.32), note that

-1 -1
|@ron, =@~ 5:39)
since the induced ¢; and /4., norms are equal for symmetric matrices. Next, using the Ahlberg-

Nilson-Varah bound and similar steps to those presented in Lemma 1, we have that

1
S T= (k- Dp(D)’

|@FDr) | (5.34)

In order for this to hold, we must require the Gram D%F-DT to be diagonally dominant, which is
satisfied if 1 — (k — 1)u(D) > 0. This is indeed the case, as follows from the assumption on the
o oo norm of 7. Plugging the above into Equation (5.32), we obtain

|(FD7) ™ D4,

IN

| %) 7"|| [DFa, (5.35)

ku(D)
~1-(k-1)uD)

1
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Our assumption that k < % (1 =+ ﬁ) implies that the above term is less than one, thus showing

the ERC is satisfied for all supports 7 that satisfy || 7 [|o,c0 < 3 (1 + ﬁ) O

Theorem 19. (Stable recovery of global Basis Pursuit in the presence of noise): Suppose a clean
signal X has a representation DI', and that it is contaminated with noise E to create the signal
Y = X + E. Denote by €, the highest energy of all n-dimensional local patches extracted from

E. Assume T satisfies ) .
T 07m<<1+>. 5.36

Denoting by I'gp the solution to the Lagrangian BP formulation with parameter A = 4ey,, we

are guaranteed that
1. The support of I'gp is contained in that of T'.
2. |ITgp — T|oo < Pep.
3. In particular, the support of I'gp contains every index ¢ for which |[T';| > %e L

4. The minimizer of the problem, I'gp, is unique.

We first state and prove a Lemma that will become of use while proving the stability result
of BP.

Lemma 5.10.1. Suppose a clean signal X has a representation DI, and that it is contaminated
with noise E to create the signal Y = X+E. Denote by €, the highest energy of all n-dimensional

local patches extracted from E. Assume that

1 1
”I‘HO,OO < 5 <1 + ;L(I))) . (5.37)

Denoting by X g the best {y approzimation of Y over the support T, we have that'!

IDT(Y — X5) o < 2€z.

Proof. Using the expression for the least squares solution (and assuming that D has full-column

rank), we have that
DF(Y - X15) = D} (Y - Dy (DfD7) ' DFY)
-1
- (DTr - DID; (DID;) D?) Y =o.

This shows that all inner products between atoms inside 7 and the vector Y — Xy,g are zero,
and thus HD%(Y — X13)|loo = [DT(Y — X1s)|loo- We have denoted by T the complement to

1We suspect that, perhaps under further assumptions, the constant in this bound can be improved from 2 to 1.
This is motivated by the fact that the bound in [Tro06], for the traditional sparse model, is 1 - € — where € is the
global noise level.
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the support, containing all atoms not found in 7, and by D= the corresponding dictionary.
Denoting by I'7 the vector I restricted to its support, and expressing X5 and Y conveniently,

we obtain
IDZ(Y — Xis)lloo
—1
~|IDZ (1- D7 (DFD7) "' DF) Y|

—|DZ <I ~ D7 (DID;) " D?) (D7T7 + E)| oo
It is easy to verify that
(I ~ Dy (DIDy) D?) DT = 0.
Plugging this into the above, we have that
IDI(Y = Xis) | = ||P% (1~ D7 (DFDr) ' DF ) E|
Using the triangle inequality for the ¢, norm, we obtain

DAY — Xus)lloo

~||pZE - DZDs (DFD7)

DTEH
< |p%E|_ + [pfDS (DFD7) ' DIE|| . (5.38)
In what follows, we will bound both terms in the above expression with e7,. First, due to the

limited support of the atoms, d; = R?Ridi, where R,; extracts the i local patch from the
global signal, as previously defined. Thus,

|IDIE|_ = max|d] E| = max |d] R R;E]| (5.39)
€T i€T
< max ||[Ridi2 - |[RiE[|2 < er,
i€T
where we have used the Cauchy-Schwarz inequality, the normalization of the atoms and the

fact that |R;E||2 < er V i. Next, we move to the second term in Equation (5.38). Using the
definition of the induced £, norm, and the bound ||DZXE||o < €1, we have that

|pZpr (DFD;) ' DFE| <|DIDS (DIDr) | e
o0

Recall that the induced infinity norm of a matrix is equal to the maximal #; norm of its rows.

Notice that a row in the above matrix can be written as d;frDT (D;DT)A, where i € T. Then,

|pIps (D7D7) " DIE|

<max‘ (D D7—) 1H1-€L.

€T

129



Using the definition of induced ¢; norm and Equation (5.33) and (5.34), we obtain that

|pZpr (DFD7) ' DTE|
<max [df D7, - |(DFD7) | e
i€T 1

1
— (k= Du(D)

<max |[dTD7||, - €5,
was oD, -
where we have denoted by k the /p o norm of 7. Notice that due to the limited support of the
atoms, the vector diTDT has at most k& non-zeros entries. Additionally, each of these is bounded
in absolute value by the mutual coherence of the dictionary. Therefore, |[d! D71 < ku(D)
(note that i ¢ T). Plugging this into the above equation, we obtain

k(D)
— (k=1)u(D)

-1
|p7Dr (DFDy) ' DIE| < €L

Rearranging our assumption in Equation (5.37), we get 1_(ku(D)

T=(k—D)u(D) < 1. Therefore, the above

becomes
|pZpr (DFD;) ' DFE| <e. (5.40)
Finally, plugging Equation (5.39) and (5.40) into Equation (5.38), we conclude that

IDZ(Y — Xis)l|oc
<|DfE|, + [DfDs (DFD7) ' DFE||
< er + €5, = 2¢y,.
O

For completeness, and before moving to the proof of the stability of BP, we now reproduce
Theorem 8 from [Tro06].

Theorem 22. (Tropp): Suppose a clean signal X has a representation DT, and that it is
contaminated with noise E to create the signal Y = X 4+ E. Assume further that Y is a signal
whose best £5 approximation over the support of I', denoted by T, is given by Xyg, and that
Xps = DI'Ls. Moreover, consider I'gp to be the solution to the Lagrangian BP formulation

with parameter A. If the following conditions are satisfied:
1. The ERC is met with constant 8 > 0 for the support 7; And
2. [IDT(Y — Xig)lloo < N,

then the following hold:

1. The support of I'gp is contained in that of T'.

130



-1
2. |Tpp — Tusle <A || (DFD7) |

o0

3. In particular, the support of I'gp contains every index i for which |T'rg;| > A H (D;DT) -1 HOO

4. The minimizer of the problem, I'gp, is unique.

Armed with these, we now proceed to proving Theorem 19.

Proof. In this proof we shall show that Theorem 22 can be reformulated in terms of the ¢y o
norm and the mutual coherence of D, thus adapting it to the convolutional setting. Our strategy
will be first to restrict its conditions (1) and (2), and then to derive from its theses the desired
claims.

To this end, we begin by converting the assumption on the ERC into another one relying
on the fy norm. This can be readily done using Theorem 18, which states that the ERC
is met assuming the {y o, norm of the support is less than % (1 + ﬁ) — a condition that is
indeed satisfied due to our assumption in Equation (5.36). Next, we move to assumption (2) in
Theorem 22. We can lower bound the ERC constant § by employing the inequality in (5.35),

thus obtaining
IT0,00(D)
1= (IT]lo,c0 = 1)u(D)

0=1-— Did;ll; >1—
%37?” T il >

Using the assumption that ||T'[|pc0 < % (1 + ﬁ), as stated in Equation (5.36), the above can
be simplified into

1
H=1— Did;|, > =. 5.41
I}éagll rdilli = 5 (5.41)

Bringing now the fact that A = 4ey, as assumed in our Theorem, and using the just obtained

inequality (5.41), condition (2) must hold since
IDT(Y — Xp5)|loo < 261 < 6.

Note that the leftmost inequality is Lemma (5.10.1), and the implication here is that A\ > 4ey,.
Thus far, we have addressed the conditions in Theorem 22, showing that they hold in our
convolutional setting. In the remainder of this proof we shall expand on its results, in particular

point 2 and 3. We can upper bound the term H (D%“-DT)_1 H using Equation (5.34), obtaining
o0

1
o =T ([Tome — Da(D)’

|@fDr) | (5.42)

Using once again the assumption that [|T'|jpec < %(1 + ﬁ), we have that ||T'|jpe <

%(3—# #) From this last inequality, we get (||T'[lo,.c —1)p(D) < %. Thus, it follows

w(D)
that
1

1= ([[Tfjo,c — (D)

<

DO o
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Based on the above inequality, and Equation (5.42), we get

|fpr) | < g (5.43)

Plugging this into the second result in Tropp’s theorem, together with the above fixed A, we
obtain that 5
—1
ITep — Tuslloo < A ||(DFD7) || <der- 5 = e (5.44)

On the other hand, looking at the distance to the real T,

-1
ITrs = Tlloo = [ (DFD7) " D7 (Y = X) [l (5.45)

-1 3
< | (DFD7) " [loo - IDTE[ o < €L

For the first inequality we have used the definition of the induced ¢, norm, and the second one
follows from (5.43) and a similar derivation to that in (5.39). Finally, using triangle inequality
and Equations (5.45) and (5.44) we obtain

15
ITeP — I'lloc < |ITBP — T'Lslloc + |TLs — I < 5 €L

The third result in the theorem follows immediately from the above.

5.10.5 Global Pursuit Through Local Processing

Let us consider the Iterative Soft Thresholding algorithm which minimizes the global BP problem
by iterating the following updates

1
=S8, (rk—l + -DT(Y - Drk—l)) ,
&

where S applies an entry-wise soft thresholding operation with threshold A/c. Defining as P; the
operator which extracts the i m—dimensional vector from T, we can break the above algorithm

into local updates by
1
P.I" = Sy (Pil"“_l + -P,DT(Y - DI‘k_l)) .
&

As a first observation, the matrix P;D”, which is of size m x N, is in-fact DE padded with zeros.

As a consequence, the above can be rewritten as follows:
1
P.T" =S, (P,T’“l + -P,D'RIR;(Y - DI‘kl)> ,
c

where we have used R; as the operator which extracts the i*» n—dimensional patch from an

N —dimensional global signal. The operator P; extracts m rows from DT while R} extracts its
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non-zero columns. Therefore, PiDTR;-F = D7 and so we can write
1
P.T" =3, (PiI‘kl + -DIR,;(Y - Drk1)> .
c

Noting that af = P,I'”* is the " local sparse code, and defining r,’f =R;(Y — DI‘k_l) as the

corresponding patch-residual at iteration k, we obtain our final update (for every patch)
_ 1 _
af:S)\/c <Oﬁf 1+ED,£ I',f: l>.

We summarize the above derivations in the main corpus of the chapter.
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Chapter 6

Multi-Layer Convolutional Sparse
Modeling

Chapter Summary

The recently proposed Multi-Layer Convolutional Sparse Coding (ML-CSC) model, consisting of
a cascade of convolutional sparse layers, provides a new interpretation of Convolutional Neural
Networks (CNNs). Under this framework, the computation of the forward pass in a CNN is
equivalent to a pursuit algorithm aiming to estimate the nested sparse representation vectors
— or feature maps — from a given input signal. Despite having served as a pivotal connection
between CNNs and sparse modeling, a deeper understanding of the ML-CSC is still lacking;:
there are no pursuit algorithms that can serve this model exactly, nor are there conditions to
guarantee a non-empty model. While one can easily obtain signals that approzimately satisfy
the ML-CSC constraints, it remains unclear how to simply sample from the model and, more
importantly, how one can train the convolutional filters from real data.

In this chapter, we propose a sound pursuit algorithm for the ML-CSC model by adopting a
projection approach. We provide new and improved bounds on the stability of the solution of
such pursuit and we analyze different practical alternatives to implement this in practice. We
show that the training of the filters is essential to allow for non-trivial signals in the model, and
we derive an online algorithm to learn the dictionaries from real data, effectively resulting in
cascaded sparse convolutional layers. Last, but not least, we demonstrate the applicability of
the ML-CSC model for several applications in an unsupervised setting, providing competitive
results. The work condensed in this chapter represents a bridge between matrix factorization,

sparse dictionary learning and sparse auto-encoders, and we analyze these connections in detail.
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6.1 Convolutional Sparse Coding and Deep Learning

As we have reviewed in Chapter 2, sparse representation modeling brought about the idea that
natural signals can be (well) described as a linear combination of only a few building blocks or
components, known as atoms [BDE09]. The popularity of this model has grown dramatically,
partially because of the (often state-of-the-art) algorithms that have emerged from it are backed
by elegant theoretical results and sound understanding.

Neural networks, on the other hand, were introduced around forty years ago and were
shown to provide powerful classification algorithms through a series of function compositions
[LBD'T90, RHW™88]. It was not until the last half-decade, however, that through a series of
incremental modifications these methods were boosted to become the state-of-the-art machine
learning tools for a wide range of problems, and across many different fields [LBH15]. For the
most part, the development of new variants of deep convolutional neural networks (CNNs) has
been driven by trial-and-error strategies and a considerable amount of intuition.

Withal, a few research groups have begun providing theoretical justifications and analysis
strategies for CNNs from very different perspectives. For instance, by employing wavelet filters
instead of adaptive ones, the work by Bruna and Mallat [BM13] demonstrated how scattering
networks represent shift invariant analysis operators that are robust to deformations (in a
Lipschitz-continuous sense). The work in [GSB15] showed that deep neural networks preserve
the metric structure of the data, under Gaussian weights assumption. In [CSS16], the authors
proposed a hierarchical tensor factorization analysis model to analyze deep CNNs. Fascinating
connections between sparse modeling and CNN have also been proposed. In [GL10], a neural
network architecture was shown to be able to learn iterative shrinkage operators, essentially
unrolling the iterations of a sparse pursuit. Building on this interpretation, the work in [XWG™16]
further showed that CNNs can in fact improve the performance of sparse recovery algorithms.

A precise connection between sparse modeling and CNNs was recently presented in [PRE16],
and its contribution is centered in defining the Multi-Layer Convolutional Sparse Coding (ML-
CSC) model. When deploying this model to real signals, compromises were made in way that
each layer is only approximately explained by the following one. With this relaxation in the
pursuit of the convolutional representations, the main observation of this work is that the
inference stage of CNNs — nothing but the forward-pass — can be interpreted as a very crude
pursuit algorithm seeking for unique sparse representations. This is a useful perspective as it
provides a precise optimization objective which, it turns out, CNNs attempt to minimize.

The work in [PRE16] further proposed improved pursuits for approximating the sparse
representations of the network, or feature maps, such as the Layered Basis Pursuit algorithm.
Nonetheless, as we will show later, neither this nor the forward pass serve the ML-CSC model
exactly, as they do not provide signals that comply with the model assumptions. In addition, the
theoretical guarantees accompanying these layered approaches suffer from bounds that become
looser with the network’s depth. The lack of a suitable pursuit, in turn, obscures how to properly
sample from the ML-CSC model, and how to train the model’s dictionaries from real data.

In this work we undertake a fresh study of the ML-CSC and of pursuit algorithms for signals
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in this model. Our contributions will be guided by addressing the following questions:

1. Given proper convolutional dictionaries, how can one project! signals onto the ML-CSC

model?

2. When will the model allow for any signal to be expressed in terms of nested sparse

representations? In other words, is the model empty?

3. What conditions should the convolutional dictionaries satisfy? and how can we adapt or

learn them to represent real-world signals?

4. How is the learning of the ML-CSC model related to traditional CNN and dictionary

learning algorithms?

5. What kind of performance can be expected from this model?

Before proceeding, it is worth noting that the model we analyze in this work is related to
several recent contributions, both in the realm of sparse representations and deep-learning. On
the one hand, the ML-CSC model is tightly connected to dictionary learning approaches, in
particular to those leveraging different structures or constraints in the construction of such
dictionary. A very partial list of these works include the Chasing Butterflies approach [LMG15],
fast transform learning [CMTD15], Trainlets [SOZE16], among several others. On the other hand,
and because of the unsupervised flavor of the learning algorithm, our work shares connections
to sparse auto-encoders [Ngll], and in particular to the k-sparse [MF13] and winner-take-all
versions [MF15].

Lastly, because the analyzis in this chapter will not be focused on local vectors or structures,
we will return to the traditional notation of employing uppercase notation for matrices exclusively,

and lowercase for vectors.

6.2 Preliminaries on ML-CSC

The Multi-Layer Convolutional Sparse Coding (ML-CSC) model is a natural extension of the
CSC described above, as it assumes that a signal can be expressed by sparse representations at
different layers in terms of nested convolutional filters. Suppose x = D;7,, for a convolutional
dictionary D; € RV*N™1 and an {p,00-sparse representation y; € RN™1 One can cascade
this model by imposing a similar assumption on the representation 7, i.e., 7v; = Da7,, for a
corresponding convolutional dictionary Dy € RN™1XN™2 with my local filters and a {p,00-SParSe
74, as depicted in Figure 6.1. In this case, D3 is a also a convolutional dictionary with local

filters skipping m; entries at a time? — as there are m; channels in the representation = .

!By projection, we refer to the task of getting the closest signal to the one given that obeys the model
assumptions.

2This construction provides operators that are convolutional in the space domain, but not in the channel
domain — just as for CNNs.
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Figure 6.1: The CSC model (top), and its ML-CSC extension by imposing a similar model on
~1 (bottom). From a local perspective, a patch from the signal, Py jx has a corresponding
sparse stripe given by Sy jv;. An analogous decomposition can be stated for a patch from the
signal «q, represented by Pq jv;.

Because of this multi-layer structure, vector «; can be viewed both as a sparse representation
(in the context of x = Dj~;) or as a signal (in the context of v; = Da7y5). Thus, one one can
refer to both its stripes (looking backwards to patches from x) or its patches (looking forward,
corresponding to stripes of 75). In this way, when analyzing the ML-CSC model we will not only
employ the {y o norm as defined above, but we will also leverage its patch counterpart, where
the maximum is taken over all patches from the sparse vector by means of a patch extractor
operator P;. In order to make their difference explicit, we will denote them as ||v|[j -, and
H'yH]{iOo for stripes and patches, respectively. In addition, we will employ the /5 o, norm version,

naturally defined as |75 ., = max ||S;7||2, and analogously for patches.
’ %

We now formalize the model definition:

Definition 23. ML-CSC model:

Given a set of convolutional dictionaries {Di}iL:1 of appropriate dimensions, a signal x € RY
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admits a representation in terms of the ML-CSC model if

x=D1v, [7l500 < A1,
Y1 =Davas V26,00 < A2,

Yi-1 =Drvr, ”’YLHS,oo < AL

We will refer to the set of signals satisfying the ML-CSC model assumptions with parameter
A=[\,..., ], as the set M. In addition, when referring to a signal x € My, we will often
denote it by x(7;) to emphasize its decomposition in terms of the nested representations {’yi}le.

Note that x € M can also be expressed as x = DDy ...Dyv;. For the purpose of the
following derivations, define D to be the effective dictionary at the i*" level, i.e., D) =

D.Ds...D;. This way, one can concisely write
X = D(L)'YLa

where D) is the L-layers Convolutional Dictionary. Generally, we have that x = D(i)'yi, 1<
1 < L.

Interestingly, the ML-CSC can be interpreted as a special case of a CSC model: one that
enforces a very specific structure on the intermediate representations. We make this statement

precise in the following Lemma:

Lemma 6.2.1. Given the ML-CSC model described by the set of convolutional dictionaries
{D;}L,, with filters of spatial dimensions n; and channels m;, any dictionary D@ =DD,...D;
is a convolutional dictionary with m; local atoms of dimension nfﬁ = 22:1 nj—(i—1). In other

words, the ML-CSC model is a structured global convolutional model.

The proof of this lemma is rather straight forward, and we include it in Appendix 6.7.1. Note
that what was denoted as the effective dimension at the i*? layer is nothing else than what is
known in the deep learning community as the receptive field of a filter at layer i. Here, we have
made this concept precise in the context of the ML-CSC model.

As it was presented, the convolutional model assumes that every n-dimensional atom is
located at every possible location, which implies that the filter is shifted with strides of s = 1. An
alternative, which effectively reduces the redundancy of the resulting dictionary, is to consider
a stride greater than one. In such case, the resulting dictionary is of size N x Nmj/s for one
dimensional signals, and N x Nm;/s? for images. This construction, popular in the CNN
community, does not alter the effective size of the filters but rather decreases the length of
each stripe by a factor of s in each dimension. In the limit, when s = ny, one effectively

considers non-overlapping blocks and the stripe will be of length® m; - the number of local filters.

3When s = n;, the system is no longer shift-invariant, but rather invariant with a shift of n samples.
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Figure 6.2: From atoms to molecules: Illustration of the ML-CSC model for a number 6. Two
local convolutional atoms (bottom row) are combined to create slightly more complex structures
— molecules — at the second level, which are then combined to create the global atom
representing, in this case, a digit. Note that even though the atoms are local (with small

support) and convolutional, we depict them in their respective locations within the global
structure. Refer to the main body (Section 6.2) for a detailed description of this decomposition.

Naturally, one can also employ s > 1 for any of the multiple layers of the ML-CSC model. We

will consider s = 1 for all layers in our derivations for simplicity.

The ML-CSC imposes a unique structure on the global dictionary D& as it provides a
multi-layer linear composition of simpler structures. In other words, D; contains (small) local
ni-dimensional atoms. The product D1D5s contains in each of its columns a linear combination
of atoms from Dj, merging them to create molecules. Further layers continue to create more
complex constructions out of the simpler convolutional building blocks. We depict an example of
such decomposition in Figure 6.2 for a 3"%layer convolutional atom of the digit “6”. While the
question of how to obtain such dictionaries will be addressed later on, let us make this illustration
concrete: consider this atom to be given by xg = D1D»d3, where d3 is sparse, producing the

upper-most image xo. Denoting by 7 (d3) = Supp(ds), this atom can be equally expressed as

xo=D®d;= Y da?a,
JET(d3)

In words, the effective atom is composed of a few elements from the effective dictionary D).
These are the building blocks depicted in the middle of Figure 6.2. Likewise, we now focus on

the fourth of such atoms, dg) = D1dy j,. In this particular case, ||d2j,|lo = 2. Indicating these
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two non-zeros elements by ¢; and 79, we can express:

(2 _ 4(1) 5 (1) 7
dj4 - dil d217j1 + di2 d22,j1'

These two atoms from D; are precisely those appearing in the bottom of the decomposition.

6.2.1 Pursuit in the noisy setting

Real signals might contain noise or deviations from the above idealistic model assumption,
preventing us from enforcing the above model exactly. Consider the scenario of acquiring a signal
y = x + v, where x € My and v is a nuisance vector of bounded energy, ||v]2 < &. In this
setting, the objective is to estimate all the representations «; which explain the measurements y
up to an error of &. This pursuit problem — searching for sparse convolutional features under
the ML-CSC model — can be formulated in a number of different ways depending on the model
deviations assumed at each layer. In its most general form, this pursuit is represented by the
Deep Coding Problem (DCPY), as introduced in [PRE16]:

Definition 24. DCP{ Problem:
For a global signal y, a set of convolutional dictionaries {Di}{;l, and vectors A and &, the deep

coding problem DCP f is defined as:

(DCPY): find {v;}; st [y —Divill2 <&, 171 116,00 < M1
71 — D2vsll2 < &1, [7215,00 < A2
lvr-1 —Dryrllz < &1, 1vLl6.00 < AL,

where the scalars )\; and & are the i*" entries of A and &, respectively.

The solution to this problem was shown to be stable in terms of a bound on the #»-distance
between the estimated representations 4, and the true ones ;. These results depend on the
characterization of the dictionaries through their mutual coherence, (D), which measures the
maximal normalized correlation between atoms in the dictionary. Formally, assuming the atoms

are normalized as ||d;||2 = 1 Vi, this measure is defined as
u(D) = max |d7d,|.
i#]

Relying on this measure, Theorem 5 in [PRE16] shows that given a signal x(v;) € P,

contaminated with noise of known energy £2, if the representations satisfy the sparsity constraint

5 <1<1+ ! >
00 " 2 u(Ds) )’
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then the solution to the DCPf given by {#; {4:1 satisfies

%

[l7: — ’AYZH% < 4&? H
j=1

4i—1
1= (2[}7;l§ 00 — Du(Dy)

In the particular instance of the DCPf where & =0 for 1 <i < L — 1, the above bound can be
made tighter by a factor of 4°~! while preserving the same form.

These results are encouraging, as they show for the first time stability guarantees for a
problem for which the forward pass provides an approximate solution. More precisely, if the
above model deviations are considered to be greater than zero (&; > 0) several layer-wise
algorithms, including the forward pass of CNNs, provide approximations to the solution of this
problem [PRE16].

Two remarks should be noted about the above stability result:

1. The bound increases with the number of layers or the depth of the network. This is a
direct consequence of the layer-wise relaxation in the above pursuit, which causes these

discrepancies to accumulate over the layers.

2. Given the underlying signal x(,;) € My, with representations {v,;}£;, this problem
searches for their corresponding estimates {4}~ ;. However, because at each layer ||4,_; —
D;#;ll2 > 0, this problem does not provide representations for a signal in the model. In

other words, X # D14, v # D295, and generally x ¢ M.

6.3 A Projection Alternative

In this section we provide an alternative approach to the problem of estimating the underlying
representations v, under the same noisy scenario of y = x(;) + v. In particular, we are
interested in projecting the measurements y onto the set M. Consider the following projection

problem:

Definition 25. ML-CSC Projection Py, :
For a signal y and a set of convolutional dictionaries {D;}%,, define the Multi-Layer Convolu-

tional Sparse Coding projection as:

(Pamy) : 311{1 ly =x(yi)ll2 st x(v;) € M. (6.1)
iSi=1

Note that this problem differs from the DCPf counterpart in that we seek for a signal close to y,
whose representations «y; give rise to x(;) € My. This is more demanding (less general) than
the formulation in the DCPf. Put differently, the Pa, problem can be considered as a special
case of the DCPf where model deviations are allowed only at the outer-most level. From this
perspective, the Py, is an instance of the DCPf for which & = 0 for 7 > 1. Recall that the
theoretical analysis of the DCPf problem indicated that the error thresholds should increase
with the layers. Here, the Ppq, problem suggests a completely different approach.
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6.3.1 Stability of the projection Py,

Given y = x(v;) + v, one can seek for the underlying representations v, through either the
DCPf or Pa, problem. In light of the above discussion and the known stability result for
the DCPi problem, how close will the solution of the Paq, problem be from the true set of

representations? The answer is provided through the following result.

Theorem 26. Stability of the solution to the Paq, problem:

Suppose x(7;) € My is observed through y = x + v, where v is a bounded noise vector,
[vil2 < &0, and [|7,][§ 0 = Ai < i (1 + ﬁ), for 1 <i < L. Consider the set {%;}%, to be
the solution of the Py, problem. Then,

483
2[7illf 00 = V(D)

I =l < 7

Before presenting the proof of this claim, we note a few remarks on this result:

1. The obtained bound for every layer depends only on the sparsity of the representation and
on the mutual coherence of the effective dictionary for that layer, D). This allows us to
provide a bound which is not cumulative across the layers — it does not grow with the
depth of the network.

2. Unlike the stability result for the DCP f problem, the assumptions on the sparse vectors =,
are given in terms of the mutual coherence of the effective dictionaries D®). Interestingly
enough, we will see in the experimental section that one can in fact have that u(D@1) >
,u(D(i)) in practice; i.e., the effective dictionary becomes incoherent as it becomes deeper.
On the other hand, the deeper layers correspond to higher abstractions levels, and the

corresponding representations are indeed expected to be sparser.

3. While the conditions imposed on the sparse vectors «; might seem prohibitive, one should
remember that this follows from a worst case analysis. Moreover, one can effectively
construct analytic nested convolutional dictionaries with small coherence measures, as
shown in [PRE16].

We now prove the stability result.

Proof. Denote the solution to the Pp, problem by Xx; ie., X = D(4,. Given that the original
signal x satisfies ||y — x||2 < &, the solution to the Ppq, problem, x must satisfy

ly —%|l2 < |ly —x]|2 < &,

as this is the signal which provides the shortest ¢2 (data-fidelity) distance from y. Note that
because %(7;) € My, we can have that x = D@4, V 1 < i < L. Recalling Lemma 6.7.1,

the product D;Ds...D; is a convolutional dictionary. In addition, we have required that
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191500 < Xi < i (1 + ﬁ) Therefore, from the same arguments presented in [PSE17b], it

w(DW)
follows that
483

Cllyill§ 0o — DuDW)”

I = 44l < —

Interestingly, one can also formulate bounds for the stability of the solution, i.e. ||v; — ;|3
which are the tightest for the inner-most layer, and then increase as one moves to shallower layers
— precisely the opposite behavior of the solution to the DCPf problem. This result, however,
provides bounds that are generally looser than the one presented in the above theorem, and so
we defer this to Appendix 6.7.2.

6.3.2 Pursuit Algorithms

Both the DCP f and Py, problems seek for underlying representations 4, which explain — under
different assumptions — the measurements y. The next natural question is how and to what
accuracy one can retrieve the solutions of those respective problems. In other words, how does
one solve these problems in practice?

As shown in [PRE16], one can approximate the solution to the DCPf in a layer-wise manner,
solving for the sparse representations 4; progressively from ¢ = 1,..., L. Surprisingly, the
Forward Pass of a CNN 4s one such algorithm, and it provides an approximate solution of this
problem. Better alternatives were also proposed, such as the Layered BP algorithm, where
each representation 4, is sparse coded (in a Basis Pursuit formulation) given the previous
representation 4;_; and dictionary D;. As solutions to the DCPf problem, naturally, these
algorithms inherit the layer-wise relaxation referred above, which causes the theoretical bounds
to increase as a function of the layers or network depth.

Moving to the variation proposed in this work, how can one solve the Ppq, problem in
practice? Applying the above layer-wise pursuit is clearly not an option, since after obtaining
a necessarily distorted estimate 4; we cannot proceed with equalities for the next layers, as
7, does not necessarily have a perfectly sparse representation with respect to Ds. Herein we

present a simple approach based on a global sparse coding solver which yields a stable solution.

Algorithm 6.1 ML-CSC Pursuit
Input: y,{D.}, k

41 <+ Pursuit(y, D() k)

for j=L,...,1do
| Y1 < Dj;

end

return {¥,}

Consider Algorithm 6.1. This approach circumvents the problem of sparse coding the
intermediate features while guaranteeing their exact expression in terms of the following layer.

This is done by first running a Pursuit for the deepest representation through an algorithm
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which provides an approximate solution to the following problem:
Hywy—DmvﬁsﬁHﬂBmék- (6.2)

In a setting where a signal x(;) € P, has been corrupted with noise of known energy &3,
one could reformulate this problem by analogously minimizing over the o norm of v subject
to the constraint ||y — D®~||3 < £2. We employ the formulation in (6.2), however, as this
preserves the structure of our projection formulation.

Once the deepest representation has been estimated, we proceed by obtaining the remaining
ones by simply applying their definition, thus assuring that x = D(i)’yi € M. While this might
seem like a dull strategy, we will see in the next section that, if the measurements y are close
enough to a signal in the model, Algorithm 6.1 indeed provides stable estimates 4,. In fact,
the resulting stability bounds will be shown to be generally tighter than those existing for the
layer-wise pursuit alternative. Moreover, as we will later see in the Results section, this approach

can effectively be harnessed in practice in a real-data scenario.

6.3.3 Stability Guarantees for Pursuit Algorithms

Given a signal y = x(=;) + v, and the respective solution of the ML-CSC Pursuit in Algorithm
6.1, how close will the estimated 4, be to the original representations «;? These bounds will
clearly depend on the specific Pursuit algorithm employed to obtain ;. In what follows, we will
present two stability guarantees that arise from solving this sparse coding problem under two
different strategies: a greedy and a convex relaxation approach. Before presenting these results,
however, we shall need to state two elements that will become necessary for our derivations.
The first one is a property that relates to the propagation of the support, or non-zeros, across
the layers. Given the support of a sparse vector 7 = Supp(7y), consider dictionary D as the
matrix containing only the columns indicated by 7. Define ||D7||% = > 1, [R:D7|%, where
R; extracts the i*" row of the matrix on its right-hand side. In words, ||D7|% simply counts

the number of non-zero rows of Dy. With it, we now define the following property:

Definition 27. Non Vanishing Support (N.V.S.):
A sparse vector v with support 7 satisfies the the N.V.S property for a given dictionary D if

IDAllo = D7 I3

Intuitively, the above property implies that the entries in 4 will not cause two or more atoms to
be combined in such a way that (any entry of) their supports cancel each other. Notice that
this is a very natural assumption to make. Because our derivations will follow a worse-case and
deterministic analysis, however, we will need this property to formulate recovery guarantees for
pursuit algorithms. Alternatively, one could assume the non-zero entries from « to be Gaussian

distributed, and in this case the N.V.S. property holds almost surely.
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A direct consequence of the above property is that of maximal cardinality of representations.
If ~ satisfies the the N.V.S property for a dictionary D, and 4 is another sparse vector with
equal support (i.e., Supp(y) = Supp(7)), then necessarily Supp(D7) C Supp(D~), and thus
|ID~l|lo > [|D7|lo. This follows from the fact that the number of non-zeros in D7 cannot be

greater than the sum of non-zero rows from the set of atoms, D7

The second element concerns the local stability of the Stripe-RIP, the convolutional version
of the Restricted Isometric Property [CT05]. As defined in [PSE17b], a convolutional dictionary
D satisfies the Stripe-RIP condition with constant 4y, if, for every « such that [|v||§ ., = F,

(1= d)lvII3 < IDVI3 < (1 +d0)[IvII5- (6.3)

The S-RIP bounds the maximal change in (global) energy of a £y o-sparse vector when multiplied
by a convolutional dictionary. We would like to establish an equivalent property but in a
local sense. Recall the ||| norm, given by the maximal norm of a patch from x, i.e.
1%/ o = max||P;x|[|2. Analogously, one can consider |[v|]5 ., = max [[S;vl|2 to be the maximal
norm of a szripe from ~. '

Now, is HD’)/HQOO nearly isometric? The (partially affirmative) answer is given in the form of

the following Lemma, which we prove in Appendix 6.7.3.

Lemma 6.3.1. Local one-sided near isometry property:
If D is a convolutional dictionary satisfying the Stripe-RIP condition in (6.3) with constant Jy,
then

2, 2,
IDY[55, < (14 dk) [[7)125%-

This result is worthy in its own right, as it shows for the first time that not only the CSC
model is globally stable for {y o.-sparse signals, but that one can also bound the change in
energy in a local sense (in terms of the ¢3 o, norm). On the other hand, this property states
nothing unexpected: if the CSC model is fully described by a shift-invariant local model, then

its properties should be able to be characterized in a local manner as well. Lastly, while the

P
o7

above Lemma only refers to the upper bound of HD’yHg we conjecture that an analogous
lower bound can be shown to hold as well. The respective proof is more involved, however, and

a matter of current work.

With these elements, we can now move to the stability of the solutions provided by Algorithm
6.1:

Theorem 28. Stable recovery of the Multi-Layer Pursuit Algorithm in the convex relaxation
case:
Suppose a signal x(v;) € My is contaminated with locally-bounded noise v, resulting in

y=X+V, ||v||1'2’,Oo < €p. Assume that all representations -; satisfy the N.V.S. property for

the respective dictionaries D;, and that [|v;[|§ oo = Ai < %(1 + ﬁ), for 1 < ¢ < L and
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illoe =22 % 3 (14 gy ) Consider soving the Pursuit stage in Algorithm 6.1
5, = argminly + DEy |3 + v,
vy
for (1, = 4ep, and set 4,_; = D;4,;, i = L,...,1. Then, for every 1 <i < L layer,

1. Supp(¥;) € Supp(y;),

L
. 3c;
2. 19 —vilhoo < e ] V3

j=i+1

where e, = 12 €,/ [7LI[6 00 15 the error at the last layer, and ¢; is a coefficient that depends on

2nj,1flw

the ratio between the local dimensions of the layers, c¢; = [ —
J

Theorem 29. Stable recovery of the Multi-Layer Pursuit Algorithm in the greedy case:
Suppose a signal x(;) € My is contaminated with energy-bounded noise v, such that y = x+v,
|y —x|l2 < &, and € = [|v[|5 .. Assume that all representations v, satisfy the N.V.S. property

for the respective dictionaries Dy, with [|7,[[§ . = Ai < 3 (1 + ﬁ), for 1 <i< L, and

1 1 1 €0
2 -1 — . y 6.4
brultee < 5 (14 2pwy) ~ oy g 04

where 77an is the minimal entry in the support of ;. Consider approximating the solution to
the Pursuit step in Algorithm 6.1 by running Orthogonal Matching Pursuit for || ||o iterations.

Then

1. Supp(¥;) € Supp(~;),

o 2 &2 3\ L—1
2. |17 —ills < 1—M(D(L>)(\(\J’7LH8,M—1) (5) :

The proofs of both Theorems 28 and 29 are included in Appendix 6.7.4 and 6.7.4, respectively.
The coefficient c; refers to the ratio between the filter dimensions at consecutive layers, and
assuming n; =~ n;+1 (which indeed happens in practice), this coefficient is roughly 2. Importantly,
and unlike the bounds provided for the layer-wise pursuit algorithm, the recovery guarantees
are the tightest for the inner-most layer, and the bound increases slightly towards shallower
representations. The relaxation to the ¢1 norm, in the case of the BP formulation, provides local
error bounds, while the guarantees for the greedy version, in its OMP implementation, yield a
global bound on the representation error.

These results show the flavor of theoretical claims that can be obtained for the proposed
ML-CSC Pursuit Algorithm. By employing similar derivations to those detailed in the respective
proofs, one could — in principle — provide recovery claims for other versions of this method, by

employing other sparse coding strategies.
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Algorithm 6.2 ML-CSC Projection Algorithm
Init: x*=0 for k=1:); do
4; < OMP(y,D") k) for j=L:—-1:1do
| Yj-1 < Dy
end
if |15 00 > Ai for any 1 <i < L then
| brea
end
else
‘ X" D(i)’?i
end

end
return x*

6.3.4 Projecting General Signals

In the most general case, i.e. removing the assumption that y is close enough to a signal in the
model, Algorithm 6.1 by itself might not solve Pp,, . Consider we are given a general signal y and
a model M, and we run the ML-CSC Pursuit with £ = A\j, obtaining a set of representations
{7;}. Clearly ||[4L[§ o < AL. Yet, nothing guarantees that [|[4;]|5 ., < Ai for i < L. In other
words, in order to solve Py, one must guarantee that all sparsity constraints are satisfied.

Algorithm 6.2 progressively recovers sparse representations to provide a projection for any
general signal y. The solution is initialized with the zero vector, and then the OMP algorithm
is applied with a progressively larger ¢ o, constraint on the deepest representation?, from 1
to Ar. The only modification required to run the OMP in this setting is to check at every
iteration the value of [|4.[[§ -, and to stop accordingly. At each step, given the estimated 4,
the intermediate features and their /y o, norms, are computed. If all sparsity constraints are
satisfied, then the algorithm proceeds. If, on the other hand, any of the constraints is violated,
the previously computed x* is reported as the solution.

This algorithm can be shown to be a greedy approximation to an optimal projection algorithm,
under certain assumptions, and we now provide a sketch of the proof of this claim. Consider the
first iteration of the above method, where k = 1. If OMP succeeds in providing the closest 4

subject to the respective constraint, i.e. providing the solution to
- L) o112
min|ly = D3 st 7[5 <1,

and if ||9; |5 .o < Ai for every 4, then this solution effectively provides the closest signal to y in
the model defined by A = [A\1,...,1]. If A\ = 1, we are done. Otherwise, if \;, > 1, we might
increase the number of non-zeros in 4;, while decreasing the ¢5 distance to y. This is done by
continuing to the next iteration: running again OMP with the constraint ||4 |5 ., < 2, and

obtaining the respective ;.

“Instead of repeating the pursuit from scratch at every iteration, one might-warm start the OMP algorithm by
employing current estimate, %, as initial condition so that only new non-zeros are added.
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At any k'" iteration, due to the nature of the OMP algorithm, Supp(’yl}i_l) C Supp(¥%). 1f
all estimates 4, satisfy the N.V.S. property for the respective dictionaries D;, then the sparsity

of each 4, is non-decreasing through the iterations, H’yf_l [0.00 < H’S/fHSOO For this reason,
if an estimate ’Sflz is obtained such that any of the corresponding /g o, constraints is violated,
then necessarily one constraint will be violated at the next (or any future) iteration. Therefore,
the algorithm outputs the signal corresponding to the iteration before one of the constraints
was violated. A complete optimal (combinatorial) algorithm would need to retrace its steps
and replace the last non-zero added to 'Aylz by the second best option, and then evaluate if
all constraints are met for this selection of the support. This process should be iterated, and
Algorithm 6.2 provides a greedy approximation to this idea.

As a final comment on this subject, while Algorithms 6.1 and 6.2 were presented separately,
they are indeed related and one could envision combining them into a single method. The
distinction between them was motivated by making the derivations of our theoretical analysis
easier to grasp. Nevertheless, stating further theoretical claims without the assumption of the
signal y being close to an underlying x(7;) € M is non-trivial, and we defer a further analysis

of this case for future work.

6.3.5 Summary - Pursuit for the ML-CSC

Before proceeding, let us briefly summarize what we have introduced so far. We have defined a
projection problem, Pay,, seeking for the closest signal in the model M to the measurements
y. We have shown that if the measurements y are close enough to a signal in the model, i.e.
y = x(;) + v, with bounded noise v, then the ML-CSC Pursuit in Algorithm 6.1 manages to
obtain approximate solutions that are not far from these representations, by deploying either
the OMP or the BP algorithms. In particular, the support of the estimated sparse vectors is
guaranteed to be a subset of the correct support, and so all 4, satisfy the model constraints. In
doing so we have introduced the N.V.S. property, and we have proven that the CSC and ML-CSC
models are locally stable. Lastly, if no prior information is known about the signal y, we have
proposed an OMP-inspired algorithm that finds the closest signal x(-;) to any measurements y
by gradually increasing the support of all representations 4, while guaranteeing that the model
constraints are satisfied.

We now move to the next major difficulty with the ML-CSC model: studying the convolutional

filters and the need to learn its parameters.

6.4 Learning the model

6.4.1 Preliminaries

The entire analysis presented so far relies on the assumption of the existence of proper dictionaries
D; allowing for corresponding nested sparse features ~y,. Clearly, the ability to obtain such

representations greatly depends on the design and properties of these dictionaries.
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While in the traditional sparse modeling scenario certain analytically-defined dictionaries
(such as the Discrete Cosine Transform) often perform well in practice, in the ML-CSC case it is
hard to propose an off-the-shelf construction which would allow for any meaningful decompositions.
To see this more clearly, consider obtaining 4; with Algorithm 6.1 removing all other assumptions
on the dictionaries D;. In this case, nothing will prevent 4;_; = D from being dense. While
one could argue that this is an artifact of the presented algorithm (for instance, for not explicitly
enforcing both representations to be sparse), nothing guarantees that any collection of dictionaries
would allow for any signal with nested sparse components «,. In other words, how do we know
if the model represented by {D;}X; is not empty?

To illustrate this important point, consider the case where D; are random — a popular
construction in other sparsity-related applications. In this case, every atom from the dictionary
D will be a random variable dJL ~ N(0,0%1). In this case, one can indeed construct =y,
with [[v,[I§.c < 2, such that every entry from ~v;_; = Dy, will be a random variable
7271 ~ N(0,0%),V j. Thus, Pr (7271 = 0) = 0. As we see, there will not exist any sparse (or
dense, for that matter) v, which will create a sparse v;_;. In other words, for this choice of
dictionaries, the ML-CSC model is empty.

6.4.2 Sparse Dictionaries

From the discussion above one can conclude that one of the key components of the ML-CSC
model is sparse dictionaries: if both v; and y;_; = Dy~ are sparse, then atoms in D must

indeed contain only a few non-zeros. We make this observation concrete in the following lemma.

Lemma 6.4.1. Dictionary Sparsity Condition
Consider the ML-CSC model My, described by the the dictionaries {DZ-}{“:1 and the layer-wise
lo,0o-sparsity levels A1, Mg, ..., AL. Given vy, @ |VL§ 00 < AL and constants ¢; = [%-‘ , the

signal x = DM~y € My if

A
IDiflo < T V1<i<L

11

The simple proof of this Lemma is included in Appendix 6.7.5. Notably, while this claim
does not tell us if a certain model is empty, it does guarantee that if the dictionaries satisfy a
given sparsity constraint, one can simply sample from the model by drawing the inner-most
representations such that ||y [|§ .. < Az. One question remains: how do we train such dictionaries

from real data?

6.4.3 Learning Formulation

One can understand from the previous discussion that there is no hope in solving the Py,
problem for real signals without also addressing the learning of dictionaries D; that would allow
for the respective representations. To this end, considering the scenario where one is given a

collection of K training signals, {y” }szl, we upgrade the Ppq, problem to a learning setting in
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the following way:

S k_ k(k 2 x* € M
min —x"(v;,D; s.t. . ’ 6.5
o3It = Dl st (6.5)

We have included the constraint of every dictionary atom, of every level, to have a unit norm to
prevent arbitrarily small coefficients in the representations 7?. This formulation, while complete,
is difficult to address directly. To begin with, the constraints on the representations ~; are
coupled, just as in the pursuit problem discussed in the previous section. In addition, the sparse
representations now also depend on the variables D;. In what follows, we provide a relaxation of

this cost function that will result in a simple learning algorithm.

The problem above can also be understood from the perspective of minimizing the number
of non-zeros in the representations at every layer, subject to an error threshold — a typical
reformulation of sparse coding problems. Our main observation arise from the fact that, since
71— is function of both Dy, and =, one can upper-bound the number of non-zeros in v;_; by

that of ~v;. More precisely,

0.00 < eLIDLlollY LG 00

H’YL—l

where cy, is a constant®. Therefore, instead of minimizing the number of non-zeros in v;_;, we
can address the minimization of its upper bound by minimizing both ||y, |5 o, and ||Dp|lo. This

argument can be extended to any layer, and we can generally write

L
villsee < ¢ TT IDjllolvzllf s
j=it1

In this way, minimizing the sparsity of any i*” representation can be done implicitly by minimizing
the sparsity of the last layer and the number of non-zeros in the dictionaries from layer (i + 1) to
L. Put differently, the sparsity of the intermediate convolutional dictionaries serve as proxies for
the sparsity of the respective representation vectors. Following this observation, we now recast
the problem in Equation (6.5) into the following Multi-Layer Convolutional Dictionary Learning
Problem:

ok 2N IVE 00 < AL
min ly" —DiDs...DrALll3+ Y GlDillo s.t. LDoo = (6.6)
{w’z},{Di}; ; o ]2 = 1,V 4, ]

Under this formulation, this problem seeks for sparse representations 'ylz for each example y*,
while forcing the intermediate convolutional dictionaries (from layer 2 to L) to be sparse. The
reconstructed signal, x = D;~y,, is not expected to be sparse, and so there is no reason to

enforce this property on D;. Note that there is now only one sparse coding process involved —

°From [PRE16], we have that ||y, (|5 .. < [[Dzllollv.[I§,c0- From here, and denoting by cr. the upper-bound
2nyp_1—1
nr,

on the number of patches in a stripe from ~; _; given by ¢z = [ —‘, we can obtain a bound to [|7v,_1][3,c0-
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that of 'ylz — while the intermediate representations are never computed explicitly. Recalling
the theoretical results from the previous section, this is in fact convenient as one only has to

estimate the representation for which the recovery bound is the tightest.

Following the theoretical guarantees presented in Section 6.3, one can alternatively replace
the fp ~ constraint on the deepest representation by a convex ¢; alternative. The resulting
formulation resembles the lasso formulation of the Pa, problem, for which we have presented
theoretical guarantees in Theorem 28. In addition, we replace the constraint on the ¢y of the
dictionary atoms by an appropriate penalty term, recasting the above problem into a simpler

(unconstrained) form:

K L L
min S llyF = DDy DAk I3+ IDillE + D GlDillo + AllvE - (6.7)
{'YL}v{Di} k=1 i=1 =2

The problem in Equation (6.7) is highly non-convex, due to the ¢y terms and the product of
the factors. In what follows, we present an online alternating minimization algorithm, based on
stochastic gradient descent, which seeks for the deepest representation «; and then progressively

updates the layer-wise convolutional dictionaries.

For each incoming sample y* (or potentially, a mini-batch), we will first seek for its deepest
representation 'y]’ij considering the dictionaries fixed. This is nothing but the P, problem in
(6.1), which was analyzed in detail in the previous sections, and its solution will be approximated
through iterative shrinkage algorithms. In particular, we employ an efficient implementation
of the FISTA algorithm [BT09b]. Also, one should keep in mind that while representing each
dictionary by D; is convenient in terms of notation, these matrices are never computed explicitly —
which would be prohibitive. Instead, these dictionaries (or their transpose) are applied effectively
through convolution operators, common in the deep learning community. In addition, these
operators are expected to be very efficient to apply due to their high sparsity, and one could
in principle benefit from specific libraries to boost performance in this case, such as the one
in [LWF*15].

Given the obtained 'y’z, we then seek to update the respective dictionaries. As it is posed —
with a global ¢y norm over each dictionary — this is nothing but a generalized pursuit as well.
Therefore, for each dictionary D;, we minimize the function in Problem (6.7) by applying T°
iterations of projected gradient descent. This is done by computing the gradient of the /5 terms
in Problem (6.7) (call it f(D;)) with respect to a each dictionary D; (i.e., Vf(D;)), making
a gradient step and then applying a hard-thresholding operation, #H,(-), depending on the
parameter ¢;. This is simply an instance of the Iterative Hard Thresholding algorithm [BDO0§]. In
addition, the computation of V f(D;) involves only multiplications the convolutional dictionaries
for the different layers. The overall algorithm is depicted in Algorithm 6.3, and we will expand

on further implementation details in the results section.

The parameters of the models involve the ¢ penalty of the deepest representation, i.e. A, and
the parameter for each dictionary, ;. The first parameter can be set manually or determined

so as to obtain a given given representation error. On the other hand, the dictionary-wise (;
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Algorithm 6.3 Multi-Layer Convolutional Dictionary Learning

Data: Training samples {yj}/_ |, initial convolutional dictionaries {D;}%

fork=1,...,K do
Draw yj at random

Sparse Coding: v, < argmin [[yx — DEylls + A v|1
¥

Update Dictonaries:
fori=L,...,1do
fort =1,...,T do
D" H, [Df — nV f(D))]
end
end
fort=1,...,7 do
| Di"! + D{ -9V /(D))
end

end

parameters are less intuitive to establish, and the question of how to set these values for a
given learning scenario remains a subject of current research. Nevertheless, we will show in the
experimental section that setting these manually results in effective constructions.

As a final comment, note this approach can also be employed to minimize Problem (6.6) by
introducing minor modifications: In the sparse coding stage, the Lasso is replaced by a {g
pursuit, which can be tackled with a greedy alternative as the OMP (as described in Theorem
29) or by an Iterative Hard Thresholding alternative [BD08]. In addition, one could consider
employing the £ norm as a surrogate for the £y penalty imposed on the dictionaries. In this case,
their update can still be performed by the same projected gradient descent approach, though
replacing the hard thresholding with its soft counterpart.

6.4.4 Connection to related works

Naturally, the proposed algorithm has tight connections to several recent dictionary learning
approaches. For instance, our learning formulation is closely related to the Chasing Butterflies
work [LMG15], and our resulting algorithm is very similar of the PALM method employed by
the authors, initially proposed in [BST14]. However, their approach is designed for general
(not convolutional) multi-level dictionaries, and the algorithm is particularly targeted to lower
semicontinuous functions. The inspiring work of in [CMTD15], on the other hand, proposed a
learning approach where the dictionary is expressed as a cascade of convolutional filters with
sparse kernels, and they effectively showed how this approach can be used to approximate
large-dimensional analytic atoms such as those from wavelets and curvelets. Finally, as our
proposed approach effectively learns a sparse dictionary, we share some similarities with the
double-sparsity work from [RZE10]. In particular, in its Trainlets version [SOZE16], the authors
proposed to learn a dictionary as a sparse combination of cropped wavelets atoms. From the

previous comment on the work from [CMTD15], this could also potentially be expressed as a
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product of sparse convolutional atoms.

What is the connection between this learning formulation and that of deep convolutional
networks? Recalling the analysis presented in [PRE16], the Forward Pass is nothing but a layered
non-negative thresholding algorithm, the simplest form of a pursuit for the ML-CSC model
with layer-wise deviations. Therefore, if the pursuit for 4 in our setting is solved with such an
algorithm, then the problem in (6.7) implements a convolutional neural network with only one
RELU operator at the last layer, with sparse-enforcing penalties on the filters. Moreover, due the
data-fidelity term in our formulation, the proposed optimization problem provides nothing but a
convolutional sparse autoencoder. As such, our work is related to the extensive literature in this
topic. For instance, in [Ngl1], sparsity is enforced in the hidden activation layer by employing a
penalty term proportional to the KL divergence between the hidden unit marginals and a target
sparsity probability. Other related works include the k-sparse autoencoders [MF13], where the
hidden layer is constrained to having exactly k non-zeros. In practice, this boils down to a simple
k—hard thresholding step of the hidden activation, and the neuron weights are updated with
gradient descent. In this respect, our work can be thought of a generalization of this work, where
the pursuit algorithm is more sophisticated than a simple thresholding operation, and where
the filters are composed by a cascade of sparse convolutional filters. More recently, the work
in [MF15] proposed the winner-take-all autoencoders. In a nutshell, these are non-symmetric
autoencoders having a few convolutional layers (with ReLu non-linearities) as the encoder, and
a simple linear decoder. Sparsity is enforced in what the authors refer to as “spatial” and a
“lifetime” sparsity.

Finally, and due to the fact that our formulation effectively provides a convolutional network
with sparse kernels, our approach is reminiscent of works attempting to sparsify the filters in
deep learning models. For instance, the work in [LWFT15] showed that the weights of learned
deep convolutional networks can be sparsified without considerable degradation of classification
accuracy. Nevertheless, one should perpend the fact that these works are motivated merely by
cheaper and faster implementations, whereas our model is intrinsically built by theoretically
justified sparse kernels. We do not attempt to compare our approach to such sparsifying methods

at this stage, and we defer this to future work.

6.5 Experiments

We now provide experimental results to demonstrate several aspects of the ML-CSC model. As
a case-study, we consider the MNIST dataset [LBBH98]. We define our model as consisting of 3
convolutional layers: the first one contains 32 local filters of size 7 x 7 (with a stride of 2), the
second one consists of 128 filters of dimensions 5 x 5 x 32 (with a stride of 1), and the last one
contains 1024 filters of dimensions 7 x 7 x 128. At the third layer, the effective size of the atoms
is 28 — representing an entire digit.

Training is performed with Algorithm 6.3, using a mini-batch of 100 samples per iteration.
For the Sparse Coding stage, we leverage an efficient implementation of the FISTA [BT09b]

algorithm, and we adjust the penalty parameter A to obtain roughly 15 non-zeros in the deepest
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Figure 6.3: Evolution of the Loss function, sparsity of the convolutional dictionaries and average
residual norm during training on the MNIST dataset.

representation v3. The (; parameters, the penalty parameters for the dictionaries sparsity levels,
are set manually for simplicity. In addition, and as it is commonly done in various Gradient
Descent methods, we employ a momentum term for the update of the dictionaries D; within the
projected gradient descent step in Algorithm 6.3, and set its memory parameter to 0.9. The
step size is set to 1, the update dictionary iterations is set as T'=1, ¢« = 0.001, and we run the
algorithm for 20 epochs, which takes approximately 30 minutes. Our implementation uses the
Matconvnet library, which leverages efficient functions for GPUS.

We depict the evolution of the Loss function during training in Figure 6.3, as well as the
sparsity of the second and third dictionaries and the average residual norm. The resulting
model is depicted in Figure 6.4. One can see how the first layer is composed of very simple
small-dimensional edges or blobs. The second dictionary, Ds, is effectively 99% sparse, and its
non-zeros combine a few atoms from D; in order to create slightly more complex edges, as the
ones in the effective dictionary D). Lastly, D3 is 99.8% sparse, and it combines atoms from
D® in order to provide atoms that resemble different kinds (or parts) of digits. These final
global atoms are nothing but a linear combination of local small edges by means of convolutional
sparse kernels.

Interestingly, we have observed that the mutual coherence of the effective dictionaries do not
necessarily increase with the layers, and they often decrease with the depth. While this measure
relates to worst-case analysis conditions and do not mean much in the context of practical
performance, one can see that the effective dictionary indeed becomes less correlated as the depth
increases. This is intuitive, as very simple edges — and at every location — are expected to show
large inner products, larger than the correlation of two more complex number-like structures.
This effect can be partially explained by the dictionary redundancy: having 32 local filters in
D; (even while using a stride of 2) implies a 8-fold redundancy in the effective dictionary at

this level. This redundancy decreases with the depth (at this least for the current construction),

SAll experiments are run on a 16 i7 cores Windows station with a NVIDIA GTX 1080 Ti.
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Figure 6.4: ML-CSC model trained on the MNIST dataset. a) The local filters of the dictionary
D;. b) The local filters of the effective dictionary D® = D,D,. ¢) Some of the 1024 local
atoms of the effective dictionary D®) which, because of the dimensions of the filters and the
strides, are global atoms of size 28 x 28.

and at the third layer one has merely 1024 atoms (redundancy of about 1.3, since the signal
dimension is 282).

We can also find the multi-layer representation for real images — essentially solving the
projection problem Ppq,. In Figure 6.5, we depict the multi-layer features ~,, ¢ = 1,2,3,
obtained with the Algorithm 6.1, that approximate an image y (not included in the training
set). Note that all the representations are notably sparse thanks to the very high sparsity of the
dictionaries Dy and D3. These decompositions (any of them) provide a sparse decomposition of
the number 3 at different scales, resulting in an approximation x. Naturally, the quality of the

approximation can be improved by increasing the cardinality of the representations.

6.5.1 Sparse Recovery

The first experiment we explore is that of recovering sparse vectors from corrupted measurements,
in which we will compare the presented ML-CSC Pursuit with the Layered approach from [PRE16].
For the sake of completion and understanding, we will first carry this experiment in a synthetic
setting and then on projected real digits, leveraging the dictionaries obtained in the beginning
of this section.

We begin by constructing a 3 layers “non-convolutional” 7 model for signals of length 200,
with the dictionaries having 250, 300, and 350 atoms, respectively. The first dictionary is
constructed as a random matrix, whereas the remaining ones are composed of sparse atoms with
random supports and a sparsity of 99%. Finally, 500 representations are sampled by drawing
sparse vectors vy, with a target sample sparsity k and normally distributed coefficients. We

generate the signals as x = D®~,, and then corrupt them with Gaussian noise (o = 0.02)

"The non-convolutional case is still a ML-CSC model, in which the signal dimension is the same as the length
of the atoms n, and with a stride of the same magnitude n. We choose this setting for the synthetic experiment
to somewhat favor the results of the layered pursuit approach.
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Figure 6.5: Decompositions of an image from MNIST in terms of its nested sparse features =,
and multi-layer convolutional dictionaries D;.

obtaining the measurements y = x(;) + v.

In order to evaluate our projection approach, we run Algorithm 6.1 employing the Subspace
Pursuit algorithm [DMO09] for the sparse coding step, with the oracle target cardinality k. Recall
that once the deepest representations 4; have been obtained, the inner ones are simply computed
as 4,1 = D;%;. In the layered approach from [PRE16], on the other hand, the pursuit of
the representations progresses sequentially: first running a pursuit for 4, then employing this
estimate to run another pursuit for 45, etc. In the same spirit, we employ Subspace Pursuit layer
by layer, employing the oracle cardinality of the representation at each stage. The results are
presented in Figure 6.6: at the top we depict the relative £o error of the recovered representations
(I1%v; = vill2/1l7vill2) and, at the bottom, the normalized intersection of the supports [Elal0], both
as a function of the sample cardinality k£ and the layer depth.

The projection algorithm manages to retrieve the representations 4, more accurately than
the layered pursuit, as evidenced by the ¢s error and the support recovery. The main reason
behind the difficulty of the layer-by-layer approach is that the entire process relies on the
correct recovery of the first layer representations, ;. If these are not properly estimated (as
evidenced by the bottom-left graph), there is little hope for the recovery of the deeper ones. In
addition, these representations «y; are the least sparse ones, and so they are expected to be the
most challenging ones to recover. The projection alternative, on the other hand, relies on the

estimation of the deepest 4, which are very sparse. Once these are estimated, the remaining

157



Layer-Wise Representation Error Projection Representation Error

N
N

4 4

(o))
(o2

Sample Sparsity
Sample Sparsity

o]
(o]

=
o

=
o

0 1 2 3
Layer

0 1 2 3
Layer

Projection Support Error

Layer-Wise Support Error

s 2 s
: e =
n N
< h
= ° 3
3 3
n @0

8

10

0 1 2 3 0 05 1 15 2 25 3
Layer Layer

Figure 6.6: Recovery of representations from noisy synthetic signals. Top: normalized ¢ error
between the estimated and the true representations. Bottom: normalized intersection between
the estimated and the true support of the representations.
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the estimated and the true support of the representations.
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ones are simply computed by propagating them to the shallower layers. Following our analysis
in the Section 6.3.3, if the support of 4 is estimated correctly, so will be the support of the
remaining representations ;.

We now turn to deploy the 3 layer convolutional dictionaries for real digits obtained previously.
To this end we take 500 digits from the MNIST dataset and project them on the trained model,
essentially running Algorithm 6.1 and obtaining the representations -y,. We then create the noisy
measurements as ' y = D(i)'yi + v, where v is Gaussian noise with o = 0.02, providing nothing
but noisy digits. We then repeat both pursuit approaches seeking to estimate the underlying
representations, obtaining the results reported in Figure 6.7.

Clearly, this represents a significantly more challenging scenario for the layered approach,
which recovers only a small fraction of the correct support of the sparse vectors. The projection
algorithm, on the other hand, provides accurate estimations with negligible mistakes in the
estimated supports, and very low 5 error. Note that the £5 error has little significance for the
Layered approach, as this algorithm does not manage to find the true supports. The reason for
the significant deterioration in the performance of the Layered algorithm is that this method
actually finds alternative representations 4, of the same sparsity, providing a lower fidelity
term than the projection counterpart for the first layer. However, these estimates 4; do not

necessarily provide a signal in the model, which causes further errors when estimating 5.

6.5.2 Sparse Approximation

A straight forward application for unsupervised learned model is that of approximation: how
well can one approximate or reconstruct a signal given only a few k non-zero values from some
representation? In this subsection, we study the performance of the ML-CSC model for this task
while comparing with related methods, and we present the results in Figure 6.8. The model is
trained on 60K training examples, and the M-term approximation is measured on the remaining
10K testing samples. All of the models are designed with 1K hidden units (or atoms).

Given the close connection of the ML-CSC model to sparse auto-encoders, we present the
results obtained by approximating the signals with sparse autoencoders [Ngll1] and k-sparse
autoencoders [MF13]. In particular, the work in [Ngl1] trains sparse auto-encoders by penalizing
the KL divergence between the activation distribution of the hidden neurons and that of a
binomial distribution with a certain target activation rate. As such, the resulting activations are
never truly sparse. For this reason, since the M-term approximation is computed by picking
the highest entries in the hidden neurons and setting the remaining ones to zero, this method
exhibits a considerable representation error.

K-sparse auto-encoders perform significantly better, though they are sensitive to the number
of non-zeros used during training. Indeed, if the model is trained with 25 non-zeros per
sample, the model performs well for a similar range of cardinalities. Despite this sensitivity
on training, their performance is remarkable considering the simplicity of the pursuit involved:
the reconstruction is done by computing x = W+, + b’, where 4, is a k-sparse activation (or
feature) obtained by hard thresholding as 4, = Hy, [WTy + b], and where b and b’ are biases
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Figure 6.8: M-term approximation as a function of non-zero coefficients (NNZ) for MNIST
digits, comparing sparse autoencoders [Ngl1], k-sparse autoencoders [MF13], trainlets
(OSDL) [SOZE16], and the proposed ML-CSC for models with different filter sparsity levels.

The relative number of parameters is depicted in NavyBlue.

vectors. Note that while a convolutional multi-layer version of this family of autoencoders was
proposed in [MF15], these constructions are trained in stacked manner — i.e., training the first
layer independently, then training the second one to represent the features of the first layer while
introducing pooling operations, and so forth. In this manner, each layer is trained to represent
the (pooled) features from the previous layer, but the entire architecture cannot be trivially

employed for comparison in this problem.

Regarding the ML-CSC, we trained 6 different models by enforcing 6 different levels of
sparsity in the convolutional filters (i.e., different values of the parameters ¢; in Algorithm 6.3),
with a fixed target sparsity of kK = 10 non-zeros. The sparse coding of the inner-most 45 was
done with the Iterative Hard Thresholding algorithm, in order to guarantee an exact number
of non-zeros. The numbers pointing at the different models indicate the relative amount of
parameters in the model, where 1 corresponds to 282 x 1K parameters required in a standard
autoencoder (this is also the number of parameters in the sparse-autoencoders and k-sparse
autoencoders, without counting the biases). As one can see, the larger the number of parameters,
the lower the representation error the model is able to provide. In particular, the ML-CSC
yields slightly better representation error than that of k-sparse autoencoders, for a wide range
of non-zero values (without the need to train different models for each one) and with 1 and 2

orders of magnitude less parameters.

Since the training of the ML-CSC model can also be understood as a dictionary learning

algorithm, we compare here with the state-of-the-art method of [SOZE16]. For this case, we
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Method Classification Error
Stacked Denoising Autoencoder (3 layers) [VLL10] 1.28%
k-Sparse Autoencoder (1K units) [MF13] 1.35%
Shallow WTA Autoencoder (2K units) [MF15] 1.20%
Stacked WTA Autoencoder (2K units) [MF15] 1.11%
ML-CSC (1K units) - 2nd Layer Rep. 1.30%
ML-CSC (2K units) - 2nd&3rd Layer Rep. 1.15%

Table 6.1: Unsupervised classification results on MNIST.

trained 1K trainlet atoms with the OSDL algorithm. Note that this comparison is interesting,
as OSDL also provides sparse atoms with reduced number of parameters. For the sake of
comparison, we employed an atom-sparsity that results in 13% of parameters relative to the
total model size (just as one of the trained ML-CSC models), and the sparse coding was done
also with the IHT algorithm. Notably, the performance of this relatively sophisticated dictionary
learning method, which leverages the representation power of a cropped wavelets base dictionary,

is only slightly superior to the proposed ML-CSC.

6.5.3 Unsupervised Classification

Unsupervised trained models are usually employed as feature extractors, and a popular way to
assess the quality of such features is to train a linear classifier on them for a certain classification
task. To this end, we train a model with 3 layers, each containing: 16 (5x5) atoms, 64 (5x 5 x 16)
atoms and 1024 atoms of dimension 5 x 5 x 64 (stride of 2) on 60K training samples from MNIST.
Just as for the previous model, the global sparse coding is performed with FISTA and a target
(average) sparsity of 25 non-zeros. Once trained, we compute the representations 4; with an
elastic net formulation and non-negativity constraints, before fitting a simple linear classifier on
the obtained features. Employing an elastic-net formulation (by including an ¢5 regularization
parameter, in addition to the /1 norm) results in slightly denser representations, with improved
classification performance. Similarly, the non-negativity constraint significantly facilitates the
classification by linear classifiers. We compare our results with similar methods under the same
experimental setup, and we depict the results in Table 6.1, reporting the classification error on
the 10K testing samples.

Recall that within the ML-CSC model, all features «; have a very clear meaning: they provide
a sparse representation at a different layer. We can leverage this multi-layer decomposition in a
very natural way within this unsupervised classification framework. We detail the classification
performance achieved by our model in two different scenarios: on the first one we employ the
1K-dimensional features corresponding to the second layer of the ML-CSC model, obtaining
better performance than the equivalent k-sparse autoencoder. In the second case, we add to the
previous features the 1K-dimensional features from the third layer, resulting in a classification
error of 1.15%, comparable to the Stacked Winner Take All (WTA) autoencoder (with the same

number of neurons).

161



Lastly, it is worth mentioning that a stacked version of convolutional WTA autoencoder
[MF15] achieve a classification error of 0.48, which provide significantly better results. However,
note that this model is trained with a 2-stage process (training the layers separately) involving
significant pooling operations between the features at different layers. More importantly, the
features computed by this model are 51,200-dimensional (more than an order of magnitude
larger than in the other models) and thus cannot be directly compared to the results reporter
by our method. In principle, similar stacked-constructions that employ pooling could be built

for our model as well, and this remains as part of ongoing work.

6.6 Chapter Conclusion

We have carefully revisited the ML-CSC model and explored the problem of projecting a signal
onto it. In doing so, we have provided new theoretical bounds for the solution of this problem as
well as stability results for practical algorithms, both greedy and convex. The search for signals
within the model led us to propose a simple, yet effective, learning formulation adapting the
dictionaries across the different layers to represent natural images. In particular, we employed the
dictionary sparsity as a proxi for the sparsity of the inner representations, which effectively yields
a model consisting of cascade of sparse convolutional filters. We demonstrated the proposed
approach by learning the model on the MNIST dataset, and studied several practical applications.
The experimental results show that the ML-CSC can indeed provide significant expressiveness
with a very small number of model parameters.

Several question remain open: how should the model be modified to incorporate pooling
operations between the layers? what consequences, both theoretical and practical, would this
have? How should one recast the learning problem in order to address supervised and semi-
supervised learning scenarios? Lastly, we envisage that the analysis provided in this work
will empower the development of better practical and theoretical tools not only for structured

dictionary learning approaches, but to the field of deep learning and machine learning in general.
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6.7 Chapter Appendix

6.7.1 Properties of the ML-CSC model

Lemma 6.2.1: Given the ML-CSC model described by the set of convolutional dictionaries
{Di}iLzl, with filters of spatial dimensions n; and channels m;, any dictionary D) = D1Ds ... D;

is a convolutional dictionary with m; local atoms of dimension n¢ = Z;:1 nj — (i —1). In other

words, the ML-CSC model is a structured global convolutional model.

Proof. A convolutional dictionary is formally defined as the concatenation of banded circulant
matrices. Consider Dy = [Cgl), Cgl), ceey C%ﬂ, where each circulant G € RNV, Likewise,

i

i

one can express Dy = [CgQ), CgZ), e ng], where C? ¢ RNmixN, Then,
D® — DD, = [ch?),Dng?), N .,chgg] .

Fach term D1C§2) is the product of a concatenation of banded circulant matrices and a banded
()
i

D;) each of these products is in itself a banded circulant matrix. This is illustrated in Figure

6.9, where it becomes clear that the first atom in 052) (of length ngmq) linearly combines atoms

circulant matrix. Because the atoms in each C;” have a stride of m; (the number of filters in

from the first ny blocks of my filters in Dy (in this case ns = 2). These block are simply the
unique set of filters shifted at every position. The second column in ng) will do the same for

the next set no blocks, starting from the second one, etc.

From the above discussion, Dy C§2) results in a banded circulant matrix of dimension N x N.
In particular, the band of this matrix is given by the dimension of the filters in the first

dictionary (np) plus the number of blocks combined by 052) minus one. In other words, the

effective dimension of the filters in Dy C?) is given by ngﬁ =ng9+ny — 1.

The effective dictionary D® = DD, is simply a concatenation of mgy such banded circulant
matrices. In other words, D is a convolutional dictionary with filters of dimension n$T. The
same analysis can be done for the effective dictionary at every layer, D) resulting in an effective
dimension of nf = n; + n¢, — 1, and so n§t = Zle n; — (L —1).

Finally, note that D@ has Nm; columns, and thus there will be m; local filters in the

effective CSC model. OJ

6.7.2 Another stability result for the P,,, problem

Theorem 30. (Stability of the solution to the Ppy, problem):
Suppose x(;) € My is observed through y = x + v, where v is a bounded noise vector,

vz < &, and 8 [¥illg.00 = Ai < : (1 + ﬁ), for 1 <14 < L. Consider the set {4} to be

8The assumption that ||7v,]|§..c = Ai can be relaxed to ||V, |[§..o < Ai, with slight modifications of the result.
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Figure 6.9: Illustration of a convolutional dictionary D; multiplied by one of the circulat
matrices from Do, in this case ng .

the solution of the Py, problem. If [[y[|§ o < : (1 + #) then

u(DE))
2 483 L
lvi —Aill2 < . Lt @[ — Du(D;)] .
‘ B 1 _ (QnyLHOm — u(DD) jIZH4>1 [ 2,15, Ju( ])]

Proof. Given that the original signal x satisfies ||y —x||2 < &, the solution to the Ppy, problem,
X must satisfy

ly = xll2 < [ly = x]l2 < &,

as this is the signal which provides a lowest {5 (data-fidelity) term. In addition, |4, [|§ - =

A< 3(1+ - (Dl( o )). Therefore, from the same arguments presented in [PSE17b], it follows that

4 2
lvs — A2l < o
1= 2lvellf,eo — 1)p(DE)

_ e
Because the solution x({%;}) € M, then 4;_; = D1%. Therefore

lvo-1—Ar1ll3 = IDLlyr — A3 < (L+62)[|vz — 423,

where gy is the S-RIP of Dy, with constant 2k = 2[|v,[[§ ... This follows from the triangle
inequality of the {y . norm and the fact that, because 4, is a solution to the Ppq, problem,
172ll6.00 < AL = 7Ll[5.00- The S-RIP can in turn be bounded with the mutual coherence
[PSE17Db] as 6 < (k — 1)u(Dy), from which one obtains

o1 = o1l < €F 1+ 2vLlE e — Di(DL)).
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From similar arguments, extending this to an arbitrary i** layer,

L
lvi =%il3 < €2 [T 1+ @Il 00 — V(D))
J=i+1

For the sake of simplicity, one can relax the above bounds further obtaining that, subject to

the assumptions in Theorem 30,
lvi =4ill3 < €7 2070,

This follows simply by employing the fact that [|v,[|§ ., < i (1 + ﬁ)

6.7.3 Local stability of the S-RIP

Lemma 6.3.1: Local one-sided near isometry:

If D is a convolutional dictionary satisfying the Stripe-RIP condition with constant g, then
2, 2,
D55 < (1+ k) [712)%

Proof. Consider the patch-extraction operator P; from the signal x = D~, and S; the operator
that extracts the corresponding stripe from -« such that P;x = QS;~, where 2 is a local stripe
dictionary [PSE17b]. Denote the i** stripe by s; = S;~. Furthermore, denote by S; the operator
that extracts the support of s; from . Clearly, x = DSTS;y. Note that |P;||2 = ||Si||2 = 1.
Then,
IDY|5,00 = m?XHPz’DSiTSi’Y!b
< max]||P;[|> [DS;S;v]2
< max|[DS] [l2[|Siv]l2

< max|[DS7 |, m;LXIISnIIz-

Note that

mjileHSj’Y!b = m]aXHSj’YHz = [17113,005

as the non-zero entries in Sj‘y and S;7v are the same. On the other hand, denoting by Apaz(-)
the maximal eigenvalue of the matrix in its argument, HDSZTHQ = \/)\maw (SiDTDSZT), and if
T = Supp(7),

Amaz (SZDTDS'LT) < AMmaz (D%—“DT) ’ (68)

because? S;D”DS! is a principal sub-matrix of DXD7. Thus, also |[DS] |2 < || D7]f2.

9The inequality in (6.8) can be shown by considering the equivalent expression Amax (SZ'D7T—D7—S,L-T)7 where the

matrix D;DT is real and symmetric, and the matrix S; is semi-orthogonal; i.e. 8;ST = I. Thus, from Poincaré
Separation Theorem, A in (D%F—DT) <A (SiD%F—DTSEF) < Mnaz (D%F—DT).

165



The Stripe-RIP condition, as in Equation (6.3), provides a bound on the square of the
singular values of D7. Indeed, D75 < (1 4 d¢), for every T : || T[§ o, = k. Including these in

the above one obtains the desired claim:

D500 < m?XHDSzTHQ mjaXHSj’YHz < V1 5]V 00

6.7.4 Recovery guarantees for pursuit algorithms
Convex relaxation case

Theorem 28. Stable recovery of the Multi-Layer Pursuit Algorithm in the convex relaxation
case:
Suppose a signal x(v;) € My is contaminated with locally-bounded noise v, resulting in

y=X+V, ||v||1§’Oo < €p. Assume that all representations -; satisfy the N.V.S. property for
the respective dictionaries D;, and that [|v;[|§ .o = Ai < %(1 + ﬁ), for 1 <7 < L and

[YLll5,00 = AL < 3 (1 + u(Dl(L)))’ Consider solving the Pursuit stage in Algorithm 6.1 as

¥ = argminfly + D13 + Cellvll,
for (1, = 4e€p, and set 4,_; = D;%,, ¢ = L,...,1. Then, for every 1 <i < L layer,

1. Supp(¥;) € Supp(y;),

/3¢
H‘Yz 72”200 > €L H ]

Jj=1+1
where e, = 5 €01/[7;l0 0 is the error at the last layer, and ¢; is a coefficient that depends on
the ratio between the local dimensions of the layers, ¢; = [%W .

Proof. Denote A; =4, — ;. From [PSE17b] (Theorem 19), the solution 4 will satisfy:
L. S(¥r) € S(vz); and
2. ALl € % €0. O

As shown in [PRE16], given the o, bound of the representation error, we can bound its £

norm as well, obtaining

IALI 00 < TALlco\/IIALIG 0 < 5 €0/ 1716 o0 (6.9)

because, since S(3,) € S(7.), |ALIF oo < [VLlI5 00 Define ez = 3 €oy/ 726 -
Recall that the N.V.S. property states that the entries in « will no cause the support of
the atoms in D cancel each other; i.e., |Dv|lo = [|[D7||% (Definition 27). In other words, this
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provides a bound on the cardinality of the vector resulting from the multiplication of D with

any sparse vector with support 7. Concretely, if v satisfies the N.V.S., then ||D~/|lo > [|D¥||o-

Consider now the estimate at the L — 1 layer, obtained as 4;_; = Dr%;. Because 7
satisfies the N.V.S. property, and S(%;) C S(vr), then ||r_1llo < |7vr—1llo, and more so

S(¥r-1) €S(vp-1)-
On the other hand, recalling Lemma 6.7.3 and denoting by d), the Stripe-RIP constant of

the Dy, dictionary, and because |AL|l§ « < 175500 < AL,

27 . 27
IAL-1l5% = IDLALIEE, < (1463, ALl5S

2,00 =

Notice that by employing the above Lemma, we have bounded the patch-wise {3 o, norm of

Ay_ in terms of the stripe-wise /3 o, of Ar. Recalling the derivation from [PRE16] (Section
27’12'_1—1
n; .

7.1), at each " layer, a stripe includes up to (2n;_1 — 1)/n; patches. Define ¢; = {
From this, one can bound the square of the ¢ norm of a stripe with the norm of the maximal
patch within it - this is true for every stripe, and in particular for the stripe with the maximal

norm. This implies that HALH;‘; < CLHALHgﬁo Then,

2

1AL 155 < (14 0| ALIS < (1+0,)

Employing the result in Eq. (6.9),
1AL [55 < (L4 0k)erl|ALl5E, < (1+6;) er €
We can further bound the Stripe-RIP constant by d; < (k — 1)p(D) [PSE17b], obtaining
1AL 5% < (1 + (lvelif e — Di(Dr)) € cr.

Iterating this analysis for the remaining layers yields

14 =il < €t H ¢; (1+ (176,00 = V(D).
Jj=1+1

This general result can be relaxed for the sake of simplicity. Indeed, considering that
[[7ill5,00 < (1 + b )) for 1 <i<1L,

L+ (116,00 = Du(Dj) < 3/2,

19: = Yillb oo < €L H \/

Jj=t+1

and so
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Greedy case

Theorem 29. Stable recovery of the Multi-Layer Pursuit Algorithm in the greedy case:
Suppose a signal x(,) € My is contaminated with energy-bounded noise v, such that y = x+v,
|y —x|l2 < &, and €y = [|v[|5 .- Assume that all representations v, satisfy the N.V.S. property
for the respective dictionaries Dy, with [|7;([§ . = Ai < 3 (1 + #>, for 1 <i¢ <L, and

w(Dy)

1 1 1 €0
e < =11 — . - 6.10
ultee < 5 (1+ 205 ~ 5oy (6:10)

where *yznm is the minimal entry in the support of ;. Consider approximating the solution to
the Pursuit step in Algorithm 6.1 by running Orthogonal Matching Pursuit for || ||o iterations.
Then

1. Supp(¥;) C Supp(v;),

o 2 &2 3\ L—1
2. |1 —ills < 1—M(D(L>)(\T7LH8,°O—1) (5) :

Proof. Given that ~; satisfies Equation (6.10), from [PSE17b] (Theorem 17) one obtains that

&
DE) ([l

192 =Ll <
27—

8,00 - 1)

Moreover, if the OMP algorithm is run for |7 ||o iterations, then all the non-zero entries are
recovered, i.e., Supp(¥) = Supp(v). Therefore, ¥, — VL5 00 < I7LlE00 = AL-

Now, let 4;_; = Dr9;. Regarding the support of 4;_;, because «;, satisfies the N.V.S.
property, ||[¥r_1llo < l7vr_1llo. More so, all entries in 4;_; will correspond to non-zero entries

in v7_;. In other words,

Supp(y_1) € Supp(vr_1)-

Consider now the error at the L — 1 layer, ||v;_; —4._1/|3. Since ||v,_; — Yi-1ll5.00 <

172-15,00» We can bound this error in terms of the Stripe RIP:

i1 =A-1l3 = IDrlyr = o)l3 < (140, ) v — ALl
We can further bound the SRIP constant as d; < (k — 1)u(D), from which one obtains

&
pDE)(vLlf 00 — 1)

o1 =73 < - (1 + (v lg,00 = Di(DL))-

From similar arguments, one obtains analogous claims for any " layer; i.e.,

L

52
19; = :ll3 < T (L + ([l74115,00 = D)D)
2T 1= @O (vl e — 1) j:llll 770 ’

This bound can be further relaxed for the sake of simplicity. Because [|v,[[§ « < % (1 + #(]13,) ) )
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for 1 <i < L, then (1 + ([[v,[I§00 — V(D)) < 3/2, and so

£2 3\
14— will3 < 0o () |
2T 1 M(D(L))(H’)’LHO,OO —1)\2

6.7.5 Sparse Dictionaries

Lemma 6.4.1: Dictionary Sparsity Condition
Consider the ML-CSC model M described by the the dictionaries {D1}%; and the layer-wise
lo,co-sparsity levels A, Aa, ..., Ar. Given vy : [[vL[|§ o < AL and constants ¢; = {%W, the

signal x = DWW~ € My if
Ai— :
IDiflo < 5%, V1<i<L.
N

11

Proof. This lemma can be proven simply by considering that the patch-wise £y o, of the repre-
sentation ;,_y can be bounded by v, 1/ < IDellol 72l - Thus, if Dyl < Az—1/Ar

and ||y [I5.00 < Az, then ||y, _4][f oo < Az—1. Recalling the argument in [PRE16] (Section

7.1), a stripe from the " layer includes up to ¢; = [(2n;_1 — 1)/n;] patches. Therefore,
1711500 < cLllvr-11l6 00> and so vy will satisfy its corresponding sparsity constraint if
IDLllo < Ar—1/(crAL). Iterating this argument for the remaining layers proves the above lemma.
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Chapter 7

Conclusion

In the Introduction, right after commenting on the limitations of local-based sparse modeling
approaches, we stated three questions that were to guide the development of this work. Let us

now review where each of these points has taken us:

1. How can one solve, or at least alleviate, the artifacts that result from employing a local

sparse paradigm when restoring global images?

A central aspect of local sparse processing (any many other local restorations methods)
is that each local patch is estimated while disregarding its global context. Based on
this observation, we proposed a multi-scale approach that provides local estimates but of
different effective sizes, allowing to consider progressively more global information and
resulting in a remarkable improvement in visual quality. We further explored the concept
of the Expected Patch Log Likelihood, which states that the prior (or model) should be
enforced on patches from the reconstructed image, and not just on the intermediate ones.
Recognizing that this decreases the lack of agreement between overlapping patches, we
borrowed this idea and formulated it in terms of a sparse enforcing prior, resulting in
an improved restoration algorithm. We further explored global regularization techniques
by leveraging the Laplacian obtained from a popular denoising operator. In this case
as well, we corroborated that this global force improves the performance of patch-based

approaches.

2. How can one deploy sparse-enforcing ideas to treat global signals or images?

As an alternative to solving the issues of patch-based approaches, we explored the path of
learning global sparse models for natural images. For this to feasible, one needs the model
to be computationally efficient to apply. In addition, adding constraints to the model allows
to lessen the curse of dimensionality and facilitates learning. This led us to employ the
double sparsity model, not without first boosting its representation power by proposing a
new cropped wavelets dictionary that avoids edge effects. By suggesting an online learning
algorithm, we demonstrated that (i) performance can be gained by employing larger

patches given a suitable model and learning algorithm, (ii) the proposed approach scales
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and performs better than competing methods when addressing the dictionary learning
problem in higher dimensions, and (iii) when focusing on a particular class of images, our

approach can provide solutions to problems that local approaches simply can not address.

3. What is the global model imposed on signals while working under a local-sparsity frame-

work?

This question led us to the field of Convolutional Sparse Coding, enforcing a global structure
while assuring a local and shift-invariant sparse model — only to find that traditional results
in sparse representation theory are simply not applicable to this case! We thus proposed
a novel theoretical analysis based on a local sparsity measure, enabling us to provide
guarantees for the pursuit problems in the convolutional setting as well as claims for
practical (and popular) algorithms that approximate the solution to these problems. This
local treatment of global pursuits was not only fruitful in terms of theoretical results,
but it also enabled us to propose sparse coding and learning algorithms leveraging local

convolutional entities — slices — yielding better and faster methods.

After having explored these questions, and motivated by the acute connection between deep
learning and CSC, we undertook the study of the Multi-Layer Convolutional Sparse Coding
model. Interestingly, this last work contains ingredients from all the points above: it provides
local estimates that contribute coherently to increasingly larger structures, at different scales, in
a convolutional manner and resulting in a global but constrained sparse model. The proposed
projection approached allowed us to undertake the pursuit of signals in the model, and to
introduce the first known method to train the ML-CSC model from real data.

7.1 Open Questions

All the above works, while providing solutions to the initial issues that motivated them, also
raised further questions and working directions that remain unexplored. Before concluding, we
comment on some of these points.

From the results presented in Chapter 3, one can understand that different content in natural
images should receive a different restoration treatment. This can be clearly seen by considering
the denoising problem with patches of increasing sizes: while large and smooth regions (like
lakes and sky areas) are finely recovered by employing large patches (either with Trainlets or the
Fused K-SVD algorithm), this approach generally comes with a decrease in the capabilities of
representing fine details or texture. From this observation it naturally follows one could benefit
from employing, for example, different patch sizes in different image regions. We now have a
better undertanding of how one should treat larger patches in natural images, so how could one
device an algorithm that optimally combines different sized patches and adaptively employs
certain scales that allow for the best restoration for each region? Such a algorithm, not only
for image denoising for any restoration task, would clearly push the performance of current

approaches.
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The work presented in Chapter 4 showed that dictionary learning can be employed to higher
dimensional signals. In particular, this approach is mostly useful when addressing signals
belonging to the same class — as demonstrated for the problem of face image inpainting. There
are many other problems in image and signal processing that could benefit from a global model
even for a reduced type of images. Image compression is one such application, and compression
of face images bears special importance due to the plethora of visual comunication tools in social
media. It would be interesting and promising to consider algorithms that would leverage these
global models to suggest novel and better compression algorithms.

All the analysis that we presented in Chapter 5 (and 6, for that matter) is based on worst-case
assumptions, and it is therefore pesimistic in the imposed conditions. Extending this analysis
to a probabilistic setting, in which one could guarantee recovery of sparse vectors with high
probability under more permissive conditions would be interesting and (most importantly) useful
from a practical point of view. Moreover, noting that the CSC framework addressed specially
the pursuit of global images, one can foresee extending the theory of Compressed Sensing to
the convolutional setting based on the same local analysis presenting in our work. This path is
likely to extend known bounds and improve the performance of current sensing systems, and the
applications that come with them.

The last chapter, which studies the ML-CSC model, is perhaps the one that represents the
most interesting working directions. Deep CNNs where shown to be tightly connected to sparse
representations, essentially performing a pursuit for the sparse features maps at every forward
pass iteration. However, what is the truly underlying connection between sparsity and general
machine learning? While we have leveraged the importance of sparse representations in learning
generative synthesis models, to what extent do other problems, such as classification, depend
on sparsity? In fact, recalling the last experiment for the ML-CSC model for unsupervised
classification, the computed features were not very sparse. How do current models and theories
explain this phenomenon?

The DCPf problem formulation is the most general way to pose the pursuit of the multi-layer
representations. By restricting ourselves to the projection formulation, we have made the study
of the ML-CSC model simpler and better posed, though departing from the algorithms and
models related to deep learning. For instance, one of the arguably most important properties of
modern deep networks is their invariance to different sources of nuisance in the input data. The
ML-CSC is a formal synthesis model, which is all but invariant: it is covariant! While this is a
desirable property in some applications (like detection), it might be detrimental in others (like
classification). How could we generalize the ML-CSC model to incorporate, in a principled way,
invariance to shift, deformation, or even color? This would compel the study of radically new,
and likely more flexible, generative models, which will certainly expand the practical capabilities

of sparse modeling methods in signal and image processing.
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