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Foreword

It is with great pleasure that we welcome you to the beautiful city of Edinburgh, the historical home of sampling theoryﬂ
for the 4th Workshop on Signal Processing with Adaptive Sparse Structured Representations: SPARS ’11.

Sparse models have already been applied with outstanding success in signal and image processing as well as in machine
learning. In machine learning they provide a powerful method for model order selection within regression and classifica-
tion problems (e.g. Lasso). While in signal processing they have led to many algorithms for de-noising, compression (e.g.
jpeg2000), de-blurring and more.

In particular, these techniques are at the core of compressed sensing, an emerging approach which proposes a radically
new viewpoint on signal acquisition compared to Shannon sampling. There are also strong connections between sparse
signal models and kernel methods, whose algorithmic success on large datasets relies deeply on sparsity.

The aim of this workshop is to bring together different work in this area from the applied mathematics, signal processing
and machine learning communities. Both theoretical developments and practical applications will be discussed. Although
each community is generally aware of the others’ work we hope that such a meeting will provide an excellent opportunity
for dialog between the communities.

As with any workshop of this type there is a great deal of work required to make it happen. We would like to take this
opportunity to thank the International Centre for Mathematical Sciences (ICMS) for not only managing the workshop
for us but also for substantially funding it — therefore making the extremely low registration fees possible. We would also
like to thanks our other sponsors: the UK Engineering and Science Research Council (EPSRC), and the London Math-
ematics Society (LMS) for financial assistance; and INRIA Rennes for the use of their website for the abstract submissions.

The other group of people without whom the conference would not happen is our team of PhD students and post-doctoral
researchers at the Edinburgh Centre for Compressed Sensing (E-CoS). Beyond their usual roles in E-CoS they have been
assigned various unenviable tasks to make sure that the workshop runs as smoothly as possible. For this we thank them.

Our final thanks go to our magnificent line up of plenary speakers. Despite high demand we have been able to secure this
world leading set of speakers from across the globe.

We sincerely hope that everyone will enjoy this workshop and that it will prove to be both enlightening and fun.
Coralia Cartis

Mike Davies
Jared Tanner

1E. T. Whittaker, “On the Functions Which are Represented by the Expansions of the Interpolation Theory”, Proc. Royal Soc. Edinburgh,
Sec. A, vol.35, pp. 181-194, 1915
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TILT and RASL: For Low-Rank Structures in Images and Data

Yi Ma
ECE Department, UIUC and VC Group, Microsoft Research Asia

Abstract—In this talk, we will introduce two fundamental compu-
tational tools, namely TILT and RASL, for extracting rich low-rank
structures in images and videos, respectively. Both tools utilize the same
transformed Robust PCA model for the visual data:

Dor=A+E ()]

and use practically the same algorithm for extracting the low-rank
structures A from the visual data D, despite image domain transforma-
tion 7 and sparse corruptions . We will show how these two seemingly
simple tools can help unleash tremendous information in images and
videos that we used to struggle to get. We believe these new tools will
bring disruptive changes to many challenging tasks in computer vision
and image processing, including feature extraction, image correspondence
or alignment, 3D reconstruction, and object recognition, etc.

Y i Ma is the research manager of the Visual Computing group at Microsoft
Research Asia in Beijing since January 2009. He is also an associate professor
at the Electrical & Computer Engineering Department of the University of
Illinois at Urbana-Champaign. His main research interest is in computer
vision, high-dimensional data analysis, and systems theory. He is the first
author of the popular vision textbook “An Invitation to 3-D Vision,” published
by Springer in 2003. Yi Ma received two Bachelors degree in Automation and
Applied Mathematics from Tsinghua University (Beijing, China) in 1995,
a Master of Science degree in EECS in 1997, a Master of Arts degree in
Mathematics in 2000, and a PhD degree in EECS in 2000, all from the
University of California at Berkeley. Yi Ma received the David Marr Best
Paper Prize at the International Conference on Computer Vision 1999, the
Longuet-Higgins Best Paper Prize at the European Conference on Computer
Vision 2004, and the Sang Uk Lee Best Student Paper Award with his students
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This is joint work with John Wright of Columbia, Emmanuel Candes of
Stanford, and my students Zhengdong Zhang, Xiao Liang, Yigang Peng of
Tsinghua, Arvind Ganesh of UIUC.
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Abstract—Efficient sampling of sparse signals requires measurement
of linear feature projections. “Weighing design” consists of selecting
projection coefficients to satisfy mathematical and physil objectives.
This paper reviews the weighing design problem for applicabns in
spectral imaging, focal tomography and holography.

|. INTRODUCTION

We consider linear measurement systems described by tharfbr
model g = Hf + n where g is measurement datdl is the
measurement operatdt,is the object state and is noise. The goal
of these systems is to estimate, e.g. to imdggiveng. If H is not
the identity operator then the system takes “multiplex messents”
While radar and computed tomography aficinados may conslider
multiplex designation redundant, from 1840 until 1950 iradesign
emphasized physical design for focal transformations. ddheent of
digital computers and electronic detectors changed thag gpat even
after 60 years the ensuing revolution is still evolving. Qoessed
sensing theory focuses particular attention on Shannowsk vat
the start of this revolution. This paper considers the iogtions of
compressed sensing on two results in measurement thearytfre
same era, specifically multiplex spectroscopy [1] and halplgy [2].

Il. SPECTROSCOPY ANDSPECTRALIMAGING

For over half a century, weighing design for multiplex spestopy
focused on linear estimators 6fgiven g. While Harwit and Sloan
acknowledge in the seminal work on this approach [3] thasdia
estimators may achieve better results, very little work odimg for
nonlinear estimators appeared before 2000. An importacepion
appears in work on computed tomographic imaging spectenset
which applied convex optimization to multiplex spectrakiging [4].

This model has been preferred because focal recording efe{icg.
film and detector arrays) are confined to 2D surfaces. Withatvent
of computational imaging, however, the physical structafethe
measurement system need not be tied to the physical steuofur
the image. Specifically, one should be able to implement ipiekt
codes that enable direct estimation of 3D objects from dr@psata.
While adhoc tomographic recording strategies using caraemays
or pupil coding strategies have been attempted to achigsegtial,
systematic studies of codes for native 3D optical imaging jast
beginning. Image space coding strategies similar to thass un
coded aperture spectral imaging are particularly attractor this
challenge.

IV. HOLOGRAPHY
Optical imaging inherently combines analog signal proogss
optical elements with digital image formation. Quasi-foc@sign
with compact kernel support is essential to reasonable maasure-
ment on natural fields. Imagers using laser illuminationcamtrast,
may achieve reasonable rank measurement operators witluncéd
sampling kernels. This allows lensless imaging over lafertares.
Unfortunaely, natural objects reflect laser light diffys@heaning that

a random phase is added to the reflected field in each image pixe

Such specular images are not sparse on any basis. This Itfficu
may be overcome by estimating the magnitude of the scatterivss
section of each pixel, which forms a compressible image.ddtigis
approach one seeks to invert transformed statistics of uneaent
data to estimate a particular set of object statistics [6gidMng
design for this application consists of selecting both #we sampling
structure and the synthetic statistics taken as interrtedhaicators

The goal of this work was to overcome a “missing cone” Radoff the object state. Coding for this application introdudgesw

projections. More recently, my group has shown that Gotgles

coded apertures eliminate the missing cone and that cosgates

sensing theory may be applied to estimate full 3D data culmms f
coded 2D snapshots [5].

While it is clear that significant advantages arise from thalgina-
tion of coded projections and constrained optimizatioriinogl codes
for these systems are currently unknown. This is in shargrasn
to previous theory for linear estimators, which showed Haaial
codes to be optimal for additive noise and identity opegator be
optimal for Poisson noise. As my talk describes using battukited
and experimental data, pseudo-random codes may outpeidentity
and Hadamard codes when combined with modern regulanizatid
optmization strategies.

Major practical successes in compressed sensing haven anise
applications where it is physically impossible to implemdd as
identity matrix. Spectral imaging is one such example, Gtteise
in various multidimensional tomographies. Natural imagiof 3D
scenes is tomographic problem of particular interest. dtistlly,
focal imaging systems are map 2D object planes to 2D imageepla

FocAL TOMOGRAPHY
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challenges and opportunities and suggests novel statigtéfinitions
for the concept of compressive sampling.
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Abstract—Sparse methods for supervised learning aim at finding good
linear predictors from as few variables as possible, i.e., ith small
cardinality of their supports. This combinatorial selection problem is
often turned into a convex optimization problem by replacirg the
cardinality function by its convex envelope (tightest conex lower bound),
in this case the/;-norm. In this work, we investigate more general set-
functions than the cardinality, that may incorporate prior knowledge
or structural constraints which are common in many applicatons:
namely, we show that for nondecreasing submodular set-futions, the
corresponding convex envelope can be obtained from its Loga extension,
a common tool in submodular analysis. This defines a family gbolyhedral
norms, for which we provide generic algorithmic tools (subgadients
and proximal operators) and theoretical results (conditims for support
recovery or high-dimensional inference). By selecting spéic submodular
functions, we can give a new interpretation to known norms, sch as those
based on rank-statistics or grouped norms with potentially overlapping
groups; we also define new norms, in particular ones that can é used
as non-factorial priors for supervised learning.

function.

This is done for a particular ensemble of set-functidgfisnamely
nondecreasing submodular functions. Submodular functions may be
seen as the set-function equivalent of convex functiond, exthibit
many interesting properties—see [9] for a tutorial on suthuhar
analysis and [10], [11] for other applications to machirerténg. In
this presentation, we will present the following contribus:

— We make explicit links between submodularity and sparsjty b
showing that the convex envelope of the functior— F'(Supp(w))
on the/.-ball may be readily obtained from the Lovasz extension
of the submodular function.

— We provide generic algorithmic tools, i.e., subgradiemd a
proximal operators, as well as theoretical guarantees,coaditions
for support recovery or high-dimensional inference, thateed
classical results for thé;-norm and show that many norms may
be tackled by the exact same analysis and algorithms.

— By selecting specific submodular functions, we recover and
give a new interpretation to known norms, such as those based

The concept of parsimony is central in many scientific domaing, rank-statistics or grouped norms with potentially capging

In the context of statistics, signal processing or machewrling,
it takes the form of variable or feature selection problemrsq is

groups [1], [2], [7], and we define new norms, in particulaesnhat
can be used as non-factorial priors for supervised learfiihgse are

commonly used in two situations: First, to make the modelher t jysirated on simulation experiments, where they outmenfrelated

prediction more interpretable or cheaper to use, i.e., aéfighe
underlying problem does not admit sparse solutions, onksldor
the best sparse approximation. Second, sparsity can alsosdx
given prior knowledge that the model should be sparse. Isetleo
situations, reducing parsimony to finding models with lowdiaality
turns out to be limiting, and structured parsimony has esttr@s a
fruitful practical extension, with applications to imageopessing,
text processing or bioinformatics (see, e.g., [1], [2],, [B}]. [5],
[6], [7]). For example, in [4], structured sparsity is usedencode
prior knowledge regarding network relationship betweemegewhile
in [6], it is used as an alternative to structured non-patdme
Bayesian process based priors for topic models.

Most of the work based on convex optimization and the desfgn
dedicated sparsity-inducing norms has focused mainly ersplecific
allowed set of sparsity patterns [1], [2], [4], [6]: it € R? denotes
the predictor we aim to estimate, aSdpp(w) denotes its support,
then these norms are designed so that penalizing with thesesn
only leads to supports from a given family of allowed patterim
this paper, we instead follow the approach of [8], [3] and sider
specific penalty functiong’(Supp(w)) of the support set, which go
beyond the cardinality function, but are not limited or desid to
only forbid certain sparsity patterns. These may also leadstricted
sets of supports but their interpretation in terms ofglicit penalty
on the support leads to additional insights into the behawib
structured sparsity-inducing norms. While direct greegdpraaches
(i.e., forward selection) to the problem are consideredBin[B], we
provide convex relaxations to the functian— F(Supp(w)), which
extend the traditional link between tig-norm and the cardinality
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greedy approaches [3].
For more details, see [12].
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Abstract—In the past decade there has been a great interest in
a synthesis-based model for signals, based on sparse and redundant
representations. Such a model assumes that the signal of interest can be
composed as a linear combination of few columns from a given matrix (the
dictionary). An alternative analysis-based model can be envisioned, where
an analysis operator multiplies the signal, leading to a cosparse outcome.
How similar are the two signal models ? The answer obviously depends
on the dictionary/operator pair, and on the measure of (co)sparsity.

For dictionaries in Hilbert spaces that are frames, the canonical dual
is arguably the most natural associated analysis operator. When the
frame is localized, the canonical frame coefficients provide a near sparsest
expansion for several /P sparseness measures, p < 1. However, for frames
which are not localized, this no longer holds true: the sparsest synthesis
coefficients may differ significantly from the canonical coefficients.

In general the sparsest synthesis coefficients may also depend strongly
on the choice of the sparseness measure, but this dependency vanishes for
dictionaries with a null space property and signals that are combinations
of sufficiently few columns from the dictionary. This uniqueness result,
together with algorithmic guarantees, is at the basis of a number of
signal reconstruction approaches for generic linear inverse problems (e.g.,
compressed sensing, inpainting, source separation, etc.).

Is there a similar uniqueness property when the data to be recon-
structed is cosparse rather than sparse ? Can one derive cosparse regu-
larization algorithms with performance guarantees ? Existing empirical
evidence in the litterature suggests that a positive answer is likely. In
recent work we propose a uniqueness result for the solution of linear
inverse problems under a cosparse hypothesis, based on properties of the
analysis operator and the measurement matrix. Unlike with the synthesis
model, where recovery guarantees usually require the linear independence
of sets of few columns from the dictionary, our results suggest that linear
dependencies between rows of the analysis operators may be desirable.
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Precise Optimality Results in Compressed Sensing
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Abstract—Of the many papers on compressed sensing and sparse
recovery to date, a large fraction concern qualitative phenomena, where
for example certain phenomena are observed “for sufficiently sparse
signals” and, while empirically it is clear that there is a sharp transition
in observable behavior as sparsity crosses a threshold, much existing
published research uses methods that are often unable to pinpoint the
transition point precisely. Of course, for engineering work, one would like
to have precise knowledge of the limits of compressed sensing, rather than
just qualitative knowledge.

Other results promise stability of certain recovery procedures with
unspecified stability constants C. Again, precise evaluations would be
more useful.

I will describe recent work giving precise asymptotic results on mean
squared error and other characteristics, of a range of recovery procedures
in a range of high-dimensional problems from sparse regression and
compressed sensing; these include results for LASSO, group LASSO, and
nonconvex sparsity penalty methods. A key application of such precise
formulas is their use in deriving precise optimality results which were
not known previously, and to our knowledge are not available by other
methods.

Approximate message passing, and ideas from minimax statistical
decision theory as well of statistical physics, are the key ingredients
to the results I will focus on. This is joint work over several papers
with several co-authors, including Andrea Montanari, Iain Johnstone,
and Arian Maleki.

I will also try to discuss precise results and methods of Tanner, of
Blanchard, Cartis, and Tanner, of Weiyu Xu and Hassibi, and of Stojnic.
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Sampling in the Age of Sparsity
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Abstract—Sampling is a central topic not just in signal processing
and communications, but in all fields where the world is analog, but
computation is digital. This includes sensing, simulating, and rendering
the real world, estimating parameters, or using analog channels.

The question of sampling is very simple: when is there a onetoone
relationship between a continuoustime function and adequately acquired
samples of this function? Sampling has a rich history, dating back to
Whittaker, Nyquist, Kotelnikov, Shannon and others, and is an active
area of contemporary research with fascinating new results.

Classic results are on bandlimited functions, where taking measure-
ments at the Nyquist rate is sufficient for perfect reconstruction. These
results were extended to shiftinvariant and multiscale spaces during
the development of wavelets. All these methods are based on subspace
structures, and on linear approximation. Irregular sampling, with known
sampling times, relies of the theory of frames. These classic results can
be used to derive sampling theorems related to PDE’s, to mobile sensing
and as well as to sampling based on timing information.

Recently, nonlinear sampling methods have appeared. Nonlinear
approximation in wavelet spaces is powerful for approximation and
compression. This indicates that functions that are sparse in a basis
(but not necessarily on a fixed subspace) can be represented efficiently.
The idea is even more general than sparsity in a basis, as pointed
out in the framework of signals with finite rate of innovation. Such
signals are nonbandlimited continuoustime signals, but with a parametric
representation having a finite number of degrees of freedom per unit of
time. This leads to sharp results on sampling and reconstruction of such
sparse continuoustime signals, leading to sampling at Occam’s rate.

Among nonlinear methods, compressed sensing and compressive sam-
pling, have generated a lot of attention. This is a discrete time, finite
dimensional set up, with strong results on possible recovery by relaxing
the /g into ¢; optimization, or using greedy algorithms. These methods
have the advantage of unstructured measurement matrices (actually,
typically random ones) and therefore a certain universality, at the cost
of some redundancy. We compare the two approaches, highlighting
differences, similarities, and respective advantages.

We finish by looking at selected applications in practical signal
processing and communication problems. These cover wideband com-
munications, noise removal, distributed sampling, and superresolution
imaging, to name a few. In particular, we describe a recent result on
multichannel sampling with unknown shifts, which leads to an efficient
superresolution imaging method.

M artin Vetterli got his Engineering degree from Eidgenoessische Technische
Hochschule Zuerich (ETHZ), his MS from Stanford University and his
Doctorate from Ecole Polytechnique Fdrale de Lausanne (EPFL).

He was an Associate Professor in EE at Columbia University in New York,
and a Full Professor in EECS at the University of California at Berkeley
before joining the Communication Systems Division of EPFL. He held several
positions at EPFL, including Chair of Communication Systems, and founding
director of the National Center on Mobile Information and Communication
systems He was Vice-President of EPFL, in charge of institutional affairs from
2004 to 2011. He currently is Dean of the Computer and Communication
Sciences School of EPFL.

Joint work with T.Blu (CUHK), Y.Lu (Harvard), D.Gontier (ENSEPFL),
Y.Barbotin, A.Hormati, M.Kolundzija, J.Ranieri, J.Unnikrishnan (EPFL)

16

He works on signal processing and communications, in particular, sam-
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Abstract—The purpose of this research is to make the case that random-
ized algorithms provide a powerful tool for constructing approximate ma-
trix factorizations. These techniques are simple and effective, sometimes
remarkably so. Compared with standard deterministic algorithms, the
randomized methods are often faster and—perhaps surprisingly—more
robust. Furthermore, they can produce factorizations that are accurate
to any specified tolerance above machine precision, which allows the user
to trade accuracy for speed if desired. In short, this work describes how
randomized methods interact with classical techniques to yield effective,
modern algorithms supported by detailed theoretical guarantees.

This extended abstract is drawn from the paper [1].

The task of computing a low-rank approximation to a matrix A
can be split into two computational stages. The first is to construct a
low-dimensional subspace that captures the action of the matrix. The
second is to restrict the matrix to the subspace and then compute a
standard factorization (QR, SVD, etc.) of the reduced matrix.

Stage A: Compute an approximate basis for the range of the input
matrix A. In other words, we require a matrix @ for which

Q has orthonormal columns and A ~ QQ" A. (1)

Stage B: Given @ that satisfies (1), we use @ to help compute a
standard factorization (QR, SVD, etc.) of A.

The task in Stage A can be executed very efficiently with random
sampling methods, while Stage B can be completed with well-
established deterministic methods.

We focus on one formulation of the problem described in Stage A.
Given a matrix A, a target rank k, and an oversampling parameter
p, we seek a matrix Q with k + p orthonormal columns such that

A -QQ™A| ~ A = X[ @

min
rank(X )<k
Although there exists a minimizer ¢ that solves the fixed rank
problem for p = 0, the opportunity to use a small number of
additional columns provides a flexibility that is crucial for the
effectiveness of the computational methods we discuss.

The box labeled “Proto-Algorithm” describes, without computa-
tional details, an approach to solving (2). This simple algorithm is
by no means new. It is essentially the first step of a subspace iteration
with a random initial subspace [2, §7.3.2]. The novelty comes from
the additional observation that the initial subspace should have a
slightly higher dimension than the invariant subspace we are trying
to approximate. With this revision, it is often the case that no further
iteration is required to obtain a high-quality solution to (2). We
believe this idea can be traced to [3], [4], [5].

A principal goal of this research is to provide a detailed analysis of
the performance of the algorithm. This investigation produces precise
error bounds, expressed in terms of the singular values of the input
matrix. Let us offer a taste of these results.
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PROTO-ALGORITHM

Given an m X n matrix A, a target rank k, and an oversam-
pling parameter p, this procedure computes an m X (k + p)
matrix Q whose columns are orthonormal and whose range
approximates the range of A.

1 Draw a random n X (k + p) test matrix €2.
Form the matrix product Y = AQ.
Construct a matrix Q whose columns form

an orthonormal basis for the range of Y.

Theorem. Suppose that A is a real m x n matrix. Select a target
rank k£ > 2 and an oversampling parameter p > 2, where k + p <
min{m,n}. Execute the proto-algorithm with a standard Gaussian
test matrix to obtain an m X (k + p) matrix Q with orthonormal
columns. Then

x 4vk -
ElA-QQ Al < [1+ f—’ip -v/min{m,n}| op+1, (3)

where E denotes expectation with respect to the random test matrix
and 041 is the (k + 1)th singular value of A.

The term or41 appearing in (3) is the smallest possible error
achievable with any basis matrix @ with k£ columns. The theorem
asserts that, on average, the algorithm produces a basis whose error
lies within a small polynomial factor of the theoretical minimum.
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Abstract—In a typical formulation for regularized optimization prob-
lems, a weighted regularization term (usually simple and nonsmooth)
is added to the underlying objective, with the purpose of inducing a
particular kind of structure in the solution. The talk discusses several
approaches for minimizing such functions, focusing on the case of large-
scale problems in which the regularizer has a separable structure. The
classic example of a separable regularizer is the /; norm, which induces
sparsity in the solution vector.

[. INTRODUCTION

One formulation of a regularized version of the optimization
problem min, f(z) (where f : R™ — R) is

f(x) + Te(x), ))

where ¢ is a convex (usually nonsmooth) function and 7 > 0 is
the regularization parameter. The regularizer c is chosen to induce
desired structure in the solution z. For example, the choice c(x)
|[z||1 is known to cause sparsity in the solution of (1), while if ¢
is a total variation norm for an image vector x, adjoining elements
of the solution of (1) tend to have the same values. Besides image
processing, this formulation appears in compressed sensing, LASSO,
regularized logistic regression, among many other applications.

We discuss iterative approaches for solving (1) which have one
feature in common: while forming some sort of approximation to
the underlying objective f, they treat ¢ explicitly. This basic strategy
makes sense because c is often a simple, separable function. We
discuss variants of this approach and their relevance in several classes
of applications.

II. PROX-LINEAR FRAMEWORK

The prox-linear framework uses subproblems in which f is re-
placed by a linear approximation about the current iterate, and a
quadratic term is introduced to penalize long steps:

. 1
dy, := argmin Vf(zx)"d + me(zr + d) + —||ld||>, ()
d 20,

and setting 41 = Xk + di. The parameter ox can be manipulated
in the manner of a step length to ensure sufficient decrease at each
iteration, or over a sequence of iterations. The approach has appeared
in the literature repeatedly in various guises; for a description and
analysis motivated by compressed sensing, see [6].

III. VARIATIONS

A block-coordinate variant of (2) is obtained by fixing most
components of d in (2) to be zero, thus reducing the dimension of
the subproblem (2) and requiring evaluation of the gradient V f only
for the “active” components of d — those that are allowed to vary
from zero. Provided that the active components are not coupled with
inactive components in the regularizer ¢, the subproblem generally
remains easy to solve. Convergence can be proved provided that each
component occasionally takes its turn at being active. This approach
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is described in [5], [7]. Manifold identification properties can also be
proved for this approach. In the case of c(z) = ||z||1, these results
take the form that the nonzero components of x; eventually occur in
the same locations as the nonzeros of the solution z* of (1).

Manifold identification properties are particularly relevant for the
next enhancement discussed: reduced Newton methods, in which
second-order information is used to enhance the search direction on
the active manifold. Such an approach was proposed by [4] in the
context of regularized logistic regression, and later analyzed by [7]
in a more general setting. In some contexts, sampling can be used to
obtain an approximate Hessian cheaply; see [1].

Finally, we discuss the regularized dual averaging approach in
which exact gradients V f(xy) are replaced by cheap sampled ap-
proximations, possibly based on a random sample of a small subset
of the available data. A subproblem similar to (2) is formulated but
with V f(z) replaced by the average of all gradients encountered
so far and the prox-term penalizing deviation from the initial iterate.
A sublinear convergence rate is proved in [3], [8]. Manifold identi-
fication properties are described in [2], opening the possibility of a
“second-phase” algorithmic strategy in which a different algorithm
is invoked when the active manifold has been identified with some
level of confidence. Computational experience with this strategy on
regularized regression problems will be presented in the talk.
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Abstract—Aiming at low-complexity frame decompositions, we intro- Definition 2.3: A finite sequence of real values:,..., \, is
duce and study the notion of asparse frame, which is a frame whose ordered blockwiseif for any permutationr of {1,...,n} the set
elements have a sparse representation in a given orthonorrhaasis. We of partial sums{3 _, A;:s = 1,...,n} contains at least as many
provide an algorithmic construction to compute frames with desired . J=1 .
frame operators, in particular, including tight frames, and prove that 'Nt€Jers as the $€{th:1 Ar@yis = 1,...,n}. The maximal block
this construction indeed generates optimally sparse frame number of a finite sequence of real values,...,\,, denoted

by pe(A1,..., An), is the number of integers i3 -7_, Ao(j):s =

. INTRODUCTION 1,...,n}, where o is a permutation of{l,...,n} such that
Frames have established themselves as a means to derive redy ), ..., \,(,) is ordered blockwise.
dant, yet stable decompositions of a signal for analysigasimis- As an example, consider the tight-frame-case \; = ... = A\,

sion, while also promoting sparse expansions. Howevernwhe whose maximal block number ig(), ..., \) = ged(A, n).

sifgnal dimelnstion islllarge the comp:Jtation of trtl)e fraTe gtdautaese;;s . M AIN RESULT

of a signal typically requires a large number of additionsd an

multiplications, and this makes a frame decompositionagttible A. The Spectral Tetris Algorithm

in applications with limited computing budget. The so-called Spectral Tetris algorithm was first introdLice[3]
To tackle this problem, we propose sparsity of a frame as a né&# an algorithm to generate unit norm tight frames for anybemof

paradigm, thereby reducing the number of required additiand frame vectorsV, say, and for any ambient dimensierprovided that

multiplications when computing frame measurements sicanifly. N> 2 An extension to the con_structio_n of_unit norm frames having
a desired frame operator associated with eigenvalyes. ., A\, > 2

Il. SPARSITY: A NEW PARADIGM FOR FRAME CONSTRUCTIONS satisfyingZ;;l )\; = N was then introduced and analyzed in [1] —
A. Sparse Frames in fact, an even more general algorithm for the construatibfusion
Jrames was stated therein.

Our main theorem provides a lower bound for the achievalde-sp
sity for a given number of frame vectors and a given frame atper
and also shows that this algorithm indeed generates opyirsdrse
frames. For stating this result, we will denote the framestacted
by Spectral Tetris applied to the number of frame vecf§rand the
(1] - lpn) = (e1]---]en) - C and ||Cllo < k. (1) sequence of eigenvalues, ..., \, by STRN; A1,..., \n).

Theorem 3.1 ([2]):Let n, N > 0, and let the real values

s---»An > 2 be ordered blockwise and satishy’_, A; = N.
Then the following hold.

(i) Any frame in F(N, {\:}i=;) has sparsity at leas¥ + 2(n —

B. A Notion of Optimality (A1, ..., An)) with respect to any orthonormal basis.

(i) The frame STEN; A1,...,An) IS N +2(n—p(A1,...,\n))-
sparse with respect to the standard unit vector basis,itiis.,
optimally sparse.

We begin by proclaiming the following definition for a spars
frame:

Definition 2.1: Let (e;)7—; be an orthonormal basis f&", and
let (p:)X, be a frame folR™. Then ()Y, is calledk-sparse with
respect to(e;)7_q, if there exists an x N-matrix C' such that

Notice that in the special case (f;)7_; being the standard unit
basis, the sparsity of a frame equals the number of non-zeres
of its frame vectors.

We next state a notion of optimality, which will typically be
considered within a particular class of frames.
Definition 2.2: Let F be a class of frames fdk", let (apl)l 1 €

F, and let(e;)7_; be an orthonormal basis f&". Then(goz) L, is ACKNOWLEDGMENT
calledoptimally sparse i with respect tde;) -, if (¢ )fv 1is kl' The first and second author were supported by the grant AFOSR
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which is kz-sparse with respect t@;)7_, with ks < k1. third author also acknowledges the support of the Hausdzefiter
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I. INTRODUCTION

The last decade has seen a renewed interest in the problem of
estimating the sparsest solution in an underdetermined system of
equations Ax = b, called £p-minimization ({o-min):

(Po) xo = argmin ||z|jp st. Az =beR"™, (1)
xzeR™
where A € R™*™ (m << n), and || - ||o is the £p-semi-norm or

the counting norm. The problem of computing x¢ is known to be
NP-hard in general. However, it was observed empirically that the
solution to (1) can often be obtained by solving the following convex
relaxation, known as ¢;-minimization (¢1-min):

(P1) @1 =argmin ||z]1 st Az =0b. 2)
T ER™

Recently, compressive sensing theory has investigated the equiv-
alence of the solutions of (/) and (F1) by characterizing the set
of k-sparse vectors o that can be recovered by solving (2) with
b = Axo [1], [2]. As pointed out in [3], the numerical verification of
most conditions for equivalence is not computationally tractable. The
work [3] further derived sufficient conditions to verify when all the
possible k-sparse solutions can be recovered by solving (2), with an
emphasis on the numerical feasibility of the verifications. However, it
is well known that given a matrix A, it may be possible to recover
only a subset of all the possible k-sparse solutions [2].

We believe that there is a need to obtain a certificate of optimality
of o1, which answers the question: Is &1 = x¢? Specifically, it is
of interest to produce a per-instance certificate of optimality for any
candidate solution obtained at runtime by solving (2), rather than
certificates for all the possible k-sparse solutions.

Contributions. We present a novel primal-dual analysis of (Fy).
We propose to use the optimal value of the Lagrangian dual function
of (Po) to obtain a non-trivial lower bound for the sparsity of aq.
Interestingly, maximizing the Lagrangian dual of (Pp) is equivalent
to ¢;-min with additional constraints. Moreover, our analysis can be
applied to other problems which involve minimization of the ¢p-semi-
norm, such as Sparse PCA, to interpret convex relations of the original
NP-hard problems as maximizing their Lagrangian duals.

II. PRIMAL-DUAL ANALYSIS OF {o-MIN

In this work, we consider the following modified o-min problem:

(Py) =y = argmin ||z|jo s.t. Az =b and ||z]|lc <M, (3)
xTER™
and its Lagrangian dual:
{61,05} = argmax [1T min{0,1 — &} + 6;b} ,
(DS) {61 ER™,62€R™ } 4)

1 T 1
L ——0 < < — > 0.
S.t M517A 527M61 and 61 > 0

Notice that if (Pp) has a unique solution &g, we can choose any
finite positive valued M > ||@o||o to ensure that x5 = xo. If (Po)
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does not have a unique solution, we may still choose a finite valued
M > 0 to regularize the desired solution. The constraint M > ||x5||co
is also referred to as the box constraint.

Our main result gives a biduality relation between (Pj) and the
following ¢;-min problem with the box constraint:

(P{) ] = argmin i||:c|\1 st. Az = b and ||z||ec < M, (5)
zern M

where it must be noted that @] is not necessarily equal to @;.

Theorem 1. (Py) is the Lagrangian dual of (Dyg), i.e., it is the
Lagrangian bidual (dual of the dual) of (Pg).

It must be noted that the duality gaps of (Py) and (Py") with
respect to their dual (Dg) are non-zero and zero, respectively.

Corollary 1. Since solving (P{) is equivalent to maximizing the
Lagrangian dual function in (Dg), we have 1|7 |l1 < |5 |lo.

Corollary 2. Let My = ||xol|co, M1 = ||®1]|cc and let M be the
constant used in (5). We then have (a) solving (P;") with any M that
satisfies M > max{Mi, Mo} is equivalent to solving (P1), and (b)
if My < Mo, we cannot recover x{, by solving (5) with M = M.

III. SIMULATION RESULTS

We randomly generate entries of A € R'?8%2%6 and 2, € R
from a Gaussian distribution with unit variance. The sparsity of xq is
varied from 1 to 64. We solve (P;) with M = My, 5Mo and 10My
to obtain upper and lower bounds for |20 o, as ||} |0 and - ||} |1,
respectively. Figure 1 shows the results of our simulations.

100 100 5 N .
! 7
50 50 / 5
o ..'.......l...l..l 0 L O
0 20 40 60 0 20 40 60 o p " a
(a) M = My (b) M = 5My © M — 10Mo

Fig. 1. x-axis: ||@o||o - sparsity of . y-axis: mean values (over 100 trials)
of the upper bound (red dashed line), lower bound (blue dotted line) and true
value (black solid line) for ||xo]|o-

Our lower bounds are tight for extremely sparse oo and are more
conservative as the number of non-zero entries in xg increases. These
bounds are tighter when the value of M is closer to M. Furthermore,
we observed in our simulations that with the same notation as in
Corollary 2, if M1 > M, then in some cases, we can recover x; by
solving (P;) with M = Mo, but not by solving (Py).
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Compressed sensing or compressive sensing (CS) is a new protocol
to sample signals at a rate proportional to their information content
rather than their bandwidth[1], [2], [3], [4]. In a discrete setting,
let xV(K) = {z € RY : |z|p € K} denote the family of
at most K-sparse vectors in RY, where ||z|lo counts the number
of nonzero entries of x. The basic theory of CS asserts that one
can recover a K-sparse signal x € (K) from relatively few
incomplete measurements y = &z € R for a carefully chosen
sampling matrix ¢ by solving the ¢;-minimization problem

min ||z|[x subject to y= Pz (1)
zeRN
where ||z||1 denotes the ¢i-norm of x. The celebrated works by
Candes, et al.[1], [2], [3] and Cai, et al.[5] have shown that if the
sampling matrix & satisfies the restricted isometry property (RIP)
with some order, then solving the convex optimization (1) can recover
an arbitrary K-sparse signal x exactly.

There is another strategy which recovers sparse signal by solving
the £,(0 < p < 1) minimization[6], [7]

min ||z||, subject to y= dx 2)
z€RN
where ||z]|, = (Zf\;l |:|P)*/? is the standard ¢, quasi-norm of
vector x. Furthermore, we can recover the sparse signal by solving
min ||z||, subject to |y — Px|2<e¢ 3)
z€RN

in the noisy case, where € represents the noise level.
In this paper, we focus on sparse signal recovery via the ¢,
minimization, along with the analysis of its performance using RIP.
Theorem 1 Let € x"¥ (K) be a K-sparse signal, and y = ®x
be the linear measurement vector. Let K; be a positive integer and

Kl/p—1/2
"7 =

K
ket >0

K172 K

Then under the condition

Ox + 0k r, <1 4)

solving the ¢, minimization problem (2) with 0 < p < 1 can recover
x exactly. In particular, the condition (4) becomes d2x < 1/2 as
p— 0.

Theorem 2 Let z € ™ (K) be a K-sparse signal, and y = ®z+e
be the linear measurement vector with ||e]|2 < e. Let K; be positive
integer and
K

K Y

Kl/p71/2

n= +

l(;/Pfl/Q
Then under the condition

5}(-‘,-7]91(7}(1 <1 5)
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solving the ¢, minimization problem (3) with 0 < p < 1 recovers
x* satisfying

2v2v1 + 6k .

x* —x < ——m—————
I I < TS

Theorem 3 Let © € RY be an arbitrary signal, and y = &z + e
be the linear measurement vector with ||e||2 < e. Let K be positive

integer and
[ K1
— >0
+ K >

0 +nbr, i, <1

Kl/p=1/2
nm= K717
Then under the condition

(©)

solving the /, minimization problem (3) with 0 < p < 1 recovers
™ satisfying

2v2v1+ 6k

1— (5}( — 7]9}(7}(1 €
2V20k k. ||z — x|l

R (1= b = b iy
where x i is the best K-term approximant of x.

According to theorems 1-3, our results show that the £, minimiza-
tion can recover sparse signal with good performance provided that
the sampling matrix ® satisfies the RIP with parameter dox < 1/2.

In a recent paper, Davies and Gribonval constructe examples shown
that if d2;c > 1/+/2, exact recovery of certain K -sparse signal using
(1) or (2) can fail in the noiseless case[8]. Blanchard, Cartis and
Tanner also discuss the sharpness of the RIC bounds in compressed
sensing[9]. We can see that there still has a room for improvement.

la” = =fls <

@)
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I. INTRODUCTION

The detection of moving vehicles on land surface using aidor
spaceborne radar systems (ground moving target indicaBMMiT1)
is an important topic for military as well as civil applicatis. This
task is often combined with imaging the area via synthetiertape
radar (SAR) [1]. It is desirable to execute this radar openatnode
concurrently with other radar observation assignments.

During the last years sparsity and compressed sensing (&S)
come into focus of the radar community, cf. e.g. [2] or [3] a8ty
principles and CS have also been applied to GMTI problemg4bf
mostly for reconstruction of covariance matrices (cf. [B]classical
GMTI. Here we apply CS directly for jointly imaging moving@non
moving targets. This method indicates the velocity of eawdttsrer
—i.e. of each non zero element of the scenery. The multiciadata
are measured in the classical stripmap geometry.

Il. MEASUREMENT AND DATA STRUCTURE

The principles of airborne multichannel stripmap radar ase
follows: Pulses are transmitted from equidistant posgtion a linear
flightpath and waves scattered back from earth are receiiged v
antennas — arranged in direction of flight with distanceshrhigher

than the distance the platform covers between two pulsesasumiag datay

=10 UL
Vo [m/s]

Range [m]

400

100 150
Azimuth [m]

200 250 300 350

0

-14 -12 -10 -8 -6 -4 -2
Fig. 1. Upper: Reconstruction of moving targets with vepend amplitude

coding. Lower: CS-SAR image of a wider scenery.

I1l. N UMERICAL RESULTS WITH REAL RADAR DATA
Our numerical results are obtained by solving the noisy sbasi
pursuit problem{min ||z|1 such that]|y — ®z|]2 < o} — with the
reconstructiorw and o estimated from the known signal to

amplitude, phase and delay time. Due to the finite width of t%ise ratio — using the SPGLL algorithm (cf. [7]). The dataeha

footprint, every target is illuminated by several pulses.
In consequence — after some preprocessing

been recorded by a 4 channel airborne device, imaging a 13cene

—asingle NOMMNOMithy several vehicles driving with approximately the sanstoeity.

scatterer at0, p) in an otherwise empty scenery generates in pulSegyporimental results are depicted in Figure 1. The lower mne

and channelj a signal that is non zero in distange= /p* + 232 ;,
only. Herez,, ; indicates the position of thgth receiving channel at
pulsep, representable via, ; = cp + ¢; with constantsc and ¢;
depending on the recording setup. The phase of the recdiyedl $s
proportional to the distance, so it is in first approximation a chirp.
Altogether we obtain a complex signal following approxieigt

. 2
3G, 7,p) = ab (7 = /PP ¥ (@~ G)2) Drggel - 4n/Ner=e*/0)

with amplitudea € C, D € R™ indicating the transmitted energy in
direction of the scatterer and wavelengthdé denotes the Kronecker
delta. The signal of a moving scatterer differs in shape drabse.

computed using a pointwise representation for all scaeséthout
considering their velocities, the scenery is clearly rexoaple like
in a classical SAR image. In the upper one the detail markéabe
is considered by suppressing the non moving scattererssasiloed
above. Here direction and velocity of moving scatterersoded in
color, so the convoy is clearly imaged and detectable. Tésilt
holds also for regarding a fraction of the data or for sinredatlata.
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I. INTRODUCTION

In a variety of synthetic aperture radar (SAR) applications only
partial data are available. The conventional SAR imaging approaches
lead to severe artifacts which dramatically degrade the image quality,
making further processing such as target detection and classification
difficult. Considering the fact that image reconstruction from incom-
plete data can be viewed as an underdetermined inverse problem,
we here apply compressed sensing (CS) related techniques to realize
automatic target recognition (ATR) from partial SAR data, with or
without image reconstruction. The impact of various subsampling
patterns on ATR performance is also investigated.

II. CS FOR SAR

SAR images cannot be accurately recovered by CS approaches
because of the speckle noise, which endows the images with a
high entropy. However, SAR images have a very high dynamic
range in many situations due to the presence of a few very bright
objects, which typically are associated to man-made structures. Such
objects generally occupy a small fraction of the image and their
corresponding pixels have much larger magnitudes than the back-
ground pixels. The facts that a) SAR data are samples of the spatial
Fourier transform of the reflectivity field, b) the bright objects are
sparse in the image domain, and c) background pixels have much
lower magnitudes suggest that the bright objects can be effectively
reconstructed from partial data by using CS approaches.

III. ATR FROM INCOMPLETE SAR DATA
A. With image formation:

The test image is first reconstructed from partial SAR data by
solving a constrained ¢; norm minimization problem. Then, the
mean-squared error (MSE) classifier is utilized for ATR [1]. The MSE
classifier is a nearest neighbor classifier, and it compares normalized
images in magnitude. This is because variations in intensity may
occur for different SAR acquisition geometries. Also, before normal-
izing the images we set to zero all but the largest /N, pixels. This
is because typically the brightest pixels are located within the target
part, and the darker pixels constitute the clutter and target shadow.

B. Without image formation:

The smashed-filter (SF) classifier for compressive classification [2]
is adopted, which operates directly on observed data. It is similar
to the MSE classifier except it compares in the data domain. Note
that the comparison is made between the observed data and data
corresponding to normalized complex-valued reference images since
there is no test image reconstruction.

IV. SIMULATIONS

Images of three types of targets from the MSTAR database are
used in simulations, and two independent sets of images at different
elevation angles are adopted as the test and reference images. Three
patterns subsampling SAR data along the aperture are considered
because of their various applications and simple implementation
for existing hardware. As shown in Fig. 1, the patterns are: a)

(a) 1Drand (b) long gap (c) jittered

Fig. 1. Sample subsampling patterns with 25% SAR data.

1Drand (subsampling uniformly at random), b) long gap (randomly
subsampling with the long average gap length constraint), and c)
Jjittered (similar to periodically subsampling but the locations and
lengths of gaps are slightly jittered). The CS reconstructed images
are generated by using the SPGL1 algorithm. For comparison, the
test images are also recovered by applying the conventional polar
format algorithm (PFA), assuming that all the missing data are zeros.
The ATR performance of different scenarios presented in Table I is
evaluated by the probability of correct classification Pre..

V. DISCUSSION

Compared with conventional SAR imaging methods, CS recon-
structed images lead to significantly improved ATR performance
since the dominant scatterers can be efficiently recovered. High
recognition rates can even be achieved when only a small percentage
of data are available. The SF classifier is feasible in theory, but
its application in practice is difficult because it can only compare
the distances between complex-valued SAR images. This makes it
sensitive to the phases of images, which vary too much with even
a small change in the observation angle or distance. Although the
similarity between the MSE and SF classifier is discussed in [2], the
MSE classifier performs much better here because it can compare
images in magnitude. The jittered subsampling pattern performs the
worst, and a likely explanation is that its similarity to the periodic
sampling results in stronger aliasing effect.

TABLE I
ATR PERFORMANCE OF DIFFERENT SCENARIOS (Prc.c)

MSE (N = 300) SF

data amount  subsampling pattern

CS PFA
1Drand 93.9%  84.7% 53.2%
25% data long gap 90.0%  68.3% 50.5%
jittered 83.8% 54.1% 49.9%
1Drand 76.4%  55.1% 48.6%
10% data long gap 75.8%  50.2% 46.6%
jittered 58.3%  40.7% 45.5%
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A conventional spaceborne or airborne Synthetic Aperture Radar
(SAR) maps the three-dimensional (3-D) reflectivity distribution of a
scene to be imaged into the 2-D azimuth-range (z — r) plane. This
can be seen as a projection along the third radar coordinate, elevation
(s). z, r, and s form an orthogonal coordinate system specific to the
particular SAR imaging geometry. This projection particularly handi-
caps the interpretation of SAR images of 1) volumetric scatterers and
2) of urban areas and man-made objects, i.e. objects with constructive
elements oriented at steeper angles than the local incidence angle.

SAR tomography (TomoSAR) extends the synthetic aperture prin-
ciple of SAR into the elevation direction for 3-D imaging [1]. It uses
acquisitions from slightly different viewing angles to reconstruct for
every azimuth-range (z — r) pixel the reflectivity function along the
elevation direction s. It is essentially a spectral analysis problem.
Differential SAR tomography (D-TomoSAR) [2], also referred to
as 4-D focusing, obtains a 4-D (space-time) map of scatterers by
estimating both the elevation and the motion parameters of multiple
scatterers inside an azimuth-range pixel.

Modern SAR sensors, e.g. the German TerraSAR-X satellite,
provide a very high spatial resolution (VHR) of up to 1 m. This
resolution is particularly helpful when it comes to interferometric and
tomographic imaging of buildings and urban infrastructure. Although
the azimuth-range resolution of this class of very high resolution data
reaches sub-meter values, the tight orbit control of modern sensors
limits the elevation aperture size and, hence, leads to a low tomo-
graphic elevation resolution of typically 30 m, i.e. 10-50 times less
than that in azimuth or range. This very unsatisfactorily anisotropic
resolution element calls for robust super-resolution (SR) TomoSAR
algorithms and it also renders the signal sparse in elevation, i.e.
only a few point-like reflections are expected per azimuth-range cell.
In order to maintain the original resolution for urban infrastructure
imaging, these algorithms should not require averaging in azimuth
and range.

Considering the sparsity of the signal in elevation, the compressive
sensing (CS) [3] [4] approach to TomoSAR was outlined in [5]
where the SR capability of tomographic SAR inversion via L; norm
regularization and its robustness on elevation estimation against phase
noise have been proven using TS-X high resolution spotlight data.

As described in [3], L; norm minimization gives the sparsest solu-
tion if (and only if) our sparse mapping matrix fulfills the Restricted
Isometry Property (RIP) and incoherence properties. However, for our
application TomoSAR, RIP and incoherence are violated for several
reasons. First the mapping matrix R is pre-determined by the mea-
surement system (the elevation aperture sampling pattern) and may
not be optimum. Second, the reflectivity profile to be reconstructed
is often sampled much more densely than the elevation resolution
unit in order to allow for good resolution and scatterer positioning
accuracy. The small sampling distance renders R over-complete,
reduces RIP and increases coherence. This fact may introduce outliers
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in the estimates. In addition, as detailed in [6], the L, approximation
introduces systematic amplitude biases. Those artifacts are not critical
when the aim is only to reconstruct a reasonable reflectivity profile.
However, high-quality sparse tomographic SAR inversion requires
the estimation of the number of scatterers, as well as the amplitude,
phase, and elevation of each scatterer. Hence, special care must be
taken of these nuisance artifacts.

In this paper, we proposed a compressive sensing (CS) based
"Scale-down by L; norm Minimization, Model selection, and
Estimation Reconstruction” (SLIMMER, pronounced "slimmer") al-
gorithm to to improve the CS estimator and correct for these two
deficiencies. SLIMMER combines the advantage of compressive
sensing sparse reconstruction (e.g. SR properties and high point
localization accuracy) and amplitude and phase estimation accuracy
of linear estimation, and hence gives reliable estimation of the number
of scatterers, elevation, motion parameters, amplitude and phase of
each scatterer. Furthermore, a practical demonstration of the super-
resolution of SLIMMER for SAR tomographic reconstruction is
provided with a tremendously increased proportion of detected double
scatterers from 20% of the conventional linear estimator to 38%.

A systematic performance assessment of the proposed SLIMMER
algorithm will be presented in the final paper regarding the ele-
vation estimation accuracy, super-resolution power and robustness.
Compared to the Cramér-Rao lower bound, both numeric results
and an analytic approximation of the elevation estimation accuracy
are provided. It is shown that SLIMMER is an efficient estimator.
The SR factors are found by extensive simulations. These establish
fundamental bounds for super-resolution of spectral estimators. The
achievable SR factors of SLIMMER in the typical parameter range
of tomographic SAR are found to be promising and are in the order
1.5~25. The minimal number of acquisitions required for a robust
estimation are derived and given by explicit formulas.

REFERENCES

[1] G. Fornaro, F. Serafino, and F. Soldovieri, “Three-dimensional focusing
with multipass SAR data,” IEEE Transactions on Geoscience and Remote
Sensing, vol. 41, no. 3, pp. 507-517, 2003.

F. Lombardini, “Differential tomography: a new framework for SAR

interferometry,” IEEE Transactions on Geoscience and Remote Sensing,

vol. 43, no. 1, pp. 3744, 2005.

E. Candes, “Compressive sampling,” in Proceedings of the International

Congress of Mathematicians, vol. 3. Citeseer, 2006, p. 14331452.

D. Donoho, “Compressed sensing,” IEEE Transactions on Information

Theory, vol. vol.52, no. 4, pp. pp.1289-1306, 2006.

X. Zhu and R. Bamler, “Tomographic SAR Inversion by L1-Norm

Regula.rizatioanThe Compressive Sensing Approach,” Geoscience and

Remote Sensing, IEEE Transactions on, vol. 48, no. 10, pp. 3839-3846,

2010.

[6] ——, “Super-Resolution Power and Robustness of Compressive Sensing
for Spectral Estimation with Application to Spaceborne Tomographic
SAR )’ Geoscience and Remote Sensing, IEEE Transactions on, vol.
accepted, no. pp, 2011.

(2]

(3]
(4]
[5]



On the efficiency of proximal methods for CBCT and PET
reconstruction with sparsity constraint

Sandrine Anthoine*, Jean-Francois Aujol**, Yannick Boursier? and Clothilde Mélot*
* Aix-Marseille Université, Laboratoire d’Analyse, de Topologie et Probabilités, CNRS, Marseille, France
** Université Bordeaux 1, Institut de Mathématiques de Bordeaux, Talence, France
§ Aix-Marseille Université, Centre de Physique des Particules de Marseille, CNRS/IN2P3, Marseille, France

I. INTRODUCTION

Cone Beam Computerized Tomography (CBCT) and Positron
Emission Tomography (PET) Scans are medical imaging devices
that respectively provide anatomical and metabolic complementary
information on the patient. X-ray absorption is an intrinsic physical
property of biological tissues, but the dose delivery necessary to get
an image can theoretically be lowered by improving the detection
efficiency of the scanner. Similarly, the dose of active radiotracer
injected to the patient before a PET-Scan as well as the duration of
the exam have to be lowered. The models considered come directly
from the physics of the new generation acquisition devices, and take
into account the specificity of the (Poisson) noise.

For the CBCT modality, we denote by . € Rl the unknown
attenuation vector indexed by i € {1,---,I1} and y € R7t the
measurements indexed by j € {1,---,Ji} (J1 << I1). More
precisely, if the CBCT camera contains M pixels, a tomographic set
of measurements y is obtained with © angles of projection so that
J1 = M®©. For a monochromatic beam of X-ray, the Beer-Lambert
law provides the following acquisition model in a discrete setting :
y; ~ P(zjexp(—[Ap];)), where P(X) is a Poisson distribution
with parameter A and z; stands for the number of photons emitted
by the source within the solid angle relative to the pixel j. The linear
operator A, called the system matrix, is a numerical implementation
of the operators of projection that fully describes the geometry of the
acquisition system. The coefficient a;,; of A typically characterizes
the probability that any event occurring on a photon in pixel ¢ will be
detected on pixel j. We model the measurements as independently
distributed pure Poisson random variables since new generation
photon-counting detectors are not affected by dark noise classically
modeled by additive Gaussian noise.

We model the data acquisition of PET-Scan in a similar way so that
w; ~ P([Bv];), where v € R’2 denotes the concentration activity
vector to reconstruct, w € R72 the vector of measurements and B
the system matrix which describes the full properties of the PET-Scan
(J2 << I). Since the Poisson likelihood reads: P(Y = y|X =) =
‘Z—i’ exp (—), the negative log-likelihood £ for each modality is:

Lot (p) = i {yj [Ap]; + 2 exp (— [ANL) } M
Lppr(v) = f: {[Bv]j —w; loge([BU]j)} )

with the notation: log, (z) = log(z + €). Since these problems are
ill-posed, we add a regularization term J to the data fidelity term £

25

and we consider the following problems:

f =argmin Lo (p) + J(p) 3)
pn>0
© =argmin Lpgr(v) + J(v) 4)

v>0
II. ALGORITHMS AND RESULTS

We propose various fast numerical schemes to compute the solu-
tion, depending on the regularization choice. Regularizations based
on Total Variation norm and sparsity-inducing ¢;-norm on a tight
frame (wavelets, curvelets, etc.) have been investigated. In particular,
we show that a new algorithm recently introduced by A. Chambolle
and T. Pock is well suited in the PET case when considering non
differentiable regularizations. Numerical experiments on simulations
and real data for several level of X-ray dose (for CBCT) and radio-
tracer dose (for PET) indicate that the proposed algorithms compare
favorably with respect to well-established methods in tomography.
First results are displayed on Figure 1.

Fig. 1. CBCT (top row) : ground truth (left), reconstruction for 1000 photon
counts with a TV reg. (accelerated Forward-Backward splitting) (middle),
state-of-the-art (right). TEP (bottom row) : ground truth (left), reconstruction

pour 200000 gamma counts with a TV reg. (Chambolle-Pock algo.) (middle),
state-of-the-art (right). REFERENCES
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I. BACKGROUND

Techniques based on Compressive Sensing (CS) are being de-
veloped for application in Magnetic Resonance Imaging (MRI) and
X-ray Computed Tomography (CT) [1]. CS-inspired Total Variation
(TV)-minimization algorithms have been demonstrated to produce
accurate CT images from less data than required by standard Filtered
Back Projection [2], [3], by exploiting approximate sparsity in the
gradient of cross sections of the human body. The amount of data in
CT, i.e., the number of measurements, is intrinsically tied to the X-ray
dose delivered to the patient. As even a single diagnostic CT scan can
lead to significantly increased risk of radiation-induced cancer [4], it
is clear that a major reason to pursue CS-inpired CT algorithms is
the potential for low-dose X-ray imaging.

One practical consideration for medical imaging based on CS is
the extremely large system models involved; in CT, for example,
image arrays with 10° voxels are standard. Such large systems are
challenging to solve accurately in acceptable time. Complicating this
issue is the fact that clinically relevant features are often very small
— occupying only a few voxels. As result both global and pointwise
convergence of algorithms solving CS-based optimization problems
may have clinical impact. To demonstrate this issue we examine a
realistic simulation of CT for breast cancer screening.

II. THE PRESENT STUDY

Breast CT imaging is being considered as a replacement for
mammography in screening for early-stage diagnosing of breast
cancer. One particular indicator of breast cancer is formation of
microcalcifications — very small, highly attenuating calcium deposits.
For screening, low-dose imaging is pertinent to minimize accumu-
lated X-ray dose, while accurate and reliable microcalcification shape
and attenuation reconstruction is crucial for precise diagnosing.

We consider nonnegativity-constrained TV-regularized image re-
construction in order to exploit gradient sparsity to compensate for the
few-view projection data. We investigate in simulation studies, both
using ideal data from a discrete model and more realistic data from
a continuous model, as well as real CT scanner data, requirements
on the number of views, noise level and choice of regularization
parameter for accurate reconstruction of small objects.

One concern, in particular for small objects, is that TV-
minimization is contrast reducing [5], but this can to some extent
be controlled by choice of regularization parameter.

Another practical concern, that we address in the study, is the
choice of stopping rule in the minimization algorithm. Two com-
monly used stopping rules consist of requring sufficiently low data
residual norm or norm difference between succesive iterates, but
as we demonstrate, these choices can be unreliable for ensuring
sufficiently accurate reconstructions. On the other hand rigorous opti-
mization theory-based stopping criteria, such as the KKT conditions,
may lead to impractical running times for real data, where dimensions
of the CT system matrix of 10° x 10° are not uncommon.
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Fig. 1. Profiles through single microcalcification for reconstructions increas-
ingly close to satisfying optimality condition cos @ = —1. Inset: 150% pixel
region of interest of full 20482 pixel reconstruction for cos @ = —0.999998.

We compare the use of different stopping rules for small object
reconstruction, including KKT conditions, the gradient map criterion
[6] and the cosine alpha criterion suggested for constrained TV-
minimization in CT [3]. As an example we consider a 20482 pixel
reconstruction of a breast phantom with five small microcalcifications
from 64-view data with a 1024-bin detector subject to a realistic noise
level. We show four reconstructions increasingly close to satisfying
the optimality condition cos a« = —1 from [3], where « is the angle
between the TV-gradient and the data residual gradient.

We observe a non-uniform convergence across the image, in the
sense that although a given iteration may be accurate in most of the
image, some features, in particular small objects, may not be. Such
inadequate reconstructions can have significant clinical implications,
and we discuss strategies to ensure reliable reconstruction.
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[. INTRODUCTION

Magnetic resonance imaging (MRI) raw data is acquired as a set
of lines in the Fourier domain (aka k-space), typically lines covering
all k, locations for a discrete set of k, locations. For dynamic MRI,
several time frames are recorded to form a movie. Since each line
is sampled at the Nyquist rate in the x direction, the dynamic MRI
reconstruction can be performed slice by slice for each = location
independently. Optimal undersampling strategies for dynamic MRI
are generally based on tiling of the signal support in the 2D Fourier
domain (y, f), where f is the frequency with respect to time (¢) [1],
[2]. This is the 2D equivalent of the standard 1D sampling theory. The
achievable acceleration, compared to Nyquist sampling of each time
frame, is limited by how packable the (y, f) support is with respect
to tiling. We here consider a hybrid strategy in which the support is
split into two parts that are individually much more packable than
the full support. This allows us to reach higher acceleration factors.
Compressed sensing (CS) related ideas are then used to detect the
support and reconstruct the full signal.

II. PHASE CONTRAST CAROTID BLOOD FLOW MRI

Measurement of carotid blood flow can be achieved via MRI
using a technique referred to as “velocity encoding”. This involves
acquiring two sets of time frames, applying velocty encoding on one
and using the other one as a reference. The velocity information
can then be obtained as the phase difference between the two sets
of frames. For a typical (y,t) slice at a given x going through the
right common carotid artery (RCCA), the signal support in the (y, f)
domain can be modelled as a cross (see Fig. 1). The support can be
viewed as the combination of a static part with only DC frequency
content and a dynamic part that is localized in a small region of
interest (ROI) corresponding to the RCCA. Importantly, the location
of the dynamic ROI is not known a priori.

III. SPLIT SUPPORT UNDERSAMPLING STRATEGY

We consider a sampling strategy composed of two sampling
patterns as shown in Fig. 2. Pattern (a) is adapted to the dynamic
part of the support. Assuming the width of the band is B pixels, B
parallel lines allow the reconstruction of the dynamic part, provided
its location can be detected. Pattern (a) is a multi-coset sampling
pattern containing two such sets of parallel lines, which guarantees
the detection [3]. Pattern (b) is adapted to the static part. Each k,
location is sampled once, which results in standard Nyquist sampling
of that part.

IV. DETECTION OF THE DYNAMIC PART AND SIGNAL
RECONSTRUCTION

Assuming an upper bound B on the size of the dynamic ROI is
known, the detection of the ROI can be achieved by an exhaustive
search strategy assuming the ROI support is made of one block of
pixels. If the image has N lines, only N — B + 1 supports need to
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Fig. 1. Left: Carotid slice with the
RCCA marked in yellow. An z slice going
through the RCCA is marked in blue.
Right: signal support model: static signal
(dark gray) and dynamic ROI (light gray).

Fig. 2. Sampling patterns
(5% acceleration). (a) pattern
adapted to the dynamic part.
(b) pattern adapted to the static
part.

Fig. 3. Velocity estimation
(Wiener deconvolution) (red) and
reference (blue) for two repre-
sentative voxels. (a) voxel in the
center of the RCCA. (b) voxel
close to the artery wall.
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be tested which is not untractable. Once the dynamic ROI has been
detected, the full static and dynamic (y, f) signal support is known
and the full signal can be reconstructed by fitting a signal with that
(y, f) support to the measurements from patterns (a) and (b) in the
least squares sense. Also a Wiener deconvolution type of solution can
be obtained assuming slightly more a priori knowledge on the (y, f)
signal and the measurement noise.

The proposed methodology has been simulated by undersampling
data from fully sampled acquisitions. Typical performance for two
representative voxels is shown in Fig. 3. The accuracy of the
estimation is limited by the noise in the data but the general behaviour
is well-preserved.

V. POSSIBLE EXTENSIONS

Two simple extensions can be considered. First it is possible to
detect and reconstruct multiple dynamic ROIs using more sets of
parallel lines in pattern (a) [3]. Second, a low-pass support can
be considered instead of the static support. This would allow the
application to situations where the MRI signal has one (or several)
main dynamic ROI and some less dynamic content otherwise, but not
necessarily static.

REFERENCES

[1] B. Madore, G. H. Glover, and N. J. Pelc, “Unaliasing by fourier-encoding
the overlaps using the temporal dimension (unfold), applied to cardiac
imaging and fmri,” Magnetic Resonance in Medicine, vol. 42, pp. 813—
828, 1999.

N. Aggarwal and Y. Bresler, ‘“Patient-adapted reconstruction and acquisi-
tion dynamic imaing method (PARADIGM) for MR1,” Inverse Problems,
vol. 24, 2008.

P. Feng, “Universal minimum-rate sampling and spectrum-blind recon-
struction for multiband signals,” Ph.D. dissertation, University of Illinois,
1998.

(2]

3

—



Denoising signal represented by mixtures of multivariate
Gaussians in a time-frequency dictionary

Emilie Villaron, Sandrine Anthoine and Bruno Torrésani
Université de Provence - CNRS
Laboratoire d’Analyse, Topologie et Probabilités, UMR CNRS 6632
39 rue Joliot-Curie, 13453 Marseille Cedex 13
Email: {villaron, anthoine, torresan} @cmi.univ-mrs.fr

Abstract—In this paper, we derive an algorithm to denoise a signal
generated via its synthesis coefficients on a redundant time-frequency
dictionary, the coefficients following a multivariate mixture of Gaussians
models. The crux of the problem is that correlations reside both in the
model of the coefficients and naturally in the dictionary. We propose and
prove the convergence of a “Majorization-Minimization” algorithm to
solve this problem. We also advise a particular structure for the dictionary
and covariance of the noise that allow to solve efficiently the matrix
inversions needed in the algorithm.

I. INTRODUCTION

Signal denoising algorithm based on redundant decompositions
over a dictionary usually assume that the coefficients are decorrelated.
Although this yield interesting results, this hypothesis may not always
be realistic, e.g. for signals propagating in a complex environment.
With applications to the analysis of neurophysiological and BCI
signals in mind, we tackle the denoising problem when the synthesis
coefficients are modeled as multivariate mixture (which would model
different brain states).

We propose a denoising algorithm in the case of mixture of
correlated Gaussians when the covariances are known and show its
convergence. Furthermore, we argue its efficiency when the dictionary
has some translation-invariance properties which we define.

II. THE PROBLEM

In R®, consider a dictionary represented by its matrix ® € RF*T

(with T" > R ) and observations of the form

s=dy+5b (€))]

where b € RT is a zero-mean Gaussian noise with covariance 3o,
and y € R” is a random vector whose distribution is a multivariate
zero-mean Gaussian mixture. We denote by 31,..., Xk € RTXT
the covariance matrices and pi,...,px the mixing parameters so

that the density of y can be written :
1 .o
(*52/ Z 1y) )

The maximisation of the log-likelihood associated with this model
and an observed signal s leads to the optimization problem

ply) = Zpk X ((27T)T det Zkr% exp

k=1

§ = argmin § (s—®y)* 5" (s—Py) — logp(y) = arg min L(y),
yeRT yeRT
3

to be numerically solved. The correlations between synthesis coeffi-
cients prevents us from using usual approaches to do so.

IT1I. ESTIMATION

In order to address Problem (3), we introduce an “MM” approach
(for Majorization-Minimization, see for example [2]) which relies
on minimizing a majorizer of L.
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Letus set C(y) = —log(p(y)), and A = L S°%  ppX, . Using
Jensen’s inequality, one can find a quadratic function )+ majorizing
the negative-log-likelihood L and being tangent to L at the current
estimation point y¢. Its minimum can be analytically found and
general theorems on MM algorithms [3] lead to:

Proposition 1: Denote M = (®*X7"'® + 2(A + A7)) and V;
VC(y:) — 2(A + M1)y:. The iteration

Yo — Yy =M (<I>TZO_IS — Vt) 4)

converges to the minimum of L.

Let us note that this update requires the inversion of the matrix
M € RT*T where T can be large. Simplifying hypotheses can help
alleviate this problem in real situations.

IV. TRANSLATION-INVARIANT DICTIONARIES

To invert M efficiently even when L and T are large, we consider
cases where the structure of A, ¥ and ® renders M block circulant.
This is in particular the case when 1) Yo is circulant; 2) A is
block-diagonal with identical Hermitian blocks and 3) we use doubly
indexed dictionaries that are translation-invariant in the sense:

Definition 1: A dictionary & is invariant by (circular) translations
if the columns of ® verify

Or[k] = dmnlk] = dom[k—m], m=0,...M—1, n=0,...N—1.

Note that in this case the Gram matrix of the dictionary is block-
circulant (i.e. (2*®),\, = (Dmn, O ) = (Prm—m’ n> Po,n'))-
Examples of such dictionaries are: translation-invariant wavelet
frames, real Gabor dictionaries that may be translation invariant in
time or in frequency. M being block-circulant, it may be diagonalized
using the Fourier transform [1], yielding M = F*PF with P
invertible block-diagonal and F being the Kronecker product of the
standard Fourier transform and the identity. Eq. (4) is then solved via

Pz =2z, , where z = Fy and mt:F<i2<I>*s—Vt> )
=)

V. CONCLUSIONS

This paper shows that denoising signals on a redundant dictionary
taking into account both the correlation of the coefficients and that of
the noise is possible when the structure of the dictionary and noise
are compatible. Here the considered model is a mixture of correlated
Gaussians but this work may be extended to other similar models.
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Abstract—We develop a randomized block-coordinate descent method
for minimizing the sum of a smooth and a simple nonsmooth block-
separable convex function and prove that it obtains an e-accurate solution
with probability at least 1 — p in at most O((2n/¢) log(1/ep)) iterations,
where n is the dimension of the problem. This extends recent results of
Nesterov [2], which cover the smooth case, to composite minimization,
and improves the complexity by a factor of 4. In the smooth case we give
a much simplified analysis. Finally, we demonstrate numerically that the
algorithm is able to solve various /;-regularized optimization problems
with a billion variables.

I. INTRODUCTION
We consider the unconstrained convex optimization problem
min F(z) £ f(z) + 0 (2), 1
where f is smooth and W is block-separable. By z* we denote an
arbitrary optimal solution of (1) and by F™* the optimal value.

A. Block structure

Let (U1,...,Un) be a block decomposition of (a column per-
mutation of) the N x N identity matrix, with U; € RNV *Ni
and > N; = N. Any = € RY can then be represented
Z;;luix“), where 2V € RY:, and we will write
z = (.. ;™). Let || - lliys I - I{;) be a pair of conjugate
Euclidean norms in R™?,

Smoothness of f means that the gradient of ¢t — f(z + U;t) is
Lipschitz at ¢ = 0, uniformly in = for all 7, with constants L; > 0:

"1 (@ + Uit) = F'(@)]llGy < Lilltllsy, @ € RY, ¢ € RN (2)
Block separability of ¥ means that ¥(x) = 31", ¥;(2?).
B. Examples of ¥
o Unconstrained smooth minimization: V(z) = 0. Iteration com-
plexity analysis in this case was done in [2]. Our results (not in
this abstract) are slightly better and analysis much simpler.
e Block-constrained smooth minimization: ¥;(x) = indicator
function of some convex set in R™¢,
o (1-regularized minimization: V(xz) = M||z||1. In machine learn-
ing, this helps to prevent model over-fitting [1] and in com-
pressed sensing this is used to recover sparse signals [3].

as r =

II. THE ALGORITHM AND ITS ITERATION COMPLEXITY
n 2 1
Let us define a norm on R™ by |||/, = (321, Li|z >H%i))2.
Theorem 1. Choose o € RY and 0 < ¢ < QRQL(CL‘()), where
R32 (x0) = max,{max,+ |z — 2*||3 : F(zx) < F(xo)}. Further,
pick p € (0,1) and let

k> 2nR% (z0) log (F(m0)7F*> .

pe

If xr is the random vector generated by Algorithm 1, then
Prob(F(zx) —F*<e¢)>1—p.

Peter Richtarik
School of Mathematics
The University of Edinburgh
Email: Peter.Richtarik@ed.ac.uk

Algorithm 1 Uniform Coordinate Descent for Composite Functions
for £k=0,1,2,... iterate
Choose i, =7 € {1,2,...

i . L;
T = arg min (Vf(zx), Ust) + 2|3 + O (zn + Ust)
teRNi 2
Tpp1 =z + UTD

,n} with probability =

ITI. NUMERICAL RESULTS
We will apply Algorithm 1 to random instance of (1) with

f(@) = gl Az —bll3,  V(2)=|lz]s, 3)

2

where b € R™, A € R™*" N =n.

In the first table below we present duration time (in seconds) of n
iterations of Algorithm 1 applied to problem (1), (3) with a sparse
solution z* and random sparse matrix A. By || - ||o we denote number
of nonzero elements.

||5'7*H HAHO =108 ”A”O =10°
O || 107 x 10® | 108 x 107 || 107 x 105 | 10® x 107
16 x 107 5.89 11.04 46.28 70.48
16 x 103 5.83 11.59 46.07 59.03
16 x 10* 4.28 8.64 46.93 77.44

Let us remark that n = 107 iterations in case when m = 10® and
A has a billion nonzeros are executed in about 1 minute. In order
to get a solution with accuracy e = 10™°, one needs approximately
40 x n iterations. In the next table we illustrate, on a random problem
with m = 107,n = 10°, |Aljo = 10® and ||z*|jo = 16 x 102, the
typical behavior of the method in reducing the gap F'(xy) — F™.

k/n H F(zy)— F* \ [|zx]o \ time [sec.]
0.0010 <10 857 0.01
15.2320 < 10 997944 65.19
20.6150 < 108 978761 88.25
25.9120 < 108 763314 110.94
30.6620 < 10* 57991 131.25
35.0520 < 102 2538 150.02
38.2650 < 10° 1633 163.75
40.9880 <107t 1604 175.38
42.7140 <107* 1600 182.77
44.8600 <107° 1600 191.94
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Abstract—It has been established recently that sparse non-negative
signals can be recovered using non-negativity constraints only. This
result is obtained within an idealized setting of exact sparsity and
absence of noise. We propose non-negative least squares — without any
regularization — followed by thresholding for the noisy case. We develop
conditions under which one can prove a finite sample result for support
recovery and tackle the case of an approximately sparse target. Under
weaker conditions, we show that non-negative least squares is consistent
for prediction. As illustration, we present a feature extraction problem
from Proteomics.

I. INTRODUCTION

In various applications, the sparse target 3 € R? to be recovered
is known to be non-negative. Several recent papers discuss to what
extent this additional prior knowledge may simplify the problem of
recovering 3% from m, n < p, uncorrupted linear measurements
y = XpB*. In [1], [2], [3], it is pointed out that /;-minimization
is no longer needed if the set A = {8 : y = X3, B = 0} is
a singleton. Donoho and Tanner [2] study the faces of the cone
XR% generated by the columns of X, showing that for random
matrices with entries from a symmetric distribution, A fails to be
a singleton with high probability if n < 2p already for s = 0, where
s=15|, S={j: 67 > 0}. On the other hand, they show that with
X as the concatenation of a row of ones and a random Gaussian
matrix X, the faces of X} are in a one-to-one relation with those of
)?Tp’l, where TP~ is the standard simplex in R, i.e. A is a single-
ton if and only if argming 178, A= {3: X3" = X3, 8= 0}
is. A similar result is shown in [3] with X replaced by a random
binary matrix. In [4], we have generalized these two positive results
to concatenations of random isotropic sub-Gaussian matrices and a
row of ones as well as to random matrices with entries from a sub-
Gaussian distribution on Ry. A major shortcoming of these results
is that they are derived within a little realistic noise-free setting,
and it is unclear how they can be transferred to the noisy case.
Contradicting the well-established paradigm in statistics suggesting
that a regularizer is necessary to prevent over-adaptation to noise, we
show that such a transfer is indeed possible.

II. SPARSE RECOVERY FOR THE NOISY CASE
A. Approach

In [4], we assume that y = X (3" + ¢, where € is zero-mean S/Elb-
Gaussian noise with parameter o. We suggest to find a minimizer 3 of
the non-negative least squares (NNLS) criterion mingsxo ||y — X 5||3
first, and to estimate the support .S of 3* by §Q\) ={j:B;(\) >0},
where 3()\) is obtained by hard thresholding 3 with threshold A > 0,
i.e. all components of  smaller than X are set to zero.

B. Key condition and main result

In the noiseless case, S can be recovered if XsR% is a face of

X Rﬁ, i.e. there exists a hyperplane separating the cone generated

by the columns of the support { X} cs from the cone generated by

the columns of the off-support {X;};cse. For the noisy case, we
employ a quantitative notion of separation captured by the constant

7(S)= max 7 sbt. Xdw =0, n_1/2Xchw =7l

™, wil|wl|y <1

From convex duality, it is easy to see that 7(S) equals the distance
of the subspace spanned by Xgs and the simplex generated by
Xge. Based on this relation, we investigate how 7(S) scales in
dependency of n, p, s. We find that 72(S) is of the order s~ minus
a random deviation term for the random designs well-suitable for
sparse recovery in the noiseless case as mentioned in Section 1.

A brief, qualitative version of our main result is as follows.

Theorem. Set A > % 298P Jf minjes B > X, A= AC(9),
for a constant C(S), B()\) satisfies ||§()\)—ﬁ*||oO <X, and S(\) =

S, with high probability.

III. APPROXIMATELY SPARSE TARGETS

Using a lower bound on 7(S) again, we can bound the reconstruction
error as long as 3* is concentrated on components in S.

IV. PREDICTION CONSISTENCY

We show that for a broad classes of non-negative designs, NNLS pos-
sesses a ’self-regularizing property’ which prevents over-adaption to
noise. For these designs, the mean square prediction error n™* || X 5 —

X 3*||3 is upper bounded by a term of order O(||3* ||, \/log p/n), a
result resembling that obtained in [5] for ¢;-regularized least squares.

V. APPLICATION

An important challenge in the analysis of protein mass spectrometry
data is to extract peptide masses from a raw spectrum. In [6],
this is formulated as a sparse recovery problem with non-negativity
constraints in the presence of heteroscedastic noise. It is demonstrated
that NNLS plus thresholding with a locally adaptive threshold out-
performs standard sparse recovery methods.
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Abstract—We propose a new approach to subspace clustering based
on sparse representation. We exploit the fact that each data point in a
union of subspaces can always be written as a sparse linear or affine
combination of points in its own subspace. This allows us to build a
similarity matrix, from which the segmentation of the data can be easily
obtained using spectral clustering. We show that under mild assumptions
on the principal angles between subspaces and the distribution of the data,
the sparsest representation can be found efficiently by solving a (convex)
{1 optimization problem. Our work extends the sparse representation
theory from one to multiple subspaces without the assumption of
uniqueness of the representation. Also, our approach has the following
advantages over the state of the art: it is computationally efficient, it
requires no initialization, can deal with both linear and affine subspaces,
can handle points near the intersections, noise, outliers, and missing
data. We also show that our algorithm significantly outperforms existing
motion segmentation algorithms on 167 sequences.

I. INTRODUCTION

Subspace clustering is an important problem with numerous appli-
cations in image processing (e.g., image representation and compres-
sion) and computer vision (e.g., image/motion/video segmentation).
Given a set of points drawn from a union of linear or affine subspaces,
the task is to find the number of subspaces, their dimensions, a basis
for each subspace, and the segmentation of the data. Over the past
years, several subspace clustering algorithms have been proposed
(see [1]). Among them, methods based on sparse representation [2],
[3] are gaining significant prominence, because of their ability to
handle noise, outliers and missing information. This paper discusses
the sparse subspace clustering (SSC) algorithm, which is a subspace
clustering method based on the sparse representation theory.

II. SPARSE SUBSPACE CLUSTERING

Let {y,}_, be a collection of N = >_" | N; points drawn from
arrangement of 7 linear subspaces of RY, {S;}7,, of dimensions
{d; < D}™,. Let the columns of Y; € RP*Ni denote the N;
points drawn from subspace S; and let Y = [Yl, ey, YT
be the matrix containing all the data points, where I' € RV *™ g
an unknown permutation matrix which specifies the segmentation of
data. We assume that we do not know a priori the bases for each one
of the subspaces nor do we know which data points belong to which
subspace. The subspace clustering problem refers to the problem of
finding the number of subspaces, their dimensions, a basis for each
subspace, and the segmentation of data from the matrix Y alone.

SSC is based on the observation that each data point in a subspace
can always be written as a linear combination of all the other
data points. However, the sparsest representation is obtained when
the point is written as a linear combination of points in its own
subspace. Given a sparse representation for each data point, the sparse
coefficients are used to build a similarity matrix from which the
segmentation of data is obtained by spectral clustering.

In the following theorem we prove that for disjoint subspaces (each
pair of subspaces intersect only at the origin), under appropriate
condition on the principal angles between subspaces and distribution
of data, the /; minimization finds the sparse representation of each
data point as a linear combination of points from the same subspace.
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Algorithm 1 Sparse Subspace Clustering (SSC)

Input: A set of points {y,}, lying in n subspaces {S;}7;.
1: For every point y,, solve the following optimization problem:

min ||c;||1  subject to  y, = Xic; M

7yN]

: Form a similarity graph with N nodes representing the N
data points. Connect node i, representing y,, to node j # i,
representing y;, by edge weights equal to |c;| + |cjil.

where X; = [y,,. .. yYicr Yig1s- -

: Form the Laplacian matrix L € RV*¥

the n smallest eigenvectors of L.

and apply K-means to

Output: Segmentation of the data: Y1,Y2,...,Y,.

Theorem 1: Given N data points drawn from n subspaces {S; }i—1
of dimensions {d;};—;, let Y'; denote the data points on S; and Y';
denote the data points on the other subspaces. Let W; be the set of all
full rank submatrices Y; € RP*% of Y';. If the sufficient condition

i) > \Fmaxcos( i) (2)
Y, ew,;

is satisfied for all ¢ € {1,...,n}, then for every nonzero y € S;,
the solution to the following optimization problem
0.

~x ~
C; (&
III. APPLICATION TO MOTION SEGMENTATION

max o, (Y

subject to y = [Y,, Y
1

} = argmin

gives the sparse subspace solution with ¢; # 0 and ¢; =

We apply SSC to the problem of separating a video sequence into
multiple spatiotemporal regions corresponding to different rigid-body
motions in the scene. Under the affine projection model, the motion
segmentation problem can be cast as clustering a collection of point
trajectories according to multiple affine subspaces. Table I compares
SCC with other subspace clustering methods on the Hopkins155
motion database, a database of 155 sequences of two and three
motions, available online at http://www.vision.jhu.edu/data/hopkins155.
Clearly, SSC outperforms state-of-the-art methods.

TABLE I

CLASSIFICATION ERRORS (%) FOR SEQUENCES WITH 2 MOTIONS
GPCA |LLMC|LSA|SCC|RANSAC|MSL| ALC |SSC

Checkerboard| 6.09 | 3.96 (2.57[1.30| 6.52 4.46| 1.55 |1.12
Traffic 1.41 | 3.53 |5.43[{1.07| 2.565 [2.23] 1.59 [0.02
Articulated 2.88 | 6.48 [4.10(3.68] 7.25 [7.23/10.70{0.62
All 4.59 | 4.08 |3.45[1.46| 5.56 |4.14| 2.40 [0.75
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Abstract—We consider the problem of fitting multiple subspaces to a
cloud of points drawn from the subspaces and corrupted by noise/outliers.
We propose a rank minimization approach that decomposes the corrupted
data matrix as the sum of a clean dictionary and a matrix of noise/outliers.
By constraining the dictionary elements to be expressible as a linear com-
bination of each other, we formulate the problem as one of minimizing the
nuclear norm of the matrix of linear combinations. For noisy data, this
problem can be solved in closed by applying a polynomial thresholding to
the SVD of the data. For one subspace, our framework reduces to classical
PCA. For multiple subspaces, our framework provides an affinity matrix
that can be used to cluster the data according to the subspaces. For
data corrupted by outliers, we use an augmented Lagrangian approach,
which requires a combination of our proposed polynomial thresholding
operator with the more traditional shrinkage-thresholding operator.

[. INTRODUCTION

Subspace estimation and clustering are very important problems
with widespread applications in computer vision and pattern recog-
nition. This has motivated the development of a number of techniques
based on sparse representation theory and rank minimization [1],
[2], [3], [4]. For instance, [3] shows that a point in a union of
independent subspaces admits a sparse representation with respect
to the dictionary formed by all other data points, such that the
nonzero coefficients correspond to other points in the same subspace.
Moreover, the nonzero coefficients can be obtained as the solution of

min [Clh+$ Bl st D=DC+E and diag(C) =0, (1)

where D is the data matrix, F represents the noise and C' is the
matrix of coefficients. These nonzero coefficients are then used to
cluster the data according to the multiple subspaces. A very similar
approach is presented in [4]. The major difference is that a low-rank
representation is used in lieu of the sparsest representation, i.e.

min |Cll. +al|Bllex st. D =DC+E,

where || E||2,1 = ij:l ,/Z;V:l |E;k|? is the €21 norm of E.

II. SUBSPACE CLUSTERING IN THE PRESENCE OF NOISE

(@)

In this section, we propose the following rank minimization
approach to subspace clustering in the presence of noise:

min_ ||C]]« +g||E'H%‘ st. A=AC and D=A+E. 3)
A,C.E 2

While in principle this problem appears to be very similar to those in
(1) and (2), there are a number of key differences. First, rather than
expressing the noisy data as a linear combination of itself + noise,
ie.,, D = DC + E, we search for a clean dictionary A, which it
is self-expressive, i.e., A = AC. We then assume that the data is
obtained by adding noise to the clean dictionary, i.e., D = A + E.
Thus, our method searches simultaneously for a clean dictionary, the
sparse coefficients and the noise. Second, the main difference with
(1) is that the ¢; norm of C is replaced by the nuclear norm, and
the main difference with (2) is that the ¢ ;1 norm of E is replaced
by the Frobenius norm. As we will show, these changes result in a
key difference between our method and the state of the art: while the
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solutions to (1) and (2) require convex optimization, the solution to
(3) can be computed in closed form from the SVD of D. The proof of
this result will be done in three steps. In Lemma 1 we will relax the
constraint A = AC and add a penalty %||A — AC||% to the cost. We
will show that the optimal solution for C', with A kept fixed, can be
obtained in closed form from the SVD of A. Since the optimal F is
D — A, we will not consider the term 4 || E||%. Then, in Lemma 2 we
will optimize the relaxed cost over both A and C' and show that the
optimal A can be obtained in closed form by applying a polynomial
thresholding to the SVD of D. Finally, in Lemma 3 we will show
that the solution to (3) is given by classical PCA, except that the
number of principal components can be automatically determined.

Lemma 1: Let A= UAVT be the SVD of a A. The optimal solu-
tion to ming || C|[«+ Z||A— AC||% is C = Vi(I— L AT*)V)", where
U = [Ur Us], A = diag(A1,A2) and V = [Vi V3] are partitioned
according to Iy = {i: \; > 1/y/7rand I = {i : \; <1/y/7}.

Lemma 2: Let D = UXV7 be the SVD of the data matrix D. The
optimal solution to mina,c ||C||« + Z||A — AC||% + 2D — Al|%
is given by A = UAVT and C = Vi(I — A7)V, where each
entry of A = diag(\1,...,\,) is obtained from one entry of X =
diag(o1,...,0n) as the solution to

iftA>1/y7

_ A+
a—w(A)—{ ifA<1/y7’

A+ ZA
that minimizes the cost, and U = [U; U], A = diag(A1,A2) and
V = [V4 V3] are partitioned according to I; and Is.

Lemma 3: Let D = UXV7 be the SVD of the data matrix D. The
optimal solution to mina,c ||C||. + £||D — A[|7 st A= AC
is given by A\ = U121V1T and 6 = VlVlT, where Y1, U; and V}
correspond to the the top r = argming k + § Zi>k0']% singular
values and singular vectors of D, respectively.

“

III. SUBSPACE CLUSTERING IN THE PRESENCE OF OUTLIERS

In this section, we propose the following rank minimization
approach to subspace clustering in the presence of outliers:

min [|C]l.+S|D—A—E|3+ <Y,D—A—E > ++||E|1 (5)
A,C.E 2

It follows from Lemma 3 that the optimal solution for C' and A such
that A= AC is A=U1 A, Vi¥ and C =V, V{¥, where Vi corresponds
to the singular values of D — E + o~ 'Y larger than /2/a. Given
A and C the solution for E is obtained by shrinkage thresholding of
D—A+a~'Y . The algorithm proceeds by alternating these two steps.
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Abstract—We develop a novel geometric multiresolution analysis for
analyzing intrinsically low-dimensional point clouds in high-dimensional
spaces, modeled as samples fromd&dimensional setM (in particular, a
manifold) embedded inR?, in the regime d < D. This type of situation
has been recognized as important in various applications,ush as the
analysis of sounds, images, and gene arrays. In this paper ve®nstruct
data-dependent multiscale dictionaries that aim at efficiet encoding and
manipulating of the data. Unlike existing constructions, ar construction
is fast, and so are the algorithms that map data points to digonary
coefficients and vice versa. In addition, data points have augranteed
sparsity in terms of the dictionary.

|. INTRODUCTION

Data sets are often modeled as point cloudg i for D large, but
having some interesting low-dimensional structure, faregle that
of a d-dimensional manifoldM, with d < D. When M is simply
a linear subspace, one may exploit this assumption for émgod
efficiently the data by projecting onto a dictionary éfvectors in
RP (found by SVD), at a cosfn + D)d for n data points. When
M is nonlinear, there are no “explicit” constructions of dciaries
that achieve a similar efficiency: typically one uses eitht@rdom
dictionaries, or dictionaries obtained by black-box ojitiamtion. Such
constructions (e.g. [1], [3], [4]), which typically castethsparsity
requirement as an optimization problem, suffer from mangalo
minima and lack of theoretical guarantees. In this paper ovstruct
data-dependent dictionaries based orgeametric multiresolution

uke University, PO Box 90B2@ham, NC 27708, USA
eh@math.duke.edu

Fig. 1. We apply the GMRA to 2414 (cropped) face images from 38
human subjects in fixed frontal pose under varying illumoratngles.
This figure shows the multiscale approximations, from c@acsfine, of

a data point (top), and the corresponding subset of diatyoekements,
arranged in a multiscale fashion (bottom).

These operators are low-dimensional “detail” operatoredagous to

analysis (GMRA) of the data, inspired by multiscale techniques imhe wavelet projections in wavelet theory, and satisfy, daystruction,

geometric measure theory, to remedy the above deficiencies.

Il. GEOMETRICWAVELETS

Assume we have:, samples drawn i.i.d. from @-dimensional
compact Riemannian manifoldt c R” according to the natural
volume measurelvol on M. We use such training data to presen
how to construct geometric wavelets, though our constuoatiasily
extends to any point-cloud data, by using locally adaptiveedisions.
Multiscale decomposition We start by constructing a multiscale
nested partition ofM into dyadic cells{C} x }rer;,0<j<s in RP.
There is a natural tre& associated to the family: For anye Z
andk € T';, we letchildren(j, k) = {k’ € Tj41: Cj1,00 C Cji}
Multiscale SVD. For everyC;, we define the mean (ilR”) by
¢;r = Elz|z € Cj,] and the covariance byov;; = E[(z —
Cik)(x—C k)" |z € C; k). Letthe rankd SVD of cov;,, becov; i, =
;12,1 P} . The subspace spanned by the columnsbgf, and
then translated to pass througfy., (®;,x) +¢;,x, iS an approximate
tangent space to\t at locationg; , and scale2™7. We define the
coarse approximations, at scaleto the manifold M and to any
point x € M, as follows:

M; = UkEFjP',k(Cj,k),

xzj = Pjr(z),z€Cir, (1)

where P; i is the associated affine projection € ;.
Multiscale geometric wavelets We can then introduce our wavelet
encoding of the difference betweelt; and M., for 5 < J.
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Geometric Wavelet Transforms (GWT). Given a GMRA structure,
we may compute a discrete Forward GWT for a painke M that

maps it to a sequence of wavelet coefficient vectors:

t (3)

whereg; . := ¥} .(x; — ¢j.). Note that, for a fixed precision >

0, ¢= has a maximum possible lengtl + 3 log, 1)d, which is
independent ofD and nearly optimal ini [2].

Sparsity The geometric wavelet dictionary may be constructed effi-
ciently and is associated with efficient direct and inversagforms.
Depending on the geometric regularity of the data, it presidparse
(compressible) representations for data points.

Gz = (qJ,$7 qi—1,zy---5q1,x, qoym)
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Modeling Statistical Dependencies in Sparse Representations
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Abstract—In this work we consider a Bayesian setting for sparse
representation modeling and use the Boltzmann Machine (BM) to sta-
tistically model dependencies in the representation vector. We show that
the exact MAP/MMSE estimation for the general case is computationally
complex, and we propose a greedy approximation for both. Considering
the special case where the dictionary is unitary, we derive a message-
passing algorithm that leads to an exact MAP estimation. We further
show that the MPM estimation improves over the MAP one for this case.
Finally, when the model parameters defining the underlying graph are
unknown, we suggest an algorithm that learns these parameters directly
from the data using a Maximum-Pseudo-Likelihood approach.

I. BACKGROUND

The classic assumption of independence between the dictionary
atoms in sparse representation modeling is often wrong. In this work
we introduce such a structure to the representation vector in a flexible
and adaptive manner. We consider a signal y that is built as y = Az+
e, where A is a dictionary of size n-by-m, x is a sparse representation
vector and e is additive white Gaussian noise with variance o2. We
denote the sparsity pattern of = by S € {—1,1}™ (S; = 1 implies
x; # 0). We assume a Gaussian distribution with zero mean and
variance 0920,2' for each nonzero representation coefficient z;. The core
of our model lies in the prior distribution we place on the sparsity
pattern. We follow the suggestion of [1], [2] and assume that the
sparsity pattern is modeled by a Boltzmann machine (BM),

Pr(S) = %exp (st + %STWS> . )
This is a convenient graphical model for describing statistical de-
pendencies between a set of binary random variables. The BM
distribution can be easily represented by an MRF - a bias b; is
associated with a node ¢ and a nonzero entry Wj; in the interaction
matrix results in an edge connecting nodes ¢ and j with the specified
weight. The BM can serve as a powerful prior on the support in the
signal model, as it can achieve sparsity and at the same time capture
statistical dependencies and independencies in the sparsity pattern.
Using the BM as a model for the support, several questions naturally
arise: how to perform pursuit for finding the sparse representation,
and how to find the model parameters W, b. In our work we address

these two questions, as described below'.

II. OUR WORK CONTRIBUTION

We adopt a Bayesian point of view, aiming to recover « from y. For
general dependency models, we show that exact MAP and MMSE
estimation of the sparse representation becomes computationally
complex. To simplify the computations, we suggest using a greedy
approach, which approximates these estimators and is suitable for
any set of model parameters. For approximate MAP estimation we
suggest an OMP-like algorithm, that starts with an empty support,
and adds one entry at a time by greedily maximizing the posterior
Pr(S|y). Once the support is found, an oracle formula is used to

IParts of this work are reported in [5], [6] and others are new.
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estimate the non-zero entries in the representation. We also consider
a thresholding-like version of this algorithm.

For the MMSE approximation we imitate the Random-OMP algo-
rithm [3]: Instead of adding to the support the element that maximizes
the posterior in each iteration, we make a random choice with
probabilities proportional to this posterior’s marginals. Second, we
perform several runs of this algorithm and average the resulting sparse
representations to obtain the final estimate for z.

When the dictionary is square and unitary, the BM distribution
is a conjugate prior of the estimation problem. Based on this
observation, we get that finding the MAP estimator for S becomes
an inference task on a modified BM. We propose to handle this NP-
hard computational task by assuming a banded interaction matrix W,
and using an efficient message passing algorithm for obtaining the
exact MAP estimate. Furthermore, we explore the MSE for various
estimators and develop an expression for the error of a Bayesian
estimator, based on the single-node marginals of the posterior. We
observe that the Maximum Posterior Marginal (MPM) estimator for
the support leads to optimal performance (in terms of MSE) among all
estimators that are based on a single support. Finally, we develop an
expression for the MMSE estimator and show how it can be evaluated
and the gap between this and the MPM.

Finally, we study the problem of learning the Boltzmann parame-
ters of the underlying graph from a set of supports. We develop an
efficient algorithm which is based on a maximum pseudo-likelihood
(MPL) approach and uses the sequential subspace optimization
(SESOP) method for solving it [4]. We demonstrate the effectiveness
of our proposed adaptive BM-based approach, by performing de-
noising experiments on image patches using a fixed DCT dictionary
and learned BM parameters. The results show an improvement of
~ 1[dB] over plain OMP denoising on these patches.
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Abstract—In this work, we present a source localization method for
broadband sources impinging from the far-field on a uniform linear
array (ULA) of sensors, based on a group sparsity structure over the
different frequency bands and the joint sparsity structure over several
time snapshots.

I. SPARSITY BASED NARROWBAND SOURCE LOCALIZATION

Source localization has been an active research field, playing
fundamental role in many signal processing areas such as radar,
sonar, seismology and acoustic tracking. The problem may also be
referred to as Direction-of-arrival (DOA) estimation, when arrays of
sensors are employed, and its main objective is to give an estimate
of the spatial energy spectrum and therefore determine the number
and location of the sources of energy corresponding to the peaks of
the spatial spectrum.

The emerging field of sparse representations and compressed
sensing (CS) has given renewed interest to the problem of source
localization. The concept of spatial sparsity was first introduced in
[1], where it was shown that the source localization problem can
be cast as a sparse representations problem in a redundant dictionary
and the £1-SVD method was proposed for the recovery of the inverse
system.

In [2], the dicionary is generated after the discretization of the
angular space, containing the impulse responses for each potential
direction of arrival. The dictionary is overcomplete meaning that the
number of sensors is smaller than the number of possible locations
(DOAs). Therefore, considering a linear array of M sensors, the array
output can be expressed as:

y(t) = ®s(t) + n(?) )

where s(t) is a k-sparse vector of length N, y(t) is a M x 1
measurements vector of the array of sensors and n(t) is the additive
noise vector. ® is a redundant dictionary as M < N, which contains
the array responses of the potential angles of arrival:

® =[a(6y),...,a(0n)] )

The sparse solution to the above underdetermined system of linear
equations can be approximated using convex optimization (e.g. Lasso
or BPDN) or greedy approaches (e.g. OMP, CoSaMP, IHT etc.).

However, this single snapshot approach requires that the inverse
problem should be solved at each time index separately. By taking
multiple snapshots and assuming that ths sources are not moving, as
described in [2], we can formulate the source localization problem as
a multiple measurement vector (MMV) joint sparse recovery problem,
exploiting the fact that the sources will share a common support over
all time snapshots:

Y=®S+N 3)
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where Y and N are M x L matrices and S is a N x L matrix with
L equals the number of time snapshots. Therefore, by enforcing only
spatial sparsity and not temporal one can use convex optimization
(e.g. £1/¢2 minimization) or greedy methods (e.g. SOMP) to recover
the joint sparse entries.

II. PROPOSED APPROACH FOR BROADBAND SOURCES

The described source localization methods of the previous section
assume that the impinging sources on the array of sensors are
narrowband centered at a carrier frequency. In the case of broadband
sources, we first need to transform the data into the time-frequency
domain and assume that each frequency bin contains the energy of
k narrowband sources. Also, in the broadband scenario the manifold
matrices (or redundant dictionaries) are different for different fre-
quency bands due to the fact that the central carrier frequency varies.
Subsequently, a naive approach could be to use the joint sparsity
model for several time snapshots at each frequency bin wyg:

Y, = &,S, + N,. @)

However, assuming that the sources are stationary, we expect
that the sparse support will be common for all different frequency
bins. Therefore, the proposed approach by interleaving the values
of the solution vector appropriately, exploits the additional structure
of grouped sparsity over all frequency bins. This proves to be quite
beneficial as the proposed approach suppresses the undesirable effects
of spatial aliasing.

More specifically, experiments showed that by choosing the spac-
ing of the linear array to be much larger than half the wavelength of
the highest frequency, the algorithm can still achieve super-resolution
recovering the correct support, corresponding to the unknown DOAs,
over all frequencies. Therefore, for the specific setting the algorithm
outperforms the single frequency bin spatial sparsity approach as well
as other conventional array processing methods such as MUSIC and
Capon’s beamformer.
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I. INTRODUCTION

Penalization methods that build on the ¢;i-norm, referred to as
Lasso procedures, are now widely used to tackle simultaneously
signal estimation and feature selection in high-dimensional problems.
In this framework, providing the signal with an a priori meaningful
group structure beyond mere signal sparsity is an efficient way to
improve performances.

Here we propose a new regularization term which builds upon the
assumption that groups are sign-coherent, namely that coefficients
within a group are either all null, non-negative or non-positive.
Thanks to this apparently strong assumption on the signal structure
we gain in flexbility in the inference of sparsity patterns. As a result
our method acquires robustness to possible miss-specifications in the
group structure compared to the group-Lasso [1], without paying the
price of an additional penalty term as for the sparse group-Lasso [2].

This framework is large enough to cover settings where groups are
derived a priori from the experimental design or defined empirically
from the correlation structure among covariates. In both cases, the
aim is to gather redundant or consonant variables in the same group,
so as to force them to collaborate instead of conflicting with each
other. Multitask datasets, where observations are split into tasks with
distinct but supposedly close underlying signals, particularly fit this
framework (see [3] in the context of Gaussian Graphical model
inference). Note that flexibility in the sparsity pattern is essential in
this multitask setting, allowing some tasks not to follow the overall
pattern punctually.

II. COOPERATIVE-LASSO

Let Y be the response random variable from the exponential
family that we want to predict from a size-p random vector
X = (X*',...,XP), assuming the existence of a function g and
a parameter B* such that E(Y|X) g(XB*). We assume that
covariates X = (X',...,XP) are partionned into K groups Gy,
k = 1,..., K such that the true support of 3, namely the set of
non zero coefficients S = {j € {1,...,p}, 8 # 0}, is linked to this
group structure. We observe a sample of size n which we represent
by a size n vector y and a size n X p matrix X.

For any vector v, let v and v~ be the componentwise positive
and negative parts of v. We call coop-norm of v the sum of group-
norms on v and v_.

K
k=1

Denote by #(y,X;3) the negative log-likelihood. The coop-Lasso

estimate of 3* is

~coop

B =arg minl(y,X;B) + Al[Bllcoop
BERP
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where A > 0 is a tuning parameter common to all groups.

To solve this problem, we develop an algorithm built upon the
subdifferential calculus approach originally proposed by Osborne,
Presnell and Turlach [4] for the Lasso and adapted to the group-
Lasso by Roth and Fischer [5].

We prove estimation and selection consistency of this estimator
in the context of linear regression under variants of the so-called
irrepresentable condition. In order to provide tools for the choice of
A, we also derive AIC and BIC criteria thanks to an estimation of its
effective degrees of freedom in the linear regression setup.

III. ROBUST MICROARRAY GENE SELECTION

We analyse the dataset proposed by Hess et al. [6] providing gene
expression profiles of patients treated with chemotherapy prior to
surgery, classified as presenting either a pathologic complete response
(pCR) or a residual disease (not-pCR). The objective of this dataset
was to extract a small set of genes that best predict the response
to preoperative chemotherapy and be able to prevent patients that
would probably not benefit from chemotherapy from undergoing such
a harsh treatment.

Each gene is covered by a set of sibling probes measuring the
expression of different but possibly overlapping parts of the gene
that, except in cases of alternative splicing, should provide redundant
signals. The usual processing of this type of data is based upon
individual probe measurements, roughly assimilated to genes in the
final interpretation step. Here we take the gene level into account
right from the statistical analysis, requiring sign-coherent effects of
probes related to same genes. Requesting an overall consensus on
the sign of effects at the gene level supports biological coherence
while allowing for potential null effects within a group leaves room
for potential alternative splicing divergences.
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The general-purpose tools developed for quantifying the spectra
of random matrices: the non-commutative Khintchine inequality [1],
a lemma due to Rudelson [2], e-net arguments [1], and the Laplace
transform approach due to Ahlswede and Winter [3], give information
on only the extreme singular values.

We introduce a simple technique, based upon the variational
characterization of the eigenvalues of self-adjoint matrices and the
Laplace transform machinery, for bounding all eigenvalues. To
demonstrate the power of the variational Laplace transform, we
investigate the spectra of matrices formed by sampling columns from
a matrix with orthogonal rows and bound the number of samples
needed to estimate eigenvalues of the covariance matrix of a Gaussian
vector to within relative precision.

I. THE VARIATIONAL LAPLACE TRANSFORM

Consider X Zj X, a sum of independent, random, self-
adjoint matrices. Let

Vi={VveC™ . .v'Vv=1

denote the collection of orthonormal bases for the d-dimensional
subspaces of C".

Using the Courant-Fischer theorem to modify the Laplace trans-
form machinery in [4], we find that

{efét ) [Etreev*xv}

P{\(X) >t} <inf min
o>0vevr_,
<'inf  min e % trexp Z@V*AjV
o>0vevr_, _

J
M
where the deterministic matrices A ; are chosen to satisfy the relation
EeXi < e,

II. CHERNOFF AND BENNETT INEQUALITIES

The variational Laplace transform (1) is applied by constructing
appropriate A; and using a convenient choice of V.
If the matrices X; are all positive semidefinite, let V in V], _,
satisty
A (EX) = Amax (VI (EX) V4 ).

Then the following Chernoff-type bound holds:

e&

P{(X) > (14 )M(EX)} < (n—k+1)- [W

for 6 > 0. Here, R(V.) quantifies the concentration of the summands
in the invariant subspace determined by V..
If the summands X; are self-adjoint and we are given the variance

oF =\ Z[EX? ,
J

AL (EX)/R(VS)
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then the following Bernstein-type inequality holds:
—t?/2
o+ R(Vt/3 |

Chernoff and Bernstein bounds on the lower tails of A\j are also
derived.

[P{)\k(Xj)Zt}g(n—k+1)~exp{

III. COLUMN SUBSAMPLING OF MATRICES WITH
ORTHONORMAL ROWS

Let U be a matrix with orthonormal rows. Sample from its columns
by right multiplication with a diagonal matrix whose entries are
independent Bern(p) random variables, to form U = UD. How
does the spectrum of U behave? We apply our Chernoff bounds to
estimate the probability that the kth singular value of U deviates
either above or below ,/p, and find that the probability of deviation
is controlled by a coherence-like quantity 7 satisfying

2
i€l

IV. COVARIANCE ESTIMATION TO RELATIVE PRECISION

Draw i.i.d samples {n;}7—; C R? from a N'(0,C) distribution.
The classical covariance estimation problem (how many samples are
needed to ensure that the empirical covariance estimator has a fixed
relative accuracy in the spectral norm?) has been studied extensively,
and it is known that, for many distributions of interest, O(p) samples
suffice [5].

We investigate for the first time, using our Bernstein bounds, the
question of how many samples are needed to ensure that individual
eigenvalues are estimated to relative precision. We find that O(k log k)
and O((p — k + 1)log(p — k + 1)) samples are needed, respec-
tively, to ensure that with high probability the kth eigenvalue is
not underestimated or overestimated. Although we prove this result
only for Gaussian vectors, the argument can be extended to other
distributions.

T < min max
[I|<k
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Random Projections are Nearly Isometric
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There has been substantial interest in dimension-reducing random
projections over the last decade as a way to preserve enough structure
to solve a regularized inverse problem (1) or exploit this structure
for fast matching (3) or to quickly characterize a linear system by its
approximate dimension-reduced counterpart.

This body of research tells us with overwhelming probability that
a random projection of any finite union of subspaces is roughly
isometric, a key property used in establishing recovery bounds.

Perhaps not surprisingly, there is also a wide variety of classes of
parametric functions in Lo for which these properties also apply. For
this work, we explore the class of parametric functions F = {f; :
T € S} with parameter 7 € S C RY for some bounded set S. We
further impose some Lipchitz-like property on F: || fr; — fryllz. <
|[T1 — T2||2 though this work may be trivially extended to a union of
sets Sy that each obey || fr, — frp ||, < Bil||T1 —72||2 for a different
Lipchitz constant By, for each set Sj.

Consider the problem of parametric estimation:

e
f = argmin||f — hl|

The randomly projected version is then:

f— in||®(f—h 1
f = argmin||@(/ — b)| M)
for some random operator ® : Lo (R”) — RM,

For the sake of this work, the operator is defined as:

(@ f]m = (Gm, ¥ f)

where G [n] ~ N(0,1/M) is a sequence of i.i.d. Gaussian random
variables and ¥7 : Ly(RP”) — ¢ is some arbitrary orthonormal
transform (e.g. a wavelet analysis operator) that need not be a
sparsifying transform. Note that E [||® f[|*] = || f||*.

The main result is that the f that minimizes the compressed
formulation will be characteristically similar to the deterministic
minimizer f in the following sense:

%Hf*hH*CPé\/ﬂogr < [|@(f=m)|l < 1B(f=R)I < (1+6)]| f=hl,

@)
with probability at least:

1- 3

for some constant C'p (e.g. Cp = 4\/]3), for any chosen r > 1, and
where N (S, ¢€) in the number of points 7, needed to cover S with
radius at most ¢ (something like |S|e™T).

This approach scales well as the modeling error decreases. In
particular, when h € F, we have ||f — h|| < 2Cpr®/2¢ for all
positive upper bounds with arbitrarily high probability by choosing
2, 0 (i.e. f = h in probability).

The second and third inequalities of Eq. 2 follow from the charac-
terization of the minimizing f and the Chernoff bound, respectively.

e M@ _aMN(S, e)r M,

e=r1r"
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A brief sketch of the first inequality follows. For any such 7, in the
N(S, €) covering, we have:

|

which we state without proof. After utilizing u = /2 logr, we then
have for all 7 € B(7y,€):

sup
TEB(Tn €)

N®(fr — fr)ll > C’Peu} < M exp(—Mu?/2),

[@(fr=h)I| 2 [|(fr, =P)|=[|®(fr—fr.)Il = %Ilf*hII*CPG\/ZIOgT

“
with probability at least:

1—r M _pp ™™

where the first term comes from a small lower bound on a chi-square
random variable:

1 _
pies < R} <A,
Because Eq. 4 is true for all f, € F with probability at least
1—2MN(S,e)r ™,

it must also be true for f as desired.

A straightforward application is the matched filtering problem, also
considered in work by Eftekhari et al. (2). We take the class F =
{fr = fo(t = 7) : 7 € S} of bounded shifts of some Lipchitz-
continuous unit-norm base function fo where we again impose the
condition that || fr, — fr, ||z, < ||71—72]|2- Here, P = D and we will
require M = O(P + log(|S|)) measurements for accurate recovery.

This work could be viewed as a “l-sparse” solution to the
continuous case of compressed sensing on parametric functions and
opens up many questions about the viability of the applicability of
compressed sensing to functions that are some finite weighted sum
of some infinite dictionary of parameterized basis functions.
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Abstract—In this talk, we survey our recent analysis of randomized,
compressive block diagonal matrices. We present concentration of mea-
sure bounds which indicate that (unlike dense i.i.d. random matrices) the
probability of norm preservation actually depends on the signal being
measured. We discuss implications of this fact in various compressive
signal processing applications. We also present an RIP bound for block
diagonal matrices and explain that in the best case—for signals that
are sparse in the frequency domain—these matrices perform nearly as
well as dense i.i.d. random matrices despite having many fewer nonzero
entries.

EXTENDED ABSTRACT

The analysis of randomized compressive linear operators often
relies on quantifying the likelihood that a random matrix will preserve
the norm of a signal after multiplication. For example, a standard
concentration of measure bound [1] states that for a fixed signal
x € RN, if ® is an M x N matrix populated with independent and
identically distributed (i.i.d.) random entries drawn from a suitable
distribution, the probability that |||®x||3 — ||||3] will exceed a small
fraction of ||z||3 decays exponentially in the number of measurements
M. From this one can also prove that if M = O(K log(N/K)),
then with high probability the Restricted Isometry Property (RIP)
will hold, ensuring that ||®xz|3 = ||z||3 uniformly across all K-
sparse signals z. Such results have immediate applications in proving
the Johnson-Lindenstrauss (JL) lemma, establishing signal recovery
bounds in Compressive Sensing (CS), etc.

Unfortunately, dense random matrices with i.i.d. entries are often
either impractical because of the resources required to store and work
with a large unstructured matrix, or unrealistic as models of acqui-
sition devices with architectural constraints preventing global data
aggregation. In this talk, we will survey our recent analysis [2,4] of
randomized, compressive block diagonal matrices. We model a signal
x € RM7 as being partitioned into J blocks z1,z2,...,z; € RY,
and for each j € {1,2,...,J}, we suppose that a local measurement
operator ®; : RY — R collects the measurements y; = ;5.
Concatenating all of the measurements into a vector y € R M|
we then have

Y1 5] 1
Y2 2 T2
= (1
Yys (o3} T
~— —
x:NJx1

y: (Zj]\/lj)xl P: (Zij)XNJ

In some scenarios, the local measurement operator ®; may be unique
for each block, and we say that the resulting ® has a Distinct Block
Diagonal (DBD) structure. In other scenarios it may be appropriate
or necessary to repeat a single operator across all blocks (such that
P = Py = - = Py); we call the resulting ® a Repeated Block
Diagonal (RBD) matrix.
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We will present concentration of measure bounds [2] both for DBD
matrices populated with i.i.d. subgaussian random variables and for
RBD matrices populated with i.i.d. Gaussian random variables. Our
main results essentially state that the probability of concentration
depends on the “diversity” of the component signals =1, z2,...,2s
being well-matched to the measurement matrix, where this notion of
signal diversity depends on whether the matrix is DBD or RBD.
Such nonuniform concentration behavior is markedly unlike that
of i.i.d. dense matrices, for which concentration probabilities are
signal agnostic. For the most favorable classes of signals, however,
the concentration of measure probability for block diagonal matri-
ces scales exactly as for an i.i.d. dense random matrix (that is,
the failure probability decays exponentially in the total number of
measurements). We will provide several examples of signal classes
that are particularly favorable for measurement via DBD or RBD
matrices; among these are signals having sparse representations in
the frequency domain.

Our concentration of measure bounds have a number of immediate
applications. We will present a modified version of the JL lemma
appropriate for block diagonal matrices and explain how this lemma
can be used to guarantee the performance of various compressive-
domain signal inference and processing algorithms. We will also
briefly explain how our concentration bounds for block diagonal
matrices can be used as an analytical tool when studying the
structured Toeplitz and observability matrices that arise in certain
linear systems applications.

Unfortunately, it does not appear that one can couple our nonuni-
form concentration results with covering arguments to arrive at a
compelling RIP bound for block diagonal matrices. Using tools from
the theory of empirical processes [3], however, we have proved [4]
that DBD matrices can indeed satisfy the RIP but that the requisite
number of measurements depends on the coherence of the basis in
which the signals are sparse. We will present this result and explain
that for the best case signals—which again include those that are
sparse in the frequency domain—these matrices perform nearly as
well as dense ii.d. random matrices despite having many fewer
nonzero entries.
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Abstract—In recent years several methods relying on anisotropic tri-
angulations were proposed, allowing for extremely sparse representations
of edge singularities in images. This contribution has two aims: existing
techniques and theoretical results are surveyed and compared to other
anisotropic methods, and a new image estimator based on continuous
and piecewise linear splines over anisotropic Delaunay triangulations is
introduced. We prove an abstract consistency result for this estimator
as a first indication of the potential of anisotropic triangulations in the
context of image denoising. Algorithmic and computational aspects will
be also adressed.

I. MOTIVATION

One of the most important topics of recent research in signal
processing is the design and analysis of non-linear methods to analyse
and process signals with heterogeneous features.

The observation that a given signal class has a specific structure
leads to the natural question : How to model the prior knowledge
available for this class ? In spite of their diversity most approaches
recently proposed to tackle this problem share a leading principle:
the search for small modelling sets of functions which still contain
the signals of interest.

A decisive impulse has been given by the introduction of the con-
cept of sparsity in statistical and computational image processing [5]:
the signal under consideration is assumed to be well approximated by
a few coefficients of a fixed frame. When dealing with sharp edges
in images, the design of modelling sets is driven by anisotropy: the
representations should adapt locally to singularities along curves, as
for instance curvelet representations do [1].

Anisotropic triangulations are based on very large dictionaries of
geometrical atoms (see [4] for a survey on this topic). The resulting
output is at the same time very sparse, adapted to the geometrical
contents of the signal, and has very few oscillations.

In this contribution we propose to use anisotropic Delaunay trian-
gulations in the context of edge-preserving image estimation.

II. PRINCIPLE

Let us introduce some useful notations. We consider a true (un-
known) image f : [0,1]? and assume noisy observations

fi =fit+oe,ieX )

where X = {1,...,N}? is the set of indices, (£:)icx are iid
N(0,1), o is the noise level and (f;):cx results from the discretiza-
tion of f.

For a given set Y C X, let D(Y') denote its Delaunay triangu-
lation and Sp(y) the space of continuous linear splines on D(Y).
For formal definitions and a discussion of uniqueness of Delaunay
triangulations, we refer to our papers [3] and [4].

In this work we introduce the following abstract estimator based
on anisotropic Delaunay triangulations:

N .
;o= argmin, g, 1fe —ulla +~1Y]

(@)
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The first term controls fidelity to the observed data, while the second
penalises the size of the triangulations used for estimating the signal.

We investigate some properties of estimators fé\; when N — oo:
we prove conditions on vy for consistency and almost sure con-
vergence rates of the estimation error for elementary classes of a-
piecewise regular signals. The choice of yn depending on the noise
level o will be also discussed. The extension to other dimensions than
2, (relevant cases being dimensions 1 to 3) and for more general noise
than in (1) (subgaussian) is straightforward.

III. ALGORITHM

The penalisation term in (2) is non-convex in u and in contrast to
minimisation problems related to sparse representations over frames,
finding a solution of (2) is equivalent to a search in a structured
subset of a large dictionary. The convex relaxation machinery of the
sparse framework (see [2]) is therefore difficult to apply. A heuristic
to obtain an approximate solution of (2) is to use greedy algorithms.
We introduce a modified version of our adaptive thinning algorithm
proposed in [3] in the context of image compression. In a simplified
formulation, our implementation relies on the following iteration:

u = [ = (ff)iex, Y’ = X
for i=1,P (P iterations)

(ui+l7 Yi+1)

(Ife = ull2 + J(u))

argmin wESp(yry

Y/=Yi\{z},zeyit]

end

Here, J denotes a suitable penalisation term. Compared to the
algorithm in [3], this additional penalisation is required in order
to prevent from solutions locally reproducing noise. This implies
that J should be chosen such that the sparsity of the gradient of
u for piecewise smooth signals is taken into account and is therefore
not necessarily convex. We illustrate the discussion by numerical
investigations, also adressing crucial issues like the choice of the
number of iterations P.
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Compressive sensing (CS) merges the operations of data acquisition
and compression by measuring sparse or compressible signals via
a linear dimensionality reduction and then recovering them using a
sparse-approximation based algorithm. A signal is K-sparse if its
coefficients in some transform contain only K nonzero values; a
signal is compressible if its coefficients decay rapidly when sorted
by magnitude. The standard CS theory assumes that the sparsifying
transform is an orthogonal basis.

Recently, progress has been made on CS recovery using more
general, non-orthogonal transform based on frames. A tight frame
consists of an analysis frame W and a synthesis (dual) frame ¥ such
that U7 = I. A signal z is analyzed by findings its transform
coefficients via § = Wz and synthesized via x W@. Currently,
provable CS recovery in a frame can be accomplished when either
(A1) the coherence of the frame (the maximum inner product between
any two synthesis frame vectors) is low [1], or (A2) the signal has
a sparse or compressible analysis coefficient vector § = U7z [2].

An important set of CS applications revolves around image
acquisition, where CS has been used to boost the resolution of
digital cameras at exotic wavelengths, reduce the scan time in MRI
scanners, and so on. The sparsifying transforms of choice for image
compression have long been the biorthogonal wavelet bases (BWBs),
which are non-redundant tight frames with the property that the
roles of the analysis and synthesis frames are interchangeable (i.e.,
UTW = ¢T¥ = ]). In contrast to orthogonal wavelet bases (OWBs),
BWBs can have symmetrical basis elements that induce less distortion
on image edges when the coefficients 6 are sparsified by thresholding.
Symmetrical elements also yield more predictable coefficients, which
boosts compression performance [3].

Unfortunately, BWBs not always satisfy condition (Al). As an
example, the CDF9/7 synthesis frame elements are far from orthog-
onal; indeed the coherence is approximately % for a 512 x 512
2-D synthesis frame. As a result, attempts at CS recovery using
greedy techniques fails miserably (see Fig. 1(b)). In contrast, since the
analysis and synthesis frames are interchangeable, then the approach
in [2] is equivalent to standard ¢;-norm minimization, requiring
M = O(K log(N/K) measurements.

In this paper, we will develop a new CS recovery technique for
BWBs based on the notion of structured sparsity [4], which can pro-
vide near-optimal recovery from as few as O(K) CS measurements.
The particular model we apply is the quad-tree sparse/compressible
model of [4], which is prevalent in BWB synthesis coefficient vectors
for natural images. To provide recovery performance guarantees for
signals with structured sparsity in a frame rather than a basis, we
marry the concepts of the D-RIP [2], which requires near-isometry for
signals with sparse synthesis coefficient vectors, with the structured
RIP and RAmP [4] that restricts this near isometry only to signals
with synthesis coefficient vectors that follow the quad-tree sparsity
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(d) SNR = 21.54dB (e) SNR = 22.14dB (f) SNR = 23.31dB
Fig. 1. (a) Original Cameraman image. Sparse recovery of the 512 x 512
Cameraman test image from M = 60000 noiselet measurements using: (b)
CDF9/7 BWB and conventional CoSaMP [5] recovery; (¢) D8 OWB and
conventional CoSaMP; (d) CDF9/7 BWB and ¢; -norm minimization; (e) D8
OWB and tree-structured CoSaMP [4]; (f) CDF9/7 BWB and tree-structured
CoSaMP. The CoSaMP-based algorithms use K = 10000.

and compressibility models. The number of measurements needed in
these cases is still M = O(K). This class of signals includes the
majority of the set of natural images, which can be shown to belong
in a sufficiently smooth Besov space.

The benefits of structured sparse recovery in a BWB are clear
from Fig. 1(f), which boasts both a higher recovery signal-to-noise
ratio (SNR) and noticably sharper edges and less ringing than the
D8 OWB recovery in Fig. 1(c,e) or the CDF9/7 BWB recovery in
Flg. 1(d). Our results can be easily extended to more general BWBs
and redundant wavelet representations for smooth signals.
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[. INTRODUCTION

Hidden Markov Trees are used to model statistical dependencies
of wavelet transform coefficients, providing a more accurate recon-
struction as compared to independent coefficient-wise approaches like
the lasso. However, in linear inverse problems such as compressed
sensing and deblurring, the presence of the sensing (or blurring) ma-
trix mixes up the dependencies, and the usual tree-based algorithms
cannot be applied. Past work has dealt with this by resorting to
greedy or suboptimal iterative reconstruction methods [1], [2], [5],
[6]. Based on prior work in modeling DWT coefficients [4], we
make the following key observations: 1) The sparsity patterns are
highly structured, and so independent coefficient-wise thresholding
techniques are suboptimal, and 2) The natural groupings of dependent
coefficients overlap with each other. To overcome these drawbacks,
we propose a modeling technique based on modeling groups of
coefficients, and solve convex optimization problems that arise out
of using appropriate penalties [3].

II. MODELING DWT COEFFICIENTS

We group DWT coefficients based on the observed statistical de-
pendencies. We group parent-child pairs of coefficients across scale,
to account for the inter scale dependencies, and pairs of adjacent
coefficients in the same scale to account for intra-scale dependencies.
Since the groups overlap, we use the recent overlapping group lasso
formulation developed in [3], replicating the overlapping variables to
decouple the groups, and use standard methods such as SpaRSA [7].
Another modeling strategy is to group the coefficients in hierarchies
along paths from the root of the tree to the leaf (See Fig. 1)

G0 RSN

Fig. 1. Modeling DWT coefficients into groups. The rings (left) depict the
hierarchical groups. The colored edges (right) depict the parent-child pairs in
groups, and also the siblings in the same scale forming a group.

III. RESULTS
Our contribution is four-fold:
« We model the wavelet coefficients into groups, that mimic their
statistical dependencies
« We use efficient convex optimization techniques to solve the
recovery problem, using overlapping group sparsity penalties
« We develop new bounds for the number of iid gaussian measure-
ments needed for accurate reconstruction of such group sparse
signals
We experimentally show that our technique performs better
than the standard lasso, on both toy and real images, in both
compressed sensing and image deblurring applications.
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As an example of our work, Fig. 2 shows the reconstruction for a
noisy version of the cameraman image (top). AWGN of variance 0.3
was added to the image, after normalization. We used compressive
measurements to recover the image. The image was resized to size
64 x 64, and we used 800 measurements to reconstruct it after
vectorizing (length 4096). Fig 2 (bottom) shows the reconstruction
in a deblurring task, with the original image blurred with a gaussian
filter of variance 1. In the figure, OGlasso refers to the overlap group
lasso with groups as in Fig 1 (right).

(a) lasso  reconstruction (b) OGlasso reconstruction
(MSE=0.0043) (MSE=0.0031)

deblurring (d) OGlasso
(MSE=0.007)

lasso

()
(MSE=0.010)

deblurring

Fig. 2. Performance on the cameraman image
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I. INTRODUCTION

Consider the problem of estimating a signal/image x from obser-
vations y that follow the usual linear model y = Bx + n, where
B represents a linear observation (e.g., convolution, compressive
sensing) and n is white Gaussian noise. Most frame-based approaches
to regularize this inverse problem fall in one of two classes [1],
[2]: () synthesis formulations, which are based on representing the
unknown image as x = W3, where W is the synthesis operator of
a (tight) frame, and 3 is the vector of representation coefficients, to
be estimated by solving the unconstrained convex problem

.1
min o lly ~BWBI: +76(5) M
(or a constrained version thereof [5]), where ¢ is a convex sparsity-
inducing regularizer (typically, the ¢; norm) and 7 its weight;
(ii) analysis formulations, which estimate the image itself (not its
representation coefficients) by solving

(@3]

where P is the analysis operator of a (tight) frame and 1) a convex
sparsity-inducing regularizer (usually, also the ¢; norm). If W is an
orthogonal frame, P = W', and ¢ = v, (1) and (2) are equivalent
[1]; in general, namely for overcomplete frames, they are not equiva-
lent. Although some debate and research have focused on comparing
the two approaches [2], there is no consensus on which of the two
is to be preferred. In this paper, we merge the two formulations,
by proposing a hybrid synthesis-analysis criterion and an alternating
direction algorithm for solving the resulting optimization problem.

.1
min §||y — Bx|5 + 7(Px),

II. PROPOSED APPROACH

Our hybrid synthesis-analysis criterion is embodied in an un-
constrained problem, where the regularizer term is the sum of the
synthesis and analysis regularizers from (1) and (2),

min Sly ~BWBIE + 71 6(8) + nb(PWB), ()
where W and P are, respectively, the synthesis and analysis operators
of two different tight frames (or of the same tight frame; notice that,
even in this case, PW # I). A different hybrid synthesis-analysis
(called balanced) formulation was recently proposed [3]; however, it
requires the analysis and synthesis operators to be of the same frame,
thus it is less general.

We attack problem (3) using the variant of the alternating direction
method of multipliers (ADMM, [4]) that we have proposed in [5]
for problems involving the sum of an arbitrary number of convex
terms. Each iteration of the algorithm involves applying the Moreau
proximity operators of ¢ and ) (which, if both are ¢; norms, corre-
spond to soft thresholdings), and a least squares minimization, which
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is efficiently solved, under the following assumptions: W and P
are, respectively, the synthesis and analysis operators of two Parseval
frames (WVVH = I and PP = I), for which fast transforms
exist; B models a periodic convolution, a subsampling (i.e., we have
an inpainting problem), or a partially observed Fourier transform (i.e.,
one of the classical compressive imaging problems). Finally, we show
that sufficient conditions for convergence are satisfied.

III. EXPERIMENTS AND CONCLUSIONS

We compare the hybrid formulation with pure synthesis and analy-
sis criteria (solved via the algorithm from [6]), on several benchmark
image deconvolution and reconstruction problems (see details of the
problems in [6]). For W, we use a 4-level redundant Haar frame; for
P, we adopt a 4-level redundant Daubechies-4 frame. Both ¢ and
1 are {1 norms. To sidestep the issue of adjusting the regularization
weights, we simply hand-tune them for maximal ISNR (improvement
in SNR); of course, this is inapplicable in practice. Since there is
no space in this extended abstract for detailed results, we present a
summary of the conclusions drawn from the experiments:

o The analysis and hybrid approaches clearly outperform the

synthesis approach in terms of ISNR.

o The synthesis approach reaches its best ISNR faster (by a factor

of 5 ~ 10) than the analysis approach.

o The hybrid approach mildly outperforms the analysis approach

in terms of ISNR.

o The hybrid approach reaches its best ISNR faster (by a factor

of 2 ~ 3) than the analysis approach.
Summarizing, the hybrid approach (efficiently handled by the pro-
posed algorithm) yields the best speed/ISNR trade-off: it is preferable
to the pure analysis criterion, since it is faster; it is preferable over the
synthesis criterion, as it achieves a clearly better ISNR. Of course,
these conclusions are based on a limited set of experiments; more
work is needed to fully assess the relative merits of these approaches.
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Abstract—In the past decade there has been a great interest in
a synthesis-based model for signals, based on sparse and redundant
representations. This work considers an alternative analysis-based model,
where an analysis operator multiplies the signal, leading to a cosparse
outcome. We consider this analysis model, in the context of a generic
missing data problem. Our work proposes a uniqueness result for the
solution of this problem, based on properties of the analysis operator and
the measurement matrix. A new greedy algorithm for solving the missing
data problem is proposed along with theoretical study of the success of
the algorithm and experimental results.

I. INTRODUCTION

Given a set of incomplete linear observation y = Mxo € R™
of a signal xo € RY m < d, the assumption that xo admits a
sparse representation zo in some synthesis dictionary D is known
to be of significant help in recovering the original signal x¢. Indeed,
it is now well understood that under incoherence assumptions on
the matrix MD, one can recover vectors xo with sufficiently sparse
representations by solving the optimization problem:

()]

xs:=Dz; 2:= argmzin |lz||~ subject to y = MDz

for0 <7 <1.
An alternative to (1) which has also been used successfully in
practice is to consider the analysis ¢-optimization [2], [6], [7]:

X4 i= arg min ||€2x]|+ subject to y = MXx, 2)
where R? — RP is an analysis operator. Typically the
dimensions are m < d < p,n.

The fact that zo contains few zeros, i.e., is sparse may be
thought of as the principal reason why one can recover the so-
called sparse signals via (1). We show that while the optimization
(2) has similar look to (1), a different model, which we name the
cosparse analysis model, is more closely linked to (2) than the sparse
synthesis model. In particular, contrary to the sparse model, we are
more interested in the signals xo whose analysis representation £2xg
contains many zeros. We call such signals cosparse and the quantity
£:=p— ||2%0]|o the cosparsity.

II. UNIQUENESS

Based on the existing work [1], [3], we establish [4] the uniqueness
of cosparse signals in the context of linear inverse problems above.
The result we have derived has simple forms for two particular classes
of analysis operators: €2 that is in general position, which means
that the rows of €2 has no non-trivial linear dependencies, and the
popular 2D TV analysis operators €2 that consists of all the vertical
and horizontal one-step differences in a 2D image. For these two
types of €2, we have:

The authors acknowledge the support by the European Community’s FP7-
FET program, SMALL project, under grant agreement no. 225913.
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Fig. 1. SNR vs Number of radial observation lines in the Shepp Logan
phantom recovery. The line for GAP is clipped because the SNR was over
150 from 12 radial lines.

Proposition 1. 1) Let 2 be in general position. Then, the problem
y = Mx has at most one {-cosparse solution if and only if m >
2(d — £).

2) Let S2 be the 2D TV analysis operator. Then, the problem y =
Mx has at most one {-cosparse solution if m + € > 2d.

III. ALGORITHM, THEORY, AND EXPERIMENTAL RESULT

With the uniqueness property established, we propose a new
greedy algorithm which aims to recover cosparse signals based on
incomplete linear observations. This algorithm, named the Greedy
Analysis Pursuit (GAP), may be considered as the counterpart of the
Orthogonal Matching Pursuit (OMP) in the sparse model. However,
the GAP tries to detect the elements outside the locations of the
zeros of analysis representations, this way carving its way towards
the index set of zeros in the end.

We then provide a theoretical condition that guarantees the success
of both the GAP and the analysis ¢;-minimization in cosparse signal
recovery. Finally, we run some synthetic experiments to demonstrate
the effectiveness of the proposed algorithm. Interestingly, we observe
that GAP performs better than the analysis ¢;-minimization in the
given tasks. In particular, Fig. 1 shows SNR vs the number of radial
observation lines in the Shepp Logan phantom recovery problem.
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Sampling theorems on the sphere state that all the information of
a continuous band-limited signal on the sphere may be contained in
a discrete set of samples. For an equiangular sampling of the sphere,
the Driscoll & Healy (DH) [1] sampling theorem has become the
standard, requiring ~ 4L? samples on the sphere to represent exactly
a signal band-limited in its spherical harmonic decomposition at L.
Recently, a new sampling theorem on an equiangular grid has been
developed by McEwen & Wiaux (MW) [2], requiring only ~ 2L>
samples to represent exactly a band-limited signal, thereby redefining
Nyquist rate sampling on the sphere. No sampling theorem on the
sphere reaches the optimal number of samples suggested by the L2
dimension of a band-limited signal in harmonic space (although the
MW sampling theorem comes closest to this bound). A reduction
by a factor of two in the number of samples required to represent a
band-limited signal on the sphere between the DH and MW sampling
theorems has important implications for compressed sensing.

Compressed sensing on the sphere has been studied recently for
signals sparse in harmonic space [3], where a discrete grid on the
sphere is not required. However, for signals sparse in the spatial
domain (or in its gradient) a discrete grid on the sphere is essential.
A reduction in the number of samples of the grid required to represent
a band-limited signal improves both the dimensionality and sparsity
of the signal, which in turn affects the quality of reconstruction.

We illustrate the impact of the number of samples of the DH
and MW sampling theorems with an inpainting problem, where
measurements are made in the spatial domain (as dictated by many
applications). A test signal sparse in its gradient is constructed from a
binary Earth map, smoothed to give a signal band-limited at L = 32.
We first solve the total variation (TV) inpainting problem directly on
the sphere:
(eY)

x* = arg max ||z||Tv such that |y — x|z <€,
x

where M noisy measurements y of the signal « are made. The mea-
surement operator ® represents a random masking of the signal. The
TV norm || - ||rv is defined to approximate the continuous TV norm
on the sphere and thus includes the quadrature weights of the adopted
sampling theorem, regularising the gradient computed on the sphere.
However, as discussed, the dimensionality of the signal « is optimal
in harmonic space. Consequently, we reduce the dimensionality of
our problem by recovering the harmonic coefficients & directly:

()]

2" = argmax ||U2||Tv such that ||y — ®UZ|2 <,

z
where W represents the inverse spherical harmonic transform; the
signal on the sphere is recovered by * = ¥&*. For this problem the
dimensionality of the signal directly recovered & is identical for both
sampling theorems, however sparsity in the spatial domain remains
superior (i.e. fewer non-zero values) for the MW sampling theorem.

This work is supported by CIBM of the Geneva and Lausanne Universities,
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Fig. 1. Reconstruction performance for the DH and MW sampling theorems

(a) Ground truth

(b) DH reconstruction (c) MW reconstruction

Fig. 2. Reconstructed Earth topographic data for M/L? = 1/2

Reconstruction performance is plotted in Fig. 1 when solving the
inpainting problem in the spatial (1) and harmonic (2) domains, for
both sampling theorems (averaged over ten simulations of random
measurement operators and independent and identically distributed
Gaussian noise). Strictly speaking, compressed sensing corresponds
to the range M/L? < 1 when considering the harmonic representa-
tion of the signal. Nevertheless, we extend our tests to M/ L? ~ 2,
corresponding to the equivalent of Nyquist rate sampling on the MW
grid. In all cases the superior performance of the MW sampling
theorem is evident. In Fig. 2 we show example reconstructions, where
the superior quality of the MW reconstruction is again clear.

Although recovering the signal in the harmonic domain is more
effective, it is also computationally more demanding. At present we
are thus limited to low band-limits. To solve the convex optimisation
problem in the harmonic domain both the inverse spherical harmonic
transform and its adjoint operator are required. A fast inverse spheri-
cal harmonic transform exists [2], from which a fast adjoint operator
follows directly. The application of fast inverse and adjoint operators
is the focus of ongoing research and will allow compressed sensing
problems on the sphere to be tackled effectively at much higher band-
limits.
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Consider a linear dynamic system described by the update
equations ¢, = ¥,z + u;, Yy = Py + vi. Here,
x; € R™ represents the state vector of the system, y; € R™
denotes the measurement vector, u; € R"™ and v; € R™
are Gaussian innovation vectors with u; ~ A (0,%,) and
vy ~ N (0,X%,), respectively. The subscript ¢ = 1,2,---
describes the time instances at which the signal is observed.
Suppose that the statistics of x;_; are known, and given
by ;1 ~ N (@4-1,3¢1). Given y;, ¥; and ®,, the
MAP estimate of x;, denoted by &, coincides with the
corresponding MMSE estimate.

Now suppose that one has prior information that x; is K-
sparse. The MAP estimator that takes the sparsity assumption
into consideration is given by

Ty = arg max px,|y;,X,_, (xlye, B1-1) ,
z: ||zl <K

where the pseudo-norm ||-||, counts the number of non-zero
entries of its argument. Let A; = 2 (2;1 + ‘I>tT2;1¢I't), b, =
—2 (Egl‘ytit—l + ‘I'tTE;lyt), and f; (x) = %mTAﬂ +
bl'z. It can be verified that the sparse MAP estimator is
equivalent to

&y = arg min f; (x). ()

z: [|lzllg <K

At the first glance, the Gaussian sparse modelling looks ar-
bitrary. The common strategy for dynamic CS usually involves
certain sparsity-promoting distributions, which often result in
reconstructions with high computational complexity and week
performance guarantees. Note that Gaussian modelling has
been successfully applied to dynamic signal processing, and
that in many applications, e.g. MRI imaging, the dynamic
signal at each time instance is sparse. Our model combines
the advantages of both Gaussian and sparse modelling and
renders good performance guarantees.

It is NP-hard to solve the optimization problem (1). We
therefore propose a practical greedy algorithm to solve (1). It is
based on the well-known subspace pursuit (SP) algorithm for
standard compressive sensing, and therefore termed SP-MAP.
The details are described in Algorithm 1. It can be proved
that the proposed SP-MAP algorithm coincides the standard
SP algorithm when ¥, = 021, ¥, = I and 02 — oo. The
performance guarantees of the proposed SP-MAP algorithm
are based on RIP like conditions and will be detailed in the
full version of this abstract.

We performed extensive numerical simulations to test our
approach for K-sparse dynamical signals. In order to generate
a sparse Gaussian dynamic signal, we use the model x; =
Ty (P11 + uy) , where the nonlinear mapping 7k () pro-
duces a vector that agrees with « in the K largest mag-

nitude entries, and has all other coordinates equal to zero. g

Algorithm 1 The SP-MAP Algorithm
Let /..« be the maximum iterations at each time instance. Let
xo = 0. At time instance ¢, perform the following operations.
Initialization:
1) Define @} = ¥,&;,_1, A =2(Z;'+ ®/%;'®,) and
b=-2(Z; 'z, + ®I 3 y,).
2) Let £ = 0. Let &; = —A~'b. Let K be the set of

the K indices corresponding to the largest A; ; |&¢ i|2’s,
()

i € [n]. Define " such that Zi e =0and &, =
—Albr.
3) Let &; = :&EZ). Compute (&) = %d:tTAﬁzt + b7 &,
Iterations:

1) Let £/ =/¢+ 1.

2) For every 1 ¢ K, compute A; =
((@rx, Ax,i) + bi)2 JAi;. Let Ka be the set of
the K indices corresponding to the largest A;’s, i € K€.

3) Let K = KUUKa. Define &; such that Z, g = 0 and
T, g = —A)Elﬁb,%. For every i € K, compute A; =
A2,

4) Let K be the set of the K indices corresponding to the
largest A;’s, i € K. Define zf:gg) such that :E:IEZ,)CL =0 and
&% = —Aglcbc. Compute fO) = LaT Ad, + b7,

5) If £ > =D quit the iterations.

6) Let &, = az@. If { > {lnax, quit the iterations.
Otherwise, go to Step 1 for the next iteration.

comparison of algorithms: n=256 K=32

relative distortion

L Standard One-Step Kalman
S BP-MAP

Genie Aided

e Sparsity-Aware Kalman

0 1 2 3 4 5 6 7
log2(m)

Figure 1. Comparison of reconstruction algorithms.

Figure 1 compares the proposed SP-MAP algorithm with
other algorithms designed for dynamic CS. According to the
simulation results, the SP-MAP algorithm outperforms others
and it performs very close to the genie-aided approach when
the number of samples per time instance is sufficient.
References are omitted due to the space limitation.



Simultaneous Estimation of Sparse Signals and
Systems at Sub-Nyquist Rates
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EXTENDED ABSTRACT

In this work, we consider the problem of system iden-
tification based on a sparse sampling system. Unlike stan-
dard techniques for system identification which require the
sampling rate to be at or above the Nyquist rate, we use
sparse sampling techniques to identify the system at sub-
Nyquist sampling rates. We propose a novel algorithm for
simultaneous estimation of sparse signals along with system
identification using the theories of finite rate of innovation
(FRI) sampling [3], [1]. Specifically, we will divide the esti-
mation problem into two stages where we first assume that the
input sparse signal is known, so that the problem simplifies to
a system identification problem only and then in the second
stage, we consider the problem of simultaneously estimating
the input sparse signal and also the linear system, known
as blind system identification, and propose a novel iterative
algorithm for that setup. We will show that, based on our
numerical simulations, the solution to the second problem is
normally convergent.

System Identification with Known Input Signal

For this scenario, as shown on Figure 1, a two-channel
system is proposed for sampling the input sparse signal with
and without the unknown system. In the figure, g(x) represents
the known input signal, ¢)(x) represents the unknown system
to be identified, ¢(x) represents the pre-defined sampling
kernel which we assume to be purely imaginary E-splines [2]
in both channels, T' represents the sampling interval and sj
represent the samples. In the first channel, the input signal is

Fig. 1. System identification setup with known input signal
directly sampled with the kernel () and given the obtained
samples which we denote with sf G the exponential moments
of the input signal, denoted with T,;ZI G are calculated [1].
In the second channel, the same input signal is fed through
the unknown system () and then sampled with the same
sampling kernel. Same as in the first channel, given the
samples s3¥ 9, the exponential moments 7,5¥ are calculated.
With purely imaginary E-spline sampling kernel employed,
by dividing the exponential moments obtained from the two
channels, it can be shown that the Fourier transform of the

unknown function can be obtained. Given the partial Fourier

The authors are with the C&SP Group, Electrical and Electronic En-
gineering, Imperial College London, Exhibition Road, London SW7 2AZ,
England. Tel: +44 (0) 20 759-46192. E-mails: {hojjat.akhondi-asl03 and
p.dragotti@imperial.ac.uk}.

transform of the unknown system, there will be an inverse
problem to solve for the unknown parameters of the unknown
system. In our work, we show for cases such as finite impulse
response (FIR) filters (e.g. acoustic room impulse response
estimation or line echo cancelation), B-splines (e.g. camera
lens calibration) and E-splines (e.g. estimation of the electronic
components of a finite order electronic circuit), we can solve
the above inverse problem and identify the system. It should
be pointed out that the above method works regardless of the
structure of the input signal.

Blind System Identification

When both the signal and the system are unknown, the
previous solution cannot be used directly and the problem is
in general more involved. However, a recursive version of the
discussed method can be utilized to estimate both the input
sparse signal and the unknown system.

] T ¢ 0
g(x) Sk | calcuate | Tm
— ¥ (I‘) ‘r’)(l ) —/ Moments
(@
20 T S
m Reconsrtuct Py . - : Caculate
» g(x) 1 ¥ ('1 ) I Luupd
oty “m
Lupd
“m Re-estiamte Estimate LA

Lupd

- tm
“m

W(jw)

(b)

Fig. 2. The setup proposed for recursive estimation

In our work we assume that the input sparse signal is
a stream of Diracs with unknown locations and amplitudes.
As shown in Figure 2(a), the unknown input signal is fed
to the unknown system (x) and then is sampled with our
pre-specified purely imaginary E-spline sampling kernel. The
annihilating filter method [3], [1] is directly applied to the ex-
ponential moments 7°, and an initial estimate of the input sig-
nal is obtained, denoted as §(z) (Figure 2(b)). The estimated
signal g(x) is recursively fed back to sampling kernel and its
corresponding updated exponential moments are calculated at
each recursion, denoted with 7474, By dividing the updated
exponential moments 77¢ and the initial measurements 70,
an estimate of the Fourier transform of the unknown system is
obtained. From this estimate, the unknown parameters of the
unknown system are estimated and the measurements 7479
are re-calculated. Our empirical results show that by applying
the above method recursively, the estimations converge to the
actual input signal g(z) and the unknown function ¥ (z).

REFERENCES

[1] PL. Dragotti, M. Vetterli, and T. Blu. Sampling moments and recon-
structing signals of finite rate of innovation: Shannon meets Strang-Fix.
In IEEE Transactions on Signal Processing, 55(5):1741-1757, May 2007.

[2] M. Unser and T. Blu. Cardinal Exponential Splines: Part I-theory
and filtering algorithms. In IEEE Transactions on Signal Processing,
53(4):1425-1438, April 2005.

[3] M. Vetterli, P. Marziliano, and T. Blu. Sampling signals with finite rate
of innovation. In IEEE Transactions on Signal Processing, 50(6):1417—
1428, June 2002.



A Hierarchical Re-weighted-¢; Approach for
Dynamic Sparse Signal Estimation

Adam Charles and Christopher Rozell
School of Electrical and Computer Engineering
Georgia Institute of Technology, Atlanta, GA, 30332-0250
Email: {acharles6, crozell} @gatech.edu

Index Terms—Dynamic Systems, State Estimation, Compressive
Sensing, Hierarchical Models, Bayesian Analysis

Compressive sensing results have allowed accurate recon-
struction of highly undersampled signals by leveraging known
signal structure [1]. Recently, there has been a push to extend
these results into an area of great interest for a large number of
fields: the estimation of dynamically changing signals [2]-[5].
If known, or even partially known dynamics are transforming a
state, then past observations should be able to be incorporated
into the estimation process of a state at any given time in
order to increase the accuracy of the estimation. Typically a
dynamical state &, € R" is assumed to evolve with some
approximately known dynamics f,(-) as

(€]

where v, is called the innovations and can be interpreted as
the limitation of our knowledge of the system dynamics. Given
a set of linear measurements at each iteration,

Ln = fn(mn—l) + Vnp,

(@)

where yn, €, € RM are the measurements and measurement
error, respectively, we wish to estimate the underlying evolving
state. More specifically, we wish to recover the current state
at each time step as best as possible given all previous
measurements. In previous work [4], we explore a framework
in which propagating first order statistics and utilization of
appropriate /1 norms allow for accurate estimation when the
state, the innovations or both are sparse.

Yn = Gnmn + €n,

In least-squares based state estimation, however, higher order
statistics are propagated in order to obtain more accurate esti-
mates at each iteration. For instance in the case of the Kalman
filter, which arises when under assumptions of linearity in the
modeled dynamics and Gaussian statistics in the innovations
and measurement noise, a covariance matrix is propagated
along with the mean to obtain an optimal estimate. In this
work, we expand on the previously introduced framework in
order to include similar higher order statistics by introducing a
hierarchical model inspired by the reweighted ¢; sparse infer-
ence method first proposed in [6]. We use previous information
in a way similar to [7] in that we are leveraging the weightings
A = diag(\;) in the optimization

& = argmax|ly — G|} + || Az|,

3
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in order to propagate information about our prediction and our
confidence thereof of the next state. By using a Gamma prior
over each element of A in a Bayesian setting, we determine
the expectation-maximization (EM) update equations in order
to determine x,, and \,, at each iteration to be

2

|t =1 [4]| + fr(®n—1)[i] + B

argmmin lyn — anHg + Z/\t[lﬂw[l]\ ®

AL[i] @)

t
L

where (3 is a small positive value which ensures stability in the
A values and t indicates the EM iteration. The EM algorithm
run to convergence, which typically occurs for 10 < ¢ < 30.

We show improvements on simulated data using the adap-
tation of the second order variables over similar first order
estimation programs in both the steady state relative mean
squared error (rMSE) and the robustness. For example at
sampling rates below CS recovery limits, steady state errors can
be reduced from 2.48% using first order methods to 0.67% with
the re-weighted model. Additionally, up to 30% of the signal
sparsity locations can be erroneous and the re-weighted model
continues to outperform both time-independent basis pursuit
de-noising as well as the first order models.
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The advent of the Compressed Sensing (CS) paradigm revitalizes
the way signals are acquired. In a nutshell, CS shows how sparse
or compressible signals in a given basis can be reconstructed from
fewer linear measurements than the ambient dimension N of the
signal space [1], [S]. The gist of this approach lies in the use of a
sensing matrix sufficiently incoherent from the signal sparsity basis.
This happens with high probability for a large class of random matrix
constructions as soon as the number of measurements M is higher
than “few multiples” of the signal sparsity K. For instance, for
Random Gaussian matrices, when M = O(K log N/K).

As a matter of fact, actual signal acquisition systems are often (if
not always) corrupted by noise with various distribution laws (e.g.,
Gaussian, Poisson, uniform or impulsive noises). Sensing techniques
relying on CS cannot escape this, which motivates the study of CS
reconstruction robustness in the presence of such perturbations.

In this work, we consider the corruption of CS measurements by
heteroscedastic noise following a Generalized Gaussian Distribution
(GGD). More precisely, the sensing model of a sparse (or compress-
ible) signal € RY in the canonical basis is

y=%®x+n, Q)]
where ® € RM*N stands for the sensing matrix, and the noise
n € RM follows a (central) GGD. That is, n; ~ GGD(0; o, p) o
exp —|(t/c)|P, for a shape parameter p > 1 and a scale o; > 0.
This extends [4] where only the case o; = o > 0 is analyzed.

In order to reconstruct the signal, we propose an adaptation of the
Basis Pursuit DeNoise (BPDN) program [5] for GGD noises called
Basis Pursuit for Generalized Gaussian Noise (BPGGN):

" =argmin [lull: s.t. |y — Pullpw < €pw- (BPGGN)

This solver proceeds as before by minimizing the (sparsity promoting)
£1-norm of the signal under a weighted £, .,-norm fidelity term (with
p = 1) adjusted so that e} ,, provides an upper bound (with high
probability) on ||n|[} ., = >, |win:|?. Our implicit objective is
to adjust the weights w = (w1, --- ,wm) € Rl\f to the noise
characteristics for minimizing the final reconstruction error.

Forp =2, w =1 := (1,---,1), BPGGN reduces to BPDN
which is ¢o — {1 instance optimal when ® satisfies the Restricted
Isometry Property [5S]. In other words, if for some normalization p >
0, p||®v]| is “close” to ||v|| for any K -sparse vector v € X = {u :
#{i :u; # 0} < K}, and if the signal  is (with high probability)
a feasible point of the BPDN constraint, then

lz” —z|| < Ceo(x)+ De2a/p.
In this error bound, C' > 0 and D > 0 are dependent on ® and
K only, eg(x) = ||z — xx|1/VK and zx is the best K-term
approximation of x [5].

Generalizing what is described in [4], it is possible to characterize
the BPGGN stability for any w € Rf and p > 2 if the sensing
matrix is well behaved with respect to the £, .,-norm. Specifically,
we ask the sensing matrix ® to respect the generalized Restricted
Isometry Property RIP({p, w, ¢2| K, 0, u) at order K € N, radius 0 <
6 < 1 and for a normalization g > 0. That is, for all x € Xk,

(1=8)'" |zl < 2l|®2llpw < (1+6)" |l2]. @)
Notice that RIP({2,1, £2| K, d, ) is the common RIP [3], [5].
We can prove that, with very high (controllable) probability, a

random matrix ® ~ NM*N(0,1), ie., with ®;; ~iq N(0,1),4

is RIP(£pw, 2| K, 0, 1) as soon as M?/? = O(Klog N/K) and
f1 = E[|€]lp,w, for & ~ NM*H(0,1).

We also show that if ® is a RIP({p ), {2]s, Js, 1) matrix for s €
{K,2K,3K} and 2 < p < oo, and if €,,., guarantees that x is a
feasible point of the BPGGN constraint, then

e — 2| < Apeo(K) + Bpu 'epuw, 3
2(1+Cp—6 44/ 144
for values A, (®,K) = 2Zee=28) B (9, K) = {322

Cp = O(\/(62x + 63x)(p—2) ) as p> 2 and Cp = Sk +O(p—
2)as p — 2.

This results is interesting for at least the following two situations.
First, in the case p = 2, for heteroscedastic Gaussian noise variance
of = a2 /2, (3) implies that the reconstruction error may be reduced
through “cleaning” n by setting w; = 1/0;. For a Gaussian matrix
® ~ NMXN(0,1), we have p = E||€]|20 ~ ||w]|. Without
cleaning (ie., w = 1), the term ,u’lelw in (3) is close to
(3, 022 /V/M. Setting w; = 1/04, wini ~ N(0,1) and we
get p ez ~ VM /(Y o 2)Y/2, This second quantity is always

(3

smaller than the first. Indeed, M/(3°, 0;%) = (3,07, %/M)™" <
>, (072" /M = 3, 07 /M since the function 1/t is convex on
Ry and >, 1/M = 1.

Second, (3) also applies to the context of non-uniform measure-
ment quantization [2], that is, when

y = 9Q[®zx] = Px +n,

where, for each vector component, the scalar quantizer Q[t] maps
t € R on the level 7, € R iff ¢ belongs to the quantization
bin Ry = [tk,tk+1) S 71k, with thresholds ty < t1 <
When an oracle tells us on which side of each level an unquantized
measurement is, we show that the noise n in (1), which is uniform
on each bin, can be approximated as a (half) GGD noise with
arbitrary high p. However, since a matrix & ~ N*N(0 1)
is RIP(£pw, l2|K, 0, ) if M*?P = O(Klog N/K), a trade-off
must be found between perfect noise modeling and reconstruction
controllability. If this RIP holds, writing k; as the bin label of (®x);,
setting w; = 1/|7k; — tg,+1| if ()i > 73, and w; = 1/ |75, — ti, |
otherwise (thanks to the oracle), we found that

p e < Clppy/p+1)7 )

assuming M~ Y/P ||w]|, > p, for large M (with p, > min; w;).

Implementing BPGGN with a monotone operator splitting method
[6] and making the weights sign-sensitive, we observe numerically
this O(1/+/p + 1) error reduction when CS measurements are quan-
tized with a Lloyd-Max quantizer and without invoking any oracle.
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Abstract—\We propose auniversal and efficient compressive sampling Without prf:mOdu'atlon With pre-modulation

strategy based on the use of a spread spectrum technique. Theethod
essentially consists in a random pre-modulation of the siga of interest o o o
followed by projections onto randomly selected vectors ofmorthonormal =~ o= e B B
basis. The effectiveness of the technique is induced by a dease of . B o
coherence between the sparsity and the sensing bases. Thensseg o o o

scheme isuniversal for a family of sensing bases in the sense that the o o= o3 gF o= T o1 0z gu ) Res 056
number of measurements needed for accurate recovery is optal and Fig. 1
independent of the sparsity matrix. It is alsoefficient as sensing matrices e
with fast matrix multiplication algorithms can be used. These results are
confirmed experimentally through analyses of the phase trasition of the

£1-minimization problem.

015
01029 g/ RpE 088

Phase transition of th& -minimization problem for sparse signals
in the Fourier basis and random selectionFolurier (first and third panels)

or Hadamard (second and fourth panels) measurements without and with
random modulation. The dashed green line indicates the ypleage transition

of Donoho-Tanner [3] and the color bar goes from white to llaclicating a
probability of recovery frond to 1. The domain of recovery becomes optimal
with the spread spectrum technique.

Letz € C" be ans-sparse digital signals in an orthonormal basigefinition 1. (Universal sensing basis) An orthonormal bagise
V = (¢1,..,9n) € CVY and a € CV be its decomposition cN*N s called a universal sensing basis if all its entriés;, 1 <
in this basis:ac = W*z. The spread spectrum technique consists ; < N, are of equal complex magnitude.
in a pre-modulation of the original signal by a wide-band signal ) ) )
¢ = (a)icicn € CN, with lci| = 1 and random phases, and a For universal sensing bases, e.g. the Fourier, Hadamard, or

) —1/2 .
projection ontom randomly selected vectors of another orthonormdl0iselet transform, we havé (¢, V) = N / whatever the sparsity
basis® = (¢1, ..., dn) € CV*N [2]. The indices2 = {i1,. .., L matrix V. The mutual coherence is thus equal to its optimal value,
of the selected vectors are chosen independently and omjfoat UP to a logarithmic factor, whatever the sparsity matrixsidared!
random from{1,..., N}. We denoted¢, the m x N matrix made I1l. SPREAD SPECTRUM UNIVERSALITY

of the selected rows ob*. The measurement vectgr € C™ thus
reads as

|. SPREAD SPECTRUM TECHNIQUE

Theorem 1. Letc € CV, with N > 3, be a random Rademacher
or Steinhaus sequence amdsatisfying equation (1). For universal
y = Ao o with Ao = &5CW € C™ N (1) sensing base® e CN*N and for a universal constar® > 0, if m >
C slog®(N), thena is the unique minimizer of thé -minimization
In the above equation, the matig&e CV*~ stands for the diagonal problem (2) with probability at least — © (N* log3(N)).
matrix associated to the sequenece=inally, we aim at recoveringe

by solving the/;-minimization problem For universal sensing bases, the spread spectrum techisitjues
_ universal the recovery condition does not depend on the sparsitg basi
arg min [|&l|, subject toy = Aadi. (2)  and the number of measurements needed to reconstruct sigmats

is optimal in the sense that it is reduced to the sparsityl lev&he

Il. REDUCING THE MUTUAL COHERENCE BY PREMODULATION  experimental study of the phase transitions of theminimization

In the absence of pre-modulation, i.e. whénis reduced to the problem confirms this result (see Figure 1). The spread spact
identity matrix, the compressive sampling theory alreagyndn- technique is alscefficient as the pre-modulation only requires a
strates that a small numben <« N of random measurementsSample-by-sample multiplication betweanand c and fast matrix
is sufficient for an accurate and stable reconstructionaof1l]. Multiplication algorithms are available for several umaa sensing
However, the recovery conditions depend on the mutual eoicer bases such as the Fourier, Hadamard, or noiselet bases.

p = maxi<i j<n |(¢i, ;)| betweend and . The performance is IV. CONCLUSION
optimal when the bases are perfectly incoherentyi.e. N~'/2, and
unavoidably decreases whenincreases.

The spread spectrum technique proposed in this work signific
reduces the mutual coherengetowards its optimal value [2]. In
the presence of a digital pre-modulation by a random Radeenac
or Steinhaus sequence < CV, the mutual coherencg. = REFERENCES
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We presented auniversal and efficient compressive sampling
strategy based on spread spectrum. For applications sucadas
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Abstract—Many of the theorems in Compressed Sensing (CS) rely upon
the linear operator having suitable bounds on its restrictel isometry
constants (RIC). Due to the intractability of RICs for deterministic
matrices, the focus has been on probabilistic bounds. This evk is an
effort to determine as accurate as possible bounds for Gauise random
matrices. The outcome is presented here in the form of imprasd RIC
bounds. In addition, we present asymptotic approximationsof the RIC
bounds from which we deduce sampling theorems consistent thi what
is found in CS literature.

|. INTRODUCTION Fig. 1. As a function ofp and taken oved € [0.05,0.95] for eachp; Left
panel: sharpness ratioswuk(ﬁf}\,) and L&(’ifj)\”; Right panel: improvement

For a matrixA of sizen x N, the upper and lower RICs oA, Uj ratios uB°T (5,p) and £ CT(5,0)
and L, respectively, over alk—sparse vectorsy, are the smallest boUGp) £(3p)
Ui and L;, that satisfy, [2], [3],

(1— L)zl < |A=||?2 < (1 + Up)||z||3. 1) I1l. AsymPTOTICS OFRIC BOUNDS

We asymptotically approximated the RIC bounds with simpler

Unfortunately, computing the RICs of a matrixis in general NP-  functions for small values of and p, close to 0. Naturally three
hard. Consequently, the research community is activelypuimg cases lend themselves to these kind of analysis: (i) fixingnd
probabilistic bounds for various random matrix ensemblesongst letting 6 — 0; (ii) fixing p and lettings — 0; and (iii) settingp
other approaches, our work aims at computing accurate RYEs fs a function off parameterize by and letting bothp, § — 0. The
Gaussian random matrices, in part as a model for i.i.d. me&a Zthird case, being the most interesting, leads to the fotigwheorem.

ensembles, [1], [2], [4]. Theorem 3.1: Let p,(6) = [—ylog(8)]~" and leti (6, p(3))
and L (4,p(5)) be the approximations ot{((d,p) and L(4,p)
I1. IMPROVEDRIC BOUNDS respectively. For a fixed asé — 0,

The first set of RIC bounds for the Gaussian ensemble wereedkeri U (8, p(9))
in [4] using a union bound over aﬂf) submatrices and bounding ~ 5 3v7l 2 2 3
the singular values of each submatrix using concentrationeasure L(8,p,(3)) = [_2p log (5 p )] *+ §Plog (‘5 p ) ®)
bounds. This was improved in [2] by similarly using a uniorubd Consequent to our good asymptotic approximations the\fiig

over all () submatrices, but with more accurate bounds on th& mpling theorem can be deduced from Theorem 3.1.
probability density function of Wishart matrices. We aciaié further Corollary 3.2: Given a sensing matrix4, of sizen x N whose en-

improvement by grOQPing subm/atrices with ovgrlapping SUPFELS, {ries are drawn i.i.d. fromV (0, 1/n), in the limitasn/N — 0 a suf-
say, Ax and Agr with [K' N K'| > 1, for which we expect the g iant condition for recovery for CS algorithmsiis> vk log(N/n)

singular values to be highly correlated. . measurements with = 36 for /;-minimization, v = 93 for IHT,
These bounds where derived in thieear-growth asymptatics: ~ = 272 for Subspace Pursuit and= 365 for CoSaMP.

[—2,0 log (62p3)]% - %plog (52;03) )]

k/n — p and n/N —§ for (5,p) € (0,1)*> as (k,n,N) — oco. (2) REFERENCES

Our improved bounds are stated in Theorem 2.1 and their cgsopa |11 B- Bah and J. Tannemmproved bounds on restricted isometry constants
to bounds of [2],u%°T and £7°T, and to empirically observed for gaussian matrices, SIAM J. on Matrix Analysis, Vol. 31(5) (2010)
u , , pirically v 2882-2898.

lower boundsU(k,n, N) and L(k,n, N), are shown in Figure 1. [2] J.D. Blanchard, C. Cartis, and J. Tanr@ompressed Sensing: How sharp
Theorem 2.1: Let A be a matrix of sizex x N whose entries are is the RIP?,  SIAM Review, Vol. 53(1) (2011) 105-125.

i : ; ; _ [3] E. J. Candés;The restricted isometry property and its implications for
drawn i.i.d. fromN (0, 1/n). For any fixeck > 0, in the linear-growth compr snsing, . C. R. Math. Acad. Sci. Paris, Vol. 346(9-10)

asymptotic, (2008) 589-592.
[4] E. J. Candes and T. Tddecoding by linear programming, |EEE Trans.
P(Ly < L(3,p) +€) =1 and PU, <U@S,p)+e)—1 (3) Inform. Theory, Vol. 51(12) (2005) 4203-4215.
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I. DIFFUSEOPTICAL TOMOGRAPHY } o) vk

In diffuse optical tomography (DOT) [1], [2] the near infeat light
is used to probe the optical properties of the tissue suchssption s o
and scattering. The value of those parameters can be relatec :
oxygenation levels of the tissue and hence provides a fomati
imaging modality. Two main applications of DOT are neonétalin '
imaging and breast imaging. s 50
Transport of light through tissue is described by the Bodmm
transport equation. In DOT, the scattering is assumed tohiee r :

dominant process, and the so call diffusion approximatiolas
tw Fig. 1. Fréchet derivative (left) and its wavelet coeffitg (right) for a
—Vi(r)Vé(r,w) + pa(r)o(r,w) + ?‘b(r’ w) 0, reQ (1) point source and point detector on the boundary of the cifEtee wavelet
B ¢(rw) = J, redQ coefficients are plotted at the mesh nodes correspondindnetoparticular
’ o ’ wavelet.
Bto(r,w) = JY, reoq,

where x and u, are the space dependent diffusion and absorptiefrhe quality and speed limiting factor of the acquisition qass is

coefficients, respectivel) is the considered domain an® de- 5 plication of the inward boundary currents. This leads fablem
note appropriate boundary conditions. We assume that thedaoy ¢ coice of an optimal set of illumination patterns i.e. tandary

conditi(_)ns specify a unique S(ilution of (1). . . conditions for (1), to acquire the measurable informatiathvthe
The inward photon currentf ™, travels through tissue undergoing|eagt possible number of different inward boundary cusent

scattering and absorption according to optical parameéedsgives |, this contributions we propose a method of analysis of the

rise to the outgoing current/™ at the boundary)(2, defining a map |inearized problem in dependence of the illumination patebased

from the parameter spac¥ to the space of measurable boundary, 5 \yavelet transform of Frechet derivatives of the fotaap F.

curentsZ, 7 : X — 7. Fréechet derivative for one source illumination pattervegirise to
The change of the solutiog of (1) at the boundary?, due to the two rows (one for the real and one for the imaginary part) i@ th

change of optical parameters up to first order is the Fré&bwdtative system matrix of the linearized problem. Figure 1 shows amepte
of the forward mapF, r € 692 of Fréchet derivative (in fad®(dF /9. ) for circular domain irR2.

OF(r,w) , , "eq Due to smoothness the Fréchet derivatives are highly cessiiyle in
Opa(r’) —Y(nr W), w), e wavelet basis, which hence provides an effective repratentof the

OF (r,w) , , , information. As the diffusion equation (1) is usually salweith finite

ar(r) =Vi(rrw) - Vo(r,w), e, elements, we apply wavelets constructed directly on theefelement

mesh [3]. The compressed form of the Fréchet derivativieeis used
! . ; : to infer the dependencies between different illuminatiattgrns and
The inverse problem in DOT is to recover the optical pararsete to arrive at an optimal set of illumination patterns. An ami pattern

and x from the boundary measurements, which amounts to |nvert|r%%t should be able to sense all the measurable wavelet iefion

the mapF. We note that since both the direct and adjoint fieldﬁ\e domain but have the minimal redundancy between measatem

depend on the parameters to estimafejs not linear. Hence it is L o .
. . . An example of an optimality criteria is the condition numlaérthe
typically tackled with some type of Gauss Newton method, clivhi . ! S -
system matrix for a fixed number of applied illumination pats.

involves solution of a linearized problem at each iteration

where is the solution to the equation adjoint to (1).

REFERENCES
II. ANALYSIS OF ILLUMINATION PATTERNS

. . . p ] S.R. Arridge, Inverse Problems, 15, pages 41-93, 1999
Linearizing the forward map, amounts to computing Fréch ] SR. Aridge and J.C. Schotlandptical tomography: forward and

derivatives for different inward boundary current$ (illumination inverse problems Inverse Problems 25(12), pages 123010, 2009.
patters), which each gives rise to an outward curtént In praxis [3] W. Dahmen, and R. StevensoiElement-by-Element Construction of
only limited number of currentg™ can be applied and any only a  Wavelets Satisfying Sability and Moment Conditions, SIAM J. Numer.
finite set of measurements can be taken to saniplein the modern Anal. 37(1), pages 319-352, 1999.

DOT systems, the measurements are usually taken by a carntara w

a specified aperture providing highly resolved measuresneint —.
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[. INTRODUCTION

Neural systems are continually confronted with a wealth of high-
dimensional data produced by their sensory environments. It is this
stream of apparently complex data that is used to understand and
navigate the world around us. While the sheer datarate of these
sensory signals may appear overwhelming at first glance, the statistics
of this data are highly structured and the actual information content is
much lower than the high ambient dimension of the raw data itself.
Indeed, as research has shown, models based on sparsity in some
basis can allow significant improvements in many applications.

There exists a long history of proposing sparsity models as a way
that neural systems could represent the low-dimensional structure in
sensory data. The results receiving the most attention in this area are
undoubtedly the work of Olshausen & Field [1]. In this pioneering
experiment, the authors showed that by assuming only a neural coding
model based on sparse approximation and applied to the statistics of
natural images, the optimal dictionary (i.e., overcomplete basis set)
is a set of localized, oriented, bandpass functions (similar to a Gabor
wavelet system). This has been of great interest to the computational
neuroscience community because the response properties of cells in
the primary visual cortex are often characterized with (qualitatively)
similar functions, lending credence to the hypothesis that the neural
system may be optimized to represent information in a sparse code.
In a fruitful demonstration of the power of interdisciplinary work, the
signal processing community has since made use of these ideas from
neuroscience (as well as adding their own significant advances), and
it is now routine to think of using unsupervised learning to determine
optimal dictionaries for representing new signal classes.

II. RECENT EVIDENCE

Unfortunately, the results from [1] represent only circumstantial
evidence for the sparse coding hypothesis in neuroscience. Despite
15 years passing since the publication of these results, we still lack
direct confirmation that sparse approximation is a significant coding
principle in neural systems (due at least in part to technological
barriers that are just being advanced by neurophysiologists). In the
interim, there has been a growing body of (also circumstantial) work
lending more evidence to support this hypothesis. Here we will survey
a collection of questions that have been asked and at least partially
answered in the neuroscience community about the validity of the
sparse coding hypothesis, with the aim of trying to induce more
interaction between research communities.

o Do the learned dictionaries quantitatively match the measured
response properties of cells in visual cortex? While the qualita-
tive match is undeniable, the results of Olshausen & Field (and
related results by Bell & Sejnowski using ICA [2]) actually fail
to match the measured response properties in some quantitative
ways. However, recent refinements of this model have shown
that the fits can be made much more quantitative through a
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combination of increasing the overcompleteness of the dictio-
nary (biology is estimated to be 25-50 times overcomplete), and
using an inference scheme that induces more “hard sparseness”
(e.g., more coefficients that are exactly zero) [3]. This lends
an interesting aspect to the discussion about heuristic greedy
algorithms that achieve many zeros and convex relaxations that
may have difficulty driving coefficients to zero in practice.

Do neural responses actually look sparse? Traditionally, many
neurophysiology experiments were performed with artificial
stimuli (e.g., sinusoidal gratings) where it would be difficult to
answer this question. In recent experiments using natural stimuli,
there is accumulating evidence of response patterns appearing
more sparse than predicted by classic models (e.g. [4]).

Could neural systems solve the non-smooth optimizations we
use in sparse approximation? A plethora of algorithms for
£ minimization have appeared in the literature recently, for
obvious reasons, all of them are designed to operate on a digital
computer with a centralized CPU. We have recently introduced a
dynamical system that provably solves these optimizations using
computational primitives appropriate for neural architectures [5].
What about all the other nonlinear response properties I hear
about in neural systems? It is true that a broad variety of
nonlinear response properties reported by physiologist. For ex-
ample, in the visual cortex there have been many effects reported
in the literature known as non-classical receptive field effects
(nCRFs), where essentially the cell responds in a nonlinear
way to a modulatory stimulus that would not otherwise drive
the cell. These effects have all been modeled individually, or
described with a collection of ideas such as adaptive gain control
or predictive coding. We have recently performed a host of
simulated physiology experiments on a sparse coding model and
shown that nearly all of these nonlinear effects appear as simply
emergent effects from this single coding rule (both at the level
of individual cells and cell populations) [6].
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I. INTRODUCTION

This paper first investigates the choice of parameters of the chirplet
transform, leading to good detection properties. Then we propose a
cheap iterative detection algorithm with a single chirplet transform
computation, which avoids over-detection due to the redundancy of
the chirplet transform.

II. CHIRPLET TRANSFORM

The discrete chirplet transform [1] C|n, k, d] of a signal z[m] is
determined by
+M )
Zx[n+m]¢M[m]efj27r%%dmazm e*j?‘nm

m=—M

K
)

= Q)]
with n, k are the time and frequency indices respectively, K the
number of frequencies. There are 2L 41 different chirprates, ranging
from —Ldmas 10 +Ldmaz. The smoothing window ¢ar[m] has
2M + 1 points, normalised such that its maximal value is 1. This
transform may be viewed as a collection of chirped Short Time
Fourier Transforms.

The stationary phase approximation [2] leads to an approximation
of the chirplet transform of a chirp of chirprate do, centred on time
index n and frequency (ko + don) K,

(@3]

\C’[n,k,d” ~ A ¢\d0—d\MK [k—(ko+don)K]

1
|do — d|
However, when the chirp’s chirprate do is equal to the analysing
chirplet’s chirprate d, the chirplet transform is equivalent to a Fourier

transform: | C[n, k, do]| = A|® [k — (ko + don)K]| ©)

where ®[k] is the discrete Fourier transform of ¢s[m]. Note that
the maximum of @y [k] is ®ar[0] = D par[m].

Figure 1 illustrates the validity of these approximations. The
blue and green curves are the values approximated by (3) and (2)
respectively, the red curve is the value of |C[0, 0, d]|.

The transition from approximation (2) to (3) corresponds to the
value of |do — d| = = Ayp such that these two approxima-
tions are equal.

The energy of the chirplet coefficient is maximal if |do—d| < Aqo.
Consequently, by choosing the parameters of the chirplet transform
such that the chirprate step is less than 2A 40, we are assured to get
a good detection for any chirp.

1 _
s [0]2

III. MAXIMUM CHIRPLET TRANSFORM

To simplify the detection problem, we define the Maximum
Chirplet Transform (MCT) D[n, k| at a given time-frequency point
[n, k], containing all maxima of the square modulus of the chirplet
coefficients along the chirprates

Din, k] = rncallx|C[n, k,d)|°. 4)
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Fig. 1. Maximum value of |C[0, 0, d]| Fig. 2. Tllustration of a detection step.
of a wave and its approximations.

We choose to use a detection based on a Neyman-Pearson approach,
which provides a detection threshold. However, this swrwxrion pro-
vides a high number of detection coefficients in the MCT due to the
redundancy of the chirplet transform.

Considering all possible spectral windows for any chirp, we can
define a upper-bound spectral window, such that for any analysed
chirp, the upper-bound spectral window normalised and centred on
the highest MCT value is greater or equal than all MCT spectrum
points.

We propose an iterative detection, using a single chirplet transform
computation: at each ietration, the upper-bound spectral window
centred on the point of highest magnitude is subtracted from the MCT
spectrum, and a new iteration is run over this new spectrum. The
iterations stop when all spectrum coefficients are below the detection
threshold ¢. Contrary to the Matching Pursuit approach, the spectrum
does not need to be re-computed at each iteration.

Figure 2 illustrates a first iteration of such a detection. In blue,
the MCT spectrum, in green the upper-bound window, and in red the
detection threshold ¢.

IV. CONCLUSION

The minimal chirprate step of the chirplet transform leading to
good detection properties have been investigated in this paper. A
detection method, based on iterative subtraction of the Maximum
Chirplet transform spectrum has been proposed, selecting only a
few chirplet coefficients in spite of the redundancy of the chirplet
transform.
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Abstract—We present an acceleration strategy based on smooth,
Riemannian optimization for rank minimization problems. By assuming
that the rank of the minimizer is known, the original rank minimization
can be formulated as a smooth optimization problem on the manifold
of fixed-rank matrices. We show that these low-dimensional problems
can be solved very efficiently. We apply our framework to large-scale
Lyapunov equations and low-rank matrix completion, and compare to
the state of the art.

I. INTRODUCTION

Let € > 0 be a tolerance and £ : R™™™ — R™ ™ a linear
operator. Then, given C € R™ ™, the noisy version of the rank
minimization problem [1]

minimize rank(X)
subject to X € R™™ ||[L(X) — Cllr < € M
can be turned into a smooth optimization problem,
minimize  f(X) := ||£(X) — C||3, )
subject to X € My :={X € R"™™ : rank(X) = k},

provided that the rank k of the optimizer in (1) is known.

It is well known that the set My is a smooth submanifold
embedded in R™*™. Since the objective function is smooth also,
problem (2) is a smooth Riemannian optimization problem, which
turns out to be significantly easier to solve than (1).

We present numerical algorithms to solve (2) based on the
framework of retraction-based optimization in [2]. The numerical
algorithms heavily exploit the smoothness of M) and are gener-
alizations of classical optimization algorithms on Euclidean space,
like Newton’s method and non-linear CG.

We consider two different applications: large-scale Lyapunov ma-
trix equations for PDEs and low-rank matrix completion.

II. LYAPUNOV MATRIX EQUATION

Solving the Lyapunov equation coincides with solving (2) for

L:RY"™ 5 RV X AXMT + MXAT

where A > 0 and M > 0 are given p.s.d. matrices. In case of large-
scale applications [3], matrix A corresponds to a discretized PDE
and M is a mass matrix. For some important PDEs, the solution
X := £71(C) admits a very good low-rank approximation.

By using f(X) = tr(AXAM) — tr(XC) as objective function,
it is shown in [4] that one actually minimizes the energy norm of
the error. Now, we can apply Riemannian optimization to obtain a
low-rank approximation to the solution of Lyapunov equation.

Since the discretized PDEs are very large and highly ill-
conditioned, the optimization algorithms need to be preconditioned.
By exploiting the low-rank structure of the tangent spaces and the
specific form of the L, it is possible to efficiently precondition the
Riemannian Hessian of f(X) by L, restricted to the tangent space
at X. In practice, this results in a mesh-independent convergence for
the truncated CG-Newton method.

95

In the table below, the results of a numerical experiment are
listed to solve large-scale Lyapunov equations for a relative residual
of 1075, The matrix A corresponds to a discretized 2D Poisson
equation, and M = I. A trust-region version of Newton’s method
was preconditioned as explained above.

size n 5002 10002 15007
time (s.) | 40 175 443
rank(X) 12 12 12

ITII. LOW-RANK MATRIX COMPLETION
In the context of low-rank matrix completion, the objective func-
tion in (2) becomes f(X) := ||Pa(X — A)||? where A is a given
(numerically) low-rank matrix only known on a subset €2 through
(i,7) € 2,

otherwise.

Xij,
0

Po:RYV™ — R™V™) X5 —

In case the exact recovery of (1) can be formulated in terms of the
restricted isometry property [1], the operator Po can be assumed to
well-conditioned on M. In this case, preconditioning is unnecessary
for large-scale problems.

Below, the experimental results are shown for the completion of
an n X n random matrix (i.i.d. Gaussian) of rank 50 with |Q| = m.
We compared our nonlinear CG and Newton methods with two well-
known implementations, SVT [5] and inexact ALM [6]. The relative
tolerance was 10%. Clearly, exploiting the knowledge of the rank
of the minimizer by optimizing on a manifold can greatly reduce the
time needed to solve (2).

CG  TRNewton | SVT  in. ALM
n m/ n? (seconds/nb. of iterations)
5000 0.10 40/18 99/27 930/107 320/45
10000  0.05 106/20 251/30 2048/110  1230/70
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Abstract—In this paper, we investigate the degrees of freedom (df)
of penalized ¢; minimization (also known as the Lasso) for an un-
derdetermined linear regression model. We show that under a suitable
condition on the design matrix, the number of nonzero coefficients of the
Lasso solution is an unbiased estimate for the degrees of freedom. An
effective estimator of the number of degrees of freedom may have several
applications including an objectively guided choice of the regularization
parameter in the Lasso through the SURE framework.

Index Terms—JLasso, degrees of freedom, SURE.

[. INTRODUCTION

Consider the following linear regression model

y= Az’ +e, )

where y € R™ is the response vector, A = (a1, ,a,) € R"*? is
a deterministic design matrix with n < p, z° € R? is the unknown
regression vector, and € € R™ is the noise vector whose entries are
iid. A(0,0?%). The goal is to solve (1) when the solution is assumed
to be sparse. Towards this goal, a now popular estimator is the Lasso
[4]. The Lasso estimate amounts to solving the following convex
problem

1 >
min oy — Azl + Az, )

where A > 0 is the regularization or tuning parameter. In the last
years, there has been a huge amount of work where efforts have
focused on investigating the theoretical guarantees of the Lasso
as a sparse recovery procedure from noisy measurements in the
underdetermined case n < p.

Degrees of freedom df is a familiar phrase in statistics. In overde-
termined linear regression df is the number of estimated predictors.
Degrees of freedom is often used to quantify the model complexity
of a statistical modeling procedure (e.g. it corresponds to the penalty
term of model selection criteria such as AIC and BIC). However,
generally speaking, there is no exact correspondence between the
degrees of freedom df and the number of parameters in the model.
On the other hand, the degrees of freedom plays an important role
for an objective selection of the tuning parameter.

Let us denote by Z any estimator of z° which depends on % and
let § = Az. Since y ~ N(Axo, o? I), according to [2], the degrees
of freedom of g is

n

(i) =Y

=1

cov(gi, yi)
o2 ’

3)

If ¢ is almost differentiable, Stein’s lemma [3] yields the following
unbiased estimator of df

. n
df(§) =divg =

=1

07i
8yi ’

“)

Contributions Let fix = fia(y) = AZx(y) be the Lasso response
vector, where & (y) is a solution of the Lasso problem (2). In the
overdetermined case, i.e. n > p, £x(y) is unique, and the authors in
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[5] showed that for any given A the number of non-zero coefficients
of Z is an unbiased estimator of the degrees of the freedom of the
Lasso. Though their proof contains a gap. The contribution of this
paper is to extend their result to the underdetermined case where
the Lasso solution is not unique. To ensure the uniqueness of the
solution, we introduce the condition (UC) on the design matrix.

II. MAIN RESULTS

Let z € RP, S C {1,2,---,p} and |S] its cardinality. We denote
by Ag the submatrix As = [--- ,a;j,---]jes, where a; is the jth
column of A and the pseudo-inverse (A5As) ™t A% of Ag is denoted
Ag. Let z; be the jth component of z. Similarly, we define zs =
(--+,25, - )jes for z. Let supp(z) = {j : z; # 0} be the support
or the active set of z.

Definition 1 (Condition (UC) [1]): A matrix A satisfies condition
(UC) if, for all subsets I C {1,---,p} with |I| < n, such that
(as)ier are linearly independent, for all indices j ¢ I and all vectors
Ve {-1,1}1

{aj, (A])'V)| # 1. )

Theorem 1: Suppose that A satisfies condition (UC). For any y €
R™, there exists a finite set of values A, denoted by { ., }, for which
we have

max |(a;,y — AZA(y))| = A, (6)
J¢1

where I = supp(Z(A)) and Zx(y) is the solution of the Lasso.
Furthermore, if A € ]0, [[A*yl[oo [ \ {Am ]}, then

max [(aj,y — AZx(y))] < A N
JET

Theorem 2: Suppose that A satisfies condition (UC). For any y €
R"™, and all values of A for which (7) is satisfied, we have
o The Lasso response fix(y) = AZx(y) is a uniformly Lipschitz
function of y;
o The support and vector sign of the Lasso solution are locally
constant with respect to y, and consequently

®

That is, using Stein’s lemma [3] and the divergence formula (8), the
number of non-zero coefficients of £, is an unbiased estimator of
the degrees of the freedom of the Lasso.

div fa(y) = |supp(@x(y))l-
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I. PROBLEM STATEMENT

Suppose you are given a matrix X € R™*"™ with rank
r < min(ni, na). Moreover, assume this matrix has sparse nonzero
elements so that, due to the column-wise dependencies, they are all
supported on k& < mi1 number of rows (it can also be column-wise
supported). This matrix wont have many degrees of freedom; If one
knows the position of those k£ nonzero rows, the corresponding sub-
matrix contains only (k + na — r)r degrees of freedom.

Provided by the enormous developments in areas of compressed
sensing and low rank-matrix recovery [1][2][3][4], one may wonder if
it is possible to acquire the whole matrix elements from a very few
number of non-adaptive linear measurements. In this regard, three
questions immediately follow; what should be those measurements?
How to design a computationally tractable algorithm to recover this
matrix from those possibly noisy measurements? And finally, how to
evaluate the performance i.e., how many measurements do we need
to recover exact low-rank and sparse matrix, and does the algorithm
performs stable with respect to matrices that are approximately low-
rank or not exactly joint-sparse but compressible? This paper attempts
to answer the questions above.

II. PRIOR ARTS

Recently a few papers consider rank awareness in data joint-
recovery from multiple measurement vectors (MMV) [5] [6]. More
precisely, sparse MMV inverse problem (also known as simultaneous
sparse approximation), focuses on recovering a joint-spase matrix X
from a set of measurements ¥ € R™*"2 acquired as ¥ = AX.
There, A € R™*"? is the measurement matrix that is unique for
compressive sampling signals of all the no channels (columns of
X). Davis et al. [5] proposed a specific rank-aware greedy algorithm,
that in case of using a random i.i.d. Gaussian A, is able to recover
(with high probability) an exact k-joint-sparse and rank-r X from its
noiseless MMV, if the total number of measurements scales as,

m = nom 2 (’)(ngk(logm/rJrl)). )

III. ORIGINALITY OF OUR WORK

Our work contrasts with prior arts in three main aspects:

1- Let us define the linear map .4 : R™*™2 — R™ and model our
sampling mechanism by y = A(X) + z, for a noise vector z € R™.
As we can see, this measurement scheme is able to model more
general cases than a uniform sampling matrix for all the channels
e.g., in distributed compressed sensing scenarios, each channel can
be sampled by an independent measurement matrix (rather than a
unique one), or even in non-distributed cases where the sampling
matrix is designed so that each measurement reflects a global average
behavior of the whole matrix rather than a local specific channel.

2- Our recovery algorithm is different and is based on the following
convex minimization,

o7

argmin | X |21 + Al X[ @)

ly — AX)l, <e

The l2,1 mixed-norm is defined as || X[z = 32,32, X242
and the nuclear norm || X ||« is the sum of the singular values of X.

3- Our performance analysis, guarantees stability of our recovery
approach against noisy measurements, non-exact sparse and approx-
imately low-rank data matrices. We prove that, if our measurement
system satisfies a specific restricted isometry property (RIP), the
solution of (2), stably recovers all joint-sparse and low-rank matrices.
In particular, we show that, for certain random measurement schemes,
the number of measurements m sufficient for stable recovery scales
as,

subject to

©))

Regarding rank of the data matrix, our bound is of a different nature
than (1) i.e., the lower the rank, less measurements are required.
Indeed, in many multichannel signal applications, where (due to the
structure behind) a huge data matrix turns out to have a low-rank
(r < k < ng2), our approach outperforms those in the state-of-the-
art, reflecting the importance of a good design for the measurements
A together with the recovery approach benefiting those structures
(i.e., joint-sparse and low-rank).

In the rest of this paper, we develop an algorithm to solve (2)
using proximal splitting methods [7]. A number of simulations on
synthetic data as well as an interesting important application in
Hyperspectral imaging, demonstrate a massive saving of the number
of measurements required to recover data, compared to the existing
methods.

m > O(k(r + log(n1/k)) + nzr).
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Abstract—Recently, relaxed belief propagation and approximate mes
sage passing have been extended to apply to problems with geal
separable output channels rather than only to problems withadditive
Gaussian noise. We apply these to estimation of signals fromuantized
samples with minimum mean-squared error. This provides a renarkably
effective estimation technique in three settings: an oveesnpled dense
signal; an undersampled sparse signal; and any signal whemé quantizer
is not regular. The error performance can be accurately predcted and
tracked through the state evolution formalism. We use stateevolution
to optimize quantizers and discuss several empirical prop@es of the
optimal quantizers.

I. OVERVIEW

Estimation of a signal from quantized samples arises baim fr
the discretization in digital acquisition devices and thmmtization
performed for compression. An example in which treatingngua
zation with care is warranted is analog-to-digital conimrswhere
the advantage from oversampling is increased by replacimyen-
tional linear estimation with nonlinear estimation progezs [1]—
[3]. Sophisticated approaches are also helpful when uspagsiy
or compressibility to reconstruct an undersampled sighil6].

A rather general abstraction is to consider= Q(Az), where
xz € R™ is a signal of interestA € R™*™ is a linear mixing
matrix, and@ : R™ — R™ is a quantizer. We will limit our attention
here to scalar quantizers, meaning thats separable inten scalar
quantizersg; : R — )Y C R with Y countable.

Implementation of belief propagation (BP) for estimatioh e
continuous-valued quantity requires discretization ofsiies; this
is inexact and leads to high computational complexity. Tadha
guantization without any heuristic additive noise moded arith low
complexity, we use a recently-developed Gaussian-apmpateid BP
algorithm, calledrelaxed belief propagation [7], [8], which extends
earlier methods [9], [10] to nonlinear output channels.

Our first main contribution is to demonstrate that relaxed B

provides significantly-improved performance over tramitil methods
for estimating from quantized samples. Gaussian apprdiomsa
of BP have previously been shown to be effective in a range
applications; the extension to general output channels [B]] is
essential to our application.

Our second main contribution concerns the quantizer de®iiren
guantizer outputs are used as an input to a nonlinear esgtimalgo-
rithm, minimizing the mean-squared error (MSE) betweemntjaar
input and output is not necessarily equivalent to miningzine MSE
of the final reconstruction. We use the fact that the MSE utatge

random mixing matricesi can be predicted accurately from a set o

simple state evolution (SE) equations [8], [11]. Then, bydelmg
the quantizer as a part of the measurement channel, we use
SE formalism to optimize the quantizer to asymptoticallynimiize
distortions after the reconstruction by relaxed BP.

Il. SIMULATION EXAMPLE

Form A from i.i.d. Gaussian random variables, i.edq;
N(0,1/m); and assume i.i.d. Gaussian noise with variandée=

~
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— Linear
——LASSO

— Uniform RBP
—— Optimal RBP

1.4 1.6 1.8

1 1.2 .
Rate (bits / component)

Fig. 1. Performance comparison.

10~° perturbs measurements before gquantization. The signial
generated with i.i.d. elements from the Gauss-Bernoufiritiution

_ N (0,10), with probability 0.1;
X 0, with probability 0.9.

Figure 1 presents a comparison of reconstruction distwstiand
confirms (a) the advantage of relaxed BP estimation; and i) t
advantage of optimizing quantizers using the SE equatidine
quantization rate is varied from to 2 bits per component ok,
and for each quantization rate, we optimize quantizersterMSE
of the measurements (labeled “Uniform RBP”) and for MSE of the
reconstruction via relaxed BP (labeled “Optimal RBP”). The figure
also plots the MSE for linear MMSE estimation and lasso, both
assuming the uniform quantizer that minimizes MSE of thegue=
ments. Lasso performance was predicted by state evolutjoations
in [8], with the regularization parameter optimized. ReldBP offers

amatically better performance—more than 10 dB improvenag
ow rates. At higher rates, relaxed BP performance saturdte to
the Gaussian noise at the quantizer input. Furthermoranizing the
8yantizer for the relaxed BP reconstruction improves parémce by
more than 4 dB for many rates. See also [12].
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Abstract—A class of nonstationary time series is proposed of series that II1. I NFERENCE

exhibit sparsity. The class is specified in the ambiguity domain, and is . - " .
defined for the sampling of the observed data. Unlike traditional classes With the model of Eqn. (2), the sample ambiguity function is

: k k

of nonstationary processes there is no implicit definition of local stability concentrated near the poinfgvs™, 75")}, as would be expected,
uniformly across the frequencies of the signal, and no tacit reference and is small in magnitude away from these points. To avoid excessive
to a given representation, such as a class of wavelets or a given short-smoothing, an Empirical Bayes method [7] is used to shrink the
time_Fourier transform. The properties of the class are derived and g0 ed ambiguity function and determine the estimated ambiguity
an Empirical Bayes method of estimation is introduced that is able to . hi h b d back i )
estimate the covariance of aggregations of inhomogeneous signals. function. This carl then be transformed back into a representation
of the autocovariance sequence of the process, that corresponds
to a variable bandwidth smoothing of the sample autocovariance
sequence, see also [8]. The estimated autocovariance sequence can

A traditional assumption necessary for much of time series methdit corrected into a valid covariance matrix, and any chosen bilinear
ology to work is that of stationarity. Unfortunately many signaléepresentation [9] that is suitable to represent the process can be
observed in real applications do not satisfy this constraint, and g@culated. The performance of the method depends on the degree
since the 1940s theory and methods for nonstationary processes IR4véparsity of the ambiguity function and can be interpreted as a
been developed, see the discussions in [1]. composite likelihood method.

In statistics there has been a focus on methods using the short- IV. DISCUSSION
time Fourier transform [2], [3], or the wavelet transform [4]. A Time-frequency representations of nonstationary time series is a

problem W'Fh such methods is thgt the an_aIy5|s becomes Str_on%/ry well researched area. Because of the variety of nonstationary
representation dependent. We think that it is natural to define

tati in t f the ai i dt signals many different forms of representation of the covariance have
nonstationary process in terms ot the given samping, and fo en proposed, and it is possible to find classes of signals [1] so that

. . . t&%y given representation is unsuitable. For this reason the basic object
Ambiguity Function (AF) [5] of the process should be sparse. This 13 estimate is the autocovariance of the analytic signal of the process,

n °°“‘Fa5t with b0t.h local Fourier methods and undergprgad PrOCESSES then various representations can be formed that illustrate different
(61 \,NhICh autom.atl.cally smoot'h out most Of_th? ambiguity funcnoncharacteristics of the process. It is important to avoid placing uniform
Given the statistical properties of an ambiguity sparse process, @foothness assumptions on the evolution of the autocovariance
Empirical Bayes estimation procedure is suitable for the estimatiQq@qyence, especially in exploratory data analysis. We complement the
of its second order structure, and this can be represented using @resting work in [10], as our methods are applicable to a large class
chosen (bilinear) time-frequency representation. of harmonizable processes that do not necessarily have sparse Wigner
distributions. In our work the estimation of the second order structure
[l. AN AMBIGUITY SPARSEPROCESS is separated from its representation, and automatically adapted to

the variable smoothness of the signal. This means that uniform and

Assume that{_X"} is a zero-mean harmonizable process Sa_mpl?féavy-handed smoothing can be avoided, and the full bandwidth of
at t, = nAt, with sampling periodA¢, where a sample siz&' is the signal understood

collected and le{Z,, } be the analytic signal constructed frgnX, }.

I. INTRODUCTION
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Abstract—The detection of random signals with unknown distribu-
tions and occurrences in additive and independent standard Gaussian
noise can be performed on the basis of a weak probabilistic definition of
sparseness. A sparseness-based estimator of the noise standard deviation
can be derived from this definition. It outperforms standard robust
estimators, for large signal probabilities of occurrence. The sparseness
model and its theoretical applications are also commented in connection
with statistical properties of wavelet transforms of wide-sense stationary
random processes. Links between sparseness and the problem of testing
the norm of a random signal are presented and discussed as well.

I. THE PROBLEM

We address the fundamental statistical signal processing prob-
lem of detecting some signal or signal coefficient with unknown
probability distribution in additive standard Gaussian noise with
possibly unknown standard deviation. The decision is performed
from either the noisy observations or the coefficients observed in a
transform domain where the signal is assumed to obey a sparse-
ness model discussed below. We address the very general case
of a random signal with unknown distribution for the following
reasons. First, the deterministic assumption on the signal is an
oversimplification with regard to physics and the random model
should generally be prefered. Second, in applications based on
passive sensors (Electronic Support Measure, spectrum sensing,
among others), so little may be known about the signal or
most of its describing parameters [1] that the signal probability
distribution can be partially or definitely unknown.

II. SPARSENESS-BASED DETECTION AND ESTIMATION

The non-parametric tests established in [2] guarantee an error
probability upper bound for the detection of those signals whose
probability of presence does not exceed p* <1/2 and whose norm
is above (a-s) some positive lower bound. Such constraints on the
signal probability of occurrence and norm specify a sparseness
model for random signals. This model actually bounds our lack of
prior knowledge. It is said to be weak because it involves the case
of probabilities of presence possibly equal to one half. In contrast,
standard sparsity models derived from [3] are stronger since they
correspond to p* <« 1/2. The sparseness model deriving from
[2] applies to non-parametric estimation by wavelet shrinkage,
whereas standard sparsity models concern deterministic signals
even for detection problems [4].

The tests of [2] require prior knowledge of the noise standard
deviation. Sparseness is then instrumental to design a new esti-
mator of the noise standard deviation when signals have unknown
distributions and probabilities of presence in noise [5]. This
sparseness-based estimator outperforms standard robust ones,
when p* is large and even equal to 1/2. Indeed, robust estimators
may fail in estimating the noise standard deviation in presence of
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too many signals acting as outliers among the noise data, whereas
our model covers such situations.

The results summarized above not only comply with the sparse
nature of wavelet transforms for signal representations but also
with statistical properties of wavelet packets. Specifically, co-
efficients returned by wavelet packet transforms of wide-sense
stationary random processes tend to be Gaussian uncorrelated
when the resolution level and the order of the decomposition
filters are both large enough [6].

A perspective of the results summarized above is then the design
of unsupervised algorithms capable of detecting, estimating and
acquiring statistical knowledge about random signals that obey
our sparseness model and whose distributions and occurrences
are initially unknown.

III. SIGNAL NORM TESTING (SNT) AND SPARSENESS

Signal norm testing (SNT) is the problem of deciding whether
a random signal norm exceeds some specified value or not,
when the signal has unknown probability distribution in additive
and independent standard Gaussian noise [7]. The crux in the
aproach is the invariance of the noise probability distribution. An
optimality criterion, based on this invariance only, is introduced
to design SNT tests. Sparse SNT (SSNT) will then be proposed.
In particular, SSNT of a random signal whose norm has bimodal
and/or heavy-tailed distribution is akin to the sparseness-based
detection problem of [2]. Some applications of SSNT to signal
and image processing will also be provided.
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Abstract—There remains a significant gap between the discrete, finite-
dimensional compressive sensing (CS) framework and the problem of
acquiring a continuous-time signal. In this talk, we will discuss how
sparse representations for multiband signals can be incorporated into the
CS framework through the use of Discrete Prolate Spheroidal Sequences
(DPSS’s). DPSS’s form a highly efficient basis for sampled bandlimited
functions; by modulating and merging DPSS bases, one obtains a sparse
representation for sampled multiband signals. We will discuss the use
of DPSS bases for both signal recovery and the cancellation of strong
narrowband interferers from compressive samples.

EXTENDED ABSTRACT

In many respects, the core theory of compressive sensing (CS) is
now well-settled. Given a suitable number of compressive measure-
ments y = $x of a finite-dimensional vector x, one can recover x
exactly if « can be expressed in some dictionary ¥ as x = Wa where
« is exactly sparse. If « is not exactly sparse, then one can recover
an approximation to x, and there exist provably efficient and robust
algorithms for performing this recovery.

However, although one of the primary motivations for CS is to
simplify the way that high-bandwidth signals are sampled, there
remains a significant gap between the discrete, finite CS framework
and the problem of acquiring a continuous-time signal. Previous work
has attempted to bridge this gap by employing two very different
strategies. First, in [11] the authors operate directly within the
CS framework by employing the simple (but somewhat unrealistic)
assumption that the analog signal being sampled is comprised of a
sparse linear combination of pure tones with frequencies restricted a
harmonic grid. The advantage of this assumption is that it ensures a
finite-dimensional sparse representation for « if one chooses ¥ to be
the DFT basis. Alternatively, other authors have considered a more
realistic signal model—the class of multiband signals built from sums
of narrowband, bandpass signals—but have performed their analysis
largely outside of the standard CS framework [4, 8].

In this talk, we will discuss how sparse representations for
multiband signals can be incorporated directly into the CS frame-
work through the use of Discrete Prolate Spheroidal Sequences
(DPSS’s) [10]. First introduced by Slepian in 1978, the DPSS’s can
be viewed (and derived) as the discrete-time, finite-length sequences
whose Discrete-Time Fourier Transform (DTFT) is most concentrated
within a given bandwidth. Most significantly, one can show that for
a given sequence of length N and bandlimit W € (0, 1), the first
~ 2NW DPSS functions form a basis that will capture virtually
all of the energy in any length-N sample vector arising from the
uniform sampling of a bandlimited analog signal. We will expand
upon this fact in our talk and explain how, by modulating DPSS’s
from the baseband to a carrier frequency f., one obtains a basis
for sample vectors arising from the uniform sampling of bandpass
analog signals. Merging collections of modulated DPSS’s, one then
obtains bases for sample vectors arising from the uniform sampling
of multiband analog signals.
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We will discuss the role that such DPSS bases can have in CS. One
natural application is in the recovery of windows of multiband signals
from the sort of compressive measurements that arise in nonuniform
sampling [1] or random demodulation [7] CS architectures. The DPSS
bases enjoy a tremendous advantage over the DFT for this purpose;
while the DFT representation for a multiband signal is not sparse (it
is not even compressible!), the DPSS representation for a multiband
signal is almost perfectly sparse and indeed reflects the fundamental
information level. We will discuss ongoing work in developing DPSS-
based recovery algorithms for CS. Our work on this front differs
from [5, 6, 9] in that we consider discrete-time vectors that arise from
sampling analog signals with arbitrary multiband spectra.

A second application of the DPSS bases in compressive signal
processing involves the cancellation of strong narrowband interferers
from a set of compressive samples. Building on the work in [2,
3], we will explain how such interferers can easily be cancelled by
orthogonalizing a measurement vector against the DPSS subspace,
and we will demonstrate that various signal inference problems can
be solved with a high degree of accuracy after the cancellation of an
interferer many times stronger than the signal itself.

REFERENCES
[1]

E.J. Candes and M. B. Wakin. An introduction to compressive sampling.
Signal Processing Magazine, IEEE, 25(2):21-30, 2008.

M. Davenport, P. Boufounos, and R. Baraniuk. Compressive domain
interference cancellation. In Proc. Work. Struc. Parc. Rep. Adap. Signaux
(SPARS), Saint-Malo, France, Apr. 2009.

M. Davenport, P. Boufounos, M. Wakin, and R. Baraniuk. Signal
processing with compressive measurements. /EEE J. Select. Top. Signal
Processing, 4(2):445-460, 2010.

P. Feng and Y. Bresler. Spectrum-blind minimum-rate sampling and
reconstruction of multiband signals. In Proc. IEEE Int. Conf. Acoust.,
Speech, and Signal Processing (ICASSP), Atlanta, GA, May 1996.

L. Gosse. Compressed sensing with preconditioning for sparse recovery
with subsampled matrices of Slepian prolate functions. Preprint, 2010.
S. Izu and J.D. Lakey. Time-frequency localization and sampling of
multiband signals. Acta Appl. Math., 107(1):399-435, 2009.

S. Kirolos, J. Laska, M. Wakin, M. Duarte, D. Baron, T. Ragheb,
Y. Massoud, and R. Baraniuk. Analog-to-information conversion via
random demodulation. In Proc. IEEE Dallas Circuits and Systems Work.
(DCAS), Dallas, TX, Oct. 2006.

M. Mishali and Y. Eldar. Blind multi-band signal reconstruction:
Compressed sensing for analog signals. IEEE Trans. Signal Processing,
57(3):993-1009, 2009.

S. Senay, L.F. Chaparro, and L. Durak. Reconstruction of nonuniformly
sampled time-limited signals using prolate spheroidal wave functions.
Signal Processing, 89(12):2585-2595, 2009.

D. Slepian. Prolate spheroidal wave functions, Fourier analysis, and
uncertainty. V — The discrete case. Bell Systems Tech. J., 57:1371-1430,
1978.

J. Tropp, J. Laska, M. Duarte, J. Romberg, and R. Baraniuk. Beyond
Nyquist: Efficient sampling of sparse, bandlimited signals. IEEE Trans.
Inform. Theory, 56(1):520-544, 2010.

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

(11]



Exponential Reproducing Kernels for Sparse Sampling

Jose Antonio Urigiien
Imperial College of London
jose.uriguen0O8@imperial.ac.uk

Abstract—The theory of Finite Rate of Innovation (FRI) broadened the
traditional sampling paradigm to certain classes of parametric signals. In
this paper we review the ideal FRI sampling scheme and some techniques
to combat noise. We then present alternative and more effective denoising
methods for the case of exponential reproducing kernels.

[. INTRODUCTION

In [1] and [2] it was shown how certain classes of non-bandlimited
signals can be sampled and perfectly reconstructed. These signals
can be completely characterised by their rate of innovation. In
the presence of noise, the ideal approaches become unstable and
alternative methods are required [3]. This paper focuses on the
optimal use of exponential reproducing kernels introduced in [2] for
the noisy scenario.

II. SAMPLING SIGNALS WITH FRI

Consider a stream of K Diracs at locations tj, with amplitudes
ar and of duration 7 seconds. If we sample the signal with an
exponential reproducing kernel ¢ (—%) we obtain the measurements
yn = (x(t), o (% —n)), for n = 0,1,...,N — 1. Here N is the
number of samples and we use a sampling period T' = +;.

An exponential reproducing kernel is any function ¢(t) that satis-
fies 3,.cz Cm.0e®™ "V po(t —n) = 1 with o, € C for appropriate
coefficients ¢p,,n = Cm,0e*™". Equivalently we can write

o
Cm,of e mto(t)dt = 1. 6)

—C
Furthermore, any composite function of the form p(t) = ~(¢t) *

Bap(t), where Bz, (t) is an E-Spline [4], is able to reproduce the
set e*mt m =0,1,...,P.

Reconstructing the input is a two step process [2]. First, the
samples y, are linearly combined to get the new measurements
Sm = Zg;ol Cm,nYn. These are equivalent to a power series
involving the locations t; and amplitudes ax for a,, = ao + mA.
Second, the unknown parameters can be retrieved using the classical
Prony’s method. The key ingredient is the annihilating filter, for which
the following holds [3]:

Sh =0 2

i.e. the Toeplitz matrix S is rank deficient. Note that we require
P=2K —1.

III. WORKING IN THE PRESENCE OF NOISE

When the sampling process is not ideal we obtain a corrupted
version of the measurements g, = yn +¢€,,. The Toeplitz matrix of (2)
then becomes S = S + B and is no longer rank deficient. When the
noise term B is additive white Gaussian (AWGN) it is reasonable
to look for a solution that minimises |Sh|? s.t. |[h| = 1 [3]. This
is a classical total-least-square (TLS) problem that can be solved
using singular value decomposition (SVD). The solution is further
improved by denoising S using, for instance, Cadzow algorithm.

Jose Antonio Urigiien is sponsored by the non-profit organisation “Fun-
dacion Caja Madrid” — Pier Luigi Dragotti is in part supported by a Global
Research Award from the Royal Academy of Engineering.

Pier Luigi Dragotti
Imperial College of London
p.dragotti@imperial.ac.uk

62

Thierry Blu
The Chinese University of Hong Kong
thierry.bluméd4x.org

Modified TLS and E-Splines

For exponential reproducing kernels B is due to coloured noise.
In order for SVD to provide a reliable separation of the signal and
noise subspaces it becomes necessary to “pre-whiten” the noise. If we
know the covariance matrix of the noise R up to a constant factor A,
we can factor it: R = AB*B = QT Q and recover the appropriate
subspaces by considering the SVD of S =8Q .

It is also possible to control the term B by designing an appropriate
sampling kernel. Consider the matrix C of size (P + 1) x N with
coefficients ¢, at locations (m, n). If we want the noise to be white
we need the matrix C to have orthonormal rows. This is achieved
by making them orthogonal with a,, = jwm = j % and then
orthonormal by setting |cm,0| = 1, which is achieved using (1):

3

where ¢(+) is the Fourier transform of o (¢). Among the kernels satis-
fying (3), we are interested in the one with the shortest support. This
kernel can be formed as a linear combination of various derivatives of
the original E-Spline. It is a variation of the maximal-order minimal-
support kernels of [5] and is still able to reproduce exponentials.
Now, solving the problem in the Fourier domain we only need to
determine a polynomial that interpolates (wm, |Ga p (wm)| ™).

|@(wm)] = [¥(wm)Bap (wm)| = 1,

IV. SIMULATION RESULTS

Fig. 1 shows the modified E-Spline kernels (‘ME’) have the best
performance, which improves with increasing order P. The modified
Cadzow algorithm (‘MC’) marginally beats the original (‘C’).

——P=13,C
- ® =P=13 MC
M

1‘0 15 2‘0
SNR(dB)
Figure 1. Retrieval of K = 2 Diracs in the presence of noise. We use 7 = 1

seconds, N = 31 samples and average over 1000 realisations.
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Abstract—We will discuss a generalization of the Shannon Sampling
Theorem that allows for reconstruction of signals in arbitrary bases in
a completely stable way. When extra information is available, such as
sparsity or compressibility of the signal in a particular bases, one may
reduce the number of samples dramatically. This is done via Compressed
Sensing techniques, however, the usual finite-dimensional framework is
not sufficient. To overcome this obstacle I’ll introduce the concept of
Infinite-Dimensional Compressed Sensing.

I. THE SHANNON SAMPLING THEOREM
The well known Shannon Sampling Theorem states that if
f=Fg, geL’®),

(note that F is the Fourier Transform) and supp(g) C [T, 7] for
some 1" > 0, then both f and g can be reconstructed from point
samples of f. In particular, if € < % (the Nyquist rate) then

> . t —+ kG 2 .
t) = k L and unif. . 1
f) k;oof( e)smc( . ) , and unif. conv., (1)
g=c¢ Z f(ke)e®™ L? convergence. (2)
k=—oc

In practice, one cannot process nor acquire the infinite amount of
information {f(ke)}rez that is needed to fully reconstruct f and
g and thus one must resort to forming, for some N € N, the

approximations
< ) ’

The question on how well these functions approximate f and
g is related to the speed of convergence of the series in (1)
and (2). Which again is related to how suitable the functions
{sinc ((- + ke)/(€))rez and {€*™* }cz are in series expansions
of f and g. In particular, there may be L? functions {y }ren and
coefficients {8k }ren such that the series

F= BFer,  g= Brpr

keN keN

N
t+ ke _ 2miek-
. gN =€ E f(ke)e .

k=—N

N
In= Z f(ke)sinc

k=—N

converge faster than the series in (1). There are therefore two
important questions to ask:

(i) Can one obtain the coefficients {8k }ren (or at least approx-
imations to them) in a stable manner, based on the same
sampling information {f(ke)}ren, and will this yield better
approximations to f and g?

Can one subsample from {f(ek)}ren (e.g. not sampling at the
Nyquist rate) and still get recovery of {3 }xen and hence f and
g?

The final answer to the first question YES! and can be summarized
in the following generalization of the Shannon Sampling Theorem
below.

(i)
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The answer to the second question is also YES! (given some extra
requirements on the signals f and g). This is done via the concept
of Infinite-Dimensional Compressed Sensing.

Theorem L1. Let F denote the Fourier transform on L*(R?).
Suppose that {p;}jen is an orthonormal set in L*(R?) such that
there exists a T > 0 with supp(p;) C [T, T]* for all j € N. For
€>0, let p: N — (¢Z)* be a bijection. Define the infinite matrix

Uil U2 UI13
U21 U222  U23
U= |us1 usz wuss , uij = (F;)(p(i).  (3)
Then, for e < %, we have that €U is an isometry. Also, set
oo
=7y, g:ZB]’LpJ'ELQ(RN%
j=1

and let (for | € N )P, denote the projection onto span{ei, ..., e }.
Then, for every K € N there is an n € N such that, for all N > n,
the solution to

o £(6(1))
5 @) )
A P [ =PrUPn | f(p(3) | » A= PxU PNUPk|pgizqv)
B
€}
is unique. If
K 5 B K B
gren =Y Bies,  frn =) BiFp;,
j=1 j=1
then

lg — gr.n Il 2ray < (14 Cre, ) 1P Bllizay,  B={B1, Bz,
||f - fK,NHLOO(Rd) < (QT)d/Q(l + CK;N)”PI%BHZZ(NM

where, for fixed K, the constant Cx,n — 0 as N — oo.

+

The results can be found in [1], [2], [3], and the ideas stem from
[4].
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Abstract—The 11-regularized least-squares problem have received
broad attention the last couple of years. This have resulted in numerous
approaches for supplying reliable solvers which combines both well
known methods and recently developed techniques for efficient com-
putations. We define a class of algorithms which is not as restrictive
as classic black-box algorithms and hence includes most of the recently
proposed methods. We show that it is not possible to obtain a worst-case

convergence rate better than O (%) for 2k < s < n, where k is the

iteration counter, s is the size of the support, and n is the dimension.

I. INTRODUCTION

In this extended abstract we will show a lower bound on the
convergence for a certain class of algorithms applied to the well
studied ¢;-regularized least-squares, £1 — {>-problem or basis pursuit
denoising/LASSO in Lagrange form. We will take an approach
inspired by [1], see also [2], but we will not necessarily restrict us to
the standard black-box assumption. Instead we provide a similar rule
which however defines a broad class of algorithms including many
popular algorithms.

Consider the well known convex problem of the form

f(x) ey

for z,c € R", and Q € R"*". Let g(z) = 22" Qz — ¢" z. Note that
LAz —b|3 = 12" AT Az —b" Az+b"b, such that for minimization
over z we have Q = ATA and ¢ = ATb.

minimize 127Qx — "z + |z |

A. A Class of Algorithms M

Let M be a class of iterative algorithms with ms € M and denote
the support as supp(xz) = { ¢ | z; # 0 }. The function m; generate

iterates ‘"’ according to
20— my (:r(k*l);Vg(:v(k*l))) , k=1, )
with
supp(x(k)) S supp(a:(k_n) Usllpp (Vg(x(k_l))) 3

Note that the function m is allowed to make other operations than
that governed by * = and Vg(z*~) based on its knowledge of
the function f, i.e.., the iterative method may not satisfy the standard
black-box assumption [2], [1], but may use a black-box assumption
on g, see [3].

B. Results

By inspection it can shown that a wide range of algorithms belongs
to M, such as GPSR [4], IST [5], [6], FISTA [7], [3] FPC [8]
and FPC-AS [9], parallel ¢;-regularized least-squares [10], homotopy
methods [11] and 11_ls [12] if k is the accumulated iteration counter
for the preconditioned conjugate gradient method.

By construction a specific function with closed form solution, we
provide the following theorem.
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Theorem 1.1: For any k, 1 < k = %|S|, |S| < n and S =
supp (z*), there exist a function f(z) = 12" Qz — "z + 7||z|1,
Q@ = 0, z € R" such that for any my € M with 2@ =0,

oo 12 — a3
—6 (k+1)

Note that sometimes () = ATbh = ¢ is used, which is the same
as ¢V if () = 0. That is, using 2@ = ATp compared to @ =0
only corresponds to a shift of one iteration.

f®)y—f )

II. DISCUSSIONS

We note that we do not assume ) > u, and this result does
therefore not conflict with the linear rate of convergence provided
in [8]. The theorem show that it is not possible to provide algorithms
with better worst-case complexity than (9(,%2) without making
further assumptions on the problem and/or algorithm. The result
provided is then constructive in the sense that it renders functions and
algorithm to avoid, visible to the algorithm designer. It is necessary
to steer clear of these functions and/or algorithms if the designer is
to provide algorithms with better worst-case iteration complexity.
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0.01

We consider a standard Compressed Sensing model
which we seek to recover a-sparse signak: € IR from 0.009} 1
n linear measurements = Az, wherek < n < N.

Since the introduction of CS in 2004, many algorithms
have been developed to solve this problem. Because oo
the paradoxical nature of CS — exact reconstruction fror

undersampled measurements — it is crucial for the acceptar oo
of an algorithm that rigorous worst-case analysis verifiePooos !
the degree of undersampling the algorithm permits. Thi 000
aim can be accomplished by means of the phase transiti

framework in which we letk,n, N) — oo, while preserving  ooost
the proportionsy = n/N andp = k/n [1].

0.008

0.002

We provide a new worst-case analysis for one of thes ooop
recovery algorithms, Iterative Hard Thresholding (IHT).[3 o ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
While previous recovery results analysed progress of tr ° % %2 %8 04 08 0ear 0808l
algorithm from one iteration to the next by means of the

Restricted Isometry Property (RIP) [2], [5], we take &ig. 1. Exactrecovery phase transitions for IHT (unbrokefiHT (dashed),
different approach. We derive two conditions for gener%‘d the previous RIP analysis of IHT [1] (dash-dot); recgvierguaranteed

. . . . . (asymptotically) below the curve.
measurement matrices: firstly, by analysing the fixed poin

J
of IHT we obtain a condition guaranteeing at most one fixed

point (namely the original signal). Secondly, we give aj more realistic model from a practical point of view is
improved condition guaranteeing convergence to some fiXxgfe in which the original signak is only approximately
point. If both conditions are sgti'sfied,' it follows that wevha k-sparse, and where the measurements are corrupted by noise.
guaranteed recovery of the original signal. We extend our results in both of these directions, proving
that, with high probability, for(d, p) values below the same

Provided we make the assumption that the measuremgRbse transition curve as for exact recovery, the error in
matrix A and the original signat are independent, the fixed ;55 oximation is below some multiple of the unrecoverable

point condition is especially amenable to statistical wsial energy of the system. We explicitly quantify this stability
For the specific case of Gaussian measurement matrices, SUefsr for both IHT and NIHT.

an analysis allows us to derive a quantitative phase tiansit
for exact recovery, which gives a substantial improvement REFERENCES
over previous results [1]. [1] J. Blanchard, C. Cartis, J. Tanner, and A. Thompson. @reghase
transitions for sparse approximation algorithrdgopl. Comput. Harmon.
; ; ; : Anal., 30(2):188-203, 2011.
We_ also eXtenq the ConSIqeratlon tO. a variant of IHT W_ItB] T. Blumensath and M. Davies. Iterative hard threshajdior compressed
variable step-size, Normalized Iterative Hard Threshuddi sensing.Appl. Comput. Harmon. Anal., 27(3):265—-274, 2009.
(N|HT) [4] A similar analysis in this case yields al3] T. Blumensath and M.E. glavie(sj. I}erati\ze) thresholdingr Eparse
: " : approximations.J. Fourier Anal. and Appl., 14(5):629-654, 2008.
further |mprovemept on the_ phase trans_ltlon_ for Gaus&w T. Blumensath and M.E. Davies. Normalized iterative cheresholding:
measurement matrices. This is in fact the first time worseca ~ guaranteed stability and performand&EE J. of Sdlected Topics in Sig.
guarantees for NIHT have been quantified in this wa 3 Prog, 4(2):2d98—1“>09H 2%1?(- Gradient d " i
; ; : ; 5] R. Garg and R. Khandekar. radient descent with spaasific: An
Figure 1 illustrates th,e latter resullts, Sho""'”g, ,that rECYus iterative algorithm for sparse recovery with restrictedneetry property.
guaranteed asymptotically, with high probability on thewr In ICML, Montreal, Canada, 2009.

of A, for (4, p) values falling below the respective curves.
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Iterative Hard Thresholding (IHT) algorithm is a popularasge
recovery method, known for its simplicity, ease of impletagion,
and low computational complexity per iteration. The altjori can
be described by the following recursiap;; = Hr (z; + u®T (u —
dx;)), wherei is the iteration countf k (-) is the projection ontds-
sparse signals, € R is the observation vecto® € RM*N (M «
N) is the measurement matrix andis a step-size quantity. IHT
method is theoretically well-investigated [1].

In this paper, we describe several modular building bloaks t
derive IHT variants with faster convergence, reduced cdatjmnal
complexity and better phase transition performance.

MOTIVATION

II. BUILDING BLOCKS

Adaptive step-size selection: Given z; is K-sparse, [2] observes !
that the support set of the new estimate.; is included in the set
Si = supf(z;) USupd Hx (VI\supp(xi)f(xi)))a whereZ \ supp(z;) is
the set of indices of the non-zero elements outside the pglsY.

convergence and reduced complexity. We also theoretiealglyze
the computational trade-offs in detail.

N = 4000, M = 800, K = 160

= 0-IHT(0) [133.69][0.31018]

- = = 0-IHT(2) [32.7)[0.15288]

= = = 1-IHT(2) [32.56][0.16503]

- = = 2-IHT(2) [25.59][0.1551]

- = = 3-IHT(2) [25.67][0.16615)
B-IHT [42.71][0.18549]
GraDes [501][4.1087]

'
20 40 60 80 100 120 140 160
[i]:iteration number

Fig. 1: Average error per iteration - [avg. # of iteratiomsij.
execution time] - Algorithms: IHT(0): adaptiveg on S;, IHT(2):

HT(0) + gradient update on supp( 1), B-IHT [7], GraDes [8].

Lemma 1 improvesds; condition constants presented in [2]

for the corresponding IHT algorithm. Furthermore, we dedtitat
1 selection may deteriorate restricted isometry bounds last &

We propose to use this key information to select a stepysiaeeach major impact in stability and convergence speed. Figure cte

iteration in closed form as the minimizer of the objectiveadtion
flze): p = % [2]. This adaptive step-size selection,
however, results in more restrictive isometry constants:

Lemma 1. Let d5, be the smallest number such thét —
Sa)lz]13 < | @3 < (1 + dsx)||z||3 is satsified for all3k-sparse
vectors. Then, in noiseless case, the IHT and HTP [6] methgtis
adaptive i» selection converge towards the triéesparse signal if

03k < 0.123 andds, < 0.2448, respectively. [ §

We also compare and contrast the other alternative metrards f

step-size selection [3].
Memory: Iterative algorithms can use memory (i.e., previou
estimates or gradients) to provide momentum in convergefibe

dependent momentum terms combining the previous estiraaté¥sr
the gradients. We consider both adaptive and non-adaptiyeopals
for memory-based acceleration, and investigate theirctsffen the
algorithmic approximation guarantees. We illustrate thamory size
plays significant role on the convergence speed; by keepauk &
history of previous computations, we can reduce the totaltime
of sparse approximation [4], [5].

Gradient updates on restricted support sets: We also investigate
the impact of greedy gradient updates on restricted support
conjunction with the other building blocks. Such updatebagce
the well-characterized (F)HTP, SP, and CoSaMP algorithms.

[

[
[

Figure 1 highlights the differences in convergence spedddmn
various IHT methods on synthetic data. We use the namingecenv
tion from [2]. Our codes are available lattp://lions.epfl.ch/software
Convergence plots provide empirical evidence for our ctaim faster

EXPERIMENTAL RESULTS AND DISCUSSION [
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a representative example.
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lcfig. 2: Probability of exact recovery with sparse measurgmeatri-

success of the memory-based approaches depends on thE)ritere(\:escb'

(a) HTP with i = 1, (b) HTP with our adaptive: selection.
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This work aims at providing theoretical arguments to
compare dictionary learning algorithms. We focus on three
algorithms: the Olshausen and Field algorithm (Ols-DLA) [1],
MOD [2] and K-SVD [3]. We show that the stationary points
of Ols-DLA and MOD are the critical points of the residual
error energy cost function (i.e. points with null gradient,
not necessarily local minima), whereas the set of K-SVD
stationary points is strictly included in the critical point set.
We provide an example of a point where Ols-DLA and MOD
would stop whereas K-SVD can reach a better solution.

Let S be a T' x N matrix of training data. We consider the
following dictionary learning problem

. 2
min |5 — X3 (1
with & a dictionary matrix of size 7' x A and X a sparse
decomposition matrix of size A X N containing at most K <
T non-zero elements in each column.

Both MOD, K-SVD and Ols-DLA minimise the cost func-
tion (1) by alternating updates of the support of X, the values
of the non-zero coefficients in X and the coefficients in ®.
MOD and Ols-DLA use the Orthogonal Matching Pursuit
algorithm (OMP) [4] to estimate X when fixing ®, then update
the atoms (columns ®, of ) when fixing X:

e OIs-DLA: & «— & — aRX™, with R = § — &X the

residual and « a fixed learning rate

e« MOD: & = SX, with X the pseudo-inverse of X

K-SVD also uses OMP to estimate the support of X,
but it then jointly updates the values of the dictionary and
decomposition coefficients. For an atom &, and the cor-
responding coefficient line X, it defines the patch matrix
Py = Reosupp(a) + Pa * X?, with cosupp(a) = {n €
[1, N]|X2 # 0}. Then the atom is updated with the principal
component of its patch matrix:

D, V*P PV X —V*Py,
— argm‘ax ( ) (a) — ( )

We investigate the stationary points of these algorithms to
find whether they converge towards the same solutions. If one
of those algorithms converges, then the decomposition support
becomes stationary, so OMP only computes an orthogonal
projection:

Vn, X3P ot

supp(n)

S 2)

with supp(n) = {a € [1, A]| X2 # 0}.
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If one differentiates the cost function (1),

IS = (@ + d®)(X + dX)|5 - [IS — XI5
—2(RX",d®) — 2(®" R, dX) + o([|dX||2 + ||dP]|2)

one can easily show that the stationary conditions for both
MOD and Ols-DLA are equivalent to setting RX* and ®* R to
0: the stationary points of MOD and Ols-DLA are the critical
points of the cost function. This equivalence does not hold for
K-SVD. Instead, we have the following lemma:

Lemma 1. The critical points of the cost function are the
where points where each atom D, is an eigenvector of the
matrix Po\Py (and the decomposition X is orthogonal as
described in Equation (2)).

If an atom is an eigenvector not associated with the highest
eigenvalue, it is stationary for MOD and Ols-DLA but not for
K-SVD. For example, if we set

(39 -

-1 1 1

then MOD and Ols-DLA would stop whereas K-SVD would
find the best atom on the next iteration.

This result hints that Ols-DLA or MOD can be used as
initialisations for K-SVD. We got promising results on random
signals generated from a Gaussian dictionary: whereas both all
algorithms only recover the exact dictionary in less than 10%
of the cases, running Ols-DLA followed by K-SVD recovers
the exact dictionary in more than 90% of the cases.'

X=(-1 1)
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|. EXTENDED SUMMARY we applybilinear AMP in order to generate (approximate) posterior

Problem: We consider the following bilinear model in the unknownsm"’“g.InaIS on the elements df andX._ .
This calibration problem can be interpreted as an instance of

X € RV and® € RM*Y which has applications is dictionary .. . : Lo <

. ) . RS . dictionary learning, whereby one seeks a sparsifying dictionary
learning, matrix completion, collaborative filtering, compressive sy% some training data. In this setting, it is known th&tnorm
tem calibration, compressive sensing with dictionary uncertainty, arr]n({nimization can Iocally.identify the corréct dictionary (i.&) given
Bayesian experimental design: o

L = O(N®K) training samples, wher& is the “sparsity” ofz; [4].

Y =P (®X)+W. (1) We note, however, that the computational complexity of this approach
is extremely demanding for large scale problems.
In (1), Y are known observation$?(-) accomplishes element-wise
) % () accomp ) v} {oa)

selection or linear projection, an@ models additive perturbation.
Please see [1] for further details.

Approach: We take a Bayesian approach to the inference problems
(in particular, posterior estimation) that revolve around the bilinear
model (1). In particular, we leverage the approximate message gassin
(AMP) framework of [2], [3] and extend it to the bilinear domain.
Compared to Bayesian approaches that rely on Gibbs sampling meth- l
ods or variational inference, the AMP framework allows us to fully ~
exploit theblessings-of-dimensionality (e.g., the asymptotic normality

and concentration-of-measures) to achieve salient advantagesin cbigr 1. An illustration of the factor graph for our messagespra solution.
putation and estimation accuracy. Our “turbo AMP” framework also

allows us to characterize the impact of our message scheduling ushrgliminary Results: Figure 2 shows example results for the applica-
extrinsic information transfer (EXIT) charts, originally developed teion of bilinear AMP to the calibration problem. The non-convexity
predict the convergence of turbo decoding. of the problem is quite apparent from the plots. Here, to generate the

- . ... signals, we used an i.i.d Bernoulli-Gaussian prior that generated zero-
Example Application: For concreteness, we describe the appllcatlong P 9

e : Lo mean unit-varian i fficien ith pr ilfy/N. Th
of the bilinear model (1) to thecompressive system calibration ean u It-va lance acpvp coefficients W't. P obabi W/ e
. . . . nominal sampling matrix® was generated i.i.d Gaussian with zero
problem. Based on the theoretical premise of compressive sensin

a . g
great deal of research has revolved around the design of sampgﬁx}eaggg%é%gfggg%ﬁgg g;iewgztﬁggﬁgited by perturbingy

systems, such as Analog-to-Information receivers and Xampling.

The sampling matrices in these systems are pre-designed wi’

certain desired theoretical properties to guarantee recovery alol ° I
with the constraints of hardware implementations. However, whe:x N
implementing the mathematical “sampling” operation—here define .

by the matrix®—in real hardware, one often introduces what are
effectively perturbations o® that create an undesired gap betweer.
theoretical and practical system performance. As a means of closing
this gap, we are interested in jointly learning the true mafriwhile ~ Fi9- 2. Recovery errors in dB: the dictionary, the signafe] ¢he data.
simultaneously recovering the signAl.

Suppose, then, that our compressive sensing system produces a REFERENCES
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Abstract—Blind spectrogram decompositions are commonly used for
tasks such as automatic transcription. In musical spectrograms, signal
elements are highly overlapping in both the time and frequency domains,
presenting difficulties to the decomposition method. The harmonic struc-
ture prevalent in tonal music signals has been exploited in decomposition
methods with positive results. The performance of blind decompositions
for transcription tasks has been shown to be dependent on the relationship
of the learning order to the number of sources in the signal. We
consider structure-aware dictionary learning methods, which have prior
knowledge of the structure and cardinality of the sources.

I. INTRODUCTION

Blind decompositions have been used for musical signal processing
tasks. Often the signal is represented by a magnitude spectrogram .S,
and the decomposition seeks, a dictionary of atoms D and a matrix
T consisting of the time support vectors for these atoms, such that

ey

where S € RY*N | D e RIF | T € RN, M is the number of
frequency bins, NV is the number of time bins and K is the learning
order of the decomposition.

The most commonly used method to perform this decomposition is
Non-negative Matrix Factorization (NMF). Sparse dictionary learning
methods, such as the non-negative variant of the K-SVD algorithm
(NN-K-SVD) [1] have also been used. These methods are constrained
by the selected learning order and encounter similar difficulties when
applied to musical signals, such as single-spike atoms and dual-
source atoms. We also observe the disappearance in 7 of sources
with infrequent support or relatively low energy, particularly if there
exists in the dictionary an atom representing a highly coherent source
e.g. a higher or lower octave of the same note.

Musical signals contain many harmonic elements and this structure
can be exploited, Harmonic atoms were proposed as groups of
related Gabor atoms, sparse coded with Matching Pursuit for pitch
tracking [3]. Similar works have used dictionaries learnt offline or
harmonic atoms with constrained spectral envelopes. Harmonic signal
decomposition methods have also been proposed, such as a state-of-
the-art transcription method [2] using Bayesian harmonic NMF.

S~ DT

II. STRUCTURE-AWARE DICTIONARY LEARNING

We consider spectrogram decomposition with a priori knowledge
of the number and individual structure of atoms, which we refer to
as structure-aware dictionary learning. This knowledge is encoded in
a binary matrix, I € S‘Ef *K " which indicates the harmonic peaks
and sidelobes of each note. The signal decomposition now becomes

(@3]

We have implemented structure-aware versions of NN-K-SVD and
NMF [4]. These differ only in filtering by /. In SA-NN-K-SVD,
the atoms are filtered after their individual SVD updates. In SA-
NMEF, D is filtered after its multiplicative update. Using spectrograms

S~ D'T where Dj, 1 = Im.kDmk.
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composed from a dictionary of synthetic harmonic atoms, experi-
ments were performed in which we attempted to recover the original
dictionary. It was found that dictionary recovery is significantly
enhanced and accelerated using the structure-aware methods.

It was also observed that SA-NN-K-SVD outperformed SA-NMF,
depending on the sparse coder used. Further experiments were
performed with different spectrogram parameters to compare the
structure-aware methods. First we skewed the distribution of the
atoms. Again we found that SA-NMF was outperformed by the SA-
NN-K-SVD. In another experiment, we randomised the shape of the
atoms. This time we found that SA-NMF outperformed the SA-NN-
K-SVD. These results led us to derive a method we refer to as
SANNSMUDL (Structure Aware Non-Negative Sparse Multiplicative
Update Dictionary Learning) using sparse coding to update 7', and a
multiplicative update for D. Results to date indicate that this method
improves dictionary recovery relative to the SA-NN-K-SVD and SA-
NMF.

ITII. CONCLUSION

We have derived a method which performs better than other meth-
ods in our experimental setup. The spectrograms were synthesized
to be highly overlapping and we believe that this method may be
generalizable when the atomic structure supports are relatively sparse.
We aim to further test this method with transcription tasks, building
on work presented in [5]. Further work will include learning structure
from signals, so as to inform this method.
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I. INTRODUCTION

Many applications in signal processing such as audio, physiological
signals, and brain machine interfaces, require digitizing analog signals
from multiple channels. However, designers of such systems are often
faced with restrictions that limit their ability to use multiple analog-
to-digital (A/D) converters. We approach the problem of multi-
channel A/D conversion with the unique concept of using fewer A/D
converters than channels. To the best of our knowledge, no such
approach has been previously proposed.

A naive approach to the problem involves modulating the analog
signals so that they occupy non over lapping frequency bands and
digitizing the sum of the modulated signal. The main drawback of
such an approach is that it increases the frequency of operation of the
sigma delta A/D converter, adding to power consumption. If several
signals are multiplexed using such an approach, or if the bandwidth
of the underlying signals is large, such an approach may lead to
unfeasible frequency of operation for the sigma delta A/D converter.

In our solution to this problem, we deliberately mix the channels
in such a fashion that we can later separate them. Given M channels
of analog data, we generate N mixtures of the analog data such that
N < M. The A/D conversion is done on the N mixtures. Finally
the mixtures are separated into M digitized channels. We show
that perfect separation of the input signals after A/D conversion is
possible if all input signals are known to have sparse representations
involving no more than a fixed number of atoms drawn from a
known dictionary. Mixing is done by modulating and spreading some
of the input signals so that the total bandwidth of the mixture is
slightly larger than that of the original input signals. Under such a
scenario, signals can be separated using any method for sparse signal
representation. We quantify the amount of bandwidth expansion
needed to achieve signal separation and also discuss the design of
spreading sequences and dictionaries.

II. METHOD DESCRIPTION

We now describe one approach to mixing the signals, based on
bandwidth expansion where we deliberately introduce redundancy in
the mixture. Without lost of generality, we illustrate one example
with two input analog channels and one A/D converter. Given two
signals, S1(t) and S2(t), each with a bandwidth of interest of B Hz,
we first pre-condition the signals followed by mixing and then A/D.
The signals are first low-pass filted to B Hz, and then a modulation
is applied to one of the signals (say S2(t)) so it is now shifted in
the frequency space and spread over a wide frequency band. S1(¢)
and the modulated version of S2(t) are mixed together before an
oversampled A/D is applied to the mixture. The modulation and
mixing are illustrated in figure 1. By using a theoretical construction
similar to the one used to establish the restricted isometry property
in compressed sensing, we establish that by slightly expanding the
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bandwidth of the mixture relative to that of the underlying input
signals, it is possible to recover the underlying signals exactly after
A/D conversion assuming that we have an algorithm that can recover
the sparsest representation of any given signal. Specifically, for the
two signal case illustrated here, we represent the digitized mixture
signal using a union of the dictionary matched to the input signals
and a spread version of that dictionary. Atoms in the spread version
are obtained by spreading in discrete time the atoms in the original
dictionary using the spreading sequence corresponding to the one
applied to the input signal in the analog domain. Assuming that
we can find the exact sparse representation of the mixture, signal
separation is achieved by identifying the dictionary atoms selected to
represent the mixture. Coefficients corresponding to spread atoms are
associated with the signal that was spread before mixing. All other
coefficients are associated with the signal that was not. We provide
several examples of A/D conversion using synthetic sinusoidal data.
We also present experimental results corresponding to digitizing two
independent audio signals with a 3 KHz bandwidth that demonstrate
an ability to achieve signal to noise ratios in the 55-60 dB range using
a second order sigma delta A/D converter and the method of [1] and
the references therein, for computing sparse signal representations.
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t
Fig. 1. Mixing analog signals using modulation.
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I. INTRODUCTION

The new field of compressed sensing (CS) [1] has stirred interest
in designing hardware that samples at the information rate. After
CS was introduced in 2004, hardware devices were immediately
proposed [2]. CS has been used to speed up traditional imaging, such
as MRI, and it has increased interest in general sparse approximation
techniques; however, as of 2011, there are few hardware devices
that use the principles of CS to implement incoherent measurements.
There are two related reasons for this: most mathematicians who
propose measurement schemes lack the understanding of what the
engineering bottlenecks are, and secondly, the engineering require-
ments are quite non-standard since, for example, the SNR of the
system is no longer a simple calculation.

One type of CS device that has been proposed is the random
modulation pre-integrator (RMPI) [3]. The RMPI samples a wide-
band signal, with up to 2.5 GHz bandwidth, using 8 independent
channels, each with a 50 MHz ADC, so the total sampling rate is
12.5x lower than the Shannon-Nyquist limit. Because the low-rate
sampling induces aliasing, each channel uses a pseudo-random bit
sequence (PRBS) to spread the spectrum of the incoming signal,
followed by an integration. See Figure 1.

We present an implementation of the RMPI in 90 nm CMOS.
This is not just an abstract academic idea, but a real ADC device
with 8 ENOB, and required significant engineering achievements.
Our results are highly useful for teams working on other compressed
sensing architectures. Specifically, we discuss

o Design choices. There are subtle issues involved in choosing
the number of channels, the periodicity of the PRBS, and the
integrator. Central to the design is a departure from the simplistic
mathematical models.

Robust calibration. Because the design does not exactly follow
a model, it is necessary to calibrate the system in order to
characterize its step response. In practice, calibration is difficult
because the input signal is not known exactly. To overcome this,
we introduce a method for phase-blind calibration.
Reconstruction techniques. To maximize the performance of
the system, many reconstruction techniques are needed. We
discuss ¢; analysis and synthesis formulations, how to perform
reweighting, choice of dictionary, and windowing. We also
alleviate fears raised by [4] that the system is sensitive to “off-
grid” frequencies.

II. PREVIOUS WORK

RMPI devices have been studied by several groups [S]-[7], but
a high-bandwidth device has yet to be manufactured and shown to

71

be functional. A related design, the modulated wide-band converter
(MBC) [4], which follows the Xampling methodology, has been
fabricated, and is predicted to reconstruct banded signals of up to
120 MHz from a 1 GHz bandwidth range using only 280 MHz overall
sampling rate. The hardware prototype has been tested up to 1.6 MHz
of bandwidth. Because the signal model consists of inputs with time-
invariant statistics, it is possible to achieve arbitrarily high SNR of
the frequency support by collecting more time samples.

Our goal is even more ambitious: to recover highly non-stationary
signals, such as radar pulses which only occur for 200 ns. Because
there are so few measurements, simple techniques such as OMP are
not sufficient, and we use powerful variants of ¢; recovery.

Fig. 1. Diagram of the multi-channel RMPI.
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SUMMARY (ca — cp)/W. Denoting the integrals by,...(m) and letting!
i&dex the(g)+1 combinations of pairéa, b) (includinga = b),

i h imaril . .
Compressed sensing (CS) has primarily two modes %can form the linear system of equationss \Ilg, where the

acquiring measurements of sparse signals. One is by taki¥ )
inner product measurements described by an underdetatmiglgments ofv € RE are Py, (m), 0] = e ' L (a7,
linear system of equations= Az, wherey € R™ represents andu € R4(?=1)/2+1 contains elements of the above convolu-
the measurements gathered about a sparse sigaaR™ of tions evaluated at zerd,,(m) equals the power af(¢) in the
interest. In this setting, the matrid € R™*" is chosen to mth spectral segment d@¥,, (w) of width 71¥’/ L. Collectively,
possess a particular property, namely the restricted isgmethe set{ P, (m)} forms a finite resolution approximation to
property, and the measurements are acquired by computiig/(w). The resolution is determined by, the period of the
inner products betweem and the rows of4. Alternatively, random sampling pattern; largdr implies finer resolution.
one can acquire CS measurements by samplingt ran- Based on the reasonable assumption that more channels im-
dom locations (random point evaluations). In this case, &@fies higher hardware complexity, we takei.e. the number
underdetermined linear system also relates the measurem@hchannels, to be a measure of system complexity.
to a higher dimensional representation, but the measurtsmen |mproved tradeoffs through sparsity. Generally speaking,
areacquired differently—random samples are not acquired d§€ above linear system can only be uniquely solved if
inner products. q(qg —1)/2+ 1 > L. But with the freedom to independently
This work concerns a structured form of random samplirfgd?00seq and L, this inequality can be met at arbitrarily low
and proposes new method to directly recover finite resol@@mMpling rates and at arbitrarily high resolutions. Witredix
tion power spectral density (PSD) estimates of spectralljardware complexity (fixed), this relation poses a limitation
sparse wide-sense stationary random processes. This anefd the resolution and sampling rate. For example, with 8
produces estimates at arbitrarily low sampling rates amd c@hd W = 1GHz, resolution is constrained to25MHz, a
achieve better tradeoffs between system complexity (aetéfi resolution too low for some applications in spectrum scagni
below) and resolution than existing methods. With the assumption thaP,..(w) is spectrally sparse, CS
PSD estimate. Let z(¢) be a real valued, zero-mean wide&90rithms can tremendously improve this tradeoff, pringd
sense stationary random process with power spectral gen§f€ater resolution for a given level of complexity. Because
function P, (w). AssumeP,,(w) is bandlimited tolV'/2 Hz PSDs are nonnegative by definition and becauge the rol of
and spectrally sparse, i.e., assume its support has LebesgRIresponding te, —c, is a row ofl’s, we can avoid the more
measure that is small relative to the overall bandwidth. computationally intensive CS algorithms, likeminimisation,

For a fixed time intervall /W and for a suitable positive 1d Simply seek a nonnegative least squares solution [2].
integer L, consider sampling:(¢) at time instants = (nL + Note that even if the CS reconstruction is exact, what we

¢)/W for1 < i < q, n € Z*, where the time offsets; €cover is a stochastic estimate of the true PSD, regardless

are distinct, positive real numbers less tharSuch a scheme Of the resolution. We are in essence trying to discover an
exhibits an average sampling rate @if’/L Hz and can be average behaviour of a random process from (ult!mately) a
implemented as a multichannel system where chansglfts finite number of CS samples, and CS recovery algorithms have
«(t) by ¢;/W and then samples uniformly &/L Hz [1].  ittle bearing on this basic fact. _

Let r,,,, (k) denote the cross correlation function of chan- These results have direct application to radio frequenay-el

nelsa andb. It can be then be shown tha,,, (k) is related :romggngttlc ?canmntg p;%b'ems alnd havetpott.erlrilal appﬂ.m:at
to P,.(w) through the linear equation, o radio interferometry. There is also a potential to exttms

estimation approach to purely random sampling.

Tyays (K) * ha,b(k)‘kzo = REFERENCES
1 2 (cu—cy)m mW/L W [1] P. Feng and Y. Bresler, “Spectrum-blind minimum-ratengéing and re-
2— e LY Py, (W - Zﬂfm) dw, construction of multiband signalsProc. |EEE Inter. Conf, on Acoustics,
o —7W/L Speech, and Sgnal Processing, vol. 3, pp. 1688-1691, May 1996.

) . . [2] D. Donoho and J. Tanner, “Counting the faces of randopmbjected
where = denotes convolution and, (k) is the impulse hypercubes and orthants, with applicatiorBjcrete and Computational

response of an ideal fractional delay digital filter withajel ~ Geometry, vol. 43, no. 3, pp. 522-541, 2010.
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Abstract—The synthesis-based sparse representation model for signals
has drawn a considerable interest in the past decade. Such a model
assumes that the signal of interest can be decomposed as a linear
combination of a few columns from a given dictionary. In our work we
concentrate on an alternative, analysis-based model, where an analysis
operator multiplies the signal, leading to a sparse outcome. Our goal in
this work is to learn the analysis operator from a set of signal examples,
and the approach taken is parallel and similar to the one adopted by the
K-SVD algorithm. We demonstrate the effectiveness of the algorithm in
several experiments, treating synthetic data and real images, showing a
successful and meaningful recovery of the analysis operator.

I. BACKGROUND

Signal models are fundamental for handling various processing
tasks, such as denoising, solving inverse problems, compression,
sampling, and more. Among the many ways we have to model signals,
one approach that has found a great popularity in the past decade
is the synthesis-based sparse representation model. In this model, a
signal x € R is modeled as being the outcome of the multiplication
x = Da, where D € R¥*™ is a dictionary — its columns are signal
prototypes (atoms) that we use to compose the signal. We typically
consider a redundant dictionary with m > d. The vector a € R™ is
the signal’s representation, and a fundamental feature in this model
is the expectation that it is sparse, i.e. ||a|lo = k& < d. This implies
that the signals we work on can be composed as linear combinations
of a few atoms from the dictionary [1].

The vast work on this model studied problems such as ways
to estimate the representation from corrupted signals, theoretical
guarantees for such estimates to recover an outcome that is close
to the true solution, and ways to learn the dictionary D from signal
examples. Two popular techniques for this task are the MOD and
K-SVD algorithms [2], [3], [4].

While the synthesis model has been intensively studied, there
is an analysis viewpoint to sparse representations that has been
left aside. The analysis model relies on a linear operator (matrix)
Q : RP*?, The key property of this model is our expectation that
the coefficient vector 2x € RP is expected to be sparse with ¢
zeros. These zeroes describe the subspace this signal belongs to.
Assuming that spark(227) = d+1 (i.e. every set of d rows from
are linearly independent), the signals we model reside in a union
of (d — ¢)-dimensional subspaces. While this may sound similar
to the synthesis counterpart approach, it is in-fact very different.
Interestingly, relatively little is known about the analysis model, and
little attention has been given to it in recent literature, compared to
the synthesis model (see [6]).

In this paper we focus on the analysis model, and in particular, the
development of an algorithm that would learn the analysis operator 2
from a set of examples X = [x1, X2, ,Xn], so that the analysis
coefficients 2X are sparse. Very little is known about this problem,
and only recently work has started on this task [7], [8]. In this work
we propose a novel algorithm that is parallel to the K-SVD in its
rationale and computational steps. More on this work contribution is
given hereafter.
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II. OUR WORK CONTRIBUTION

Given the training set X, we assume that every example is a noisy
version of a pure analysis signal. Thus, x; = z; + e;, where e; is an
additive noise ||e;||2 < €, and z; satisfies ||2z;|| = p — £. Thus, our
goal is to use the given set of examples to find both the clean signals
{2z;}: and the operator €2, by solving the following optimization task:

D ik —zill3 st [[Qzillo =p—¢. (1)

i

min
{z;}:,Q
Notice the resemblance between this goal and the one used for the
synthesis model,

min

2
i DZHxi —Daili st |oullo = k.

Similar to the solution adopted in the synthesis case, the solution
of (1) is obtained in our work by iterating between an update of
{z;}: and an update of 2. Given the current 2, the clean signals
z,; are found by a novel sparse-coding algorithm that greedily gather
the zeros of the vector Q2z;. Fixing these signals, the update of €2 is
done row-by-row, by gathering for each row all the examples that are
believed to be orthogonal to it, forming a matrix and computing the
singular-vector that corresponds to its smallest singular-value. This
resembles the synthesis K-SVD approach (with the difference that
in the synthesis model we take the singular vector that corresponds
to the largest singular-value). We demonstrate the effectiveness of
the algorithm in several synthetic experiments and tests on natural
images, showing a successful and meaningful recovery of the analysis
operator in all these cases.
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Abstract—We consider the problem of learning low-dimensional signal
models from a collection of training samples. The mainstream approach
would be to learn an overcomplete dictionary to approximate the training
samples using sparse synthesis coefficients. This famous sparse model
has a less well known counterpart, in analysis form, called the cosparse
analysis model. In this new model, signals are characterized by their
parsimony in a transformed domain using an overcomplete analysis
operator. We propose to learn an analysis operator from a training corpus
using a constrained optimization program based on L1 optimization. We
derive a practical learning algorithm, based on projected subgradients,
and demonstrate its ability to robustly recover a ground truth analysis
operator, provided the training set is of sufficient size. A local optimality
condition is derived, providing preliminary theoretical support for the
well-posedness of the learning problem under appropriate conditions.

I. COSPARSITY AND COSPARSE ANALYSIS MODEL

In the cosparsity model [1], signal y € R™ is characterized by
its parsimony in a transformed domain, using a given overcomplete
transform Q € R™ ™, n > m, called the analysis operator. In this
setting, the concept of sparsity is slightly different to the standard
definition of sparsity, as the number of zero elements in z = Qy,
p = n — ||z||o has a more important role in analyzing the model, and
it has been named cosparsity [1].

II. ANALYSIS OPERATOR LEARNING (AOL)

When a set of samples Y = [yi],.;, is given, a question is how
can we choose a suitable analysis operator €2, which provides the
highest cosparsity for Y? This is the central problem we consider.

The standard approach for many similar model adaptation prob-
lems, is to define a relevant optimization problem such that its
optimal solution promotes maximal sparsity of Z := QY. A convex
sparsity promoting penalty f(€2) is the sum of absolute values of
Z, ie. f(2) = ||QY||1. Unconstrained minimization of f(€2) has
some trivial solutions: a solution for such a minimization problem is
2 = 0! A suggestion to exclude such trivial solutions is to restrict
the solution set to an admissible set C and reformulate AOL as, e.g.

inn||QY||1 s.t. Qec (1)

It is crucial to make a clever choice of the constraint for the
problem (1) to exclude such deficient solutions. After explaining
why some standard constraints are not enough, we propose a com-
bined constraint, which is the Uniform Normalized Tight Frame
(UNTF) [2].

III. PROJECTED SUBGRADIENT ALGORITHM FOR AOL

Subgradient methods have often been used to minimize convex
objectives, when the solution is sought only with a few significant
figures. As the problem is here constrained, we use the projected

This work is supported by EU FP7, FET-Open grant number 225913 and
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subgradient method. The subgradient of the objective is simply
Af(Q) =sgn(QY)Y”, where sgn is the extended sign function.

Projection of an operator onto the set of uniform normalized frames
can be easily found by renormalizing the columns of the operator.
Projection of a full rank matrix onto the tight frame manifold is also
easy and can be done using a singular value decomposition of the
linear operator [3].

A point on the intersection of the uniformly normalized set and
the set of tight-frames, which is the proposed UNTF constraint set,
can often be found by alternatingly projecting onto these sets. Note
that, there is no guarantee for convergence to an UNTF using this
method, but this technique practically works very well [3]. As the
projected subgradient continuously changes the current point, which
needs to be projected onto the UNTF’s, we only use a single pair of
projections at each iteration of the algorithm. In practice the solutions
seem to converge to UNTF’s. A pseudocode of this algorithm is as
follows,

1: initialization: k = 1, Koo, Q% =0, QM =Q,,, v, e < 1
2: while ¢ < ||QF — QF=Y)|; and k < K,p0r do

3 Qg = af(Q)

4 QU = prp {PUN {Q[k] — ’YQG}}

5: k=k+1

6: end while

7

: output: Q,,, = QF-1,

IV. EMPIRICAL EVIDENCE

A pseudo-random UNTF operator Q, € R***'® was used to
generate | = 768 training samples, with different cosparsities, by
randomly selecting a normal vector in the orthogonal complement
space of p randomly selected rows of €2,. We started the simulation
with a different pseudo-random admissible €2;,,, iterated 50000 times,
and the average recovery of the rows of €2, for different cosparsities
and 100 trials, is shown below as a function of the cosparsity of the
signals.

100

50

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
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Abstract—We introduce new methods to tackle the problem of hybrid
linear learning—learning the number and dimensions of the subspaces
present in a collection of high-dimensional data and then determining a
basis or overcomplete dictionary that spans each of the subspaces. To
do this, we pose this problem as the estimation of a set of points on the
Grassmanian manifold G(k,n), i.e., the collection of all k-dimensional
subspaces in R™. In order to estimate the subspaces present in the
data, we couple the use of consensus methods for robust parameter
estimation with sparse recovery for intelligent selection of sample sets.
We demonstrate that the coupling of these two ideas is essential for:
(1) extending the performance of current subspace learning methods to
settings where shared structures exist between subspaces, as well as (2)
providing concrete guarantees that specify when consensus will be formed
on the true subspace structures present in the data in polynomial time.
‘We demonstrate the utility of these methods for segmenting multispectral
images and learning block-sparse dictionaries.

I. INTRODUCTION

Linear and nonlinear dimensionality reduction techniques (PCA
and Isomap respectively), are typically founded on the assumption
that global—and in some cases smooth—geometric structure exists
amongst a collection of high-dimensional point cloud data. How-
ever, in many settings where ensembles of data arise from either
heterogeneous sources or are measured under variable observational
conditions, the resulting data exhibit geometric structure that cannot
be succinctly described by a global model. Instead, datasets of this
nature admit hybrid geometric structure that are best described by a
union of distinct linear and/or nonlinear structures.

One important instance of a hybrid geometric model is referred
to as a hybrid linear model (HLM). As the name suggests, a HLM
can be used to model data that live on a union of linear structures;
in the case where each of these structures passes through the origin,
we say that these signals live on a union of subspaces. In addition
to k-sparse signals that live on a combinatorial union of (Z) k-
dimensional subspaces, a wide variety of datasets have been shown
to manifest union of subspace models (or live on unions of affine
planes), including scenes under various illumination conditions [1],
image ensembles [2], and the trajectories of multiple moving objects
[3].

Union of subspace models have been employed in a wide-range
of applications in signal processing, machine learning, and computer
vision, including the representation and denoising of sparse signals
and also in morphological components analysis for signal separation.
Even more recently, HLM’s have been leveraged for the sampling
and recovery of structured sparse signals [4], [5] from incomplete
or compressive measurements. However, in all of these settings, the
generative model for the data must be known a priori, i.e., the
collection of orthonormal bases or overcomplete dictionaries that gave
rise to the data must be known.

In this work, we tackle the problem of learning HLMs directly from
point cloud data that are assumed to lie on a finite union of subspaces.
We introduce new methods for learning HLMs or learning the number
and dimensions of the subspaces present in a collection of point cloud
data and then determining a basis or overcomplete dictionary that
spans each of the subspaces. Whereas previous formulations of the
subspace learning problem aim to segment the data into disjoint sets

75

according to the subspace membership of each point, we pose the
problem of learning HLLMs as the estimation of a set of points on the
Grassmanian manifold G(k, n), where each point on the Grassmanian
manifold represents a k-dimensional subspace in R".

To find a robust estimate of the subspaces present in data, we
employ a consensus-based approach [6] which attempts to find
agreement (consensus) upon a subspace estimates across multiple
sample sets selected from the data. In contrast to previous consensus-
based approaches for subspace learning that either employ sample
sets selected at random [7] or more sophisticated sample selection
procedures [8], we propose the use of sparse recovery for efficient
sample set selection. This is done by finding a sparse representation
of each of our data points with respect to the overcomplete dictionary
consisting of the remaining points in the dataset as in [9]. Following
this subset selection procedure, we determine the mapping of the
span of each of the support set onto G(k,n) and then look for the
estimates that agree across multiple points in the dataset.

In order to study our proposed approach, we extend standard
analyses for sparse approximation algorithms [10] to the case where
sparse representations must be formed from a union of overcomplete
sub-dictionaries where each sub-dictionary spans a low-dimensional
subspace. We show that under certain conditions on the principal
angles between the subspaces in our HLM, we can guarantee that
both orthogonal matching pursuit (OMP) and basis pursuit (BP) will
recover a sufficient number of sample sets that will in turn yield
correct estimates of the true subspaces that generated our data.

Although our proposed method weds two different existing ideas
that are currently employed in subspace learning, we demonstrate
that the coupling of these two ideas is essential for: (1) extending
the performance of state-of-the-art subspace clustering methods [9] to
settings where shared/overlapping structures exist between subspaces,
as well as (2) providing guarantees that describe when consensus will
be formed in polynomial time. Following our analysis of sample set
selection with sparse recovery methods, we demonstrate the utility
of these methods for segmenting multispectral images and learning
block-sparse dictionaries.
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Abstract—SMALLDbox is an open source MATLAB toolbox aiming at
becoming a testing ground for the exploration of new provably good
methods to obtain inherently data-driven sparse models, which are able
to cope with large-scale and complicated data.

I. SMALLBOX - EVALUATION FRAMEWORK

The field of sparse representations has gained a huge interest in

recent years, in particular in applications such as compressed sensing,
image de-noising and source separation. We are witnessing a growing
number of sparse representation algorithms that are becoming freely
available in the research community [1-2]. This growth raised a
necessity for an environment for proper testing and benchmarking.
The SPARCO framework [3] partially addresses this problem by pro-
viding a large collection of imaging, signal processing, compressed
sensing, and geophysics sparse reconstruction problems for testing
these algorithms. It also includes a large library of operators that can
be used to create new test problems.
Sparse representation approaches find the sparse solution in a given
dictionary, but give suboptimal solution in many scenarios in which
no suitable model is known. Many algorithms exist that aim to
solve the sparse representation dictionary learning problem [4-5]. The
main driving force for this work is the lack of a toolbox such as
SPARCO for dictionary learning problems. Recognising the need of
the community for such a toolbox, we set out to design SMALLbox
- a MATLAB toolbox with three main aims:

« to enable an easy way of comparing dictionary learning algo-
rithms,

to provide a unifying API that will enable interoperability and
re-use of already available toolboxes for sparse representation
and dictionary learning,

to aid the reproducible research effort in sparse signal represen-
tations and dictionary learning.

To enable re-use of already developed problems from SPARCO, the
main interoperability is given through the “Problem” structure which
in SMALLDbox can be defined either as a sparse representation or
dictionary learning problem. In generating a problem, some of the
utilities can be used to decode a dataset and prepare a test signal or
a training set for dictionary learning. The dictionaries can be either
defined or learned using dictionary learning algorithms. In the former
case, they can be given as implicit dictionaries, as a combination of
the given operators and structures, or explicitly in the form of a
dictionary matrix. In the latter case, they are learned from training
data. Once the dictionary is set in the problem, the problem is ready
to be solved by one of the sparse representation algorithms.

SMALLbox has been designed to enable an easy exchange of
information and a comparison of different modules developed through
a unified API structure. The structure was made to fulfil two main
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goals. The first goal is to separate a typical sparse signal processing
problem into three meaningful units:

a) problem specification (preparing data for learning the structures,
representation and reconstruction),

b) dictionary learning (using a prepared training set to learn the
natural structures in the data) and

c) sparse representation (representing the signal with a pre-specified
or learned dictionary).

The second goal is to provide a seamless connection between the
three types of modules and ease of communication of data between
the problem, dictionary learning and sparse representation parts of
the structure. To achieve these goals, SMALLbox provides a “glue”
structure to allow algorithms from different toolboxes to be used with
a common APL
The SMALLDbox evaluation framework is implemented as a MAT-
LAB toolbox, which can be downloaded from http://small-project.eu
and is in the form of an archive containing the SMALLbox directory
structure and necessary MATLAB scripts. To enable easy comparison
with the existing state-of-the-art algorithms, installation scripts will
download third party toolboxes as required. In addition, the code
is well documented with examples giving step-by-step instructions
of how to implement new problems or introduce new sparse-
representation and dictionary learning algorithms to the toolbox.
These examples are built upon the set of test problems already
implemented in SMALLbox. Since SMALLbox is an evaluation
framework of the EU FET SMALL project, more problems, solvers
and dictionary learning techniques that are developed will be included
in SMALLbox as the project proceeds.
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Abstract—We introduce a unified framework for the restoration of
distorted audio data, leveraging the Image Inpainting concept and
covering existing audio applications. In this framework, termed Audio
Inpainting, the distorted data is considered missing and its location is
assumed to be known. We further introduce baseline approaches based
on sparse representations.

For this new audio inpainting concept, we provide reproducible-
research tools including: the handling of audio inpainting tasks as
inverse problems, embedded in a frame-based scheme similar to patch-
based image processing; several experimental settings; speech and music
material; OMP-like algorithms, with two dictionaries, for general audio
inpainting or specifically-enhanced declipping.

I. INTRODUCTION

Inpainting is a task proposed in the field of image processing: a
set of missing pixels is reconstructed from the other reliable pixels
of the image. Inpainting can be generalized as a problem of missing
data estimation and techniques for image inpainting can be adapted
to inpainting of other kinds of signals: one observes a partial set
of reliable data while the remaining unreliable data is considered
missing and is estimated from the reliable data. In particular, we
consider Audio Inpainting [1] as a general task that covers a family
of audio applications, including click removal, declipping, packet
loss concealment and several applications for the restoration of
time-frequency coefficients. We present works for audio inpainting
in the time-domain [1], [2] and provide contributions on how to
process audio signals in this context, which applicative scenarios and
benchmarks are worth addressing and how sparse representations can
solve those problems efficiently.

II. AUDIO INPAINTING IN TIME DOMAIN

A. Global and local formulation of Audio Inpainting

Let us consider a vector s € R” of audio data. We only observe a
subset of reliable samples y' = M's, where y" € RY, L' < L and
M’ is the so-called measurement matrix obtained from the L x L
identity matrix by selecting the rows associated with the observed
reliable coefficients in s. The audio inpainting problem is defined as
the recovery of the original signal s based on the knowledge of:

1) the reliable data y",

2) the support of the missing data (or, equivalently, M"),

3) additional information about the observed signal,

4) and, optionaly, information about the missing data (e.g. in the
case of clipping below).

As in many audio processing tasks and similarly to patch-based

image processing, the signal can be locally modeled and processed:
it is segmented into frames; each frame is then inpainted; the full
restored signal is finally synthesized using an overlap-add method.
Thus, the above global formulation of the inpainting problem can be
straightforwardly translated locally at the frame level.
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B. Audio Inpainting Problems

We propose several scenarios or Problems in which new in-
painting algorithms can be compared against existing ones. They are
related to speech or music restoration in different applications.

1) Isolate-sample-to-large-hole Problem: audio signals are de-
graded by periodically removing Nyiss samples and performance are
assessed as a function of Npiss. Small values of Nps represent the
click removal problem while large values of Npiss are simulating the
packet loss concealment problem.

2) Missing-sample-topology Problem: for a fixed number of miss-
ing samples Npiss in a frame, a segments of b consecutive missing
samples must be inpainted, where a X b = Nmis. The performance
is then reported as a function of the hole size b.

3) Declipping Problem: the missing samples are those beyond the
clipping level O.ip, such that the observation at time ¢ is y"(¢) = s (t)
if |s (¢)| < Oeiip, ¥'(t) = sign (s (t)) Oaip otherwise.

III. BASELINE DICTIONARIES AND SOLVERS

We propose sparsity-based approaches to address the Audio In-
painting problems described in Section II-B. Two dictionaries known
to provide good models for audio waveforms are used: a discrete
cosine transform dictionary, where phases are locked, and a free-
phase Gabor dictionary. As a Solver, the inpainting version of the
OMP algorithm is used to inpaint audio frames. We propose an
enhancement for audio declipping, where the missing samples are
constrained to have an amplitude beyond the clipping level.

IV. MATERIAL FOR REPRODUCIBLE RESEARCH

For reproducible-research purposes, we provided GPL Matlab code
and Creative Commons data related to the presented works and
arranged in a Problems/Dictionaries/Solvers architecture as in [3]:

o a series of Problems described in Section II-B, including exper-
iment generation, result display and speech and music datasets;
an analysis/synthesis scheme to address the Problems by just
inserting any frame-level inpainting solver (see Section II-A);
the Dictionaries and Solvers proposed in Section III.
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I. INTRODUCTION

Let z € R™ be a target vector with at most k nonzero entries.
We wish to recover the k-sparse vector x from the measurements
y = Az € R"™ where A is an n X N matrix. This can be framed as
finding the solution to the intractable, combinatorial problem

(O]

where ||||o is the nonzero-counting measure.Under certain conditions,
even simple iterative support recovery algorithms will return the exact
solution to (1). In these situations, one wishes to employ an algorithm
with guaranteed recovery capabilities but with low computational
complexity. It is also well-known that linear programming can be
used to solve the ¢;-minimization problem as a convex relaxation
of (1). While ¢;-minimization has better theoretical and empirical
guarantees on recovery than do greedy algorithms, it is often reported
to be computationally more expensive.

min ||z|lo subject to y = Azx.

II. GPU ACCELERATED GREEDY ALGORITHMS

With the introduction of graphical processing units (GPU) specifi-
cally designed for high performance computing, the computational
burdens of solving (1) have been dramatically reduced. Lee and
Wright [1] utilized this massively parallelized architecture to ac-
celerate the SpaRSA algorithm which iteratively solves the /¢;-
minimization problem in lieu of (1). Building off of their work,
we have implemented three greedy algorithms in this heterogeneous
CPU-GPU computing environment, namely Hard Thresholding, Iter-
ative Hard Thresholding (IHT) [2] and Normalized IHT (NIHT) [3].
These GPU-accelerated greedy algorithms running on an Nvidia Tesla
C2050 demonstrate speedups of over 50 times a standard implementa-
tion executing on a state-of-the-art 6-core Intel Xeon 5650 CPU. The
parallelized matrix multiplication transfers the computational burden
to the support set identification step in each iteration of a greedy
algorithm; these GPU-based algorithms employ modifications of the
standard support identification techniques to exploit the advantages
of the GPU.

III. EMPIRICAL WEAK PHASE TRANSITIONS

A motivating factor in developing the GPU accelerated greedy
algorithms is the ability to perform large scale testing. Most greedy
algorithms have a theoretical recovery guarantee based on the re-
stricted isometry property. Comparing the efficacy of these theoretical
results in terms of a strong phase transition curve, which separates
the unit square into a region of guaranteed recovery and a region
where recovery is not guaranteed, was performed in [4], [5]. These
strong phase transitions are too pessimistic and these algorithms have
resisted a formal average case analysis. An empirical weak phase
transition was found in [6] although either the problem dimensions
were small (N < 4000) or the number of tests was small (10 tests for
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Fig. 1. Empirical Weak Phase Transition for NIHT using a random selection
of rows from the DCT with § = 0.25.

N = 2'). With the GPU-accelerated greedy algorithms, large-scale
testing with large problem dimensions is now possible and reveals
the behavior of the algorithms on large problems. For example, the
problem dimensions can be scaled up to accurately determine the
value of p which is the weak phase transition point; this value of p
is higher than the 50% success point found by testing smaller problem
dimensions. This is demonstrated in Fig. 1 when A is a random subset
of rows from a DCT.
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I. INTRODUCTION

Principal component analysis (PCA) [1] is a common method for
identifying structure in high-dimensional data. As principal compo-
nents are defined by directions of high variance in the observations,
PCA is highly sensitive to outliers in the data. This observation
has led to many approaches to robust PCA [2]; unfortunately, these
proposals are often based on intractable optimization problems or
lack a principled foundation.

Here, we propose new approaches to the robust PCA problem
that can be solved using semidefinite programs. The first method,
maximum mean absolute deviation rounding (MDR), takes a greedy
approach to the problem of finding directions of maximum spread.
Our second proposal, the low-leverage decomposition (LLD), uses a
convex optimization problem to split the observed data into a low-
leverage matrix and a corruption matrix.

II. MAXIMUM MEAN ABSOLUTE DEVIATION ROUNDING

Suppose we have n observations x;, each of dimension p. Assum-
ing that the data is centered, the top principal component is defined
to be the vector that maximizes the empirical variance of the data,
that is

n

2
VpcA = argmaxz | (xi,v) |
lvllo=1 =7

()]

Equivalently, vpca is the dominant right singular vector of the n X p
matrix X whose rows correspond to the observations x;.

The squared inner-product in (1) may give overwhelming weight
to outlying observations. Our proposal therefore replaces the squared
inner-product with the magnitude of the inner-product:

n

UMD = arg maxz | (xi,v) | 2)

HU”2=1 i=1

This type of approach to robust PCA has been studied in many
works, e.g. [3], but there are no known algorithms for computing
vvmp With guarantees of efficiency or approximation quality. By
recasting our proposal as an operator norm, we show that it is indeed
computationally hard to compute even the value of the maximum
in (2).

Despite the intractability of computing vvmp exactly, we show that
a semidefinite relaxation of the problem gives an good upper bound
on the maximum value in (2), and moreover we give an efficient
randomized method that determines a unit-norm vector vmpr Such
that

n

Z | (@i, vmpr) | 2 (1 - 6)\/%2\ (@i, va) |

i=
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for any € > 0, except with arbitrarily small probability. We also show
how to compute additional components using a greedy orthogonal
restriction method, and show that a state-of-the-art algorithm [4] can
solve the problem in practice.

III. LOW-LEVERAGE DECOMPOSITION

Our second proposal comes from the formulation of the robust PCA
problem as an optimal low-rank model for the data. Using well-known
group sparsity and low-rank heuristics, we define a decomposition of
the data matrix X whose rows are the observations x; as the optimal
point of the convex optimization program

22 0i(P) + 7225 el
P+C=X ’

minimize
subject to

3

where the vectors ¢; are the rows of C and o;(P) is the ith singular
value of the matrix P. This semidefinite program is similar to the
rank-sparsity decomposition introduced in [5].

We show that the optimal point (P, C.) in (3) has the property
that the leverage scores of the recovered observations P are bounded
above by ~2. Additionally, we describe an alternating direction
method of multipliers (ADMM) algorithm that provides good results
for practical computation of the LLD [6].

We conclude our work with some numerical examples that compare
several popular robust PCA approaches against MDA and LLD. This
talk is based on work of the authors [7].

REFERENCES

[1] H. Hotelling, “Analysis of a complex of statistical variables into principal
components.” Journal of Educational Psychology, vol. 24, no. 6, pp.
417-441, 1933.

P. J. Huber and E. Ronchetti, Robust statistics, 2nd ed. Hoboken, New
Jersey: Wiley, 2009.

R. A. Maronna, “Principal Components and Orthogonal Regression
Based on Robust Scales,” Technometrics, vol. 47, no. 3, pp. 264-273,
August 2005.

S. Burer and R. D. C. Monteiro, “A nonlinear programming algorithm
for solving semidefinite programs via low-rank factorization,” Math.
Program., vol. 95, no. 2, pp. 329-357, 2003.

V. Chandrasekaran, S. Sanghavi, P. A. Parrilo, and A. S. Willsky,
“Rank-Sparsity Incoherence for Matrix Decomposition,” preprint, June
2009, arXiv:0906.2220.

Z. Lin, M. Chen, L. Wu, and Y. Ma, “The augmented lagrange
multiplier method for exact recovery of corrupted low-rank matrices,”
Math. Program., submitted, 2009, arXiv:1009.5055.

M. McCoy and J. A. Tropp, “Two Proposals for Robust PCA
using Semidefinite Programming,” ArXiv e-prints, Dec. 2010. [Online].
Available: http://arxiv.org/abs/1012.1086

(2]
(3]

[4

—_

[5

—_

(6]

(71



Blind Source Separation of Compressively Sensed Signals
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Abstract—We present an approach to simultaneously separate and
reconstruct signals from a compressively sensed linear mixture. We
assume that the signals have a common sparse representation. The
approach combines classical Compressive Sensing (CS) theory with a
linear mixing model. Since Blind Source Separation (BSS) from a linear
mixture is only possible up to permutation and scaling, factoring out these
ambiguities leads to the problem of ¢!-minimization over the so-called
oblique manifold. We discuss the occurring cost function and propose a
geometric conjugate subgradient method to solve the problem.

[. INTRODUCTION

The problem of recovering signals from only the mixed obser-
vations without knowing the priori information of both the source
signals and the mixing process is often referred to as Blind Source
Separation (BSS), cf. [1]. Different BSS methods are used in various
challenging data analysis applications, such as functional Magnetic
Resonance Imaging (fMRI) analysis and microarray analysis. In order
to achieve reasonable performance, prominent methods, e.g. Indepen-
dent Component Analysis (ICA), usually require a large number of
observations [2]. Unfortunately, the availability of a large amount of
data samples can not be guaranteed in many real applications, due to
either cost or time issues.

The theory of compressed sensing (CS), cf. [3] shows that, when a
signal is sparse (or compressible) with respect to some basis, only a
small number of samples suffice for exact (or approximate) recovery.
It is interesting to know that the concept of sparsity has also been used
as a separation criterion in the context of BSS [4]. Although a family
of efficient algorithms in the probabilistic framework are proposed
therein, the scenario with compressively sensed samples has not been
studied and thus differs from our approach. In this work, the authors
are interested in separating sparse signals which are compressively
sampled.

II. PROBLEM DESCRIPTION

For the sake of convenience of presentation, signals are represented
as column vectors, instead of the conventional row vectors. The
instantaneous linear BSS model is given as follows

Y = SA, ()]

where S = [s1,...,8m] € R™™™ denotes the data matrix of m
sources with n samples (m < n), A = [a1,...,ax] € R™*F is the
mixing matrix of full rank, and Y = [y1,...,yx] € R™** represents
the k linear mixtures of S. Here, we consider the scenarios with
m > k, i.e., the number of observed mixtures is less than or equal
to the number of sources. The task of standard BSS is to estimate
the sources S, given only the mixtures Y. We refer to [5] for more
details.

We assume that all sources s; € R™, for ¢ = 1,...,m, have sparse
representations with respect to the same basis, i.e., given ¥ € R™*"
a basis of R", referred to as representation basis, each source s; is
assumed to have a g;-sparse representation with respect to ¥, denoted
by z; € R", ie.

S; = \Ijl‘i,

(@)
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or more compactly as
S =VX,

where X = [z1,...,%m] € R™™.

Now let us take one step further to compressively sample each
mixture y; € R™ individually by a sampling basis ®; € RP**™ for
i=1,...,k. Then, a compressively sensed observation ; € RP? of
the i-th mixture is constructed as

3

:/l/\»; = ‘1>¢y¢ = @i\IfXai. (4—)

We refer to (4) as the compressively sensed BSS (CS-BSS) model.

The task of our work is then formulated as follows: Given the
common presentation basis ¥ € R™*™ and the compressively sensed
observations y; € RP%, for ¢ = 1,...,k, together with their corre-
sponding sampling bases ®; € RPi*", estimate the mixing matrix
A € R™** and the sparse representations X € R™*™. Following
the well-known argument that the mixing matrix A is identifiable
only up to a column-wise scaling and permutation, without loss of
generality, we restrict the mixing matrix A onto the m x k oblique
manifold OB(m, k), which is defined as

OB(m, k) = {A € R™**|1k(A) = k, ddiag(A" A) = Ik} . (5

where I, is the k X k identity matrix, and ddiag(Z) forms a diagonal
matrix, whose diagonal entries are those of Z.

It is unavoidable that, in real applications, observations ¥; are
contaminated by noise. In other words, the equalities defined in (4)
do not hold in general. In the sense of least squares error, we propose
the following cost function

f: OB(m, k) x R™™ — R,
k
FOAX) = X[+ D N[99 Xa: — i3,

=1

(©)

where the scalars A; € Rt weigh the reconstruction error of each
mixture individually, and balance these errors against the sparsity
term || X|[1. In this work, we provide an analysis of the cost
function (6) and propose a geometric conjugate gradient method. The
performance of our proposed approach is investigated by numerical
experiments.
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Finding Sparse Approximations to Extreme Eigenvectors:
Generalized Power Method for Sparse PCA and Extensions
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Abstract—In the first part of this work, based on [2], we develop
a new approach to sparse principal component analysis (sparse PCA).
We propose four optimization formulations of the problem, aimed at
extracting one or several sparse dominant components. While the initial
formulations involve nonconvex functions, we rewrite them into the form
of an optimization program involving maximization of a convex function
on a compact set and propose and analyze a simple gradient method for
solving it (generalized power method). We demonstrate numerically on
a set of random and gene expression test problems that our approach
outperforms existing algorithms both in quality of the obtained solution
and in speed.

A natural extension of the ideas above allows us to construct a
method for finding, simultaneously, jointly sparse approximations to the
eigenvectors associated with the largest and smallest eigenvalues of a
symmetric psd matrix. This problem is equivalent to the Compressed
Sensing problem of finding bounds on the asymmetric Restricted Isometry
constants with the additional new requirement for the respective sparse
eigenvectors to be supported on the same set. We prove a result on the
emergence of joint sparsity in the iterates of the method and show that
in the non-penalized case, the iterates are identical to the normalized
gradients of the iterates of the Cauchy steepest descent method applied
to minimizing a convex quadratic function [1].

1. PRELIMINARIES
Let A = [a1,...,an] € RP*™, with p < n. Let X (resp. \) be
the largest (resp. smallest) eigenvalue of S = AT A. Fix v > 0.
II. GENERALIZED POWER METHOD FOR SPARSE PCA

For simplicity, we focus here on the problem of finding a sparse
approximation z, to the eigenvector of S “corresponding” to . That
is, we seek a sparse unit-norm vector z, € R™ such that ||Az.||2 is
large. Consider the following optimization problem:

max{[[Az[2 =7zl : [|z[l2 <1} M
It turns out that the optimal solution z, of (1) is given by
Zx :Z/HZ”Q? Z“) :Slgn(a?m)[‘a?m‘ _’Y]‘l’? = 17”'7“7
where x is solves the smooth convex maximization problem
n
(@)

T 2
max, ;[Iaz x| =%
Note that since p < n, the dimension of the search space is decreased
enormously. It is easy to show that v > ||a;||2 = 2" = 0, and hence
~ controls sparsity of the solution.

For problems of type (2), i.e., for maximization of a convex
function f over a compact set ), we propose the following simple

gradient method: Choose xo € ) and for k£ > 0 iterate:

:y€Q} (GPM)

Tpp1 € argmax{f(zr) + (f (zx),y — k)
This is our main convergence result:

Theorem 1 ([2]). Let [ be convex, Q compact and {z;} be the
iterates produced by GPM. Then

min max(f’(z:),y - %—KW

zi) <
0<i<k yeQ
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If, in addition, f is strongly convex with parameter oy > 0, the
convex hull of Q) is strongly convex with parameter oq, and we define
0 = min{||s||" : s € 0f(x), z € Q}, then

i lzrsr — zx|? < M,
— T 0Qdftoy

III. JOINTLY SPARSE MIN AND MAX EIGENVECTORS

Consider the following optimization problem:
3)

If v = 0, the optimal value of (3) is %(/_\ —A), and if z*, y* are the
optimal solutions, then p = (z* 4+ y*)/v/2 and ¢ = (z* — y*)/V2
are the maximal and minimal eigenvectors of .S, respectively. Below
we give a method for (approximately) solving (3) for v > 0 and
show that v induces joint sparsity in x and y. Hence, the method
is able to identify a small principal submatrix of S whose extreme
eigenvalues are a good approximation to A and ).

Let y~(x) (resp. x~(y)) be the optimal solution of (3) for fixed x
(resp. y). Fix unit-norm xo and consider the following method:

max{z" Sy —yll(z,y)l1 : |zl =yl =1, 2"y = 0}.

Yk = Yy(Tk), Tit1 = T (Yn)- (ADM)

Theorem 2. Let w € R" with ||w|2 =1, u= Sw, L={tw : t €
R}, B={s : ||s+ u|lec <~} and

Opt gmax{uTz —llzlle : Nzl =1, w"z=0}. 4)

If L does not pass through the interior of B, then the solution of (4)
is given by z = d/||d||2, Opt = \/w(t*) = ||d||2, where

* . def = i i
t* € argminfw(t) = ;([IM Vo tw| = 4]1)7,

d? =sign(w® + t*w)[[u? + WP =44, i=1,...,n.

This result gives conditions under which the operations in (ADM)
can be performed efficiently (in a closed form).
Let uy = Sx. We further show that
1) validity result: if v < /||uo||3 — (uTx0)?/(||wo]|1++/7), then
the condition of Theorem 2 will hold for all ADM iterates,
2) joint  sparsity  result: any of the conditions (i)
IATaill; <y, af” 0, Gi) |2’ < (v -
Juf”)/+/77 (0 = 4) + 2yusl[y + Tux]3. implies y(” = 0.
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Stable Embeddings of Time Series Data
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Sparsity models have revolutionized signal processing fanctions. The results we obtain contrast with the standard
several ways, including exciting results in the field ofCS results in three principle ways. First, the conditioning-of
compressed sensing (CS). This notion of exploiting loweannot always be improved by taking more measurements, as
dimensional structure in high-dimensional signals have besbme system/observation pairs will have a fundamental limit in
successful for manifold-modeled signals as well [1]. One thusw well the system geometry can be preserved. Second, the
wonders if these ideas can further be extended to characterizimggessary number of measurements scales with the dimension
systems rather than just acquiring signals? of the attractord but is independent of the dimension of the

Suppose we have a dynamical system whose internal (oft%Wb'e_nt fspac;iv. Th'rdb’ thle total r?umbﬁr of meaSL:jr_emenFs
high-dimensional) system statgt) € R" is only indirectly may In fact have to be larger than the system dimension

observed via a one-dimensional time series of measureme% > N) in order to make a particular conditioning guarantee.
produced through an observation functistt) = h(z(t)), To avoid these hi_gh-_dimensi_onal measurement's, previ_ous
whereh : RN — R. Surprisingly, when the dynamical Systemwork has prpposed filtering (typically lowpass) the. time series
has low-dimensional structure because the state is confineodfbt‘""_to OP‘a”,‘ measurement \{ectors ofa smaller size [2]. To be
an attractorM of dimensiond in the state space, Takens’prec'_se‘_'fF IS a d_ela)_/ coordinate map with/ delays;;Lir]lgn
Embedding Theorem [2] shows that information about th@e filtering operatloq is represented by a matix R

hidden state of this system can be preserved in the time ser?é?h that the resul_tlng measurement vectors of the system
output datas(¢t). Specifically, Takens defined thielay coor- stateax(t) can b% W““ef; ass - _F(x(t)) and we ca_II the map
dinate mapF : R¥ — RM as a mapping of the state vector = B+ : R* — R™ the filtered delay coordinate map
«(t) to a point in thereconstruction spacéR™) by taking We show that ifB satisfies the RIP of ordeD(d), whered is

M uniformly spaced samples of the past time series (witwe dimension of the system attraétok1, then B is a stable

sampling intervalT;) and concatenating them into a singleembedding ofF(M). This comes from recent results in [4],

vector, F(z(t)) = [s(t) s(t — T.) -+ s(t — (M — 1)T3)]7. which shows that if a matri¥3 satisfies the RIP of ordep(d),

Takens’ main result states that (under a few conditiong'gn then by randomizing the. signs of th? columr_lsl@f '.t also
for almost every smooth observation functiéu.), F' is an ensures a stable embedding of a manifold of dimengidrhus
embedding of M when M > 2d. However, this ’guaranteeseven if we require\/ to be large to ensure a stable embedding

that only thetopology of the attractor is preserved, but notof M with a certain conditioning, further filtering the time

its geometry Thus in the presence of noise, the robustnes&"'eS data with a well-chosah ensures thak! is also a stable

of any processing performed in the reconstruction space (e. (T,lbedd'%? Of/_\t/é V\(lth_fgpprtcim?ately the same z;)sndltlonmg
dimensionality estimation) cannot be guaranteed. ut possibly with significantly fewer measureme

Recent work in CS has highlighted the importance of well- REFERENCES
conditioned measurement operatédtss R™*" to ensure the [1] R. G. Baraniuk and M. B. Wakin, “Random projections of srtino
geometry of a low-dimensional signal famiy! is preserved. manifolds,”Found. of Comp. Mathvol. 9, no. 1, pp. 51-77, 2009.

[P i ofi ; [2] T. Sauer, J. A. Yorke, and M. Casdagli, “Embedology,” Stat.
In effect, if F satisfies theRestricted Isometry ProperfRIP) Phys, vol. 65, no. 3/4, pp. 579616, 1991

of orderd, which bas'ca”y ensu_res t@able embeddn"rgof [3] H.L.YapandC.J. Rozell, “Stable Takens’ Embeddings fordar
d-sparse vectors into a lower dimensional space, then robust pynamical Systems,” March 2011, submitted.
recovery of these sparse vectors from their measurements ¢dnH. L. Yap, M. B. Wakin, and C. J. Rozell, “Stable manifold eeub
be guaranteed. Here we present work done in [3], where we Filngs with operators sa_ltlsfyln_g the restricted isometrypprty,”
extend this notion by establishing sufficient conditions whereby g‘oflmc' Conf. Information Sciences and Systems (CIBfych
the delay coordinate map’ is a stable embedding of the '
state space attractor for linear systems with linear observations
3A general stable embedding result for nonlinear dynamicaksys
is obviously of great interest. Our study on linear systemgeloto
elucidate some of the unique issues that arise when tryintatilige
1An embeddings a one-to-one immersion the embeddings of dynamical systems, helping to pave the way for
2 ~ . L . extensions to nonlinear systems.
We say thatl” is a stable embedding of1 of conditioning e if 4Here, we have to assume that the system attractors is a low-

_ 2
forallz,y e M, (1—¢) < % <(1+e). dimensional manifold.
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Abstract—We consider the problem of estimating multiple
filters from convolutive mixtures of several unknown sources.
We propose to exploit both the time-frequency (TF) sparsity
of the sources and the sparsity of the mixing filters. Our
framework consists of: a) a clustering step to group the TF
points where only one source is active, for each source; b)
a convex optimisation step, to estimate the filters using TF
cross-relations that capture linear constraints satisfied by the
unknown filters. Experiments demonstrate that the approach
is well suited for the estimation of sufficiently sparse filters.

I. INTRODUCTION AND NOTATIONS

Given two convolutive mixtures x; = Zjvzl aij * Sj,
1= 1,2, we wish to estimate the mixing filters a;; from
the mixtures without the knowledge of the sources s;.

II. CROSS-RELATIONS FOR BLIND FILTER ESTIMATION

In the single source setting and in the absence of
noise, the so-called time-domain cross-relation holds. A
traditional method to solve for the filters using it is to
minimise ||z2 x a1 — x1 * az||2 with a normalisation
constraint on the filters [1] (as there is only one source,
the source index is dropped on the filters). Denoting
B := Bz, x2] a matrix built by concatenating Toeplitz
matrices derived from the observed mixtures, this leads to
the minimisation of ||B-a||2 subject to ||a||2 = 1 where a
is a concatenation of the vectorized unknown filters. The
normalisation ||a]|2 = 1 is to avoid the trivial zero-vector
solution. It can be replaced by ||al|1 = 1 to seek sparse
filters [2]. However, these approaches are non-convex and
suffer from a shift ambiguity of the solution. Instead, we
propose the following convex optimisation problem

()]

where o is an arbitrarily chosen time index. We show that
the new problem no longer suffers from a shift ambiguity.

min ||a|; s.t. |[B-all2 < eand ai(to) =1

This work was supported in part by the French Agence
Nationale de la Recherche (ANR), project ECHANGE (ANR-08-
EMER-006) and by the EU FET-Open project FP7-ICT-225913-
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III. MULTIPLE SPARSE FILTER ESTIMATION

In the presence of multiple sources, the time-domain
cross-relation does not hold anymore. We extend the
cross-relation approach to multiple sources, assuming
that: the sources are sparse in the TF domain; we know
large enough TF regions where each source is the only
one contributing to the mixtures.

Cross-relations in the TF domain. We propose two TF
formulations (narrowband and wideband [3]) of the cross-
relation. They result in an optimisation problem similar
to (1) with a new matrix B,, or B,;, built from TF
representations of the mixture. Each row of these matrices
corresponds to a point in the TF plane.

Filter estimation from partial TF information. Assum-
ing that the sources are mutually disjoint in the TF plane,
we propose to build for each source a matrix extracted
from B, (resp. B.s) by keeping only the rows indexed
by the set €2; of TF points where the j-th source is the
only active one. We then solve the resulting optimisation
problem to estimate the filters.

IV. EXPERIMENTS

The proposed framework combines a TF clustering
step, to detect the regions 2;, with a convex optimi-
sation step, to estimate the sparse filters associated to
each source. An experimental evaluation of the proposed
approach with real audio data shows that our approach
outperforms standard ICA approaches for filter estimation
when the filters are sufficiently sparse.
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Well-posedness of the frequency permutation problem
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Abstract—A well-known issue in blind convolutive source separation  Theorem 2 ([3]): (i) If 1 < A¢ < L/2k, then||A|lo < ||A]fo.
is that the sources and filters are at best identifiable up to ararbitrary @iy If Ao > HAHO' thenAg > %
scaling ar_ld permutation at each frequency bin. We propose_tcexplmt For prime L, the results hold with. + 1 — 2k instead ofZ-.
the sparsity of the filters as a consistency measure for coroting such Th i imoli hat the fil hol le% d
permutations. We show that the permutation is well-posed, p to a global ) e equality case ImLp ies that the filters are patholograalated to
permutation, under appropriate sparsity hypotheses on thefilters. A Dirac combs of step.
greedy combinatorial algorithm is proposed for permutation recovery. Its
empirical performance shows that the time-domain sparsityof the filters Ill. A COMBINATORIAL ALGORITHM
allows to recover permutations much beyond theoretical prdictions. We perform minimisation iteratively by considering onegiuency
binl <w< % at a time and choosing a permutation (in a combi-
natorial fashion) that minimises th® norm locally, while keeping
the other bins fixed. To preserve; = a,;, the same permutation
is applied on the corresponding mirror frequenty+ 1 — w. This

I. CONTEXT

Let x;[t] be M mixtures of N source signals;[t], resulting from
the convolution with a filtem;;[t] of length L such that:

N iterative procedure is repeated over all frequency bihghl¢/? norms
wilt] = (aiy*s))t], 1<i<M. (1) of the filters converges.
j=1 We conservatively consider the filters as successfully vemal

We consider the problem of estimating the matrix of filtesks= When the SNR of the permutation corrected time-domain $ilter
(ai;) from the mixtures, without knowledge about the source§xceeds 200dB. Fig. 1 shows the phase transition diagrarfilter

A standard approach is to formulate the problem in the Fourigecovery using the proposed algorithm for the number of sir
domain: one needs to estimatg [w]. This suffers from a well known N = 4, number of channels/ = 3, length of individual filters
ambiguity : without further assumption on eithey;[t] or s;[t], one L = 1024 andp = 1. White indicates guaranteed success, black is
can at best hope to find an estimatidn= (a; ;) where for every guaranteed failure.

frequencyw < L we have

491 | ==
i, j[w] = Ajwlaio, ) W], 2

with \; a scaling ambiguity anet,, a permutation ambiguity. Several

methods [1] to exploit properties of eith&ror A solve these. Our 327}
focus here is on the use of the sparsity Afin the time domain 52457
to find o1 ...0 € Gy, assuming the scaling € C* is solved. ;é

Of course we can at best hope to obtain uniqueness up to al globe 163
permutation of the columns oA. We exploit [2, Th.6.2a] the,

quasi-norm||A |l := 3., |ai;[t]|”, 0 < p < 1, as a consistency 81N 2n k=L
measure to solve the permutations.

Q) 81 163 245 327 409 491

II. THEORETICAL GUARANTEES Permutation error Ao

If the filters a;; have disjoint supports, without further sparsity Fig. 1. Phase transition diagram for filter recovery @yminimisation.
hypothesis, we show that permutations can only increasg, therm.

Theorem 1 ([3]): Let I';; C {l,...,L} be the time domain The guarantees of Theorem 2 are delimited by the black line
support of a;;. Suppose that for alk and j;1 # j> we have in general, and the white line if. is prime. We observe a phase
i, NTyj, = 0. Then for0 < p < 1 we have|| A2 < [|A]2. transition close to the prime length case.

To obtain uniqueness guarantees, we now introduce assamapin
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I. INTRODUCTION

Let us consider the following problem basic for optical wave field
reconstruction. A wave field uo at the object plane is modeled as
complex-valued one characterized by phase and amplitude transmit-
tance. The wave field propagation (blur operator) from the object
to the parallel sensor plane is defined by the Rayleigh-Sommerfeld
diffraction integral. The problem is to reconstruct the object plane
distribution for both phase and amplitude from noisy complex-valued
observations given at the sensor plane. The methods conventional
in optics give rather blurred reconstructions and exhibit pronounced
"waves", wiggles" and "ringings". The optical diffraction defining the
fundamental limitations on the spatial resolution of reconstructions
is one of the main sources of these artefacts. In this paper we
propose and develop a variational inverse imaging technique with
the main motivation to wipe out the mentioned artefacts and obtain
crisp imaging.

II. MAIN RESULTS

Being in line with the general formalism of the compressive
sensing (CS), in particular for optical setup [1], [2], we propose an
approach and algorithm which are different from the main stream
in this field in three basic aspects. First, to deal with the complex-
valued wave fields comprehensively we use modeling and regular-
ization which are separate for phase and amplitude. The following
equations link amplitude and phase of the object wave field with the
corresponding transform (spectral) representations:

mod(u,) = ¥a - 04, angle(ug) = ¥, - 0,
04 =®, -mod(uy), 6, = P, - angle(uo),

(M
@

where 84 and 0, are amplitude and phase spectra, respectively. The
synthesis and analysis matrices W 4, ® 4, ¥, ®, are shown with the
indices A and ¢ for amplitude and phase. The operations mod(u,)
and angle(uo) applied to a vector give the vectors of amplitude and
phase values. The equations (1) define what is called the synthesis
giving the signal, amplitude (mod(u,)) and phase (angle(uo)), from
the spectra 64 and 0,. Contrary to it the analysis equations (2)
give the spectra for the amplitude and for the phase of the object
distribution.

Second, for modeling of phase and amplitude which can be
spatially varying and continuous or discontinuous we use special
bases functions, known as the BM3D-frames [3]. These frames
provide rich overcomplete (large size) sets of functions which are
data adaptive and nonlocal. BM3D filtering and BM3D-frames are
recognized as a very efficient fool for various imaging problems [4],
[5].

Third, while the conventional CS techniques use a single objective
function to be optimized the algorithm developed in this paper
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is based on a vector constrained optimization with two objective
function minimized alternatively. It searches for a fixed—point giving
a balance between two quality measures defined by the objective
functions. This vector minimization decouples the inverse and fil-
tering operations and results in the iterative algorithm simple in
implementation and very efficient [4]. Convergence in-small to the
fixed point is proved for this algorithm.

III.

In Fig. 1 we show an example of the phase reconstruction obtained
by the conventional technique (left column) and by the proposed
algorithm (right column). The second row shows the cross-sections
of the images shown in the first row. A nearly ideal chessboard
phase modulation in the object plane is reconstructed by the proposed
algorithm while the conventional technique gives the reconstruction
severely damaged by multiple artifacts.

EXPERIMENTS

RMSE= 0.00323

4

RMSE=0.113

05 05
A
0 0
0.5 0.5
-1 -1
0 100 200 300 0 100 200 300
Fig. 1. Phase reconstruction for object with phase modulation. Left column

obtained by the regularized inverse algorithm and the right column is obtained
by the proposed algorithm with sparse amplitude and phase filtering.
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I. INTRODUCTION

Recently, it has been proposed to use sparse representation based
classification (SRC) [1] for automatic speech recognition (ASR) [2].
In ASR with SRC, speech features are represented as a sparse
linear combination of speech exemplars: speech features extracted
from a training database token. With the exemplar dictionary atoms
associated with classes, classification is done by using the weights
of the activated dictionary atoms as evidence for the class of the
observed speech token. In ASR however, the employed databases
contain millions tokens, which makes it infeasible to use all available
training tokens for the exemplar dictionary. Therefore, the employed
dictionary is a subset of a few thousand atoms.

In this work, an iterative algorithm is proposed that can efficiently
use an hierarchically structured dictionary containing hundreds of
thousands of atoms. The algorithm works by, on each iteration,
replacing dictionary atoms that have an increasing weight by their
child-nodes. The overall size of the dictionary is kept down by
merging atoms that have a decreasing weight.

II. METHOD

In previous work [2], a variant of Lee and Seungs iterative NMF
algorithm [3] was used to obtain sparse representations:

Xit1 — xi. % (AT (y./(Ax:)))./(AT1 + N). (1)

with .x and ./ denoting element-wise multiplication and division,
respectively. The observed speech feature vector y is of length £ and
the dictionary A has dimensions F£ x N. The sparse representation
x; has length N and is indexed by iteration counter ¢ € [1,I]. The
vector 1 is an all-one vector of length E. Applying update rule (1)
minimises the generalised Kullback-Leibler (KL) divergence between
y and Ax, with an L; norm controlling the sparsity through the
constant \.

The dictionary A is a small subset of the complete dictionary
A, the collection of N exemplar tokens that comprises all available
training material. In this work, first a hierarchical ordering of Ais
found, so that each exemplar is either a leaf node, or is a parent of two
exemplars. This hierarchy is obtained through a variant of hierarchical
agglomerative clustering (HAC), which iteratively merges the two
closest exemplars until all exemplars are merged. The difference
with conventional HAC is that after merging, the parent node is
represented by one of the child nodes, rather than by the mean of the
two exemplars. This approach, reminiscent of K-medoid clustering,
ensures an efficient clustering strategy (as distances only need to be
computed once) and ensures that at any point in the hierarchy, the
cluster nodes are still exemplars with associated state labels.

For the first iteration of our proposed method, an initial dictionary
Ay is determined by taking the top No < N exemplars as
determined by the hierarchy. Then, (1) is applied with this initial
dictionary Ao and initial sparse representation X to obtain the sparse
representation x;. The change in exemplar activation is determined
as Ax = x;1 — Xp. If for a certain exemplar its Az > 0, and it is not
a leaf node, its child exemplar is added from the dictionary A to the
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TABLE I
RECOGNITION ACCURACIES FOR VARIOUS DICTIONARY SIZES

Dictionary size N
4000 | 8000 | 16000
83.7 89.9 92.3

2000
77.9

32000
95.5

proposed
95.9

dictionary A (recall that its other child is the exemplar itself). Both
the exemplar and the added exemplar get weight 0.5 % z1 > 0. After
processing all activated exemplars in this fashion, the dictionary A;
is obtained. This procedure is repeated on every subsequent iteration.

If the number of exemplars in the dictionary A exceeds some
threshold V; > M, exemplars with Az < 0 are sought. For these
exemplars, it is checked whether the other child exemplar of its parent
is also in the dictionary A, and whether that child also has Az <
0. If so, the two children are merged: effectively, one exemplar is
removed as parent nodes are represented by one of the child nodes.
The weights of the two exemplars are summed.

Both the merging and the splitting procedure are symmetric: for
example if at a later iteration a previously merged exemplar obtains
Az > 0, it will be splitted again to restore the previous situation.
Note that the only computational overhead introduced by this pro-
cedure is the book-keeping of merging and splitting exemplars, and
this is made efficient by using lookup tables which list the parent
and child nodes of each exemplar at each point in the hierarchy.

III. RESULTS

Using the experimental setup described in [2], the method is
evaluated on the digit recognition task TIDIGITS. The parameters
used were E = 690, No 2000, M 4000, I = 600,
N = 408 066. HAC was done using a euclidean distance measure
on log-compressed features.

The proposed method was compared to recognition with several
fixed dictionary sizes N € {2000, 4000, 8000, 16000, 32000}. The
results in Table I show that with these settings, the proposed method
is able to perform at least as good as fixed dictionaries containing
32000 exemplars. Timing experiments (not shown) confirmed that the
algorithm does not perform substantially slower than using a fixed
dictionary of size 2000 — 4000.
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Sparse Object-Based Audio Coding Using Non-Negative

Matrix Factorizati

A sparse audio representation applied to audio source gadin
previously proposed in [1]. In that approach the audio digea
projected onto a set of gammatone/gammachirp kernels ¢matrgtes
sparse representations dubbed as spikegrams. Addressihgpike
individually in the previously proposed approach is verstboin
terms of bits when audio coding applications are consideied
reduce the overall bitrate, a technique based on frequepispae
discovery is proposed in [1]. Other techniques based onhgttagory

INTRODUCTION

on of Spikegrams

non-negative representation and keep only rows that hanezem
elements. We then apply the NMF-2D, where the decomposison
done as following:

VzA:ZZVl\?TI;; 1)
T ¢

element in the matrixy> rows down, and— 7 denotes the right shift
operator which moves each element in the matrigolumns to the

have also been proposed in [6]. In this paper, we outline a&lnovight. W contains the basis vectorH is the projection matrix,V

approach based on NMF-2D with sparsity [2] to extract the pom
nent and projection matrices. These two matrices are thantized,
arithmetically coded, and sent to the receiver. The receiudtiplies

be used to generate the original audio signal. Our work haseso
similarities with the approach proposed by Nikunen and avien

is the transformed spikegram (audio signal represenfatéond A is
the approximate reconstruction of the transformed spéagr

where | ¢ denotes the downward shift operator which moves each

In order to guarantee a certain audio quality, we propose an
the two matrices and generates a resynthesized spikegantah approach to adaptively modify the NMF-2D parameters such as

sparseness, length of temporal and frequency shifts. T$tefuaction
of the NMF-2D is also perceptually shaped, since the stahotan-

[3]. However, Nikunen and Virtanen used spectrograms ang orsquared error cost of the NMF-2D penalizes high frequendess

applied the NMF technique to code the amplitude of the sigmal shown in the figure, the elements of H are vector quantizedewhi

not to the non-positive phase information. Since phasernmition
is not coded by NMF, the overall bitrate cannot be reducedvbel
a certain point in [3]. On the other hand, our proposed spémg
contains both phase and amplitude information, and thene iseed
to send phase as side information as proposed in [3]. Funtirer,

the elements of W are scalar quantized (since W is a much emall

matrix compared to H, the bit cost of using scalar quantirais
negligible). Matrices H and W are then transmitted to theeiresr
and reconstructed to obtain the original audio signal. Reswith
different audio signals show that a bitrate of 85 kbps at 3B+cdn

Nikunen and Virtanen used the standard NMF as proposed by Uge achieved. Informal listening tests also confirm good iguaif
and Seung [4], which we found less optimal for coding purposeeconstruction.

than the NMF-2D. The fact that repetitive patterns in an awitjnal
span in the 2-D frequency plane, warrants the use of NMF-2izhwh
would optimally resolve audio objects on both axes. Moreosigce
our spikegrams are sparse it is much easier to impose a spasse
constraint on the NMF than in the case of a spectrogram winere
information is spread in a relatively more uniform way in fbdime
and frequency. Finally, it can be shown [5] that the mearasepl
error between the original audio signal and the reconsduetidio
signal is inversely proportional to the redundancy (overpleteness)
of the representation for a given error in the representatimmain.
Therefore, the mean-squared error in the temporal domaiowisr
for our spikegram (overcomplete representation) compdaoethe
spectrogram (orthogonal representation) used by othearelsers for
a given error in the representation domain. Results onrdifteaudio
signals show that our approach is able to code audio sigh&8+a
dB with a bitrate around 85 kbps. Informal listening tessoathow
that the quality of the resynthesized audio signals is rmaaisparent.
Preliminary results show that these bitrates can be funtbduced
by noise shaping, bandwidth extension, etc. These resuts &irst
step toward an object-based universal audio coder.

II. DESCRIPTION OF THE APPROACH

Figure 1 shows the block diagram of the proposed approa
A perception-based sparse representation called “s@k€gris

i
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t

Audio

Arithmetic

Decodin

I~
Arithmetic
Decodin

Arithmetic
Coding

Arithmetic|,
Coding

W

VQ

H [Uniform
Q

Reconstructed
Spikegram

Matching
Pursuit

NMF-2D

Audio Signal
Resynthesis

7

Signal

Audio

Signal

Fig. 1. Block diagram of the proposed audio coder based on {2BIF

I1l. FUTURE WORK

A better noise shaping model introduced in the cost functsae
[1]) as well as a method based on spectral bandwidth extertsio
further reduce the bitrate for the same audio quality.
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Abstract—We empirically show how applying a pure greedy algorithm
cyclically can recover compressively sampled sparse signals as well as
other more computationally complex approaches, such as orthogonal
greedy algorithms, iterative thresholding, and ¢;-minimization.

[. INTRODUCTION

Under certain conditions, we can recover a vector x € RV from
measurements u = Px created by a matrix with unit-norm columns
® c R™*N (N > m). Here we focus on a cyclic application of the
pure greedy algorithm matching pursuit (MP) [1]. Given the index
set Qr C 2 = {1,2,..., N} (indexing the columns of ®), MP
augments this set by Qi1 = Q U {ny} using

. 2
i = argmin{[r, — (re, @, ),|[2 = argmax|{rx, ¢,)| (1)

where ¢,, is the nth column of ®, riy = u — ®x; is the residual,
and the nj row of xx4+1 is defined

(@)

For initialization, 9 = () and xo = 0. Pure greedy algorithms like
MP are successful only for the most trivial of cases, e.g., when ®
contains an orthogonal basis and x activates only functions in that
basis that are orthogonal to the rest of ® [2], [3].

Cyclic MP (CMP) [4], [5] runs as MP at each iteration, but
includes a model refinement. Define the ith value of 2, C Q =
{1,2,..., N}, Q(4). First for i = 1, CMP finds a replacement
atom

Xet1]ne = [Xk]n, + (Trs 05, )-

— 1 R . 2 — .
ni = argmin ||ri — (e, @)@ ll2 = argmax (v, ¢,)| )

where rp\; = u— [i’xk — (PQk(i)[xk]Qk(i)] . Then CMP updates
Q. such that (i) = ny, and the solution [Xx]n, = (re\i; @,)-
Then CMP does the same for ¢ = 2, up to k. After cycling through
all atoms until some stopping criterion is met, CMP augments €2, as
in MP, and refines the model again.

Figure 1 shows the probability of exact recovery (||x —
X||2/||x]|2 < 0.01) for vectors of varying sparsity k with elements
drawn from two distributions, for six undersampling ratios m /N with
no noise, using both CMP and Orthogonal MP (OMP). For these ex-
periments, we make N = 400, sample @ from the uniform spherical
ensemble, and average the results over 100 independent trials for each
sparsity and number of measurements. In our implementation, we
make CMP run the refinement procedure a max of five times, or until
[[r%]13/]|r%]]3 > 0.999, where r}, is the residual after refinement. It is
clear that CMP can perform just as well as OMP at this task without
matrix inversions. Our final work will include comparisons with other
methods, such as iterative thresholding [6], 1 minimization [7], and
two-stage thresholding [8], as well as an analysis of the algorithm.
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Fig. 1. Probability of exact recovery using CMP (solid) and OMP (dashed)

at several undersampling values m/N (labeled). Top: Active elements dis-
tributed Constant Amplitude Random Signs [8]. Bottom: Active elements
distributed Normal.
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Structured and soft ! Boltzmann machine and mean-field
approximation for structured sparse representations
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Abstract—We address the problem of structured sparse representation
within a Bayesian framework. In particular, we consider a mean-field
approximation for the estimation of the dependencies between atoms
using a Boltzmann machine. This algorithm is shown to outperform the
reference algorithm [1] with regard to their success criterion.

Index Terms—Structured sparse representations, Boltzmann machine,
mean-field approximation.

I. INTRODUCTION

Recent contributions have emphasized the interest of considering
structures between atoms selected in sparse representations (SR), for
a wide range of dictionaries and classes of signals. This problem can
be set into a Bayesian framework, e.g. Cevher et al. [2] and Faktor
et al. [1]. Both use Boltzmann machines to model the dependencies
between atoms, but differ in the prior model on the SR coefficients.
In this paper, we consider a similar model as in [1].

Our observation model is y = Zi\il s; x;i d; + n, where s €
{0,1}™ is the SR support, n~N(0,02Ix) and Iy the identity
matrix. We suppose that Vi, p(z;)=N(0,0%.) and s is distributed
according to a Boltzmann machine of parameters b and W':

p(s) < exp(2b”'s + 28" Ws — 217, Ws), )

where 1y = [1,...,1] of length M.

II. STRUCTURED SOFT BAYESIAN PURSUIT ALGORITHM

Based on this model, we consider here the following marginalized
maximum a posteriori (MAP) estimation problem:

8 = arg max log p(s|y), 2

s€{0,1}M

where p(s|ly) = [, p(x,s|y)dx. To tackle problem (2), a greedy
algorithm could be used [1] to approach the solution with a succession
of local decisions. In this paper, we alternatively propose a mean-field
(MF) approximation of p(x, s|y) which approximates p(x, s|y) with
a probability distribution, say ¢(x, s), constrained to have a “suitable”
factorization while minimizing the Kullback-Leibler distance with
p(x,sly). Here, g(x,s) is constrained to the structure:

q(x,8) = [ [ a(@i, s0) = [ [ alwslss) alse). 3)
Then the minimization of the Kullback-Leibler distance subject to (3)
can be performed by the “variational Bayes EM algorithm” (VB-EM)
[3], which evaluates the ¢(z;, s;)’s by computing at each iteration’:

q(wilsi) = N'(m(si),T'(si)),
q(sz)oc 1/ F(Sl) exp(% ”;((Ssql))z)exp(Qsz (b7«+2]7&1 Wij (q(SJ :1)*1)))

2 2
azi [epy o

F(Si) = 52152 o5
- A X
oft+oZ s an+o'mi S5

(r) =y =3, als; =1) m(s; = 1)d;.

2

where m(si) = s; (r;)Td;,

IThis distribution is equal to the one used in [1], [2] with se{-1, I}M.
2For a sake of clarity, we drop here the iteration indices.
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Compared to [1], the proposed algorithm does not make any hard
decision on the SR support at each iteration but rather updates
posterior probabilities. In that way, it can be seen as a soft process.
Both algorithms have similar complexities, of order M? per iteration.

Coming back to (2), p(s|ly) is simplified as p(s|y)
L TT; a(xi, si)dx [1,q(si). We finally obtain Vi §;
arg max, ¢ (o 1y log ¢(s;), which is solved by simple thresholding.

~

III. EXPERIMENTAL RESULTS

To assess the performance of the proposed algorithm, we follow
the same methodology as in [1]. We generate a large number K of
observations according to the model and estimate the ability of the
algorithm to reconstruct the SR support via the probability

- Ly 19,
K £ max([s® o, 57 ])

“

The data is generated
with N 64, M
256, and a DCT dictio-
nary. The Boltzmann pa-
rameters are drawn inde-
pendently: the elements
of b from N(-2.5,1)
and the elements of W
from #/[—0.1,0.1]. The
standard deviations o,
are ii.d. realizations of
U[15, 60]. For each point
of simulation, we run 500
trials. We adjust the final threshold at 0.25. The figure above com-
pares 2 algorithms: “MAP-greedy”, proposed in [1] and “SSoBaP”
(for Structured Soft Bayesian Pursuit algorithm), proposed here. For
the performance criterion considered, we can see that “SSoBaP”
outperforms “MAP-greedy” over a wide range of noise variances.

Probability of reconstruction error

— = - MAP—greedy

SSoBaP
25

L
20 30

IV. CONCLUSION

In this paper, we have shown that a MF approximation together
with a VB-EM algorithm is a promising and competitive approach
for the estimation of structures between atoms. To the extent of the
considered criterion, the resulting algorithm is shown to outperform
the baseline algorithm [1]. Complementary results, involving other
performance criteria and other state-of-the-art algorithms, will be
added in the final paper to confirm the relevance of this approach.
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I. INTRODUCTION

We consider a reconstruction of y from observations z = Ay-+oe,
where z,y € RY are vectors representing correspondingly observed
and true images, A is a N x N blur matrix, e~N (Onx1,Inxn) is a
vector of i.i.d. standard Gaussian components, and o is the standard
deviation of the noise.

Contribution of this paper concerns two aspects of inverse image
reconstruction. First, we use the BM3D-frames presented in [1] for
sparse image modeling. Second, we formalize image reconstruction
as a vector variational problem with two objective functions. This
technique results in decoupling of inverse and filtering. Comparison
versus the standard variational settings with a single objective func-
tion demonstrates a clear advantage of the decoupling. Overall, the
achieved results numerically and visually are very good and mainly
overcome the best competitive results in the field.

II. BM3D IMAGE MODELING

In detail discussion of BM3D modeling can be found in [2]. It is
a nonlocal adaptive technique based on high-order groupwise models
defined in 3D transform domain. It has been shown in [1] that
provided a fixed grouping the BM3D analysis/synthesis can be given
in the matrix form linking the image y and its groupwise spectrum
vector w € RM by the forward and backward transforms

w=® yy=¥- w. 1)

Proposition 1. The matrices ®T® and $®T are diagonal with
positive items; Y& = Inxn.

The last formula enables perfect reconstruction of the image y
from the groupwise spectrum w. It follows from the proposition that
® and ¥7 are full column rank matrices. The rows of the full rank
(M x N) matrix @ constitute a frame in RY, and the columns of
the full rank (N x M) matrix ¥ constitute a frame dual to ®. These
frames are not tight, 7 -® # Iy, y and ¥7. & £ I . In general

U £ (®T®) '®7, and ¥ is an alternative dual frame.

III. VARIATIONAL IMAGE DEBLURRING

For the above observation model with Gaussian i.i.d. noise we
consider the following variational setting

(@.9) = argmin{5- |z~ Ay |37l | w = By, y = ¥},
2
where both the analysis and synthesis links between the image and
spectrum are considered as constraints. For p =1 and p = 0 (2) is
defining respectively l2-l1 and l2-lp optimization problems.
Let us replace the constrained minimization in (2) by an uncon-
strained one where the constraints are replaced by the quadratic
penalties with positive weights .. In this way we arrive to the
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following objective function

1
L(y,w)= @HzfAyﬂiﬂ' lwll, + 3)

1 2 1 2
— |jw — @y, + — ||y — Pw]5.
3 ko = @Y1+ 5 ly — el

This £(y,w) is universal in the sense, that with y;, — oo it corre-
sponds to the synthesis approach and with v, — oo it corresponds to
the analysis approach to image reconstruction. In general, with finite
Y1, Vo it defines a combined synthesis/analysis approach.

IV. MAIN RESULTS

Let us decompose
L = L1+ L5, where

L1 (Y7 w)

(3) into the sum of two objective functions,

[I>

1 2 1 2
—|z—A — |ly-® 4
gy 17— AYIE + 5 lly el @

1
La(yw) 2 7w, + 5w - By]3.
71

We define a novel image deblurring algorithm using the following
alternative minimization of £; and Ls:

{

In this algorithm instead of conventional for the variational ap-
proaches minimization of a single objective function £ we use an
alternative minimization of two objective functions partial summands
of L. It is easy to notice that minimization of £; on y serves to
inverse the blur operator, while minimization of L2 on w serves
as a denoising operation. Thus, the proposed decomposition of £
corresponds to decoupling of deblurring and denoising.

The proposed algorithm is looking for a fixed-point (w™,y™)
defined as a solution of two equations:

{

The following convergence result is proved for the algorithm (5).

Proposition 2. For any fixed 1, v, Yo, T, the sequence (y:,w:)
generated by (5) convergences to a fixed point (y*,w™) of the
equations (6) if it exists.

Extensive simulation experiments show a serious advantage of the
developed algorithm over the best techniques in the field.

yt+1 = argminy L1 (y,wt),
wi41 = argming Lo (ye4+1,w), t =0,1,....

®)

y* =argminy L1 (y,w"),
w* = argming Lo (y*,w).

(6)
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BS

Fig. 1. (a). Standard schematic of lensless far-field GI with thermal light;
(b). the physical explanation of far-field GI, the thermal source S shown in
the scheme (a) acts as a phase conjugated mirror and a spatial low-pass filter
because of its finite transverse size.

Abstract—For ghost imaging [1], [2], [3], [4], [5], the speckle’s
transverse size on the object plane is the system’s diffraction
limit and enhancing the resolution beyond this diffraction limit
is generally called super-resolution [4], [5], [6]. When signals
satisfied a certain sparsity conditions, Donoho has demonstrated
mathematically that super-resolution restoration was possible [7].
By combining the sparse prior property of images with ghost
imaging method, we demonstrated experimentally that super-
resolution imaging can be nonlocally achieved in the far field
applying a new sparse reconstruction method called gradient
projection for sparse reconstruction (GPSR) algorithm [5], [6],
(81, [9].

Fig. 1(a) presents the experimental schematic for lensless
far-field ghost imaging, which is designed as the method men-
tioned in Ref. [5]. Fig. 1(b) describes the physical explanation
of far-field GI and its resolution, which is discussed in detail
in Ref. [6].

Fig. 2 presents experimental results of a double-slit re-
covered with ghost imaging (GI) and ghost imaging via
sparsity constraints (GISC) methods in different collecting
areas L; x Lj, using the schematic shown in Fig. 1(a).

In conclusion, we have achieved super-resolution far-field
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Fig. 2. Experimental reconstruction of a double-slit in different collecting
areas with z=1200mm, z1=500mm and D=0.6mm (the speckle’s transverse
size Azs=1280mm). (a). The cross-section curve of the speckle on the
object plane obtained by measuring the second-order correlation function
of light field on the reference detection plane (the curve’s full-width at
half-max (FWHM) is the diffraction limit of GI); (b). the object; (c). the
object’s diffraction patterns received by the test detector Dy; (d). GI method
(averaged 3000 measurements); (e) and (f) are GISC when the pixel-resolution
of the camera D, is 13pum and 65pm, respectively (with 3000 and 500
measurements for (e)-(f), respectively). The collecting areas of the detector
D¢ shown in (1-3) are 1.6mm X 1.6mm, 3.2mm x 3.2mm, and 6.4mm X 6.4mm.

GI by combining GI method with the sparse prior property
of images. We also show that Fourier-transform diffraction
pattern of the object and its image in real-space can be
obtained at the same time. This brand new far-field super-
resolution imaging method will be very useful to microscopy
in biology, material, medical sciences, and in the filed of
remote sensing, etc.

The work was partly supported by the Hi-Tech Research
and Development Program of China under Grant Project No.
2006AA127Z115, and Shanghai Natural Science Foundation
under Grant Project No. 09JC1415000.
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Fast Compressive Terahertz Imaging
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Terahertz pulsed imaging (TPI) modalities have numerous
applications such as medical diagnosis, detection and chemical
mapping of illicit drugs and explosives, and inspection of
pharmaceutical tablet. However, as the majority of terahertz
images were obtained in a pixel-by-pixel raster scan fashion,
existing terahertz imaging systems have slow imaging speed.
Recently, Chan et al. [1] first reported a new terahertz imaging
system based on the concept of compressed sensing (CS) [2, 3]
for high-speed image acquisition in which the number of
measurements is much smaller than that of the total pixels in
reconstructed images [2, 3]. In particular, experimental results
in [1] suggested that only 300 measurements were used to
obtain an image of 32x32 pixels with reasonable quality.

Despite its great potential, compressive TPI is still at the
infant stage and much needs to be done before its practical
applications. In this talk, we will present our work on the
development of fast compressive TPl cameras from the signal
processing perspective. In particular, we will focus on the
design and implementation of efficient sampling operators.
We will also highlight main challenges for reconstruction of
terahertz images, especially for time-domain terahertz pulsed
systems. Extensive hardware measurement and reconstruction
results will be presented.

Fig. 1 shows the experimental arrangement for compressive
TPl. The masks were used to modulate the terahertz
waveforms. Recall that in [1], full random masks have been
used. Although such a sampling operator is theoretically
optimal, they require huge memory for storage and heavy
computation complexity for reconstruction. Besides, due to the
lack of spatial light modulator in terahertz imaging, the
hardware implementation is complicated. In our work, we
have investigated the construction of deterministic and
structured random operators. Specifically, we have developed
a 40x400 deterministic binary sampling operator [4] and Fig.
2 shows an example of experimental results for time-domain
terahertz pulsed imaging. As can be seen, the Chinese
character “big” can be reconstructed at different terahertz
frequencies. To enable fast sampling, we have also proposed
the use of a single rotating mask (a spin disk) for automatic
and continuous implementation [5]. Such a design offers the
advantages of compact design, easy computation and fast
implementation with potentially video-rate sampling speed. As
compared with conventional TPI, only 10%-20% of the pixels
are required. Fig. 3 shows some experimental results where
the 32x32 terahertz images “A”, “U”, and “H” were
reconstructed using only 160 measurements. Our experimental
results suggested that CS based TPI may have great potential
in real-time imaging applications.
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Figure. 1. Experimental arrangement for terahertz pulsed imaging using CS.
The inset shows one of 40 designed masks with the dotted line indicating the
40x40 mm? imaging area. The copper pixels are opaque to terahertz radiation
while the white pixels are transparent to terahertz radiation. [4]

T @ (b) (©)

Figure. 2. (a) Original 20x20 image of a Chinese character “big”. (b)
Reconstructed image at 0.3 terahertz. (c) Reconstructed image at 1.0 terahertz.

The measurement operator is the 40x400 deterministic sampling operator
proposed in [4].

rﬂ

(a) (b) (c)

Figure. 3. Reconstructed terahertz images shaped as the English characters (a)
“A”, (b) “U”, and (c) “H” using 160 measurements from the spin disk
implementation.
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Abstract—We propose a denoising method for ECG signals which
is based on dictionary learning. On the preprocessing step, we obtain
an overcomplete dictionary adapted to different types of ECG signals
(choosing the training set in such a way that all the clinically important
phenomena are included in it). We use then this dictionary for denoising.
This method preserves the form of QRS complex and time localization
of the signal that allows us to recognize an anomaly. We show that
the proposed algorithm outperforms the algorithm of ECG denoising by
sparse 2d-separable transform.

A. Dictionary Learning

A sparse representation is very useful in denoising because it
improves the efficiency of the algorithm. Since a signal is said to
be sparse in some dictionary D the choice of such a dictionary is
crucial. Since it is not evident which dictionary is the best for ECG
signals, we will learn a dictionary D which is particularly adapted
to this type of signals; i.e., they are maximally sparse in it.

In order to learn the dictionary, we will use the same strategy as
in [3]; that is, we solve a joint optimization problem

min
DeC,aceRk

1 2

5llz = Dall3 + Alalls, (1)
(with « being the decomposition coefficients, A the regularization
parameter) by alternating between the variables v and D; while one
of them is fixed, we minimize another one.

B. Simulation Results

As a training set to learn the dictionary, we used the database of
ECG records obtained by the Creusot - Montceau-les-Mines hospital
and we chose 14 signals taking a segment of 1000 samples from each
of them in such a way that they represent the variety of clinically
important phenomena.

We performed two kinds of simulation. First, we added to the signal
randomly generated Gaussian noise with different variances. Then we
applied the denoising algorithm and we studied the performance of
the method by calculating the SNR of the noisy and reconstructed
signal. The results are shown on Figure 2 where our method is
compared to sparse 2d separable method and one can see that it
performs better. Note that in [2] it was shown that sparse 2d separable
algorithm outperforms the methods of soft thresholding [1] and
extended Kalman smoother filtering [4].

The second simulation concerns the analysis of the ECG signal of
a concrete patient. We apply the denoising algorithm to the pattern
with visible noise and we compare the result with a similar pattern
of the same patient which was not damaged with noise. As one can
see on the Figure 2, the form of the denoised signal resembles a lot
the form of signal with no noise while sparse 2d separable method
fails to denoise this signal.
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Abstract—Recently, sparse coding has been employed in natural
image category classification problems and has produced state-of-the-art
performance [1][2]. In this work, we present an unsupervised method
for learning a view condition invariant representation for object images
without explicit knowledge on the view conditions involved (’blind
modeling”). The method requires only sufficient unlabeled image series,
and can be used as a simple post-processing step to improve the
performance of these state-of-the-art systems.

I. BACKGROUND

One of the core challenges of image category classification
problems is the massive amount of variations that may affect how
an object appears in an image. The said variations can be accounted
by the physical variations of objects within categories (e.g. category
of cars) coupled with large amounts of view conditions, which may
include view angle, view distance, and light conditions. This makes
it hard to relate limited amounts of labeled samples to a prohibitively
larger set of potential test images. Thus state-of-the-art methods
use different measures to reduce such variations. For example, they
use local descriptors like SIFT (Scale-Invariant Feature Transform)
[3] which extract features that are scale and rotation invariant from
the image. They also use a technique called pooling to generate a
translation-invariant representation for the image using the coded
local descriptors. [4] provides a framework of these state-of-the-art
systems for general sparse-coding research audience.

Despite these advances, simple transform invariances may not
necessarily capture all the complicated effects of perspective and
lighting on objects. This motivates a “blind modeling” of these
real-world view conditions.

II. BASIC FORMULATION

Define y € RY as a certain representation of an observed object
image. Our goal is to find a better sparse representation that is
more invariant to effects of real-world view-conditions. We define
our generative model of image as:

y=HnDx + € D

where D is a latent dictionary with elements d; and sparse
representation z € RM. Here M) is a certain random linear
transform matrix N X N randomly drawn from a finite set of H
linear transforms A = {Ho, H1..Hx }, which is assumed unknown
and represents effects of real-world view conditions that we wish
our recognition system would be invariant to. x is thus called a
A-invariant representation of the object. ¢ would be a noise term.

With A being unknown (1) is not a amenable sparse recovery prob-
lem. Instead, define A-expanded dictionary Ap as [Aqg, Ag,..Aq,,]
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with “view expansion” of element d; Ag, £ [Hid; Had; .. Hud;).
This gives us an equivalent model

{

where e, is an all-zero vector of length H except with the h'"
element having a value of 1.

. ’
y=Apx +e€ )

!
r =xQ e

(2) now contains a more amenable sparse recovery problem. We
can now recover dictionary C' as a permutated A p, provided that H
and thus size of Ap is reasonably small for practical recovery. If it
is as we assumed that y comes from some state-of-the-art systems in
which basic levels of translation/scale/rotation invariance is already
accounted for, then H will likely to be reasonable. If we can find
a mapping function f(k) which gives the identity of the “view
expansion” Ag; to which cg, column k of C, belongs, then the
A-invariant representation x may be recovered from its A-expanded
representation z’.

III. CONTRIBUTION

Our work shows if we have sufficient amounts of relevant video
footage containing unlabeled observations of objects we seek to detect
and classify, i.e. image series that fits:

Ye:ye =HpDr+efort=1.7 3)

along with z and thus =’ being sufficiently sparse, f(k) can indeed
be found reliably using a simple clustering operation.

In our experiment, we will be using linear Spatial-Pyramid-
Matching (linear-SPM) [1], a representative state-of-the-art system,
as the baseline. Using the results from linear-SPM, we will apply
our algorithm to produce a sparse representation with improved
view-condition invariance and provide evalution.

The value of our proposed system is that the use of “blind
modeling” spare us from the need to have exact knowledge of the
complicated effects of real-world view conditions. This unsupervised
process can theoretically be used to post-process any high-level
representation vector of most state-of-the-art systems, and potentially
be applied to other non-image domains.
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Abstract—This work introduces a localisation and identification
method for acoustical sources from array measurements. It is based on
group-sparsity priors on the acoustical field, assumed to be produced by
a small number of sources, but with unspecified directivity. The method
is tested in a passive case, as well as an active setup, where reflectors are
illuminated by a transducer array.

[. INTRODUCTION

Localisation of sources is a classical problem in array processing,
for which numerous methods have been designed, including schemes
based on sparsity priors [1]. However these methods only recover
elementary sources, and cannot treat the case of complex directivities.

In this work, we develop a method aiming at jointly localising
acoustical sources and identifying their directivities. It is based on a
decomposition of the acoustical field on a dictionnary of elementary
sources (monopoles, dipoles, quadripoles, etc.) and group sparsity
priors on the decomposition.

The method in tested in two cases :

« acquisition with a passive in audible range, where acoustical
sources are to be localized from the field produced on a
microphone array;

« underwater acquisition with an active ultrasonic array, when
reflectors (wires) are to be characterized from the retrodiffused
field after being illuminated by the transducer array.

II. SPARSITY MODEL

Sources are assumed to be sparse in space, and their directivities
limited to low-order spherical harmonics (in this work, monopoles
and dipoles, but the generalisation to higher-order harmonics is
straightforward).

In the passive case, the harmonic field radiated at the point x; by
a source localised at the point z; can be expressed as

pi; = aho(|wi—x;])+Bha (lei—x;]) sin(0:;)+vha (|2 —z;]) cos(6:;)

where 0;; is the angle between Z;%, and a reference axis, ho
and h; are Hankel functions of order O and 1. The vector of the
field produced by a source an the array can be decomposed as a
linear combination of three vectors, corresponding to the three first
harmonics : m; — (ho(l.’rl — mj|))j, di = (hl(\xl — x]\) sin(@ij))j,
d; = (h1(|wi — x;]) cos(6i;));. The sources being sparse, the total
field measured is a sum of a small set of such vectors. Formally the
measurement vector can be decomposed as

p = Mu,, + Duy + D’ud/

where M, D, D’ are the dictionnaries of monopoles and dipoles,
and the vectors u.,, uq and uy have identical supports.

In the active setup, a set of measurements is obtained, with the
reflectors illuminated by a different transducer at each measurement.
In this case, the field measured for a single source illuminated by
the transducer k has the same expression than in the active case, but
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the coefficients of the expansion «g, [ and 7y, are dependent on
the relative positions of the transducers and the reflector, as well as
the directivity of the emitting transducer. With multiple sources, as
the reflectors are assumed to be fixed between the measurements,
the total field measured keeps the same sparsity pattern. Here the
measurement vector for an given illumination can be decomposed as
, k
pk = MuﬁI + Dus +D'uy
where the vectors u”,,
supports.

uk and uZ,, for every k, have identical

III. RECOVERY

Algorithms used to recover the sources include mixed norms
minimisation [2], as well as the adaptation of Orthogonal Matching
Pursuit (OMP) to group-sparsity, where, at each iteration, the triplet
(m;, d;, d}) maximizing the norm of the orthogonal projection on
span(m;,d,,d;) is selected.

Figure 1 shows a comparison of OMP and group-OMP in a simple
case, with three active sources. OMP, with 9 iterations, recovers the
localisations but fails at identifying the directivities, while group-
OMP, with the same dictionnary, recovers both.

Simulations and experimental results will be compared for both
passive and active setup, with different algorithms.
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I. INTRODUCTION

The sparsity-inducing nature of the ¢; norm makes it one of
the most popular convex regularizers in signal processing, statistics,
and machine learning. Although independently proposed in several
communities, it is best known by LASSO, the designation proposed
in [9], where it was introduced as a variable selection tool. More
recently, the interest in ¢; regularization was boosted by its central
role in compressive sensing [1], [2]. The non-differentiable nature of
the ¢; norm has stimulated a large amount of research on efficient
algorithms for solving the optimization problems resulting from its
use as a regularizer (see [10] and the many references therein).

In some scenarios, it makes sense to select/remove (disjoint) groups
of variables, rather than individual ones, which is achieved using
group-norms (e.g., [10], [11], [12]). Several researchers have extended
this approach by allowing the groups to overlap, as a means of
expressing preference for certain structural relationships (namely,
hierarchies) among the selected/removed variables [5], [6], [7], [12].

The optimization problems that result from adopting group-
structured regularizers with overlapping groups are considerably more
challenging than those involving simple ¢, norms or group-norms
with non-overlapping groups; the reason is that the overlaps destroy
the separability between groups that crucially underlies the simplicity
of the algorithms devised for the non-overlapping case.

In this paper, we propose tackling the optimization problems
resulting from the adoption of group-structured regularizers by using
a particular instance of the alternating direction method of multipliers
(ADMM, [3]), recently introduced in [4], which involves no assump-
tions on the overlapping structure (or lack thereof) of the groups.

II. PROBLEM FORMULATION

We consider the optimization problem
1 k
. 2 . _ . .
min §||Ax —yl© +r(x), with r(x) = ;:1 Xi 9i(xa,;), (1)

where A € R™*? is a matrix, xg, € R!%! is the sub-vector of
x corresponding to the indices in the i-th group G; C {1,...,p},
each ¢; is a convex function (the {2 norm, in group-LASSO [7], but
other choices are possible), and A1, ..., Ay are positive weights. No
assumptions are made about group overlap: the groups may overlap
or not; if they overlap, no special structure (such as a hierarchy) is
assumed for the way they do so. If k = p, G; = {i}, \s = )\, and
¢i(x;) = ||, we recover standard ¢, regularization.

A key component of most state-of-the-art algorithms for solving
problem (1) is the so-called Moreau proximity operator of  [6], [10]:

(@3]

In the absence of group overlapping, computing prox,. boils down to
computing Prox, . for ¢ = 1, ..., k [10]. With overlapping groups,
prox,. can only be easily computed if the groups are hierarchically
structured and for some choices of the ¢; (¢1, £2, or o norms) [5].

1
prox,.(x) = arg min §||x —ul|3 + r(u).
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III. PROPOSED APPROACH
We propose addressing problem (1) by mapping it into the form

> g;(H;x),
j=1

where the g; are convex functions and the H; are matrices, as fol-
lows: m = k+1, g; = A\jés, for j = 1, ...k, gre1(u) = [u—yll3,
Hii1 = A, and (for j = 1,...,k) H; is a |G;| x p matrix with
the subset of rows of the identity corresponding to group G;. Then,
we handle this problem using the algorithm proposed in [4] (which
is an instance of ADMM). We show convergence of the algorithm,
regardless of matrix A, as long as any index ¢ € {1,...,p} belongs
to at least one group.

Each iteration of the algorithm involves computing the proximity
operator of each function g; and minimizing a quadratic function.
For problems of moderate size, the Hessian of this function can be
inverted only once, with cost O(min{n, p}?), and this inverse used
throughout the iterations. For large problems, we avoid the cost of the
inversion by using to a (warm-started) Broyden-Fletcher-Goldfarb-
Shanno (BFGS) algorithm, or a limited memory version thereof [8].

We report experiments on identifying hyperspectral signatures on
large dictionaries (equipped with an non-hierarchical overlapping
group structure); one of the regularizers in (1) is, in this case, the
indicator of the probability simplex (on the full vector x). To the best
of our knowledge, this problem is out of the reach of other recent
algorithms for overlapping group regularization.

©))

min
xERP

REFERENCES
[1]

E. Candes, J. Romberg, T. Tao, “Robust uncertainty principles: exact
signal reconstruction from highly incomplete frequency information”,
IEEE-TIT, vol. 52, pp. 489-509, 2006.

D. Donoho, “Compressed sensing”, IEEE-TIT, vol. 52, pp. 1289-1306,
2006.

J. Eckstein, D. Bertsekas, “On the Douglas-Rachford splitting method
and the proximal point algorithm for maximal monotone operators”,
Math. Program., vol. 5, pp. 293-318, 1992.

M. Figueiredo, J. Bioucas-Dias, “Restoration of Poissonian images using
alternating direction optimization”, IEEE-TIP, vol. 19, pp. 3133-3145,
2010.

R. Jenatton, J.-Y. Audibert, F. Bach, “Structured variable selection with
sparsity-inducing norms”, arXiv:0904.3523, 2009.

R. Jenatton, J. Mairal, G. Obozinski, F. Bach, ‘“Proximal methods for
sparse hierarchical dictionary learning”, Proc. ICML, 2010.

S. Kim and E. Xing, “Tree-guided group lasso for multi-task regression
with structured sparsity”, Proc. ICML, 2010.

J. Nocedal, S. Wright, Numerical optimization, Springer, 2006.

R. Tibshirani, “Regression shrinkage and selection via the lasso”, J. Roy.
Stat. Soc. (B), vol. 58, pp. 267-288, 1996.

S. Wright, R. Nowak, M. Figueiredo, “Sparse reconstruction by separa-
ble approximation, IEEE-TSP, vol. 57, pp. 2479-2493, 2009.

M. Yuan, Y. Lin, “Model selection and estimation in regression with
grouped variables”, J. Roy. Stat. Soc. (B), vol. 68, pp. 49-67, 2006.

P. Zhao, G. Rocha, B. Yu, “The composite absolute penalties family for
grouped and hierarchical variable selection”, Annals of Stat., vol. 37,
pp. 3468-3497, 2009.

[2]
[3]

[4]

[5]
[6]
[7]

[8]
[9]

[10]
(11]
[12]



Sparse Approximatio

Vladimir Mati€
Department of Electrical Engineering
ESAT-SCD and IBBT
Katholieke Universiteit Leuven, Belgium

Maarten

ESAT-SCD

Neuropsychology Lab
Oldenburg University, Germany

n of the Neonatal EEG

De Vos Bogdan Mijovit
and Sabine Van Huffel
Department of Electrical Engineering

and IBBT ESAT-SCD and IBBT

Email: vladimir.matic@esat.kuleuven.be Katholieke Universiteit Leuven, Belgium Katholieke Universiteit Leuven, Belgium

At the Neonatal Intensive Care Units, continuous elecitephalo-
graphic (EEG) recordings are regularly performed for treeasment
of hypoxic brain injuries of newborns. Nowadays, there igradency
for the development of wireless EEG devices, that would eks® the
amount of movement artifacts and provide a comfortableosunaing
for the babies. One of the major issues is the large quarntigata
that has to be transmitted over the wireless link - approteiya
20 EEG channels with a sampling frequengis) of 256 H z. This
significantly affects the battery life, as the recordingoudti be
continuous for a period of 48 up to 72 hours. We are investigat
the applicability of the compressive sensing theory fos fhilrpose.
Therefore, finding the sparse approximation of the compkpnatal
EEG morphology is the preliminary step of this work.

INTRODUCTION

In order to provide a sparse representation of the neon&& E
signal, several bases have been explored, namely wavbBlistsete
Cosine Transform, Slepian and local cosine basis. Howewane
of these orthonormal bases have managed to provide an &ecu
approximation when retaining only a relatively low numbekr o
coefficients. It has been shown that an adult EEG signal can
sparsely approximated in an overcomplete Gabor dictiofiHrand
that compressive sensing theory can be applied for the sitiqui
process. Following the same approach, neonatal EEG reyegsin
Gabor dictionary yields to a nearly sparse decompositiowels

For the reconstruction purpose several algorithms have tested:
OMP, BP and IHT. Due to its simplicity and fast and accurat
performance with a relatively low number of measuremernitsl |
has been chosen for further experiments. The entries ofahsirg
matrix were chosen as i.i.d. Gaussian.

METHODS

1. RESULTS

OCONOUDWNE

Time (sec)

Fig. 1. The reconstruction of 13 channels of a moderatelyptexsignal
with 150 measurements (compression rbtes5)

IV. DISCUSSION

The objective of previously presented approach was to ex@ami
whether neonatal EEG can be sparsely approximated in adeadtn
dictionary. As the accuracy of the reconstruction is comedrwe
gan consider EEG as a combination of two separate parts:- back
ground EEG and structured EEG patterns. Background EEQlysua
rt%)resents ongoing, rather chaotic part of the EEG acti{btyrst
and suppression intervals) which does not posses muchriafie
features. Therefore, from clinical point of view, slightlyigher
reconstruction errors can be tolerated for these EEG segmém
the other hand, structured EEG patterns such as epileptiares
are represented either by an oscillatory EEG behaviour oreby
gurrent spike train series. Occurrences of such morphedogire
very important for clinicians and high accuracy in reconstion
is necessary. Fortunately, these EEG segments are mogitadlp
simpler and can be accurately reconstructed with smallerben of
measurements. In this work we have used a highly redundanbrGa
dictionary. As the future work is concerned, parametrictidi@ary

An overcomplete Gabor dictionary has been created with am at 4€sign should be incorporated, which will provide betténgi of the
length of 1024 samples and it consisted of 40.960 atoms. an tHime frequency plane. In that way we can obtain a dictionaith w

way, we can represent 4 seconds & 256H z) of the EEG signal,
with Signal-to-Error Ratio (SER) varying frori% to 25%, and a
Normalized RMSE (NRMSE) betweeh% and 5% using 100 to
300 measurement$.095 — 0.3 compression rate). As a preliminary
study we processed 300 EEG segments, with different number

measurements. Significant number of these segments shoevgd v

complex morphology (background EEG) for which the recargion
error was usually higher than for structured EEG patterns.

Obtained results suggest that we can accurately recon$iic
patterns with highly nonstationary dynamics with only — 30% of
measurements, whereas the structured and simpler wawzitte
can reconstruct with as little &— 10% measurements. In that sens
we can achieve a desired compression from 10 up to 30 pegeent
with respect to the reconstruction error.
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higher incoherence and with higher exact recovery conti@]. In
the sense of sparse approximation, we will investigate thesiple
application of algorithms for dictionary learning [3]. Wepe that
application of various dictionary learning techniqueslwihable us
hetter sparsification and classification of the desired EBems.
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I. INTRODUCTION as thei'™ node, ¢ = 1,..., Naara), and thek!” attribute at any

The estimation of densities iR®, given 2-D images involves the node is the density in the inter-pear volume between itfe and

_qth th _ i ;
inversion of the exercise of projection of the convolutjex) o 7(x) gs p(% .Be/?(rxsf g deir ga[z(zz)erohx()))lurlr;]dqthis \1/\’/ork7 ]v\\:;n;)t,tellrﬁbt
ko I ) k=1 ""k /* ’

of the unknown densit with a blurring or correction function . L k T
¥(x) 9 n identification of the density tree by representation in terms of

n(x), (which may or may not be an unknown), along a give . . ; S :
orientation. Herep(x) € R? is piecewise continuous but may not beseparable basis functions, the choice of which is motivated to reflect

piecewise smooth, is non-negative and bounde&FiriThe correction the smoothness that the data imposes. This case reflects the inter-
function n(x) > 0’ is in generaly : R® — R, The traditional nodal independence of attributes at the each node. We refer to

implementation of the inverse Radon transform is rather limited if tht{e".S situation as Case Itlz howevep(;, y;, 2) depends on beam
one, the set of basis functions are

orientation is not a measurable, (Panaretos 2009, Chakrabarty Zdﬁt(fiﬂlf]tlngs o;rer thgnt Lhe icher int dal d d that
Chakrabarty et. al 2008) or if there is noise in the data or, as in tEeI Separable In: but have richer intér-nodal dependence that can

application we discuss, if the underlying 3-D structure is multimoda ’e modelled using nearest-neighbour contributions, the closed-form

with the isolated modes manifesting sharp boundaries and individLESJrUtlons of which have been identified, using Stoke's Theorem from

substructure - in which case a Gaussian mixture model is insufficient. erential geometry (Case II). . . D)
. For Case |, we have the simple recursive relatlaﬁ =
We present a new methodology that allows for a non-parametric ;) @)
reconstruction ofp(x) and the heterogeneoygx) of a cuboidal k=l i _ Rl — 0, Vi The mean structure of the
slab of a given material sampl8, by performing an inversion of fhi;” n(z)dz
2-D images recorded in electron scattering experiments. hy)

Learning of 2 unknown functions from a single image is an il

ING)
posed inverse problem which in the Bayesian approach that we adpmductozﬁcZ> f:(’j) n(z)dz. The variance is the noise in the data.

here, will admit only prior-driven solutions. The situation suppletp;g jielihood'is then used to write the posterior probability for the
mented by only weak priors op(x) readily suggests enhancemen nknowns, given the data, and truncated normal priors. This high

of sparsity in t_he models an_d/or expansion of informgtion domain. H]mensional posterior is sampled from using an adaptive Metropolis-
fact, both are implemented in our methodology - we increase Spar%’—%stings (Hario et. al, 2005), to leayti, y, z) and7(z)
by invoking the inherent smoothness that is imposed by the data and T ' e '

expand information by suggesting the recording of multiple images
at multiple values of a model parameter, namely beam energy.
In the experiments, electron beams of different energigsk =

(k—1) S . ) )
|assumed Gaussian likelihood, is borrowed from this relation as the

1,...,Neng are made incident at different points @, with a
uniform distanced between thei*® and i + 1** beam pointings, .
(i =1,..., Naata) Whered is set by the relevant instrumentation. The

atomistic interactions between the beam electrons and the material
atoms causes the distribution of the electron mean-free paths to
become pear-shaped, and the pear size increases with beam energy.
In our model we approximate the pear formed at M energy, at
the_z’“‘ pointing, as a hemi-sphere centred on tHébeam_ pointing o 1 Siice thouah the” — 0 bl  the learmt density is sh

(l‘g g acg ))’ with (penetr.atlnon depth}c) equal t(_)) radlUsR()(;, V?g)k' ctlﬂlltoﬁr ploltcii th(:el;?— Z space ?o?r;ed?ﬁer:nte;muIa?endSIdétI;. S'rr?t\eNge?]Ssig/
The recorded 2-D radiation density from this peatigzi”, z3”).  estimate at the median of the inferrecd’®@redible region is showed in solid

Then lines, superimposed on the true density (in filled coluredt@mans).
RO () o
W () o ot dz [22 p(R, 2)n(z — x3,7,0)dx3]2n RAR
Ip(zy7@y7) = ) ) REFERENCES
[ 2nRdR
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where R? := (z — 29)? 4 (y — y)2, RO{" is the maximal radius 2 487, 75, 20y08. PP " PyS

of this pear. An axisymmetric geometry is assumed for the densj] H. Haario, E. Saksman & J. TammineBomputational Satistics, 20, 265,
within each pear and we assume X3 — Xs. 2005.

The 3-D desity structure that gives rise to the data discusséd Panaretos, V.M.Annals of Safistics, 37, 3272, 2009.
above, is viewed as a tree with th#' beam location identified
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Abstract—Raman spectroscopy is a powerful tool for quantitative
analysis of mixtures, it is relatively fast and sensitive and it allows to
follow the distribution of chemical species according to an evolution
parameter. Non-negative matrix factorization (NMF), in a contrained
version, is the source separation method chosen to estimate the chemical
species and their concentrations. Influence of noise level, peak shifts or
broadening are compared through Monte-Carlo simulations.

[. INTRODUCTION

For quantitative analysis of Raman spectra (Fig. 1), self-modelling
curve resolution methods [1], [2], [3] have become the standard tools
in the last 20 years. Nevertheless, the NMF approach, introduced in
other fields [4], [5], has been used for different Raman applications
during the last years such as detection of target spectrum [6] or
separation of specific markers [7].

1200
Wave number (cm't)

Fig. 1. Raman spectra mixtures

II. METHODS

The NMF problem consists in finding a factorization of a non-
negative matrix V of size F' x N with non-negative matrices W and
H of sizes F' x K and K x N, respectively:

V ~ WH (1)

In our case, K is the number of chemical species supposed to be
known here, F' the number of experimental spectra and N the number
of points per spectra. Standard NMF approach takes into account
the non-negativity constraints of the data but the non-unicity of the
solutions is a issue. Sparseness of the sources can be controlled as
presented in [10]. Integrating additivity and non-negativity constraints
can be solved using a bayesian approach if computational time is not
a constraint [9]. In the present case, a constrained version of the
original NMF is used using the formalism in [8]. Given a matrix V,
the problem is finding an approximation with non-negative matrices
‘W and H by minimizing a cost function such as

f(W,H) = ||V — WH|]? + aJ; (W) + 8J2(H) )

As pure spectra of chemical species were available, they were used
for the inizialiation of W which is crucial. Nevertheless, these spectra
do not always match with the experimental spectra of each species
in the mixture solutions. Thus, a smooth regularization is ensured by
setting J1 (W)) = Dq||W — Wp||? following approaches in [8], [7].
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III. RESULTS

The use of a constrained version NMF allowed to obtain more
robust results (compared to standard NMF even in the case of specific
initialization of W) for both spectral sources and concentrations
(Fig. 2), through different Monte-Carlo simulations on noise level,
peak shifts or broadenings.

Fig. 2. Left: Pure (initial) reference spectra, corresponding to the columns
of W. Right: Mean estimated concentration evolutions (lines of H) with
associated standard deviations for each species, in the case of shifted peaks.

IV. CONCLUSION

With constrained NMF, a more robust quantitative analysis for
Raman spectra is achieved. Use of chemical knowledge (such as
additivity) on the concentration laws should further improve the
accuracy of the method.
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Abstract—We present a new approach to image segmentation based
on sparse coverings of the image domain by shape templates. The basic
idea is to formulate the segmentation problem as a sparse representation
problem, utilizing new mathematical tools from 11-minimization and
compressed sensing.

METHODS AND RESULTS

Given a large set of shape templates and a pre-segmentation, we
are required to segment a noisy image where objects may overlap by
taking into account prior knowledge about the shape of the objects
and their parts. The parts may be partially occluded and the location
and nature of occlusion is unknown. This can be modeled as a sparse
error that affects only a few pixels in the input image while the “true”
segmentation is represented as a sparse linear combination of the
entire shape-templates training set.

Unfortunately, the shape dictionary - built by stacking all the
training shapes and their translations to all pixel positions as column
vectors - is not incoherent, but a truly redundant dictionary. As a
consequence, all currently available theoretical recovery conditions
predict a poor performance of the 11-minimization approach (i.e. exact
recovery in the coefficient domain). However, we show empirically,
see Fig. 2, that accurate recovery is possible for moderate sparsity of
the basic templates and dense errors, similar to the work in [1].

We discuss the implications of these results on our application, and
illustrate our approach on real world images, see Fig. 1, by numerical
examples that employ large-scale convex programming.
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Fig. 1. Separating chain links from the background and from each other
by convex optimization in terms of a sparse covering of the image by
shape templates. The dictionary of shape templates was generated from four
templates by translation, rotation and scaling. The approach presented in this
work copes with a significant amount of overlapping templates and occlusion.
Left to right: Original image, pre-segmentation using a thresholded distance to
the color red as foreground indicator, shape templates used for segmentation,
and the final result.
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Fig. 2.  The three templates (leff) together with their translations build a
dictionary. The true segmentation consisting of a sparse covering with only
a few templates is recovered exactly. Recovery performance for increasing
density of the error (including both salt and pepper noise and occlusion)
improves with increasing image resolution (right).
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I. ABSTRACT

Distributed source coding (DSC)/compression, pioneered by
Slepian and Wolf [1], and Wyner and Ziv [2] in 1970’s,
is an important topic of signal processing and information
theory. DSC exploits the correlation of the input data by
different nodes to reduce the transmission rate. In many cases,
the coding can be as efficient as if the sensors were co-
located and performed joint encoding. Compressed sensing
(CS) [3], [4] has gained significant interest in many theoretical
and applied areas because it permits simultaneous sensing
and compression. Lately, a new framework called distributed
compressed sensing [5], [6] has been introduced to exploit both
intra- and inter-signal correlations of the distributed signals
from a CS approach. The technique resembles DSC in both
problem formulation and applications.

Since distributed CS is an analog technique, a fundamental
open question is to find the best source coding scheme for
the distributed CS samples. As a first step towards answering
this question, this paper presents some initial results on
distributed source coding in this context by exploiting the
correlation among the CS samples at different sensors. The
whole architecture of our system consists of two parts, which
are distributed CS using the Toeplitz sensing matrix and DSC
using nested lattices. The framework is depicted in Fig. 1.

The correlated sources are first processed separately using
CS. Then the samples are sent into the second stage for
DSC. After transmission through the lossless channel, at the
receiver is the joint source decoder followed by CS recovery.
We mostly use Wyner-Ziv coding [2] based on the nested
lattice scheme, where only one source is encoded lossy and
transmitted to the decoder, and the signal is reconstructed with
a fidelity criterion under the assistance of the side information
which is the other signal.

Extensive simulations have been carried out to examine
the reconstruction performances of different images. For il-
lustration purposes, we only present here the recovery re-
sult of a tank image “tankl”, while our conclusions drawn
are applicable to other input sources. The image size is
150 x 330 = 49500 pixels. And we use another image “tank2”,
which is slightly different as the side information for jointly
decoding. The reconstruction result is shown in Fig. 2. The

Lu Gan
School of Engineering and Design
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Email: lu.gan@brunel.ac.uk

compression rate of CS is 20% in this simulation. Of course,
higher sampling rate means better recovery performance. The
result (c) shows that the original image can be recovered with
acceptable PSNR.

X1 Compressed Wyner-Ziv o Wyner-Ziv :
Sensing Encoder ”|  Decoder ! X' X2
L Distributed || A1, %2
Side T ’—b CS Recovery _>
X2 Compressed Information i
"] Sensing
Encoder Decoder
Fig. 1. Distributed CS based Wyner-Ziv coding.

(b) Side Information

(a) Original

(c) Recovery, PSNR 31.3

Fig. 2. (a) Original image “tank1”. (b) Side information image “tank2”. (c)
Recovery result of proposed Wyner-Ziv Distributed CS. (d) The error between
original image and recovery result.
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I. INTRODUCTION

Underdetermined speech separation is a challenging problem that
has been studied extensively in recent years. A promising method to
this problem is based on the so-called sparse signal representation.
Using this technique, we have recently developed a multi-stage
algorithm [1], where the source signals are recovered using a fixed
dictionary obtained by e.g. the discrete cosine transform (DCT). In
this abstract, instead of using the fixed dictionary, we present three
methods for training adaptive dictionaries for the reconstruction of
source signals, and compare their performance.

II. STRATEGIES FOR TRAINING THE ADAPTIVE DICTIONARY

Following our previous work [1], here we propose a separation
system depicted in Figure 1 for the case of four sources and two
mixtures. In this system, the mixing matrix is estimated in the
transform domain by a clustering algorithm as in [1]. However,
different from [1], the source signals are reconstructed from multiple
adaptive dictionaries with each obtained by one of the alternative
training strategies described below.

In the first strategy (STD), for each source, we train a dictionary.
Therefore four different dictionaries are trained from the four original
sources respectively. They are then combined to form a single
dictionary matrix for separating the source in the following stages.
In the second strategy (ESTD), the dictionaries are learned from the
coarsely estimated sources which can be obtained, for example, from
the traditional DCT based separation method as decribed in [1]. In the
third strategy (MTD), a single dictionary is directly learned from the
mixtures. In the upper part of Figure 1, the ESTD method is depicted.

es N S l -
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Fig. 1. The flow chart of the proposed system for separating four speech
sources from two mixtures.

Firstly the sources are estimated from the mixtures by using e.g. the
DCT. Secondly, the dictionaries are learned from these four coarsely
separated sources, whose atoms are then used to reconstruct the
sources at the second separating stage. In the dashed box, dictionary
learning based on the MTD method, i.e. directly from the mixtures, is
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illustrated. For the clustering and separating stages, the same method
as in [1] has been used. In all the three dictionary learning strategies,
the K-SVD algorithm [2] was used to obtain the dictionary atoms.

ITII. EXPERIMENTAL RESULTS

In this section, we evaluate the proposed algorithm by performing
the experiments using four speech sources in the TIMIT database,
which are English male (EM), English female (EF), Japanese female
(JF) and Chinese female (CF) speech respectively. The sources have
a duration of 5 seconds, sampled at 10 kHz. For objective quality
assessment, we use the two global performance criteria defined in the
BSSEVAL toolbox [3] to evaluate the estimated source signals, which
are the signal to distortion ratio (SDR) and the source to interference
ratio (SIR),

Based on the estimated mixing matrix obtained from the clustering
stage, we can recover the four speech sources using the DCT dictio-
nary and the adaptive dictionaries based on the STD, ESTD and MTD

methods. The results are presented in Table I and II. From these
DCT STD ESTD | MTD
EM speech | 7.59 9.89 6.93 -1.41
EF speech | 9.53 | 11.44 | 9.26 3.54
JF speech 2.73 7.38 2.13 -4.22
CF speech | 14.59 | 15.05 | 14.13 8.91
TABLE I
SDR (IN DB) MEASURED FOR EACH ESTIMATED SPEECH SOURCE.
DCT STD ESTD | MTD
EM speech | 14.23 19.47 14.49 2.81
EF speech | 11.35 | 3049 | 11.35 5.25
JF speech 6.07 22.21 5.97 -2.12
CF speech | 18.12 | 25.89 | 18.34 | 12.50
TABLE II

SIR (IN DB) MEASURED FOR EACH ESTIMATED SPEECH SOURCE.

tables, we can observe that the sparation performance using STD
trained dictionary is considerably better than using the DCT dictioary.
Using the ESTD trained dictionary, the results are close to the DCT
dictionary. However, it is difficult to obtain good results by using the
dictionary learned from the mixtures, i.e. the MTD method. These
results suggest that the properly learned dictionaries outperform the
fixed dictionary in underdetermined speech separation.
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Abstract—Motivated by experiments with our homebuilt com-
pressive imaging system, we numerically explore subsampled circu-
lant matrices for compressive imaging, imaging based on the theory
of compressive sensing, to show that different constructions of such
matrices have distinct phase diagrams in so-called ‘“undersamping
phase space.”” Such an investigation will be useful for guiding
principles of instrument design where hardware constraints must
be balanced with instrument performance.

[. INTRODUCTION

Recent work has detailed the promise and theory of circulant
matrices as one possible strategy in compressive sensing [1],
[2], where generally one is interested in solving an intentionally
underdetermined system of equations represented by y = ®x.
Here y are our observations, which in an optical system is
a voltage registered digitally from an analog photodetector
that converts light intensity to a correpsonding electric po-
tential. Each individual measurement can be represented as
yi = (¢s, ), where ¢; is the ith reshaped row of ® and x is
the scene to be imaged [3]. Following the formalism of [1],
we have constructed our measurement matrix ¢ by taking m
rows from an N X N circulant matrix ®°, or mathematically,

1
VM
where Rg selects M rows from ®° according to the index
set Q C {1,2,...,n} with cardinality equal to the number
of measurements |Q2] = M. In this work we show that
for circulant matrices generated by a Bernoulli seed vector
with entries from {0,1}, there is a marked difference in
the performance of such subsampled circulant measurement

matrices depending on the method for selecting the index set
Q.

o = Ra®°, M

II. SUMMARY OF INVESTIGATION

During initial tests with random circulant matrices in our
homebuilt compressive imaging system, we noticed that images
taken with Q built sequentially, i.e. Q@ = {1,2,3,..., M}, are
lower quality than those taken with measurement matrices ®
built from randomly chosen indices in 2. Recently Donoho and
Tanner presented a method for empirically testing where in so-
called “undersampling phase space” a certain reconstruction
algorithm with specified measurement ensemble transitions
from low probability of success to high probability of success
[4]. We apply this method to our specific case of subsampled
circulant matrices as measurement ensembles. With the CVX
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convex optimization package [5], we solve both the noiseless
basis pursuit and linear program problems over many points
in undersampling phase space to explore the differences be-
tween the phase diagram for randomly subsampled circulant
matrices the phase diagram for sequentially subsampled cir-
culant matrices. We chose CVX for initial tests becuase it is
suitably robust whereas iterative solvers we tested failed. We
performed at least 28 trials on 15,876 evenly spaced points
(6 = M/n,p = k/M), where N is the length of the signal,
m is the number of measurements, and k is the sparsity of
the signal (see Figure). We further discuss the implications for
instrument design in general.

]
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(a) Sequentially subsampled (b) Randomly subsampled

Figure: Phase diagrams from solving BP with sequentially and
randomly subsampled circulant matrices with Ny,.;q;5 > 28.
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Abstract—Motor imagery based Brain Computer Interface (BCI)
systems provide a new communication and control channel between the
human and an external device with only imagination of limbs movements.
Because Electroencephalogram (EEG) signals are very noisy and non-
stationary, powerful classification methods are needed. We propose a new
classification method based on sparse representation of EEG signals and
ell-1 minimization. This method requires a well constructed dictionary.
We show very high classification accuracy can be obtained by using our
method. Moreover, our method shows improved accuracy over a well
known LDA classification method.

I. INTRODUCTION

Motor imagery based EEG signals are very sensitive to noise and
artifacts, for example caused by unwanted eye movements. Thus,
powerful signal processing methods are needed. In this paper, we
are interested in developing a new classification method for the BCI
system. Using right hand 'R’ and foot ’F’ of motor imagery data sets,
we propose a new sparse representation based classification (SRC)
method. The SRC method is motivated from compressed sensing (CS)
theory. SRC works by finding a sparse representation of the test signal
in terms of the training signals included in the dictionary. To make a
proper dictionary, we use a common spatial pattern (CSP) which has
distinguishable property for different classes. CSP is a powerful signal
processing technique suitable for EEG-based BCI system [1]. After
CSP filtering, We use sensorimotor rthythms (Mu and Beta rhythm)
as a feature of BCI system [2].

II. METHODS

Let N; be the total training signals. We define a dictionary matrix
A, = [a;1,a2,...,a;n,] forclass i = R, F, where each column
vector a € R™*! is obtained by CSP filtering, FFT of the time
domain signal in a training trial. By combining the two matrices, we
form the complete dictionary, A := [Ag; Ar]. We apply the same
procedure done to obtain the columns of the dictionary to the test
signal. Then, this test signal can be sparsely represented as a linear
combination of some columns of A. We can represent this as a matrix
algebraic form: y = Ax.

We use certain FFT coefficients (Mu and Beta rhythms) as a fea-
ture, and the linear equation becomes under-determined (m < 2/Ny).
CS theory has shown that the ell-1 norm minimization can solve this
under-determined system well in polynomial time [3]. Unlike the
conventional ell-2 norm minimization, the ell-1 norm minimization
gives a sparse representation result. In this study, we use the basis
pursuit method, one of the standard linear programming methods [4].

ITI. RESULTS

We have analyzed five data sets, which have same 140 trials for
each class. Figure 1 shows the SRC classification accuracy of all sub-
jects. We can see the SRC method shows good performance when the
number of training signals is large enough. For all subjects, average
accuracy grows when the number of training signals increases.

Average accuracy %

—A—ay
50 . L
105 110 115 120 125 130 135 140
Training trials

Fig. 1. Average accuracy of SRC with different number of training signals

IV. CONCLUSIONS

We apply the idea of sparse representation as a new classification
method to the motor imagery based BCI. The sparse representation
method needs a well designed dictionary composed of training data.
We use the CSP filtering and the FFT to produce the columns of
the dictionary. We have shown that a good classification result can
be obtained by the proposed method. In addition, we have compared
with the conventional approach such as linear discriminant analysis
(LDA) method, which is well known for robust performance for the
BCI system. Our result shows proposed method better than LDA.
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Abstract—In this paper, we propose a new compressive sensing
framework for sensor networks. Unlike the conventional approaches, we
consider the design of sensing matrix with the prior knowledge of the
channel between the signals and the sensors. We determine that full
or partial knowledge of the channel at sensors enables effective sensing
matrix design and supports a good signal recovery. We discuss some of
our key results and scope for our future research.

Index Terms—Compressive Sensing, Sensing matrix, Sensor networks.

[. INTRODUCTION

Compressive sensing (CS) is an emerging signal acquisition tech-
nique that recovers a sparse signal from few linear measurements [1].
Due to its popularity, CS is currently applied in many areas such as
coding, signal processing and wireless sensor networks [2]. In this
paper, we present a new CS framework for wireless sensor networks.

We consider a sensor network consisting of S sensors connected
to a centralized fusion center. Each sensor measures a desired sparse
signal and then compresses the sensed signal using a sensing matrix.
The compressed measurements from different sensors are sent to the
fusion center for joint recovery of the sparse signals. Unlike the
conventional framework [3], we consider realistic scenarios in which
there exists channel between the signal to be sensed and the sensor,
such as in underwater acoustic systems and seismic sensor systems.
We observe that the signals thus acquired have a lot of redundancy
which can be handled efficiently by the proper design of sensing
matrices using the prior knowledge of the channel.

In this paper, we consider a wireless sensor network having S
number of sensors deployed at random locations. Let s denote an
K -sparse signal of length N (K < N). The signal received at the
j-th sensor can be modeled by x; = C;s, where C; is an (N + L —
1) x N matrix which models the delay dispersed channel between
the intrinsic source to the j-th sensor. The sparse signal at the j-th
sensor is then compressed by an M x (N 4+ L — 1) random Gaussian
matrix F} [1] to obtain the linear measurement y; = F;x;. The joint
received vector obtained at the fusion center can then be modeled as

y=FCs+n )

where y = [y],--- ,y%]”, F is a block diagonal matrix with Fjs as
the diagonal entries and C' = [CT --- CZ]". The goal of the fusion
center is to recover x;s and the intrinsic sparse signal s, from y.
One of the key challenges in our framework is the design of a good
sensing matrix at each sensor. With the existence of the channel, the
conventional Gaussian sensing matrix in (1) may not be enough to
capture the maximum information because the sensing matrix design
now has to depend on the characteristics of the channel. Therefore,
we would like to utilize the channel information in the sensing matrix
design. If the channel matrix C; is exactly available at the j-th sensor,
then one would like design the sensing matrix F; based on Cj. At
the fusion center we reconstruct the sparse signal by L1 minimization
with the recovery matrix A = F'C. The incoherence of A, which
should be low for good signal recovery, now depends on Cjs. Our

Email: {heungno,oliver} @gist.ac.kr *Corresponding Author

aim is to design good sensing matrices Fs based on the exact or
partial knowledge about Cjs such that the recovery matrix A behaves
incoherently. In addition, it would be interesting to investigate the
minimum measurements required for either exact or approximate
recovery of the sparse signals under this realistic conditions.

II. DISCUSSIONS

We have carried out a preliminary investigation to determine the
number measurements needed at the fusion center for exact signal
recovery when the channel is known. Our preliminary study exposes
a few surprising results obtained by incorporating additional channel
information for sensing matrix design. Unlike the conventional theory
which demands O(k log N') measurements for the unique L; solution,
we show that, only sub-sparse measurements from each sensor is
needed to obtain perfect L, signal recovery at the fusion center. This
achievement is possible since we properly use the available channel
information for signal acquisition. From our preliminary studies we
found that as the number of sensors increases, the measurements
needed for a given probability of recovery decrease.

III. CONCLUSIONS AND FUTURE WORK

In this paper, we have proposed a compressive sensing framework
with application to wireless sensor networks. In our framework, we
have considered the design of sensing matrices to obtain a low
coherent recovery matrix by making use of the prior knowledge of
the channel. We would like to proceed in the following directions for
our future research:

o Given the channel matrices Cjs exactly or partially, how to
design good sensing matrices Fjs such that A is incoherent?

o What is the relationship between the channel parameters and the
coherence of the recovery matrix?

o What is the condition for the unique Lo solution? How is this
condition related to the channel parameters?

« What is the equivalence relation for the existence of the unique
L solution? How does it depend on the channel parameters?

« What is the restricted isometry property (RIP) in this practical
situation?

« How much information can we obtain from a sensor network
given coverage and sensor density?

o How does the correlation among the sensors affect the informa-
tion obtainable from the network?

Acknowledgement: This work was supported by the National Research
Foundation of Korea (NRF) grant funded by the Korean government (MEST)
(Do-Yak Research Program, NO. 2010-0017944)

REFERENCES

[1] Richard Baraniuk, “Compressive sensing,” [EEE Signal Processing
Magazine, vol. 24, no.4, pp. 118-121, 2007.

[2] Emmanuel Candes and Michael Wakin, “An introduction to compressive
sampling,” IEEE Signal Processing Magazine, vol. 25, no.2, pp. 21-30,
2008.

[3] M. E. Duarte et al, “Distributed compressed sensing of jointly sparse
signals,” in Proc. of 39-th ACSSC, CA, November 2005.

105



Sparse Phase Retrieval

Shiro lkeda Hidetoshi Kono
The Institute of Statistical Mathematics, Japan Atomic Energy Agency,
Tachikawa, Tokyo 190-8562, Japan Kizugawa, Kyoto 619-0215, Japan
shiro@ism.ac.jp kono.hidetoshi@jaea.go.jp

Coherent X-ray Diffraction Imaging (CXDI) is a technique filne  be the number of the photons detected(afv) of the detector.
2-dimensional (2D) and 3D reconstruction of nanoscalecsiras. It is natural to assume eaclV,, follows a Poisson distribution
The detector receives the photons scattered by the objetideally, independently,
the diffraction pattern gives the power spectrum of the tebec |y |20
density. Since we are only provided the power spectrum aed th p(N|F)=p(N|f) =[] ==
phase is lost, we need to retrieve the phase in order to reoohs uw
the structure from the diffraction image. where, N = {Nu}, F = {Fuw}, f = {fzy}, and the fact

Let fzy, > 0 be the electron density of a molecule projected onto B is a deterministic function off was used. Assuming a sparse
2D plane. We consider the discretized coordinatey = 1,--- , M prior of f asn(f) [ 1., exp(—pay foy), Where pz,, € Ry, we
and ideal diffraction pattern i$F (u,v)|*> where, F(u,v) is the compute the maximum a posteriori (MAP) estimator, and th& SP

exp(—|Fu[*)
Nuyo! ’

@)

Fourier transform off (z, y) as follows, method computes the MAP estimate for the density recortairuc
o 1 Z foex (2m(ux + Uy)> O The estimatef is the maximizer of the following function,
uv — M - Ty p M .

UFINY =" (Nuw In [Foun|* = [Fuol*) = pay fuy-
uv Ty

A widely used phase retrieval method is the hybrid inpupatt ] ] i
(HI0) method [1], [2]. The HIO method set a support region andhe sparse prior automatically sets many entriesfoéqual to0
assumef., = 0 outside the support and estimate the phase with #¥thout specifying the support region and the sparsity ipigted
iteratively process. It effectively solves the problem fagh signal- by modifying p..,. Figure 2b shows the density reconstructed by the
to-noise ratio measurements. SPR method. Compared to the HIO method, the SPR method gives

Recently, a new type of coherent beam, x-ray free electrserta better resglts ur_1der thg noise. This is a new promising timedor
(XFELS), became available. This new technology can patéiptpro- Phase retrieval in practice.
vide a novel mean to determine the three-dimensional (3Dyistre REFERENCES
of biomolecules from the diffraction data of single molexsiinstead ) . ) ) . .
of conventional crystallography [3], [4]. One of the crugigocesses [1] J. Fienup, “Reconstruction of an object from the moduidists Fourier

. y, g p Y 1] 14]. 8 qoe0 transform,” Optics Letters, vol. 3, no. 1, pp. 27-29, 1978.

of single molecule imaging is the phase retrieval from a weak [2] J. Miao, D. Sayre, and H. Chapman, “Phase retrieval frbenrhagnitude

diffraction due to the "single” molecule. Figure 1a showsrawated of the Fourier transforms of nonperiodic objectd,”Opt. Soc. Am. A,
electron density of a biomolecule. If the power spectrumbitaimed vol. 15, no. 6, pp. 15?2—|1669, 199?- . ) "
as in Fig. 1b, the HIO method will successfully reconstrie gD 2] D- Sayre, "Prospects for long-wavelength X-ray miciasg and diffrac-
. . . . tion,” in Imaging Processes and Coherence in Physics, ser. Springer
density. However, the simulated result of the diffractiattgrn would Lecture Notes in Physics, M. Schlenket,al., Eds. Berlin: Springer,
not be any better than Fig. 2a. The diffraction image is seyhtiat 1980, vol. 112, pp. 229-235.
the HIO method does not even converge. [4] K. Gaffney and H. Chapman, “Imaging atomic structure alyhamics
BER with ultrafast x-ray scattering,Science, vol. 316, pp. 1444—-1448, 2007.
Hﬁ“;’ Vée [:;ropose. a .neW ar.]pproacf;,éme spt’slrsedphasehri(;tﬂl b ) ( [5] S.lkeda and H. Kono, “Phase retrieval from single bioecole diffraction
met.o [5], for retrieving phases o l raction data w ' e pattern.” 2011, arXiv:1101.1442.
obtained by XFELs. Instead of assuming the support regi@use [6] R. Irwan and R. G. Lane, “Phase retrieval with prior infation,” J. Opt.
the Bayesian statistics as in [6], employing a sparse plieir.N.,., Soc. Am. A, vol. 15, no. 9, pp. 2302-2311, 1998.

(a) Electron density of lysozyme. (b) Ideal diffraction pattern. (a) Simulated diffraction pattern. (b) Reconstructed density.

Fig. 1. (a) 2D electron density of a protein, lysozyme. (b) illeal 2D Fig. 2. (a) A simulated diffraction image of lysozyme underealistic
diffraction image of lysozyme without noise. situation. (b) A reconstructed density images with SPR oukth
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Abstract—In this paper, we propose different prior modelling for
signals and images which can be used in a Bayesian inferencppeoach
in many inverse problems in signal and image processing wherwe want
to infer on sparse signals or images. The sparsity may be dicfly on the
original space or in a transformed space. Here we consider ilirectly on
the original space (impulsive signals). These models aretleér heavy tailed
(Generalized Gaussian, Weibull, Student-t or Cauchy) or miture models
(Mixture of Gaussians, Bernouilli-Gaussian, Bernouill-Gamma, Mixture
of translated Gaussians,..). Depending on the prior modeletected, the
Bayesian computations (optimization for the Joint Maximum A Posteriori
(MAP) estimate or MCMC or Variational Bayes Approximations (VBA)
for Posterior Means (PM) or complete density estimation) mg become
more complex. We propose these models, discuss on differepbssible
Bayesian estimators, drive the corresponding appropriatelgorithms, and
discuss on their corresponding relative complexities and grformances.
We then show some simulation results of the application of thse methods
to a deconvolution problem and to a sources separation of spse signals.

|. INTRODUCTION

of two Gaussians (MoG2), Bernouilli-Gaussian (BG), Beiitisu
Gamma (BGamma), Mixture of three Gaussians (MoG3) and Mextu

of one Gaussian and two Gammas (MoGGammas). Some of these

models are well-known, some others less. In general, we leasify
them in two categories: i) Simple Non Gaussian models witivipe
tails and ii) Mixture models with hidden variables which ultsto
hierarchical models.

Depending on the prior model selected, the Bayesian coripisa
(optimization for the MAP estimate or MCMC or VBA for EAP or
complete density estimation) may become more complex. ébensl
main objective of this paper is to discuss on the relativeperities
and performances of the algorithms obtained with the preggsior
law.

The rest of the paper is organized as follows:

In section Il, we present in details the proposed prior moaeld
discuss their properties. For example, we will see that tiuelet-t
model can be interpreted as an infinite mixture with a vagdndden

variable or that the BG model can be considered as the demgener
case of a MoG2 where one of the variances go to zero. Also, We wi
examine the less known models of MoG3 and MoGGammas where
the heavy tails are obtained by combining a centered Gaussid
two large variance non-centred Gaussians or Gammas.

In Section lll, we examine the expression of the posteriarsla
that we obtain using these priors and discuss then on coityplex
8f the Bayesian computation of the algorithms. In partictita the

In many generic inverse problems in signal and image prowgpss
we want to infer on an unknown signgl¢) or an unknown image
f(r) through an observed signgls) or an observed image(s)
related between them through an operatérsuch as convolution
g = h = f or any other linear or non linear transformatign= Hf.
When this relation is linear and we have discretized the lpropwe
arrive to the relationg = H f + e where f represents the unknowns,

g the observed datg, the errors of modelling and measurement anmlxture models, we give details of the joint estimation of tignal

HtThhe rréatrlx .Of thefsystem responsE.th is based th ‘ and the hidden variable as well as the hyperparametersnipsees
law: € bayesian inference approac en 1s based on he moSIeRt ihe mixtures and the noise) for unsupervised cases. licpkar,
(9]f,61)p(£162)

P we examine the relative performances of MCMC and Variationa
,01,02) =
p(flg,61,62) 2(9101.05)

Bayesian Approximation (VBA) methods.

In Section 1V, we compare the performances of these algostim
wherep(g|f, 01) is the likelihoodp( f|62) the prior model(01,02) signal deconvolution, image restoration and Blind SouBsgsaration.
are their corresponding parameters (often called the pgpemeters  As a typical simulation result, we generated first a sigfiéd)
of the problem) angh(g|6+, 62) is called the evidence of the model.using the BG model with parameteis= .1,v = 10 over N = 200

One of the main steps in the Bayesian approach is the prig@mples. Then, we generated a P& with a Gaussian shape over
modelling which has the role of translating our prior knosge on L = 11 samples which is used to generate the observed giaja=
the unknown signal or image in a probability law. Sparsitpie of h(t) * f(t) + €(t) with a Gaussian noise(t) with variancev. = .5.
the prior knowledges we may translate. The main objectivéhisft We then used these data with different algorithems to egtinfia
paper is to see what are the different possibilities. noted f and when needed the hidden variablesnotedz and the

The second main step in the Bayesian approach is to do th¢perparameterd noted@. We then comparef with f, z with z
computations: either optimization when the Maximum A pdste andé with 6.

(MAP) is selected or numerical approximations such as MCMC o Finally, in section V we show some applications. More detail

1)

the Bayesian Variational Approximations (BVA) when the Egfed
A posteriori (EAP) estimation is selected or when we wantqo@e
the whole posterior probability law.

In this paper, we propose different prior modelling for sitn

results will be on the final paper. A draft version is avaialin
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I. SPARSE TOTAL LEAST SQUARES

Consider the linear system Ax = b, with A € R™*", b € R™.
Its total least squares (TLS) solution is given by

min (2 £)]r "
st. (A+E)xz=b+f

The solution results by taking [E f] as the matrix with smallest
Frobenius norm that added to [A b] makes the result singular. As
such, it is related to the smallest singular value of [A b]: at optimality
we have [|[E fl[|r = omin([A b]).

Assume now that we search sparse TLS solutions & € R" to
Ax = b, having at most s nonzero elements (||«||o = s). In principle,
the sparse TLS problem can be solved in two steps.

1. Selection of nonzero elements. If Z is a set of s indices (the
support), then denote £z € R the vector of nonzero elements of
x (and assume the other elements are zero) and Az € R™*® the
matrix formed by the columns of A with indices in Z. The support
of the sparse TLS solution with s nonzeros is given by

mIin Omin([Az b])

2
st. |Z|=s @

2. Once the support is determined, the solution a7 results from
solving the standard TLS problem (1) with Az instead of A.
Problem (2) is hard; it can be solved exactly only by enumeration.

II. PREVIOUS WORK

To the best of our knowledge, the sparse TLS problem is discussed
only in [1], where applications are also presented. Sparsity is pro-
moted by replacing the criterion of (1) with ||[E f]||% + Az
The problem is not convex and an algorithm based on alternating
coordinate descent is proposed in [1].

The sparse TLS problem can be related to the computation of the
lower restricted isometry property constant associated with a matrix
D, which is the smallest 53" such that (1 —d5"™)||ly||3 < || Dyl|3,
for all vectors y with ||y|lo = p. This amounts to finding the p
columns of D that form a matrix whose smallest singular value
is minimum. In the sparse TLS case, we have D = [A b] and
p = s+ 1, but b must always be one of the selected columns. The
greedy algorithm from [2] is hence applicable, starting with b and
then searching for s columns of A in the attempt of solving (2).

III. PROPOSED GREEDY ALGORITHM

The structure of the proposed greedy algorithm is

Input: A, b, s
l.forj=1:n
1.1. Z = {j}
12.fori=2:s
1.2.1. find "best” column ay, k € T
1.2.2. increase support: Z <+ Z U {k}
1.3. compute v; = Tmin([Az b])
Output: support Z that gives the smallest v;

Note that all columns of A are tried for the first position in Z, but
the other positions are filled using the standard greedy strategy. For
the ”best” column selection in 1.2.1 we have used three heuristics.
Two are known (but have been used in a different context in [2]):
i) minimum singular value (MSV): the column k& ¢ Z for which
Omin([Azugky b]) is minimum; ii) the choice from [2]. MSV is very
slow and is used mainly for reference.

The third heuristic, named SAS, is our contribution and consists of
choosing the column that makes the smallest angle with the subspace
generated by the already selected columns and b. Denoting Sz =
Im([Az b]) the "best” column is found by

projs, ae
llac|

The projection of a column on Sz can be computed easily if a partial
QR factorization (7 is the complement of 7)

RP}

3

k = argmax,,;

“

Qb A As] = [ 0 §

is available at iteration 7 of step 1.2, where R € R**%, i = |Z|+1, is
upper triangular and @ is orthogonal. After the orthogonal transfor-
mation, the matrix P contains the projections of columns a¢, ¢ € Z,
on Sz (while S contains the components orthogonal on Sz). Hence,
the “’best” column is that for which ||p¢||/||@¢|| is maximum.

The SAS greedy algorithm for TLS can be organized as a QR
factorization with pivoting. The complexity of step 1.2.1 is O((m —
1)(n — 1)), similar to that of the algorithm from [2].

IV. RESULTS

As a sample of our simulations, the table below shows the final
value omin([Az b]) averaged over 100 systems generated with
m = 100, n = 300. For each sparsity s, a solution x with ||x||o = s
is generated with elements from A(0,1); A has elements from
N(0,1/n) and b = Aw. Ideally, a sparse TLS algorithm should
solve (2), getting omin([Az b]) = 0; a nonzero value means that
only an approximation has been found. The results show that for
relatively low values of s, SAS is better or as good as other methods.
Simulations with noise added to A and b have a similar relative
behavior. In a simple Matlab implementation, the execution time is
3-5 times larger than that of [2].

s | 5 10 15 20 25 30
MSV [ 0 0 00107 00353 0.083 0.1039
[2] 0 0 00100 00339 0.1072 0.1225
SAS 0 0 0 00078 0.0495 0.1205
[11 | 0.0001 0.0127 0.0423 0.0686 0.0887 0.1086
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Abstract—Super-resolution is always referred to be able to recover
the object’s Fourier transform spectrum exceeding Rayleigh resolution
limit [1]. In some practical imaging problems, super-resolution is possible
by taking advantage of priori knowledge of the object. Sparsity priori
has long been considered in the efforts of super-resolution. It allows for
exact image recovery from a number of samples much smaller than that
required by the Nyquist/Shannon theorem, and is therefore expected to
realize super-resolution recovery [2], [3], [4], [S]. CS, as a mathematical
algorithm, is developed following mathematical interests and the recovery
conditions are based on mathematical concepts. While Super-resolution,
as a concept of imaging technique, calls for physical conditions, which
imposes more priori information besides sparsity. In this paper, we impose
sparsity together with other priori based on physical scheme and focus
on the super-resolution behavior. This helps to relate the mathematical
theorems to the physical quantities and makes good sense to the practical
applications.

I. INTRODUCTION

In this paper, we consider simple sparse discrete object composed
of several spikes which can take positive and negative values. This
corresponds to the objects that carry both amplitude and phase
information. Our imaging system is a simple 4-f scheme with a
diaphragm of varying size on the Fourier spectrum plane which
determines the optical resolution of the scheme. The measurements
are also taken on the Fourier plane but are restricted to the area inside
this diaphragm, which imposes another priori about sampling. From
the point of imaging technique, there’re two problems we care most.
One is that given an imaging scheme, what kind of object can we
recover. The other is given a sort of object, how to design a scheme
that is able to recover it.

From the theoretical point of view, without loss of generality, the
measurements could be set equispaced on the Fourier plane with
separation equal to Nyquist sampling interval. Consequently, for a
certain imaging scheme, there will be a fixed corresponding sensing
matrix. Through analyzing the sensing matrix, it’s possible to know
the condition that guarantees the successful recovery and furthermore
to classify the recoverable and unrecoverable objects. There’re actu-
ally several theorems [2], [6], [7], [8] presenting conditions for the
success recovery. These conditions can be classified into two groups
[6]: one is for the uniqueness of the solution to Ly minimization; the
other is for that the unique solution to L; minimization (Basis Pursuit,
BP) is equivalent to the solution to Lo minimization. Comparisons
are taken between these two groups to show that based on the same
band-limited measurements, the different super-resolution behavior
between the ideal optimized recovery (Lo minimization) and the
compromised but costless result (L1 minimization).

From the practical point of view, to design or improve an imaging
scheme, the matrix analysis above should be discussed together with
other physical concepts, such as diffraction limit, super-resolution
factor and Signal-to-Noise Ratio (SNR) et al.. For example, one
important parameter to analyze the sensing matrix is its mutual
coherence, which, in our scheme of low-pass system, is always
related to the physical mutual coherence between two adjacent pixels,
and further related to the diaphragm size, the diffraction limit and

super-resolution factor. This kind of connections between physical
and mathematical concepts bring advantages to imaging applications,
because it’s generally more convenient to measure the physical
quantities than to analyze a matrix. And by combining those recovery
conditions with physical concepts, it helps to figure out the ultimate
limit of the super-resolution for certain object.

We also analyze the influence of quantum fluctuations on super-
resolution behavior. It has been shown that when taking another priori
knowledge of the object (i.e. the object is finite), the ultimate limit of
super-resolution is determined by the SNR in the imaging scheme [9],
[10], [11]. However, if we take the priori of sparsity, the ultimate limit
role seems to be replaced by other forms of Uncertainty Principle
[2], [12]. In our simulations, we control the SNR by changing the
light intensity on the object. And it’s shown from both theory and
simulation that the quantum fluctuations influence less on super-
resolution when using the sparsity priori.In this paper we shall give
the results of our simulations.
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Abstract—We present a fast compression sensing (CS) reconstruction
algorithm with computation complexity O(M?), where M denotes the
length of a measurement vector Y = ¢ X that is sampled from the signal
X of length IV via the sampling matrix ¢ with dimensionality M x N.
Our method has the following characteristics: (1) it is fast due to a closed-
form solution is derived; (2) it is accurate because significant components
of X can be reconstructed with higher priority via a sophisticated design
of ¢; (3) thanks to (2), our method can better reconstruct a less sparse
signal than the existing methods under the same measurement rate %

I. INTRODUCTION

In the context of compressive sensing (CS) [1], the constraint
of sparsity enables the possibility of sparse signal recovery from
measurements (far) fewer than the original signal length. Moreover,
the measurements generated from random projection of the original
signal via a sampling matrix are equally weighted; i.e., no one is more
significant than the others. Thus, compressive sensing is inherently
weaken in handling less sparse signals such as highly textured images.
The problem here is that can we yield weighted measurements so that
non-sparse or less sparse signals can be properly reconstructed than
the existing CS recovery solutions?

In this paper, we present a sophisticated design of the sampling ma-
trix ¢ that can directly capture “important” measurements. With these
information, the quality original signal can be sparsely reconstructed
based on the important (corresponding to low-frequency) components
in some transformed domain. Thus, the qualities of reconstructed
signals mimic those of JPEG compressed images.

Il. PROPOSED METHOD

We start from the random projection, Y = ¢ X, and observe that
if important information of X can be sampled and stored in Y, then
it is possible to reconstruct X with fewer important measurements.

For this, we introduce a linear operator 7" and impose it to random
projection to obtain T oY = T o (¢X), where o stands for a linear
operation. This equation is further derived® based on the principle of
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Soo-Chang Pei
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Now, @ is stored in the sensors for the purpose of compressive
sensing. We have the following derivations:

Y =®X => TY = (T®)(TX) = (T¢)*(TX). (2

Recall that the last N — M columns of (T'¢)* are zeros. This
means that we only sample the lower-frequency components in T'X
by discarding the remaining higher-frequency components. In order
to speed up sparse signal recovery, let ®° denote the submatrix of
dimensionality M x M by discarding the zero columns of (T'¢)?,
and let (7" X)® denote the M x 1 vector by discarding the last N — M
transformed coefficients. Therefore, we can derive:

TY = &°(TX)* => (#°)71TY = ()" 10°(T'X)* = (TX)*. (3)

It is evident that the signal X can be approximately and fast
recovered if (i) Y is available via random projection in Eq. (2); (ii) Y
is processed via Eq. (3); and (i) (®°)~'TY is padded with N — M
zero values (to obtain 7X) and inversely transformed via 77 !.

I11. ANALYSIS AND RESULTS

The principle of our method is to preserve the top K-lowest
frequency components of T'X. Here, T is chosen to be a DCT
operator. Thus, we have M = K and the computation complexity
of recovery is in the order of O(M2); i.e., only one inverse matrix
operation and two DCT operations are required.

In this paper, a 1D DCT structure is exploited to design ®. The
original signal X can be approximately reconstructed from as many
measurements as the number of coefficients sampled via Eq. (2).
We provide recovery comparison of some CS algorithms [1] under
different measurement rates (MRs) in Table 12. The exploitation of
the simple structure inherent in the Haar wavelet is also studied in
our framework.

TABLE |
RECOVERY COMPARISON OF CS ALGORITHMS FOR BARBARA IMAGE.

linear operations [2] as: | Methods | Metrics [ MR (6.25%) [ MR (12.5%) | MR (25.0%) |
ToY =To(6X) = (Tog)(To X). O | octosg | som | om | oer | os

Eq. (1) indicates that if 7" is a transform operator, then T o X is Lasso PSQISF:I(&B) 1063832 2005311 203;)11

a transformed vector in some transform domain. In particular, the OMP PSNR(dB) 17'.62 19.‘86 22'_53

positions at lower frequencies in 7o X indicate important transformed (Sparsify toolbox) SSIM 0.34 0.48 0.65

coefficients and T" o Y indicates important measurements since they Basis PSNR(dB) 16.82 20.31 23.91

are linear combinations of significant transformed coefficients. For Pursuit SSIM 0.33 0.51 0.71

simplicity, the operator o will be omitted below. (Sparsesligk')wtzolbox) PSé\ISFT'(gIB) 1(? '29; 153571 201.'(?12
In order to sample “important” transformed coefficients from T'X

and speed up recovery, we design a new sampling matrix, (7'¢)*, by

setting the last N — M columns of T'¢ to be zeros. This implies that REFERENCES

the non-zero columns of (T'¢)* form a full-rank matrix with rank
M. Once (T'¢)* is built in the transform domain, it is inversely
transformed back to the time/space domain and a sophisticated
designed sampling matrix ® = T~ ((T'¢)?) is obtained.

[1] http://dsp.rice.edu/cs
[2] N. Merhav and V. Bhaskaran, “A transform domain approach to spatial
domain image,” HPL-94-116, Technion City, Haifa 32000, Israel, 1994.

2Structural similarity (SSIM) indexing is also adopted for image quality

1The proof is omitted here due to space limit. evaluation, where 0 < SSIM < 1. The bigger, the better.
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ABSTRACT

Recent studies show that the thickening of the carotid
artery wall is indicative of the corresponding hardening and
thickening of coronary arteries. Physicians can determine the
tendency of a patient to the atherosclerosis through a B-mode
ultrasound scan of the common carotid artery (CCA). This is
a non-invasive technique that allows to take a measure of the
Intima-Media Thickness (IMT)[1]. The IMT is the distance
between the lumen-intima interface and the media-adventitia
interface of CCA’s far wall. Currently, doctors measure the
IMT by setting manually only a few points, which may distort
the results. Image segmentation can detect the IMT contour
throughout the artery length, which leads to better results
and allows us to extract statistics such as the maximum, the
minimum or the average IMT with more precision.

In this work, an efficient image segmentation technique
is proposed. Segmentation is treated as a pattern recognition
problem and is solved using a neural network ensemble (also
called committee machine) to improve the accuracy achieved
by a single net. In particular, the results from three experts
are combined by a ’meta’ neural network. With the proper
training, the proposed system is able to recognize the pixels
belonging to the IMT contour. Once the networks are trained,
the proposed method allows getting IMT measurements in an
automatic way.

The networks in our system are Multi-Layer Perceptrons
(MLP). These nets have been trained by means of the
Optimally-Pruned Extreme Learning Machine (OP-ELM)[2],
which is easy to use and allows faster learning than others
such as Backpropagation (BP) algorithm. Furthermore, it is
able to select the optimal network size. For this purpose, OP-
ELM uses both MultiResponse Sparse Regression (MRSR)[3]
algorithm and an efficient Leave-One-Out (LOO) criterion.

To perform the neural network training, we need a training
set composed of ultrasound images and the associated desired
outputs (supervised learning) called target images. The target
images are binary images in which white pixels (with value
’1”) show the IMT boundaries. A windowing process is applied
over the original image to obtain the training set. In our case,
square windows are used varying the size of the window
in the different experts of the committee machine. Thus, a
square neighborhood is taken as input pattern for each pixel
under study. In order to reduce the computational cost, a
feature selection procedure has been applied. The Least Angle

Regression (LARS)[4] algorithm has been used to providejij

a ranking of input features, which are ordered according to
their relevance to the classification task. Then, the analysis is
performed in a stepwise manner by adding at each iteration a
new feature and training the net with the OP-ELM algorithm.
Finally, the network model (number of input features and
hidden neurons) with lowest error is selected. This strategy
is followed to design the artificial neural networks of our
system and the results show that it is possible to reduce the
dimensionality of the data (see Fig. 1).

I
|
I
NN1 NN2 NN 3

Fig. 1. Selected pixels to construct the input patterns to the three experts.

Figure 2 shows the preliminary results obtained by the
system (combination of three neural networks). It can be seen
that the obtained segmentation is satisfactory.

Fig. 2. Input image (left), target image (center), and output image (right).
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Abstract—In grid-based Compressive Sensing (CS) approaches, the
dictionary is built from a pre-defined grid. The bases off the grid
points are left out of the dictionary. Some current Matching pursuit
(MP) methods suffer from a degradation of performance when some
off-grid bases exist. In this paper, a novel method namely Adaptively
Sparse Recovery base on Constrained Total Least Squares (ASR-CTLS)
is proposed to find the best bases even if they are off the grid. In the
ASR-CTLS, the grid and the dictionary are adaptively updated with
the CTLS technique. The convergence of the ASR-CTLS is theoretically
analyzed, and numerical experiments on harmonic retrieval demonstrate
the improvements of the ASR-CTLS.

I. SIGNAL MODEL AND ALGORITHM
Consider the grid-based CS model:

y=®(g)x+w oY)

where y is the measurement vector with N elements, and w is
the noise vector. x is to be learned with D coefficients. ® is
built from the grid g = [¢1,92,.-.,9p], Which is generated by
dividing a continuous space into D discrete grid points. For example,
in harmonic retrieval we divide the frequency space and the ®
is the Fourier transform matrix. Off-grid basis emerges when the
corresponding frequency point is not included in g.

We don’t often have enough priori to generate the perfect grid to
guarantee that all of the nonzero elements in x exactly lie on the grid
points. So we cast the grid as an unknown parameter, and search the
joint estimation of x and g via solving the optimum problem:

x,& = argmin [[x]o, s.t. |y — ®(g)x]5 <7 @)

where 7 is the noise power. In most cases, solving (2) is a complicated

non-linear optimum problem. We introduce an iterative method.
Suppose g““) is the estimate of g, and is available after the kth

iteration. To solve (2), loop between the following two equations:

2
XMp = arg min ||x||,, s.t. Hy -® (gW) XH2 <n 3)

g g+ — arg min ly — ®(g) ng ,s.tsupp(x) = A (4)
g, X

Most MP methods presented before, e.g. OMP [2], CoSaMP [3], can

be applied for (3) to obtain the sparsest solution xmp of x. Notate

A = supp (xmp) as the support set of xyp, and A is utilized in (4)
to reduce the dimension.

The numerical solution to (4) can be obtained by three steps:
estimate the mismatch in the grid with the CTLS technique; update
the grid with the mismatch; estimate the x5 with the projection onto
the updated grid, where (-)p as the elements indexed in A. The
convergence of the solver for (4) can be theoretically guaranteed if
the mapping ®(g) is linear.

Define the mismatch in the grid as Ag, = [Agl, e ,Agw]T,
thus g, = /g\g\k) + Ag, . Linearize the ® (g,) at the local neighbor-
hood of gﬁ\k) with Taylor expansion as

1A 1A
P (gy) = Pa (ﬁﬂf)) +> R (E(Ak)) Agi+) o (Ag)) ©)
i=1 =1

where o(-)is the “’big 0” notation. Neglect o (Agf), and substitute
(5) into (1), thus we can apply the CTLS to estimate Ag,.

o= )

[A|

—~ (k
Ag5\> = argmin

AgASW,XA

Q)

The solution to (6) is derivated in [1].

II. SIMULATIONS

We choose harmonic retrieval to illustrate the improvement of
the proposed method. There are three sinusoids in observation. The
amplitudes are a1 = 20, az = 10, g3 = 1; and the frequencies are
fi = 16.3/N, f» = 18.24/N, f3 = 29.12/N, where N = 64.
Define SNR; = |a;|?/0?, where o2 is the noise power. The
frequency space is uniformly divided into m grid points in xXMP,,,
(OMP1gon, CoSaMP3 v, etc.), and N points in the ASR-CLTS. Fig.1
compares the Mean Square Errors (MSEs) of the frequency estimates.
The results show that the ASR-CTLS obtains higher accuracy than
OMP and CoSaMP especially while recovering the smallest sinusoid,
and converges to the CR bound when the SNR is not less than -4dB.
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Fig. 1. The MSEs of the frequency estimates obtained in 500 independent
Monte-Carlo trials. Three subplots are respectively dedicated to three sinu-
soids. CRB denotes the corresponding Cramer-Rao Bound.
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Abstract—In this paper we present a novel method for online identifi-
cation and recovering jointly sparse signals. This method can be useful
in a number of applications such as blind sampling and reconstruction
of multiband signals. There are several algorithms in the literature for
solving jointly sparse vectors, but most of them are either greedy or not
online algorithms (see e.g. [3]). Hence, introduce an inherent delay in the
process. We introduce a novel online algorithm which is not greedy (in
time) and improves the probability for success in identifying the joint
support even in the presence of noise.

I. INTRODUCTION

In our work the model we look at is of the form
y[t] = Ax[t] (1

Where y[t]€ R™ represents the measured data, x[t]€ R"™ the signal
we wish to reconstruct and A a known dictionary. It is assume
that m < n and Xx[t] are jointly (in time) sparse. Namely, if S[t]
denotes the support of x[t], we have S = |J S [¢] the joint support

(]S] << m). This problem is referred to in tthe literature as Infinite
Measurement Vectors (IMV) problem. Solving the problem at each
t and letting S[t —1] C S|[t] leads to a greedy algorithm. Our
approach is motivated by the ideas in [2]. Specifically, we solve at
each time instance the problem:

(P1) min||W [t] x [t]||, such that y [t] = Ax [t]

where W [t] is diagonal matrix with non-negative entries and
Wt =fWlt—1],5[t-1]) @)

This type of algorithm is not greedy, by this we mean that it does
not force S [t — 1] C S [t] and allows us make mistakes at a specific
time, but still be able to, eventually, identify the right support with
future data.

A. Noisy Environment

Under noisy environment conditions our model of work is changing
to:

y[t] = Ax[t] + v[t] €

where y, A and x are as above, v[t] € R™ is an additive noise.
We assume that the noise is stationary, thus the way we cope with
this problem is by measuring the noise variance, random several
thousands of numbers under the same PDF and finally taking the
largest one, we mark this number as C. Now with a € [0.5,1], we
solve the next problem:

(P2) min||W [t] x [t]||, such that ||y [t] — Ax[t]| S a-C

Arie Feuer
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Technion - Israel Institute of Technology
Haifa, Israel
Email: feuer@ee.technion.ac.il
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Figure 1. Success probability for true support evaluation with n=200, m=100
and | S'|=60.
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Figure 2. Success probability for true support evaluation with n=200, m=100,
| S1=20 and SNR = 30[dB]

II. RESULTS

Figure 1 describes a simulation with n=200, m=100 and | S |=60.
The simulation was repeated 250 times and the success ratio recorded.
We note that after t=15 we get a very high probability of success
even in this case where | S| = 60. Moreover it seems that solving
independently at each time instance will result in a close to zero
probability of success.

Figure 2 describes a simulation result under noisy conditions with
additive white gaussian noise. n=200, m=100, |S|=20 and SNR =
30[dB] . The simulation was repeated 250 times and the success
ratio recorded. This result demonstrates the algorithm robustness to
noise.
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[. INTRODUCTION

Refractive deflectometry is a tomographic modality that measures
light ray deflection when passing through transparent objects [1].
Combining multiple parallel light rays under various incident angles
allows one to image the internal refractive-index distribution (or
map) of complex materials (like optical fibers) while escaping from
some limitations of interferometric systems (e.g., unstability to object
vibrations, thickness measurement range).

II. FORWARD DEFLECTOMETRIC MODEL

Given a transparent material optically described by the refractive-
index map n : ¢ = (z1,22) € R* — n(x), a 2-D deflectometric
measurement of n consists in measuring the deflection angle A(r, 0)
of a light ray of equation {z : - p, = 7}, for 7 € R, 0 € [0, 27),
and p, = (—sin#,cos) perpendicular to the light ray direction
to = (cos @, sin ). Mathematically, a first order linear approximation
relates A to the Radon transform of the transverse gradient of n,
that is:

A(r,0) = /R2 (Vn(x)-py) 6(1 — - py) d*z. (1)

Since the Central Slice Theorem relates the 1-D Fourier Transform
(FT) of an image Radon projections with the image 2-D FT [3],
denoting 7 as the 2-D FT of n, we can write

y(w,0) = /A(G,T)efimdr = iwn(wpy). )
R

Alternatively, restricting (w, ) to Ry x [0,7) and setting k =
(k1,k2) = wpy with k = ||k|| = w, we have §(k) := y(Rk)
i kn(k), with the 7/2 rotation matrix R (i.e., Rp, = to).
Therefore, assuming that the continuous refractive-index map n
is approximated by N = N;N» values n € R arranged on a
N1 x N3 regular 2-D grid, the previous relations show that optical
deflectometry can be associated to the forward linear model

y = WSFn + ¢, 3)

where § = (g(k"), -+ ,g}(kM/z))TG CM/2 ~ RM js the mea-
surement vector on the observed frequency set K = {kj tig J<M/25
F ¢ CV*N is the 2-D discrete FT, § € {0,1}M/2*N s a
binary matrix selecting K in F output (with SS* = Id), and
W € iRM/2*M/2 — jdiag(k1, -~ , kar/2). The vector € € CM/2
is a (complex) Gaussian noise ¢; ~ N(0,0?) + i N(0,0?) with
llell? < € := (M + ¢v/M)o?* with high probability for ¢ = O(1).

III. INVERSE PROBLEM SOLVING

A realistic sampling of the Fourier plane as materialized by S is
obtained from a set of 7" radial lines associated to 7' different angular
observations 6 in (2). Most of the time, reconstructing n from (3)
is an ill-posed inverse problem since M = M(T) < N. However,
actual refractive-index maps of transparent materials are composed
of slowly varying areas separated by sharp boundaries (material
interfaces). This inverse problem can therefore be regularized by
assuming a Bounded Variation (BV) model of n. In other words,
we solve

argmin |lullrv s.t. ||§ — WSFul| <k, 4)

where minimizing ||ul|zv = 3=, [(Vu);| promotes the BV (cartoon
shaped) model while imposing data fidelity |y — WS Fu|| < € [2].

Part of this work is funded by the DETROIT project (WIST3/SPW, Belgium).

In order to quantify the “ill-posedness” of (3), we simplify the
sampling made by S by picking uniformly at random M /2 complex
frequencies on /C (i.e., M real values) with I C {k : k1 > 0}.

Practically, the convex minimization (4) can be recast as
argmin, 1c(Au) + ||ullrv, where A = WSF e CY*V,
C={vecCM:|g—v| <e}, and 1c(v) is the indicator function
equals to 0 if v € C and oo otherwise. Due to the presence of
the diagonal operator W, a particularity of optical deflectometry
compared to common tomographic techniques (e.g., MRI or radio
interferometry), the sensing matrix A presents some unfavorable
properties as it is not a tight frame (AA* # I). The recently
proposed algorithm by Chambolle and Pock (Algorithm 1 in [2]),
which is based on a primal-dual formulation, relax the conditions on
the operator, making this method suitable for solving (4) despite a
non-differentiable objective.

IV. RESULTS

Chambolle-Pock (CP) method was analyzed using the well-known
Shepp-Logan image (Fig. 1) which, being characterized by sharp
edges and large smooth areas, allows simulating the refractive-
index map characteristics. CP is compared with the Least-Squares
(LS) Method, an intuitive way of solving linear systems using the
operator pseudoinverse AT := A* (AA*)71 = F*S*W ! such
that [argmin, ||ul| st. § = Au] = A'§ . Fig. 1 shows the
behavior of both algorithms regarding noise and the under-sampling
ratio (M /N), presenting the mean SNR computed for 10 trials in the
reconstruction of the map.

60

—CP
500 f——EE—Noisy
5407 —+— LS - Noisy
I .
& a0l
:430
0

10F - /

e S —
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
M/N

Fig. 1: SNR vs M/N.

V. CONCLUSION

Important results were obtained in refractive-index map recon-
struction from (simulated) optical deflectometry. The inverse problem
reconstructing n from (3) is regularized by minimizing the Total
Variation norm ||n||7v of the map (BV model). Thanks to the CP
algorithm dealing with the untight operator A, the method yields
optimal reconstruction with high robustness to noise even for few
measurements. This must be compared with the LS method that
degrades rapidly for increasing noise level as the diagonal operator
W increases its impact on low frequencies. An open issue still
remains in order to represent more accurately the data measured by
the instrument. As Fourier Transform of Radon projections provides
data in radial coordinates, further development must be done to find
its correspondence in Cartesian coordinates.
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Greedy decompositions with randomly varying
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Introduction Greedy algorithms such as Matching Pursuit
(MP) [1] and its variants (Orthogonal MP [2]) are widely used
for sparse approximation. They are based on the repetition of two
steps: 1: Select an atom in the dictionary and 2: Update residual.
We are here interested in the first step. MP and OMP select
the atom ¢,, in the dictionary & that maximizes the residuals
projection ¢, = argmaxy._ cao [(R""'f, )| There is always
a tradeoff in the choice of the dictionary. If it is dense, we have
a fast decay of the approximation error (as a function of the
approximation order), but computations get cumbersome, and the
cost of encoding each coefficient may become prohibitive for
coding. If the dictionary is small (slight or no overcompleteness),
computations are fast, the coding cost per coefficient is low, but
more coefficients are needed. Other schemes ensure a better local
fit of the selected atoms using a different correlation function [3].
Also, probabilistic approaches have been introduced [4] where
successive runs with random sub-optimal atom selection are
performed, then averaging yields a robust sparse approximation.

Here, we propose a different paradigm, that mitigates the draw-
backs of using a large dictionary while keeping most of the ben-
efits. We keep the standard correlation function but we randomly
switch the subdictionary at each iteration, where the subdictionary
is a subset of a large dictionary. Adaptive techniques have been
proposed that first search in a fixed smaller subdictionary, and
then find a local maximum in the large dictionary [1], [S]. Our
approach keeps this dictionary subsampling paradigm, but the
small subdictionaries are randomly alternated so as to maximize
the probability that the large dictionary is evenly spanned during
the process. The key point is that the choice of subdictionary
is not adaptive, but is parametrized by a fixed pseudo-random
sequence, also known by the decoder. In other words, we have the
(theoretical) complexity of working with a small dictionary, and
the small coding costs, but the whole large dictionary is spanned.
In the following, we study the quality of the approximation: we
prove the benefits of this method for synthetic signals, and show
numerically that this behavior extends to the case of real signals.

Theoretical justification with sparse signal model Let as-
sume an exact-sparse model f = 3 . ;a;¢; with the {¢;}
a subset of a larger dictionary ® verifying d)?gbk ~ ;. Let
X be a random variable from which are drawn the projections
Xe = |{(fivr)] = |ogom)(@jok),¥r)| in the subdictionary
U C @, where jo(k) = argmax;|(¢;,¥x)|. Let us denote
X5 the k" biggest X, then the residuals energy at the n'"
iteration of a Matching Pursuit in ¥ is given by |R™f||*> =
IFI1? = Z;S X2 _,.; because the n biggest atoms have been
selected one after another and subtracted. Now if W is changed
at iteration k, it is equivalent to redrawing the projections Xj.
Since k components of f have already been (nearly) subtracted,

Laurent Daudet

Institut Langevin - ESPCI - Univ. Paris Diderot - CNRS UMR 7587
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Fig. 1. Average residual energy decay for MP (continuous) and
OMP (dashed) on full dictionary (green), fixed subdictionary (blue) and
randomly varying subdictionaries (red - variance zone in light grey) for
a 256-length noisy signal (20 runs)

only J — k values are drawn. Atom selected at iteration k is the
one that maximizes this J — k length sequence, and the residuals
energy if the dictionary changes at each iteration is described by
IR™fII> = | FIIP =00 X5 _k:s—x- Knowing &, one can derive
a probabilistic model for X and using order statistics, prove that
E(X3_,.; 1) > E(X2_,.;), thus ensuring faster convergence
of the new algorithm.

Conclusion The proposed algorithm appears to be suitable
for sparse approximation of complex signals (though not for
recovery). The potential benefits are in low bitrate compression,
and we exhibit several sound examples were these advantages
show off. The unsupervised nature of the algorithm and the
randomness introduced in the atom selection makes it very easy
to design worst-case scenarii for which the algorithm would
converge slower than a pursuit over a fixed dictionary. However,
on average, and with a small empirical variance, the proposed
scheme appears to have the coding costs of the small dictionary
with a decay rate close to the one on the large dictionary.
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A Sparsity based Regularization Algorithm with
Automatic Parameter Estimation
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Abstract—Regularization methods for the solution of ill-
posed inverse problems can be successfully applied if a
right estimation of the regularization parameter is known.
While there exists a significant amount of research in the
literature on the development of appropriate parameter
selection methods for Tikhonov regularization [7], until
now the L, regularization case has been considered in only
a few very recent papers, [1], [3], [4], [5], [6] that focus
only on Total Variation regularization. Among them, the
only method that, to our knowledge, does not require any
assumption on the noise level, has been proposed in[1]
using variational distribution approximations. It updates
the regularization parameter in an iterative manner and
seem to be very effective for TV restoration problems when
information about the perturbation level is not available.
Nevertheless, in spite of the good performance of this
method, its computational cost is still too high for real-
time practical applications. In this work we consider the
image deblurring problem and we evaluate its solution
using a sparsity based regularization approach solved by
means of the iterative forward-backward splitting method.
The main contribution of this research is the proposal of a
novel adaptive automatic rule for the estimation of the reg-
ularization parameter in L;-based restoration problems,
without requiring any assumption about the perturbation
process. This rule, developed in the context of the iterative
forward-backward splitting method [2], exploits the infor-
mation yielded by this approach to dynamically update the
parameter value following the evolution of the objective
functional. The iterative algorithm automatically stops,
when the parameter has reached a seemly near optimal
value. A large number of numerical experiments confirm
that the proposed rule yields restoration results competitive
with those of the best state-of-the-art algorithms.
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Abstract—We are interested in hybrid/morphological decomposition of
signals which can be expressed as the sum of two sparse components in
a well choosen frame and a residual — such as images (edges+textures)
or audio signal (tonals + transcients). Thanks to a Bernoulli-Gaussian
prior on the synthesis coefficients, we derive an unsupervised algorithm
in the spirit of ISTA with iteratively adapted thresholding/shrinkage. The
model can be directly extended to joint-sparsity structure.

I. MODEL

Let U = {u, € C"} and V = {v,, € CV}2 | two frames of
CV.Let A and A two ﬁmt subsets of N. We are mterrested in” signals
y € CV which admit an hybrid [1]/Morphological [3] expansion:

yzzaxux+2ﬁ5v(5+n7 (1)

AEA sEA

where n € C¥ is some noise, and where vy, 35 € C are the synthesis
coefficients. The sets A and A are called the significance maps: if
A € A, then ax # 0, and if A ¢ A, then ay = 0.

We choose a Bernoulli-Complex Gaussian prior which naturally
induces sparsity. Let us definine the indicator variables:

1 = 1
ne(h sk e

with p and p the membership probabilities: Vn ,p = p(X, =
1), Vm ,p = p(X,m = 1) . The corresponding model can then
be written:

ifneA
otherwise ,

if meA
otherwise ,

(@)

Ny No
= ZXnoznun + Z X BmVm + 1. 3)
n=1 m=1

In the following, we restrain ourself to the significance map A, all
the results can be directly applied to the map A. with the Bernoulli-
Gaussian prior:

plax|Xx) = (1 — X)do + X2CN(0,0°,0)

where the complex-Gaussian density are univariate.
We finally assume n ~ CA(0,031) .

II. ALGORITHM DERIVATION
A. GEM
For the sake of simplicity, we rewrite (1):

y=Ua+VB+n==®0+n, 4)

with @ = [UV] and 8 = (a”,87)T

Insipired by [2], one can use a Generalized Expectation-
Maximization (GEM) strategy in order to maximize the penalized
likelihood. By introducing the hidden varriable z, we have

z=0+pun; y=®z+n,, 5)
with n; ~ CAN(0,1) and na ~ CN(0,081 — p?>®®7) (1% <

TeaT)-

a) E-setp: : 2" = 0" + “2 " (y — ®0") .
b) M-step: : the maps are *first estimated by marginalization and
maximization

A AT = arg max E{log(p(A, Aly, z,T))|y, 0°, A", A", T},
AA
then the coefficients 6:

6" = arg maxE{log(p(B|A"T!, A"y, 2, T)|y, 0%, A", A", T}
2}

B. Maps estimation

For the significance map A we obtain:

1 if |3 > \/7(“2?;2“2 In [%7“2:;’2]

0 if not.

X =

Remark: with a joint-sparsity model on the map, we obtain a
similar rule on the norm of groups of coefficients.
C. Coefficients estimation

We can then estimate the coefficients. If X+ =1

- EE NI
A 202 1+ p2/o2’

(6

= arg max

+
2N 2p?

and 9;“ = 0 if not.

III. RESULTS

We apply such a strategy to a xylophone signal with a union of
Gabor dictionnaries. We find 62 = 0.001 (output SNR ~ 16 dB) for
o¢ = 0.0009 (input SNR ~ 12 dB).
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4000) 4000]
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Fig. 1. Estimated Gabor coefficients of the two significance maps.
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Abstract—The {1 -minimization problem min{ ||z|1 : Az = b}, also
known as Basis Pursuit (BP), has become important in Compressed Sens-
ing due to its ability to yield the sparsest solution of an underdetermined
linear system Ax = b under certain conditions. In the past few years, a lot
of new algorithms solving (BP) or some (possibly regularized) variant of it
have been developed. We contribute the ISAL1 to the available spectrum
of solvers, which is a specialization to (BP) of a new infeasible-point
subgradient algorithm (ISA) for solving convex constrained minimization
problems. In this extension of the classical projected subgradient methods
from nonsmooth optimization, the projections onto the feasible set need
only be approximated, thus allowing for a potentially large reduction of
the computational burden. In particular, in ISAL1, inexact projection
onto {z| Az = b} by performing a fixed small number of conjugate
gradient steps suffices to obtain convergence. Moreover, we will present
results of an extensive computational comparison of various state-of-the-
art /1 -solvers, also including ISAL1. Furthermore, we show how a new
optimality check can speed up solvers and at the same time attain the
true optimum (up to numerical precision).

I. INTRODUCTION

We propose a new infeasible-point subgradient algorithm (ISA)
for the constrained minimization of convex functions. In contrast to
typical projected subgradient schemes [1], the projection onto the
feasible set is only approximated in the ISA. Hence, the iterates may
be infeasible throughout the whole procedure, and still convergence
can be achieved under certain conditions. This allows to tackle prob-
lems where computing the exact projections is expensive, especially
for large-scale instances.

Here, we focus on one such problem: Finding the minimal-¢; -norm
solution to an underdetermined linear system, i.e., (BP). This problem
has become very important in the field of Compressed Sensing,
because under certain conditions (e.g., the RIP), it allows for exact
recovery of the minimum-support solution (¢p-minimizer) of Ax = b,
which is generally AP-hard to find.

Facing the vast choice of avaible (BP) solvers developed over the
past years, one may wonder which one is “the best”? Of course, there
are multiple answers (if any), depending on context, desired accuracy,
etc. Here, we aim at an exact solution of (BP), without concern
about special cases or related problems such as £p-minimization. To
this end, we conduct extensive numerical experiments with various
prominent /1-minimization solvers and the new ISALI. We also
present an easily implementable optimality check and demonstrate its
usefulness by further computational experiments with several solvers.

II. NEwW ALGORITHMS

The existing arsenal of solvers for (BP) includes methods based on
various ideas, e.g., augmented Lagrangeans, interior-point schemes,
spectral projected gradients or several penalized models. We propose
to add the ISA modification of projected subgradient methods.

* Supported by a DFG research grant.
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A. ISA and ISALI
+1

The ISA iteration consists mainly of the iterate update 2**! =
P (xk — aih® ), with stepsize o, subgradient h* and the inexact
projection operator P3* for the feasible set X with accuracy .
We investigated the ISA for several stepsize choices and obtained
convergence results depending on the behaviour of the series of
projection accuracies (x).

ISALL1 specializes the ISA for solving (BP). For this particular
problem, projection onto {z|Az = b} amounts to solving a linear
system. This can be done by applying the method of conjugate gra-
dients (CG). For the inexact projections in ISAL1, we derive bounds
on the CG residual norm which (among other things) guarantee the
method’s convergence. In practice, convergence can still be obtained
when only computing a fixed small number of CG steps.

B. Heuristic Support Evaluation

Our implementation of ISAL1 exhibited a typical drawback of
subgradient methods: slow local convergence. This issue was success-
fully overcome by integrating a Heuristic Support Evaluation (HSE)
scheme, which allows “jumping” to the exact optimal solution by
roughly checking a well-known optimality criterion for (BP) (see,
e.g., [2]) on the estimated true solution support.

III. COMPUTATIONAL COMPARISON OF ¢1-SOLVERS

We carefully constructed a test set consisting of a wide range
of (BP) instances, each with an optimal solution guaranteed to
be unique (by employing the ERC or the Source Condition). We
compare several well-known algorithms which can provably solve
general (BP) instances, namely: SPGL1 (www.cs.ubc.ca/labs/scl/
spgll), YALLI (yalll.blogs.rice.edu), £1-MAGIC (www.acm.caltech.
edu/l1magic), SolveBP of SparseLab (sparselab.stanford.edu) (em-
ploys PDCO), L1-Homotopy (users.ece.gatech.edu/~sasif/homotopy),
and ISAL1. As a reference, we also solved (BP) as a linear program,
using the dual simplex method of CPLEX. Most available implemen-
tations seem to go for a balanced speed-accuracy trade-off by default,
i.e., aiming at fast termination with a medium-accuracy result which
hence not necessarily qualifies as an ‘“exact solution”. Integrating
the HSE however shows that without needing to change algorithmic
parameters, one can achieve both a speed-up and highest accuracy at
the same time. The potential of the HSE is supported by numerical
experiments with several solvers.
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A classical result in the theory of artificial nalnetworks (ANNS) is
Cybenko’s theorem [1] which states that a perceptvith at least one
hidden layer, sigmoidal output non-linearity andudficiently high, but
finite, number of nodes can approximate any cowmtirsuand bounded
function on a bounded domain within a given accurdtis theorem
has made multi-layer perceptrons (MLPs) a poputestriment for
classification problems.

Perceptrons are inspired by the information prangss1 neurons
[2], which makes them a trivial choice for modelicggnitive pro-
cesses. Again inspired by the architecture of malnbmaéns, one would
expect a several layers to be required in perceptrodels. Deep MLP
networks are however very difficult to train withet back-propagation
algorithm. Supervisory information is needed argl féct that it cannot
be provided for all hidden layers forms the cruxtef problem.

In this paper, the parallels and differences betwaen-negative
matrix factorization (NMF) and a single layer pgrzen are discussed.
NMF is capable of working without supervision batequally capable
of exploiting supervision information, which makiesrery well suited
to overcome the training problems in multilayertétectures. However,
NMF additionally shows behavior that is observedtlie brain: it
performs lateral inhibition in a single layer arastmasking properties.

NMF finds two factorsw 0 RN*R and H O R?*T, with positive or
zero entries such that a data matix] RNT with positive or zero

tically, inhibition corresponds to the case whére minimal (Frobenius
or KLD) cost is achieved on the constraint boundary

Supervisory information can be introduced in NMFamgmenting/
with G such that. =1 if thei-th class is present in tok¢r{and zero
otherwise)

vl

= H

\Y W

On test tokens can be computed as before frddrand subsequently
the class informatiorG can be estimated by forming H. In other
words, with supervisionX acts like an output layer of a perceptron.
With the previous result, NMF can be interpretecaasasily learnable
perceptron with an output mapping that shows laterabition, which
adds to the cognitive motivation to use it as dding block for deep
ANN structures.

Finally, the cognitive motivation is strengtheneg dbserving that
NMF also shows masking behavior in the sense Hesparsity pattern
of H is robust to perturbations Wi and not all changes to the input data
affect H and hence the classification. A first masking nagism is
through L regularization of the cost function. Secondly,osifive bias
term Vo can be added: find the beadts.t. V=W H +V,. The case
whereVo =W Hp for someH, could model a reminiscent (decaying)
neuron activation. The effect is that the cone adsibleV spanned by

entries is approximated W H. The Frobenius norm and the (gene-the modelW H +Vo is moved away from the origin, which will

ralized) Kullback-Leibler divergence (KLD) are cahesred here as cost
function to express the proximity & andW H. The weightswW are
learned unsupervisedly by applying NMF to trainidata V, where
different training tokens occupy different columng/.

In this contribution the multiplicative update albms proposed in
[3] are cast in the flow diagrams of Figure 1. Wintassifying a single
test tokenV andH become vectorg andh, while W is assumed to be
known from the training phase. Finding the NMF solu for h is
compared to node activation in an ANN. The leftgpahows the single
layer perceptron which mapsto the hidden nodesthrough the weight
matrix W. A sigmoidal output non-linearity(y) with diagonal structure
is then applied. In NMF with Frobenius norm (middl(y) is replaced
by the shaded box. The right pane shows the flagrdim for the KLD
metric, which differs only from the middle pane $yapping the input
projectionW' and the element-wise division. Both NMF problems are
shown to have lateral inhibition behavior, i.e. mlden node will
deactivate nodes with similar weights (or neighbgrheurons in the
brain). Physically, inhibition leads to categoriparception. Mathema-

>

;

Lt

N
AN

F ¥

-

NN

NN
N

2
i

)
AT

MGGy
AR

i
N

y

Fig. 1: A flow diagram representation of a single layerceetron (left), NMF with Frobenius norm (middle)daNMF with KLD (right). O and®
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typically activate more constraints at the optitdaénd can even lead to
solutions that are not affected by the détat all (masking).

In summary, there are strong parallels between rglesilayer
perceptron and NMF, the latter showing the add#ionognitive
properties of unsupervised learnability, lateraiilition and masking.
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Abstract—This work presents a new framework for recovering fi-
nite alphabet signals. We address the problem of finding solutions
to underdetermined systems of linear equations drawn from finite
alphabet. We formulate this problem as a recovery of sparse signals
from highly incomplete measurements. It is known that sparse solutions
can be obtained by ¢; minimization, through convex optimization. This
relaxation procedure in our problem fails in recovering sparse solutions.
However, the reconstruction of the finite alphabet signals is possible
without exhibiting the sparse solutions. Empirical results show that
this approach provides good recovery performance for random sensing
matrices.

I. INTRODUCTION

Compressed sensing (CS) is a new concept that exploits sparsity
of the signals in the acquisition process. The objective of CS is to
reduce the number of the non adaptive measurements to be taken
from signals, that is, the number of necessary measures required to
reconstruct the signals. Recently, CS has attracted growing interests
in a variety of fields, including source separation, radar, and commu-
nication.

In this study, instead of acquiring sparse signals, we wish to
acquire signals drawn from a known finite alphabet. In this paper,
we show that this problem can be expressed as a sparse recovering
problem. The convex relaxation of this problem provides good
recovery performance for random sensing matrices when a condition
on the number of missing measurements holds.

II. PROBLEM FORMULATION

Suppose we are given y € R™ and a full-rank mixing matrix ® €
R™*™ with m < n. The underdetermined linear system of equations
y = Pz has infinitely many solutions. The objective of this work is

to find solutions drawn from a finite alphabet A = {a1, - ,ap}.
Denote D and J the matrices in R™*"? such that:
a 0, ... 0\ 1, 0, ... 0,
0, a ... 0, 0, 1, ... 0,
D= J =
0, ... 0, a 0, ... 0, 1,
where a = (a1,--- ,a,)” and 0,,1, are the column vectors of R?

with respectively zero and one entries.
Finally, denote S(y) :={s € R"?: #Ds =y and Js = 1,}.

Lemma 2.1: Suppose y = ®x has a unique solution f in A".
Then, there exists a unique § € R™? such that
§ = argmin||s|o s.t s € S(y)
and f = Ds.
As suggested by literature on sparse reconstruction [1], we propose
to reconstruct f from y by choosing

§ = argmin||s|1 st s € S(y)

Success rate of exact reconstruction
T t t +—

.

Probability of su
i

J i 4 i VEaal L L
80 100 120 140 160 180 200 220 240

Number of measurements (samples)

and putting f = D&. The next section shows the performance of
our approach for random sensing matrices.

III. EXPERIMENTAL RESULTS

Pertinence of the approach is experimentally assessed as follows:
Consider signals with n = 256 samples randomly drawn from finite
alphabet of cardinality p. The alphabet can be chosen arbitrarily.
Given the number m of measurements, we sample the mixing matrix,
for each iteration, with independent Gaussian entries and we compare
the recovered f and the original f signals. The recovery is regarded
as successful if the relative error || f — f]|2/||f]|2 is less than 107°,
For each m, we repeat 100 iterations of the experiment and average
the results. The results are presented above for p = 2 and p = 4.
Our experiments show that finite alphabet signals can be accurately

recovered provided that the number m of measurements is above
n(p—1)
PR

IV. DISCUSSIONS

Numerical simulations show that the minimum ¢; norm solution
enables recovery of finite alphabet signals for Gaussian matrices when
m > ™M2=1 This result has not yet been proved. Work in progress
on this proof involves kernels of random matrices.

The condition m > ™“2=Y can be rewritten in the form kp <
n where k is the number of missing measurements. Since similar
recovery conditions can be found in [3], it can be wondered whether
some uncertainty principle would not underly the approach proposed
above.

On the other hand, the minimization problem in our approach can
be related to the ¢;-synthesis described in [2].
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Abstract—Recent works in sound mosaicing synthesis [1], [2] have
proposed algorithms that permit instantaneous mixtures of several
sources atoms, based on sparse signal representation techniques. We
propose combining /1 regularization with linear dynamical smoothing
as in the Kalman filter (also in [3], [4]) to promote desired transitions
between atoms, while adapting the generic approach to the mixture
mosaicing context. Furthermore, we modify the dynamics cost slightly
to further promote sparse scores in the case of non-negativity. This is a
work in progress in which we can present some sound examples, but for
which the proposal is not fully validated.

I. INTRODUCTION

Mosaicing, a form of sample-based sound synthesis, consists in
transforming and compositing disparate source sound segments from
a database so that the result will match perceptual features (descrip-
tors) of a target sequence. Classical methods [5], [6] considered
matching a single source segment to a given target context (frame),
while more recent methods [1], [2] consider sparse mixtures of
multiple source segments at once.

Several criteria for these systems concern the dynamics—the
changes from frame to frame—of the composition, or more abstractly,
the sampling process that generates it. Do the descriptors of the
source units change too much from frame to frame (continuity)?
Do the transformation parameters applied to the sources change
rapidly from frame to frame (transformation continuity)? Does the
sampling process maintain a steady context within the source material
by choosing contiguous blocks of material from the original source
context, or does it jump around (contiguity)? By modeling dynamics
we can search or sample sequences or mixtures that have desired
properties above.

II. PROPOSAL

Given a matrix or linear operator D describing favored atom
transitions from state to state, one way of generalizing it to mixtures
of atoms is simply considering a form of linear dynamics where:
ZTi+1 = Dxy + wy. x¢ and x¢41 are mixture vectors for time steps
t and t + 1, w; represents innovation, or deviance from expected
dynamics.

Combining the smoothing version of the Kalman filter with an [y
regularization term as in Basis Pursuit Denoising (BPDN) would give
us the following program:

T

T T
min ([ Az = bell3+ 0 Y 1Dt =l + A2 Y llaells (1)

t=1 t=2 t=1

Under the scheme given by Problem 2, if the transition matrix D
gives a number of possibilities for a given atom, the most likely suc-
cessor state (where the innovation cost is zero) will include nonzero
weights on all of those possibilities. Therefore, when D includes
many alternatives for transitions between atoms, the innovation cost
and the sparsity cost are working against each other.

Music Technology Group
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In our application, where weights are constrained to be non-
negative, we propose modeling alternatives using an innovation cost
where only positive innovation is penalized, that is having no cost
when weights decrease (state is closer to sparsity than deterministic
dynamics). We implement this by introducing a non-negative dummy
variable y:

T T T
min Y [[Az = bell3 + M Y Dzt =z —wil| + A2 Y [l
t=1 t=2 t=1

@
where both = and y are constrained to be elementwise non-negative.
In this scheme, successor states are not penalized for atom transition
alternatives not taken, only for unlikely transitions that are taken.

III. OTHER APPROACHES

Several other approaches are also likely feasible for encouraging
dynamics in synthesis. For one, we could extend the Kalman filter
objective with a nonlinear model, which may render the objective
function non-convex. In this case, heuristic methods based on convex
relaxation such as DC Algorithms (DCA) could be used to find
heuristic solutions quickly.

Sampling or Monte-Carlo approaches are also feasible. In partic-
ular, particle filters (Sequential Monte Carlo) have been used for
tracking, and allow both nonlinear dynamics, and use non-parametric
estimates for the states.

Finally, so called greedy signal decomposition methods could
perhaps be adapted to account for dynamics. In practice this would
be analogous to sampling in many ways. Perhaps a good example of
this in image synthesis would be Ashikhmin [7].
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Block-Sparse Recovery via Convex Optimization
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Abstract—We consider the problem of recovering block-sparse signals,
i.e. signals that can be written as linear combination of vectors drawn
from of a union of a few subspaces. To find a block-sparse representation
of a signal, we consider two classes of non-convex programs based on
minimizing a mixed ¢,/¢y quasi-norm (¢ > 1) and their convex /¢, /{1
relaxations. The first class directly penalizes the norm of the coefficient
blocks, while the second one penalizes the norm of the reconstructed
vectors from the blocks of the dictionary. For each class of convex
programs, we provide conditions under which they are equivalent to the
original non-convex programs. We apply our methods to classification
tasks and obtain significant improvements relative to the state-of-the-art.

I. INTRODUCTION

The recovery of block-sparse signals involves solving a system of
linear equations of the form

y = Bc = [B]]] Bin]] c, (D

where B consists of n blocks B[i] € RP*™i whose atoms are gen-
erated by a d; < m; dimensional subspace S;. The main difference
with respect to classical sparse recovery is that the nonzero elements
for the solution of (1) correspond to a few blocks rather than a few
elements of B. We say that a vector ¢ = [¢[1]7 c[n] '] is
k-block-sparse, if at most k blocks c[i] € R™* are nonzero.

The problem of finding a representation of a signal y that uses the
minimum number of blocks of B can be cast as

n
Prjeo = min)_I([lefillly >0) subj. y=Be, (2
i=1
where I(-) is the indicator function and ¢ > 0. Since (2) is an NP-
hard problem, we consider the following ¢ relaxation of P, 4,

Py e, minz lle[i]|lq subj. y = Be, 3)
i=1
which is a convex program for ¢ > 1. We also propose an alternative
approach based on solving the non-convex program for ¢ > 0

Py, /et min > _I(|| Blileli]lly > 0) subj. y = Be.  (4)

i=1
While P, /e, penalizes the norm of the coefficient blocks, Plfq /26
penalizes the norm of the reconstructed vectors from the blocks. Since
Plfq /0o 18 NP-hard, for ¢ > 1, we consider the £1 convex relaxation

n
Pj, e, - miny _||Blilfi]|ly subj. y= Be. 5)

i=1
In what follows, we derive conditions under which the convex
programs Py, /¢, and Plfq /¢, Tespectively, are equivalent to P/,
and Péq /1, for arbitrary ¢ > 1. In doing so, we allow for an arbitrary
number of atoms in each block of the dictionary, thus relaxing the
assumption of uniqueness of the representation made by state-of-
the-art methods, which restrict the blocks of a dictionary to have
linearly independent atoms. To characterize the relation between
blocks of a dictionary, we introduce the notion of mutual/cumulative
subspace coherence, which can be thought of as natural extensions

of mutual/cumulative coherence from one to multiple subspaces.

René Vidal
Johns Hopkins University

Definition 1: Mutual subspace coherence is defined as
ps = max u(Si, 55), (6)
i#j

where 141(S;, S;) is the cosine of the smallest principal angle between
subspaces S; and S;. k-cumulative subspace coherence is defined as

JAY
G = max max Z (S, S;), )
JE€A

where Ay is a subset of k different elements from {1,...,n}.

To characterize the relation among atoms of a dictionary, we define
the following notions.

Definition 2: For a dictionary B, we define ¢, as the smallest
constant such that for all ¢ there exists a full column-rank submatrix
Bli] € RP* of Bl[i] such that for all &[i], we have

(1= eq)llelillly < IBLlelilllz < (1+e)lelills- )
Define o4 as the smallest constant such that for all ¢ and c[i]
IBlilelilll3 < oqlleldlg- ©)

Roughly speaking, €, characterizes the best g-restricted isometry
property among all submatrices of B][i] that span subspace S;. Also,
from definition, we have 1+ €¢; < 0,. We have the following result.

Theorem 1: For a signal that has a k-block-sparse representation
in B, the solution of P, /e, is equivalent to that of P, /s, if

Voo /(1+€q) G+ -1 < (1 —€q)/(1+ €q). 10)
A stronger sufficient condition is given by
(kvog/(1+€q) +k—1pus <(L—¢€)/(1+¢€). (A1)

Similar conditions can be found for the equivalence between Pz/q /61
and Pz/q /4, for arbitrary ¢ > 1 and for dictionaries with arbitrary
number of atoms in each block. We refer the reader to [1] for details.

II. APPLICATION TO FACE CLASSIFICATION

Assume we have a training set from P classes, where each class
consists of the data drawn from a few subspaces. That is,

B =Bl B[2 Bf3||---| Bln—1] Bfn]]

Class1

12)

Class P

Given a test data y that belongs to one of the classes, the goal
is to find the class to which the test example belongs. Since each
class consists of a few blocks of the dictionary, the class of the test
example can obtained by finding the minimum number of blocks that
reconstruct y. Thus, the classification problem can be cast as a block-
sparse recovery problem. We applied the proposed convex optimiza-
tion programs for face classification on the Extended YaleB Database,
which consists of a total of 2432 face images for 38 individuals
corresponding to P = 38 classes. Our results improve the state-of-
the-art classification results by 10% on the dataset.
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Abstract—A performance analysis of Multiple-Sensor-System(MSS) on
a compressive sensing(CS)[1] w.r.t. the per-sensor-measurements(PSM) is
studied. In the proposed MSS, sensors make measurements using CS
and the decoder jointly recover signals from them. We obtain the upper
bound on the recovery failure probability for given K -sparse signals,
derive the relationship between PSM and the number of sensors(S) for
the recovery. We examine the effect of SNR and S for the recovery. We
use the concept of joint typicality proposed by Shannon[6]. We shows
that PSM converges to the sparsity(K) as S increases for given K -sparse
signals. Theoretical result is consistent with [3][4][5].

Index Terms—Compressive Sensing, Multiple Sensor System. Joint
Recovery.

I. INTRODUCTION AND MOTIVATION

Multiple-Sensor-System (MSS) deploys many sensors to a limited
region and uses them to measure the signal from a common infor-
mation source in different locations. In MSS, high resolution signal
can be obtained as many sensors are used to measure a common
phenomenon from many places. However, the coverage areas of sen-
sors may significantly overlap with each other as they are distributed
in a limited region. This causes redundancy in the measurement
signal. The transmission of the redundant signal to the fusion center
is a significant communication costs. There is tradeoff between the
resolution and the redundancy on the number of sensors. To work on
this tradeoff relationship, we use the idea of the compressive sensing
[1]. CS reduces the number of measurements while it recovers the
signal perfectly. Using this technique, it is possible to reduce the
redundancy and obtain high resolution simultaneously by reducing
the per-sensor-measurements (PSM).

To investigate our problem, we propose to use an information
theoretic tool, the concept of Jointly Typicality [6]. It was also used
by Akcakaya and Tarokh [2] for the single sensor case. Using this
tool, we can derive the upper bound on the failure probability as a
function of PSM, the number of sensors, the sparsity and the noise
variance.

Clearly, the MSS problem is different from a single sensor system
in many aspects. For an appropriate modification of the tool for MSS
problem, we should consider these differences. One big difference is
the signal correlation among the sensors. For a successful extension,
we use the inter-signal correlation in the system model and the
decoder also takes advantage of this signal correlation for a signal
recovery. To make the correlation model, we assume that each sensor
has the same sparsity and shares the same support set which is the
set of indices for the non-zero elements. Obviously, in the recovery,
the decoder using this prior information gains benefits.

II. THEOREMS

Theorem 1: Let the rank of F, ; be K for each s and J be any
candidate set, M > K, 0% = min(ZiEI\Ja:s(i)Q) over s, and
0 > 0. Then, P{Fail|x} converges to zero as the number of sensors
increases.

Theorem 2: Let the rank of F, ; be K for each s and J be any
candidate set, M > K, 0® = min(ZieI\J xs(i)?) over s, § > 0,

Email: {sjparkl,hcjang,heungno*}@gist.ac.kr

S, be the number of sensors of the i*" MSS, 022 be the noise variance
of the i*" MSS and P1{Fail|x} < ~. If the noise variance increases,
i.e.,0f < 03, then, the sufficient condition for Po{Fail|x} < 7 is

2
s M g G 4 9 M
-~ = 2 2 —
f (a% M—K) (Umin,l 9 min,1 M-K
b
s M ) 2
5 2 s M
f (gg M-K) g (52 + o2 M,K)

min,2 min,2

S > 51 max

)

We note that f(z) = log(1l + z) — z, g(z) = log(z) — = + 1,

Opini = min(} e s xs(4)?) + o over s and J, J denotes any

subset with size K expect for I and I denotes the set whose entries

are corresponding to indices of the nonzero elements in signal. All
theorems will be explained in the next section.

III. CONTRIBUTIONS AND CONCLUSIONS

We use the described correlation model with noisy observation.
First, we have found how many per-sensor-measurements (PSM) are
needed for successful recovery in the MSS problem. As the number
of sensors increases, how does PSM change? There is a limit we have
found. We will show this behavior and will show how PSM depends
on the sparsity. We have Theorem 1 that the infimum of PSM is the
sparsity obtained as the number of sensors increases. Different from
the results in [3], [4], [5], the work of ours gives analytical results.
Our analysis works for a small number of sensors as well. Second, we
have shown that the decoder which uses the prior information obtains
benefit in terms of the Signal to Noise Ratio (SNR). Specifically,
Theorem 2 tells us how the required SNR decreases as the number
of sensors changes.
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I. INTRODUCTION AND MOTIVATION

Compressive sensing (CS) have got attention as a promising signal
processing technique to reduce information rate of sparse signals
[1]. One line of CS related researches are to devise low complexity
recovery algorithms since the conventional L1-norm based recovery
algorithms still have high computational complexity for practical
applications. Recently, a few researchers have made an attempt to
apply probabilistic message passing (PMP) ideas to CS recovery [2],
[3] since PMP has provided a successful solution for low complexity
decoding while showing suboptimal performance in channel coding
problems, such as low-density parity check codes [4].

Motivated by such previous works, in this paper, we propose a
new least square estimation (LSE) based CS recovery algorithm by
applying PMP, called PMP-LSE. It is well known that CS recovery
is basically an underdetermined system and it can be reformed as
an overdetermined system with the support set information (SI).
Therefore, in the proposed algorithm, PMP undertakes to find the
SI of the signal to reform the recovery to an overdetermined case,
and then LSE completes the recovery using the SI. Mainly, PMP-
LSE has two strong benefits. First, PMP-LSE shows outstanding
performance with noisy measurements by removing the noise effect
from elements belonging to the non-support set. Second, PMP-LSE
prevents the recovery from diverging. Under certain conditions, PMP
based algorithms fails in the recovery due to divergence caused by a
large number of iterations. In the algorithm, however, the possibility
of the divergence highly decreases since PMP is only used to search
the SI with a few iterations.

II. PROBLEM SETUP

We consider a sparse signal x € R”™ whose sparsity is character-
ized by ¢, named sparsity rate. With the sparsity rate g, each element
of x belongs to the support set denoted by S. Hence, |S| corresponds
to Binomial random variable with B(N, ¢). Let xs € RIS! denote
a vector consisting of nonzero elements belonging to S, and assume
that each element of xs follows Gaussian distribution with N (0, o2).
We also assume that the sensing matrix is a well-designed binary
matrix, ie, ® € {0, 1}MXN, according to [5] such that the
measurements y € R are generated by y = ®x. Then, noisy
measurements z € R at the decoder are described as z =y + n,
where each element of n € R* is Gaussian noise with N(0,c2).

III. ALGORITHM

The algorithm is divided into two parts: PMP and LSE.
i) PMP: PMP consists of two kinds of probability calculations based
on Bayesian rule: Variable to check message (VCM, v;_.;) and check
to variable message (CVM, c;_.;) calculation where 7 and j indicate
the index of elements of x and z, respectively.

VCM : vﬁﬁj = p{ailz} = C'p{ai} x H et (1)

kg =1,k
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Fig. 1. MMSE performance of PMP-LSE (N=100,M/=80,q=0.1,Niter=3)

CVM :c)_; := P{zjlz} = P{z; — %

ki jp=1,k7i

Tk + zi|Ti }

l

= p{zjlany zk : ;. =1} *vfﬂﬁj O *Vijqﬂj(z)

Here, [ is the number of iteration, ¢;; is the (j,¢) th element of ®, L;
is the number of ones in jth row of ®, and C! is the normalization
constant for [th VCM. And, * indicates the convolution operation.
At each iteration, PMP updates VCM and CVM by exchanging the
probabilistic messages among the elements of x and z. After a few
iterations, PMP distinguish the elements of the support set with a
certain threshold denoted by V.

ii) LSE: Once the SI is given, xg is easily estimated only using
the corresponding columns of ®, denoted by ®g, ie, xs =
(®E ®s) ' ®Lz. By combining the SI and xs, PMP-LSE completes
to find the recovered signal X.

IV. NUMERICAL RESULTS

To demonstrate the performance, we simulated PMP-LSE with CS-
BP [2]. Figure 1 plots the MMSE per elements as a function of SNR
for variety of thresholds with three PMP iterations. Figure 1 shows
that PMP-LSE outperforms CS-BP notably in low SNR region. The
reason is that PMP-LSE prevents the corruption of zero elements
from the noise effect by pre-detecting the support set using PMP.
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Abstract—We consider a class of optimization problems for sparse
signal reconstruction which arise in the field of Compressed Sensing
(CS). A plethora of approaches and solvers exist for such problems, for
example GPRS, SparseLab, £,_£., £; magic, FPC_AS to mention a few.

Compressed Sensing applications lead to very well conditioned opti-
mization problems and therefore can be solved easily by simple first-order
methods. In this work we demonstrate that a second-order method such
as an interior point algorithm can be specialized for the CS problems
and offer a competitive alternative to the existing approaches. The new
approach is based on the Matrix-free Interior Point Method [1] in which
an iterative (Krylov-subspace) method is employed to compute an inexact
Newton direction. The matrix-free IPM does not require an explicit
storage of the constraint matrix but accesses it only to get the matrix-
vector products. It is therefore well-suited for solving large scale problems
because it can take full advantage of the low-complexity fast matrix-vector
operations. A partial Cholesky preconditioner is employed to accelerate
the convergence of the Krylov-subspace method. The computation of
the preconditioner requires only matrix-vector products and fits into
the matrix-free regime. Computational experience on the medium scale
one-dimensional signals (n = 4096) confirms that the new approach is
efficient and compares favourably with other state-of-the-art solvers.

I. INTRODUCTION

Interior point methods (IPMs) for linear and convex quadratic pro-
gramming enjoy an unequalled worst-case complexity result. Indeed,
they deliver a e-accurate solution to such problems in O(y/n1n(1/¢))
iterations, where n is the problem dimension. IPMs are usually
applied to solve problems to a high degree of accuracy (small ¢, say,
10~8). However, it is straightforward to specialize them to work in a
significantly less demanding environment such as that of Compressed
Sensing where accuracy of € = 10~ is often all the user wishes for.

The optimization problems arising in Compressed Sensing applica-
tions are very well-conditioned and therefore trivial from optimization
point of view. This explains why the simple approaches based on
projected gradient can solve these problems so efficiently. In this
short note we argue that a specialized Interior Point Method (IPM),
implemented in the HOPDM solver, can offer a competitive approach
for optimization problems arsing in Compressed Sensing applications.

II. FUNDAMENTALS OF MATRIX-FREE IPM

The interior point solver for convex quadratic programming needs
to solve a particular weighted least-squares problem at each iteration.
This is usually done by a direct approach which is based on the
Cholesky factorization. In a relaxed environment in which only an
approximate solution of the problem is requested it is advantageous
to employ an iterative method such as for example the conjugate
gradient algorithm to solve the underlying system of linear equations.
An exact Newton method employed in the standard IPM is then
replaced with an inexact one [1].

Jacek Gondzio
School of Mathematics and Maxwell Institute
The University of Edinburgh
Mayfield Road, Edinburgh EH9 3JZ
United Kingdom.
Email: J.Gondzio@ed.ac.uk

TABLE I: Comparison table

R. Gaussian. [ Orth. R. Gaussian. [ Part. Hadamard

Solver CPU times (sec)
CPU | MSE [ CPU | MSE | CPU | MSE
HOPDM 8.50 7.5e-3 | 12.36 1.5e-2 8.61 1.1e-2
GPSR 6 1.61 4.0e-4 1.15 1.9¢e-4 1.08 1.7e-4
FPC_AS 0.53 7.3e-4 0.75 1.3e-4 0.75 1.1e-4
PDCO 10.29 1.8e-2 11.72 8.2e-2 10.04 7.6e-3
01 L 8.60 4.0e-4 5.50 1.9¢-4 4.47 1.7e-4

To achieve fast convergence of the iterative algorithm one needs to
use a suitable preconditioner for the linear system. The preconditioner
in the Matrix-Free IPM [2] is constructed in two steps. Firstly, the
linear algebra subproblem is regularized and secondly a low-rank
partial Cholesky factorization for this regularized system is computed.
The process of computing the preconditioner does not require explicit
access to the Jacobian matrix: only matrix-vector multiplications with
this operator are needed and therefore the approach can take full
advantage of the low-complexity matrix-vector operations which rely
on the low-parametric representation of the Jacobian matrices.

III. COMPUTATIONAL EXPERIENCE

We consider CS problems analogous to the ones in [3]. The recon-
struction of the sparse signals is achieved via random Gaussian (R.
Gaussian.), orthonormalized random Gaussian (Orth. R. Gaussian.)
and partial Hadamard (Part. Hadamard.) m X n sensing matrices.

The table (I) shows the computational time and the mean squared
error (M SE = M) of the reconstructed signals for the matrix-
free HOPDM and some of the existing state-of-the-art solvers:
GPRS, FPC_AS, SparseLab (PDCO), £,_¢;.

In the case of table (I), sparse signals n = 4096 with 160 ran-
domly placed spikes were generated. The sensing matrices: Gaussian,
orthonormalized Gaussian and partial Hadamard with m = 1024 and
n = 4096 were used. Moreover, white noise with o2 = 1074 is
added in the sampled signal and finally, the optimality tolerance for
the termination criteria of each solver has been set to 1072,
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|. EXTENDED ABSTRACT

Adaptive filters are crucial in many signal processing applications.
Recently, a simple configuration was presented to introduce a bias
in the estimation of adaptive filters using an adaptively adjusted
multiplicative factora(n), showing important gains in terms of mean
square error with respect to standard adaptive filter operation, mainly
for low signal to noise ratios (see [1]).

In this paper, we modify that scheme to obtain further ad-
vantages by splitting the adaptive filter coefficients intb non-
overlapping blocks, and employing a different scaling faetgrwith
m = 1,..., M for the coefficients in each block. In this way, bias
vs variance compromise is managed independently in each block,
allowing an enhancement if the energy of the unknown systemgg, 1 Biock diagram of the proposed scheme. Note that wedcemiploy
non-uniformly distributed, as it is the case of sparse identificationany kind of transversal adaptive filter.

The proposed scheme is based on a blockwise decomposition of
an adaptive filterw(n) with length NV in blocks of P = N/M
coefficients each. In order to implement a scheme able to selectiviljich is less or equal than the MSE of the original unbiased filter,
bias certain blocks of coefficients, we can multiply the correspondintgth the equality holding fory;, =1V m.
coefficients by a shrinkage facter,, to be adjusted according to In the paper we also present a practical algorithm for learning
mean squared error (MSE) performance. The output of the 'blocknd adapting the value of the scaling factors, since adaptive:)

Adaptive filter
w(n)

biased’ scheme can then be obtained as learning rules are in general necessary to adapt to possible time-
o o varying optimum solutionw, or SNRs. Following [1], adaptive
ypB(n) = Z amwﬁ(n)um(n) _ Z CmYm (n). (1) scheme from [2] (originally proposed for adaptive filter combinations)
i — will be employed, where a normalized stochastic gradient algorithm

. _is followed in order to minimize the power of the whole error of the

whereu,, (n) andw,, (n) are the blocks of input vector and adapt'vescheme, i.eces(n) = d(n) — yes(n).
filter necessary to obtain the partial Ol_Jth""t (7_1) (see Fig. 1). Whole paper includes a set of experiments to compare the steady-

Note that forM = 1 this scheme is equivalent to that of [1].qate performance of our proposal and the optimum values resulted
However, when identifying an optimal solutiowo(r) with sparse 4 the analysis. This comparison shows that the proposed scheme is
;tructure_ under_whlte noise conditions, t_h? apparent SNR affectigge ¢, approximate both the optimal steady-state value of mixing pa-
filter weights will depend on each coefficient absolute value, thyg\aters and the optimal EM). In addition, influence of number
justifying the use of different multiplicative factors,.. As explained ¢ poc1s 17 s studied, since its adjustment imposes a compromise
in [1] using a., < 1 decreases the variance of the estimation of the, ing the gains of our proposal with respect to operation of a
_optlma_l solution coefficients in exchange of an.lncreased bias, mak'&ﬂgle adaptive filter, and computational cost. Experimental evaluation
it possible to reduce the overall MSE of the filter. _ concludes with a study of the convergence properties of our scheme,

In this paper, a steady-state analysis is developed with the aif,ing an appropriate performance and reconvergence ability when

of finding the optimal scaling factors,, with m = 1,..., M that gNR or unknown impulse response suddenly changes, without any
minimize the steady-state MSE of the proposed configuration. TBﬁori information about filtering scenario.

conclusions of this analysis are that:
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