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Abstract

Many scientific and engineering problems require us to process measurements
and data in order to extract information. Since we base decisions on information,
it is important to design accurate and efficient processing algorithms. This is often
done by modeling the signal of interest and the noise in the problem. One type of
modeling is Compressed Sensing, where the signal has a sparse or low-rank repre-
sentation. In this thesis we study different approaches to designing algorithms for
sparse and low-rank problems.

Greedy methods are fast methods for sparse problems which iteratively detects
and estimates the non-zero components. By modeling the detection problem as an
array processing problem and a Bayesian filtering problem, we improve the detection
accuracy. Bayesian methods approximate the sparsity by probability distributions
which are iteratively modified. We show one approach to making the Bayesian
method the Relevance Vector Machine robust against sparse noise.

Bayesian methods for low-rank matrix estimation typically use probability dis-
tributions which only depends on the singular values or a factorization approach.
Here we introduce a new method, the Relevance Singular Vector Machine, which
uses precision matrices with prior distributions to promote low-rank. The method
is also applied to the robust Principal Component Analysis (PCA) problem, where
a low-rank matrix is contaminated by sparse noise.

In many estimation problems, there exists theoretical lower bounds on how well
an algorithm can perform. When the performance of an algorithm matches a lower
bound, we know that the algorithm has optimal performance and that the lower
bound is tight. When no algorithm matches a lower bound, there exists room for
better algorithms and/or tighter bounds. In this thesis we derive lower bounds for
three different Bayesian low-rank matrix models.

In some problems, only the amplitudes of the measurements are recorded. De-
spite being non-linear, some problems can be transformed to linear problems. Earlier
works have shown how sparsity can be utilized in the problem, here we show how
the low-rank can be used.

In some situations, the number of measurements and/or the number of parame-
ters is very large. Such Big Data problems require us to design new algorithms. We
show how the Basis Pursuit algorithm can be modified for problems with a very
large number of parameters.






Sammanfattning

Manga vetenskapliga och ingenjorsproblem kréaver att vi behandlar métningar
och data for att finna information. Eftersom vi grundar beslut pa information &r
det viktigt att designa noggranna och effektiva behandlingsalgoritmer. Detta gors
ofta genom att modellera signalen vi séker och bruset i problemet. En typ av model-
lering d&r Compressed Sensing dir signalen har en gles eller lagrangs-representation.
I denna avhandling studerar vi olika sdtt att designa algoritmer for glesa och
lagrangsproblem.

Giriga metoder &r snabba metoder for glesa problem som iterativt detekterar
och skattar de nollskilda komponenterna. Genom att modellera detektionsproblemet
som ett gruppantennproblem och ett Bayesianskt filtreringsproblem forbattrar vi
prestandan hos algoritmerna. Bayesianska metoder approximerar glesheten med
sannolikhetsférdelningar som iterativt modifieras. Vi visar ett sitt att gora den
Bayesianska metoden Relevance Vector Machine robust mot glest brus.

Bayesianska metoder for skattning av lagrangsmatriser anvénder typiskt sanno-
likhetsfordelningar som endast beror pa matrisens singularvéarden eller en faktoris-
eringsmetod. Vi introducerar en ny metod, Relevance Singular Vector Machine,
som anvinder precisionsmatriser med a-priori férdelningar fér att inféra lag rang.
Metoden anvénds ocksa for robust Principal Komponent Analys (PCA), dér en
lagrangsmatris har storts av glest brus.

I manga skattningsproblem existerar det teoretiska undre granser fér hur véil en
algoritm kan prestera. Nar en algoritm moter en undre gréans vet vi att algoritmen ar
optimal och att den undre griansen ar den basta mojliga. Nar ingen algoritm moter
en undre grans vet vi att det existerar utrymme for béttre algoritmer och/eller
béttre undre granser. I denna avhandling hérleder vi undre grénser for tre olika
Bayesianska lagrangsmodeller.

I vissa problem registreras endast amplituderna hos métningarna. Nagra prob-
lem kan transformeras till linjara problem, trots att de &r olinjara. Tidigare ar-
beten har visat hur gleshet kan anvéndas i problemet, hér visar vi hur lag rang kan
anvandas.

I vissa situationer &r antalet métningar och/eller antalet parametrar mycket
stort. Sadana Big Data-problem kraver att vi designar nya algoritmer. Vi visar hur
algoritmen Basis Pursuit kan modifieras nir antalet parametrar dr mycket stort.
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Chapter 1

Introduction

Even more important is the information and conclusions we extract from

them. This importance is illustrated in several historical examples. For
example, in 1901, a discouraged Wilbur Wright stated that “man would not fly
in a thousand years” after their second design of a glider plane crashed in several
trials [WKWO02|]. Even though the theory of flight was well understood, it was not
known if the force would ever be enough to lift an airplane and cargo. One parameter
in the lift equation which describes the mechanics of flight is the Smeaton coefficient,
which relates speed and lifting force. In 1901, it was widely believed that the value of
the Smeaton coefficient was 0.0054. With this value of the coefficient, the brother’s
glider should be able to carry one man. After several crashes, the Wright brothers
began to question the value of the Smeaton coefficient. They therefore began to
build their own wind tunnel to estimate the coefficient. After several measurements,
the Wright brothers determined the Smeaton coefficient to be closer to 0.0033. With
this new value, they were able to construct a glider with better wings in 1902 and
perform the first ever powered controlled flight in 1903. Without a better estimate
of the Smeaton coefficient, the Wright brothers would probably never have made
their flight and the development of aviation would have been delayed.

In earlier times, a main difficulty was to perform the actual experiments and
measurements in order to obtain data. As “it is a capital mistake to theorize before
one has data” |[Doy94], data collection was often the main obstacle for many engi-
neering and scientific problems. Today, experiments are becoming easier to perform
with more and more ubiquitous (and cheaper) sensors. With easier data collection,
the main problems today are instead the communication, storage and processing
of data. To efficiently process data and measurements, it is necessary to construct
numerical procedures, algorithms, which combine the data to give us the estimates
and information we seek. The theory of such algorithms is commonly called esti-
mation theory in signal processing, regression in machine learning and quantitive
finance and inference in statistics. In this thesis, we consider the problem of design-
ing algorithms for a certain classes of estimation problems.

P I easurements and experience are important parts of all scientific activities.



2 Introduction

Let x1,x9,...,x, denote n parameters in our problem. The parameters can be
organized in an n-dimensional vector x € R™ and the measurement process can be
written as

y = Ax +n,

where A € R™*"™ is a known matrix representing the linear sensing operation, n €
R™ is additive noise and y € R™ is the observed measurements. In many scenarios,
the parameter vector x has some special structure. For example, often only a few
parameters are able to explain the majority of the data. This leads to a sparse
representation where many elements of x are zero. Can we exploit this knowledge
to construct better estimation methods? It turns out that the answer is yes. The
theory of exploiting sparsity and other structures is often called Compressed Sensing
[CW08]. In this thesis we will consider different methods for estimation of sparse
vectors and low-rank matrices. Further details is given in Chapter

1.1 Thesis scope and contributions

This thesis investigates different estimation methods for sparse and low-rank prob-
lems. The estimations methods are typically grouped into three classes: greedy
search methods, Bayesian methods and convex optimization based methods. We
touch on each class in this thesis. The contribution can roughly be divided into
three parts, each related to one class of algorithms. We first presents two methods
for improving greedy pursuit methods in Chapter 3. Next we consider Bayesian
estimation methods for sparse and low-rank problems in Chapters 4-7. Lastly we
consider convex methods for a non-linear estimation problem in Chapter 8 and fast
minimization of the £;-norm in Chapter 9. We summarize the structure of the thesis
in Table L1l

Structure Estimation method
Sparse Low-Rank | Greedy Bayesian Convex
Chapter |2 X X X
Chapter n X X
Chapter 5 X X
Chapter g X X X
Chapter 7 X X
Chapter g X X
Chapter[d| | X X X

Table 1.1: Overview of the structures and methods used in the respective chapters.
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Some of the results presented in the thesis have already been published in journals
and conferences, and some are under review. Parts of the thesis are adopted from
the corresponding research papers nearly verbatim.

Chapter

In Chapter [2| we give the background of the work. We present some modern engi-
neering problems and show how they are related to the work of the thesis. We have
tried to do so by including a minimal amount of mathematics and concentrate on
the main concepts and ideas. If you merely wish to understand the context of the
work and how it relates to other problems, this is the chapter for you.

Chapter

Greedy search algorithms are fast and computationally efficient algorithms for find-
ing sparse representations. It is desirable to improve the performance of the algo-
rithms without increasing the complexity (too much). In Chapter [3 we first consider
how the algorithms detect non-zero coefficients and improve the performance us-
ing beamformer techniques from array signal processing. Next, we examine how
Bayesian filtering methods can be used to improve detection and estimation by
modeling the parameters as random variables. The chapter is based on

e [SSJ13] M. Sundin, D. Sundman and M. Jansson, Beamformers for sparse
recovery. In IEEFE International Conference on Acoustics, Speech and Signal
Processing (ICASSP), pages 5920-5924, Vancouver, Canada, May 2013.

e [SJC13] M. Sundin, M. Jansson and S. Chatterjee, Conditional prior based
LMMSE estimation of sparse signals. In Proceedings of the 21st Furopean
Signal Processing Conference (EUSIPCO), pages 1-5, Marrakech, Morocco,
September 2013.

Chapter

When measurements are contaminated by outliers (in addition to the usual dense
noise), estimation becomes more difficult. Many sparse estimation methods have
been adapted to handle outliers by treating the outliers as part of a sparse parame-
ter vector to be estimated. However, this procedure increases the complexity of the
algorithms. It is therefore desirable to estimate the problem parameters without
explicitly estimating the outliers. In Chapter [4] we show how the Bayesian estima-
tion method the Relevance Vector Machine can be adapted for measurements with
outliers without explicitly estimating the outliers. The chapter is based on

e [SCJ14] M. Sundin, S. Chatterjee and M. Jansson, Combined modeling of
sparse and dense noise improves Bayesian RVM. In Proceedings of the 22nd
European Signal Processing Conference (EUSIPCO), pages 1841-1845, Lis-
bon, Portugal, September 2014.
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e [SCJ15b] M. Sundin, M. Jansson and S. Chatterjee, Combined modeling of
sparse and dense noise for improvement of Relevance Vector Machine. Sub-
mitted journal paper.

We note that [SCJ15b| is an extended journal version of [SCJ14].

Chapter

The low-rank reconstruction problem is closely related to the sparse recovery prob-
lem. However, a hierarchical Bayesian method, like the Relevance Vector Machine,
has not been developed for the low-rank reconstruction problem. In Chapter 5| we
develop such a method by introducing left and right precision matrices. We show
how the prior distribution of the precision matrices is related to the prior distri-
bution of the matrix to be estimated and compare the performance with existing
algorithms through numerical simulations. The chapter is based on

o |SCJR14] M. Sundin, S. Chatterjee, M. Jansson, C.R. Rojas, Relevance Singu-
lar Vector Machine for low-rank matrix sensing. In 2014 International Confer-
ence on Signal Processing and Communications (SPCOM), Bangalore, India,
July 2014.

e |SRJC] M. Sundin, S. Chatterjee, M. Jansson, C.R. Rojas, Relevance Singular
Vector Machine for low-rank matrix reconstruction. Accepted for publication
in IEEE Transactions of Signal Processing.

We note that [SRJC] is an extended journal version of [SCJR14].

Chapter [6]

Principal Component Analysis (PCA) is an important method for finding under-
lying patterns in data and measurements. However, PCA is not robust to outlier
noise in the data. To design estimation methods for robust PCA problem requires
combining methods for sparse and low-rank problems. In Chapter [6] we combine the
robust estimation technique from Chapter 4] and the low-rank estimation method
from Chapter [5| to construct a Bayesian learning algorithm for robust PCA. The
chapter is based on

o [SCJ15a] M. Sundin, S. Chatterjee and M. Jansson, Bayesian learning for
robust principal component analysis. In Proceedings of the 23rd FEuropean
Signal Processing Conference (EUSIPCO), pages 2361 - 2365, Nice, France,
September 2015.

Chapter

A fundamental tool in evaluating the performance of estimation algorithms is the-
oretical lower bounds. The Cramér-Rao Bound (CRB) is a theoretical lower bound
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for unbiased estimators of deterministic parameters. When the parameters to be
estimated are random, the CRB does not hold in general since the prior distribution
brings more information about the parameters. The Bayesian CRB (also called the
van Trees inequality) is a lower bound for random parameters. In Chapter m we
consider the Bayesian CRB for different low-rank matrix reconstruction problems.
We show that the extension of the CRB to the Bayesian setting with random pa-
rameters is not unambiguous and that several different bounds can be derived. The
chapter is based on

e [SCJa] M. Sundin, M. Jansson and S. Chatterjee, Bayesian Cramér-Rao
bounds for factorized model based low rank matrix reconstruction. Accepted
to the European Signal Processing Conference (EUSIPCO) 2016.

e [SCJb] M. Sundin, M. Jansson and S. Chatterjee, Bayesian Cramér-Rao
bounds for low-rank matrix reconstruction. In preparation.

We note that [SCJb| is an extended journal version of [SCJa).

Chapter

In many scenarios, such as X-ray crystallography, the problem contains non-linear
measurements. However, some problems can be transfered into non-linear problems
in another variable. One such problem is the phase retrieval problem. The phase
retrieval problem can be lifted to a positive semidefinite problem, by relaxing the
problem one then obtains the convex optimization problem PhaseLift, which can
readily be solved. The PhaseLift algorithm has been developed to sparse phase
retrieval problems, but lacks a low-rank matrix analogue. In Chapter [§] we show
how the low-rank phase retrieval problem can be lifted to a semidefinite program
using the theory of Kronecker product approximations. The chapter is based on

o [SCJ¢ M. Sundin, M. Jansson and S. Chatterjee, Convex recovery for low-
rank phase retrieval. In preparation.

Chapter [9]

The power of convex relaxation techniques for sparse problems is that efficient off-
the-shelf algorithms exist that can solve almost any convex optimization problem.
It is thus not difficult to implement sparse estimation methods based on convex
optimization. While the general methods are efficient, they can sometimes be beaten
in performance by specialized methods that solve the problem in another way. In
Chapter [9] we present such a method for the basis-pursuit problem. By considering
the geometry of the basis pursuit method we are able to derive conditions for
optimality of the solution. We then develop an algorithm based on these conditions.
The method has the advantage of exploiting the sparsity of the solution and does
therefore not need to keep all variables in memory. This makes the method suited
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for problems with large number of variables. We illustrate this point by using the
algorithm to find a wavelet decomposition of an image over all wavelet families in
Matlab. The chapter is based on

e [SCJ15¢] M. Sundin, M. Jansson and S. Chatterjee, Greedy minimization
of the L1-norm with high empirical success. In IEEFE International Confer-
ence on Acoustics, Speech and Signal Processing (ICASSP), pages 3816-3820,
Brisbane, Australia, April 2015.

Chapter

In the last chapter, we summarize the work presented in the thesis.

Contributions Outside the Scope of the Thesis

Besides the listed contributions, the author of this thesis has also contributed to
other related works listed below.

o |ZSJC12] D. Zachariah, M. Sundin, M. Jansson and S. Chatterjee, Alternat-
ing least-squares for low-rank matrix reconstruction. In IEEFE Signal Process-
ing Letters, vol. 19, no. 4, pages 231-234, April 2012.

o [LSRT16] K. Li, M. Sundin, C.R. Rojas, S. Chatterjee and M. Jansson, Al-
ternating strategies with internal ADMM for low-rank matrix reconstruction.
In Signal Processing, vol. 121, pages 153-159, April 2016.

o |[CSGC15| A. Casamitjana, M. Sundin, P. Ghosh, S. Chatterjee, Bayesian
learning for time-varying linear prediction of speech. In Proceedings of the
23rd European Signal Processing Conference (EUSIPCO), pages 325 - 329,
Nice, France, September 2015.

e [SVJC|] M. Sundin, A. Venkitaraman, M. Jansson, S. Chatterjee, A convex
constraint for graph connectedness. Conference paper. In preparation.

1.2 Copyright notice

Parts of the material presented in this thesis are partly verbatim based on the thesis
author’s joint works which are previously published or submitted to conferences
and journals held by or sponsored by the Institute of Electrical and Electronics
Engineer (IEEE). IEEE holds the copyright of the published papers and will hold
the copyright of the submitted papers if they are accepted. Materials (e.g., figure,
graph, table, or textual material) are reused in this thesis with permission.



Chapter 2

Background

measurements. This is usually done by 1) modeling the noise, 2) modeling the

signal and 3) using the models to construct an algorithm (an estimator) to
extract the information from the data. How accurate we manage to extract the
information naturally depends on how accurate and flexible our models are. A very
precise model can be very efficient if it is correct and very poor if it is incorrect,
while a very flexible model can account for many different models but may not be
as accurate. In this thesis we will mainly discuss a combination of two different
models, Bayesian models and parsimonious models. Bayesian modeling is a way to
model prior knowledge and uncertainty using probability theory. Using Bayesian
methods, it is possible both to extract information and quantify the uncertainty of
the information. Parsimonious models are models where the information content
is a fraction of the signal content, i.e. the signal is strongly redundant and can be
compressed a lot without losing any information. Many natural signals are parsimo-
nious, something which makes them easier to extract. Here we especially consider
sparse and low-rank models. We will show how Bayesian methods can be used to
handle different parsimonious models.

In signal processing, one important task is to extract a signal from from noisy

2.1 Bayesian modeling

Probability theory allows us to calculate the probability of an event and it also
allows us to calculate the probability of a second event given that a first event has
occurred. This is commonly known as conditional probability. Bayes rule allows us
to reverse conditional probabilities, allowing us to compute the probability that
the first event happened given that we observed the second event. Let P(A) be
the probability of an event A, P(B) be the probability of an event B and P(B|A)
be the probability of event B given that A has occurred. Bayes rule allows us to
compute the reverse probability P(B|A), i.e. the probability that A did occur given

7
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I} n n n
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Figure 2.1: The prior (in blue) and the posterior (in red) probability of getting heads
when flipping a coin. The prior suggests that the coin most probably is balanced
while the posterior (given after observing Nj, = 5 heads and N; = 15 tails) suggests
that the coin is biased.

that we observed the event B, as

P(A[B)P(B)

P(BIA) = =55

Bayes rule is useful since it allows us to find the most probable cause of an event.

Consider the problem of deciding whether a coin is balanced or not. Assume
that the probability of heads is ¢, then the probability of tails is 1 — q. We have a
high degree of confidence that the coin is balanced (p = ). We model this prior
knowledge by assigning a prior distribution p(q) to the probability g. After we
observe Nj, heads and N; tails in N, + N; independent trials, Bayes rule gives us
that the posterior distribution of ¢ is

p(beads|g)™ p(tailsjg)*p(q) ¢ (1-¢)"p(e)
[y p(heads|q)Nrp(tails|g)Nip(g)dg [ qN» (1 — q)Nep(q)dg

In the coin-flipping example, it is common to use a Beta-distribution as a prior
distribution. An example of a prior and posterior distribution is shown in Figure

Bayesian methods are useful even when the prior knowledge is weak. In that
case, the prior is often chosen to be as non-informative as possible. This can be done
by selecting the prior to be approzimately flat or by using the Jeffries prior which
is invariant under change of variables. Prior distribution for which the posterior is
of the same type as the prior distribution are called conjugate priors. Conjugate
priors are useful since statistical inference can be performed more easily than for
non-conjugate priors.

Sometimes we want to chose a prior distribution in which the parameters of the
prior distribution are themselves random variables. Such priors are called hierarchi-

(q|Nh7 )
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Figure 2.2: The energy in each frequency of a violin tone.

cal priors since the model consists of several layers of random variables. Hierarchical
priors are often very flexible and can thus model several different distributions. To
do inference in hierarchical priors often requires approximate inference methods.

2.2 Sparsity

Many tones of musical instruments have their energy concentrated to just a few
frequencies, for example, a violin tone has it energy concentrated to one main fre-
quency with residual energy in several smaller overtones, see Figure The violin
tone thus has an approximately sparse representation in the frequency domain.
Other instruments also have sparse representations, for example the beats of a
drum can be sparsely represented in the time domain. Most natural signals have
sparse representations in some domain.

The fact that sparse signals contain less information than an arbitrary signal
can be exploited to reconstruct the signals also when the number of measurements
is not sufficient for standard reconstruction techniques. One example of this is from
Magnetic Resonance Imaging (MRI). In MRI, a sample (e.g. a part of the body)
is exposed to a magnetic field which varies in space. The magnetic field causes the
magnetic moments of the hydrogen atoms to align with the magnetic field. The
atoms are then exposed to a magnetic pulse which excites the magnetic moments.
When the atoms relax back into equilibrium they emit radiation with frequency
proportional to the strength of the magnetic field. This produces a signal whose
amplitude is proportional to the density of hydrogen atoms. By computing the
Fourier transform of the signal we can find the average concentration of hydrogen
atoms in the area which has the same magnetic field strength. The measurement
process thus gives a sub-sampled Fourier transform of the image. Each measurement
takes about a half second, making MRI imaging a time consuming process (imaging
the brain takes about 20-45 minutes). The many measurements needed for MRI
makes it hard to apply to sensitive parts of the body. It is therefore desirable to
reduce the number of measurements needed.

An often used toy-model for MRI is the Shepp-Logan phantom [SL74] shown in
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Figure 2.3: (a) The Shepp-Logan phantom. (b) Total variation of the Shepp-Logan
phantom.

Figure (a). The phantom image is used since it shares many of the properties
of standard MRI images. The figure is not sparse, but has large areas where the
intensity /color is constant. This means that the total variation (local difference of
pixel values), shown in Figure (b), is sparse. Real MRI images have similar
sparsity since the body consists of regions with different tissue (e.g. muscle, organ
and bones). A MRI image can thus be reconstructed by finding the image with the
sparsest total variation which give rise to the observed measurements.

The image can be represented by a matrix X € RP*? in which the components
X, j represent the gray-scale intensity at pixel (¢, j). The total variation of the image
is a matrix V(X) with elements

Vi; (X) = \/(Xi,j — Xij+1)?+ (Xij; — Xig1,5)%

The problem of finding the image with the sparsest total variation can thus be
expressed as the optimization problem
X —argmjn [V(X)[lo
X (2.1)

subject to Y; ; = DFT5(X), ;, for all (i,7) € Q

where X is the reconstructed image, DFTy(X); ; denotes the (i,7) component of
the image Fourier transform, 2 is the set of observed Fourier components and

IVllo = {(7,4) : Vij # 0}

is the £p-norm of V (the number of non-zero components). The ¢p-norm is not a
norm in the proper mathematical sense but serves as a useful notation. A problem
with the optimization problem is that the £y-norm is a hard to minimize, i.e.
we often need to try every possible combination to find the minimum. This requires
too much time, so the combinatorial solution is not useful in practice. An alternative
is to instead minimize a function which approximates the £y-norm, common choices



2.2. Sparsity 11

Figure 2.4: Reconstruction of the Shepp-Logan phantom from MRI measurements
using the fo-norm and ¢;-norm.

are the /1-norm and fo-norm

VI =) WVigl, VI = [> Vil
iJ iJ

The advantage of using the ¢; and ¢5-norm is that the problem becomes convex
and can thus be solved using standard methods from convex optimization. In Fig-
ure [2.4] we show the reconstructed image using the ¢5 and ¢;-norm. We find that
while both images resemble the original, the image reconstructed using the £3-norm
has several artifacts and the image reconstructed using the /;-norm is very close to
the original. The difference is because the total variation is sparse and the ¢;-norm
better promotes sparsity than the fs-norm.

The general sparse reconstruction problem can be described as follows. Let
x € R" be a sparse parameter vector and assume that we linearly measure x as

y =Ax+n, (2.2)

where A € R™*™ is a known measurement matrix and n is additive noise. It is
typically assumed that the noise is i.i.d. Gaussian. The problem is to recover x from
y. When x is not sparse, we in general need more measurements than parameters,
i.e. m > n, to reconstruct x while sparse x can be reconstructed also when m < n.

To find the sparsest solution, we need to minimize the fyp-norm of x, i.e. the
number of non-zero components. The solution of trying every combination, an ex-
haustive search, is often infeasible since it takes too long time. For this reason,
several other methods have been developed for finding sparse solutions. The meth-
ods are often classified as convex optimization based, greedy search based methods
and Bayesian methods.

Convex optimization based methods formulates the estimation problem as an
optimization problem. This is done by making the residual ||y — Ax[|3 small while
simultaneously minimizing a function g(x) which is “small” when x is sparse. A
common choice is to use the ¢1-norm where g(x) = [|x||1 = >, |z;|, the estimator
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dh
NI

Figure 2.5: The intuition to why the /;-norm gives a sparse solution. The green line
shows the values of x such that y = Ax and the red lines shows the minimal ¢,
and ¢;-ball that intersect the green line. The point of intersection is the resulting
estimate. We see that the /;-norm is more likely to recover a sparse solution.

is then often called Basis Pursuit Denoising (BPDN) [CRT06]. The problem can be
formulated as

min ||y — Ax|[3 + \g(x) (Tikhonov regularization)

min g(x),
'g &) (Morozov regularization)
subject to ||y — Ax||2 <€

min ||y — Ax||s,

Ivanov regularization
subject to g(x) < ¢ ( 8 )

where A e,0 > 0 are positive constants. For the ¢;-norm, the Tikhonov regular-
ization is often refereed to as the LASSO estimator [Tib96] (for the Least Angle
Shrinkage and Selection Operator). The reason for using the ¢;-norm, rather than
the f5-norm is that the ¢;-norm is more likely to recover a sparse solution, as shown
in Figure This argument can be made mathematically precise [CRT06].

When the sparsity, ||x||p = K, is known, a good alternative to optimization
based methods is greedy search methods. A greedy search is a method which adds
elements sequentially by making a greedy decision in each iteration. Greedy meth-
ods are usually much faster than optimization based methods because of their lower
complexity. To increase the accuracy often means resorting to more computation-
ally complex methods that are more time demanding. It is desirable to find methods
to improve the accuracy of greedy search methods without increasing the compu-
tational complexity. In Chapter [3] we will show a method to improve the accuracy
of greedy search methods, without increasing their computational complexity. We
will also relate the approach to Bayesian filtering methods.

When neither the sparsity nor noise power is known, Bayesian methods are often
preferable. Bayesian methods model sparsity by assigning prior distributions to the
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parameters and the noise and then iteratively updating the distributions to obtain
a good estimate. Bayesian methods are often able to learn both the sparsity and
noise power from data alone.

2.3 Robust methods

Sparse reconstruction is closely related to robust estimation methods. In the mea-
surement model , it was assumed that the noise components have the same
variance, i.e. the noise is the same in all measurements. However, in many sce-
narios, some noise components are very large (outliers). This can severely perturb
the final estimate. To perform estimation from measurements with outliers requires
robust estimation methods.

Outliers often occur when some datapoints are not well described by the model.
Consider, for example, the problem of predicting house prices. It is plausible to
assume that the house price increase with the number of rooms. In Figure we
show the house prices versus the average number of rooms from the Boston housing
dataset [ANO7]. The presence of outliers show that other factors also influence the
house price. Using normal regression methods (least squares) we obtain the red line
in the figure while removing many outliers gives the green line. Since the lines differ
we find that the outliers affect our prediction and that a better prediction can be
made when taking the outliers into account. By removing the outliers, the trend
only models the majority of house prices and not the outliers.

55
50 O O O o O O O O
45} %o

40}

35

Median price in $1000

Average number of rooms

Figure 2.6: Predicting the trend of house prices from the Boston housing dataset.
Not taking outliers into account gives the red line of regression, while taking outliers
into account gives the green line of regression. The green line better shows the trend
in house prices.
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The model for measurements with outliers can be written as
y=Ax+e+n, (2.3)

where e € R™ is a sparse vector containing the outliers, n € R™ is (dense) mea-
surement noise, y € R™ is the observed measurements, A € R™*™ is a known
measurement matrix and x € R™ is the parameter vector of interest. Since the
number of outliers is small, it is natural to use sparsity seeking methods. A stan-
dard approach is to concatenate x and e into a single vector and estimate the full
vector using sparsity seeking methods. In chapter |4 we will introduce a Bayesian
method for estimating x without estimating e.

2.4 Low rank matrices

Another parsimonious model is low-rank matrices. The rank of a matrix is the
number of linearly independent column (or row) vectors of the matrix. A low-rank
matrix is thus a matrix where the columns can be represented as linear combinations
of a low number of (unknown) basis vectors. This can be interpreted as that there
are a low number of factors which explain/describe the data in the matrix. Low
rank matrices are used in many applications such as system identification [Faz02,
ZSJC12], localization |[CP10] and recommender systems [KBV09].

Recommender systems analyze the preferences of customers and try to rec-
ommend products the customers might like. Such systems are used by the online
retailer Amazon, the movie streaming service Netflix and many others. The recom-
mendation problem is to predict the ratings users are likely to give unseen products,
i.e. find ratings to products the user has not viewed. Finding a high missing rating
means that the product is likely to be bought by the customer. By recommend-
ing the product to the customer it is therefore possible to make a sale and earn
money. A small example is shown in Table We see that user 1 probably prefers
product 2 since user 1 is similar to user 2, it is therefore good to recommend prod-
uct 3 to user 1. Recommendation systems formalize the notion similarity so that
recommendations can be made automatically by a computer.

The main assumption of many recommendation systems is that the user-product
matrix of ratings is low-rank. This is because a person often prefers a product based
on some features such as e.g. genre, actors or director in the case of movies. The
ratings are thus modeled as

.
[user 4’s rating of product j] = Z [i’s rating of feature k| - [% of j in feature k.
k=1

The main advantage of this model, compared to e.g. content based recommenda-
tions, is that the features do not need to be known a-priori. The system can thus
learn [i’s rating of feature k] and [% of j in feature k| for each user, product and
feature in order to find the missing ratings. Using user-product ratings to infer
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Product 1 Product 2 Product 3 Product 4

User 1 1 ? ? 5
User 2 2 5 ? 5
User 3 1 ? 3 ?
User 4 1 4 ? ?
User 5 ? 5 2 ?

Table 2.1: A user-product rating matrix with ratings (1 — 5) and unknown ratings
(question marks). The goal of recommender systems is to find high missing rating
so that the product can be recommended to the user.

unseen ratings is commonly called collaborative filtering. The key assumption in
collaborative filtering is to assume that the number of features is small.

The general low-rank matrix reconstruction (LRMR) problem is to recover a
low-rank matrix X € RP*? with elements X;; (where 1 < i <pand 1< j <gq)
from measurements

P

q
Uk =Y A Xij + iy (24)

i=1 j=1

where 1 < k < m, the coefficients Ay;; are known and ny is additive noise. In
collaborative filtering, each matrix A choses a single element from X, this is often
called matriz completion. The LRMR problem is a more general problem and
contains matrix completion as an important special case. Similarly as for sparsity,
the rank is hard to minimize directly. It is therefore common to instead minimize
a penalty function which approximate the rank function. Rank can be related to
sparsity through the singular value decomposition (SVD). The SVD of a matrix
X € RP*1 ig a factorization

g1 0 0
0 0 O

where k = min(p, ¢), the matrices U and V are unitary and the parameters o1 >
o9 > -+ > 0 > 0 are called the singular values. The rank of a matrix equals the
number of non-zero singular values, so promoting sparsity in the singular values is
equivalent to promoting low-rank. The LRMR problem can thus be written as e.g.

min g¢(X), subject to ||y — Avec(X)|[3 <€
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Product 1 Product 2 Product 3 Product 4

User 1 1 5.0 1.9 5
User 2 2 5 2.3 5
User 3 1 2.7 3 2.7
User 4 1 1.6 4.0
User 5 1.3 5 2 5.0

Table 2.2: Completion of the user-product rating matrix in using the Nuclear
norm.

To promote low-rank, different penalty functions g(X) can be used such as

min(p,q)
9(X) = Z 0i(X) = tr((XXT)1/2), (Nuclear norm)
i=1
min(p,q)
9(X) = Z (0(X)? +€)¥/? = tr(XX T + EIp)S/2)7 (Schatten s-norm)
i=1
min(p,q)
9(X) = Z log(ci(X)? 4 ¢) = logdet(XX " + el,). (log-determinant)

=1

The “ball” of the penalty functions (the set of matrices such that g(X) = constant)
are illustrated in Figure for X = diag(x,y). We find that the Schatten s-norm
reduces to the Nuclear norm when s = 1 and € = 0. One advantage of the Nuclear
norm is that it is convex and thus has a unique minima. It can be shown that the
Nuclear norm recovers the true matrix X with high probability from a sufficient
number of random measurements [CP10]. For example, by performing Nuclear norm
minimization for the product recommendation problem in Table we obtain the
product predictions in Table We find that, as expected, product 2 should be
recommended to user 1.

Figure 2.7: The “balls” of the Nuclear norm, the Schatten-0.5 norm and the log-
determinant penalty for X = diag(z, y).
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One disadvantage of the Nuclear norm is that the noise power needs to be known
a-priori. When the noise power is unknown, Bayesian methods are preferable since
they can learn the noise power from the data. In Chapter [5| we will present one
Bayesian method for LRMR where the distributions of the hyper-parameters can
be related to certain penalty functions.

2.5 Robust principal component analysis

An important special case of low-rank matrix reconstruction is robust Principal
Component Analysis (PCA). In regular PCA, we measure all elements of a low-
rank matrix as

Y=X+N,

where Y € RP*? is the observed measurements, N is additive measurement noise
and X € RP*Y is the low-rank matrix of interest. PCA can be interpreted as
extracting the most informative features of a dataset. Finding the mean of the
dataset means finding a special rank-1 approximation while a rank-r approxima-
tion is related to finding the r most informative deviations from mean (princi-
pal components). Consider, for example, the hand-written 5’s from the MNIST
dataset [LCB9S| in Figure By stacking the vectorized images we obtain a ma-
trix with the singular values shown in Table We find that the 25 first (out
of 784) singular values contain 85% of the total squared Frobenius norm of the
matrix, this can be interpreted as that 85% the information is contained in the
25 first singular vectors. Calculating the 5 first principal components we find the
images shown in Figure We see that the first image is similar to the mean of
the dataset while the other images shows the most common deviations from the
mean.

However, PCA is not a robust technique, meaning that outlier noise can severely
perturb the singular vectors, thus distorting the result. To design robust methods
for PCA thus requires combining low-rank and sparse methods. The measurement

Figure 2.8: Handwritten 5’s from the MNIST dataset.
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k| 1] 5 | 10] 2
fraction | 48% | 67% | 75% | 85%

Table 2.3: The fraction of the squared Frobenius norm contained in the first &
singular values. The full dataset has 784 singular values.

1535 9

Figure 2.9: First 5 singular vectors of the 5’s from the MNIST dataset.

model can be expressed as
Y=X+S+N R,

where Y is the observed measurements, X is a low-rank matrix, S is a sparse matrix
containing the outliers and N is dense additive noise. The problem has similarities
with the matrix completion problem since the values of some components are very
noisy. However, unlike in the matrix completion problem, the positions of the noisy
elements are unknown in the robust PCA model. In Chapter [6] we discuss robust
PCA in more detail and present a Bayesian estimation method.

2.6 Bayesian Cramér-Rao bounds

In this thesis, we seek to develop estimation methods which makes the error as small
as possible. When developing new estimators, is it possible to indefinitely decrease
the error by developing better and better estimation techniques? It turns out that
the answer is negative.There exists theoretical limits to how well a parameter can be
estimated. The Mean Squared Error (MSE) of an estimator is the expected square
error of the estimate. It is a sum of its squared bias and variance as

MSE = bias? + variance.

The bias is the difference between the average (numerical) answer of the estimator
and the true answer and the variance is the average squared deviation from the
average answer. A high bias occurs when the estimation method has a large sys-
tematic error. A high variance occurs when the method is sensitive to measurement
noise. An estimator with zero bias is called unbiased.

Assume that we want to estimate a parameter x from a measurement y. Because
of the noise, y is a random variable with distribution p(y|z), and the estimate
% = Z(y) is also a random variable (since it depends on y). How well can we estimate
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x? If the estimator Z(y) is unbiased, the Cramér-Rao bound (CRB) [Kay98| gives
the following lower bound on the MSE,

1
MSE = variance > CRB = 7 (2.5)
y

where J, is the Fisher information

€ l(@logg;(y@))j .

When the parameters are random, the CRB is no longer a valid bound since the
prior distribution p(z) give additional information about . A bound for random
parameters is given by the Bayesian Cramér-Rao bound (BCRB) which takes the
prior distribution into account. The BCRB is given by

b
Jy + T

dlog p(z)\”
Ox ’
where the expected value is taken with respect to the distribution p(y, ) = p(y|x)p(z).
The BCRB is also known as the van-Trees inequality and the Borovkov-Sakhanenko
inequality. The CRB (2.5)) and BCRB (2.6) have multivariate counterparts for the

estimation of several variables. In Chapter [} we compute Bayesian Cramér-Rao
bounds for different models of random low-rank matrices.

MSE = variance > BCRB = (2.6)
where J, is given by

Iy =&

2.7 Phase retrieval

In many scenarios the measurements are non-linear. Non-linear problems are of-
ten harder to solve and require different estimation techniques. One example of
non-linear measurements is X-ray crystallography where a molecule or crystal is il-
luminated by X-rays and a diffraction pattern is measured as shown in Figure [2.10
In the process, the amplitude of the measurement is recorded, but the phase infor-
mation is lost. Since finding the true parameters is related to finding the phase of
the measurements, this estimation problem is often called phase retrieval.

Phase retrieval is traditionally solved by iteratively estimating the parameters
and the phases. The disadvantage of the traditional methods is that they require
many measurements to perform well. A more modern method is to [ift the non-linear
problem to a linear problem with rank constraints. As before, we can approximate
the constraints by penalty functions to give a problem we can solve numerically. This
solution method is called PhaseLift. PhaseLift can be adapted to sparse parameters
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Figure 2.10: In X-ray diffraction, a sample is exposed to X-ray radiation and a
diffraction pattern is measured. The diffraction pattern gives information about
the atomic structure of the sample.

without problems since the lifting procedure preserves the sparsity. However, it does
not work when the parameters comprise a low-rank matrix. In Chapter [8 we will
show how PhaseLift can be adapted to low-rank matrices.



Chapter 3

Improving greedy pursuit methods

tions. Even though the methods are sometimes less accurate than convex

optimization based methods, their simplicity and speed often make them
preferable for many problems. Greedy method finds a solution by iteratively make a
choice that gives the largest gain in the present iteration. Because of their lower ac-
curacy, it is desirable to improve the performance of greedy pursuit methods while
not decreasing the speed (too much).

In this chapter we present two methods for improving the performance of greedy
search methods. Both methods modify how the algorithm detects non-zero entries.
The first method is deterministic and models the problem as an array processing
problem while the second method uses a Bayesian approach and models the problem
as a stochastic filtering problem. The methods are shown to be equivalent in a
certain limit.

The goal of sparse reconstruction algorithms is to recover a sparse vector x € R™
from measurements

G reedy pursuits are fast and effective methods for finding sparse representa-

y = Ax+n, (3.1)

where A = [aj, ag, ..., a,] € R™*™ is the sensing matrix, n € R™ is additive noise
and x € R™ is a sparse vector. We here assume that the sparsity

[Ixllo = [{ilz; # 0}| = K.

is known a-priori. This assumption is necessary for many greedy search algorithms
in order to know when to stop the algorithm.

3.0.1 Exhaustive search

When the sparsity is known, the sparse reconstruction problem can be written as
the optimization problem

min ||y — Ax||2
xX

(3.2)
st ||x|jo < K

21
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When the support set I is known, the solution is given by the least squares estimate
)A(I = A?Yﬂ
)A(IC - 07

where I¢ = [n]\I is the complement set of I. The problem can be solved by
trying all possible support sets I such that |I| = K and chose the solution which
gives the smallest residual. This strategy is commonly called the exhaustive search
and requires solving (;'() systems of equations. The exhaustive search is typically
too slow to be useful in practice. Faster methods, such as greedy search methods,
are therefore often used to solve the sparse approximation problem in reasonable

time.

3.0.2 Orthogonal Matching Pursuit

One effective greedy pursuit method is Orthogonal Matching Pursuit (OMP) [TGO7].
The method works by iteratively detecting non-zero components and estimating
their value using least squares. In the first iteration, the algorithm estimates the
support set to be the empty set, I = (), and the residual to be the measurements,
r =y. OMP then adds the index which best describes the residual to the support
set as

i = arg min min ||r — a;z;||» = argmax|a; r|, (3.3)
K3 T (2
Tu{i} =1,

The method (3.3 for detecting non-zero components uses a matched filter. The
non-zero components are estimated using least squares estimation as

Ry = argrr}lcin [ly — AIXIH%-
I

The steps are repeated until the support set contains K elements, |I| = K. The
algorithm can be written as in Algorithm

Data: y, A K.
Initialization: r =y, [ =0, X, =0
while |/| < K do
i = argmax; |a; r|
Tu{i} =1
)A(] = A}’_y
r=y-— A]}A(]
end

Result: Estimated support set, I , and components, X;.

Algorithm 1: The OMP algorithm.
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OMP is an extension of the Matching Pursuit algorithm |[MZ93|] which, unlike
OMP, does not use least square estimation. Because in each iteration, the residual,
r, becomes orthogonal to the prediction, A;X;, OMP is an orthogonal version of
matching pursuit (hence the name). Several improvements to the OMP algorithm
has been proposed, see e.g. [WS12,[SM15}/CSS11,|SCS12,|CSVS12,|CSVS11,[BD0S,
YdH15,RG09,SGIH13,|[SACH14/WS11,| GAH98, RNL02].

How well OMP is able to recover a sparse vector depends on the sensing matrix
A. If the column vectors are close together, it is harder to find which vector is
active. How close the column vectors are can be measured by the mutual coherence.

Definition 3.1. The mutual coherence, u(A), of a sensing matrix A (with column
vectors of unit fe-norm) is the maximum absolute inner product of two column
vectors of A i.e.

#(A) = max[a] a|.
i#j

We see that when the mutual coherence is small, the column vectors of A are
nearly orthogonal. It then becomes easier to decompose y as a linear combinations
of atoms in A. When the mutual coherence is large, some column vectors are close
together and it becomes harder to distinguish which vector is active. This can be
formulated through the following theorem.

Theorem 3.0.1. Let u(A) be the mutual coherence of the sensing matriz A. If

K<;(1+M(1A)>, (3.4)

then OMP recovers all K -sparse vectors exactly from measurements y = Ax.

Proof. We can assume that the non-zero components of x are x1,zo,...,xx and
that the first component has the largest absolute value. We write the measurements,

Yy, as

K

Yy = Ax = Zakxk.
k=1

The OMP algorithm recovers a component in the support set, I, if

K K
a;r E ATl a;r E arl
k=1 k=1

Using the triangle inequality, we can bound the left-hand side of (3.5) from below
as

>  max
K+1<j<n

; (3.5)

max
1<i<K

T K
ol (S o)

> maxi<i<x [a;] ar| - [o1] — Y p, lek] - [a] ayl (3.6)
2 |z1| = [z [u(A)K.

maxi <i<K
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Similarly, we can bound the right-hand side of (3.5 from above as

maXKJrlSan a;'— (Zi{:l akxk) ’
S maxXg4+1<j<n Zle |5L‘]€| . |a;'—ak| (37)
< |z |p(A)K

We find that if (3.7)) is smaller than (3.6)), then (3.5 holds, i.e. when
|1 (A K < || — |1 |p(A) (K —1).

Rearranging the terms gives us that

K<;<1+@>. (3.9)

So, when (3.8)) holds, OMP recovers a component in the support set. Since (3.8])
does not depend on y or x, OMP also recovers the other components in subsequent
iterations and thus the full vector. This proves the theorem. O

Borrowing terminology from array signal processing, we can interpret the the-
orem as saying that we can resolve more sources when the sidelobes |a a;| are
small. We also see that the theorem gives the worst case scenario where all side-
lobes are large. Often a few sidelobes are large and the remaining small. This is not
captured by the mutual coherence which overestimates the sidelobes. Another way
to measure sidelobes is the cumulative coherence, or Babel function, of A defined
as |Ela, TT04]

-
m(p) = max max > lalaxl.
keJ
The cumulative coherence is the maximum sum of coherences rather than the maxi-
mum coherence. Clearly p1(1) = p(A). The cumulative coherence can be calculated
by computing |AT A|, summing the largest p+ 1 components in each column, find-
ing the maximum and subtracting 1. The cumulative coherence provides tighter
bounds on the performance of OMP as follows.

Theorem 3.0.2. If A is a matriz with cumulative coherence pi(s) and

w (K) + (K —1) <1, (3.9)
then OMP recovers all K -sparse vectors from measurements y = Ax.
Proof. As in the proof of theorem OMP recovers an atom in the support set

if (3.5 holds. Using the cumulative coherence, we can bound the left-hand side of
(3.5) from below as

K

> Ta = Z T
> ol | ol 3l

max
1<j<K

K
a;r E arrTg
k=1

> |z1] = |21 |pa (K = 1).



3.1. Beamforming for sparse recovery 25
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Figure 3.1: Sidelobes (sorted by magnitude) of a random 5 x 15 dictionary.

Similarly, we can bound the right hand side of (3.5) as

K
ajT E arTp
k=1

This gives us that if

K
max < max Z |z - |ajTak| < |z |pr (K).
k=1

K+1<j<n T K+1<5<n

L= (K —1) > u(K),

then OMP recovers the first atom of the support set. Since p1(p + 1) > p1(p), it
follows that (3.9) is a sufficient condition for OMP to recover the subsequent atoms
and thus the complete support set. This proves the theorem. O

Both the mutual and cumulative coherence will be useful tools for improving
the performance of OMP, as explained in the next section.

3.1 Beamforming for sparse recovery

The conditions and shows that the main obstacle for recovering non-zero
components is because of the interference between different columns. The limitation
is because of the matched filter. The matched filter is optimal for detecting a known
signal in noise when no interfering atoms exists. But is the matched filter still
optimal when several signals are present? We here show that the matched filter is not
optimal by constructing detectors with better detection performance. In this section
we construct detectors which minimize the sidelobes. We refer to the detectors as
a beamformers because of its similarity with array processing techniques. We here
concentrate on the OMP algorithm, although the approach can also be used to
improve the performance of other greedy algorithms.

The beamformer detects non-zero components as

i = argmax |b; r|, (3.10)
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Figure 3.2: Sidelobes (sorted by magnitude) of the maximum-sidelobe beamformer.

where b; is a vector such that

We use B = [by, ba, ..., b,] to denote the matrix of beamformers for all compo-
nents. We refer to OMP with beamformer (i.e. replacing by ) as OMPD,
beamformer-aided OMP. The problem is now to design the beamformer so that it
improves the estimation performance of OMP.

One method for designing a beamformer is to minimize the maximum sidelobe,
i.e. the mutual-coherence of each atom. This leads to the optimization problem

b; = i b'a;
i =argmin I?zd a,|
subject to b'a; = 1.

The beamformer minimizes the maximum sidelobe and is therefore referred to as
the maximum-sidelobe beamformer. The optimization problem is convex and can be
solved using e.g. linear programming. Minimizing the sidelobes shown in Figure|3.1
gives the sidelobes shown in Figure We find that while many sidelobes have
decreased, some have also increased. The maximum-sidelobe beamformer improves
the recovery guarantee but does not always improve performance. To find the
optimal beamformer, we must analyze which measure of coherence to minimize. We
will see that different performance measures naturally lead to different coherence
measures. We begin by considering the worst case scenario.

3.1.1 Worst case beamformer

In the proof of Theorem we notice that the inequalities in the proof are
tighter when the non-zero components of x have the same amplitude. The worst
case beamformer for a; can thus be found as

b; :argmbinmax bT Ax| (3.11)

subject to [|X||oe < 1,[|x|Jo < K,2; =0,b"a; = 1.
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Figure 3.3: Sidelobes (sorted by magnitude) of the worst-case beamformer for K =
3.

The objective can be maximized with respect to x, resulting in the expression

.= 1 T .
b, —argmgnm?xz b’ a,l, (3.12)
JjeJ
subject to J C [n]\{i},|J| < K,ba; = 1.

The worst case beamformer when x is K-sparse is thus the one which minimizes
the /1-norm of the K largest sidelobes. The objective in is convex and can
thus be solved using e.g. the cvx toolbox [GBYO0S].

In Figure we show the sidelobes of the worst case beamformer when the
sidelobes of the matched filter is given by Figure We note that although the
second sidelobe is larger than the second sidelobe for the maximum-coherence beam-
former, the subsequent sidelobes are smaller. Although this beamformer improves
the worst-case performance, the improvement of the average performance is small
compared to the matched filter. To improve the average-case performance, we need
to construct a beamformer using probabilistic arguments.

3.1.2 Average case beamformer

The average performance of an algorithm can be found by randomly generating
measurement data and averaging the error over the realizations. In such simula-
tions, many different distributions can be choosen for the non-zero components of
x [Stull]. One common scenario is to let the non-zero components be i.i.d. Gaussian
distributed. In this case, the measurement y = Ax is also Gaussian. Finding the
optimal beamformer for this average case thus means finding a beamformer which
has the largest probability of recovering non-zero components. Lemma is useful
for constructing an average-case beamformer.

Lemma 3.1. Let ¢,d,z € R™. Ifz € N(0,0%1,,) and c,d are fized, then

1 Id[13 = [le[I3
Pr(lc'z| > |d"z|) = arccos( 2 2 .
(jo7el > 1d =) =2 To—dll; Tl -+ dl;
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Proof. By symmetry we have that

P="Pr(lc'z| > |d"z|)
=2Pr(c'z>0,(c—d)'z>0,(c+d)'z>0)

The last probability is given by the obtuse angle between the hyperplanes (c —d) Tx =
0 and (c +d)"x = 0 divided by 27. The angle between the hyperplanes is 7 minus
the angle between the normal vectors. Using that m — arccos(t) = arccos(—t) we

find that the probability becomes

2
P = — arccos

( (c—d)T(c+d) >

2m e —dll2- [le +dJ]2
1 1113 — lle|3 )
= —arccos .
a <|C-d|2-||0+d||2
This completes the proof. O

Figure 3.4: Tllustration of the region in the proof of Lemma The shaded area
contains all vectors z such that |c'z| > |d z|.

From lemma we find that the probability increases when the length of ¢
increases and the length of d decreases, this can also be seen in Figure [3.5

The lemma easily extends to non-white random Gaussian vectors for which
Cov(z) = C by setting ¢; = C~/2¢;. The inner products are then replaced by
6:6] = C;FCC]'.

Let I C [n] be the support set of a sparse vector x. We use Lemma to
construct an average-case beamformer by setting

c, = biTAI7 Z = XJ.

From Lemma[3.1] we get that the probability to choose i € I over j ¢ I is large when
[lci]|2 is large and ||c;||2 is small. Since the support set is unknown, we minimize
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Figure 3.5: Pr(|c"z| > |d"z|) when ||d||2 = al|c||2 and c"d = al|c]|3 cos(d).

the maximum length of ¢; over all support sets not containing ¢ while keeping bZT a;
fixed, i.e. we choose the beamformer as

b; = arggnin \J\?I%?QJEZJ(bTaj)z st. bla;=1. (3.13)

The optimization problem is convex and can be solved using cvx [GBY08] or meth-
ods from e.g. [OT03|. For K = n — 1, the beamformer can be found analytically
as
Ty—1
b= (AA ) A (3.14)
a, (AAT) la;

i.e. B = (AT)"D where D is a diagonal matrix with entries D;; = 1/(A*A);; and
AT is the Moore-Penrose pseudoinverse of A. We see that can be interpreted
as a Capon method [SMO05]| for recovery of sparse random vectors. Another approach
which also produces the beamformer is to minimize the expected length of
c; rather than the maximum length.

Another motivation for using the pseudoinverse as a beamformer is to choose B
so that BT Ax is as close as possible to x in the mean square sense, i.e. we choose
B to minimize

Elllx-BTAx[j3] =tr (I-BTA)Exx"|I-BTA)")

2
_ Koz
n

IT-BTA|l%

where E denotes the expectation value, we assumed that all support sets are chosen
with equal probability and that the components of x; are random variables with
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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Figure 3.6: Sidelobes (sorted by magnitude) of the average-case beamformer ((3.14)).

El[z;z;]{i, 7} C I] = 028;;. This gives us the minimizer
B=(Ah"

Note that we did not make any assumptions on the distribution of x;, so this
argument holds also for non-Gaussian random signals, e.g. binary (£1) signals.
This beamformer is different from ([3.14) since in general b a; # 1.

3.2 Beamforming in the presence of noise

The optimal beamformers need to be adjusted when the measured signal is con-
taminated by noise. This is because measurement noise introduces an additional
source of error which needs to be mitigated. In theory, exact recovery is not possi-
ble under additive noise, however, one is able to recover the support set with some
probability.

3.2.1 Worst case beamformer for noisy measurements

When the measurements are noisy, extra care is needed when constructing the
beamformer. The presence of random noise means that we design the beamformer
to maximize the probability of recovering a component i € I. The following theorem
gives us a way to constructing a worst-case beamformer for noisy measurements.

Theorem 3.2.1. Assume that the additive noise is zero-mean Gaussian distributed,
n~ N(0,C), thatba; =1 for all i = 1,2,...,n and let

C:1_M1(AaBaK)_IU/1(A7B7K_1) >0

where p1(A, B, K) is the cross cumulative coherence [SV08]

A B K)= b a;l|.
11 (A, B, K) i,\J\Hgl%(),(iéJj;]' L a;l



3.2. Beamforming in the presence of noise 31

Then the probability P that OMPb recovers the component x; of x with mazimum
modulus in the first iteration obeys

B clzil
P>1-20Q (\/W) (3.15)

where Q(x) = \/%7 f;o e=t*/2dt is the tail probability of the normal distribution.

Proof. A sufficient condition for OMPDb to recover i € I is

2
||

binf<1- 3 blay| - max}" b a (3.16)
JeI\{i} jeI

Using that

> blaj| <p(ABK 1)
jen{i}
max Y " |b/a;| < i (A, B, K)

eI
#l e

we find that (3.16)) holds provided that |b, n| < c|x;|/2. Using this we find that

P>Pr <|bjn < ”;) (3.17)

When the noise is (0, C) distributed, then z; = b, n is A'(0, b Cb;) distributed.
Using that P(]z] <€) =1 —2Q (2¢/0;) we arrive at the result. O

Note that (3.17) also holds for non-Gaussian noise distributions, but for such
cases it is harder to obtain an expression similar to . Theorem gives
that the probability of recovering the largest component increases with increasing
Signal-to-Noise Ratio (SNR), as can be expected. One way to maximize P is to
maximize the argument of the @-function. The argument is, however, a non-convex
function of B and is therefore difficult to maximize. A more accesible approach is
to find the beamformer as

b; = argmin max b'a;|+Ab'Cb (3.18)
b\ l=KigT <

J

where A > 0 is a design parameter.
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3.2.2 Average case beamformer for noisy measurements

To find the average case beamformer for the noisy setting, we can still utilize
Lemmaby redefining the vectors involved. For measurements (3.1]) with supp(x) =
I, x; ~N(0,02I) and n ~ (0, C) we set

ny=b3<AIxf+n>=<cJ,bI><’” )
n

where ¢; = A]b;. The probability to choose the index i over the index j then
becomes

P(lb/ (Ax+n)| > |b] (Ax +n)|) =
1 a2(|lc;lI3 = lleill3) + (b Cb; — b/ Cby)

— arccos
i \/(U%IICjH% +03leil3 + b Cb; +b;Cb;)? — 4(o7c] c; + b Cb;)?

To maximize the probability of recovery, we need to minimize the length of b;
while maximizing the length of c; relative to the length of c;. One approach is, as
before, to penalize the length of b; by setting

bi = arggnin e Z bTa;|> + A\b' Cb (3.19)
jeJ
s.t. bTai = 1,

where A is a design parameter. Again, setting K = n— 1, we obtain the beamformer

(AAT +\C) la;
b= —
a, (AAT +)C) g

(3.20)

When considering the expected cumulative-cross-coherence rather than the maxi-
mum cross-coherence for K sparse vectors, one obtains a similar beamformer with
Aaverage = MA/K in . We see that both and converge to a; in
the limit A — oco. Next we investigate how the detection problem can be modeled
as a Bayesian filtering problem.

3.3 Bayesian filtering for greedy pursuits

A basic problem in signal processing is to extract a signal from noisy observations.
Since the signal is unknown, but has known properties such as first and second
order statistics, the signal and noise are often modeled as random processes. By
using the statistics of the signal it is possible to construct a filter which minimizes
the error in a probabilistic sense, e.g. the mean square error. Two common filters
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are the Wiener and Kalman filters [Kay98,[KSH00]. The standard linear filtering
theory is not directly applicable to the sparse signals. Rather, the sparse signal
reconstruction problem is both a detection (finding which components are non-
zero) and estimation (finding the values of the non-zero components) problem. To
construct filters for sparse signals, we first need to model the random signals.

To model the support set of a sparse signal we assign a prior probability to the
possible support sets

p(I) = {probability that supp(x) = I}.

Further we choose a distribution for the components. The distribution of the com-
ponents of a sparse random vector are conditioned on whether the index of the
component is in the support set or not as follows

p(xili € I) = p(z:),
p(xili ¢ T) = ().

Assuming that all support sets contains K elements and are equally probable we

get that
n\ !
1) = .
p(I) (K)

We find that the probability of an index ¢ belonging to the support set is

wien=(e) ()=

From now on we assume that the non-zero components are Gaussian distributed
as p(z;) = N(z;]0,02) and that the noise is Gaussian distributed as p(n) =
N(n|0,021,,). When the support set is fixed, the measurements y is Gaussian
distributed with

1
(277)7”/2\(31\1/26

—1
—iy'crl'y

p(y|I) = N(y]0,Cr) =

where the covariance of y is given by
C;=02A/A] +020,.
For a known support set, the Minimum Mean Square Error (MMSE) estimator
of x is given by

xumse(l,y)r = Exly, I] = UE:A;—CI 'y,
Xvmse(l,y)re = Exely,I] =0.
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When the support set is random, the MMSE estimator becomes

fumse = Exy] =Y pUIly)&nmmse(ly), (3.21)
Cln]

where the a-posteriori probability p(I|y) of a support set I is given by Bayes rule

ply[Dp(I) e 3v Cr'y

Ily) = = ,
( |Y) »(y) Z|C[|1/2

where Z is a normalization constant.

The MMSE estimator is optimal with respect to the mean square error (MSE).
A disadvantage of the MMSE estimator is that it requires computing (Z) matrix
inverses. The computational complexity is thus of the order of the exhaustive search,
making the estimator intractable for many problems. Even for small problems, the
estimator is computationally demanding. For example, when n = 100 and K =5
the estimator requires about 75 million 5 x 5 matrix inverses. This means that it
takes a standard laptop computer about 11 days to compute the estimate.

The intractability of the MMSE estimator for sparse Bayesian reconstruction
has given rise to several approximate estimators. One such estimator is the approx-
imate MMSE estimator by Selen and Larsson [LS07] which approximates the sum
by a partial sum over more significant support sets and finds these subsets using a
greedy search method. However, the search strategy employed by the approximate
MMSE estimator requires subsets of all cardinalities to have non-zero probabil-
ity. This makes the estimator unable to handle problems where the cardinality is
known. Another method which can handle support sets of fixed cardinality is the
randOMP algorithm by Elad and Yavneh [EY09]. The randOMP algorithm com-
putes several estimates using an OMP algorithm which selects the atoms at random
by a probabilistic rule. The final estimate is the average of the random estimates.
Both the approximate MMSE estimator and randOMP uses the standard matched
filter to detect non-zero components.

The Wiener filter exploits first and second order statistics, i.e. expectation values
and correlations, to construct a linear estimator which minimizes the MMSE. Given
measurements y, the Wiener filter is the linear estimator

T = bTy +c,
where b and ¢ are choosen to minimize the Mean Square Error (MSE)
MSE = &[(z — z)?].
Minimizing the MSE gives the estimator

& = E[z] + C(x,y)Cly) 'y — €ly)),
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where

C(y) = Cov(y,y) =E&[(y — ElyD(y — €lyD ],
C(z,y) = Cov(z,y) = E[(x — E[z])(y — E[y]) ],

are a-priori covariance and cross-correlation matrices.

3.3.1 Detecting active components

Directly applying the Wiener filter to the sparse reconstruction problem leads to
the MMSE estimator . To avoid the high complexity of the MMSE estima-
tor we construct a Wiener filter conditioned on the support set. We do this by
developing a Bayesian detector and estimator by conditioning the prior distribu-
tion on hypotheses about the support, i.e. the prior distribution is p(x|H;) where
H; is a hypothesis. We then chose the hypothesis which best describes the data.
One extreme is the exhaustive search which corresponds to testing the hypothe-
sizes H; = {I; = I} for i =1,2,3,. ( ). Another extreme is the least restrictive
hypothesm Hy={iel}fori=1, 2

We first consider the noise—free case. Under the hypothesis i ¢ I, the LMMSE
estimator is the trivial estimator

2|(i ¢ 1) = 0.

For the hypothesis H; = {i € I}, the LMMSE estimator is 2|(i € I) = by, where
b minimizes the conditional MSE

Eli—b'y)?liel=& |(1-bTa)?02+ Y (bla;)?eZlicl| (3.22)
JeN{i}
=(1-b'a;)?%? —&—UQZbTaJ2 jelliel).
Jj#i
When all support sets are equally probable, we get that for j # 4

- (+3) K-1
PGelliel)= === = p1.
(K711) n—1 '

Using this, we find that
b= ((1 — pl)aia;r + plAAT)71 a;.

The conditional LMMSE estimator thus becomes

2;|(i e 1) :a;r ((1 —pl)all-allT —|—piAAT)_1y

_ T(AAT>—1
Cpi+(1—pr)a) (AAT)!
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where we simplified the expression using the Sheerman-Morrison formula [HJ12].

In the limit p; — 1, the estimator becomes the unconditional estimator z; =
e;r ATy, where AT denotes the Moore-Penrose pseudoinverse of A. This corre-
sponds to the limit K — n. On the other hand, in the limit p; — 0, the esti-
mator becomes the average case beamformer . This corresponds to the limit
K — 1. We thus find that the unconditional estimator corresponds to the condi-
tional LMMSE estimator with K = n, while the average-case beamformer corre-
sponds to K = 1. For K = 1, the minimum of is non-unique. The solution
which minimizes the £ norm of b is the matched filter b = a;.

3.3.2 Estimating active components

Many greedy search algorithms, such as OMP, estimate the support set by es-
timating the components in a partial support set, forming a prediction and then
subtracting the prediction from the measurements to infer new atoms. The Bayesian
modeling with the conditional prior gives us a way of constructing a Bayesian esti-
mator. Assuming that |I;| = s < K and I, C I, the conditional LMMSE estimator
of x5, is given by %;,|(I; C I) = B!y, where B, € R™** minimizes the MSE

MSE|(I, € T) = € [|lxs, — B]y|[3I, C 1]
= o2 1-BJ A7+ 02> Bl a;|3P(j € I|I, C I).
JE1s
We find that
n—s—1
(Kfsfl) _ K—s

G n-s

Pjelll,cI) =

for j ¢ I,. This gives us that the LMMSE estimator becomes

(I,cI)=A] (1—p)AL Al +p,AAT) 'y,

X7,

We have that px = 0, so
%1 |(Ix =1) = AT y.
Ik |\UK IxY

The conditional Bayesian estimator thus reduces to the usual least square estimator
when the partial support set has size K.

3.3.3 Noisy and correlated signals

When the measurements are corrupted by noise and/or the signal is correlated, the
expressions for the estimator becomes somewhat more involved. For correlated sig-
nals, the estimators depend on conditional cross-covariance matrices of two vectors
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u and v given by

C(u,v|I,) = Eluv'|I, C 1]
= Z P(J = I|I, C )E[uv' |supp(x) = J].

LIT=K

We also use C(ul|ls) = C(u,u|l;) to denote the conditional cross-covariance of u
with itself. Assuming that the noise is correlated with covariance matrix C(w), the
MSE of %;,|(Is C I) = By becomes

MSE|(I; c I) =€ [||x1, - B y|[3|L; C I]
= tr(C(xr,|I,)) + tr(BT C(y|I,)B) — 2tr(B" C(y, x1.|I,),
where C(y|I;) = AC(x|I;)AT + C(w) is the conditional covariance of y and

C(y,xr,|Is € I) = AC(x,x; |I,) is the cross-covariance of y and x;,. Using this,
we find that the LMMSE estimator becomes

%7.|(Is € I) = C(x1,,y|I)Cly|ls) " ty.

With this notation we notice the similarity to the classical Wiener filter. We also
note that when the non-zero signal components are i.i.d. and the noise is white, the
LMMSE estimator reduces to the expected form

-1
(I, cI)=A] (1 —ps)Ar, Al +p;AAT +91,) 'y,

X,
where v = 02 /02 = SNR ™! is the inverse Signal-to-Noise-Ratio.

3.4 Conditional prior based OMP

So far, we have discussed Bayesian detection of active components and estimation
of their values. The detector and estimator are quite general and can be used in any
detection based algorithm for sparse reconstruction, e.g. greedy search algorithms.
Several greedy search algorithms have been developed such as Matching Pursuit
(MP) |MZ93|, OMP |TGO07|, Subspace Pursuit (SP) [DM09] and CoSamp [NT09).
For concreteness, we here focus on adopting the conditional Bayesian detection
and estimation methods to the OMP algorithm to formulate the Conditional Prior
based OMP (CpOMP) algorithm. The methodology can also be adopted to other
pursuit algorithms in a similar way.

To adapt the conditional prior methods to OMP, we must consider the decision
rule of when to include new atoms in the support set. The detection approach is to
include atoms as

1 = arg max |4,
J
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although it is also possible to include atoms according to the rule

i = argmin ||r — a;#;]o.
j

For the standard OMP, these selection rules are equivalent while for CpOMP they
are not.

When noise is present, the single element estimators (detectors) are given by
al (AAT + 2-1,,) ly

T = T T v -1
pr+(1—pa; (AA " + = 1) ta,

A

The estimator has the disadvantage that it needs to compute a new matrix inverse
in each iteration. To lower the complexity, we use the approximation

~
I—p1

~
~

The conditional prior estimator then becomes
T
a; Dr

ps + (1 —ps)a) Da;’

~

Ly

where
D=(AAT +11,) .

We refer to OMP with the conditional prior Bayesian detector and estimator
as Conditional prior based OMP (CpOMP). It is possible to further improve the
estimation performance by combining the conditional prior with projection based
strategies |[CSVS12].

3.4.1 Improved search using Projection based OMP

The Projection based OMP (POMP) search strategy |[CSVS12] works by including
more than one element in the support set and then removing elements which are
considered to be irrelevant. Like OMP, the standard POMP algorithm |[CSVS12]
detects non-zero components using the matched filter

J = T U{L largest components of |Ar|}.

The difference is that POMP includes the L largest components of |A Tr|, stored in
aset J ,in a preliminary support set estimate TuJj , where I is the estimated support
set from previous iterations. POMP then estimates the coefficients of X;  ; using
least squares. Finally, POMP includes only the the component of largest amplitude
in the support set estimate as

I U {argmax |2;|} — I.
ieJ
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Data: y, A K.

Initialization: r =y, Iy =0, X; =0, s =0
while s < K do

s+1—s

|a;rDr\
Ps+(17P5)a;rDaj
J = I,_; U{indices of L largest ¢; not in I;_1}
N . 1
x;=%[(JCI)=A] ((1-p)AsA; +pAAT) Ty
Is = I;_1 U {index of largest element of |X;| in J\Is_1}
R0|(I, c )= A] (1 - p)ALA] +p,AAT) 'y
r=y-— 1&]5)%]S
end

C; =

Result: Estimated support set, I= Ik, and components, X;.

Algorithm 2: The CpPOMP algorithm.

The POMP algorithm has a higher complexity than the standard OMP (correspond-
ing to POMP with L = 1) and improves the estimation performance [CSVS12].

We adopt the Conditional Prior to POMP by replacing the least squares esti-
mator by the conditional prior estimator and the matched filter by the conditional
prior detection filter. Since the conditional prior can only handle support sets of size
|I] < K, we set p, = max(0, K — s)/(n — s) (we here assume that K + L < n+1).
The CpPOMP algorithm is thus given by Algorithm

3.5 Computational complexity

Different algorithms have different trade-offs between accuracy and complexity. For
this reason it is interesting to investigate the computational complexity of CpOMP.
We compare here compare the complexity of (the naive implementation of) OMP
against (the equally naive implementation of) CpOMP.

Since OMP runs K iterations, it requires the computation of O(nK) corre-
lations. This requires O(nmK) multiplications. OMP also solves solving K least
squares problems, requiring O(mK?) operations in total. So the complexity of OMP
is O(mK? + mnK).

CpOMP requires computing the matrix ATD requiring O(n?m) operations,
correlations requiring O(nmK) operations and computing K estimates X requiring
O(Km?) operations in total. The complexity of CpOMP is thus O(mn? + m3K).
The complexity of CpOMP is thus much higher then the complexity of OMP when
K< m.

We note that efficient implementations of OMP (and other pursuit algorithms)
exists, see e.g. [RZE08] and references therein.
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3.6 Numerical evaluation

3.6.1 Simulation setup

To compare the methods we randomly generated the problem for the chosen
parameter values and estimate the sparse vector x using different estimation algo-
rithms. We then calculated the mean square error by averaging over the different
problem realizations. The problem parameters are the number of measurements (n),
the number of measurements (m), the number of non-zero elements in x (K) and
the Signal to Noise Ratio (SNR). The problem parameters are specified for each
problem. In each simulation we vary one parameter and keep the other parameters
fixed.

We generate the measurement matrix A by drawing its elements from an i.i.d.
zero-mean Gaussian distribution and normalizing the column vectors to unit length.
This is equivalent to sampling the column vectors uniformly on the sphere. The
support set (positions of the non-zero components) of x are selected uniformly at
random from all subsets of [n] = {1,2,...,n} of with K elements. The non-zero
elements are then drawn from A(0,1). The noise is drawn from N(0,021,,) where
the noise variance o2 is chosen such that the SNR

EAXIE _ Ku(ATA) K

N = = =
SNR = =Tl mo? mo?’

takes the desired value. The random variables are thus A, x and n. For each realiza-
tion we generated estimates X of x and I of the support set I = supp(x). We then
numerically evaluated the error by averaging over all realizations. We measured the
Normalized Mean Square Error (NMSE)

Ellx — x|13]

NMSE = 1=~ 2120
E[lIx|I3]

which describes how far the estimate is from the true value, the Average Support
Cardinality Error (ASCE)

L Elini)
ASCE=1- ———,

which is a measure of how many elements of the estimated support set that are
incorrect. We also measured the average cputime required by algorithms to compute
the estimate.

In each simulation we generated 100 realizations of A, and for each A we gen-
erated 100 realizations of x and n.

3.6.2 Comparison of beamformer methods

In the first experiment we compared different beamformer methods to measure
their effectiveness. In the simulation we varied K while setting n = 100, m = 25
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and SNR = 20 dB. We compared the standard OMP with the maximum-sidelobe
beamformer (OMPb max), the worst case beamformer (OMPb worst case), the av-
erage case pseudoinverse beamformer (OMPD pseudoinverse) and the Equiangular
Tight Frame from |[SV08] (OMPb ETF).

When measuring the NMSE, we found the reults shown in Figure We get
that OMPb worst case actually performed worse than OMP by more than 2 dB
for K > 4 but better than OMP by 1.5 dB for K = 2. This is because OMPb
worst case is designed to improve the worst case performance and not the average
case measured by the NMSE. The ETF beamformer has a performance similar to
the standard OMP for K > 5 and performed better by more than 1 dB for 2 <
K < 4. Somewhat surprisingly, both the maximum-sidelobe beamformer and the
pseudionverse beamformer showed similar behavior and gave 1.5 dB lower NMSE
than OMP for 3 < K < 7. However, the pseudoinverse beamformer is to prefer
since it is easier to motivate from theory and also easier to compute in practice.

When measuring the ASCE, we found the results shown in Figure [3.8] The
ASCE-performance of the methods are similar to the NMSE performance with the
exception that the ASCE of OMPb ETF now is worse than that of OMP. OMPb
max and OMPDb pseudoinverse recovers about 2% more of the support set than
OMP for K > 6 while OMPb ETF recovers about 2% less than the standard OMP.
OMPD worst case gives the worst performance and recovers about 7% less indices
of the support set than OMP.

The experiments show that OMPb pseudoinverse and OMPb max gives the best
performance while OMPDb worst case gives a poorer performance than the standard
OMP. Next we examine the performance of different Bayesian filtering methods.

of v
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K
Figure 3.7: NMSE [dB] of beamforming methods for varying K.
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Figure 3.8: ASCE of beamforming methods for varying K.

3.6.3 Comparison of Bayesian filtering methods

In the second experiment we measured the performance of different Bayesian filter-
ing methods for greedy pursuits when varying the number of non-zero elements, K.
We compared the standard Orthogonal Matching Pursuit (OMP), the Projection
based OMP (POMP), the Conditional prior OMP (CpOMP) and the Projection
based CpOMP (CpPOMP). The algorithms POMP and CpPOMP both use L = K
in the simulation. In the simulation we set n = 100, m = 25 and SNR = 20 dB.

When measuring the NMSE we found the results shown in Figure [3.9] We see
that CpPOMP and CpOMP gave the smallest error while POMP gave a smaller
error than the standard OMP. The NMSE of CpOMP and CpPOMP was about 2
dB lower than the NMSE of OMP for K > 2 while the NMSE of POMP was 1.5
dB lower than the NMSE of OMP for K > 3.

When measuring the ASCE we found the results shown in Figure We see
that CpPOMP and CpOMP gave the smallest error while POMP gave a smaller
error than the standard OMP. The ASCE of CpOMP and CpPOMP was about 4%
lower than the ASCE of OMP for K > 7 while the ASCE of POMP was about 3%
lower than the ASCE of OMP for K > 7.

From the experiments we get that CpOMP and CpPOMP give better perfor-
mance than the standard OMP and POMP. In the next section we examine how
the methods compare with OMPDb and other methods.
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Figure 3.10: ASCE of different Bayesian filtering methods for varying K.

3.6.4 Comparison of Greedy pursuit methods

Here we compare the methods proposed in this chapter against estimation meth-
ods from the literature. We compare OMPb, CpOMP, the standard OMP, POMP,
RandOMP and the convex Basis Pursuit (BP). Basis pursuit estimates the vector
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Figure 3.11: NMSE [dB] vs. K for different sparse estimation methods.

X as

% =argmin ||x||;
st |ly — Ax|]; <6

In the simulation we used § = o,y/m + 8y/m as proposed in [CRT06|. Both Ran-
dOMP and BP can give estimates with more or less than K non-zero elements, we
therefore chose the support set of the estimates to be the K components of X with
largest absolute value.

In the first experiment we varied the number of non-zero components, K for
n = 100, m = 25, SNR = 20 dB and obtained the results shown in Figure [3.11]
We find that all methods performed better than OMP with BPDN performing the
best. BPDN gave about 4 dB lower NMSE than OMP for 2 < K < 5 and 2.8 dB
lower NMSE for K > 9. CpOMP gave more than 2.2 dB improvement over OMP
for 3 < K < 8and 1.9 dB improvement for K > 9. RandOMP gave an improvement
of around 0.3 dB for 4 < K < 8 and more than 0.45 dB improvement for K > 10.
The performance in terms of ASCE is shown in Figure We find that BPDN,
CpOMP and RandOMP have very similar ASCE performance while OMPb has
better ASCE performance than OMP but worse than the other methods. Finally
we measured the average cputime of the algorithms with varying K. The results
are shown in Figure We find that BPDN is the slowest method while OMP
is the fastest method. On average BPDN requires 10° times the cputime of OMP
to compute the estimate while Randomp requires 1024 ~ 25 and CpOMP requires
1019 =~ 79 times the cputime of OMP. The second fastest method was OMPb which
required 10%* ~ 2.5 times the cputime of OMP.



3.6. Numerical evaluation 45

0.7
0.6
0.5F
—— OMP
w 4T —6— OMPb )l
8 ~—&— CpOMP
< 0.3f —— RandOMP| |
—p— BPDN
0.2f 1
0.1F 1
0
2 4 6 8 10 12 14

Figure 3.12: ASCE vs. K for different sparse estimation methods.

In the second experiment we set n = 100, K = 5, SNR = 20 dB and varied the
number of measurements m. The results are shown in Figure We find that
BPDN gave the best performance for m < 30, CpOMP for 35 < m < 45 and OMP
and RandOMP for m > 50. For 10 < m < 30, BPDN gave a 4 to 9.5 dB gain in
NMSE over OMP and CpOMP a 2.5 to 6.5 dB gain. OMPDb gave a 1 to 4.7 dB gain
in NMSE over OMP for 20 < m < 40. The ASCE and cputime of the algorithms
was similar when varying m.

In a third experiment we measured the performance of the algorithms with

\ 4
Y 1

Y 1
A\ 4
A\ 4
A\ 4
A 2
A\ 4
Y

',
L
10° F 5
—e—oOMP
10 b —6— OMPb ]
—F— CpOMP
- —<&— RandOMP
gﬂf L | —p— BPDN ]
£
Q.
o
c 0
c 10 F P a 4 d
; e

i‘k
Y-
8
V-

Figure 3.13: Average cputime vs. K for different sparse estimation methods.
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Figure 3.14: NMSE [dB] vs. m for different sparse estimation methods.

varying SNR. In the experiment we set n = 100, m = 25 and K = 5. The results
are shown in Figure[3.15] We find that BPDN has the lowest NMSE of all methods
with a gain over OMP by 1.3 to 2.4 dB for SNR < 15 dB and more than 8 dB
for SNR > 30 dB. For SNR < 10 dB, RandOMP had the best performance of
the greedy methods with a gain of 1.3 to 2.3 dB over OMP while for SNR > 15,
CpOMP had the best performance with a gain of 1.7 to 3.4 dB. For all SNR, OMPb
had an NMSE which was 0.6 to 2.1 dB worse than the NMSE of CpOMP.
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Figure 3.15: NMSE [dB] vs. SNR for different sparse estimation methods.
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3.7 Conclusion

In this chapter we examined how greedy search algorithms such as OMP can be
improved by improving the step in which new atoms are detected. We first consid-
ered the deterministic construction of beamformers and thereafter Bayesian filtering
methods which can be described as conditional Wiener filters for sparse estimation.
The Bayesian filtering method improves both the detection and estimation of com-
ponents in the support set. The Bayesian filtering method has the advantage of
capturing the random nature of the non-zero elements. For simplicity we here only
considered the scenario of uniformly distributed support sets, but the conditional
prior method can be extended to non-uniform scenarios. The experiments show
that while the improved greedy search methods OMPb and CpOMP are not as
effective as BPDN, they are much faster and outperform the standard OMP. The
gain in performance comes at the price of higher complexity. CpOMP has a higher
complexity than OMP, but lower than RandOMP and OMPb has a complexity
which is closer to OMP. This shows that the OMP algorithm can be improved by
improving the detection and estimation steps of the algorithm.






Chapter 4

Outlier robust relevance vector machine

accounts for measurement errors and model imperfections. Often, some

measurements are corrupted by extra strong noise. This sparse noise ac-
counts for saturation of sensors, missing values, quantizing errors or impulse bursts
as well as datapoints which deviate from the model. In images, for example, the
pixels can become saturated by salt and pepper noise which turns the pixels black
or white. Since the sparse noise can strongly perturb the final estimate (as for the
Boston housing dataset in Figure , it is important to make estimation methods
robust against sparse noise. Because of its sparsity, the noise can be removed using
sparse estimation techniques.

Most sparse estimation methods can be made robust by treating the sparse
noise as additional parameters to be estimated. This approach is often successful,
but leads to higher complexity since the parameter vector becomes larger. The Rel-
evance Vector Machine (RVM) [Tip01] is a Bayesian method for sparse estimation.
Bayesian methods are often preferable since they can estimate both the parameter
vector and noise power from the measurements alone. We here show how the RVM
can be made robust to sparse noise without explicitly estimating the components
of the outliers.

Measurements are typically assumed to be perturbed by noise. The noise

4.0.1 System model

We consider the linear system model
y=Ax+e+n, (4.1)

where y € R™ is the observed measurements, x € R" is a sparse vector (for example
weights in regression or sparse signal to estimate in compressed sensing) we wish to
estimate, A € R™*" is a known system matrix (for example, regressors or sampling
system) representing the measurement process. Further, e € R™ and n € R™ are
sparse and dense noise respectively. We assume that ||x||g < n and [le|lo < m
are small and unknown, where || - ||o denotes the number of non-zero components

49
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of a vector. The random vectors x, e and n are independent. The model (4.1)) is
used in e.g. face recognition [WYG™09|, image denoising [MVC10] and compressed
sensing [JXCO§].

4.0.2 Prior work

Almost all prior works [MVC10, LDB709,|JR10,VKC13| translate (4.1) into the
equivalent setup

+n, (4.2)

where I, is the m x m identity matrix, [ A 1, ] acts as the effective system ma-

trixand [x" e'] T acts as the effective parameter vector. The RB-RVM of [MVC10]
uses the standard RVM approach for directly. Hence RB-RVM learns model
parameters for all three signals x = [z1, Z2, ...,2,] |, € = [e1, €2, ..., €m] " and n,
and thus estimates both x and e jointly.

RVM has high similarity with Sparse Bayesian Learning (SBL) [ZR11,|ZR13,
WRO04,WPRO04]. Sparse Bayesian learning has been used for structured sparse sig-
nals, for example block sparse signals [ZR11], where the problem of unknown signal
block structure was treated using overlapping blocks. The model extension of RB-
RVM shown in for handling block sparse noise with unknown block structure
is straight-forward to derive. However, in our formulation, as we are not estimating
the noise explicitly, the use of block sparse noise with unknown block structure is
non-trivial.

Further, convex optimization based methods have been used for sparse esti-
mation problems [LDBT09,/CDS01,/CSVS12,|ZCJ12]. For example, justice pursuit
(JP) [LDBT09] uses the optimization technique of the standard basis pursuit de-
noising method |CDS01], as follows

2,6 —argmin x| + el (43)
st |ly — Ax —el|2 <, (4.4)

where € > 0 is a model parameter. For unknown noise power, it is impossible to
know e a-priori. We mention that a fully Bayesian setup like the RVM does not
require parameters set by a-priori.

4.0.3 Our contribution

Our main contribution is developing a robust RVM using a combined noise model.
The method uses fewer parameters than the robust RVM of |[MVC10|, since the
sparse noise is not estimated explicitly. This means that the method has lower
computational complexity and also better performance in some instances. As an
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extension we also consider the scenario where the signal x and noise e are block
sparse. By using techniques from |[ZR11] we generalize the methods to signals where
the position of the blocks are unknown. The main technical contribution is to derive
update equations that are used iteratively for estimation of parameters in the new
RVM. We refer to the new RVM as the RVM for combined sparse and dense noise
(SD-RVM). By an approximate analysis, the SD-RVM algorithm is shown to be
equivalent to the minimization of a sparsity inducing cost function. Finally, the
performance of SD-RVM is evaluated numerically using examples from compressed
sensing, block sparse signal recovery, house price prediction and image denoising.
Throughout the paper, we take an approach of comparing SD-RVM vis-a-vis the
existing Robust Bayesian RVM (RB-RVM) of [MVC10].

4.1 RVM for combined sparse and dense noise (SD-RVM)

4.1.1 SD-RVM Method

For (4.1), we propose to use a combined model for the noise terms, as follows
e+n~N(0B™), (4.5)

where B = diag(8), B8 = [51,52,...,Bm] and 5; > 0 for j € [m| = {1,2,...,m}.
The two noise terms are treated as a single combined noise where each noise com-
ponent has its own precision. The rationale is that we do not need to seperate the
two noises. Although our model promotes sparsity in the noise we empirically find
that it is able to model both sparse and non-sparse noise.

We model the components of the parameter vector x as

i ~ N(0,771), (4.6)
where v; > 0 and ¢ € [n] = {1,2,...,n}. From (4.5) and (4.6) we find that the

maximum a posteriori (MAP) estimate of x is
% = XA By,
S=(T+A'BA) !,
where I' = diag(v) and v = [y1,72, - - -, Yn-

To promote sparsity in X, the RVM assigns prior probabilities to the precisions
[Tip01]. A common choice is to assign Gamma distributions

a _“_1 —bv;

() ~Gamma (3, b) = (47)
doyg e

p(B;) =Gamma(f;|c,d) = T, (4.8)

where a,b,c,d > 0 are parameters. We will consider parameters for which the
distributions are “nearly flat”, i.e. a,c are slightly larger than one and b,d are
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slight larger than zero. Through expectation-maximization (EM) we find that the
precisions are updated as

14+2(a—1)
new — - 4.9
e 1+2(c—1
By = 1) (4.10)

[y — Afc]? + [AEAT]J‘J‘ +2d’

where we use [-];; to denote the 7,j element of a matrix. The derivations of (4.9))
and (4.10)) are given in Section Next we show that the model is equivalent to
MAP estimation with a sparsity promoting penalty function.

4.1.2 Relation to sparsity promoting penalty function

A common approach to sparse estimation is to estimate x as

e :argm}in gh(n) +9(X)v (4.11)

subject toy = Ax+n

where ¢(-) is a penalty function which promotes sparsity in x, e.g. the ¢;-norm,
and typically h(n) = ||n||3. Here we show that SD-RVM corresponds to for a
certain sparsity promoting penalty function. Since several approximations are made
in the derivation of the iterative update equations. It is interesting to see how the
approximations affect the sparsit promoting penalty function.

To motivate that the standard RVM is sparsity promoting, one can note that
the marginal distribution of z; is a student-t distribution. For a fixed 8 (and e = 0),
the standard RVM is therefore an iterative method for minimizing [Tip01]

gh(n) + (; + a) Z;log(x? + 2b),

subject to the constraint y = Ax 4+ n. The log-sum penalty function can be used
as a sparsity promoting cost function, making it plausible that the RVM promotes
sparsity.
For the SD-RVM, the precisions are updated by maximizing the log-likelihood
L =log p(y,~,B8) = constant

1
— 5 log det(B~' + AT 'AT)

1
. §yT(B71 +AI\71AT>71y
; (4.12)

+ Z(a log i — bvi)
1

7

NE

+ ) (clogp; —dB;).

J

I
-
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By the matrix determinant lemma [Har97|,
det(B~' + AT 'AT) = det(E7)det(T)det(B71).
We can approximate (4.12) using that

log det(X7") ~ log det((X”) 1)

+ Z Eold old)
=1

m

+ Z AzoldAT ]j ﬁ _ B;)ld)7
j=1

(4.13)

where the approximation is to first order in v and 8. We also introduce variables
x and & through the relation [RKH13|

y (ATTAT+ BTy =min } el + ) 8¢, (4.14)
e i— =1 '

such that Ax +é=1y

where now & = e + n as in (4.5). The minimization problem then becomes

min Z @} + 27+ 2b)y; + (20 — 1) log(v:)] +

x,6,7,8

> {(ef +[ADAT]; + 2d); + (2¢ - 1) 10g(ﬁj)] ~
j=1

such that Ax + &=y

(4.15)

By minimizing (4.15)) with respect to v; and j;, the problem reduces to

min (2a — 1) Y _log(a} + T3¢ + 2b) (4.16)

=1
+(2c— 1)) log(é3 + [ADAT];; + 2d),

such that Ax +é=y

where we have ignored additive constants. Because of the approximations, the con-
stants L9 and [AZCAT] j; make the penalty function penalize different com-
ponents of x and & differently. In a similar fashion it can be shown that the
standard RVM and RB-RVM are also equivalent to similar penalty functions. A
two-dimensional illustration of the penalty function is shown in Figure
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Figure 4.1: The non-symmetric log-ball consisting of points (21, z2) € R? such that
log(z? + 0.02) + log(z3 + 0.1) < 0. SD-RVM is equivalent to finding the smallest
non-symmetric log-ball that intersects the linear subspace Ax + € =y.

4.1.3 Computational complexity

In this section we quantify the computational complexity of the SD-RVM. The
complexity is given in number of multiplications per iteration, since multiplications
are typically the most demanding numerical operation [TBI97| and the number of
iterations depends on the stopping criterion used. We give the complexity for the
naive implementation of the algorithm. Each iteration of SD-RVM requires O(n?)
multiplications to compute the matrix ¥ using Gauss-Jordan elimination |[TBI97).
Updating the precisions requires O(nm) flops since the residual y — AR needs to
be computed. Hence the computational complexity of SD-RVM is

O(nm + n?) = O(n - max(m,n?)).

It is interesting to compare the complexity of SD-RVM to that of RB-RVM. Again
with the assumption of a naive implementation, each iteration of RB-RVM requires
the inversion of a (n+m) x (n+m) matrix to compute X 5. Updating the precisions
requires O(nm) flops and hence the computational complexity of RB-RVM is

O(max(nm, (n4+m)3)) = O((n +m)?).

We thus find that the numerical complexity of SD-RVM is smaller than that of
RB-RVM. In Section we provide numerical evaluations to quantify algorithm
run time requirements that confirm that SD-RVM is typically faster than RB-RVM.
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4.2 SD-RVM for block sparse signals

In many applications, the signal of interest is block sparse [BCDH10], i.e. the signal
can be partitioned into blocks of which many blocks only contain zeros. In some
situations the positions and size of the blocks is known while in other situations
they are unknown [ZR11].

4.2.1 Known block structure

To describe a block sparse signal x € R™ with known block structure we partition
[n] ={1,2,...,n} into blocks

n]={1,2,....,n} =L ULU---UI,

where |I;| = n; and I; N I; = () for i # j. The signal is block sparse when only a few
blocks of the signal are non-zero. The component-wise SD-RVM generalizes to this
scenario by requiring that the precisions are equal in each block, i.e. we choose the
prior distribution for the components of block I; to be

Xr; NN(O7’Y;IITLI')'

where x7, € R™ denotes the vector consisting of the components of x with indices
in Ii~

Similarly we can partition the components of the sparse noise € € R™ into
blocks

[m] ={1,2,...,m} = ;U JU---U Jy,

where |J;| = m;, J;NJ; = 0 for i # j and the block J; of e is given the prior
distribution

e.]j ~ N(O,ﬂflImj).

J

As before, the precisions are given gamma distributions (4.7)) as priors. Using this
model, we derive the update equations of precisions as below

n; +2(a —1)
new _ , 417
i %52 + tr(2r,) + 2b (4.17)
+2(c—1
B;L@'w _ m; + (C ) (418)

Iy =A%)y |5 + tr([AZAT]S)) + 2d°

where X7, denotes the n; x n; submatrix of ¥ formed by elements appropriately
indexed by I;. By setting I; = {i} and J; = {j} we obtain the update equations for
component-wise sparse signal and noise. We see that reduces to the update
equations of the standard RVM when I; = {i} and J; = J = [m]. The derivation

of the update equations (4.17) and (4.18) is found in Section [4.4.3]
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4.2.2 Unknown block structure

In some situations the signal can have an unknown block structure, i.e. the signal
is block sparse, but the dimensions and positions of the blocks are unknown. This
scenario can be handled by treating the signal as a superposition of block sparse
signals |ZR11|] (see illustration in Figure . This approach also describes the
scenario when e is component wise sparse and n is dense (e.g. Gaussian). The
precision of each component is then a combination of the precisions of the blocks
to which the component belongs. Let 7; be the precision of the component z; and
4k be the precision of block I;. We model the signal as

Z; NN(Oa’7;1)a

= > Hh (4.19)

k,i€ly,

We model the noise in a similar way with precisions 3; for component j and pre-
cisions 3 for the block with support J;. To promote sparsity, the precisions of the
underlying blocks are given gamma distributions as priors. In each iteration we up-
date the underlying precisions 7. The component-wise precisions are then updated
using . With this model, the update equations for the precisions become

%tr(rk) +2(a—-1)

~new — y 4.20
T A+ 2T + 2 (4.20)
Ltr(By) +2(c—1
frew _ 5 (B +2(c— 1) (4.21)
FIBi(y — AR} + Fu(BATZAB) + 24
l

where T'y, is the diagonal matrix with [T'x];; = v; if ¢ € I} and [T'x];; = 0 otherwise.
We denote the corresponding matrix for §; by B;. The component-wise precisions
are updated using and similar for f3;.

We see that when the underlying blocks are disjoint, then ~; = 4y, for all ¢ € I,
and 3; = B, for all j € J;. The update equations then reduce to the update equations
for the block sparse model with known block structure.

4.3 Simulation experiments

In this section we evaluate the performance of SD-RVM compared to other methods
using several scenarios — for simulated and real signals. For simulated signals, we
considered the sparse and block sparse recovery problem in compressed sensing.
For real signals, we considered prediction of house prices using the Boston housing
dataset |AN07] and denoising of images contaminated by salt and pepper noise. We
used the cvx toolbox [GBYO08] to implement JP.
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-1

Figure 4.2: Illustration of non-overlapping and overlapping block parameterizations.
4.3.1 Compressed sensing

In compressed sensing we want to estimate a sparse vector x € R™ from m measure-
ments , where m < n. We evaluated the average performance by randomly
generating each test case. First we generated measurement matrices A € R™*"
by drawing their components from a N(0, 1) distribution and rescaling the column
vectors to unit norm. We selected the positions of the active components of x and
e uniformly at random and draw their values from A/(0,1). The dense noise n
was generated by a A'(0,021,,) distribution. We compared SD-RVM to the stan-
dard RVM, RB-RVM and JP. For JP (4.3) we assumed o, is known and used
€ = 0,/ m + 2v/2m as proposed in |[CRT06].

In the simulations we varied the measurement rate m/n (ratio of the num-
ber of measurements and the signal dimension) for measurements without outliers
and with 5% outliers. We chose n = 100 and fixed the signal-to-dense-noise-ratio
(SDNR)

ElllAx[3 _ [Ix[lo
SDNR = = :
Elll5]  mo?

to 20 dB. By generating 100 measurement matrices and 100 vectors x and e for
each matrix we numerically evaluated the Normalized Mean Square Error (NMSE)

Elllx — %|13]

NMSE =
ElxI13]

Note that it is trivial to obtain an NMSE of 0 dB (i.e. NMSE = 1) by setting
% = 0. An estimate with an NMSE higher than 0 dB is therefore not informative.
The simulation results for measurements without outliers are shown in Figure
and for measurements with 10% outliers in Figure
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Figure 4.3: NMSE vs. m/n for outlier free measurements.

In the experiments we found that SD-RVM had a performance comparable to
that of RB-RVM. SD-RVM performed slightly better than RB-RVM (about 0.1
dB) for m/n > 0.3. JP performed worse than RB-RVM and SD-RVM for m/n <
0.4, but better for m/n > 0.5. The standard RVM showed good performance for
measurements without sparse noise, but performed worse than the other methods.

When 10% of the measurements were contaminated by sparse noise, the RVM
algorithm failed to give a good estimate and gave an NMSE larger than zero. SD-
RVM performed better than RB-RVM for m/n > 0.4 with a gain of 0.25 to 0.75 dB
in NMSE. The experiment shows that the performance of SD-RVM and RB-RVM
degrades with 6 dB for m/n = 0.2 and 3 dB for m/n = 0.4 when sparse noise is
introduced. The performance of JP degrades with 1.5 to 4.6 dB when sparse noise
is introduced.

We also measured the cputime required for each algorithm to estimate the time
needed for each algorithm to give an estimate. We measured the cputime by ran-
domly generating the compressed sensing problem with a n = 100 dimensional
vector x with K = 5 non-zero components, m = 35 measurements with K,, = 4
measurements contaminated by sparse noise. From 625 realization we found the
histogram of cputimes shown in Figure The maximum, minimum, mean and
median cputimes are shown in Table We found that the runtimes of the RVM
algorithms (the standard RVM, RB-RVM and SD-RVM) were longer than the run-
time of JP. SD-RVM was fastest of the RVM methods while RB-RVM was the
slowest. The experiment shows that SD-RVM is faster than RB-RVM even though
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Figure 4.4: NMSE vs. m/n for 5% outliers contaminated measurements.

the algorithms have comparable NMSE performance.

0.8
I P

0.7F I RB-RVM
I sD-RVM

0.6F I RV

cputime [s]

Figure 4.5: Histogram of cputimes for the different algorithms and the compressed
sensing problem. Time is in seconds.
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Table 4.1: Maximum, minimum, mean and median cputime of the different esti-
mation algorithms for n = 100, m = 35, K = 5, K,, = 4 non-zero sparse noise
components and 625 problem realizations. Time is in seconds.

Algorithm | Max | Min | Mean | Median
RVM 3.58 | 2.87 3.11 3.10
RB-RVM | 6.40 | 5.63 | 5.94 5.94
SD-RVM 3.37 | 1.91 | 2.90 2.99
JP 0.44 | 0.25 0.32 0.32

4.3.2 Block sparse signals

Estimating block sparse signals is closely related to the component-wise sparse
recovery problem [BCDH10]. For block sparse signals, the signal components are
partitioned into blocks and only a few blocks contain non-zero components. A
Bayesian method for block sparse signals is block Sparse Bayesian Learning (BSBL)
in which the problem of unknown block structure can be solved by using several
overlapping blocks (as in Section |[ZR11,|ZR13|.

Justice Pursuit can be modified to the block sparse case in a similar way as
BSBL. For known block structure, JP becomes the standard block sparse promoting
sum of 5 norms [SPH09]. Let 7, be the minimum block length in x and m,,

(a) (b)
or or
[ —&— Block JP i
—#— BSBL
-5¢ RB-BSBL =51

—©— Block SD-RVM

L
@

NMSE [dB]
NMSE [dB]

—20}

-25[ -251

_35 . . . . . . _35 . . . . . .
0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.2 03 0.4 0.5 0.6 0.7 0.8
m/n m/n

Figure 4.6: NMSE vs. m/n for signals with known block structure. In (a) no outliers
are present while in (b) 5% outliers are present.
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be the minimum block length in e. By defining matrices

Z — [Z17 Z27 . 7Z’ﬂ*’nmin+1] c ]:annin><(771_"77;1”"1‘1)7

Mumin X(M—Mmin+1
W = [Wl, Wo, ... 7W'rn—mmm+1] € RMmin ( man ),

the block-JP algorithm for unknown block structure can be written as

N—TNmin+1 M—"Mmin+1
min >zl + ) [wall2,
x,e
=1 a=1
min(¢,n—"nmin+1)
subject to x; = g Ziti-11, 1 <1< n,
I=14 (i—Pmin )+ (4.22)
min(j,m—mmin+1)
€; = E WjJrlfa,av 1 S] S m,

a:1+(j_mm,in)+

lly —Ax —e|l, <€

where (z); = max(x,0) and we set € = ,,\/m + +/8m as before.

To numerically evaluate the performance of the block sparse algorithms we
varied the measurement rate m/n for measurements with 5% sparse noise. We set
the signal dimension to n = 100 and fixed the SDNR to 20 dB. We divided the
signal x into 20 blocks of equal size of which 3 blocks were non-zero. The sparse
noise consisted of blocks with 5 components in each block. In the sparse noise, 5% of
the blocks were active. For known block structure, the blocks were chosen uniformly
at random from a set of predefined and non-overlapping blocks while for unknown
block structure, the first component of each block was chosen uniformly at random,
making it possible for the blocks to overlap. The active components of the signal and
the sparse noise were drawn from A(0,1). By generating 50 measurement matrices
A and 50 signals x and sparse noises e for each matrix we numerically evaluated
the NMSE.

For known block structure we found that block SD-RVM gave 1.1 to 2.2 improve-
ment in NMSE versus RB-BSBL and 4.5 to 12.6 dB improvement versus block JP
for m/n > 0.4 when no outliers are present. The non-robust BSBL method gave a
lower NMSE than the other methods for m/n < 0.4 and a performance between
SD-RVM and RB-RVM for m/n > 0.4. For measurements with outliers, the im-
provement of SD-RVM was 1.6 to 2.2 dB versus RB-RVM and 6 to 14.7 dB versus
block JP for m/n > 0.5. The BSBL method performed worse when outliers were
present with an NMSE of about —4.5 to —7.4 dB. The NMSE of the block sparse
SD-RVM was lower than the NMSE of block JP by more than 4.7 dB for m/n > 0.3.
The results are shown in Figure 4.6

For unknown block structure we found that BSBL gave the best performance
when no outliers where present. Block SD-RVM and block JP had similar per-
formance with block SD-RVM performing better for m/n < 0.4 and block JP
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Figure 4.7: NMSE vs. m/n for signals with unknown block structure. In (a) no
outliers are present and in (b) 5% outliers are present in measurements.

performing better for m/n > 0.4. Somewhat unexpected, RB-BSBL gave a poor
performance with an NMSE of —2.5 to —4.7 dB. This shows that it is non-trivial
to make BSBL robust against sparse noise. When outliers were present, the perfor-
mance of BSBL and RB-BSBL worsened to give an NMSE of about 0 dB. SD-RVM
and block JP had similar performance with block SD-RVM performing better for
m/n < 0.5 while block JP performed better for m/n > 0.6. The results are shown

in Figure [£.7

4.3.3 House price prediction

A real world example of sparse regression with sparse noise is the prediction of house
prices. The sparse regression vector signifies that many features are redundant and
does not influence the final price significantly. The sparse noise represents the fact
that some houses, e.g. very expensive houses and very inexpensive houses, does
not follow the main trend but can be treated as outliers. The Boston housing
dataset [ANO7,/HR78| consists of 506 house prices in suburbs of Boston together
with the values of 13 features for each house (see Table . The problem is to
predict the median house price for part of the dataset (test data) by using the
complement dataset (training data).

To predict unseen house prices, we make the simplified assumption that the
house prices are a linear function of the feature values. We then model the house
prices as

-
Pi = W; X+n; + ¢,
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Table 4.2: Features in the Boston housing dataset.

Number | Feature

CRIM: per capita crime rate by town

ZN: proportion of residential land zoned for lots over 25,000 sq.ft.
INDUS: proportion of non-retail business acres per town

CHAS: Charles River dummy variable (= 1 if tract bounds river; 0 otherwise)
NOX: nitric oxides concentration (parts per 10 million)

RM: average number of rooms per dwelling

AGE: proportion of owner-occupied units built prior to 1940

DIS: weighted distances to five Boston employment centres

RAD: index of accessibility to radial highways

TAX: full-value property-tax rate per $10,000

PTRATIO: pupil-teacher ratio by town

B: 1000(By, — 0.63)? where By, is the proportion of blacks by town
LSTAT: % lower status of the population

MEDV: Median value of owner-occupied homes in $1000’s

P NSO W

— = = = O
WO

=
e

where p; is the price of house 3, w; € R contains the feature values of house 3,
x € R13 is the regression vector, n; is (Gaussian) noise and e; is sparse noise.

We arrange the features of the houses in the test set into a matrix Wyeg. Given
an estimate X of the regression vector, we estimate the median house price as

7 = median(W, ,%).

We used a fraction p of the dataset as training data and the rest as test set.
In each problem realization we uniformly at random chose the samples for the
training set and the test set. We then estimated the regression vector using the
different methods and computed the estimated median value. We computed the
mean absolute error €, median absolute error &, and mean cputime T (in seconds)
over 100 realizations.

We found that SD-RVM gave 4.5% to 12% lower mean absolute error than RB-
RVM except for p = 0.7 and 25% to 44% lower error than RVM (see Table |4.3).
SD-RVM was also 96% to 98% faster than RB-RVM.

For p = 0.7 we also examined the relevance of the different features by computing
the mean absolute estimate £[|Z;|]. A high mean absolute value indicates that the
feature is non-zero in many problem realizations while a low mean absolute value
indicates that the feature is small or zero in most realizations. The results are shown
in Figure We find that RB-RVM and SD-RVM attribute similar importance to
the different features. They estimate the number of rooms to be the most important
feature followed by the pollution in the area and if the house is close to the Charles
River. The RVM and least squares approaches reached similar conclusions.
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Table 4.3: Prediction of median houseprice using the Boston Housing dataset. Mean
absolute error ME, median absolute error MED and mean cputime T (in seconds),
for different fractions, p, of the dataset used as training set.

RVM RB-RVM SD-RVM

p | ME MED T ME MED T ME MED T
03|07 071 017 | 044 040 8&8.10 | 0.42 0.35 0.32
0.4 | 069 0.67 023|049 043 1517 046 041 043
051|076 073 023|049 047 2263 043 0.39 0.63
0.6 | 0.67 0.63 0.22 | 051 046 30.80] 0.48 0.44 0.73
0.7 1078 080 0.26 | 0.51 044 5737 0.58 0.56 1.26

sl I | cast squares | |
T RVM
[ IRB-RVM

Al I SD-RVM

Mean absolute value
w
T
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Ol Mol meem 1 . I|-M_|I | P I[ﬂl —_ I|:|ﬂ|
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Figure 4.8: Mean absolute value, £[|#;|], of the regression parameters for p = 0.7

and the different estimation methods.

4.3.4 Image denoising

In images, pixels can sometimes become strongly disturbed by noise. This shows as
completely black or completely white pixels in the image. Such noise is sometimes
called salt and pepper noise and is because of e.g. analog-to-digital conversion, bit
quantization errors or dead pixels. Fortunately, the number of corrupted pixels is
often small, allowing sparse techniques to be used to denoise the image. A gray scale
image (represented in double-precision) can be modeled as a matrix with elements
in the interval from 0 to 1. Salt and Pepper |[MVC10] noise makes some pixels
black (0) or white (1). To denoise a image we need to reconstruct the corrupted
pixels using the neighboring pixels. Many algorithms has been developed to denoise
images with salt and pepper noise. One of the basic algorithms is the median filter.
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The median filter estimates the value of each pixel by the median in a square
patch. In our simulation we used a 3 x 3 patch since it gave the smallest error.
Another method is to model the image in each patch using an image kernel [TFMO06).
This amounts to modeling a pixel y; as

yi =60 + B1 (x — x;)
+ Bgvech((x —x;)(x — xi)T) + ny,

where n; is noise, x is the position of the central pixel in the patch, x; is the
position of pixel i, By, B; and B4 are parameters to be estimated and vech is the
half-vectorization operator for symmetric matrices [TFMO06], e.g.

b a
a
vech =1 b
b ¢
c
Given the regression parameters, the value of the central pixel is estimated as

j = Bo. Since pixels close to the central pixel are more important, the errors are
weighted by a kernel, K (x,x;). The estimation problem thus becomes

P
min

T
_ _ X — X:
BooB B £ yi — Bo — B4 ( z)

fﬁgvech((x —x;)(x — xi)T)

2
’ K(Xa Xi)v

where a standard kernel is [TFMO06]

K(x,x;) = exp (—|[x = x;|[3/7%) (1+x"x;)",

the kernel is a composition of a Gaussian and polynomial kernel [MVC10, TEMO6].
In the simulation we used a 5 x 5 patch, r = 2.1 and p = 1 as in [MVC10|. As the
kernel model is a deterministic model, we need to reinterpret the model in order to
use the Bayesian methods.

The image denoising model can be interpreted as that we observe measurements

Ui = K(X7 Xi)yi =

(4.23)
VEK(x,x;) (ﬁo + B (x — x;) + By vech((x — x;)(x — Xi)T)) +n; + e,
where some elements have been subjected to sparse noise. To avoid over-fitting, it
is beneficial to promote sparsity in 3o, 8, B9 ] [BDE09,MESO08,[EA06|. We can
thus treat the image denoising problem as finding a sparse solution to .

To evaluate the performance of the median filter, the RVM, the RB-RVM and
the SD-RVM, we added p percent of salt and pepper noise in 7 different images (the
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Table 4.4: Mean cputime (in seconds) for denoising images corrupted by salt and
pepper noise averaged over 7 images.

Algorithm Mean cputime

Median filter 1.27
RVM 4673
RB-RVM 1635
SD-RVM 672

standard images Boat, Baboon, Barbara, Elaine, House, Lena and Peppers used in
image processing) and denoised them. To reduce the length of the simulation we
cropped the images to a quarter in size. The corrupted pixels were set to either
black or white with equal probability. For the RVM, RB-RVM and SD-RVM, the
value of the central pixel was estimated by forming a 5 x 5 square patch around
each pixel.

For the image denoising problem we compared the algorithms by computing the
Peak Signal to Noise Ratio (PSNR)

_ (12
PSNR_10.1Og10< EIX = X[%] )

E[max; ;[ Xi;[2](pq)

where the size of the image is p X ¢ and the expectation is taken over the differ-
ent images and over different noise realizations for each image. All images in the
simulation were of size p = ¢ = 128 with max; ; | X;;|* = 1. Figure shows one re-
alization of the problem, where for the first image (the boat image) SD-RVM gives
the highest PSNR, for the second image (the Elaine image) the RB-RVM gave the
highest PSNR and for the third image (the Peppers image) the median filter gave
the highest PSNR. In the simulations we varied p and used 3 noise realizations for
each image. The mean PSNR of the algorithms is shown in Figure |4.10

We found that the median filter, the RB-RVM and SD-RVM gave the same
PSNR for p < 0.1 while SD-RVM outperformed RB-RVM and the median filter for
p > 0.2. The PSNR of SD-RVM was 0.5 to 1.3 dB higher than that of the median
filter for p > 0.2 and 0.8 to 1.3 dB higher than that of the RB-RVM for p > 0.3.
The mean cputime of SD-RVM was 41% of the mean cputime of RB-RVM (see
Table while the median filter was by far the fastest method.

4.4 Derivation of update equations

4.4.1 Derivation of update equations for SD-RVM

To update the precisions we maximize the distribution p(y,~, 8) = p(y|v, 8)p(7)p(8)
(obtained by marginalizing over x), with respect to «; and ;. The precisions are
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3 3
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Figure 4.9: One realization of salt and pepper noise denoising for p = 0.2. Columns
from left to right: Noisy image, median filter, RB-RVM and SD-RVM. Peak Signal
to Noise Ratio (PSNR) has been rounded to two decimals.

Gamma distributed as in @ and (6.5). The log-likelihood of the parameters is
given by (4.32)).

For fixed precisions v and B, the Maximum A Posteriori (MAP) estimate of x
becomes
% = argmax log p(y, x|y, 8)
= arg mxin (y — Ax)"B(y — Ax) + x'T'x
= XA By,
where ¥ = (I' + ATBA)~!. The form of the MAP estimate is the same for all

models considered in this paper.
We maximize £ w.r.t. v; by setting the derivative to zero. We use that

0
i

(yTB'+AT'AT) ly) =32, (4.24)
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Figure 4.10: PSNR vs. percentage of salt and pepper noise (p) averaged over 7
images with 3 noise realizations for each image and each value of p.

(we show (4.24) in Section [4.4.2)) and the determinant lemma to find that £ is

maximized w.r.t. 7; when

1 1 a 1
oY 4 T p_ 320 4.25

Instead of solving for v; (which would require solving a non-linear equation since
¥ and X depend on ;) we approximate the equation as

14+ 2(a—1) — (22 + 2y + 20)7" = 0. (4.26)

The approximation results in the same update equations as expectation-maximization

and are different from the update equations of the original RVM [Tip01,[Mac92].
The update equation then becomes

14+2(a—1)
L 24D+ 2

new __

Setting @ = 1 and b = 0 we obtain (4.9).
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For the noise precisions we use that
8‘; [y B '+AT'AT) ly] = [y — A%]S. (4.27)
We show the identity in We find that £ is maximized w.r.t. 8; when
—%tr(EA;'::Aj’;) + 2;‘% — %[y — AR]? + 6% —d=0,

where A ;. denotes the j’th row vector of A. Rewriting the equation as

1+2(c—1) = ([y — ARJS + A;.TA] +2d)5; =0,
and using that A; . SA] =[AXAT]};, we find that

1+2(c—1)
[y - Afc]? + [AEAT]J‘]‘ +2d°

/B;I,ew —
Setting ¢ = 1 and d = 0 we obtain (4.10)).

4.4.2 Derivation of (4.24)) and (4.27)
Proof of . Since

Bl 4+ AT AT =B+ ) 4 laia/,
i=1

where a; is the i’th column vector of A we find that

0
i

Using that
I''"ATB '+ AT 'AT) 1y
=T 'A"(B-BA(I'+A'BA)'A'B)y
1 IATRy _T-1 AT T —1 AT
=T 'ATBy—-T"'ATBA (IT'+ ATBA) ' ATBy

=x-1_r -

=YABy =%,

we find that

0
i

(y (BT + AT 'AT)y) =472 (id)” = 27

(y (B '+ AT 'AT)y) =~ % (a] (B~ + AT 'AT) ly)”.

(4.28)
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Proof of ([4.27). Since
yT(B—l + Ar—lAT)—ly _ yTBy —yBA (T + ATBA)—I ATBy7
==
we get that
0

95;
=y} —2y;A;, SA By + y ' BATA] A; SATBy
=7 =2y A; %X+ (A %)% = [y — A%].

(yT<B71 +AF71AT)71y)

4.4.3 Update equations for known block structure

Let T and B be diagonal matrices with
[F]kk = Y, if ke I;, [B]” = ﬁj, ifl € Jj,

and zero otherwise.
To update the precisions we maximize the marginal distribution

p(y,v,B) = p(ylv, B)p(v)p(B),

with respect to v and B, where p() and p(B) are as in (4.7)) and (6.5). The log-
likelihood of the parameters is

1 1
L = const. — 3 logdet(B~! + AT 'AT) — QyT(B_1 + AT AT ly

P

+) ((a—1)log; —byi) + Y ((c—1)log B; — dB;).

i=1 j=1
We get that £ is maximized when

oL 1 n; a—1
= ——tr(Xy,
i 2 r(En) + 2y * i

1 _ _ _
—-b— T“YZ"AZ(B LY AT AT Yyl3 =0,
(4.29)

where 37, € R™*™ is the submatrix of ¥ consisting of the columns and rows in
I;. Further, using (4.28]) we get that

A[BT +ATTIAT) ly = ik, (4.30)
Thus, (4.29) is fulfilled when

n; +a—1

2
=0.
27; Vi 2

1
—?cr(EII.) +

1
—b— SRy,
2|\XL
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As before, we rewrite the equation as
i+ 2(a — 1) = ([[&,]13 + tr(Er,) +20)7" = 0. (4.31)

Solving (4.31]) for 47" gives us the update equation (4.17]).
To flnd the update equation for 3; we use that

9 - - _

95, [y"B ' +AT'AT) ly]

=lys|5 —2y;,As . SATBy + y'BAZA] A, .ZA'By

= [|(y — AR) 1,13,

where A, . consists of the row vectors with row indexes in J;. We find that

oL 1 c—1
— = ——tr(BA] Ay )+ L - = 12 —d=0.
9B, D) r(ZA; Ay + ||( AX) |5+ 5

Rewriting the equation as
1+2(c—1) = ([(y — AR) ;|3 + tr(A, BA ] ) +2d) 57,

and using that tr(AJj,:ZA}j’:) = tr([AXAT],,) gives us the update equation
@1g).

4.4.4 Update equations for unknown block structure

When the block structure is unknown, we use the overparametrized model in section
The log-likelihood of the parameters is

L =logp(yly, B)p()p(B) (4.32)
= const. — %logdet(B_1 +AT'AT) - %y—'—(B_1 + AT 'AT)!

P

q
+Z((a71)10g’%*b”y7 +Z ((c — 1) log B; — dp;).
i=1

=1

We search to maximize (4.32)) with respect to the underlying variables 4 and

-~ —1
B;. Using that ag%k = —%;27 g%i = %-2’7,:2, when ¢ € I, and zero otherwise and
(4.28]) we find that £ is maximized when

oL 1 oo 1 1 v

o 272 (Er) 2% Ts) = 252" ol (4:33)
By rewriting (4.33)) as

1 1
—tr(I'y) +2(a—1) = ( Iz ') + 2b) v, 4.34
= (L) +2(a—1) 32 |ITx%[3 + 52 tr( ) (4.34)
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Solving (4.34)) for 4;7¢“ gives us the update equation (4.20)).

For the noise precisions, we similarly find that

1 1
oL _ —tr(BJATSAB)) + ——=tr(B))
0B 25 20
1 c—1
— = |IBi(y — AR)||2+ —=— —d=0.
5 ﬂ?\ ( 2 5

By rewriting the expression as

1 1 1 -
Etr(Bl) +2(c—1)= <B2||Bl(y — AR)||3 + ?tr(BZATEABl) + 2d> Brew
1 l l

we find the update equation (4.21)).
We see that the form of update equations depends on how the equations are

rewritten. The form used here has the advantage of reducing to (4.18) when the
underlying blocks are disjoint.

4.5 Conclusion

We proposed a modification of the Relevance Vector Machine (RVM) which is ro-
bust against sparse noise while not needing to estimate the sparse noise explicitly.
We denote the proposed method by SD-RVM for Sparse and Dense noise combined
RVM. The method is faster than the robust RVM (RB-RVM) of [MVC10| where
the sparse noise is treated as an additional estimation variable. Simulations show
that the method is faster than the RB-RVM for compressed sensing and has sim-
ilar performance. We also show how the method can be modified to block-sparse
signals and noise and simulate the method for housing price prediction and image
denoising.



Chapter 5

Relevance singular vector machine for
low-rank matrix reconstruction

be used to improve estimation performance. However, unlike sparsity, which is

a property of the individual components, low-rank is a property of the entire
matrix. While sparsity gives a parsimonious representation of data in a known
basis, low-rank matrices can be interpreted as representing data in an unknown
basis. One prominent low-rank model is collaborative filtering where a recommender
system attempts to find if you will like a product you have not yet seen. The basic
assumption of low-rank models is that the problem has a high degree of inherent
(linear) structure.

The recommendation problem can be modeled as follows: what you prefer de-
pends on what persons you are similar to and what those persons prefer. Despite
the simplistic nature of the model, it has been shown to be a good model for the
recommendation problem [KBV09L/[CP10]. Other applications of low-rank modeling
is clustering documents by topic and system identification [CP10,LSR™16].

Several approaches have been developed to solve the low-rank estimation prob-
lem. A prominent class of methods are convex optimization based techniques which
generalizes the ¢1-norm for sparse problems to low-rank problems. The low-rank
penalty corresponding to the ¢;-norm is the nuclear norm which is the sum of the
singular values of a matrix |[CP10,|CR09}Faz02|. In the same way as the ¢;-norm
can be shown to be the tightest convex approximation of the £y-norm, the nuclear
norm can be shown to be the tightest convex approximation of the rank (under
certain conditions, see [LO15| for a counterexample).

The low-rank estimation problem also allows for factorization based techniques.
Factorization based techniques are used a lot [KBV09,|ZSJC12,[TN11,[RFGST09,
CWZY15,YC11,LBA11L|Alq13,MS07,SMO0S8, LT07,RIK07, BLMK12| since they al-
low one to specify a strict upper bound on the rank of the estimate. Factorization
based methods are fast, but they require an upper bound on the rank to be known
a-priori. It is also difficult to relate the factorization based approach to the opti-

l ow-rank matrices is a parsimonious model which, like the sparse model, can

73
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mization based approach. A third approach is the greedy search method ADMIRA
[ILB10] which is a low-rank matrix generalization of the CoSamp method [NT09]
for sparse vectors.

Bayesian methods have also been developed for low-rank matrix reconstruction.
Most such methods rely on the factorized model and promotes low-rank through
block sparsity promoting priors [CWZY 15,[YC11}L{Alq13LMS07,SMO8LLT07, RIK07,
BLMK12]. The question arises if it is possible to construct a low-rank analogue
of the Relevance Vector Machine where the low-rank matrix is not modeled as a
product of two matrices? Here we show one approach to generalize the RVM to the
low-rank problem using precision matrices to induce low-rank. We call the resulting
method the Relevance Singular Vector Machine.

5.1 Low-rank matrix estimation

In low-rank matrix estimation, a low-rank matrix X € RP*? is measured through
linear measurements of the matrix components as

y = A(X) +n, (5.1)

where y € R™ is the observed measurements, n € R™ is additive noise and A :
RP*? — R™ is a linear operator representing the measurement process. The sensing
operator can be expressed as

tr(A{ X)
tr(Ag X)
tr(A.TTnX)
where
AL X) = > [AW;[X];

gives a linear combination of the elements in X with coefficients from A € RP*4.
The sensing operation can also be expressed as A(X) = Avec(X) using the vec-
torization operator. The vectorization representation shows the similarity between
the LRMR problem and the sparse vector reconstruction problem.

A standard approach to promoting structure (such as sparsity or low-rank) is
to minimize a penalty function in addition to the norm of the error. This leads to
the optimization problem

X = argmin 2 ly — Avee(X)[3 + 4(X), (5.3)

where § > 0 is a regularization parameter and g(-) is a penalty function. When
the penalty function g(X) is convex (and f is fixed), the problem is a convex
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optimization problem and can be solved using standard optimization tools such as
cvx [GBYO08|. For non-convex penalty functions the optimization problem can be
approximately solved through e.g. gradient descent. Common penalty functions for
promoting low-rank are

min(p,q)
9(X) = Z oi(X) = tr((XX)/2), (Nuclear norm)
i=1
9(X) = tr((XX 1)), (Schatten s-norm)
9(X) = vlog | XX + €I,|. (Log-determinant penalty)

The nuclear norm is a convex penalty function while the log-determinant and Schat-
ten s-norm (for 0 < s < 1) are non-convex. In the Bayesian framework, the mini-
mization in correspond to finding the maximum-a-posteriori (MAP) estimate
of X when the noise is Gaussian and the matrix X is assigned a prior distribution
p(X) x e~39X) An alternative approach is to set

A

X = argx min||X]||,, such that |y — Avec(X)[|2 < 0, (5.4)

where § > 0 is related to the (known) noise power. The choice § = 3~ /m + v/8m
suggested in [CRTO06| often provides good performance.

In the factorization based approach, the matrix X is modeled as a product of
two matrices as [KBV09,ZSJC12,[TN11,RFGST09,/CWZY15,[YCI1,LBA11,/Alq13,
MS07,[SMO8L|LT07, RIKO7, BLMK12]

X=FB',

where F € RP*", B € R?7*" and 0 < r < min(p,q) is a parameter. The fac-
tor matrices can be found in a deterministic manner by minimizing the resid-
ual ||y — Avec(FBT)||3 iteratively for F and B while keeping the other matrix
fixed [TN11ZSJC12], this is sometimes called alternating least squares (ALS). Since
the residual is non-convex in F and B, it is not guaranteed to converge to a global
optima. One approach to improving the performance of ALS is to incorporate dual
variables and ADMM iterations [LSRT16].

The estimates produced by ALS are mostly full rank, i.e. rank(ﬁf’)—r) = r. When
the rank is unknown, the method can be modified so that the final estimate has
rank less than r. This can be achieved by assigning appropriate priors to the factor
matrices. One approach is to minimize

Iy — Avec(FB |13 + A (/[F[[% + IB][%) ,
where A > 0 is a regularization parameter. The penalty function is expected to
promote low-rank through the relation [MS07]
1

— : 2 2
Xl =5, jmin_ (IF|F+ 1BI).
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Another method is to use priors which promote column sparsity in the factor ma-
trices [LT07, BLMK12|, i.e. a prior which makes many of the column vectors in F
and B zero. This approach promotes low-rank since if F' has rr non-zero columns

and B has rp non-zero columns, then rank(X) < min(ry,rg) < r. We describe this
model in more detail in Chapter [7]

5.2 The one-sided precision based model

The difficulty of assigning priors to low-rank matrices is that the set of low-rank
matrices is a strictly lower dimensional submanifold of the set of all matrices. It
is thus difficult to assign a “hard” prior which has non-zero probability (in the
sense of an induced measure) only for matrices of low-rank. We therefore want to
find priors which approzimately promotes low-rank, i.e. it has non-zero probability
for all matrices, but is concentrated around the set of low-rank matrices. We do
this by characterizing a random low-rank matrix as a matrix with strongly cor-
related column and row vectors rather than the standard notion of few non-zero
singular values. We thus need a prior which makes the column vectors lie in a
low-dimensional subspace (similarly for the row vectors).

The Relevance Vector Machine models the components z; of the parameter
vector x € R™ are modeled as

T = 7;1/2%, (5.5)
where ; > 0 is the precision of z; and u; ~ N(0,1) is a Gaussian variable. When
the inverse precision, v~! is small, x; is small with a high probability and when
the inverse precision is large, z; is large with a high probability. In the extreme
case where v, 1 — 0, we have that x; = 0. However, the extreme case has zero prior
probability and does therefore not occur in practice. In analogue with the sparse
case, we model the low-rank matrix X as a Gaussian variable with a precision
matric o as

X = o ?U, (5.6)

where ac € RP*? is positive definite, a='/? denotes a symmetric such that (01*1/2)2 =
a~! and the elements of U are i.i.d. A'(0,1) distributed. We notice the similarity

between and . When the inverse precision matrix, a~', has a few large

singular values and otherwise small singular values, the random matrix X has low-

rank with high proability. In the extreme case where o' has low-rank, the matrix

X also has low-rank. The approach is equivalent to letting X to be a matrix

variate Gaussian variable with distribution |[GN99,NSB13]

ali/?
pX|a) = (;TLW exp (—;tr(XTaX)> . (5.7)

In order to promote low-rank, we need to assign a prior to the precision matrix .
In Section we will show one approach to selecting the prior distribution.
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5.2.1 Relation between priors and the MAP estimation

Here we show how the distribution p(a) is related to the penalty function g(X).
We see that the prior distribution depends on X only through Z = XX . Let
the prior distribution of @ be p(ex), we find that the marginal distribution p(X)
becomes

p(X) = Ce b = [ pX[a) pla) da

a>0

1 (81 /2 1z
_ /a e (éwlmﬂ ple)da = C'e 592, (5.8)
where we used that tr(XTaX) = tr(aXX") = tr(aZ), g(-) and §(-) are some func-
tions and C' and C’ are normalization constants. To relate §(Z) and p(a), we note
that p(X) is the matrix Laplace transform of |a|?/?p(a)/(2m)P9/? at Z/2 |Ter12)
(we give a short introduction to the matrix Laplace transform in Section .
This gives us that we can calculate p(a) from p(X) = C'e~29(%) by the inverse
Laplace transform [Ter12] as

pla) o |a)~9/? / e2t1(a2)o=33(2) g7, (5.9)
ReZ=a.,

where the integral is taken over all symmetric matrices Z € CP*P such that ReZ =
a, and o, is a real matrix such that the contour path of integration is in the region
of convergence of the integrand. While the Laplace transform characterizes the
exact relation between priors, the computation is non-trivial and often analytically
intractable. In practice, a standard approach to evaluating integrals like is
to use the Laplace approximation [Mac03}|Bis06] where typically the mode of the
distribution under approximation is found first and then a Gaussian distribution is
modeled around that mode. Let us write p(a) as p(a) e~ 2K(@); then the Laplace
approximation becomes

3(2) =min {ix(aZ) ~ glog|a] + K(a))
—log |H| + constant,

where H is the Hessian of tr(aZ) — qlog |a| + K () evaluated at the minima. The
derivation of the Laplace approximation is shown in Section [5.5.7
Denoting K (a) = qlog|a| — K(a) and neglecting the Hessian we get that

§(2) = min {tx(aZ) - K(a)},

where we absorbed the constants into the normalization factor of p(X). We find
that g(Z) is the concave conjugate of K(a) [BVO04]. Hence, for a given §(Z) we
can recover K (a) as

K(a) = min {tr(aZ) — §(Z)} (5.10)

Z>0
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if K(c) is concave (which holds under the assumption that K () is convex). Fur-
ther, we can find K () from K (e) and solve for the prior p(a) o< e~ 25(®), Using
the concave conjugate relation (5.10), we now find priors (functions K (cx)) corre-
sponding to the Schatten-s norm and the log-determinant penalty.

1. The Schatten s-norm: The regularized Schatten s-norm based penalty func-
tion is

g(X) =tr((XX " + €I,)*/?), (5.11)

where the constant € > 0 is used to bring numerical stability. For the penalty

function (5.11)), we find that

K(a) = Cstr(a” 7)) 4 qlog |a| 4 etr(a), (5.12)

where C; = 222 (%)72% The derivation of (5.12) is given in Section [5.5.10

Let 0;(X) denote the #’th singular value of X, for s = 1 and € = 0 we see that
g(X) becomes the nuclear norm of X as tr((XXT)z) = S0P 5 (X)),

2. The Log-determinant penalty: The log-determinant based penalty function is
9(X) = vlog |[XXT + €I, (5.13)
where v > ¢ — 2 is a positive number. We find that

K(a) =etr(a) + (¢ — v)log |at]. (5.14)

The derivation of ([5.14) is shown in Section |5.5.11} As p(a) x e 3K(@) we

find that the precision matrix ¢ is Wishart distributed |[GN99|Bis06]. We also
find that p(X) oc e~ 29XX7) ig a matrix t-distribution [GN99].

5.2.2 Left and right-sided precision based models

For a low-rank matrix, the components of each column vector are correlated as well
as the components of each row vector. In , the precision matrix e~/ is used
in the left side of U, we refer to this as the left-sided precision based model. The
model helps to make the components of each column of X correlated. We can also
make the row-vectors correlated by setting

X = Ua™ /2 (5.15)

We refer to this model as the right-sided precision based model.
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5.3 Two-sided precision based model

In this section, we propose to use precision matrices from two sides to model a
random low-rank matrix, we refer to this model as the two-sided precision based
model. In the two-sided model, we set

X =a; ?Ua,? (5.16)

where ay, € RP*P and ag € R?7*? are positive definite random matrices. Our hy-
pothesis is that the two-sided precision based model helps to inculcate correlations
between column vectors as well as row vectors, and hence promotes low-rank in a
stronger manner than the one-sided precision based model in Section Using the

relation vec(X) = (011;1/2 ® a;1/2) vec(U) = (ar ® ar)~ 2 vec(U), we find that

p(Xlar, ar)
|a}c@JaL|U2 T

= e exp (—vec(X) ' (ag ® a)vec(X)/2)
arl??|ap|P/?

The matrix X is thus zero-mean matrix variate Gaussian distributed. To promote
low-rank, we use a prior distribution p(a,ar). The marginal distribution of X
then becomes

p(X) = / p(X|ar,ar)p(ar, ar)dag day,. (5.18)
ar -0
ar>0
To the best of our knowledge, the integral is analytically intractable for many
relevant priors p(ar,ar). It is thus non-trivial to establish a direct connection
between p(X|ar,agr) of and the MAP estimator (5.3). Instead of a direct
connection we here establish an indirect connection by an approximation.
When marginalizing over a, for a fixed ag and 3, we find that p(X|ag) is a
function of XazX " alone. Following the discussion of section we find that
the corresponding MAP estimator becomes

min ly — Avee(X)|3 + g1 (XanX "), (5.19)

for some function gr,(+). A similar cost function can be found for a fixed oy, and 8
by marginalizing over ag. We discuss the roles of a;, and ag in the next section.

5.3.1 Interpretation of the precision matrices

For a low-rank matrix, many column vectors can be represented as a linear combi-
nation of a few columns vectors. Alternatively, we can have that the column vectors
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of a low-rank matrix lie in a low-dimensional subspace. To show that the proposed
model (5.17) promotes low-rank, we here establish in a qualitative sense that when
the inverse precision matrices have few dominant singular values, the matrix X is
approximately low-rank with high probability

Let us denote (i,7)th component of a' by [aj'];; and i’th column vector
of X by x;, respectively. From we find that x; is zero-mean and that the
covariance matrix of x; is

E[Xix;r] = [aél]ii azl. (5.20)

Let Ar, i denotes the k’th largest eigenvalue of azl and Ag j denotes the k’th largest
eigenvalue of a;bl. The eigenvalues of azl and al_%l are real and non-negative.

Assumption 5.1. We assume that either azl or agl has r dominant eigenvalues.

That means that L7 > 1 or )\)‘R'r > 1.
R,r+1

AL,rf1

Under assumption ail can be closely approximated by a positive semi-definite
covariance matrix of rank r. This matrix approximation also holds for the covari-
ance matrix of x; due to the relation . A natural qualitative argument is that
x; approximately lies in the subspace spanned by the eigenvectors corresponding to
the r dominant eigenvalues, resulting in promoting low-rank in X. Let Py, denotes
the orthogonal projection onto the subspace spanned by the r eigenvectors of a;l
corresponding to the r largest eigenvalues, and let 73Ll denotes the orthogonal pro-
jection onto the subspace spanned by the eigenvectors corresponding to the p — r
smallest eigenvalues. Note that P = I, — P, and ||x;||3 = ||Pixil|3 + ||Prxil|3-
For a scalar 0 < ¢ < 1, we want to show that the probability of the event
(||PExil13 < <||Prx;|[3) is high under Assumption First we state the following
relation

B(Z, 2 ¢

Pr ([[PExill3 < <|[Prxill3) > 1— é?fn)l) (5.21)
2°2

>1—Cpei/? (5.22)

where B(:,-,-) is the incomplete beta function, B(-,-) = B(-,-,1) is the beta func-

tion, Cp_} =1B(%,%) and

The derivation of and (5.22) is given in Section Under some tech-
nical conditions and assumption |5.1, we have that C, €] > <« 1 and therefore
Pr (||P£x:l[3 < <||Prx;||3) is high. Similar arguments also can be put forward by
considering a row vector of X where the eigenvalues of a;bl will play role under

Assumption
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Using (5.17) we note that covariance of vec(X) is (' ® e} '). Using X, to
denote the best r-rank approximation of X (in the sense of Frobenius norm) we find
that probability of (||X — X, |[% < ¢||X||%) can be bounded from below as follows

Pr (|[X = X, [[f < <[IX[F)

P s oo

>1-
= 2 (p=r)(g=r)

(55
>1-Cponcs . (5.24)

The derivation of (5.23) and (5.24)) is given in Section [5.5.8 In (5.23) and (5.24)),
C—l — ﬁB <§7 (P—T);Q—T)) and

pq,r T 2

1

A A .
< L,r R,r
1+ 1—=¢ AL, rg1 AR, r41

€9 =

2
Under some technical conditions and Assumption we have that C), 4 €5 ”? <«
1, and Pr (||X — X,[|% <<||X]|%) is high. We provide a numerical example in
where Pr (||X — X, ||2 <<[|X]||%) and the two lower bounds of (5.23)

Figure
and (5.24) are shown. For the numerical experiments we used p = ¢ = 25, r =
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Figure 5.1: Plot of the empirical probability that ||X — X,||% < 0.05||X[|% in red
solid line, the bound ({5.23)) in blue dotted line and the bound (5.24)) in green dashed

. A iy
line, versus the value of “&" = <“E for r = 3 and p = g = 25.
AL, 41 AR, r41
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¢ = 0.05 and AiL‘:l = )\)‘%L In the simulation we used Ar; = Ag; for
<1,7 <rand )\L,k =Apgforr+1<k<pandr+1<j<qg. Wecomputed
|

3,
1
Pr (||X = X, ||% < ¢||X[[%) as an empirical probability via Monte Carlo simulations.

5.4 Practical algorithms

We here derive the update equations for the variables in the two-sided model.
The update equations for the one-sided models can be found by fixing one of the
precision matrices. We denote the model parameters as ® = {ar, agr, 8}. The
MAP estimate of X and O is

A~ A~

X, 0= X :
,© argrg(lfgp( Y, ©)

We here assume that p(®) = p(ay) p(ag) p(5) for computational simplicity. Di-
rectly solving the MAP estimation problem is hard and often analytically in-
tractable. Therefore various approximations are used to design practical algorithms.
This section is dedicated to design estimation algorithms (type II estimators) via
the expectation-maximization (EM) approach [DLR77,Bis06]. We assume that the
noise precision [ has a Gamma distribution as

a+1

a_—bpB
et ¢

p(B) = Gamma(Sla +1,b) =

with a > —1,b>0and > 0.
The objective of EM is to solve the following problem

max log p(y, ©) = max {log p(y|®) + log p(©)}, (5.25)

which is the MAP estimate of ® when X is marginalized. It is thus an approximation
of the MAP inference problem. EM minimizes (5.25)) indirectly by minimizing the
EM help function

Q(0,0’) = &y ellogp(y, X|O)]
= /Xp(le,G)’) log p(y, X|®) dX,

where £[-] denotes the expectation operator. The iterative formulation of EM guar-
antees a locally optimum solution of (5.25) through the following steps [DLR77].

1. Initialize the method with the parameter values ®' = {a/}, oy, 8'}.

2. E-step: Evaluate p(X|y, ®') where ®’ is the values of ® from the previous
iteration. We find that

p(Xly, ©') = N (vece(X); vee(X), &),



5.4.

Practical algorithms 83

where

vee(X) = 'S’ ATy, (5.26)

Y = (dg@ay)+FATA) .

. M-step: Update © as

® = arg max {Q(©,0") +1og p(©)}, (5.27)
where for our model
Q(0,0') = &y e [logp(y, X|©)] = constant
N 1 ~ ~
- g”y — Avec(X)|[3 — itr(aLXaRXT)
1
— (7Y + 4 log |aep| + Blog |ag|
2 2 2
+ % log 3, (5.28)
and ¥ = ((ar @ ar) + SATA) ' In simulations, we initialized the variables

as {af, o, 0’} = {1,,1,,1}.
By maximizing (5.27)) for the noise precision §, we find the update equation

m—+ 2a

- ly — Avec(X)|2 + tr(AXZ'AT) 4 2b

(5.29)

The update equations of the precision matrices depend on their prior distri-
bution. We here assume that both precision matrices have the same type of
distribution. We find that the left and right precisions are updated as follows.

a) The Schatten s-norm: Using the Schatten s-norm prior (5.12)) gives us
the update equations

)

an = c, (XahXT +3 e
L = Cg ap + 3+ EIp
(5.30)

9

S ~ (s—2)/2
QR = c, (X aLX—I—ER—FGIq)

where ¢, = (5/2)%/2, 3, € RP*? and Xp € R7%? are matrices with
elements

(E1lij = (¥ (o @ EL)),

(Sl = tr(Z' (B @ ap)),

and EEJL) € RP*P, ng‘) € R?%9 are matrices with ones in position (3, )
and zeros otherwise.
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b) The log-determinant penalty: For the log-determinant prior (5.14)) the
update equations become

A A ~ —1
ap =v (XafpXT+ 5 +e,)
3 (5.31)
aR:y(XTa/LX—%ZNJR—l—qu) .

The derivations of (5.28) and (5.31)) are given in Section [5.5.9}

4. Stop iterating if X does not change significantly. Otherwise go to step 2.

5.4.1 Balancing the precisions

We have found that in practical algorithms, there is a chance that one of the two
precisions becomes large and the other becomes small. A small precision results
in numerical instability in the Kronecker covariance structure (|5.17). To prevent
the imbalance we rescale the matrix precisions in each iteration such that 1) the
a-priori and a-posteriori squared Frobenius norm of X are equal, i.e.

EllXFlar, eer] = tr(ag )tr(ag')
= E[|IX[[lar, ar, B,y] = [ X||F + tr(),
and 2) the contribution of each precision to the norm is equal, i.e.
tr(a;t) = tr(agh).

The rescaling makes the algorithm more stable and often improves estimation per-
formance.

5.4.2 Nomenclature

Here we explain the nomenclature used for the RSVM algorithms. We use the name
left-sided RSVM for the left-sided model where oy, is random and ag = I, and
right-sided RSVM for the right-sided model where ag is random and o, = I,,. We
refer to the model where both o, and ag are random as the two-sided RSVM or
simply as RSVM. We assume that oy and ap are independent with distributions
pla) x e~ 2K(@)  We refer to the RSVM method with priors related to the log-
determinant penalty function as RSVM-LD and to the RSVM method priors
related to the Schatten s-norm penalty function as RSVM-SN. For example,
left-sided RSVM-LD is RSVM with log-determinant prior and a left-sided
precision.

5.4.3 Complexity analysis

One motivation for the RSVM algorithm is that it can infer low-rank directly with-
out factorizing the matrix X. However, one disadvantage of this is that for given



5.5. Simulation experiments 85

precision matrices, the estimation of X is a Gaussian inference problem with pg
variables, requiring computationally demanding matrix inverses. To study how the
problem size affects the runtime, we here study the computational complexity of
the algorithm.

The most computationally demanding operation of the RSVM algorithm is the
computation of 3. A direct approach to computing 3 is to invert a pg X pg matrix,
this requires O((pq)?®) multiplications. However, this does not use the fact that
rank(ATA) < m < pq. By using the Woodbury matrix inversion formula [Bis06]
we get that

L= (o' ®ay')—(ag' ©@a)ATC Al @ ')
where
Cy =81, +A(az'®@a;)AT.

The computation of X thus reduces to computing (o' ®a; ') (requiring O(p®+¢°+
p%q?) multiplications), A(ap' ® a;') and A(ay' ® a;')AT (requiring O(mp?q?)
multiplications) and Cj; ! (requiring O(m?) multiplications). The total complexity
is therefore

O(p® + ¢ + p*q® + m® + mp?q®) = O(mp?¢?),

where we used that O(mp2?¢?) dominates over the other terms when m < pq.
The use of the Woodbury matrix inversion thus helps to reduce computational
complexity per iteration from O((pq)®) to O(m(pq)?). Further we note that the
complexity does not depend on the rank of X. This is because RSVM, in contrast
to factorization based methods |[BLMK12|, does not use rank information as an
a-priori information.

5.5 Simulation experiments

5.5.1 Simulations setup

Here we describe datasets, performance measure, experimental setup, competing
algorithms and computational resources. In the experiments we used synthetic
data for low-rank matrix reconstruction (LRMR) and low-rank matrix completion
(LRMC). We used the MovieLens dataset [HKBR99] as a real dataset for matrix
completion. To compare the algorithms for synthetic data, we use the normalized-
mean-square-error

EfIX — X|[3]

NMSE =
EIXIE]

as the performance measure. The NMSE was evaluated by averaging over many
instances of n, A and X using Monte-Carlo simulations. For experiments with
synthetic data, we evaluated the NMSE as follows:
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1. For LRMR, the random measurement matrix A € R™*P? was generated by
independently drawing the elements from N (0, 1) and normalizing the column
vectors to unit norm. For LRMC, we chose m elements uniformly at random
from [p] X [g]. We then chose A such that it selected the elements from vec(X)
by letting one element in each row be one and the other elements zero.

2. Matrices F € RP*" and B € R?7*" with elements drawn from AN (0,1) were
randomly generated and the matrix X was formed as X = FBT. Note that
X has rank r (with probability one).

3. Generate the measurement y = Avec(X)-+n, where n is drawn from A/(0, 37'1,,,)

and 37! is chosen such that the signal-to-measurement-noise ratio (SNR) is
fixed. The SNR is given by

2

Elnl[3] m’
for LRMR and SNR = gr for LRMC.
4. Estimate X using competing algorithms and calculate the error ||X — X| 2.
5. Repeat steps 2 — 4 for T3 times.
6. Repeat steps 1 — 5 for T5 times.

7. Then compute the NMSE by averaging.

In the simulations we chose T} = T5 = 10, which means that the averaging was
done over 100 realizations. Further, we evaluated the performance of RSVM vis-
a-vis other methods for LRMR and LRMC. For LRMR, we compared with NN
and the variational Bayes method of [BLMK12| (referred henceforth as VB-1). The
use of VB-1 for LRMR was not addressed in [BLMK12| and hence we derive the
algorithm in Section Further, following , we also compare with the
performance of

n%éntr((XXT)s/?) s.t. ||y — Avec(X)||2 < 6, (5.32)

with s = 0.5 and § = 8~*v/m + v8m as in 7 where 8 denotes the true noise
precision. Both NN and SNA thus require knowledge of the noise power. The SNA
problem is non-convex and we use a gradient search method to find the solution; to
initialize the method, we used vec(X) = AT(AAT) !y, For LRMC, we compared
with NN, VB-1, Probabilistic Matrix Factorization (PMF) [MS07], the Weighted
Trace Norm (WTN) [SS10] and the variational Bayes method of [LT07] (referred to
as VB-2). Finally, we mention our computational resources. For the experiments,
we used a Dell Latitude E6400 laptop computer with a 3GHz processor and 8GB
memory.
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5.5.2 Experiments using synthetic data for LRMR

The objective of our first experiment is to compare the performance of the two-
sided precision based model the one-sided precision based models. For the one-sided
model, we also have two choices — left-sided and right-sided — and hence it interesting
to know which choice is better for a particular setup. In this experiment, we fixed
rank(X) = r = 3, p = 15, ¢ = 30, SNR = 20 dB and varied m. The results
are shown in Figure [5.2| where NMSE is plotted against the normalized number of
measurements m/(pq). We note that for RSVM-LD, the right-sided model performs
best for m/pg < 0.6, the left-sided model performs best for m/pg > 0.6 and that
the two-sided RSVM-LD gives a good compromise between the left- and right-
sided RSVM-LD. For RSVM-SN we find that the left-sided model performs better
than both the right- and two-sided model for m/pg # 0.7. However, the two-sided
model has a more consistent performance improvement with increasing m/pq while
the left and right-sided models show performance degradation for m/pg = 0.7
and m/pq = 0.8, respectively. Henceforth we use the two-sided models because of
their reasonable good performance. It is possible that the one-sided models are
preferable in other scenarios. We mention that, for RSVM-SN, it was empirically
found that s = 0.5 provides good performance. The same trend also repeats for
LRMC, reported in section [5.5.3] Henceforth RSVM-SN with s = 0.5 is used unless
stated otherwise.

In the second experiment we report the LRMR performance of RSVM-LD and
RSVM-SN vis-a-vis NN, VB-1 and SNA. We mention that NN and SNA know the
measurement noise power (see and (5.32)), and VB-1 knows the rank of X.
The results are shown in Figure [5.3] With the parameters of the first experiment
(rank(X) = r = 3, p = 15, ¢ = 30, SNR = 20 dB), we show NMSE vs. m/(pq)
in Figure (a). We observe that RSVM-LD provides the best performance for
m/pq < 0.9, whereas NN, SNA and RSVM-SN are close to each other with NN per-
forming better than SNA and RSVM-SN. In Figure (b), we report performance
NMSE vs. SNR while rank » = 3 and m/(pq) = 0.7 are fixed. We find that RSVM-
LD shows best performance in the middle SNR region (15 < SNR < 35), while NN
and SNA perform best in the low and high SNR regions. Next, in Figure (c),
we report the NMSE vs. rank for m/(pq) = 0.7 and SNR = 20 dB. We find that
RSVM-LD is the best, and RSVM-SN and NN are comparable. At this point it is
interesting to investigate the performance at higher SNR, shown in Figure for
SNR = 40 dB. While NN performs better for the case of NMSE versus m/(pq) in
Figure (a) where r = 3, we notice that RSVM-LD is promising when rank is
higher as reported in Figure (b). Finally, in Figure we show the cpu execu-
tion times of all competing algorithms for the setup reported in Figure (¢). From
Figure we conclude that NN, implemented using the cvx toolbox [GBY08], is
the fastest algorithm followed by the RSVM algorithms (implemented in Matlab).
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Figure 5.2: NMSE vs. m/(pq) for LRMR at SNR=20 dB.

5.5.3 Experiments using synthetic data for LRMC

For LRMC, the objective of the first experiment is to empirically find a good choice
of s for RSVM-SN. Like the first experiment for LRMR in section [5.5.2] we fixed
rank(X) =r =3, p =15, ¢ = 30, SNR = 20 dB and varied m. The performance of
RSVM-SN for different s is shown in Figure We found that s = 0.5 is a good
choice, and decided to use that throughout all relevant experiments.

Like the second experiment for LRMR in section[5.5.2 we conducted the second
experiment here to evaluate the LRMC performance of RSVM-LD and RSVM-SN
vis-a-vis NN, VB-1, VB-2, PMF and WTN. We used Matlab codes for VB-1 and
PMF from their respective authors. For other methods, we used our own codes.
We manually tuned the competing algorithms to improve their performance. The
results are shown in Figure Figure (a) shows NMSE vs. m/(pq) at r = 3,
p =15, ¢ = 30, SNR = 20 dB. We observe that for m/pg < 0.5, RSVM-LD, PMF
and VB-2 provide the best performance while for m/pg > 0.6 VB-1 performs the
best. Then, in Figure (b), we report performance NMSE versus. SNR where
rank r = 3 and m/(pg) = 0.7 are fixed, and find that VB-1 shows best performance
closely followed by PMF and RSVM-LD. Next, in Figure (c), we report the
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Figure 5.3: Comparison of algorithms for LRMR. (a) NMSE versus. m/(pq) at
SNR=20 dB and r = 3. (b) NMSE versus SNR at rank r = 3 and m/(pg) = 0.7.
(¢) NMSE versus rank r at m/(pg) = 0.7 and SNR = 20 dB.
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Figure 5.4: Comparison of algorithms for LRMR at SNR = 40 dB. (a) NMSE versus.
m/(pq) for r = 3. (b) NMSE versus rank r for m/(pq) = 0.7.

NMSE versus rank for fixed m/(pq) = 0.7 and SNR = 20 dB, we find that VB-1
gave the best performance for rank < 3 but then quickly degrades in performance.
For higher ranks, while PMF showed the best performance, the proposed RSVM
showed good performance.



90 Relevance singular vector machine for low-rank matrix reconstruction

—f&— RSVM-LD
—B— RSVM-SN, s = 0.5
10° | NN 1
SNA
—_—— \B-1
10° D
[0
£
5
a ¢
10" | 1
10° 1
' 1
I: 1 1 1 1 1 1 1 1 i
1 2 3 4 5 6 7 8 9 10
Rank

Figure 5.5: Mean cputime versus rank r for the setup in Figure (c).

5.5.4 Experiments using MovieLens data for LRMC - Movie
rating prediction

To evaluate the performance on real data we used the MovieLens 100K dataset
[HKBR99|. The dataset contains user-movie pairs where in each pair, a user provides
an integer rating between 1 — 5 to a movie. Each user has only rated a few movies
according to the features of movies, and the underlying assumption is that the rating
matrix has a factorized representation, leading to low-rank. Now let us assume that
we observe few ratings of the large rating matrix randomly. The goal is to infer
the missing ratings from the observed ratings and hence the problem is an LRMC
problem.

In our experimental study, we used the ul datasets (both training and test-
ing) from the MovieLens dataset. Then we used a portion of the ul datasets as
X. The dimensions of X are p = ¢ = 100. According to the MovieLens dataset
instructions, we used m = 307 measurements. The measurements are collected via
a pre-determined element picking matrix A. Using the measurements and X from
the ul training data, we learn the model parameters for all competing algorithms.
Then, using the learned parameters we perform LRMC for the ul test data. For
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Figure 5.6: LRMC performance: NMSE versus m/(pq) for RSVM-SN at different
choice of s.

performance comparison, we use root—mean—square—error

1 -
RMSE = — Xi; — X)),
|Jtest|¢(ij2 (i~ Ks)

VEJtest

where Jy.s; denotes the set of unknown ratings, as this is a standard performance
measure for movie rating prediction. The performance of all competing algorithms
are shown in Table It can be observed that RSVM algorithms provide good
performance.

5.5.5 Reproducible research

In the spirit of reproducible research, we provide code necessary for reproducing the
results in the website: https://github.com/MartinSundin/rsvm_ simulation_ code.

The code can be used to reproduce the figures and
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Figure 5.7: Comparison of algorithms for LRMC. (a) NMSE versus. m/(pq) at
SNR=20 dB and r = 3. (b) NMSE versus SNR at rank » = 3 and m/(pq) = 0.7.
(c) NMSE versus rank r at m/(pg) = 0.7 and SNR = 20 dB.

Table 5.1: RMSE of algorithms for MovieLens

Algorithm RMSE
RSVM-LD 0.0410
RSVM-SN 0.0588

NN 0.0757
VB-1 0.0389
SNA 0.1255
VB-2 0.0389
PMF 0.1258
WTN 0.1249

5.5.6 The Laplace transform for positive definite matrices

We here summarize the definition of the Laplace transform for positive definite
matrices. Further details can be found in [Ter12|. Let ST = {Z € R"*" : Z > 0}
be the space of n X n positive definite matrices and let f be a real valued function
on S%. The matrix Laplace transform of f at'Y € S? is

LF(Y) = f(Z)e " #N)dZ, where dZ =[] dzi;.
Z>0 1<i<j<n
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The transform is defined for sufficiently nice functions [Ter12| for which it converges
when ReY > Z, for some Z,. The inverse Laplace transform can be expressed
as |Ter12

1
_ LEY)e" (YD) gy
(@) /2 /ReY_Z* F(Y)e

:{ f(Z) ,ifZest,

0, , otherwise

5.5.7 Derivation of the Laplace Approximation

The Laplace approximation is an approximation of the integral
1= /e_%f(a)da,

where the integral is over a € R™. When the function e2f@) g sufficiently well
behaved, the integral can be well approximated by the Laplace approximation. In
the approximation, the function f(a) is approximated by a second order polynomial
around its minima ag as

1
f(a) ~ f(ao) + 5 (a —a0) "H(a —ay),
where H = V2 f(a)|aa, is the Hessian of f(a) at ag. The term linear in a vanishes

and H > 0 at aj since we expand around a minima. With this approximation, the
integral becomes

Iz/e—%f(ao)—i(a—ao)TH(a—ao)da: (T‘“)l"e—;ﬂaox
H

In (5.8), the integral is given by

;=L / o~ 4tr(@Z)—qlog [al+K ()] gy
(27r)pq/2 a>0

Set f(a) = tr(aZ) — qlog || + K(a), where a = vech(a) and vech(:) is the half-
vectorization operator for symmetric matrices, e.g.

a
a b
vech =1 b
b ¢
c
Let ag = 0 denote the minima of f(a) and H the Hessian at ayg. Assuming that oy
and H are “large” in the sense that the integral over o > 0 can be approximated
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by the integral over ¢ € RP*P we find that

I~ <2>1/ / ¢~ (a0~ }a-a0) TH(a—a0) g
s
(4m)P*/2
(2m)rar2[H[72°

*%f(ao)7

where ag = vech(ay).

5.5.8 Derivation of (5.21)), (5.22)), (5.23) and (5.24])

Let P1 £ Pr(||PEx;||3 < <|[Prx;||3) and assume that 1 < r < p and let n =
p — r. The random variables Prx; and PLLXi are independent zero-mean Gaussian
variables. Let wy, wa, . .., Wy, 21, 22, - - - , 2, be i.i.d. N(0, 1) variables. For the proofs

of (5.21)), (5.22)), we find that

_ ALr4123+AL 4225+ AL p2a <
Py =Pr < AL awiH+AL pwi+- AL pw2 = ¢

(a) A 2., .2 2
Lort1(214+25++2,)
2 Pr ( PV e e S g)

— 1 _ Apri1(aitzi+otan) S
=1-Pr (Wi twltorw) = ©

_ (Wiwi+-Fwd)/r _ nAp,,» (5.33)
=1 Pr (R < o)

(i) 1— B(%,T%,el)

o e

C

>1- Cp7req/2,

where B(+, -, -) is the incomplete beta function, B(-,-) = B(-,, 1) is the beta function
and

1
Cp_}ng(%,g), and ¢ = ———.

In (a) ALr412i+AL ri225 4+ AL p2 < ALt (2 425+ +22)

, ’2 ALv1w§+)‘L‘2w§+"'+>\L,v~w? = A r(witwi+Fw2)
(witws+-4w;) /T
(zi+z3++22)/n

is used. In (b) we note that

is F-distributed. Then, in (c), we use the following relation

B(53.0) = /A ot
_ 6’11"/2 fol ur/Q—l(l _ Elu)"/2_1du (534)
< 2672

This shows (5.22)).
Suppose Py £ Pr (|| X — X, |[% < <||X][%). To show (5.24) we introduce the pro-

jection Ppr onto the subspace spanned by the r eigenvectors of al_%l corresponding
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to the 7 largest eigenvalues and Pz = I, — Pg. Using the projection operators Py,
and Pgr, we have the following relation

IX[17 = [|PLXPrl% + [|PLXPE|3
+|PEXPr|E + |PEXPE]%

If Py and P, are two projection operators with properties rank(P;) = p — r and
rank(P3) = ¢ — r, then we have the following relation

X=X |3 = mig [|PXPsf}

IN

1PLXPg ||

We now find the following relation

Py 2 Pr(IIX - X3 < <|IX|3)
> Pr (||PEXPEII3 < IIXI[3)
> Pr (|[PLXPx % < < (IPLXPxll3 + [|PEXPg7))
= Pr (IPEXPEIE < 1 IPLXPrI}) 2 Py

The random variables P, XPg and P X Pz are independent zero-mean Gaussian
variables. Let {w; ;}, and {zj,;} be iid. N(0,1) variables, where 1 < i,j < r,
1<k<p-—rand1<1<qg—r. This gives us that [GN99)

p—T N~q—T 2
k=1 221=1 )‘L,T-l-k/\L,r-Hwk,l S
P3 =Pr 3 S .
219',3‘9 )‘LJ/\RJZi,j I-¢

Using that

2 2
g )\L,z’)\R,j%J > )\L,r/\R,r E Zi,j»

1<ij<r 1<ij<r
p—r q—r1 p—rqg—r

2 2
g g AL+ kAR r+1WE | < ALr4+1AR 741 g g Wi 1
k=1 1—1 k=1 1=1

we find that

p—r q—r
k=1 22i=1 wkl S AL AR

P3 Z Pr 3 < .
i<ij<r iy 1 =S¢ ALr+1AR 41

Since

1 p—r q— T’LU2
(p—r)(g—r) k=1 =1 %k,
1 2
7% Di<ij<r i
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is F-distributed, we find that

where

-1 _r r? (p=r)(g=r)
-1 — B(?,%),

1
14 -< AL r AR,
1=¢ AL, r+1 AR,r+1

€y =

5.5.9 The EM help function
The EM help function Q(©, ®’) is given by

m
Q(®7 6/) = gX\y,@’ [log p(XIy, @)] =c+ log 6

2
1
- §5[||y — Avec(X)|[3 - 55[tr(aLXaRXT)]
+ glog\aﬂ + glog|aR|,

where c is a constant. Using that

Ellly — Avec(X)[[3] = [lyl|3 — 2y " Avec(X)
+ tr(ATA(ve(‘,(X)ve(‘,(X)T +X)
= |ly — Avec(X)|[3 + tr(ATAY),

and

Eltr(arXarX )]
= tr((ag @ ar)(vee(X)vee(X) " + =)
= tr(aLXaRXT) +tr((ap ® ar)E’),

we recover the expression ([5.28)) for the EM help function.

5.5.10 Details for the RSVM with the Schatten s-norm penalty

We here set S = el to keep the derivation more general. The regularized Schatten
s-norm penalty is given by

G(Z) = tr((XTX 4 8)*/?).
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For the concave conjugate formula (5.10)) we find that the minimum over Z occurs
when

o - g(z +8)s/271 = .

Solving for Z gives us that

) 7 —2/(2—s)
K(a) = —tr(aS) - 2 - s <§> tr(a—2/(29),

which results in (5.12)).
Using (5.28), we find that the minimum of ((5.27) for the Schatten s-norm occurs

when

—s/(2—s)

N N - 2 _ s

XapX' + 25 — () a; ¥ =0
S

Solving for ey, gives us (5.30). The update equation for g is derived in a similar
manner.

5.5.11 Details for RSVM-LD
The log-determinant penalty is given by
g(X) =vlog|Z + S|.

For the concave conjugate formula (5.10]) we find that the minimum over Z occurs
when

a—-v(Z+8S)"'=o0.

Solving for Z gives that

K(a) = —tr(aS) + viog|a| + vp — viogw.
By removing the constants we recover ([5.14)).
Using (5.28]), we find that the minimum of (5.27) with respect to ap for the
log-determinant penalty occurs when

XO[RXT + ZNDR-FSL — Vazl =0

Solving for e, gives us (5.31)). The derivation of the update equation for ag is
found in a similar way.
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5.5.12 Update equations of VB-1 for LRMR

Here we generalize the update equations of the Variational Bayes method from
[BLMK12| to LRMR, referred to as VB-1 in section Similar methods were
used in [MS07,SMO8,NSB13|[LT07|. The VB-1 method factonzeb the matrix X €
RPX1 ag

X=FB',

were the column vectors of F = [fi f5 ... f.] € RP*", B = [b; by ... b,] € R?*"
(r < min(p, q) is a user parameter) are given Gaussian priors as

p(Fly) = HNf|0 L),
p(Bly) = H/\/bIO,vJ a)

where 7; > 0 is the precisions of f; and b;. We usually set » = rank(X) when the
rank is known, otherwise r can be used to upper bound the rank of X =FBT. The
additive noise in is modeled as a zero-mean white Gaussian with the unknown
precision 3 > 0. The precisions are given Gamma and Jeffreys priors as

a—1

p(vi) o<~ exp(—byi),
p(B) < B

In the variational Bayes framework, blocks of variables are assumed to have
independent posterior distributions allowing to approximate the posterior. Assume
that we want to approximate a distribution p(z) using variational Bayes. Let z;
denote the variables with indices’s in a set I, the variational Bayes approximates
the distribution p(zy) by ¢(zr) as [Bis06|

log q(z1) = &4,c |2, [log p(z1,27¢)] + constant.

Different choices of blocks of parameters can be made, we here chose to use indepen-
dent rows in F and B (as in [BLMK12]) since it gives good (empirical) performance.
We here use Ay to denote the k’th sensing matrix in , [Ag].; to denote the
i’th column vector of Ay, [Ax];. to denote the ¢’th row vector of Ay and [Ag];; to
denote the (i,7)’th component of Ay. We also set T’ = diag(y1, 72, - -, Vr)-

Given means 4, 3 of v and 3, that by, ~ N(Bk,E,(CB)) for all k and f; ~
N (&, EE-F)) for all j # i, we find that

B (% ;
log q(f;) = 3 <Z v — 26" BT [Axli.yn

k=1
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+2) £7E [BT[Ak]i[Ak]] B
J#i
+£,7€ [BT[Ak]i.[AL){ B f) — %f;I‘fi + constant.
where
€ [BT[AL]:.[A4]] B] =BT[AL]i[AL]/B
+ Z[Ak]ic[Ak]jczfiB)-

This gives us that f; ~ N (f;, EEF)) with

ST (faT S lAds
k

~ Y &[BT[ALLAL Bl |,
J#i.k

-1
=) = (3 > € [BTA][AL]B] + F) '

k

Similarly, when the distributions of the other variables are fixed, we get that
b; ~ N (b;, =7 with

—— <F S A,
k

_ Z & [FT[ALL[A[F] b, |,
ik

B = (/325 [FT[AL]i[AL[F] +r> ,

where now
& [FT[AL AR F] =FT[AL]i[AL];F
+ 3 [Ala[Axlg 5.
d

We also find that the precisions ~; are Gamma distributed with posterior pa-
rameters

. p+q+2a
i = ———

~ 1/ ~
bi = 5 (1B + 1Bal3 + ex(=(7) + tr(2) + 2b)
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This gives us that the posterior mean of 7; is 4; = a;/ 37 . Similary we find that the

posterior distribution of § is Gamma(é, d) with

é=m/2,

~ 1 A A N N

d=3 |lly —vecEBNIE+ Y (B A=V ATE,
ik

+b] AT AL, + tr(ng)Akng)A;)ﬂ .
The posterior mean of 3 is thus B = é/cf

5.6 Conclusion

We derived a low-rank analogue of the Relevance Vector Machine, called the Rel-
evance Singular Vector Machine (RSVM). The RSVM uses precision matrices and
a hierarchical prior to promote low-rank in X. For the one-sided model, the prior
of the precision matrix is related to the marginal prior on X through the Laplace
transform and through the concave conjugate formula. However, for the MAP es-
timation problem, the concave conjugate formula gives an exact relation. For the
two-sided model, an relation is more difficult to establish because of the prior on
X depends non-linearly on the precision matrices. Simulations show that the per-
formance of the RSVM methods is similar to the performance of the nuclear norm
estimator for SNR = 20 dB and slightly worse than the performance of the nuclear
norm for SNR = 40 dB. The RSVM method suffers from high complexity but shows
good performance. To develop the method for larger scale problems is therefore an
interesting problem.



Chapter 6

Bayesian learning for robust PCA

data in as simple a manner as possible. This is usually done by describing

the data with fewer parameters than the number of data points. In the linear
model, this is done by writing the data points as linear combinations of a fixed set
of atoms. Often, the atoms themselves are not known. It is then required to learn all
parameters from data alone. One method for finding a simple linear description is
Principal Component Analysis (PCA) which attempts to find a lower-dimensional
subspace which best describes the data best. The mismatch between the data and
the PCA description is often treated as noise.

PCA is a kind of least square estimator and works well when the noise is dense.
However, similarly to the standard least squares, PCA is sensitive to sparse outlier
noise. Since the outliers are sparse and the PCA estimate is low-rank, the robust
PCA problem is a combination of the sparse and low-rank estimation problems.
Many methods for sparse and low-rank problems have been adapted to the robust
PCA problem. Here we construct a Bayesian method for robust PCA by combining
the robust SD-RVM from Chapter 4] and the RSVM from Chapter

O ne of the main tasks in signal processing and machine learning is to describe

6.1 Robust principal component analysis

Robust Principal Component Analysis (RPCA) is the problem of estimating a low-
rank matrix X from measurements

Y =X + S+ N e RPX9, (6.1)

where Y is the observed matrix, N is additive dense noise (typically isotropic Gaus-
sian) and S is a sparse matrix modeling outliers. The RPCA model has been
used in e.g. [CLMW11f{WLZ13|ZT11,BLMK12/Wip12)DHC11/WYG'09,CSPW11,
OCS14,|SW12,MMG13] to model different phenomena and has applications in e.g.
image processing, collaborative filtering, face recognition [CLMW11] and machine
learning [WLZ13]. The system model can also be used in a matrix completion

101
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setup, where only some components of Y are observed, by modeling the unobserved
entries as outliers.

In the literature, three classes of estimation methods are typically used: greedy,
convex optimization based and Bayesian. The greedy method in [ZT11] uses alter-
nating optimization to estimate X and S via a least-squares principle. The greedy
method is highly effective but requires rank and sparsity level to be known a-priori.
The method may therefore be infeasible in many applications. The convex opti-
mization based method in [CLMW11]| is called principal component pursuit (PCP)
and uses nuclear-norm and ¢;-norm penalty functions to estimate X and S. One
limitation of PCP is that it requires the power of the dense noise to be known. In
absence of a-priori knowledge, Bayesian methods are a suitable choice since they
can learn all necessary parameters from data. Formulating a Bayesian method for
requires low-rank and sparsity promoting priors for X and S, respectively. The
method of [BLMK12] uses a variational Bayes (VB) approach where the low-rank
prior is induced using block sparsity in a matrix factorization model. The empirical
Bayes (EB) method of [Wip12] promotes low-rank by modeling the column vectors
of X as correlated Gaussian vectors. Further, in [Wipl2] S is given a sparsity pro-
moting prior by the usual approach where the elements are Gaussian variables with
gamma distributed precisions.

In this chapter we develop a new Bayesian method for RPCA. To promote low-
rank, we use a model that induces correlations among the column and row vectors
of X. The new method is called robust RSVM (rRSVM) and the parameters are
estimated using the expectation-maximization (EM) framework. Through numer-
ical simulations, we investigate the performance for synthetic data as well as real
data from the MovieLens 100K dataset [HKBR99]. The performance of rRSVM is
found to be better than that of the competing algorithms PCP, EB and VB for
both synthetic and real data.

6.2 Robust RSVM

To formulate a Bayesian learning method for the RPCA model , we need
appropriate priors for X, S and N. Here we use the prior for outliers from Chapter[4]
to promote sparsity and the two-sided precision with log-determinant prior from
Chapter 5] to promote low-rank. We first discuss the priors in Section[6.2.1]and then
design the learning algorithm rRSVM in Section [6.2.2| using the EM framework.

6.2.1 Priors for low-rank and sparsity
Low-rank promoting prior

As in Chapter [5| we set the prior on X to be

vee(X) ~ N (0,0 ® aj'), (6.2)
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and the prior on the precision matrices to be

plag) o< o |02 3t
plr) o« faug |0 2 strten), (03
Prior for combined noise
As in Chapter [ we model the combined noise as
Sij + Nij ~ N(0, 8;1), (6.4)

where 3;; > 0 is the total noise precision of the combined noise component S;; +Nj;.
The motivation of using a combined model instead of an independent treatment
stems from the fact that S and N need not be separated individually for estima-
tion of X. This approach also reduces the number of model parameters and often
improves estimation performance |[SCJ15b]. The combined noise is only approxi-
mately sparse and is well modeled using a sparsity promoting prior. We here use
the Gamma prior

patl o bB

p(Bj) = Gamma(B;jla + 1,b) = mﬂ”e bBij (6.5)
for the noise precisions f;;, where I'(-) denotes the Gamma function [Bis06|, to
promote sparsity in the noise [Wip12,MVC10].

6.2.2 Bayesian learning algorithm for rRSVM

A common method for estimating the model parameters is the maximum a-posteriori
method

X, 0= arg max p(X, 0] Y), (6.6)

where § = {ar, ag, 8}. The maximization of is often hard to perform in prac-
tice and therefore needs to be approximated through e.g. evidence approximation
or expectation maximization (EM) [Bis06]. To initialize EM, we make an initial
choice of 6. Next, in the expectation step, EM computes the posterior distribution
p(X]|Y,0") of X given the measurements Y and the latent variables 6’ from the
previous iteration. In the second step (the maximization step), the latent variables
0 are updated by maximizing the EM help function

Q(0,0") = E[log p(Y, X[0)|Y,0'] + log p(0),

with respect to 6. The expectation and maximization step is repeated until con-
vergence. An advantage of EM over e.g. evidence approximation is that it has
established monotone convergence properties [Bis06], i.e. in each iteration the cost

in does not increase.
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For Bayesian RPCA (6.1)) with the priors (5.17)), (5.14]) and (6.5)), the posterior

distribution p(X|Y,6’) is Gaussian with mean
vee(X) = B vec(Y),
S =((ag@al)+B)

where B’ = diag(vec(B)) and X is the covariance matrix of vec(X).
The EM help function for our model becomes

1 A
Q0,0') = —3 > (ﬁij(Yij - Xi;)? - 10g5¢j>
0,J
- %tr(XTaLXaR) — %tr(E[(aR ® ar)+ B])

+ glog lap| + glog |ar| + log p(6) + constant,
where B = diag(vec(8)). The priors of the precisions is denoted by p(6), i.e.

log p(6) = log p(ewr) +log p(ar) + Y log p(Bi;)-

1<i<p
1<5<q

Maximizing the EM help-function with respect to € we find the update equations

1+ 2a
Bij = = , (6.7)
(Yij — Xi5)? + [Zpls; + 20
N N —1
ap —=v (XaRXT S eIp) 7 (6.8)
A A —1
ap=uv (XTaLX+§JR+qu) , (6.9)

where [¥3];; denotes the (i,7) component of the matrix X3. The matrices X3 €
RP*4 3, € RP*P and X g € R7%7 are defined by their elements

[Zslij = [Blitp-1),i+p6-1)5 (6.10)
[EL]ij = tr(B(ar @ E])), (6.11)
[Zrlij = tr(Z(Ef ® ar)), (6.12)

where Eff € RP*? and Ef} € R?7*¢ are matrices with a 1 in position (i,7) and
zeros otherwise. Typically, the regularization parameters a, b and € are set to small
values, e.g. 1074, In the simulations we initialized the algorithm by setting the
matrix precisions to identity matrices and all noise precisions to one. We stopped
iterating when the relative difference ||X — X (@) |2, /|| X(°!) |12, was less than 1%.
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Figure 6.1: NMSE vs. number of outliers, K.

6.3 Numerical experiments

We used numerical simulations to evaluate the performance of the algorithms
PCP [CLMW11], VB [BLMK12|, EB [Wipl2| and rRSVM. First, we generated
synthetic test data for (6.1). We estimated the low-rank matrix X using the dif-
ferent algorithms and empirically evaluated the Normalized Mean Square Error
(NMSE)
s (11X = XI[]

EIXI%]

We considered the case where both the rank, sparsity and SNR is unknown. To
make a broader comparison we also compared with the PCP algorithm for which
we assumed the SNR to be known a-priori. For PCP we used € = 0,1/pq + v/8pq
as suggested in [CRT06].

6.3.1 Synthetic data

To generate synthetic measurements (6.1]), we generated the low rank matrix by
setting X = AB, where the elements of A € RP*" and B € R"*¢ were drawn from
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NMSE [dB]

4 6 8 10 12 14 16 18 20
p

Figure 6.2: NMSE vs. p, number of rows of the matrix.

a N (0,1) distribution. The sparse matrix S was generated by selecting the positions
of the K non-zero coefficients uniformly at random and drawing their values from
N(0,1). The elements of the dense noise matrix was drawn independently from
N(0,02), where o2 is chosen to fix the signal-to-noise ratio (SNR)

X +S|7]  rpe+ K

EJ|
E[||INJ%] pqo?

We evaluated the NMSE over 100 realizations for each parameter value.

We measured how the number of outliers affect the algorithms by setting p = 10,
q =20, r = 3, SNR = 20 dB and varying K, the number of outliers. We found that
EB and rRSVM gave a lower NMSE than PCP for K < 14. The NMSE of rRSVM
was 2.6 dB lower than that of EB for K > 5. The NMSE of PCP was 6 dB lower
than that of VB. The results are shown in Figure [6.1} For recovering the sparse
component, VB was most efficient followed by rRSVM.

To evaluate the effect of the matrix size, we varied p, the height of the matrix,
for ¢ = 2p, r = [0.15p], K = [0.05pq] and SNR = 20 dB. We found that the NMSE
of rRSVM was 1.7 to 3.3 dB lower than the NMSE of EB, the NMSE of EB was
2.4 to 5.5 dB lower than the NMSE of PCP and the NMSE of PCP was 4.4 to 6.2
dB lower than the NMSE of VB. The results are shown in Figure 6.2
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Figure 6.3: NMSE vs. SNR.

Finally, we measured the sensitivity to noise by setting p = ¢ = 10, r = 2,
K =5 and varied the SNR. We found that rRSVM performed best for SNR > 10
dB. For SNR = 30 dB, the NMSE of rRSVM was 9.7 dB lower than the NMSE of

EB while the NMSE of PCP was 9.5 dB lower than the NMSE of VB. The results
are shown in Figure 6.3

6.3.2 MovieLens dataset

The MovieLens 100K dataset [HKBR99] consists of 100 000 ratings of 1682 movies
by 943 users collected in the years 1997 and 1998. Each rating is given by an integer
from 1 to 5. In collaborative filtering, the movies are modeled by certain features,
e.g. genre, and each user has preferences based on these features. The preferences
of a user can thus be modeled as a linear combination of preferences for certain
(unknown) features. For a low number of relevant features, the matrix of ratings is
a low-rank matrix.

Some users may have unique preferences for which the low-rank model is ill-
suited. There are also examples of so called schilling attacks in which users gener-
ate ratings in order to manipulate recommendations [CNZ05]. Ratings which are
not modeled well by a low-rank matrix are often few and can thus be modeled
by a sparse matrix, the recommendation problem then becomes a robust matrix
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Partition PCP VB EB rRSVM

ul 659 785 785 22.8
u2 79.7 583 58.3 22.5
u3 64.9 40.7 40.7 13.8
u4 585 372 372 13.4
ud 375 374 374 12.3

Table 6.1: Error when using the first 75 rows and columns of the MovieLens 100K
dataset.

completion problem.

To test the algorithms for robust matrix completion, we used the predefined
partitions ul, u2, u3, u4 and u5 of the MovieLens dataset into training and test
data. We used only part of the dataset in order to run the algorithms in reasonable
time. In simulations we performed full matrix completion on the training set and
calculated the (Frobenius) error over the test set, i.e.

Error = Z (Xij — Xi(;CSt))?
(ivj)egtest

We assumed noise-free measurements for PCP.

We found that rRSVM gave a lower error than the other algorithms. The per-
formance of EB and VB was close to identical (differing first in the 6’th decimal
place). PCP gave a lower error than EB and VB only for ul. The errors are shown
in Table

6.4 Conclusion

In this chapter we developed a robust Relevance Singular Vector Machine for robust
principal component analysis. The algorithm uses matrix precisions to promote
low-rank and models the sparse and dense noise as a single noise source. Through
Bayesian modeling, we are able to learn all parameters from data and can thus
handle situations in which neither the rank, sparsity of outliers nor the noise power
is known. Moreover, the Bayesian method provide error estimates of the estimated
variables. The algorithm outperforms principal component pursuit, the empirical
Bayes and the variational Bayes in numerical experiments with synthetic and real
data.

Robust principal component analysis is a relevant problem that appears in many
applications. Hence, it is important to develop more accurate methods. In many
real world scenarios, such as the MovieLens dataset, neither the rank, sparsity
of outliers nor noise power are known a-priori. Since this is a common scenario,
robust Bayesian methods are important for signal processing and machine learning
applications.



Chapter 7

Bayesian Cramér-Rao bounds for low-rank
matrix estimation

know how close (or far) the algorithms are from being optimal. Theoretical

lower bounds provide limits on the Mean-Square Error (MSE) of estimators.
When the performance of an estimator reaches the lower bound, we know that the
estimator is optimal and that the bound is the best possible. When the performance
of the best estimator and best lower bounds does not meet, it shows that there is
possible to design better estimators and/or better bounds.

The Cramér-Rao bound [Crad7, Kay93| provides a lower bound on the MSE
for unbiased estimators of deterministic parameters. When the parameters to be
estimated are random, the prior distributions need to be taken into account when
deriving lower bounds. This is because the prior distribution brings additional in-
formation about the parameters. A strong prior gives much information about the
variable while a weak prior gives less information about the parameters. For the ran-
dom variables, a lower bound is given by the Bayesian Cramér-Rao Bound (BCRB)
[VT04, VTBO7,|GLI5,BS80]. In this chapter we investigate Bayesian Cramér-Rao
bounds for certain Bayesian low-rank reconstruction models.

In the work of designing more accurate estimation algorithms, it is useful to

7.1 Introduction

In low-rank matrix reconstruction (LRMR), we seek to estimate a low-rank matrix
X € RP*Y from linear measurements

y=AX)+n=Avec(X)+n=Ax+n, (7.1)

where y € R™ is the observed measurements, n € R™ is additive measurement noise
and the sensing operator A : RP*? — R™ and the sensing matrix A € R™*P? are
two equivalent representations of the linear sensing process. For brevity we intro-
duce x £ vec(X) where vec(-) is the standard vectorization operator. The sensing

109
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operator A and sensing matrix A are linear operators which can be represented as

Avec(X) = A(X) = : ;
tr(A.;LX)

where the i'th row of A is vec(A;)" with A; € RP*? and i =1,2,...,m. The
sensing matrix A (and therefore also A) is assumed to be known. An important
special case of LRMR is matriz completion where we observe individual elements
of X.

The LRMR problem occurs in several applications, such as system identification

CP10,Faz02|ZSJC12] and recommendation systems [CP10,CR09,CP11,RFGST09,
W2 15¥ CL KBV, LBATTAlq13,Sw/ 15 HKBR9,SS10,5M08, LT07, RIKOT,
FRW11,MS07,/LB10,[BLMK12,Wip12,[SRJCL[TN11,/CT10]. In many applications,
the LRMR problem setup ([7.1]) is under-determined, i.e. m < pq.
There exists several reconstruction algorithms for LRMR, see e.g. [CRO9,RFGST09,

WZY15,[YC11,[KBV09,[LBA11,[SS10],[SMO08, [LT07, RIK07, FRW11, MS07,[LB10,
BLMK12,[Wip12,[SRJC,[TN11|. In the Bayesian strategy, the low-rank property of

the matrix X is modeled by a prior distribution. Prominent models of prior distribu-
tions are the factorized model of [KBV09,/SS10,SMO08|/LT07, RIK07,BLMK12| and
the hierarchical model of our previous work [SRJC]. Our contribution is the theo-
retical derivation of Bayesian Cramer-Rao bounds (BCRB) for the mentioned prior
models. We also evaluate BCRB for a direct low-rank promoting prior distribution
that was not used in practical algorithms, but that is interesting for theoretical un-
derpinning. Finally, we perform numerical simulations to compare the performance
of practical Bayesian LRMR algorithms against the derived BCRB bounds.

BCRB'’s for sparse Bayesian models was considered in [PM13]. On the topic
of deriving BCRB for LRMR, there exists no work in literature except the work
that only considered a restricted case of low-rank matrix completion and a
factorized model for X. Our work goes much beyond the work of . At this
point we mention that there exists bounds for deterministic scenario of LRMR, such
as Cramer-Rao bounds for unstructured and structured low-rank
matrices. In the following subsections, we explain notations used in this article and
provide preliminaries of BCRB.

7.1.1 Notation

We use Eq[-] to denote the expectation value with respect to random variables
q. The element-wise (Khatri-Rao) product of two matrices is denoted by o and
the Kronecker product by ®. The ¢3-norm and Frobenius norm are denoted by
I-llF. We denote the k x k identity matrix by I and the i’th unit vector by e;,
ie. e = [0,0,...,0,1,0,...,0]". We also use the matrices EZLJ € RP*P and
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EZ € R?%9 defined as

0 otherwise

[Eim:{ 1 if (k1) = (i,§) or (k1) = (4,9),

The commutation matriz is the matrix representation of the transpose operation,
i.e. K, vec(Z) = vec(Z") for all Z € RP*9 and can be expressed as

— T T
K,,= E ee; Qeje; .
1<i<q,1<5<p

We introduce the linear operators 7; and 7z such that 7;(C ® D) = (C" ® D) and
T2(C®D) = (C®DT) for all matrices C € R7? and D € RP*?. The operators
are defined for any matrix W € RP4*P4 through linearity.

We also introduce the matrix D,, such that

D,vec(Z) =vec (Z+Z" —(Zo1,)),

where Z € RP*P. We find that D] = D,. The matrix is useful when taking deriva-
tive with respect to a symmetric matrix. If Z is symmetrix, then e.g. [KvR06]

dlog |Z| _ -1 _ (-1 _ -1
Dvec(Z) vec(2Z (Z7" o1,)) = Dyvec(Z™7),
ovec(Z7h) 1 1

vecz) ~ DrZ@Z7),
otr(AZ)

vecZ) D,vec(A).

7.1.2 Preliminaries on BCRB

Without loss of generality, we assume that the matrix X is a function of some
parameters w € R™. We write this dependence as x = h(w) where h(-) is a known
function. We model random matrices X by letting w be a random variable with
a prior distribution p(w|@) that depends on some hyper-parameters 8 € R¥. The
hyper-parameters 8 can be either deterministic or random. When the prior is on X
directly, we set x = w. Throughout the chapter, we assume the noise is zero-mean
white Gaussian distributed as

n~ N(0,57'L,).

where 5 > 0 is the noise precision. When 3 is random, we assume that it is Gamma
distributed with a prior Gamma distribution

b

cpc—1_—dp
F(c)dﬁ e 7, (7.2)

p(B) = Gamma(f|c,d) =
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where I'(+) is the standard Gamma function and ¢,d > 0 are model parameters.
The joint distribution of all variables is

p(y,w,0,8) = p(y|w, B)p(w|0)p(0)p(5).

For brevity of notation, we denote the model variables by
z2[w' 6" ", (7.3)

We are often interested in estimating a variable n £ g(z) where g(-) is a known
function. The BCRB provides a lower bound on the mean-square-error (MSE) of an
unbiased estimator 7). In the literature, the BCRB is also known as the van-Trees
inequality [VT04,VTBO07] and the Borovkov-Sakhanenko inequality [VTB07,BS80].
To derive the BCRB, we need to compute the Fisher information matrix F of z

dlogp(y,z) 0logp(y,z)
821‘ azj ’

[Flij = &

where z; denotes the i’th element of z. We denote the covariance matrix of the
estimation error € £ f) — 1 by

C. = v,z [EET} = gy,z [(ﬁ - 77)(77 - n)T} :

Proposition 7.1.1 (BCRB). Assume that g(z) does not depend on A. For an
unbiased estimator 1), the covariance C¢ of the estimation error € is bounded as

c.re %] e, [28] (7.4)
€= "% 9z “ 1oz | '
It also holds that
-1
dg 0g dg g ' ogog '
=& | =22 ) e === | .
Cez &, lé)z Oz ] (52 GZF(?Z & 0z Oz (7.5)

When g(z) = z, both bounds reduce to the bound C. = (&,[F])~!. Proof of
Proposition is given in Section While (7.4) is easier to evaluate, the
BCRB (7.5) can sometimes be more informative, for example when &, [%} =0.

We obtain a lower bound on the MSE by taking the trace of the inequalities.
Table [T.1] shows a nomenclature of various BCRBs and their associated variables.

7.2 Priors for low-rank matrices

In this section, we show three prior models for random low-rank matrices. Later we
evaluate the BCRB for these priors.
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Table 7.1: BCRB for different cases
BCRB-I BCRB-II BCRB-III BCRB-1V
Variable Random Random Random Random and
x = h(w) marginalized
| Byipeir—ip;rgrr;ege;si ‘Deterministic | Deterministic I Random %13&&6151&15 |
0,5 known unknown unknown
Performance Eywlx =% | Eywlx —%|? | Eyw.o.5]x —X|? -
measures - Eywll@ =0 | Eywopll0—0] | &6 —0)?
- Eyw(B— 3)2 Ey,wo.8(8 — B)2 Ey(B— 3)2

7.2.1 Sparsity-based model

The sparsity based model induces low-rank by making many of the singular values
of a matrix zero. The singular value decomposition of a matrix X € RP*? is the
factorization X = UXV " where U € RP*¥ and V € R7** are matrices such that
U'U=V'V =1, for k = min(p,q) [HJ12]. The matrix ¥ = diag(oy,02,...,0%)
is diagonal and o7 > 09 > - -+ > 01 > 0 are the singular values of X. To emphasize
the dependence on X, we sometimes use the notation o; £ ¢;(X) and o £ o(X) =
[01(X), ..., ou(X)]T.

The rank of a matrix is the number of non-zero singular values. A suitable
low-rank prior can thus be constructed by using a sparsity-based model by setting

p(X)dX = Ce 1eX)gx, (7.6)

where C is a normalization constant, dX is the integration measure and f(-) is a
suitable function. By a change of variables, the distribution of the singular values is
found to be p(e)do = Ce=/(?)((o)do, where ((o) is the Jacobian. If realizations
of o ~ p(o) are sparse, then realizations of p(X) are low-rank. In general, the
realizations are only approximately low-rank since the distribution is continuous.
For the above prior , the matrices U and V are uniformly distributed on their
domains, i.e. their probability distributions are proportional to the Haar measure
on their respective Stiefel manifolds [Mui09]. For the sparsity-based model (7.6)),
we have that

w=xand 6 =0,

where ) denotes the null/empty set. The prior is directly on x and there are no
unknown hyper parameters. For the sparsity-based model, we especially consider
the generalized compressible prior (GCP) [PM13|/GCD12]

k
f(o) ~log((e) = =Y log (1 +07), (7.7)
i=1
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where 7,5 > 0 are model parameters. The choice of the prior (7.7 is due to its
sparsity promoting properties [GCD12].

7.2.2 Factorized model

In the factorized model, the low-rank matrix is written as a product of two matrices
X =LR', (7.8)

where L € RP*" R € R?*", and r < min(p, ¢) [RFGST09/CWZY15,[YC11,KBV09,
LBA11}/Alq13,[SMO08,/LT07, RIK07,MS07,[BLMK12,|ZSJC12|. One method for pro-
ducing rank lower than r is to promote block-sparsity for the columns of L and R.
To achieve column-wise block-sparsity in L and R, a common approach is to use
the priors [Alq13L[SMO08,LT07,MS07,(BLMK12]

% Lo
L (7.9)

1 T
W exp (—Qtr (RI‘R )) s

where T' = diag(v) and v = [y1, V2, - - -, |- In this model, ~; is the precision of
the ¢’th column of L and R. To promote sparsity, the precisions are given Gamma
distributions

p(Rly) =

p(v:) = Gammal(vy;|a, b) (7.10)

as priors. For the factorized model (7.8) we thus have that

and 6 = «. (7.11)

w — l vec(L)
vec(R)

We use the above parameters since finding p(X|vy) is non-trivial for the factorized
model.

At this point, we mention that the individual factor matrices L and R are
not identifiable since (LQ")(RQ )T = LR for any invertible matrix Q € R"*".
Also, the individual precisions 7; are not identifiable since two precisions can be
interchanged without altering the model. We can therefore not derive bounds for
the individual factor matrices or the individual precisions, but instead the BCRB
for LR" and a symmetric function s(v) of 4. The variable of interest is therefore

w vec(LRT)
n=glz=g| |6 ||= s(7) : (7.12)
B B
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7.2.3 RSVM model
In the RSVM model [SRJC], the low-rank matrix X is modeled as
X =a; ?Uaj? (7.13)

where ay, € RP*P and ag € R7%? are positive definite precision matrices and the
elements of U are iid Gaussian A (0,1) variables. In [SRJC| we showed that the
use of Wishart distributions as priors for precision matrices promote low-rank in

X. Through the relation vec(X) = (Ole/2 ® aL1/2) vec(U), we find that
lar ® ar['/? 1 T
(X|aL; C!R) W exXp —51’;1’ (X aLXaR) (714)

For the precision matrices we use the Wishart priors [SRJC]

plag) = C,, oy |F e zetrern), (7.15)

plag) = C,, JJag| 3 e etr(@r) 7.16
R»q

where v, vg >0, C,, ,, Cyp, 4 are normalization constants and [Bis06]

p(p k
I,(z) = o5 HF(I,+>.
Thus, in the RSVM model

W:xand@:lvec(aL) ]

vec(ar)

We notice that the individual precision matrices are not identifiable since the
distribution p(X|ar, ag) is invariant under rescalings a;, — taz, and ag — t~tag
for all ¢ > 0. This is because the distribution only depends on (ar ® ay). The
variables of interest are therefore

n=g(z)=g 0 = | vec(lar®@ayr) | - (7.17)
B B

7.3 Bayesian Cramér-Rao bounds for low-rank matrix
reconstruction

In this section, we derive the BCRBs for the models described in section
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7.3.1 Bounds for the sparsity-based model

In the sparsity-based model, the distribution of X depends only on the singular
values of X and the function f(-) is assumed to be known. We compute BCRB-I,
BCRB-II and BCRB-III for this model.

Proposition 7.3.1. Let X = Zle o;w;v, be the SVD of X and assume that f(-)
is differentiable. The Fisher information matriz of the sparsity based model is given
by

Fx Fxﬂ

F=
F;crﬁ Fg

)

where

_ Of Of (o T o T T
Fx = Z B0, aUj(vjvi ®uju,; )+ SATA,

Fyp = <d C;1> ; ﬁ(vz@ui),

. 80’,‘

=1
m c—1 2
FB:W+<d_ ﬂ ) .

Setting c =1 and d = 0 corresponds to a deterministic [3.

The proof of Proposition is given in Section
For the sparsity based model we have that

g

9z Ipgi1-

The bounds ([7.4) and (7.5) thus coincide for the sparsity-based model.

BCRB-I and BCRB-II

The only hyper parameter in the sparsity based model is the noise precision .
BCRB-I and BCRB-II are the bounds for the problems where 3 is known and
unknown, respectively.

Proposition 7.3.2. For the sparsity based model (7.6)), the BOCRB-II is given by

(E[F™ 0
Ce = 1
0 Fy
where we used that Fxg = 0. The non-zero factors are given by
m
Fg=—
B 2ﬁ2 ?
1 N[f]
Ex[Fx] = — =571, + BATA.

~ pq DIJ]
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with
N[f] = / hio)g(o)e () do, (7.18)
Q
D[f] = / g(o)e M do, (7.19)
Q
>

for Q={(o1,092,...,0

- >0y, >0} and

g(o) = H 0 fa H a‘p ql

1<i<j<k 1<i<k

=3 (2)

i=1

The bound exists provided that the function f(-) is such that the integrals converge.
We also find that BCRB-I of x with known [ is given by

Eyx [(fc —x) (R — x)T] = (Ex[Fx) .

The proof of Proposition|[7.3.2]is given in Section We find that the integrals
are non-trivial to evaluate analytically We therefore use Monte-Carlo integration

[BGJM11] to numerically compute (7.24) and (7.25).

BCRB-III

To compute BCRB-III we also need to compute expectation values with respect to

B, which is now a random variable. We state the bound as a proposition.

Proposition 7.3.3. The bound BCRB-III for the sparsity based model is given by

(E[Fx) 0

CEl 0 ()

where we used that &, [Fxg] =0 and

Proof. The proposition follows from parts of Proposition and the fact that

Eslp] =

m c—1\? B md> 9
w*(d‘ 3 ”_2((;_1)(@_2)”

~ 2d(c—1)d

&l = qu[[ } m AT

_ (m+2(c— 1))d2
EalFs] = 20c—1)(c—2)
ga

(c—1)2d> (m+42(c—1))d?

c—1 (c—=1D(c—2)  2(c—1)(c—2)
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O

7.3.2 Bounds for the factorized model

Here we evaluate BCRB-I, BCRB-II and BCRB-III for the factorized model de-
scribed in Section The following proposition gives the Fisher information
matrix.

Proposition 7.3.4 (Fisher information matrix). Let1; and r; denote the i’th col-
umn vector of L and R respectively. For the factorized model, the Fisher informa-
tion matrix is given by

Frr Fir Fry Fig

Fir Frr Fry Frp (7.20)
Rl Fl, F, Fy |
Fis Fry Fop Fp

where
Fr, =B8R®L) ATAR®I,) + vec(LT)vec(LT) ',
Frr=BR®IL) ATA(I, ® L)K, , + vec(LT)vec(RT) ",
Frr =K, (I, 2L)TATA(I, ® L)K, , + vec(RT)vec(RT) ",
szhhT,Eyzg;—%<d—C;1)i

and the components of h = [hy, ha, ..., h,]" are given by

_pta+2(a—1) |G|+ |Iril3

h; —b.

The components Fr~, Fry, Frg, Frp and F5 are given in Section[7.4.6 and are
zero when y and B are deterministic (a = ¢ =1 and b = d = 0) and zero-mean
when the hyperparameters are random. These components do therefore not affect
the BCRB bounds.

The proof of Proposition is shown in Section Following Proposi-
tion we evaluate % where g(z) is shown in (7.12)). We get that

dvec(LR) 0 0

ag ow s
3. = 0 g ; (7.21)
0 0 35
o[ ®eL), LeLK,) o o
= 0 (V)T 0 |,
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where

0s
= = |
and we used ([7.3)) and (7.11)). In equality (a) we used that

vec(LR") = (R ® I,)vec(L) = (I, ® L)K, ;vec(R).

CLC .

b

Note that

ow

as L and R are zero-mean. Hence the BCRB (|7.4) is non-informative for the fac-
torized model. We thus compute the BCRB ([7.5) for the factorized model. We get

ey [2eERDT_ e R @1, 1, 0 LK, )] = 0.
| S

that
og 0g T (RR"®1L,)+ (I, ® LL") 0 0
%08 0 IVaslz 0 |,
0 0 1

where we used (7.21)) and the standard relation K, ;K| , = I,,. Taking the expec-
tation value gives that

= 0 IVysl3 0|, (7.22)
0 0o 1

g 0g’
Yoz 0z

] 2 (Z::1 7;1) I 0 0

where we used that Ew[(RRT ® L) + (I, ® LLT)] = >7_, 27, 'I,,,. Next, using
(7.20) and (7.21]) we find that

Gw Guwy Gugs
G\Tv'y Gy Gy |
Gus Gys  Gp

.
_O8pls _

G_E 0z

where
Gw=8RR"T®L)ATARRT @1,)
+B6(I, @ LLTN)ATA(I,® LL")
+BRRTI,)ATA(I,® LL")
+B8(I, @ LLNATARR' ®1,),
+ 4vec(LTR " )vec(LTR )T,
Gy = (V48) "Fy(Vys) = ((V45) Th)?,
Gy = Fp.
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The components Gw~, Gwg and G~ are given in Appendix and are zero
when the parameters are deterministic and zero-mean when the parameters are
random.

BCRB-I and II

We compute the BCRB (7.5) by taking expectation values with respect to w. We
state the resulting bound as the following proposition.

Proposition 7.3.5. The BCRB-II of the factorized model is given by

r 172 _
(220 1) (Ew[Gw]) ™ 0 \ 0
(2]
Ce = 0 st 0
0 0 Gy

where Gg = Fjg is given in Proposition and

Ew[Gw] =23 (Z 7;1> 2 ATA + 4T,

+8 (Zl w,:?) (TiI(ATA) + T2(ATA))

+8 (Z %72> (Iq ® (qu (en @L)ATAlen, ® 1,,)))
+ 3 (Z %;2> ((Zp: (I,2el ) ATA(I, ® em)> ® 1p> :
Ew [Gw}” prd <V~,:>T1r (V)

The linear operators Ty and T2 are defined in Section[7.1.1. The BCRB-I is given
by

. 2
Eyw | (X —x) (%= X)T} = (2 Z%‘_l> (5W[GW])_1 .
i=1
The proof is given in Section [7.47]

BCRB-III

Computing BCRB-III requires calculating expectation values with respect to y and
z=[w', 7, B]T. We state the bound as a proposition.
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Proposition 7.3.6. Assume thata > 2 in (7.10) and ¢ > 1 in (7.2)). The BCRB-III
of the factorized model is given by

(22) @™ o 0
0 0 (E(Ga)) ™
where
B crb*(1 +ra —2r)
& [Gw] = gmATA +drly,
R
(2 1)
&G = S e—2
E2[Gq] = & [((V8) T (ay™! —b1,))7]
+ 1%2(@*1)57 [(Voy8) "Fey(Voys)] s
o [mt2(c-1)]  (m+2(c—1))d?
EalGol = & { 22 ] C 2(c—1)(c—2)
where 'Y_l = [7;17 7;17 s 7'7;1]T and 1, = [17 L., 1]T eR".

The proof is given in Section [7.4.8

7.3.3 Bound for the RSVM model

For the RSVM model, we compute BCRB-I, BCRB-II, BCRB-III and BCRB-IV.
The Fisher information matrix of the RSVM model is given by the following propo-
sition.

Proposition 7.3.7. The Fisher information matriz for BCRB-II and BCRB-IIT
of the RSVM model is given by

Fxx anL anR FxB
F

T
F = anL FCXLC!L araR FaLB

- T T ’
FXO‘R FaLaR FaRaR FO‘RB

T T
Fl, F

arfB

Fa.s Fap
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where

Fyox = AT A + vec(apXag)vec(arXag) ',

FOLLOLL = VLV—Lrv FOLLDLR = VLV;7 FaRaR = VRvga

2
m c—1
Fgg = —= d—
55 =gz * ( 3 ) ’

and

1

I §DPV6C (XaRXT +elp, — (g + VL)aZl) ’
1

vi = 5Dgvee (X arX + e, — (p+vr)eg').

For deterministic hyper parameters v, =vg =€=0,c=1 and d = 0. The terms
Fya, and Fxq, are zero mean with respect to x and that the terms Fxg, Fo,
and Fo ,p are zero when [ is deterministic and zero-mean when [ is random. The
terms do therefore not contribute to the bounds. For completeness we give the terms

in Section[7.4.9
The proof of Proposition [7.3.7]is given in Section [7.4.9] The submatrix
Faa = F(-XrLO‘L Fozen —| v [ vl Vg } )
FCXLCXR FaRaR VR )

is singular for a fixed x. However, & [Fq] is not singular. For the RSVM model,
we find that

e I, 0 0
E = Us O ’
0 1

where the column vectors of Uy = [Ug, Ug,] are given by
[UQL]:,i+(j—1)p = VeC(aR X Ez%)?

[UGR]:,IG+(171)¢] = VeC(Ele ® aL)'

BCRB-I and BCRB-II

We compute the BCRB-II by calculating expectation values with respect to x =
vec(X). We state the BCRB bound in the following proposition.

Proposition 7.3.8. The BCRB-II of the RSVM model is given by
(Ex[Fxx)) ™t 0 0

C. >~ 0 Un(éx[Faa)) 71U, 0O ,
—1
0 0 Fas
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where
Ex[Fx] = (ar®ar) + BATA,
Ex [VLVI] [VLVR]
Ex[VrvL] & [VRVE]
Ex[vevi] = iDpvec( I, — vrag t)vec(el, — VLazl)TD;
+1D,(L: + K, ® ;' )D;,
Ex [vRvg] = iquec(GIq — vray')vec(el, — l/Raél)TD;

+ %)Dq(Iq2 + Kq,q)(aﬁl @ a;)Dqu

1
Ex [vivy] = ZDpvec(eIp — vpog )vec(ely — vrag') D,

1
+ EDpvec(ozZ1 Jvec(ap') "Dy,

m

Also, the BCRB-I of the RSVM model is given by

Eyox [(% %) (= %)T| = (ExlFud) ' = ((n @ an) + SATA)

The proof of Proposition is given in Section

7.3.4 BCRB-III

Computation of BCRB-III requires taking expectation values with respect to the
precision matrices ay,, ag and the noise precision 8. We state the BCRB bound
as a proposition.

Proposition 7.3.9. The BCRB-III of the RSVM model is given by

(E2[Fxx]) ! 0 0
Ce = 0 E2[Ual(€z[Faal) "12[Ual " 0 )
) 0 (Ex[Fpp]) ™"

where

1+c¢

ATA
d b

Ea[Fax] = (v +p+ )R + g+ 1)e Ty +
2

| = %(V%CL — 1+ 2qdy,)vec(L,)vec(I,) T

E, [vaz

[\

€

+ Z(V%dL +cr + dL)D
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€%q evidyp,

+ T(CL +dr)DpK, Dy + 4 D Kp,pD
2
& [vivh] = 5, —vee(Ty)vee(L,) T,
2
& [VrvE] = %(V%CR — 1+ 2pdg)vec(I,)vec(I,) "
2
+ Z(VRdR +cr+dr)D
€ 2vdd
+ “L(er+dr)DK, Dy + —EEDK, D,
(m? + 2c)d?
&, |Fa —
] = 2c(c—1) ’

&, HUOLL]:,i—&-(j—l)p] =wr+q+ 1)eflvec(I ® E.L.)
& HUQR}:,IﬁL(Zfl)q] =(r+p+ 1)6_1VGC(E ®I )

The proof of Proposition is given in Section

7.3.5 BCRB-1V

In the BCRB-IV, we are only interested in estimating the precisions, i.e. (deter-
ministic and unknown) precisions matrices and the noise precision. The variable X
is marginalized and the measurements have the distribution

plylar, ar, f) = N(y|0,C),
where
C=Aap'®@a " )AT + 571,
We want to find bounds for estimators of

n = gl(z) = l vec(ar ® ar) 1 7

B

where now

98 _
0z

0 0 1

Ua, Ua, 0]

The Fisher information for BCRB-IV becomes different from that of Proposi-
tion [.3.71 We state the Fisher information matrix and the bound BCRB-IV in the
following proposition.
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Proposition 7.3.10. Let
A=A(ayp' ®arl),
P=ATC'A.

The BCRB-IV of the RSVM model is given by

Og. 108"
- 2 5
Cn = 6ZF 0z

where the Fisher information is
Fr. Frr Fip

F=| Frr Fgrr Frs
Fis Fps Fpp

and the components of the block matrices are given by

1
[FLilis-1)p, = ~tr (P(ar @ Bf))P(ar ® Ef)),

kt(—1)p 4
1
(FLrliv(j-1)p, = i (P(ar @ E)P(E ® ayr)),
k+(1-1)q

1
[FRR]iJ’,(j,l)q’ = Ztr (P(EZ ® aL)P(Ele & aL)) 5
k+(1-1)q

1
[FLglit(i—1p = A (ATC?A(ar ® E}))),

1
[Fralkri-1)q = 4—52tr (ATC?A(EL ®ay)),

1 _

The proof of Proposition [7.3.10]is given in Section [7.4.12

7.4 Numerical experiments

In this section we perform numerical experiments to evaluate how low-rank realiza-
tions of the random matrix models are and also compare the BCRB bounds with

existing methods.

7.4.1 Numerical rank of the random matrix models

The sparsity-based model, the factorized model and the RSVM model were outlined
in Section where we argued that the models could be used as priors to promote
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low-rank. Here we show that for appropriate values of the hyperparameters, the
models give realizations that are approximately low-rank. We notice that since the
distributions are continuous, the probability of a matrix being exactly low-rank
is zero. However, the realizations can be effectively low-rank, meaning that the
matrices have few large singular values and the remaining singular values are small.
This can be quantified through the numerical rank. We here use two versions of the
numerical rank.
The first measure of numerical rank we use, for X € RP*?, is

L
X[

nrank; (X)

where || X]||. = Z?Zl 0;(X) is the nuclear norm of X and ||X||% = Zle 0i(X)? is

the Frobenius norm. By the Cauchy-Schwarz inequality we get that the numerical
rank is a lower bound for the true rank as nrank;(X) < rank(X). The second
measure of numerical rank is

nranks(X) = [{i : 0:(X) > €||X]||r}|,

where we set € = 0.9/y/min(p, ¢). We see that nranks(-) also is a lower bound on
the actual rank. We will find in simulations that both measures of numerical rank
show the same qualitative behavior.

Numerical rank of the sparsity-based model

We saw in Section that the effective distribution of the singular values in the
sparsity based model is

e @) = ¢(a)e 1@,

where f(o) = f(o) —log ((o).

To evaluate the numerical rank, we generate samples from the effective and naive
GCP prior using the Metropolis-Hastings algorithm |[ADFDJ03|. For p = ¢ = 100
and 7 = 1 we randomly chose s uniformly in the interval [0, 10]. Using the value of s
we compute a realization of o and compute the numerical rank of o. We obtained
the results shown in Figure We find that the majority of realizations of the
GCP prior satisfy nrank; (X) < 30 and nranky(X) & 20 for 1 < s < 2. We thus see
that the GCP prior gives realizations of low numerical rank.

Numerical rank of the factorized model

In the factorized model, the low rank matrix X € RP*? is written as the prod-
uct X = LRT where L € RP*" and R € R?%". Clearly rank(X) < 7. However,
the effective rank can be made lower by setting the parameter a in (7.10) to an
appropriate value. We find that the parameter b > 0 only affects the magnitude
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Figure 7.1: Numerical rank for realizations of the sparsity based model with gener-
alized compressible priors for p = ¢ = 100 and 7 = 1.

of the precisions since if v; ~ Gamma(l + a,1), then by; ~ Gamma(l + a,b). To
evaluate how the choice of a affects the numerical rank we drew log(a) uniformly
from the interval [—10, 5] and for the corresponding value of a we generated L and
R and computed the numerical rank of X. In the experiment we used p = g = 100,
r = 50 and b = 1. The results are shown in Figure where the green line shows
a local average value of the numerical rank. We find that for 1071° < ¢ < 1, rank;
has mean 7.8 and ranks has mean 6.2. Both measures of numerical rank have high
variance in this region. For a > 1, rank; has mean 38 and ranky has mean 30.
We thus see that the factorized model promotes sparsity less than r when a < 1.
Unfortunately, this is also the region where the BCRB-III does not exist.

Numerical rank of the RSVM model

The parameters vy, and vg control the numerical rank in the RSVM model since
the parameter € only controls the magnitude of the precision matrices. Here we
set v, = vr = v for simplicity. In the experiment we drew v uniformly from
[max(p, q), 2(p+ q)]. For each value of v we drew the precision matrices oy, and ag
from the Wishart distributions and generated X as in . We then computed
nrank; and nranks for the matrix. The results are shown in Figure We find
that nrank; (X) < 20 when v < 115 while nranks(X) < 20 when v < 150. For larger
v, the numerical rank nrank; (X) increases towards 72 while nranks(X) increases
towards 45.
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nrank

Figure 7.2: Numerical ranks for realizations of the factorized model for p = ¢ = 100,
r =50 and b = 1. (a) shows nrank;(X) and (b) shows nrank,(X). The green line
shows the average value of the numerical rank in an interval.

7.4.2 Evaluating the BCRB bounds

In this section we numerically evaluate the bounds and compare them to the per-
formance of existing estimation methods. The first estimator we compare with is
the nuclear norm (NN) estimator

A

X = argmin ||X||., subject to ||y — Avec(X)|[2 < 0,

70

60

k.
50 o nrank

o) nrank2

40

30

20

0
100 150 200 250 300 350 400

Figure 7.3: Numerical ranks of realizations of the RSVM model for p = ¢ = 100
and € = 1072,



7.4. Numerical experiments 129

where § = 37'v/m + /8m as suggested in [CRT06]. We also compare with the
variational Bayesian estimator of [BLMK12,|SCJR14] and the RSVM method for
the log-determinant penalty from [SRJC]. Only VB estimates the precisions « while
only the RSVM method estimates the matrix precisions ay, and acg. Note that the
NN estimator requires 8 to be known while the other algorithms estimate 5 from
data. We here concentrate on the matrix completion scenario where each row of the
sensing matrix A contains a single one and the remaining elements are zero. This
means that we observe noisy measurements of m components of the matrix X.

We measure the estimator performance in terms of the normalized mean square
error

& [IX - XI13]
AN

where the expectation is taken over all random variables in the model. We chose
the noise parameter d in (7.2 such that the signal to noise ratio

&a [||Avec(X)|[3]
&, [|In]3]
tr (Ea [ATA] & [vee(X)vec(X)T])
&g [mp~1]
o Exc [[1X 7]

c
=2 - - — . IX||%],

ma
c

NMSE =

SNR =

is held fixed at 20 dB.

BCRB-II and BCRB-III for the sparsity based model

The BCRB-II (and BCRB-I) and BCRB-III for X of the sparsity based model is
given by Proposition and Proposition . Here we show the NMSE of the
estimators and normalized BCRBs as a function of the number of measurements m
in Figure We notice a gap of about 20 dB between the estimation methods and
BCRB-II and about 30 dB between the estimation methods and BCRB-III. The
distribution of the numerical rank of the matrix realizations is shown in Figure

BCRB-II and BCRB-III for the factorized model

The BCRB-II (and BCRB-I) and BCRB-III for X of the factorized model is given by
Propositionand Proposition . Here we show the NMSE of the estimators
and the normalized BCRBs as a function of the number of measurements m in
Figure We find that for m/pg > 0.3 the gap between the estimation methods
and the bounds is —3 to 15 dB for BCRB-II and 20 to 30 dB for BCRB-III. The
BCRB-II is above the performance of the methods for m/pg = 0.9. This is probably
because of bias in the estimation methods. The distribution of the numerical rank
of the matrix realizations is shown in Figure
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Figure 7.4: NMSE for realizations of the sparsity-based model vs. number of mea-
surements m for matrix completion.
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Figure 7.5: Empirical distribution of the numerical rank for the sparsity based model
with p =¢ =10, v =10 and € = 1.

BCRB-II and BCRB-III for the RSVM model

The BCRB-II (and BCRB-I) and BCRB-III for X of the sparsity based model is
given by Proposition and Proposition . Here we show the NMSE of the
estimators and normalized BCRBs as a function of the number of measurements
m in Figure |[7.8] We find that the best estimation method was the nuclear norm
estimator. The gap between the nuclear norm and BCRB-II was 33 to 52 dB while
the gap between the nuclear norm and BCRB-III was 50 to 88 dB. Surprisingly,
the RSVM method (which was designed for the model) gave the worst performance
and performed worse with increasing number of measurements. The distribution of
the numerical rank (rank;) of the matrix realizations is shown in Figure We
find that the numerical rank was between 1 and 5 and often close to 1.
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Figure 7.6: NMSE for the factorization based model vs. number of measurements
m for matrix completion.
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Figure 7.7: Distribution of the numerical rank for realizations of the factorization
based model with p=¢=25,r=5anda=5b=1+10"3.

7.4.3 Proof of Proposition [7.1.1

Proposition gives the BCRB bounds and . The derivation of the
bounds is similar to the derivation of the deterministic CRB in [Kay93,|/Cra47|
and was earlier given in [VT04}|GL95,[BS80]. For completeness we here repeat the
derivation.

Let 7) be an unbiased estimator of n = g(z) € R¥ from measurements y € R™
and assume that the probability distribution function p(y,z) is defined for z € Q C
R" with p(y,z) = 0 for points on the boundary, z € 9. Let also a € RX be a
constant vector and b = b(z) € R" be a vector which depends on z. We find that

T alogp(Y) Z)

5}'72 aT (’f’ - n)b az
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Figure 7.8: NMSE for the RSVM based model vs. number of measurements m for
matrix completion with p = ¢ = 10, v = 10 and SNR = 20 dB.

/ m/ mb’ ap(ay, 2) dyda
- / /Q“ (az(a% - n)b)) p(y. 2)dydz

—g, [aTgib} - &, [aTgy [(7) —m)] tr (g:ﬂ

T0g
=& { azb}

where we used that 7) only depends on y and that & [f) — 1] = 0.
The Cauchy-Schwartz inequality gives that

el
Eva[((=m)"2)] &y (‘“%”W)Tb> 2

=a'Cea &, [b'Fb] (7.23)
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Figure 7.9: Distribution of the numerical rank for realizations of the RSVM model
with p = ¢ = 10 and v = 10.

where we set
Ce = Ey,z [(’f’ - 77)("7 - T’)T] ’
dlogp(y,z) dlog p(y, z) T]

F=& 0z Oz

From (7.23) we derive the BCRB bounds by choosing b appropriately. Setting

9e1T
b= (&[F)'E, {ai] a,
gives that
g 1. [og]!
T > T og og
a Ca>a'é& {az] (&[F]) ™ & {az} a,

for all a € R". It follows that

C. =&, :gi] (E[F]) &, Bfr.

This gives us the bound (7.4]). Another choice is to set

- 1
_og' og . 0g ' og og '

which gives us that

g 8gT g agT - Jg 8gT
- | === 2F= == |,
Cez b l@z 0z ] (52 l@zFaz ]) £ [é)z 0z 1

This is the bound (7.5)).
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7.4.4 Proof of Proposition

Here we compute the Fisher information matrix for the sparsity based model. In
the sparsity based model, p(y,z) = p(y|x, 8)p(x)p(8). To compute the Fisher in-
formation we need to compute the derivatives of logp(y,z) with respect to x and
B. We have that

154 m
logp(y, z) = =5 |ly — Ax|[3 + 3 log 3

— f(e(X)) + (¢ —1)log 5 — df + const
By varying with respect to x, we get that

dlogp(y,z) = Sy — Ax) " Adx — Z af devz
= 0o ' ,

where k = min(p, ¢). This gives us that

o1 , k

% BAT(y — Ax) Z ou).
We also find that

dlogp(y,z) 1 o m+2(c—1)

— = |ly— A —_—— .

This gives us that

of 5f T oo T
Z do; Do (vjv; ®uju;)

62AT5 [(y — Ax)(y — Ax)T]A,

of o0
Zaaf aj (v;v; ®@uu))+BATA,
g 7

m c—1\?
bm 2 (1Y
where we used that
&lly — Ax)] =0,
Elly — Ax)(y — Ax) '] = 57
Elly — Ax)lly — Ax[[3] =0
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We note that the term Fyg is zero when f is deterministic (¢ = 1 and d = 0) and
zero mean when S is random. This proves Proposition [7.3.1

7.4.5 Proof of Proposition

To show Propositionwe need to compute the expectation value of Fxx and Fxg
with respect to x. When the distribution p(X) only depends on the singular values
of X, the singular values and the left and right singular vectors are independent
(provided that the matrix is not symmetric). So the singular vectors have zero
mean, &[u;] = 0. This gives us that Ex[Fxs] = 0. Moreover, conditioned on a
singular vector u;, another singular vector u; (with j # ¢) is marginally uniformly
distributed on the set {u € R? : ||Ju|lz = 1,u’u; = 0}. This gives us that when

i F
Ex[uju] = 0.
Also, if h ~ x2(p), then vhu; is Gaussian N'(0,I) and
I, = Enx[huy) | = Ep[h)Ec (i) ] = pExfuin/],
SO
1
Ex ul-uzT =-1,.
wu/] =1,
Similarly we find that
1
Ex[ViV;r] = 51]5111

We thus get that

k 9F\ 2
- (2)]
i=1 ¢

To compute the remaining expectation we make a change of variables corre-
sponding to the singular value decomposition. Without loss of generality, we here
assume that p < ¢. Under the variable transformation, the integration measure dX
transforms as [Mui09)

dX=[] (?-0?) ] o "do[UTaU|[VTaV],
1<i<j<k 1<I<k

where o € Q and the extended orthogonal matrix V = [V V'] is such that V/T V' =
I,_x and V' TV = 0. By performing the integration over the singular vectors, we

get that
=3y 58
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where

D[f] = /Qg(a)e*ﬂff)da,

goy=J[ -3 ] o7,

q<i<j<r 1<I<k

o5 (%)

i=1

7.4.6 Proof of Proposition [7.3.4

(7.24)

(7.25)

(7.26)

(7.27)

Proposition gives the Fisher information matrix for the factorized model. In

the factorized model, we have that

m+2(c—1)

B
logp(y, ) = —1ly - Avee(LRT)|f + "=

log

p+q+2(a—1)

1 1
5 log |T| — §tr(LI‘LT) - 5t]r(RrRT)

—dp +
— btr(T).
We find that

mgpiw —B(R®T,) AT (y - Avec(LRT)) - vee(LT),

Ovec(L)
dlogp(y,z)
“vee®) Karla® L)TAT(y — Avec(LRT)) — vec(RI),
Ologp(y.z) _p+a+2a—1) |LIE+ImlE
3% 2’}/2 2 ()
Ologp(y,z) _ 1 T2 m+2(c—1)
95— gy~ AveeR Ol + —— d.

Setting h = [hy, ha, ...,h,]", we find that

dlogp(y,z) dlogp(y.z) '

Ovec(L) Ovec(L)
=BR®I,)TATAR®1I,) + vec(LT)vec(LT') ",
Frr=BRoIL,) ATA(I, ® L)K,, + vec(LT)vec(RT) T,
Frr = K, (I, o L)TATA(I, ® L)K, , 4+ vec(RT)vec(RT) T,
Fr, = —vec(LT)h', Fpy = —vec(RT)h',

Frp = gy
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1
F,,=hh' F.;= (d - cﬁ) vec(LT),

Frs = (d Cﬁl> vec(RT), F.p g = (d Cg 1) h,

m c—1\?
F55=w+<d— 3 )

We find that Fr, Fry, Frg, RS and F,3 are zero when -« and 3 are deterministic
(a =c=1and b=d=0) and zero-mean when « and 3 are random variables.
Using the expression for F and ([7.21) we get that

Gww = RRT®IL,)ATARR" ®1,)
+B(I,® LLT)ATA(I,® LL")
+BRRT®I,)ATA(I,® LL")
+8(I,® LLN)ATA(RR' ® 1),
+4vec(LTR T )vec(LTR ") T,

Gy = —2((V+3) Th)vec(LTRT), (7.28)
Gus =2 (4~ 1) vee(LIRT),

Goyy = (V8) "Fo(Voys) = (V4s) Th)?,

Gy = (d— 5) ((V49)Th),

We find that the parameters Gw~, Gwg and G are zero when v and 3 are deter-
ministic and zero mean when the parameters are random because of the respective
elements of the Fisher information matrix.

7.4.7 Proof of Proposition [7.3.5]

Proposition gives the bounds BCRB-I and BCRB-II of the factorized model.
To derive the BCRB-II for the factorized model, we need to compute expectation
values with respect to w.

To compute Ew[Gww] We use that

Ew [vec(LTR " )vec(LTR") ]

r

=C&w Z vec(%liriT)vec(yjljro)T
ij=1

=& | Y wvmel)(rel)’

4,j=1
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(s

ij*l

= Z Sijvi; (v g ® 7 L) = g,

Ew [ﬁ(RRT ST)ATA®T, ®LLT)| =
BELRRT]@T,)ATA(I, ® £, [LLT]) =

(Z'y > L)ATA(I,®1,).

Expectations such as & [(RRT ® I,)ATA(RR" ® IL,)] are more challenging
to calculate. To compute the expectation, we note that

(RRT & T,)ATARRT ©1,)]is(-1)
Jj+(-1)p

=(exr®e) (RRT®L)ATARR' @1,)(e; ® e))
=(e,RR"®e/)ATA(RR e, ®e))
=tr (RR e;je, RR" ®eje/ )ATA).
The i’th row vector of R is R e;, this gives us that
Ew [e;RRTege;RRTen]
=& |[R7en) RTe)R"er) (Re,)]

r 2 r
- <Z 71_1> 5ml5kn + (Z 71_2> (5lk5mn + 5mkéln)
=1 1=1
r 2 r
<Z’yil> €!le;r + (Z’Yi2> (5lk1q +ekel'|') €e,.
i=1 i=1

By using the above, we get that

Ew [RRT®L)ATARR' @ L)]iy(rh_1)p,
J+@-1)p

) (ZW ) (e ®e/)ATAle; @ e))
+ ( ) e/ ®e])ATA(e, ®e;)

+ ( ) e [(1, 2 e]) ATA (I, @ )]
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Let 77 be the operator defined in section we find that

(e @e/ )ATA(es®e;) = [ATA]iJr(kfl)p,jHlfl)p’

(ef ®e] JATAer @ e)) = [TH(ATA)ith—1)ps+0-1)p:
Using that (e, ® I,)e; = (e, ®I,)(1 ® e;) = (e, ® e;), we get that

Oiptr [( ) ATA( ® ej)]
= elTektr [( ® eje; ) ATA]

=g ekz e ®e ATA( (e, ®e€j)

(Iq ® (Z (e] ®L,)ATA (e, Iﬁ))] } :
n=1 i+(k—1)p,

J+@=1p
A similar computation can be made for L.
To compute

Gy = Ewl(V) Th)?] = (Vo5) T [0 T](V48)
we use that
Ewlhh'] = £y [h]Ew[h]T + Cov(h),

where the covariance is diagonal since the precisions are independent. We find (after
a somewhat lengthy calculation) that

-1

Ewlhi] = 2= b,
i

Eu [(hi — Ed[hi))?] = p;;?q.

We see that Ew[h;] = 0 when - is deterministic. So

p+q+2( -1)
2

Gy = ((Vy8) " (ay™" = 01,))% + (V5) T 7%(Vys)

p+q -
= T(v.,s)Tr 3(V45).

7.4.8 Proof of Proposition [7.3.6

The bound BCRB-III can be computed from BCRB-II by taking the appropriate
expectation values with respect to v and S. Using that
N _ 2
55[5]:§a EslB 2]:(C_1L)iwa
_ I'(a —k) bk
Eylyi =0k = for k> 1
2] T@) afa—Fk) O 5=5

we are able to compute the respective expectation values.
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7.4.9 Proof of Proposition

Proposition gives the Fisher information matrix for the RSVM model. We
have that

m+2(c—1)
2

1
—dp — itr(aLXaRXT) + HTVL log |y |
P+ VR
2

B
log p(y, 2) = =5 |ly — Ax||3 + log 3

log |ag| — Etlr(ozL) - Etr(ozR) + const,

+ 2 2

where x = vec(X). We find that

9logp(y,z) = BAT (y — Ax) — vec(arXag),

ox
dlogp(y,z) _ 1
veclay)  aDrvecXanX )
gtvL D,vec(a;') — %Dpvec(Ip) =—vp,
dlogp(y,z) _ 1
Dveclan) ~ aPavecX arX)+
pt VRquec(aI_%l) - %quec(lq) = —vg,
dlogp(y,z) 1 m+2(c—1)
T:_§||}’—AX”§+T_‘1-
This gives us that the Fisher information is
Fxx anL anR Fxﬁ
F = F)-(raL FCXLCXL FaLaR FaLB
FI&R F;LOLR FaRaR FO‘RB
Fos  Fas  Faps  Fpp

where
Fyx = AT A + vec(arXag)vec(arXag) ',
Fxa, = vec(aLXaR)vz, Fxap = vec(aLXaR)v;,

T T T
FO&LOLL =VLVp, FaLaR = VLVpR, FC\tROtR = VRVp,

-1
Fyp = (d — cﬂ) vec(arXag),

c—1 c—1
FaLﬁ == (d B >VL7 FaRﬁ - <d ﬂ )VRv
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We find that the terms Fyo, and Fyo, zero mean with respect to x and that the
terms Fxg, Fo, g and Fq s are zero when [ is deterministic and zero-mean when
[ is random. The terms do therefore not contribute to the bounds.

7.4.10 Proof of Proposition

Proposition gives the BCRB-I and BCRB-II for the RSVM model.
We get that

Ex [Vec(aLXaR)Vec(aLXaR)T]

(aR (9 OéL)(OLR & aL)fl(ozR & ozL) = (aR ® OLL).
Using the Einstein summation convention (repeated indices are summed over) and

denoting ap.ap = [@R]ab, al_%lab = [al_%l]ab for brevity (similarly for ) we find
that

Ex [XapX ] = eje] ap apx [XiaX)

T -1 -1 _ T -1 _ -1
= €€ QR b0 ;;Op o) = €€ 0aalp iy = g,

and similarly &y [XTa LX] = pa;il. We also find that

Ex [vec(XapX " vec(XarX )] =
(e; ®ej)(er ®e) arar calx [XiaXjpXneXia] =

T 1 -1 -1 -1
(ei@ej)(er ®er) AR awAR,cd (aL,ijaR,abaL,klaR,cd

1 -1 -1 1 1 -1 -1 -1\ _
T iR 0L IR bd T aL,ilaR,adaL,jkaR,bc) =

1
1iJ

1

(ei@e;)(er®@e)’ <q20fZ Qg+ aar ey

—I—qaz’lﬂaz’ljg = qzvec(azl)vec(azl)T

+ Q(ail ® ail) + qu,p(azl ® O‘Zl)v

In the same fashion one can show that
Ex [vec(XaRXT)vec(XTaLX)T] =
(pg + 2)vec(a vec(az).
Ex [VGC(XTO[LX)VGC(XTC!LX)T] = p*vec(ag)vec(ap') "
+plag' ® ap') + Ky (g’ @ ap)
We thus get that

gx [Fxx] = (aR (24 aL) + BATAa
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and
Ex [VLVZ] = %Dpvec(elp —vpagt)vec(el, —vra;t) D,
+ %DP(IPQ +Kpp)(ar' @ ap')Dy,
Ex [VRVE] = iquec(qu — vray')vec(el, — Z/I:zozl,_%l)TDqT
+ qu(qu +Kg)(ag' @ ag')Dy,
Ex [VLVE] = iDpvec(eIp — VLazl)vec(qu — VRaEI)TDq
+ %Dpvec(azl)vec(agl)TDq.
We also find that & [Fxa,] = 0 and & [Fxa,| = 0 since x has zero mean. The

terms Fxg, Fqo, g and Fq,p are zero since [ is deterministic.

7.4.11 Proof of Proposition [7.3.9
We have that

Ealar] = (vp +p+1)e ',

Eat] = vyt
From [vR88|KvR06] we get that

E (e @arh)] =cre’l,e
+ dpe*vec(L,)vec(L,) " +dpe’K, p,

&, [vec(azl)vec(ozzl)w = cre?vec(I,)vec(I,) "

+ dL€21p2 + dLEQKp,p

where ¢, = (vp —1)dr, dp, = 1/((ve + 1)vr (v —2)). Similar expressions can easily
be found for ag.

This gives us that
1+c¢

EFxx] =L +p+1)(vgp +q+ 1)6721pq + ATA,

and

iDp ((vier — Dvec(I,)vec(L,) "

+vie?diLe + vie’K,p) Dyt

%Dp(lpz + K, p) (cre’Lye + dpe*vec(I,)vec(I,) "

&, [va]] =
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2

p= G Wher 1+ 20dp)vee(l, vee(l,) T

€?
Z(VLCZL +ecr +dp)D
e’q %dL
+ T(CL +dr)DyK; Dy + 4 D KmﬂD
2
& [VLVE = vec(I,)vec(I,) ",

2I/LI/R

and similarly for &£ [v RVH.

7.4.12 Proof of Proposition

In the BCRB-IV bound, the variable X is marginalized and the precisions a,, agr
and [ are deterministic. The only random variable is thus y. We find that

logp— log p ylaL,aR,ﬁ)
= —flog\C\ TC y + const,

where
C=A(ap'@a;)AT +57'L,.

Rccalhng the definition of EL and EF from Sectlon and setting A = Alayp'®
a;l), we get that

dlogp _ 1 1 LNAT
Sarl, = 3 tr(C'A(ap @ E5)AT)
1
—inC A(aR®EL)ATC’1y,
Jdlogp 1 1k -
m = itr(C 1A(E£{l X aL)AT)

1 . ~
- inC "AEE ® ap)ATC ly,

dlogp _ 1 -y L T2
o5 2@ C ) TapY ©

A useful identity when computing the Fisher information matrix is that if y ~
N(0,C) and A and B are symmetric matrices, then

y.

& [y Ay] = tr (A& [yy']) = tr(AC),
& [y Ayy ' By| = tr(AC)tr(BC) + 2tr(ACBC).
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Setting and P = ATC~'A, we find that the Fisher information matrix becomes

FCXLCXL FQLQR FQLB

F= F;LQR FaRaR FaRﬁ 3
Fooo  Fans Fos
where
[FQLQL]i+(j71)p, =Cy L{)@logp Ologp }
k+(1-1)p [ar]ij Oler]w

- —itr(P(aR ® Ej))tr(P(ar © Ep))
e e Ko T
y'C 'Alar @ BY)ATC Y]

= 117 (P(on @ BS)P(an 9 BY))

In a similar way we find that

[ Ologp Ologp |
[Faparliv(i-1p, = Ey

k+(—1)q | Oles]ij Oloer]k ]

1
= jtr (Plar® E/PE;®ar)),

[ Dlogp Ologp |
[FaRaR]i"r(j—l)‘L = gy

i Dyg L Olexr]ij Oleer]w |
1
=t (PEf © an)PEf © ar)),
Ologp dlogp
Fralri 1y, =
Frslic-ne = & [5[04L]ij ap

1 - =
oA (ATC?A(ar ®E})),

Odlogp Ologp
Fo - =
[Forsliti-1q = Ey {8[011?,]1@1 op
1
2

= Ktr (ATC72A(E£1 ® aL)) R

Ologp dlogp
Faa= g | 75055
1 _
:wtr(c 2).

These terms gives us the BCRB-IV for the RSVM model.
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7.5 Conclusion

In this chapter we derived Bayesian Cramér-Rao bounds for low-rank matrix com-
pletion. We considered a sparsity-based model, a factorized model and the hierar-
chical RSVM model. We compute the BCRB bounds for all models and simulated
them numerically. We found that the random low-rank matrix models does give
realizations of low numerical rank for appropriate parameter values. We also found
that there exists a considerable gap between the lower bounds of the BCRB’s and
the performance of existing algorithms. This indicates that there is room for de-
signing better estimation algorithms and/or tighter theoretical bounds.






Chapter 8

Low-rank phase retrieval

hen measurements are non-linear, it is often much more difficult to esti-
s ;s / mate parameters. There are, however, some problems which are almost
linear. This means that the non-linear problem can be transformed into
a linear problem. Phase retrieval is one problem which can be transformed to a lin-
ear problem, the transformation of the problem is often called PhaseLift. In phase
retrieval we seek to estimate the parameters of a vector by only measuring the
amplitudes of measurements. PhaseLift has been modified to exploit sparsity in
the parameter vector. However, it is unknown how to exploit low-rank properties
of the parameters. In this chapter we show how the phase retrieval problem can
be adapted to non-linear measurements of low-rank matrices and how the low-rank
matrices can be recovered using convex optimization techniques.

8.1 Introduction

In the phase retrieval model, a vector x € C™ (or x € R") is measured as
vi = la) x> +n, (8.1)

where a; € C™ (or a; € R") represents the measurement process, n; € R is ad-
ditive noise and i = 1,2,...,m. The process only register the amplitude of
the measurements and not the phase. Recovering x is equivalent to recovering the
phase’s of the measurements, the problem is therefore often called phase retrieval.
As the problem with complex coefficients can be expressed using real variables,
we will from now on only consider the real scenario where x € R™. The problem
can be found in many applications, e.g. X-ray crystallography |Fie78,[Har93,Mil90],
speckle imaging [RCLV 13| and blind channel estimation [RCLV 13| where the phase
is lost during the measurement process.

147
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8.1.1 Prior work

One of the origins of phase retrieval is X-ray crystallography [Har93|. In X-ray crys-
tallography, a crystal sample is exposed to X-ray radiation. When the radiation hits
the sample, the radiation is split up in different directions after hitting the crystal.
By measuring the intensity of the resulting beams (and not the phase), one can
register the diffraction pattern. From the diffraction pattern one can then recon-
struct the electron density map of the sample and thus the crystal structure. The
classical methods for reconstructing the crystal are the Gerchberg-Saxton [Ger72]
and the Fienup methods [Fie78] which iteratively estimates the amplitudes and the
phases.

Recently much work has been done on reformulating the phase retrieval prob-
lem as a rank minimization problem |[CESV15RCLV13|EM14/OE14||CCG15]. The
method lifts the non-linearity in the problem by noting that

la,] x|? = tr(a;a’xx") = tr(a;a;Z) = A(Z);,

where Z = xx*, A: C"*™ — R™ is a known linear operator and .A(Z); is the ¢’th
element of A(Z) € R™. Changing variable from x to Z transforms the problem from
a non-linear problem of finding an n-dimensional vector to finding an n x n positive
definite matrix Z of rank one. Given that the noise is bounded as ||n||; < 7, the
phase retrieval problem can be written as

min rank(Z),

) . (8.2)
subject to ||y — A(Z)|[1 <7, Z =0,
A correct estimate is then such that rank(Z) = 1. Since the rank function is hard
to minimize, a common approach is to make a convex relaxation of the problem,
the rank is replaced by the trace [CESV15,/CCG15|. The PhaseLift program is thus

min  tr(Z),

. (PhaseLift)
subject to ||y — A(Z)|[1 <71, Z >0

Another method based on convex relaxation is PhaseCut [WdM15| for which the
unknown phases transforms into a new optimization variable. PhaseLift has the
advantage over PhaseCut that it is easily modified to sparse vectors. This can
be done by using ¢;-norm regularization [OYDS11| to make Z more sparse. The
approach uses the fact that

I3[0 = [[[§, [lxx*[]2 = [|]f5.

Uniqueness conditions for the phase retrieval problem have been investigated in
[ILV11,RCLV13|[EM14/|OE14, BCMN14,/CESV15| while recovery conditions for the
¢1-penalized PhaseLift have been established in e.g. [CCG15,/OE14].

To construct PhaseLift for low-rank matrices, the rank and the nuclear norm
need to be lifted in a similar way as sparsity and the ¢;-norm. However, unlike
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sparsity, which is a component wise property, rank is harder to lift since if x =
vec(X) for X € CP*9, then

rank (vec(X)vec(X)) # rank(X)?,
[[vec(X)vee(X) ™[ # [1X]|2.

8.2 The low-rank phase retrieval problem

In the original phase retrieval problem, nothing is assumed about the parameter
vector x. In X-ray crystallography, this amounts to modeling the crystal as an
unknown density of atoms. Since a crystal largely consists of empty space, sparsity
can be used to recover the crystal from less measurements. The sparsity based
approach models the crystal as a small collection of points. However, both the
standard and sparse phase retrieval methods ignore the fact that the atoms in a
crystal are arranged in a crystal structure. To further improve the phase retrieval
methods for X-ray crystallography, it is desired to utilize the crystal structure. We
here concentrate on two-dimensional crystals and discuss the extension to higher
dimensions in Section [8.4.3

Figure [8.1] shows a honeycomb lattice in a 64 x 81 sparse matrix. The non-zero
elements equal one and are marked by black dots. The matrix has 420 non-zero
elements out of 4560, i.e. the sparsity is ~ 8.1%. The rank of the matrix is 2,
i.e. the rank-to-size ratio is 2/ min(81,64) =~ 3.1%. When the crystal size grows
to infinity, the sparsity converges to 5.5% while the rank-to-size ratio converges to
zZero.
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Figure 8.1: Sparse 64 x 81 matrix representing a honeycomb lattice. The dots mark
the position of ones. The matrix has 210 non-zero entries (out of 4560) and rank 2.

In the low rank phase retrieval problem we consider the case where x = vec(X),
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X € RP*? and rank(X) <« min(p, ¢). The low-rank phase retrieval problem is thus

min rank(X)

. (8.3)
subject to ||y — |[Avec(X)|*||1 < n

We notice the similarity between and . However, in (8.2)) the measure-
ments are linear in Z while in they are non-linear in X. The question arises
of when the solution to is unique. By extending the results of [EM14| we find
the following probabilistic uniqueness condition.

Proposition 8.2.1. Assume that the measurements are noise free (n = 0), that
the components of A € R™*P4 are i.i.d. zero-mean Gaussian distributed and that
rank(X) = r < min(p, q)/2. Then the solution to the low-rank phase retrieval prob-
lem is unique (and equals =X ) with probability at least 1 — 2 exp(—cu’r(p +
q— 2T))7 Zf

m > C’u3/2r(p +q—2r),
where ¢, C' and u are positive constants.

The proof of Proposition [§.2.1] is given in Section The proposition gives
us that uniqueness can be guaranteed with high probability when the number of
measurements is approximately proportional to the number of degrees of freedom

degrees of freedom =r(p+q—r).

We now turn to extending PhaseLift to use the low-rank property in (3.3)).

8.3 Low-rank PhaseLift

To promote low-rank we need to construct a penalty which acts on the lifted variable
Z while promoting low-rank in X. It turns out that one approach can be found using
the theory of Kronecker product approximation.

8.3.1 Lifting the rank

In the Kronecker approximation problem we search to approximate a matrix B €
RP1P2x@192 By the Kronecker product (C ® D) of two matrices, C € RP**% and
D € RP2*92, The least square approximation problem is

in [|B—(C®D)||F. 8.4
i [[B~ (CoD)|r (8.4

The problem has an algebraic solution which uses a linear transformation [VLP93]
R : RP1P2Xq1G2 _y RP191XP292 gyich that

R(C ® D) = vec(C)vec(D) .
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The linear transformation R is invertible, giving us that if B is the best rank-1
approximation of R (B) then the solution to (8.4) is

(CeD)=R"'(B).
The inverse transformation, R~!, is the key to lifting the rank property. If
Z = vec(X)vec(X) T, then R™}(Z) = (X ® X) and
rank(R™(Z)) = rank(X)?, [|[R™(2)|]. = [IX][2.

By using the transformation R~!(-), we can write the low rank phase retrieval
problem (8.3)) in the variable Z = vec(X)vec(X) T as

min rank(R™'Z)),
subject to ||y — A(Z)||l1 <n, Z >0, rank(Z) = 1.

By relaxing the rank functions, the Low-Rank PhaseLift program becomes

Z = argmin tr(Z) + \||R™Y(Z)]|.,

: (8.5)
subject to ||y — A(Z)||1 <7, Z >0,

where A > 0 is a regularization parameter. We notice that in order to give good
recovery, the regularization parameter needs to be chosen such that rank(Z) = 1. In
Section we will discuss a method for selecting A\. We now turn to establishing
error bounds for .

8.3.2 Error bounds for low-rank phase lift

We here establish probabilistic error bounds for when the entries of a; are
random variables. For simplicity we here concentrate on Gaussian measurements
although the extension to sub-Gaussian variables is straight forward. We state the
main results in this section and give toofs in Section We consider two

oa 1 X]lr
cases: (a) A € [\/F’ \/?HXTH*} (Theorem D and (b) A = oo (Theorem . The
case A = 0 corresponds to the standard PhaseLift method. The theorems upper

bound the error ||Z — Z||%. The inequality
[ = %113 - [ +%]|3 < 2|xex " — & T|[7 = 2/1Z - 2|13, (8.6)

can be used to give the corresponding error bounds in x. The inequality holds
when x and X are real. For completeness we give a proof of in Section m
We now give the error bound for A in a closed interval.

Theorem 8.1. Assume that the entries of a; are i.i.d. Gaussian distributed, ||n||; <
n and Z = vec(X)vec(X)" =xxT. Let X, denote the best rank-r approzimation of
X and x, = vec(X,.). If

m > C'min {(p* + ¢* + 1)r?,2pg + 1},
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L . 1 Xlr .
then the solution Z of (8.5) with \ € [W’ 7WIIX7-HJ satisfies

12— 2] <C (Jhoc” =] [|. 4+ MR o o)+ 1)
m

with probability at least 1 — Cyexp(—com) for some positive constants C,C", Cy, cg
which only depend on r.

Next we give the error bound for A — oo, i.e. for the estimator which only
penalize the nuclear norm of X (through Z) and not the trace of Z.

Theorem 8.2. Assume that the entries of a; are i.i.d. zero-mean Gaussian, ||n||; <
n and let R™Y(Z)s denote the best rank-s approzimation of R™*(Z). If

m > C(p* +¢* +1)s,
then the solution Z of (8.5) in the limit A — oo satisfies

IR"1(Z) = R~1(Z)s]]-
NG

with probability at least 1—Cy exp(—com) for some positive constants Cy, ¢o, C1, Ca, C
which only depends on s.

1Z - 2|5 < C, Lo,

For our scenario rank(R~1(Z)) = r?, so the sufficient number of measurements
are m > C(p? + ¢* + 1)r? to obtain a “noise-only” error bound. For p = ¢, the
theorems therefore imply that the estimators with finite A\ and A\ — oo requires
less measurements in order to obtain a noise-only error bound. The bounds are,
however, expected to be quite loose compared to the actual performance of the
estimators. In Section [8.5] we compare the empirical performance of the estimators
through numerical simulations.

8.3.3 Regularization path for A

As “the world is full of obvious things which nobody by any chance ever ob-
serves” [DF02] we note that the Low-Rank PhaseLift estimate depends on
the parameter A. Selecting a proper value of A is important for finding a good esti-
mate. We therefore write the estimate as Z()\) to emphasize the dependence on
. The value of A should be such that rank(Z())) = 1 and rank(R~(Z()))) is min-
imized. This means that A should be small enough to ensure that rank(Z(\)) = 1
while still maximally penalizing the rank of R~'(Z())). By this argument we hy-
pothesize that the optimal value of A is

Aoptimal = Max A, subject to rank(Z(/\)) =1.
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One problem with the parameter A is that we possibly need to search over arbitrarily
large A € [0, 00). For this reason we instead consider the equivalent estimator

2.(t) = argmin |[R(Z)]].
subject to ||y — A(Z)||1 <7, Z =0, (8.7)
tr(Z) < t.

The advantage of the estimator (8.7) is that the parameter ¢ lies in the bounded
interval

A~ A

t0(Z(0)) = to < t < t; = tr(Z(c0)). (8.8)

The goal is thus to find the maximal value of ¢ that minimize rank(Z.(t)) for ¢
in the interval (8.8)). As minimizing the rank is numerically difficult, we instead
minimize the continuous function

f(t) = tr(Z. (1) = [|1Z.(0)]] - (8.9)

Using that tr(Z.(t)) > ||Z.(t)||r and the Cauchy-Schwarz inequality, we get that

0< f(t) < (Vrank(Z.(6) = 1) [|Z. ()] -

So for ¢ such that Z.(t) # 0, f(t) = 0 if and only if rank(Z.(¢)) = 1.
Several methods can be used to minimize . Here we use the secant method
which updates ¢ based on earlier values t,, and t,,_1 as

i _ tnflf(tn) — tnf(tnfl)
e Ftw) = flta1)

tn+1 - min(tmawa maX(tmin; i:n-‘rl)v )a

where we use the min-max operation to ensure that t lies in the interval. One
example of how f(¢) and the NMSE of Z depend on ¢ is shown in Figure We
now discuss possible extensions of the Low-Rank Phase Retrieval problem.

8.4 Extensions of low-rank phase retrieval

In this section we discuss the extension of low-rank phase retrieval to other com-
monly discussed scenarios.

8.4.1 Robust low-rank phase retrieval

As in robust PCA, the low-rank matrix is in some scenarios corrupted by sparse
noise. To separate the low-rank and sparse component, low-rank and sparse penal-
ties are used.
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Let X, E € RP*? where X is low-rank and E is sparse, set also x = vec(X) and
e = vec(E). We find that

X+E—[Ip1p][)]§]7

2

la; vec(X 4+ E)|> = |a] (I, @ [I, L)) l Z ]

= tr <aia;r x ] [ x* e* ]) =tr(a;a, Z)
e
h =1 ol
where @, =a; (I, ® [I, I,]) and now
7 — xx* xe* _ Z11 Z12
| ex* eet | | Zoy Zoo |

We thus find that the robust low-rank phase retrieval problem can be solved by
changing the objective function in (8.5)) to

tr(Z) + M [|R™(Z11)| |« + Aol|Zool 1

8.4.2 Low-rank and sparse matrices

In the example of X-ray crystallography and the Figure the matrix X is both
sparse and low-rank. For such problems, it is beneficial to penalize both the rank

2 0
-20
1.5 "
v —_—
N T 0
-
§ 2 -80
-100
0.5
-120
o
0 : —2 © -140 ‘ : ‘
14 14.5 15 15.5 14 145 15 155
tr(2) tr(2)

Figure 8.2: The rank subsititute function f(t) = tr(Z.(t)) — ||Z«(¢)||r and the
NMSE ||Z.(t) — Z||%/||Z]|% vs. t = tr(Z.(t)) for p = ¢ =5, 7 =1 and m = 50
Gaussian measurements.
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and the sparsity of the solution. The natural modification to the estimator (8.5) is
therefore

Z = argmin tr(Z) + A\ [|R7YZ)||+ + Aa2||Z]|1, (8.10)

subject to ||y — A(Z)||: <71, Z=0 '
where A1, s > 0 are regularization parameters. For the estimator (8.10) we find
the following error bounds.

Theorem 8.3. Assume that the entries of a; are i.i.d. Gaussian distributed, ||n||; <
n and Z = vec(X)vec(X) " = xx". Let

X, =arg min [ X' —X]|p
rank(X’)<r
[1X'|1 <k

denote the best k-sparse and rank-r approzimation of X and x, j, = vec(X, ). If

m > C'k*r?log(pq/k?),

. h . 1 Xkl 1 _Xekllr
then the solution Z of (8.10) with A\ € [ﬁ’ ﬁIIXr,kH*} and X € {\/E’ RI%on

satisfies
1Z = Z||p < C (Ilxx" = xppx gl + MR ex T = 00, 3)]+

n
Fo||xx T — x|+ %) :

with probability at least 1 — Cyexp(—com) for some positive constants C,C’, Cy, co
which only depends on k and r.

The proof of Theorem [8-3]is similar to the proof of Theorem [8.1]and is therefore
omitted.

8.4.3 Recovery of low-rank tensors

So far we have only discussed the recovery of matrices, i.e. two-dimensional struc-
tures which describe e.g. two dimensional crystals. As most crystals are three di-
mensional, it is interesting to consider how the low-rank phase retrieval becomes
modified for higher order structures. The higher order generalization of a matrix
is the tensor [KB09|. As the components of a vector is written with one index
x; (a first order tensor), the component of a matrix with two indices X;; (a sec-
ond order tensor), the components of a k’th order tensor is written with & indices
Xiyig. - Since we considered X-ray crystallography as an important application
we, for simplicity, focus on rank minimization for third order tensors.

Unlike matrices, several low-rank decompositions exist for third order tensors
[BL10JKBO9|. The two most common decompositions are the Tucker or higher order
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SVD (HOSVD) and the CP decomposition. The Tucker decomposition of a tensor
with components Xj;, is

Xijk = Z GmnpUmiankaa

m,n,p

while the CP decomposition is

s
Xijk = Z AqiBg;i Cqk-

q=1

We see that the CP decomposition is a special case of the HOSVD decomposition
as it corresponds to setting

a _ 1, m=n=p
e 0, otherwise

The rank of a tensor is often defined as the minimal number of terms, r, in
the CP decomposition. Another definition of rank is through the tensor unfolding
where the elements of the tensor is mapped to matrices. Let X € RN1xN2xNg
be a third order tensor of size P X @ x R, the mode-n unfolding X, of the

tensor [YHS13,|GRY11] is a matrix where the component (iy,142,43) is mapped to

the component (i, j) for

3 .
’Lk—l

j =14 N{NoNj Z .
k=1,k#n

Ny,

I
[TT T T T 77
[
AV W W W

VN N O W W W

[
[
[T ] ][]
AV VO W W W
VNN W W W

AV W W W
X VO W W
AV O W W W

~
~
~
~
~
~
~
~
~
~

[ ] ][]
[

AV W W W W
AV W W W W

~
~
~
~
~
~
~
~
~
\

Figure 8.3: Illustration of first, second and a third order tensor. A first order tensor
is a vector and a second order tensor is a matrix. A k’th order tensor can be
represented as a k-dimensional array of numbers.
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The unfolding of a tensor is sometimes called matricization. It is also possible to
define the vectorization of a tensor in the same way as for matrices. The 3-rank of
a third order tensor is the tuple

(ri,ro,13) = (rank(X(l)),rank(X(g)),rank(X(g))) .

A common approach to tensor rank minimization is to minimize the sum of the
3-ranks [YHS13|]. The corresponding convex penalty is then to replace the matrix
ranks by the nuclear norm.

In the phase retrieval problem, the lifted variable is Z = vec(X)vec(X)". To
promote low tensor rank in X we note that vec(X) is related to the tensor unfoldings
by a linear transformation. Thus we can write

VQC(X) = ecl(X(l)) = Plvec(X(l)),
vec(X) = veca(X(g)) = Pavec(X(2)),
vec(X) = vecs(X(1)) = Pavec(X(3)),

where vecg () is the vectorization operators related to the k’th tensor unfolding and
P,,P5, P3 are permutation matrices. By using the permutation matrices, we find
that the nuclear norm tensor rank penalty becomes

IRTYPTZ(P) Dl + [[RTHPFZ(P) ™I + IR (P5Z(P5) )]

This formulation is easily extended to higher order tensors.

8.5 Experiments with random measurement matrices

Here we perform numerical experiments to investigate the empirical performance
of low-rank matrix phase retrieval (LRPR). We compare the performance of Low-
Rank PhaseLift (LR-PhaseLift) (8.7)), with the parameter t set by the procedure
described in with the standard PhaseLift. The methods where implemented
using the cvx toolbox [GBYO0§|. Since the solution is only unique up to a global
phase, we use the error measure

min | X — X || = [[X[[E + [|X][[7 — 2ftx(XTX)].

We consider the scenario where the elements of the sensing matrix in
A are drawn from an N (0,1) distribution. We generated the low-rank matrix by
setting X = LR where L € RP*", R € R?*" and the elements from L and R are
independently drawn from a A/(0, 1) distribution.

8.5.1 Noise-free measurements

In the first experiment we considered noise free measurements. We used p = 7,
q = 7, r = 2 and varied the number of measurements m. The results are shown
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Figure 8.4: NMSE for reconstruction from Gaussian measurements for p = ¢ = 5
and rank(X) = 1. (Change to other figure when simulation is done)

in Figure We find that LR-PhaseLift is able to reconstruct the matrix (up to
numerical precision) for m > 105 measurements while PhaseLift requires m > 125
measurements to reconstruct the matrix.

8.5.2 Noisy measurements

In the second experiment we examined how noise affects the final estimates. In
the experiments, we generated the noise from a A'(0,02L,,) distribution. The noise
variance, 02 was chosen so that the Signal-to-Noise-Ratio (SNR)

2
_ 8[H|AX\2H2] _ r2m(pq)? + 2r’mpq
E[lInl|3] moz ’

SNR

was equal to 20 dB.
To estimate X we used the standard PhaseLift and LR-PhaseLift with

77 = Unmy

as in [CCG15].
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Figure 8.5: NMSE for reconstruction from noisy Gaussian measurements for p =
q="7,r=2and SNR = 20 dB.

The results are shown in Figure We find that the estimation methods gave
larger errors when noise was present. This is to be expected since the use of n > 0
makes the estimates biased towards zero. LR-PhaseLift gave an NMSE which was
10 to 7 dB lower than the NMSE of PhaseLift for the values of m shown in the
Figure.

8.6 Conclusion

In this chapter we showed how the PhaseLift method for phase retrieval can be
adapted to promote low-rank in the estimate. In phase retrieval we only mea-
sure the magnitudes of measurements, the sign or phase of the measurements are
therefore lost. This occurs in e.g. X-ray crystallography where X-rays are scattered
against a crystal. The approach uses the theory of approximation with Kronecker
products and leads to a convex penalty in the lifted variable. Using methods for con-
vex optimization bounds, we derived error bounds for the estimation methods. The
low-rank phase retrieval method was also extended to robust low-rank matrix re-
construction, low-rank and sparse matrix reconstruction and the recovery of higher
order tensors. Lastly we evaluated the empirical performance of the algorithms us-



160 Low-rank phase retrieval

ing numerical experiments. We found that the proposed method could reconstruct a
low-rank matrix from fewer number of measurements than the standard PhaseLift
algorithm.

8.7 Derivations and proofs

8.7.1 Details for uniqueness bound

The proof of Proposition relies on Theorem 2.4. in [EM14].
A random variable a € R" is isotropic if

Ella’t]*] = |[t]13
for all t € R™ and L-subgaussian if
Pr(la’t| > Lu(&[laT t[?])Y/?) < 2exp(—u?/2),

for all t € R™. Let T' C R™ be a set and let

T = titSGTt S
{ 4

It —sll2”
t+s
Ty=q——+,t,s€T t£s,.
i==r #o)
Denote
E =max { & | sup glvi ;€ | sup givi| ¢,
E +E2
PT,m = \/E
and

kv, w) =& [aTv/|vlla”w/|lwl[2] .

Theorem 8.4 (Theorem 2.4 from [EM14]). Let A € R™*™ be a matriz with i.i.d.
random isotropic L-subgaussian row vectors. For every L > 1 there exists constants
c1, co and c3 that depends only on L such that for u > ¢y

|[|As[* — [At*]|, > Dl[s — t][2[ls + t[]2,
D=k(s—t,s+t)— C3u3pT7m

holds for all s,t € T with probability at least

1 — 2exp(—cou?® min{m, E?}).
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The quantity (v, w) can be shown to be bounded from below as (v, w) > ¢;
under some conditions (e.g. small-ball or Paley Sygmund arguments) [EM14]. We
find that it is necessary for m to be large enough such that

3
c1 — c3u’pr, >0

to ensure a unique solution.

Proof of Proposition|8.2.1. For simplicity we only consider Gaussian measurement
matrices. The extension to sub-Gaussian measurement matrices is straightforward.
Let T, = {X € RP*? : rank(X) < r}. Each row vector of A can be represented by
a p X ¢ matrix. Let G denote a reshaped row vector of A and let U, = {X € RP*?:
rank(X) < r, ||X||r = 1}, we find that [CRPW12]

o 1/2
E=FEg| sup tr(GTW)} =Eg Zm(G)Q
WeUsz, i=1

<\ér(p+q—2r)=F
Provided that inf, ,, #(v,w) > ¢1, Theorem [8.4 now gives that the solution to
y = |Avec(X)[?, rank(X) < r
is unique with probability at least

1 —2exp(—cou’E™?) = 1 — 2exp(—6cou?r(p + q — 2r)),

when 7 < min(p, q)/2 and

/ 12
c1 — 03u3me >cp— 03u3 £ + Ef
’ vm m

’ 7\ 2
> ¢ — csu® E + E >0
- vm vm
EI
<=m > - 1
C
et T173
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8.7.2 Proof of
We find that
2lfex” — &&T[F — |lx — %[5 - []x + %]13
= 2tr(xx "xx ") + 2r(Xk X% ") — dtr(xx %% ")
= (I3 + %113 — 2x %) (I3 + [[%]13 + 2x %)
= 2[|x||3 +2[|%[]z — 4(x"%)* — []xllz — [1%]12 — 2/Ix[[3]|%]3 + 4(x %)
= |1l + [1%113 — 2l[x|I3]I%[[3

= (I[xlI3 - [I%[3)* > 0.

This proves .

8.7.3 Recovery bounds under RIP-conditions

Theorem and require the bounds on the RIP constants given in Corol-
lary The proof of Theoremis similar to the proof of Theorem 1 in [CCG15]
when Corollary is given, the proofs are therefore not repeated here. Here we
first show the proof of Theorem since it differs from the proof in [CCG15| and
later also prove Corollary [8.7.1

The lifted random sensing operator A(-) = ®vec(-) does not satisfy the RIP since
the individual components have non zero-means. However, in Proposition [8.7.2]and
Corollary in Section we show that the operator B defined as

B(Z); = ®(Z)2i—1 — ®(Z)2,
does satisfy the following RIP with high probability.

Definition 8.1. A linear operator B satisfies the Mg, i, ¢2/¢1-RIP property if

1 u
(1= 7% W < —[BW)l < (1475, 1) W],
for all matrices W € Mg, x, where
My = {W € RP"X4" ; rank(W) < 72, rank(R(W)) < k, R (W) »= 0} .

Assuming that the RIP condition holds, we prove Theorem [8.1] with the help of
the following proposition.

Proposition 8.7.1. Assume that Z = vec(X)vec(X)" = xx' and let X, be the
best rank-r approximation of X and x, = vec(X,.). If there exists K1, Ko such that
B satisfies the Mg, i, l2/l1-RIP property, with

(140 4 V3 N 1+ 6% g, 1
(1= 0%, o, VK1 (1 =02 WKL~ 1+V2
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then for % <)\ < UXIF _ there exists a constant C such that

= X

1Z = Z|lr <C (|PocT =] [ + AR o =33 )[|. + ).

Proof. Let Z be the minimizer of (8.5) and let Z = xx ", then Z = xx' + H. Set
Z, = xrxrT and Z. = 7Z — xrer. Let X, = UTETV,T be the SVD of X, and set
u = vec(X,./||X,||r). A subdifferential of || - ||« + A||R™L(-)||« at Z, is
uu' +Y ARV, V] @ U, U ) + AW
=uu' +Y + Avec(U, V] vec(U, V)T + AW,
where ||[Y|| < 1,u’Y = 0 and W is such that U/ W = 0, WV, = 0 and ||W|| < 1.
Define the tangent spaces T and S by
T =Tz {Z:rank(Z) <1} = {u,z' +zu,,z € RP?}
S =Tz {Z : rank(R™*(Z)) < r*},
={I1,®U,)B(I,®U,)" +(V,®L)A(V, ®L,): A e R"*"™? B € R*"}

We find that the projections onto the tangent spaces are given by

Pr(Z)=uu'Z+ (I—uu')Zuu',
Ps(Z) = (V,V, @ U,UNZ+ (I, — (V. V] @ U, U} )Z(V,V] @ U,U,).
This gives us that PsPr = PrPs =Ppr,soT C S.
We can chose Y and W such that (Y, H) = [|[Hp1qgl|« and (W, H) = ||[R™(Hg1)|l+-
We also set v = vec(U,.'V,!) for brevity.
We find that
0>tr(Z+H)+ AR HZ+H)|. —tr(Z)
= MRTD)|| = |Z + H|. + N[|R™HZ + H)||.
—l1Z[l. = AR~ (2)]l
> [|Z, + H||. + N[R™HZ, + H)|[. — 2[|Z]l.
—1Z+ /s = NIRTHZ) [+ = 2X[R™H(Ze)
> (uu’ + Y+ vv + AW, H) — 2)\[|[RY(Z.)]|-
= 2|Z||. = (uu’ +APr (vw') , Hr) + |[Hyong]s
+ A (Pro(vT), Hyo) + AR (Hs )|
= 2M|[R™H(Ze)]]x = 2||Zc|l

We further have that Hpr. = 0 because Z + H = 0. This gives us that

<PTL (vv'), HTL> = <VVT7HTL> =v Hpv' >0.
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Putting this together we find that

IHronslle + AR (Hgo )|l
< —(uu" + APr(vv'),Hr) + 2||Z||« + 2)[|R7H(Zc)| |
< |Hrl| + MPr(vv D [ABz|| + 2[|Z ||« + 2M|R™H(Ze) ||«

Xr[lr

Also, since A < RO e get that

P IE < 20Pr (v
= 4TV vl lul} - 2uv)*

2 4 2
PR Il IR 2

=dr < <
1Xell7 Il %ol A%

This gives us that
1Hpns« + MR (Hg)|x
< (14 VD) Hr] | + 2|2l + 20 R (Z0)]..
Next, decompose Hg1~r and Hg: into mutually orthogonal matrices

M,
Hpoins = HY o
=1

Hg. = ZHS“

such that

+1
Umin( Tims) Omax (Hr_(plm)s)

Tmin(RTHHL)) > 0ae (R HEHETY),
rank(HY), )=K;, 1<i< M —1

TLNS

My )
[Hrinslle = Y 1IHE (gll-,

=1
rank(R™(HY) ) = Ko, 1<i< My — 1,
rank(Hi )=Ki, 1<i< My —1,

M,

IR™(Hgu) H*—ZIIR Dl

where 0,,:,(+) denotes the smallest non-zero singular value.
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Combined with the RIP-property, this gives us that
M1 I\/Il
> LBEY, il < 1+ 5 ) ZHH Anslle
i=2
(1+6% k)
THHTJ-NSHM
My .
> B < (146, i, ZHHSLHF
i=2
= (1+ 6% x, ZHR HF
(1+6% x,)
< Kk iRt Hg )|,
Tt R (B )|
Because of the constraint, we get that
L) < @) < - (lly - 2@ +ly - 2(@)h) < 2L ($.11)
m 1= 1 y - 1 y - m’ .

We now take K7 and K5 such that % < . Using this, we find that

2n _ 1 1 1 1
= e o )
M2 1 .
- Z 1B (Dl =D —[IBEE):
=2

> (1- 52K1,2K2>||HT + H(Tllms + HEGIL)HF
- (1+5%’KZ)HH sl — (1+6%2 k)
\/ITl TLNS|l* 7\/?2

b

> 15\};}( (I + B e+ B )
(1+6K1 K.)

VE:

— 0%k, 256,
A
(1+5K1,K2)

VKL

(I1H 72 sl + AR (Hs )]

1 1
(Il + IR gl 4+ IS 17 ) —

IR~ (Hs2 )]l

(U4 V)| [Bz| + 20 [RH(Zo) . + 21| )
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This gives us that
[z + [[H3] gl [ + [ ||
VB

< C1 (14 V)IEr|| + 2/ Zel|« + 2M[R™HZ ) + 75—
< Oy ((1+ VO)IHrl| + 21 Zcll. + 20 R >')+<1—5é%<1,2K2>m

)

where
(1 +5}L(bl,1<2)\/§
(1= 0%, oxe, )WET

For the remaining terms we find that

M1 . M2 .
STIHE gllr + > I F
=2 =2
1 Moy @)
S . (ZmIB HY) o) ||1+Z—\|B ||1>

C =

6%1 Ko \j=2
1+0% . 1+51“<b x
< e T L2 ||[RTH (HgL )|+
(10, KQNKl (1 -6, k,)VE2
< i [Hrrnslle + AR (Hgo)||
(1= 0%, e, )VEL ( )
1+ 6% g,

< 1+V2)|H 2/|Zc||s + 2M|R™H(Z)||+
ooy (1 V2| + 212+ AR 2 )

Putting this together gives us that
|H[r = [[Hr + Hyoiqs + Hou[[p

M,
1
< [[Hellp + H gllr + H [+ (1Y ms|\F+Z||H Dlle

Vi

< ((1+ V2] + 201Zells + 2NRT(Z)I]) +
1 52K1,2K2) m
where
Y= (1465 ,)V3 n 1461, .
(1= 0y, or, WEL (1= 0% 4, )WVEL
We thus have that
2y
WHlle = = (1+v2)y

- n
< C (I1Zel- + MR (Zo)] . + L)

1 V3 2n
1— (14+v2)y (1= ox,) ™

(I1Zell + MIR™H(Z)]]) +
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provided that v < 1/(1 +v/2). O

We notice that the proof provides loose recovery bounds since the proof implies
that A should be chosen as small as possible. Theorem [8.2]follows directly from[8.7.1]
using e.g. the techniques in the proof of Theorem 1 in |[CCG15| and is therefore
omitted.

8.7.4 Proof of Theorem [8.2]
Proof: We note that
tr(aa] R™1(2)) = tr((A; @ A;)TW),

where W = R~!(Z). We can thus express the measurements as y = Ax (W) + n.
The program ({8.1)) in the limit A — oo can be written as

min|[W],

8.12
such that ||y — Ax(W)||1 <71, R(W) =0, ( )

where Ax (W); = tr((A; ® A;)TW). Let W = W + H € RP" X% be the minimizer
of (8.12)). Let W be the best rank-s approximation of W and set W, = W — W.
Let W, = USZSV: be the SVD decomposition of W. We find that

IWz(ls + [[Wre[l« = [[W]l. = [[W + H[. = [[Wr + H[. — [[Wr.][.
2 [[Walle = [[Hell« + [[Hre |l = [[Wrs]l..
This gives that
[Hyo |l < 2[[Wrell« + [[Hr|]. (8.13)

Decompose Hp. into orthogonal matrices

M )
Hpoo =Y HY,

i=1
such that

o-mln(Hgf)L) Z O'maw(Hgfjl))a
rank(Hgl) =Ky, fori=1,2,..., M —1.

We find that

, 1 . 1
HY [|p < —— HY ||, = ——[|[Hp |, 8.14
;H TLIIF_\/EEII el \/EH 7L (8.14)
1 1
< 2lWel[« + [[Hrl[.) < (2|[Well« + Vs|[Hrl|p) . (8.15)

VE, VK,
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This gives us that

M 1 M 1
i ub i
> B (HE)I < (1+518") Y —IHE e
=2 =2
1+ 85
<’ H Y.
= \/Fl || TLH

Simﬂar (0] 8.1]., we find tha‘
m m.

This gives us that

M

277 1 1 i
2 B (Fy + Hy D)l = 3 1B (Fp ) >
1=2
1460
1- ") Hy + H )
(1= 350 )y + ) | — — | . 2
1- 607 14680
——(||H H ) —||H "
7o (E e+ e |
5§l1b<) (1)
> —ﬁ - (1| + 1 ]
1+6<“”)
—— (2||W_ ||« H .
i (Wl + Vsl l)

Rearranging the terms we get that

<1_6¥2 YR P
T il T||F T F
14 6o 2
<2 K \w, ||, + =L,
\/Kl m

We thus find that

1 2 + 0
|[Hr|[F + ||Hg“l||F < 3 (\/K—IWV Ie +

(8.16)
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Combining (8.14)), (8.13) and (8.16) we finally get that

1 7
][ < |[Hr |l + [HS [|r + > [HE, ||e
i>2
1
1

T @IWell. + VallH )

) <01 >||wc|* LG

B T m

This establishes the bound.

< [[Hr|lr + |[HY ||r +

8.7.5 Bounds for RIP conditions

Here we establish the probabilities and required number of measurements for the
RIP to hold for the different cases. We first show the following proposition.

Proposition 8.7.2. Let B be the linear operator with components
- —T
B(W); = tr (Bi W)

where W is a p? x ¢> matriz,

B, = (A2 ®Ay) — (Agim1 @ Agi_1)

and the elements of Ay are i.i.d. sub-Gaussian variables. Then for every W there
exists positive constants cy, ca,c3 such that

1, —
al[Wllr < —[[B(W)ll1 < c2|[WI|F,

holds with probability at least 1 — exp(—csm).

Proof. To prove the proposition, we introduce the commutation matrices K, which
are matrices such that, K,vec(X) = vec(X") for all X € RP*P. It follows that
K,(X®Y)K,; = (Y ®X) when X,Y € RP*? [MN95|. Another useful operator is

T(W) = R™!(diag(R(W))),
which projects out certain components of the p? x > matrix W. Here diag(+) denotes

projection onto the closest diagonal matrix. The operator T (-) can also be expressed
using index-notation as

TW)it(k-1)p,j+0—-1)g = 01,k Wit (k—1)p,j+(1-1)q»

forl1 <ik<pand1l<jIl<gq.



170 Low-rank phase retrieval

From Lemma 7 (the Hanson-Wright Inequality) of [CCG15] it follows that

B(W), is a sub-exponential random variable with
EBW)i[] < ¢ [[W][3.
To establish a lower bound on E[|B(W);|] we use that [CCG15]

(EBW);[*])?

E[IB(W);]] = IWIE

We have that
EA; @ Al =T(117),

E[(A; @ Atr((A; @ A))TW)] = W + KWKo

+@ATT(W)L) - T(ALT) + (g — 3)T(W).
We thereby find that for all 1 <i <m
EBitr(B, W)] = 4W + 2(uus — 3)T(W).

From which it follows that

EIB(W)i[’] = E[tr(W " B;tr(B] W))]

= 4[WI[E +2(ua = 3)|IT(W)] 3

> min(4,2(us — 1)[[WI[5 = ca [ W]
So

3
— c

EIB(W)|*] > f\IWI\F = &|[W][p.
3

(8.17)

(8.18)

(8.19)

(8.20)

Lemma 8 of [CCG15| (see also [Verl2]) gives us that with probability at least

1 — 2 exp(—cme)

- IBOW)lL ~ el BW)IL]| < Wil

Together with (8.17)), we get that
1, = 1 _
—||B(W)|]1 < =&]||B(W W
LIBOW)I < - ENBW)I] + el Wil
< (a1 + IWlp = c1|[W]|p

and together with (8.20), we have that
1, = 1 —
—||B(W > —E&||B(W —€||W
ABW)l = —E[lIBW)[[1] - €| Wlr
> (¢ = O[Wllp = c2|[W]|F,

with probability at least 1 — 2exp(—csm) for ¢z = ce.
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We want to derive the number of necessary measurements for the RIP to hold
for matrices in the set

My, = {W € RV X4 : rank(W) < 12,
rank(R(W)) < k, R (W) = 0} .

By using standard covering arguments as in [CP11], we find the following corol-
lary.

Corollary 8.7.1. For the sub-Gaussian sensing model, there exists positive con-
stants C, c1, ¢, c3 such that

1= 60 > e1/2, 146 < 2,
with probability at least 1 — exp(—cgm) provided that

m > Cmin {(p® + ¢*> + 1)r?, (2pg + 1)k} .






Chapter 9

Fast solution of the /;-norm

tain data through observations and experiments. Now, with more inexpen-

sive sensors and hardware, data can be collected at a much lower cost. The
main problem now is instead to transmit, store and process the large amounts of
data. The problem of handling and analyzing large amounts of data is often re-
ferred to as the data deluge and Big Data [Barll|. In Big Data problems, machine
learning methods are used to process large amounts of data to extract useful in-
formation. The large amounts of data requires that the algorithms are fast and
memory efficient to be useful in practice. Sparse representations are useful for Big
Data problems since they allow us to describe data in an economical way. To find
sparse representations requires that our dictionary contains many atoms. For the
standard sparse representation problem, the big data problem occurs when: (1) the
number of atoms is very large, (2) the number of measurements is very large or (3)
both the number of measurements and number of atoms is very large. Typically
(2) can be solved using e.g. batched gradient descent methods while (1) and (3) re-
quire new approaches. In this chapter we will consider case (1) where the number of
atoms is so large that the entire dictionary cannot be stored in the RAM memory of
a computer. This means that the dictionary needs to be stored in the hard drive of
the computer and only be accessed parts at the time. It is possible to adapt greedy
algorithms such as OMP to the Big Data scenario using distributed computational
methods [Sunl4]. Here we show how the convex method Basis Pursuit (BP) can be
applied to the Big Data problem by designing an algorithm which is fast and only
needs to access parts of the dictionary in each iteration.

Traditionally, the biggest problem to making informed decisions was to ob-

9.1 Introduction

A sparse representation is a special solution to a set of linear equations. Let x € R™
be a vector which solves the linear system of equations

y = Ax, (9.1)
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where A € R™*" is a known sensing matrix and y € R™ is a vector containing the
observed measurements. When x has many components that are zero, the solution
is a sparse representation of the measurement y. Typically we need that m < n
for a sparse solution to be possible. The Basis Pursuit (BP) method finds a sparse
solution to through the convex program

Xpp =argmin ||x||; 9.2)
subject to y = Ax '

The Basis Pursuit method can be shown to recover the maximally sparse solu-
tion under certain technical conditions . The problem of calcu-
lating the Basis Pursuit solution is an important problem in compressed sensing
and many “off-the-shelf” methods exist that can solve the minimization problem.
Common methods in the literature are interior-point methods and the simplex
method . The advantage of these methods is that they can solve
many different problems and have well established convergence properties. Effi-
cient implementations such as CVX and Matlab’s linprog are
also available. The disadvantage of these methods is that they are constructed for
general optimization problems and therefore do not exploit the special structure of
the Basis Pursuit problem. This means that the algorithms need to keep all problem
variables in the memory at all times. This makes the standard algorithms unable
to handle problems where the number of variables is very large.

As an example, consider the 128 x 128 Barbara image shown in Figure [9.1} In
grayscale representation, the image is represented by 16384 pixels values. Images
are usually compressed using source coding techniques such as JPEG which uses a
truncated Discrete Cosine Transform (DCT). The image compression technique can
be modified by e.g. representing the image in a wavelet dictionary. The question
arises of which wavelet dictionary gives the best compression. In Figure[0.2] we show

Figure 9.1: The 128 x 128 Barbara image.
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Figure 9.2: Thresholding compression of the image from Figure for different
dictionaries and compression ratios. The first column shows the component-wise
representation, the second column shows the discrete cosine transform (DCT) rep-
resentation, the third column shows the Haar wavelet representation and the fourth
column shows the discrete Meyer (dmey) wavelet representation. The first rows
show a truncation giving a 2 : 1 compression (50% of coefficients zero), the sec-
ond row a 4 : 1 compression (75% of coefficients zero) and the third row a 10 : 1
compression (90% of coefficients zero).

how the image from Figure [0.1] changes with different compression ratios for four
different dictionaries.

Ideally, we would like to compress the image in all dictionaries at the same
time. The problem is that many good mathematical properties of wavelets are
not preserved when combining different wavelet dictionaries, so the representation
becomes more difficult to compute. Another problem is that the dictionary becomes
very large when many wavelets are used. There are at least 8 wavelet families in
Matlab (the component basis and discrete cosine transform are usually
not counted as wavelets, but we refer to them as wavelets for simplicity). The
wavelet families and their wavelets are shown in Table [0.1]

To compress the Barbara image using the wavelets in Table requires working
with a 16384 x 901120 dictionary. The undersampling ratio of the problem is 5—15 R~
0.018 ~ 2%. The problem size makes it infeasible to use standard optimization
methods. Also for the subsampled 64 x 64 image, which uses an 4096 x 225280
dictionary, is too large for standard methods. New approaches are therefore required
to perform Basis Pursuit.
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Table 9.1: Wavelet families in Matlab and their wavelets.

Wavelet family Wavelets

Component basis identity basis

Discrete Cosine Transform | dct

Daubechies dbl (haar), db2, db3, ..., db45

Coiflets coifl, coif2, coif3, coif4, coifs

Symplets sym2,syma3, ...sym4b

Discrete Meyer dmey

Biorthogonal biorl.1, biorl.3, biorl.5, bior2.2, bior2.4,

bior2.6, bior2.8, bior3.1, bior3.3, bior3.5,

bior 3.7, bior3.9, bior4.4, bior5.5, bior6.8
Reverse biorthogonal rbiol.1, rbiol.3, rbiol.5, rbio2.2, rbio2.4,
rbio2.6, rbio2.8, rbio3.1, rbio3.3, rbio3.5, rbio3.7,
rbio3.9, rbio4.4, rbio5.5, rbio6.8

9.1.1 Prior work

Minimization of the ¢;-norm is a problem of considerable importance in Com-
pressed Sensing. Basis Pursuit and the LASSO are some of the most common
algorithms for recovery of sparse solutions. This is because (or because of this)
many efficient implementations exist allowing us to solve the minimization prob-
lem. Most often, these methods have been developed for the scenario of noisy mea-
surements [DDDMO04,/CR,|/CWO5,[FNWO07,HYZ07,BV04]. Methods have also been
developed for large scale problems [KKLT07,BT09,BPCT11,MXAP12| using first
order methods to lower the computational complexity or distributed algorithms to
solve the problem using several computational nodes. Another approach is to lower
the effective number of variables using screening principles [DP12, BERG14].

While convex methods are developed for solving the convex optimization prob-
lem of basis-pursuit and the LASSO, the methods are often slower than greedy
search methods [MZ93}/TG07,[DM09,NT09]. Greedy methods solve the sparse re-
covery problem

% = argmin ||y — Ax||2, subject to ||x]]o < K,
X

in a greedy fashion by typically minimizing some objective in each iteration. Com-
mon greedy algorithms are matching pursuit (MP) [MZ93], orthogonal matching
pursuit (OMP) |TGO07], subspace pursuit (SP) [DM09] and Compressive Sampling
matching pursuit (CoSamp) [NT09]. We note that the mentioned greedy algorithms
require the sparsity level K to be known. Greedy search methods have the advan-
tage that they can efficiently be implemented for very large scale problems using e.g.
hierarchical search architectures [Sunl4] since they do not require to keep all vari-
ables in memory. They can therefore (in theory) handle problems with arbitrarily
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large number of variables.

To develop efficient methods for very large scale problems where the sparsity is
unknown, it is desirable to combine the complexity of greedy search algorithms with
the efficiency of convex optimization based methods. We now consider the geometry
of the Basis Pursuit problem. This gives us the optimality conditions necessary to
construct a more efficient method for large scale Basis Pursuit problems.

9.2 The geometry of basis pursuit

We assume throughout the chapter that the column vectors of A have unit norm.
Given an at most m-sparse vector x such that supp(x) = J, |J| <mand A ;x; =y.
When rank(A j) = |J|, we can enlarge the set J to a set I such that J C I, |[I| =m
and A7 is full rank (since A is full rank). Thus x; = A 'y. Since we can always
enlarge the support set and the Basis Pursuit solution always has at most m non-
zero components [Ela], Basis Pursuit can equivalently be expressed as

I= argunr‘lin [|AL y|l1, st. Ap is invertible (9.3)
"|l=m

(kpp)1 = A7y, (Xpp)re = 0.

We find that is an exhaustive search over all subsets I C [n] of size |I| = m.
However, because of the geometry of the Basis Pursuit problem, many subsets can
be eliminated from the search.

Let C(I,s) denote the conver cone

C(1,s) = {A1r|r€R|”,msi ZOWGI}

of A, where |I| < m and s = (s1,52,...,5)7) with s; = 1 for 1 <4 < m. We say
that a cone C(I, s) is minimal (in A) if there is no j ¢ I such that the column vector
a; of A lies in C(I,s), i.e. there is no solution to a; = Arx} with sign(x}) =s. An
important property of Basis Pursuit is that the solution is always contained in a
minimal cone. We formulate this as a proposition.

Proposition 9.2.1. The support set of Kpp is contained in a minimal cone C(I,s),
where supp(Xpp) = J C I and sign(&;, ) = sg for k=1,2,...,|J]|.

The proof is given in Section An illustration in two dimensions is given in
Figure In two dimensions, the Basis Pursuit solution is given by the unique
minimal cone while in higher dimensions, the minimal cone need not be unique.
When y has a sparse representation, then y lies on the boundary of several mini-
mal cones. Proposition [9.2.1] implies that it is sufficient to search over all minimal
cones in . It also implies that if Basis Pursuit recovers an m-sparse vector x
from measurements Ax, then Basis Pursuit also recovers any other vector x’ with
supp(x’) C supp(x) and sign(x’;) = sign(x,), i.e. and gives a solution
with supp(Xpp) C I and (Xpp))is; > 0 foralli € I and y in C(I,s).
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9.3 Greedy /;-minimization

Since Basis Pursuit gives a solution with the same support set and sign-pattern for
all measurements inside the cone containing the Basis Pursuit solution, we cannot
interchange a vector in the support set for a vector in the complement to lower the
[1-norm. This can be verified without explicitly computing the new solutions, as
the following theorem explains.

Theorem 9.3.1. Let x be an m-sparse solution to y = Ax with I = supp(x) and
s = sign(xy). Then the li-norm of the solution cannot be lowered by replacing the
k’th column vector of Ay for a vector a; (j ¢ I) if

1> sign(sgzi)(s ' 2), (9.4)

where z = AI_laj. Furthermore, if (9.4]) is satisfied with strict inequality for all k
and a; (j € I¢), then |s'z| <1 and x = Xpp.

The proof of Theorem is given in Section Noting that we can write
s'z= sTAl_laj = hTaj

where h = (A])~!s, we find that if |h"a;| < 1, then no column vector in A can
be replaced by a; to lower the [{-norm. By Theorem if |h'a;| < 1 for all
j €I then x = Xpp.

9.3.1 The GL1 algorithm

Using we construct the greedy algorithm for li-minimization, GL1. The al-
gorithm starts with an initial active set I and use I to construct an intermediate
certificate h. The algorithm searches for candidate vectors in the complement I€¢
that satisfy |hTa;| > 1. The candidate vectors are tested (for all k such that

T2
aj y
as
ag

x1

Figure 9.3: The cone C({1,2},(1,1)7) is not minimal since it contains az. Basis-
pursuit gives a solution with support set {1,3} since it is the only minimal cone
containing y.
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is violated) if replacing a;, by the candidate vector lowers the /;-norm, i.e. if

A 2 "
x+(ek—z)z—: < |1Rl]1, (9.5)
1

Ix'[[1 = AL AR =

where e;, denotes the k’th basis vector in the coordinate basis. When no candidate
vector lowers the ¢1-norm, the algorithm terminates.

The algorithm may get stuck in a local optima (of the algorithm) if it encounters
a sparse solution. If this happens, we slightly perturb y to ensure that it lies in the
interior of a cone. When the algorithm terminates, y is restored and the solution is
recomputed. The GL1 algorithm can be summarized as follows.

1. Input: y, A, I, A,e.

2. Initialization: y’ = y.

3. Repeat:

4. %= A7y s =sign(X), lnin = ||%][1, h = (A] ) !s.
5. If ||&]]o < m: perturby’ =y + A - A1, go to 4.

6. For all j € I° such that [hTa;| > 1:

a) Compute z = A;'a; and t = sign(s 0 z)(s ' z).
b) For all k such that ¢t > 1 and |z;| > e
LIE &+ (er —2) 21 < Lnin:

AT = (TU{7P)\{ir},
B. I¢ — (I°U{ir})\{j}, 2o to 4.

7. If ||X||1 = Lnin: break.
8. Output: I,%X; = A;ly.
Notes on the algorithm:

e A e >0 are small constants (e.g. 1075).

e Usually, X is not exactly sparse due to numerical errors. One can then perturb
the measurements as

y =y+A-As,
where s = sign(x).

e In implementation, matrix inverses are replaced by solving the set of linear
equations, to increase numerical accuracy and speed.
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GL1

|hTaj| > 17 HX/HI < lmzn?

ajfaz(as an h Y[ X[y |Qin |- - - Qi)

lmin 1] %2 ] ftm

Figure 9.4: Schematic illustration of the GL1 algorithm. The algorithm reads from
the complement set and computes using the active set.

e The runtime can be decreased by selecting the initial set I in a good way. In
simulations we chose I to be the m vectors which have largest inner products
l]a," y|. Another possibility is to find the initial I using a greedy algorithm.

e When determining if the candidate vectors can lower the l;-norm, it is bene-
ficial to start with the vector with largest inner product |h"a;|, then proceed
to the one with next largest inner product and so on.

We note that the algorithm consists of two parts, determining if [h"a;| > 1 and
if replacing a column vector with a; lowers the /;-norm, see Figure Both of
these operations can be parallelized, making the algorithm suitable for large scale
problems.

9.4 Numerical comparison

In this section we numerically compare different solution methods for Basis Pursuit.
We compare GL1 to the two main approaches, the interior point method and the
simplex method. Lastly we consider the problem of compressing an image in several
wavelet dictionaries.

9.4.1 Compressed sensing

In the first simulation we investigated the speed of different implementations of
Basis Pursuit. We compared GL1 to three other solvers for Basis Pursuit, the
simplex method [Dan98|, I;-magic [CR] and Iterative Reweighted Least Squares
(IRLS) [DDFG10].
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Figure 9.5: [1-norm vs. cputime for one problem realization for the different methods
when n = 8000 and m = 50.

The Simplex method formulates (9.2)) as

min 17 (x4 +x_),

sty =A(xy —x_)

X4, X >0

where 1 € R" is a vector of ones and we used Matlab’s 1inprog to run the simplex

algorithm. The method [;-magic formulates (9.2) as

min 17t

s.t. y = Ax

—t;<x; <ty fori=1,2,....n

and solves the optimization problem using a primal-dual interior point method [CR].
The IRLS algorithm approximates the [;-norm by a weighted ls-norm which is
updated iteratively [DDFG10].

In the simulation we used n = 8000 and varied the number of measurements m.

The measurements were generated by drawing the elements of A from a A(0,1)
distribution and normalizing the column vectors, the vector x was generated as a

[0.25m]-sparse vector with its non-zero elements drawn from a A(0,1) distribu-

tion. Finally we computed y = Ax and compute the solution using the different
algorithms. Because A is Gaussian, Xgp in (9.2)) is unique with probability 1.
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Figure 9.6: [1-norm vs. cputime for one problem realization for the different methods
when n = 8000 and m = 100.

Because the algorithms have different complexity per iteration, we measure the
total cputime and the /;-norm in each iteration rather than the number of iterations.
We were not able to access the intermediate times and [j-norms of linprog and
therefore only display the final norm and cputime of the method. We show the
convergence for one problem realizations with m = 50 in Figure |9.5] and with
m = 100 in Figure We find that the simplex method converged faster than
l1-magic for m = 50, but slower for m = 100. In both realizations, GL1 was the
fastest algorithm. In Figure we show the average cputime for different values
of m averaged over 10 realizations of A and x. We see that /;-magic is slower than
the simplex method for m < 80 and slower than GL1 for m < 140. The simplex
method was about 3 times slower than GL1 for all values of m.

9.4.2 Image compression in wavelet dictionaries

Next we demonstrate that GL1 can solve large scale problems with many parame-
ters. We decompose an image in a dictionary that is too big to store in memory by
performing a decomposition of the Barbara image in the wavelets mentioned in Ta-
ble To make the simulation run faster, we subsampled the image to the 64 x 64
image shown in Figure When representing the image in the separate wavelet
dictionaries we find the norms in Table We find that the discrete Meyer basis
gives the highest /1-norm and that the component basis also gives a high ¢;-norm.
The dbl (Haar), biorl.1 and rbiol.1 wavelets gives a low ¢;-norm and the DCT
basis gives the lowest /1-norm of all wavelets. This is to be expected since image
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Figure 9.7: Average cputime vs. m for the different methods when n = 8000.

compression methods often use a truncated DCT transforms.

We initialized the algorithm by choosing the initial dictionary to be the DCT
basis. In each iteration we computed the certificate and chose a wavelet dictionary
at uniformly at random. We then used GL1 to attempt to lower the ¢;-norm using
atoms from the chosen dictionary. If the ¢1-norm did not change after 470 iterations,
we slightly perturbed the original image and continued to run the algorithm. By
waiting 470 iterations, we ensure that the probability that not all wavelet bases
are tested to be less than 1%. In the iterations of the GL1 algorithm, the ¢;-norm
decreases as shown in Figure

After 32320 iterations, the GL1 representation has an ¢;-norm of 59750, i.e.
15.4% lower than the £1-norm of the representation in the DCT basis. As the algo-
rithm has not yet converged, we expect the norm to decrease further after further
iterations. The GL1 representation has 61 coefficients in the component basis (1.5%)
and 1459 coefficients in the DCT basis (35.6%). The individual representations in
the different wavelet families are shown in Figure|9.10] We find that most wavelets
are in the original DCT basis. However, the number of wavelets in the DCT basis
decreases in each iteration, it is therefore reasonable to believe that the number of
wavelets in the DCT basis will decrease further when the algorithm makes more
iterations. We find that the GL1 representation has the same sparsity as the DCT
representation with 12% of the £1-norm contained in the largest component, 2% in
the second largest component and 1% in the third largest component.

The simulation shows that the GL1 algorithm is able to perform large scale
Basis Pursuit when the dictionary is too large to fit into memory. Since the wavelet
bases are related to fast transforms, we could compute the inner products without
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Table 9.2: The ¢;-norm of representations of the 64 x 64 Barbara image in the
wavelet bases in Table (ordered by magnitude). The norms have been rounded
to nearest integer.

Basis {1-norm | Basis {1-norm | Basis {i-norm | Basis {1-norm
dmey 1693960 | db8 399327 biorl.5 | 344778 biorl.3 307053
coifb 556687 sym8 392325 rbio2.4 | 341635 coifl 300100
component | 486667 bior3.7 | 385719 rbio4.4 | 337371 rbiol.3 298401
coifd 485687 rbio2.6 | 380308 rbio3.3 | 336769 db3 297926
rbio3.9 450395 db7 376290 dbb 334824 sym3 297926
db10 444615 sym’7 372536 rbiol.5 | 334175 bior2.2 294587
bior3.9 425547 bior2.6 | 370869 symb 334105 db2 283100
db9 422238 rbio3.5 | 369614 rbio3.1 | 332651 sym2 283100
rbio2.8 420781 db6 354507 bior4.4 | 331900 bior3.1 274027
coif3 416167 bior5.5 | 354391 bior2.4 | 331009 dbl 271132
rbio6.8 415456 coif2 354373 sym4 316144 biorl.1 | 271132
bior6.8 410962 rbio5.5 | 353642 db4 315180 rbiol.1 | 271132
bior2.8 410550 sym6 352550 rbio2.2 | 310414 DCT 70642
rbio3.7 408653 bior3.5 | 346140 bior3.3 | 308735 GL1 59750

explicitly computing the wavelet dictionaries. With increasing problem sizes, it is
expected that special algorithms, like GL1, will be more important and relevant.

Figure 9.8: The 64 x 64 subsampled Barbara image.
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Figure 9.9: The £;-norm of the GL1 representation of the 64 x 64 Barbara image in
different iterations. The ¢1-norm of the representation in the DCT basis is shown
as a dashed line.

9.5 Derivations and proofs

Proof of proposition 1. Let I be a set with m elements and let I’ = (I\{k}) U {j}.
We need to show that if y € C(I’,s") C C(I,s), then ||Xr/||1 < ||Xr]|1- Set

Yy = inai, (96)

iel

a; = Z Zidg, (97)
iel

y = 2ja; + Z Tha,. (9.8)

i€l itk

Without loss of generality we can assume that z;, z;,2; > 0 for all i € TU {j} . By

inserting (9.7) into we find that

/ ! / / !
riaj + E Tia; = ;28 + E (w5 +x)2i)a; = E Tia,;.
i€l itk i€l itk i€l
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db cof
sym dmey bior bio

Figure 9.10: The GL1 representation of the 64 x 64 Barbara image after 32320
iterations in the wavelet families from Table

We find that when Aj is full rank, then z; = :c;zk and z; =z} + :1:321 for i # k.
Using that

1= laglls < Y |z - llasll2 = [|2]]1,
iel
where we have strict inequality because the column vectors in A are not parallel,
we find that

||x||1:in::r;zk+ Z (xf + 252)

iel i€l itk
! /
= g 2 + g T;
iel i€l itk

= aj(llzlls = 1) + [|X'[[x > [Ix[]1,
provided that z’; > 0. O

Proof of Theorem 1. Assume that we cannot interchange the k’th column vector
of Ay for a vector a; to get a solution with lower /;-norm. Then all y in C(I,s)
give Basis Pursuit solutions with the same support set and sign-pattern, i.e. for all
weR™ w>0

Iwll < [|AL"ArSwlls, (9.9)
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where S = diag(s), I’ = (U {j})\{ix} and we assumed that A/ is invertible.
Replacing a;, for a; corresponds to making a rank-1 update of Ay, i.e.

Ay =Ar+ (aj — az-k)e;cr.

Setting z = A;laj, we get that

Afl —a; TAfl
AL ASW = (Afl— ! (ij ,?’“)e’“ ! )Afsw
1+ek,AI (aj—aik)
A7la; — IS
:Sw—( U a_jl_ flk)ek W=SW—|—(ek—Z)Skwk.
e, Aj a; 2k

So if holds, then

. SE Wk
1< min ||Sw+ (e —2)
w>0 Zk 1
1 w=1
. Wi Z]
= min — + E S|W; — — SEpWk| -
w>0 |Zk| : Zk
1Tl len\{ix}
Using that
1 0 , if zpspzisk > 0
SW — —SEWk| 2 || ;
Wk else

we find that holds for all w if

. Wi 2]
min — + Z SjW; — —SpWg| =
w>0 |zi] : 2k
1T w1l e\ {ix}
min il Z |21
w; >0 |2
leJ_
wnfleal (I 1+ Xy, 1al) =1
1+ Z |Zl‘
_ leJ- > 1, (9.10)
26l + 210, 12l

where

J+ = {lll S I\{ik},ZlSleSk > 0},
J_ = {l|l S I\{ik},zlslzk.sk < 0}
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Rewriting (9.10)) as
. lal<it >, |l

l:z;s12K 8 >0 liz;s12 8, <0

e1> Zsign(ZleZkSk)|Zl|
l

= sign (2 sk) Z s121 = sign(zxsi) (s] ),
I

we recover the optimality condition (9.4)).

To show that strict inequality in (9.4)) implies that |s'z| < 1, assume that
|s"z| > 1, but sign(sgz)(s'z) < 1 for all k. This implies that sign(sgzx) =
—sign(s' z) for all k. However, if all terms s, 23, have the same sign, then sign(s2;,) =
sign(s " z), giving a contradiction. Thus, strict inequality in (9.4]) implies that |s T z| <
1.

We find that

T, TAa-l. _ 3T,
s'z=s A; a;=h a;

where h = (A])~!s. This gives that if |h"a;| < 1 for all j € I°, then A]h =s
and ||A].h|[o < 1. The vector h is thus the dual certificate of the Basis Pursuit
solution [ZYC15|, giving us that x = Xpp. O

9.6 Conclusion

In this chapter we considered the problem of solving the Basis Pursuit problem
when the number of parameters is very large. Standard methods are efficient for
solving the Basis Pursuit problem, but do not scale well when the number of pa-
rameters becomes very large. By considering the geometry of the problem we were
able to derive optimality conditions for the Basis Pursuit solution. The optimality
conditions were then used to construct the greedy minimization method GL1. The
algorithm has the advantage that it does not need to keep all variables in memory,
but only works with a subset of the parameters in each iteration. Through numer-
ical simulations we showed that the algorithm is faster than the standard methods
when the number of parameters is large. We also showed that the algorithm is
able to perform the wavelet decomposition of an 64 x 64 image in several wavelet
dictionaries.



Chapter 10

Conclusion

As the amount of data and measurements increases, so does also the assistance
we can receive from it to make well informed decisions. To make good use of the
data we need good algorithms to help us process the data to provide us with the
information we seek. Such algorithms needs to be fast, efficient and accurate. To
meet such standards it is useful to exploit the internal structures of the problem to
increase the performance and usability of the algorithms. Two of the most studied
structures in compressed sensing is sparse vectors and low-rank matrices. These
are the structures we have studied in this thesis. We used three approaches to
designing estimation algorithms, greedy search algorithms, Bayesian methods and
convex optimization based methods.

In Chapter [3| we considered greedy pursuit algorithms and how the way the
algorithms detect non-zero components can be improved. We used two approaches,
array processing and Bayesian filtering. In array processing, it is customary to
cancel the contributions from sidelobes occurring in the problem to increase the
resolution of the system. This is done using a beamformer, i.e. a linear filter which
filters out the contribution of the sidelobes. With this methodology we were able
to construct beamformers for the worst-case and average case detection scenario.
Bayesian filtering often rely on linear filters to decrease the interference and noise.
The Wiener filter is the optimal filter in the mean square sense and is heavily
used in signal processing. By designing a Wiener filter for random sparse vectors
conditioned on if a component is zero or not, we developed the Conditional prior
OMP algorithm.

In Chapters [ [f] and [6] we investigated Bayesian methods based on the Rele-
vance Vector Machine (RVM). Bayesian methods use prior distributions to model
the structure of the parameters. The difficulty is to model the structure in an appro-
priate way as the distribution should be continuous to give a tractable model while
the structure often is non-continuous in nature. In Chapter [4 we showed how the
RVM can be adapted to measurements with sparse noise without treating the noise
as an additional estimation parameter. We showed that this increase the speed and
accuracy of the algorithm. In Chapter |5 we used precision matrices to construct a

189
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low-rank analogue of the RVM and related the prior distribution of the precision
matrices to low-rank promoting penalty functions. In Chapter [6] we combined the
methods of Chapter [d] and [5] to construct a Bayesian method for robust principal
component analysis. We showed that the method can outperform standard methods
but that this comes at the price of higher complexity.

In Chapter |8] we considered how low-rank can be incorporated in the phase
retrieval problem. We showed that by using the theory of Kronecker product ap-
proximation, it is possible to promote rank in the underlying variable. Through
numerical simulations we showed that by properly selecting the regularization pa-
rameter, it is possible to recover low-rank at fewer measurements than the with the
standard method.

Lastly, in Chapter [0] we considered the big data problem of constructing a sparse
representation when the number of parameters is very large. As standard optimiza-
tion methods require all parameters to be kept in memory, the large number of
parameters in the problems we consider make such methods infeasible. By deriving
optimality conditions for the solution, we construct a greedy method for solving
the ¢1-norm minimization problem. The proposed method is faster than standard
methods when the number of measurements is not too large and is able to perform
wavelet decomposition on a 128 x 128 image in all wavelets in Matlab.

The methods used for compressed sensing are often divided into their respec-
tive classes, greedy, Bayesian and convex methods. In this thesis we have combined
approaches to construct new methods. Chapter [3] combined greedy and Bayesian
methods while Chapter [9] combines greedy and convex methods. The multitude of
methods show that sparse and low-rank problems is a fascinating research area
where methods from computer science, signal processing, machine learning and re-
gression can be combined to give new insights into structured estimation problems.
As every new solution gives rise to new problems to be explored. It is quite certain
that different approaches can be further connected and that one method can solve
the challenges presented by another method. As estimation methods and signal pro-
cessing algorithms continue to improve, we have new possibilities to further develop
new technology and new science for the future.
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