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Abstract

We prove new results about the robustness of noise-blind decoders for the problem of re-
constructing a sparse vector from underdetermined linear measurements. Our results imply
provable robustness of equality-constrained ¢;-minimization for random measurements with
heavy-tailed distributions and, furthermore, correspond to a generalization of bounds on
inscribed bodies of random polytopes.

We further propose a new algorithm for the reconstruction of low-rank matrices from
few linear observations or from missing data, based on the iterative minimization of well-
designed quadratic models of a non-convex objective. Our method, which is an instance of
Iteratively Reweighted Least Squares (IRLS), is the first of its kind to combine data efficiency
with computational scalability and fast local convergence rates. We show that the method
attains a superlinear local convergence rate under near-optimal assumptions on the sample
complexity for several random observation models. These theoretical statements are sup-
ported by computational experiments which suggest an improved data efficiency compared
to the state-of-the-art. We provide an implementation of the proposed IRLS algorithm that
solves computational issues of previous related methods.

Finally, we extend the framework to the completion of structured low-rank matrices such
as low-rank Hankel or Toeplitz matrices. For this more flexible model, we propose an IRLS
algorithm with quadratic local convergence rate under weak assumptions on the number and
distribution of provided samples.

Zusammenfassung

Fiir das Problem der Rekonstruktion diinnbesetzter Losungen unterbestimmter linearer Glei-
chungssysteme zeigen wir neue Resultate, die die Robustheit von Dekodern betreffen, wel-
che keine Schitzung des Messfehlers bendtigen. Sie implizieren eine beweisbare Robustheit
von ¢;-Minimierung mit Gleichheitsnebenbedingung bei zufilligen Messungen mit schwe-
ren Verteilungsenden. Zudem generalisieren wir Schranken, die die Geometrie von zufélligen
Polytopen beschreiben.

Die Arbeit entwickelt zudem einen neuen Algorithmus fiir die Identifikation von Niedri-
grangmatrizen anhand von wenigen Beobachtungen. Der Algorithmus basiert auf der itera-
tiven Minimierung von quadratischen Modellen nicht-konvexer Zielfunktionen und kann als
slteratively Reweighted Least Squares“-Methode (IRLS) betrachtet werden. Er ist der erste
seiner Art, der eine sehr gute Dateneffizienz mit numerischer Skalierbarkeit sowie schnellen
lokalen Konvergenzraten kombiniert. Dabei beweisen wir, dass der Algorithmus eine superli-
neare lokale Konvergenzrate aufweist unter schwachen Annahmen an den Informationsgehalt
von Messdaten, denen gewisse randomisierte Beobachtungsregeln zugrunde liegen. Numeri-
sche Experimente illustrieren die Dateneffizienz unseres Ansatzes, fiir welchen wir eine effizi-
ente Implementierung beschreiben. Dies 16st numerische Stabilitdtsprobleme, die verwandte
Methoden aufweisen.

Wir zeigen auf, wie sich diese Ideen auf die Vervollstindigung von struktuierten Niedri-
grangmatrizen, wie etwa Hankel- oder Toeplitzmatrizen niedrigen Ranges, iibertragen lassen.
Wir stellen einen IRLS-Algorithmus fiir dieses flexiblere Modell vor, der eine quadratische Kon-
vergenzrate aufweist, und zwar beweisbar unter schwachen Annahmen an die Anzahl und die
Verteilung der vorliegenden Eintrége der zu rekonstruierenden Matrix.
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Introduction

At the end of this decade, the advent of data-driven inference and prediction methods that
combine computational tools with the presence of unprecedented swaths of information easily
available in digital formats has been one of the more important driving forces of innovations
for many businesses. These methods are expected to provide have an important impact on
societies and individuals in the future, as they have been seen to perform on par with human or
better than humans on tasks that had been known to be notoriously hard: Image classification
[KSH12], playing Go [Sil16] and language translation [BCB14] are just a few famous examples
of tasks that can be solved by computer programs considerably well by today.

Many of these advances have been achieved by computer scientists using tools like deep
neural networks [LBH15], which can be seen as classes of functions that concatenate linearities
with non-linearities and that allow for efficient computations even in the case of millions of
high-dimensional data points. In the last five years, it has been a very active field of research
to improve empirical performances by finding the most adequate network architecture for
a specific task, and to extend the applicability of the techniques to new problems. In this
process, experimentation and simultations have played a crucial role.

One might wonder, what is the role of mathematics and mathematicians in all of this?

First, it is clear that the theories of linear algebra, calculus, and optimization provide
the building blocks to even just write down what one of these machine learning systems are
actually doing: Backprogation, for example, is an efficient algorithm to compute the gradient
of a loss function defined on the network with respect to changes in the so-called weights
which define the linearities of the network, but can be interpreted as a smart application of
the conventional chain rule in calculus [GBC16]. The loss function is typically then optimized
based on the available data using a variant of stochastic gradient descent [RM51,KYo3], which
is well studied in optimization.

Thus, one contribution a mathematician might be well-suited to make is to come up with
a new building block such as an optimization algorithm or a computational “trick” to be used
to in the more complex machine learning architecture.

Another, possibly even more relevant contribution of mathematics can be clarity. Among
the thousands of possible architectures, which one should we use on which type of data?
Even when real datasets are messy and complicated, proving certain optimality properties
or error bounds for a network architecture given a certain, simplified type of data can be
more convincing than the mere empirical success in experiments. This is due to the fact that
experiments are always finite and limited, and it is not always easy for other researchers
to reproduce the exact hyperparameters and algorithm specifications that have been used in
published works [DSTog, HIB*18].

This thesis does not discuss neural network architectures, but somewhat different prob-
lems: We study recovery problems involving data that is intrinsically low-dimensional, but
embedded in a very high-dimensional space, and which is observed not directly, but through
linear measurements. The low-dimensional structures we are interested in consist of sparse



vectors and low-rank matrices. As we will see, this modelling is flexible enough to tackle various
problems in medical imaging, computational physics, seismology, recommender systems and
control theory.

In our investigations, the mindset outlined above will be, however, our guiding principle.
On one the hand, we provide new theory shedding light on the performance of algorithms
that had been previously proposed. On the other hand, we will develop new algorithms that
improve on previous methods in important aspects, while providing theory validating the
scope of these improvements. This dissertation consists of the three following chapters:

* In Chapter 1, we discuss the robustness to noise of classical algorithms designed to
recover sparse vectors from underdetermined, linear measurements. This problem is
also called compressed sensing, as by using well-designed measurements, the number of
samples to identify the original sparse vector can be chosen to be surprisingly small. We
show that reconstruction with small errors is possible using classical convex decoders
under the presence of noise even if the noise level information is not used in the decoder,
for a considerably larger class of measurements than it had been known before.

e In Chapter 2, we focus on the related, but different problem of recovery of a low-
rank matrix from incomplete linear measurements. After discussing shortcomings of
previous methods for this widely studied problem with applications in machine learning
and computational physics, we propose a new algorithm based on iterative quadratic
majorization of non-convex surrogates of the rank function. We embed the derivation
of this algorithm, which we call MatrixIRLS as it is an instance of Iteratively Reweighted
Least Squares, into a comprehensive review of that class of algorithms, explaining why
our approach improves considerably previously proposed IRLS algorithms. We provide
a local convergence theory that includes results about fast local convergence under
quite weak assumptions, and discuss why our implementation allows for a scalability of
MatrixIRLS to problems involving very high-dimensional data. We provide numerical
experiments illustrating that our algorithm can beat the state-of-the-art in terms of data
efficiency.

* In Chapter 3, we consider the more general problem of completing structured low-rank
matrix from few entries. We motivate this modelling by illustrating how it naturally
arises in signal processing and in time series analysis, for example in harmonic retrieval
problems. We modify the IRLS framework of Chapter 2 to be applicable to this problem
and propose the algorithm StrucIRLS. We show that the low intrinsic dimension of
the model can be indeed utilized to reduce the number of optimization variables to
the number of degrees of freedom, while using fast matrix-vector multiplication if the
structured matrix is of Hankel or Toeplitz type. In terms of convergence analysis, we
obtain similar results as in Chapter 2, including a local quadratic convergence rate of the
algorithm under weak assumptions. Again, numerical experiments show an improved
data efficiency compared to competing methods.

Chapters 1 to 3 all contain original work the author of this dissertation had been conducting
during his Ph.D. studies, partially jointly with collaborators. In this context, I acknowledge
in the respective chapters the contribution of my collaborators. The chapters are largely self-
contained. However, for a full understanding of Chapter 3, the first sections of Chapter 2 can
be helpful.



Chapter 1

Robustness of Noise-Blind Compressed Sensing

There are many engineerings problems in signal processing and medical imaging which are
in fact data acquisition problems. In situations where the acquisition cost is high, it is of
interest to find ways to reduce this cost while still obtaining the gist of the data up to a high
accuracy. A considerable amount of research on efficient algorithms for this problem and on
their understanding has been conducted, and the common framework to tackle this problem
is often called compressed sensing.

Indifferently on what this framework is about precisely, one might want to ask: What
happens if the data to be processed is corrupted by noise? Do the algorithms that are used
in the processing break down, or are they are able to cope with this situation, maybe even
provably so?

A positive answer to this question is desired for any algorithm that hopes to be used for
realistic engineering problems. In many cases it is possible to use prior knowledge of the
magnitude and type of the noise as an algorithmic parameter to ensure optimal reconstruction
or optimal processing.

The goal of this first chapter of the thesis is to present and develop theory for the un-
derstanding of an inherent noise-robustness of efficient optimization approaches for recovering
sparse vectors from incomplete linear measurements—which is how the compressed sensing or
sparse recovery problem can be defined mathematically. We show that a large class of linear
system matrices—usually called measurement matrices in the compressed sensing setting—
allows for robust recovery by these efficient methods even if no or little prior knowledge about
the noise is present, a setting that we call noise-blind compressed sensing.

We also shed light on the connection of our results to the geometry of certain random
polytopes that are spanned by the columns of respective measurement matrices.

The work presented in this chapter is based on the preprint [KKR18] co-authored with Felix
Krahmer and Holger Rauhut and a subsequent generalization, for which the author of this
dissertation was the leading author. Parts of this work will also appear in [GKK"19], jointly co-
authored with Olivier Guédon, Felix Krahmer, Shahar Mendelson and Holger Rauhut, which
further generalizes and strengthens the obtained results, focussing on the geometrical property
of random polytopes that underly the implications for compressed sensing presented here.

1.1 Introduction: Compressed Sensing

Consider the following mathematical problem: Let xo € R be a high-dimensional vector and
A € R™N be a matrix with fewer rows than columns, i.e., with m < N.

Is it possible to reconstruct Xy from its linear image y = Axg € R™ if y and A are given?
Basic linear algebra answers this in the negative, as there is a N — m-dimensional affine space
of vectors {x € RY : Ax = y} that is compatible with the underdetermined linear system.

However, it has been observed since the 1960’s that in certain situations, it is possible to

10



invert the system
y = Ax

perfectly and solve it for xg, even in a computationally efficient way: Work by Logan [L.og65]
about frequency estimation and of geophysicists [TBM79] suggested for many measurement
matrices A, the vector xo € RY can be reconstruted by solving the £;-norm minimization
problem

min ||z|l; subjectto Az =y,
zeRN

under the additional assumption that xq is sparse enough. In particular, this minimization
problem can be solved by standard methods from convex optimization as it is even equivalent
to a linear program.

Definition 1.1.1. Let s, N € N such thats < N.
We say that the vector x € RN is s-sparse if x € T, and

% = {ze RN : #supp(z) < s} = {z e RN : z; = 0 for at least N — s indices i € [N]}.
We define the £o-norm (which is not a norm in the mathematical sense) of x as
lIx|lo = # supp(x) = #{i € [N] : x; # 0}.

The sparsity assumption became more and more useful with the advent of wavelets [Dau88,
Daug2] and other sparsifying transforms [SCDo2], as they can be used to represent many
natural images and signals by approximately sparse, high-dimensional vectors.

In the past 15 years, seminal papers [CTos, CRTo6a, CRTo6b, Dono6] and subsequent
progress have provided a quite thorough understanding of why and when ¢;-minimization
can indeed find the sparsest vector compatible with underdetermined linear measurements,
see [FR13] for an overview.

In particular, by using randomization in the measurement process, i.e., in the design of A,
it has been shown that an almost linear scaling of linear measurements m with respect to the
signal sparsity s is sufficient to guarantee efficient reconstruction of sparse vectors, or more
precisely, if

m ~ slog(eN/s),

with high probability.

The implications of this theory to science and medicine have been already manifold,
as it has, for example, led to shorter magnetic resonance imaging (MRI) scanning times in
the newest generation of commercially used MRI scanners [LDSPo8, FWHS16]. The idea
behind this acceleration is the realization that an intelligently designed sensing process can
be used to obtain compressed versions of high-resolution MRI images, reducing the amount
of data traditionally needed to obtain images of similar quality. By reducing costs and new,
previously infeasible MR imaging variants with new diagnostic possibilities, the resulting gains
of efficiency have been a main talking point in the June 2017 briefing of the recent Gauss Prize
winner David Donoho in front of the United States Congress with respect to the benefits of
foundational mathematical research [Don18].

Another, quite different successful application of the compressed sensing framework has
been seen in the context of exploration seismology [Herio], which aims to detect gas or oil
fields from large seismic imaging data volumes. These data volumes are traditionally collected
by deploying a large amount of sources and receivers in a uniform sampling pattern across a
vast area, which can be a land or sea area. Compressed sensing-type sampling schemes and

11



reconstruction techniques enable seismic explorations to be carried out more efficiently, also
due to their reduced requirements on equipment and crews. Furthermore, these sampling
schemes are also more compatible with external, geographic constraints or unpredictable
weather situations [MLJ*17, BML"17].

1.1.1 Stability under Model Misfit

A key factor contributing to why compressed sensing is applicable in these fields is its ability
to cope with approximate models and errors in the measurement process. In particular, in a
slight generalization of the setting above, we seek to recover an approximately sparse vector
Xo € RN from noisy, underdetermined measurements

y = Axo + W (1.1)

with A € R™¥ 'm < N, and where w € R" is an unknown noise vector. Approximate sparsity
can be measured, for example, in terms of a best s-term approximation error

05(xo)1 := inf{l|xo — zlli : z € RY, |Izllo < s},

the ¢;-distance of xy to the set of s-sparse vectors. This quantity is equal to zero for any
s-sparse vector X, i.e., if ||Xgllo < s.

Under the absence of noise, corresponding to w = 0, we can hope to recover X, by solving
the equality-constrained £;-minimization program

Aq(y) := argmin||z|; subject to Az =y. (1.2)
zeRN

In fact, for simplicity, if we assume that A is an m X N matrix with independent standard
Gaussian N (0, 1) random variables and

m > Cslog(e N/s) (1.3)

for a small constant C, it can be shown that the minimizer? A;(y) of (1.2) then coincides with
Xg if ||Xo|lo < s and more generally [CRTo6a, CTo6,FR13],

01(Xo)
%o~ A1(¥)lh < Cor(xo)s and [[xo — Ar(y)ll < C%, (1.4)
with high probability, where C is again a constant. This quantifies the approximation quality
of (1.2) in presence of an imperfect sparsity model.

1.1.2 Robustness and Noise-Aware Sparse Recovery

In the case of noisy measurements (1.1) with w # 0, the optimization problem can be altered to
take prior knowledge on w into account. In particular, if a bound n on the noise level is known
such that ||w||z < n, one commonly considers the quadratically constrained €¢;-minimization
program

A1,(y) := argmin||z||; subjectto ||Az-yll2 <7, (1.5)

zeRN

which is, as (1.2), a convex optimization problem. Then it can be shown that for a Gaussian
m X N matrix A with m > Cslog(e N/s) with high probability, the minimizer A; ,(y) of (1.5)

1The uniqueness of the minimizer is not a trivial statement, but we omit the proof here.

12



satisfies

01X
o = Aua)lh < Cor(xo)s + DVEn  and  Ilxo = Az < ¢ 2% L by ()

Vs
where C and D are absolute constants [CRTo6b, FR13].

The bounds (1.6) are strong results, as they show that reconstruction of signals is possible
with quantifiable bounds from severely imcomplete, as potentially m <« N, measurements,
while assuring stability, as vectors need to be only approximately sparse, and furthermore
robustness to inaccurate observations such as y = Axg + w with w # 0.

The assumption on A to be a Gaussian matrix with i.i.d. entries enabling guarantees of the
form (1.6) can be relaxed to matrices with sub-Gaussian entries, for example by establishing
a so-called restricted isometry property [BDDWo08, Cano8] for A with high probability, which is
likewise possible for the almost linear scaling (1.3) of measurements m with respect to signal
sparsity s.

In some applications, it is typically impossible to design measurement matrices with such
a high degree of randomness, since structural constraints are prescribed. In magnetic reso-
nance imaging, measurement matrices resemble randomly subsampled partial Fourier matrices
[LDSPo8], for which (1.6) has been shown [CTo6,RVo8,HR17] only for logarithmically smaller
sparsity levels than in (1.3). In radar imaging, subsampled random circulant matrices play an
important role [Romog], the existing theory establishes results similar to the ones known for
partial Fourier matrices [RRT12, KMR14].

In order to gauge the adequacy of existing setups and to enable the design of improved
measurement designs, the extension of robust and stable recovery guarantees such as (1.6) to
broad classes of matrices has been intensely studied by different authors.

More precisely, the above results could be extended to more structured matrices with
independent rows [MPTJo8] or columns [Veri2, Section 5.6.1], if the distribution of the rows
resp. columns obeys strong concentration properties, as it is the case for sub-Gaussian random
vectors.

A further generalization of the validatity of the guarantees (1.6) has been shown by
Mendelson and Lecué [ML17], see also [DLR18]. The authors generalize the results to random
matrices with independent, possibly quite heavy-tailed entries whose distributions have only
log(N) finite moments or, alternatively, to random matrices with independent columns, whose
linear forms have log(N) finite moments, which additionally fulfill a small-ball assumption.
The proofs depart from the classical method of establishing a restriced isometry property for
the corresponding matrices, as it can be shown that it simply does not hold for heavy-tailed
distributions in the regime of optimal scaling of measurements m vs. sparsity s [ALPTJ11].
Similar results for a smaller class of distributions with exponential tail behavior have already
been shown in [Foui4, Kol11].

We note that all the results described in this section address an algorithmic setting that is
noise-aware: The decoder (1.5) based on quadratically constrained ¢;-minimization requires
a correct estimate 1 of the noise level such that ||w.||s < n to establish (1.6).

This noise-awareness can be problematic in two cases:

* Underestimated noise level: The above results do not contain any statement on what
to expect if the noise level is underestimated such that n < ||wl||a.

* Overestimated noise level: For a choice of n that corresponds to an overestimation
of the noise level, i.e., if ||w|l; < n, the bounds (1.6) may be very pessimistic as they
depend on n rather on the true noise level ||w]||5.
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Remark 1.1.1. Ideas very similar to the principles of compressed sensing can be used for high-
dimensional variable selection in a statistical context. In particular, consider the regression
problem where an outcome variable y; is observed m times such that for each i € [m], a set of
N predictor variables (a1, . . ., a;y) is associated. If it is known that only s < N variables play
an important role in the prediction, it has been proposed to use the least absolute shrinkage and
selection operator (LASSO) [Tibg6, TWH15], which can be formulated in its Lagrangian form
as the solution of

B = arg min ||AB — y||? + Al|B]]1. w.7)
BeRN

In (1.7), A = (ajj)ie[m],je[n] is the predictor variable matrix and A is a tuning parameter, and the
selected variables correspond to the non-zero coordinates of the parameter vector E e RN,

The tuning parameter A plays a similar role as n in (1.5) and is to be chosen based on the
expected observation error. If little knowledge about the observation error is available, it is not
clear how to optimally chose A [Wai1g, Section 7.3.2], and it is popular to rely on data-dependent
strategies such as cross validation [TWH15], which are not well-understood.

1.2 Noise-Blind Sparse Recovery

In many realistic application scenarios of compressed sensing, it might be difficult to obtain
accurate prior knowledge on the noise vector w in (1.1), which makes the choice of 1 in (1.5)
difficult. Indeed, multiple, qualitatively different error sources can contribute to the noise w:

For example, in magnetic resonance imaging applications, modelling the sensing process
as a linear sensing process such as (1.1) is already a simplification, as the underlying Fourier
transform only approximates more complicated physical effects. The discretization from a
continuous linear model to a discrete one is similarly hard to quantify. These error sources
should not be neglected, as they need to be considered in addition to the conceptually simpler
physical noise on the measurements, for which a simple statistical model as a Gaussian one
might be appropriate.

This raises the question of whether there are decoders that can be used in noise-blind
situations.

1.2.1 Noise-Blind Guarantees for £;-Minimization

This question has been already studied by P. Wojtaszczyk [Woji0, DPWog], who observed that
conventional equality-constrained ¢,-minimization (1.2), which is equivalent to setting n = 0
in (1.5), exhibits an inherent noise-robustness in certain cases.

This noise-robustness of (1.2) is not implied by, for example, a restricted isometry property
of the measurement matrix A and neither by weaker properties such as robust null space
properties [FR13, Chapter 4] or restricted eigenvalue properties [Wai19], despite the fact that
the latter are almost equivalent to the success of £1-minimization in the noiseless case.

However, by using so-called (€1-)quotient properties, Wojtaszczyk provided a robustness
analysis for (1.2) in the case of Gaussian [Wojio] measurement matrices A, which has been
later adapted to sub-Gaussian matrices [DPWog]. These quotient properties are related to
geometric properties of random polytopes associated to the random matrix A, which will be
pointed out in Section 1.3.

The precise forms of the resulting error bounds depend on the distribution, and can be
expressed such that

01X
o — &1 (3)lh < Cor(xo)s + DVslIwl and  [[xo = A1yl < c% FDlwl, @8
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where the norm || - || is such that

* |I-ll =1 -2 is the Euclidean norm if A is Gaussian, and
e |-l = max{|| - ||2, vlog(e N/m)|| - || } is an interpolation norm between Euclidean norm
|| - ||z and supremum norm || - ||, if A is a matrix with i.i.d. sub-Gaussian entries.

In [Fou14], it was shown that matrices with i.i.d. Weibull entries exhibit the same behavior
as Gaussian matrices. By considering, for example, Bernoulli matrices A with symmetric i.i.d.
{+1} entries, it can be seen that the weaker bound quantified by max{||- |2, v/log(e N /m)||-||co }
is indeed necessary for some sub-Gaussian matrices [FR13, Section 11.3], and the bounds (1.8)
cannot be expected to hold for || - || = || - ||2 in these cases.

Our Contribution

The presented noise-blind error bounds cover only specific cases of measurement matrices A,
which are much more restricted than the state-of-the-art of noise-aware results as presented
in Section 1.1.2. In particular, bounds as in (1.8) are only available for very few matrices with
heavy-tailed distribution or structured random matrices [FR13, Chapter 11].

In this chapter, we extend the noise-blind bounds (1.8) to measurement matrices without
concentration properties, but fulfilling only weak moment assumptions. This matches even the
weakest possible conditions for sample complexity-optimal recovery in the noiseless or noise-
aware case [ML17,DLR18]. Furthermore, we weaken the assumptions on the distribution of A
for the robustness regimes both with respect to the Euclidean norm || - || and with respect to the
max{|| - ||z, vlog(e N/m)|| - ||« }. Our results provide a better understanding on the transition
between the two regimes, and remarkably, our findings suggest that a super-Gaussian property
of distributions is instrumental for achieving the tighter robustness bound (1.8) with respect
tofl -l = |- |l We present the results in Section 1.4. Our proofs differ from previous
proofs of quotient properties, which crucially relied on concentration properties of the random
measurement matrix. More precisely, our proofs rely on lower bounds on certain empirical
processes, and can be seen as applications of Mendelson’s small ball method [Men1s, KM15].

In [BA18], quotient properties were used to analyze the robustness of quadratically con-
strained £;-minimization (1.5) for underestimated noise levels such that ||wl|, > n. We
formulate our results such that underestimated noise levels are also covered. The analysis of
quadratically constrained ¢;-minimization for underestimated noise levels if A fulfills a quo-
tient property relative to max{|| - ||z, v/log(e N/m)|| - ||} is new to the best of our knowledge.

1.2.2 Noise-Robustness of Other Decoders

We note that instead of convex decoders minimizing £;-norms, there are also many other
efficient algorithmic approaches to reconstruct sparse vectors from noisy, incomplete measure-
ments. For some of these algorithms, guarantees as (1.8) can be shown. In particular, for the
greedy algorithms Compressive Sampling Matching Pursuit (CoSaMP) [NTog] and Orthogo-
nal Matching Pursuit (OMP) [PRKg3, Zhai1], it can be shown that the iterates converge to a
vector x* such that

llxo = x*|l; < Co1(x0)s + DVs|lwlla and ||xo —x*|l2 < C

01(Xo)
—Ss + D|lwl|2

if the matrix A fulfills a restricted isometry property of appropriate order [FR13, Section
6.4], and a similar statement holds true for iterative hard thresholding algorithms [BDoo],
[FR13, Section 6.3].
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However, while these algorithms are noise-blind in the a sense that prior knowledge about
the error w is not an algorithmic parameter, they need another type of prior knowledge
about the target sparsity s. Furthermore, the strongest available guarantees for these types
of iterative methods are all based on the restricted isometry property, which does not hold
for heavy-tailed measurement matrices A. An extension of these guarantees to non-RIP
matrices has not been successful yet [DLR18, Section VI]. While some guarantees in the optimal
parameter regime are available for distribution-dependent versions of iterative algorithms, it is
conjectured that these alterations are necessary for heavy-tailed measurement matrices [FL17].

We further note that there is an £1-type decoder which comes with a certain, intrinsic
noise-blindness: The tuning parameter A of the square-root LASSO [BCW11,ABB19, TL.T18]

—~

B = argmin ||AB - y|l2 + AllBlh
BeRN

can be chosen with prior knowledge about the noise. Still, even this decoder needs prior
knowledge about the model, as A depends [ABB19] on the sparsity level s.
1.3 Geometry of Random Polytopes

In this section, we explore a connection between the conditions on the measurement matrix A
that implies robust recovery guarantees of noise-aware compressed sensing and the properties
of a geometric object associated to A.

Consider a matrix A € R™ with columns A, ...,Ay € R™.

Definition 1.3.1. For a finite subset S C R™, we denote the convex hull conv(S) of S by

i=1

S| IS|
conv(S) = {Zaisi :S81,...,Ss €S,a1,...,a5) = 0 and Zai = 1},
i=1 i=

and the absolutely symmetric convex hull absconv(S) of S by

S| S|
absconv(S) = {Z ®;S; : S1,...,S|s] € S and Z lai| < 1}.

i=1 i=1

Then we note that the image ABY of the ¢;-unit ball BY = {x € R" : ||x|l; = 1} with
respect to the matrix A can be written as

conv(+A, ..., +Ay) = absconv(Ay, ...,Ay) = ABJIV, (1.9)

or in other words, as a polytope spanned by the columns A; and their negative counterparts
—A; [Ziegs]. This polytope is random if A is a random matrix, as it is the case for measurement
matrices typically considered in the context of compressed sensing.

1.3.1 The ¢;-Quotient Property and Inscribed Bodies of Random Polytopes

The first noise-blind robustness guarantees for £;-minimization outlined in Section 1.2.1 were
proved by Wojtasczyk in [Wojio, DPWog], who established a connection to results about
random polytopes absconv(Ay, ..., Ay) known in asymptotic geometric analysis, see [AAGM15]
for an overview of this field of study.

We formulate a few notable results that were the starting point of [Wojio, DPWog9].

Theorem 1.1 ([Glu89,Kas83, Woj10]). Let A1, ..., Ay be independent vectors whose entries are
independent standard Gaussian random variables and 0 < 8 < 1. Then there exist constants
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C(B),D(B) and C such that if N > C(8)m, then

ylog(eN/m)_
B,
D(B)

absconv(Ag, ...,Ay) D (1.10)

with probability at least 1 — 2 exp(~CNPmP).

This statement corresponds to a lower bound on the inradius of absconv(A, ..., Ay) = ABIIV ,
i.e., on the radius of the largest Euclidean ball that is contained in the random polytope.

A slightly weaker statement can be deduced for random polytopes generated by vectors
whose entrywise distribution has a tail that is below the one of a Gaussian—so-called sub-
Gaussian distributions; see for example [Ver18] for an extensive treatment.

Definition 1.3.2. We say that a random variable & is L-sub-Gaussian if
y?
P(gl > y) < 2exp (- 55 ) forally > 0.

Theorem 1.2 ([LPRTJos]). Let Ay, ..., Ay be independent vectors whose entries are independent,
mean-zero, of variance 1 and L-sub-Gaussian, let 0 < B < 1. Then there exist constants C(j3, L),
D(B, L) and C such that if N > co(B, L)n, then

absconv(Aj, ...,Ay) D DC; ) (vlog(eN/m)BY N BY) (1.11)

with probability at least 1 — 2 exp(~CNPnP).

This result basically says that while a random polytope absconv(Ay, ..., Ay) defined by
A; with sub-Gaussian entries might not always contain a large Euclidean ball, it generically
contains a slightly different regular convex body, namely, the intersection of an Euclidean ball
in the scaling of (1.10) and of an {.-ball. Theorem 1.2 has been generalized to isotropic,
log-concave vectors [DGTo9], [BGVV14, Chapter 11].

In [Woji0o, DPWog], the authors used the results on the geometric properties of Theorem
1.1 and Theorem 1.2 to show guarantees for stable and robust recovery for equality-constrained
¢1-minimization from noisy measurements. They restated (1.10) and (1.11) using the following
definition of quotient properties.

Definition 1.3.3 ([Woj10, Fou14, BA18]). A matrix A € R™ is said to possess the £1-quotient
property with constant c relative to a norm || - || on R™ if, for all w € R™, there exists z € RN
such that

1/2

Az=w and |z|; < cs.)/7||w], (1.12)

with s, = m/log(e N/m).
The precise relationship between the ¢;-quotient property and the geometric inclusions
(1.10) and (1.11) can be specified in Proposition 1.3.1, whose proof we provide for completeness.
We note that the name quotient property is motivated by the fact that (1.12) can be refor-

mulated using a quotient norm of the set [w] = z + ker A of preimages of a vector w € R™
with w = Az. More precisely, it holds that

ITw]lle, /kera < csi/2|||w||| for allw € R™
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is equivalent to (1.12), if ||[w]||¢, /kera is defined such that

I[wW1lle, jkera = inf{]|z[l1 : Az = w}.

Proposition 1.3.1 ([Woj10],[BA18, Proposition II.15]). The following holds for any matrix A €

R™N with columns A, ...,Ay € R™.
1. # satisfies the £1-quotient property relative to || - || = || - || with constant ¢~ if and only
if

absconv(Ay, ..., Ay) D cylog(eN/m)BY.

2. \/%A satisfies the £1-quotient property relative to || - || = max(|| - ||2, v/log(e N/m)|| - ||co)
with constant ¢! if and only if

absconv(Ay, ..., Ay) D ¢(B% N +/log(eN/m)BY).

Proof. Assume that #A satisfies the £1-quotient property relative to || - || with constant c~*.

Then for any w € cy/log(eN/m)B. := {w € R™ : |lw|| < cylog(eN/m)}, there exists a

N fulfilling =Au = L e Nm pwp - _lwll .
vector u € R" fulfilling \/HAu W and ||lulj; < ) Il «/E"l o S 1, which

implies that w € AB}' = absconv(Ay, ..., Ay).
Conversely, assume that y/log(eN/m)By.|; C absconv(Ay, ...,Ay). Givenw € R™, we define

n Vlog(eN/m) A o
w = W. Then [|W|| < c+/log(eN/m) and therefore W € +/log(eN/m)By.. Due to

the assumption, there exists Z € R" such that Az = W and ||z||; < 1. Using the definition

A - _ _ vmlwll 1A sl v -
of W, we obtain that z ogen ) fulfills WAZ w and ||z||; ||z||1c\/m|||w||| <
\m

m"lwm, which shows that \/LEA fulfills the ¢;-quotient property with constant ¢!

relative to || - ||-
The two statements then follow by specifying that By, = BJ for || - || = || - |l2 and

By = (\/log(eN/m)_lBZé NBY) for || - | = max(]| - [l2, ylog(e N/m)]| - l|uo). O

We note that results such as (1.10), (1.11) (or in a different language, involving the ¢;-
quotient property) are statements of relevance beyond just the scope of understanding sparse
recovery decoders. In particular, following the arguments of [LPRTJos], these geometric
properties have implications on bounds of other geometric quantities of the corresponding
random polytopes such as their volume and their mean width. Lower bounds on the volume
of random polytopes have also been used in the context of differential privacy [HT10].

Our Contribution

In this chapter, we establish statements about inclusions such as (1.10) and (1.11) for a sig-
nificantly enlarged class of random matrices A. In particular, this class includes heavy-tailed
entry-wise distributions which do not fulfill strong concentration properties. We refer to
Section 1.4.1 for the details.

1.3.2 Polytope Geometry and Sparse Recovery Conditions

Polytope geometry can also be used to understand the success of £;-minimization for sparse
recovery itself regardless of robustness questions. Indeed, in [Dono6], the equivalence of the
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solution of the equality-constrained £;-minimization program

min ||z||; subject to Az =y, (1.13)
zeRN

with the solution of the £p-minimization problem with ||z||o := # supp(z) such that

min ||z]jp subjectto Az =y
zeRN

was characterized by the following geometric property of the polytope absconv(Ay, ..., Ay) =
ABY.
1

Definition 1.3.4 ([Griio3, Donos]). A centrally symmetric polytope P is called (centrally) s-
neighborly if for all k + 1 non-antipodal vertices vy, . ..,Uk+1 € {*A1, ..., Ay}, the convex hull
conv(vy, ..., Uks1) is a k-face of P.

A k-face is a set (on the boundary of P) that can be written as an intersection of P with
a k-dimensional hyperplane. The neighborliness of absconv(Ag, ..., Ay) gives rise to the most
well-known geometrical approach to the understanding of the success of compressed sensing.

Proposition 1.3.2 ([Donos, Theorem 1]). Every s-sparse vector X is the unique solution of (1.13)
with y = Ax if and only if absconv(Ay, ..., Ay) is s-neighborly.

By using Proposition 1.3.2, understanding the number of k-faces of AB11V can be used to
calculate sharp phase transitions that correspond to the empirically observed behavior of
¢;1-minimization for sparse recovery [DToo9].

The result of Proposition 1.3.2 can be equivalently formulated in terms of the null space
property of a matrix A. This is a slightly weaker property than the robust sparse recovery
conditions for noise-aware ¢;-minimization mentioned in Section 1.1.2. In this sense, the
results of [Fouiq, ML17, DLR18] also imply the s-neighborliness of absconv(Ay, ..., Ay) with
high probability for m ~ slog(e N/s).

1.4 Main Results

In this section, we present the main results of this chapter.

In Section 1.4.1, we prove more general statement than Theorem 1.2, requiring only dis-
tributions with logarithmically many well-behaved moments (Theorem 1.3). Furthermore, we
establish a generalized version of Theorem 1.1 as compared to the ones for Gaussian [Glu89] or
Weibull [Foui4] distributions; namely, our result only requires (independent) matrix entries
to be super-Gaussian (for the precise meaning of this concept, we refer to Definition 1.4.2),
see Theorem 1.4.

Using these results, we provide in Section 1.4.2 new robustness guarantees for noise-
blind £;-minimization for measurement matrices with quite general entrywise distributions
in the regime of optimal sample complexity m ~ Cslog(e N/s) in Theorem 1.5. Our result
covers both the case of equality-constrained £;-minimization (cf. Remark 1.4.3) and the case
of quadratically constrained ¢;-minimization with underestimated noise level, as studied in
[BA18].

Notably, we provide a unified proof strategy for our results, which covers all previous results
for matrices with independent entries, both on Gluskin-type inclusions and on the robustness
of noise-blind £1-minimization. The proofs of our results can be found in Section 1.6.

In Section 1.5, our results are complemented by numerical experiments, confirming the
robustness of noise-blind ¢;-minimization for certain heavy-tailed measurement scenarios and
exploring the recovery properties for different types of noise.
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1.4.1 Geometry of Random Polytopes from General Distributions

We obtain results that depend on fine properties of the distribution of the vertices A1, ..., Ay
of the random polytope absconv(Ajs, ..., Ay). The first notion we need is the one of isotropic
random vectors, which is a generalization of random variables with unit Ly-norm.

Definition 1.4.1. We say that an m-dimensional random vector X = (x1,...,Xn) is
1. isotropic if E[XX'] = I,,.
2. centered if E[X] = 0.

3. unconditional if for every (&;)*; € {—1,1}", (x1,X2,...,Xn) has the same distribution as
(€1X1, €2X2, . . ., EmXm)-

A helpful tool will be the following mild notion of stochastic domination.

Definition 1.4.2 (Stochastic domination). Let X,Y be centered random vectors in R". We say
that X (stochastically) dominates Y with constants A, and A, if for every t € R™ and every y > 0,

P (X, t)] > y) =4 P (KY, t)]s > Aay).

Accordingly, we say that a centered random variable x (stochastically) dominates a random
variable y with constants A1 and A, if for every y > 0,

P(lx| =) =4 P(lyl = Aap).

Definition 1.4.3 (Weak moment growth condition). Let x be a centered random variable with

unit variance. We say that x fulfills the weak moment assumption of order k with constants «
and a > 1/2if
x|, < kp* forall4 < p < k.

We say that a centered, isotropic random vector X fulfills the weak moment assumption of
order k with constants x and o > 1/2 if

<X, )|z, < xp® forall4<p<k
forallte S™ 1 ={yeR™: |yl = 1}.

Theorem 1.3 (£1-quotient property for matrices with general distribution). LetA = (Aq,...,Ay)
be an (m X N) random matrix with independent, isotropic columns A; ~ X for all i € [N], let
0 < B < 1. Assume that one of the following two conditions is fulfilled:

(a) X is unconditional and there exist constants ¢; > 1 and 0 < ¢g < 1 such that

<X, ez, = coll{X, epll, = co

for all m standard basis vector e; € R™, and such that the first 2qo moments ||<X, t)||z,

exist for qo = gllgg((ﬂg)) and for all t € ™1, and fulfill

KX, Iz, < call{X, B,

for all ¢ < qo and for all t € S™ L.
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(b) The coordinates of X = (x1, ..., Xn) are independent and fulfill the weak moment assump-

B _log(N/m)

(N/m) i >
> FTog(Zia) with constants k and o > 1/2.

tion of order qo = max {4
There exist constants C, D > 0 such that in either case, if N > Cm,

1
absconv(Aj, ...,Ay) D B(Bg N +/log(eN /m)BY)

and \/—%A fulfills the €1-quotient property with constant D relative to the clipped £2-norm

|| - [|(VIeg©N/m) .= max (|| - ||, viog(e N/m)]| - ||},

both with probability at least 1 — 2 exp(—2N'PmP).

Our second result addresses vectors with i.i.d. entries having tails that are heavier than
the one of a Gaussian random variable.

Theorem 1.4 (£1-quotient property for super-Gaussian matrices). Let A = (Al, e AN) be an
(m X N) random matrix with independent, isotropic columns A; ~ X foralli € [N], let0 < < 1.
Assume that one of the following two conditions is fulfilled:

(a) X dominates a standard Gaussian vector G with constants 1/2 and Ay > 1.

(b) The coordinates of X = (x1, ..., Xy) are independent and dominate the standard Gaussian
random variable g with constants 1 and A5 > 1.

There exist constants C, D > 0 such that in either case, if N > cm,

1
absconv(Ay, ...,Ay) D Bxllog(eN/m)B’zn

and #A fulfills the €1-quotient property with constant D relative to the Euclidean norm || - ||,
both with probability at least 1 — 2 exp(—2N1PmP).

In some sense, it can be said that the conditions (a) and (b) are fulfilled by random vectors
X that do not exhibit a sub-Gaussian behavior as the random variables from Definition 1.3.2,
but, on the contrary, rather a super-Gaussian behavior.

Remark 1.4.1. 1. In the statement of Theorem 1.3, the constants C and D depend on B and
o, ¢1 and k, a, respectively. In particular, D can be chosen such that

8v2C exp(B/2) - exp(/2)

D = ] oVBlogler/co)  coyPlog(er/co)’

16C exp(B/2) - exp(B/2)

c\fBlog(2rtate)  VPBlog)+4a)’

in the case of condition (a),

in the case of condition (b),

— — 4/p 1 — 4/B 1
— (72 —-4\3 _ [ 18 N .
and C such that C = (E) ~(cg")F, and C = (E) ~ (c™™)B, respectively.

2. The constants of Theorem 1.4 depend on 8 and A1 and can be chosen as

D= 4v2.eP2 ), _exp(B/2)
VB B
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4P
We note that in both cases, it was not our objective to find the best possible constants C and D.
By considering the case of cm < N < Cm with much smaller ¢ than C separately and analyzing
the smallest singular value of A, the range of validity of the theorem can be extended considerably,
cf. also [FR13, Theorem 11.19]. For lower bounding the least singular values under the present
random models, results as in [KM15] are useful tools.

4
~ p iy \ P 4
and C = e (M) ~ (B2 4 2,717,

We note the inclusion of the statement of Theorem 1.3

ABY > %(\/log (eN/m)Bj' N BL) (1.14)

can be expressed equivalently in terms of Ly-centroid bodies, as introduced by [LZ97] and
studied by Paouris [Paco6].

Definition 1.4.4. Let K be a convex body in R™ with volume one, let ¢ > 1 and u be the uniform
measure of K. We call the set Zy(K), defined implicitly via its support function hz, k) such that

/
hzi0(®) = 16 Ol = ( /K %, O du)

forall t € S™1, the Lg-centroid body of K.

As pointed out in [DGTo9], it can be seen that (1.14) is equivalent to
1 1
AB]1V ) Bclzlog(eN/m) (EBZ;) 5

since the norms [|¢, t)ll,, . pn) and [|¢]|(ViegeN/m) .~ max{||t||2, v1log(e N/m)||t]l} are

equivalent.

Remark 1.4.2. After a version of the results presented in Theorem 1.3 and Theorem 1.4 was
published on arXiv [KKR18] in June 2018, the authors of [GLT19] and [Men19] presented different
proofs to generalize Theorem 1.3 further. In particular, [GLT19] weakens assumption (b) in
Theorem 1.3 to random variables variables fulfilling a small ball assumption (and with unit
Lo-norm). [GLT19] does not consider dependencies between entries of X, unlike case (a) of
Theorem 1.3. A similar result was obtained in [Men19], but with a simpler proof.

1.4.2 Implications for Robustness of Noise-Blind Compressed Sensing

As pointed out in Section 1.2.1, stable reconstruction guarantees can be shown for equality-
constrained ¢;-minimization

A1(y) := argmin ||z||; subject to Az =y, (1.15)

zeRN

for a wide range of possibly heavy-tailed measurement matrices A, as it is the case for robust
and stable guarantees for quadratically constrained ¢1-minimization

A1,(y) := arg min ||z[|; subject to [|Az —y[l2 <71 (1.16)

zeRN

in a noise-aware setting. These results can be achieved by establishing the following property
for A with high probability [ML17, DLR18].
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Definition 1.4.5 (Robust null space property, [FR13, Section 4.3]). A matrix A € R™N s said
to satisfy the robust null space property of order s (with respect to || - ||) with constants 0 < p < 1
andt > 0 if

Ivslh < pllvslh + llAv|

forallve RN and all S ¢ [N] with |S| < s.

We use Theorem 1.3 and Theorem 1.4 together with the results of [ML17, DLR18] about
robust null space properties as defined in Definition 1.4.5 to obtain robust and stable guarantees
for (1.15) and (1.16) in noise-blind scenarios with high probability, if the measurement matrix
A is drawn from a wide range of i.i.d. entrywise distributions. The precise formulation of the
result is as follows.

Theorem 1.5. Let B = (bj;) be an m X N random matrix with independent symmetric entries
bj ~bforalje [m]ié€[N]and A := \/LHB. For s € N, let 04(x); := inf{||x—2z|; : z €
RN, ||z|lo < s} be the £1-error of the best s-term approximation of x € RN. Assume n > 0.

1. Assume that that b satisfies the weak moment assumption from Definition 1.4.3 of order
max(4, log(N)) with constants k and « > 1/2. Then there exist constants ¢y, ¢, C,C, D, E >
0 depending only on k and « such that if

m

N>Cm, m>log?* }(N)ands < G5, := Com—————,
g> " (N) 2 2 oae N

with probability at least 1 — 3 exp(—cim), the solution A1,(Ax + w) of quadratically
constrained €,-minimization (1.5) given the measurement matrix A and data vector y =
Ax + w fulfills the €,-error estimates

lIx — A1,,(Ax + wW)||,
(1.17)

||w||(\/logeN/m)
E——
[wll2

001 + 177 (D + max{ |wil> - 1,0})

<—
s1-1/p

for1 <p <2 foral x € RN and all w € R™, where || - ||(VIoseN/m) .= max{]| -

[l2, Viog(e N/m)|| - loo}-

2. If the random variable b is as in (a) with the additional assumption that b dominates a
standard Gaussian random variable g with constants 1 and Ay > 1, there exist constants
¢1,¢2,C,C,D,E > 0 depending on k, a and Ay such that if

m

N > Cm, > log?®* Y (N)and s < Cys, 1= Com—m—————,
m, m g=* " (N) s <¢os Czlog(eN/m)

with probability at least 1 — 3 exp(—cim), the solution A;(AX + W) of quadratically con-
strained €1-minimization (1.5) fulfills the €,-error estimates

C _
”X — Al},’(AX + W)”p < Sl——l/pos(x)l + si/P 1/2 (D’] n Emax{||w||2 —n, 0}) (1.18)

for 1 < p <2, and for all x € RN and w € R™.

For the proof of Theorem 1.5, we refer the reader to Section 1.6.3.
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Remark 1.4.3. We point out that robust recovery guarantees of Theorem 1.5 can be specified for
the noise-blind equality-constrained £,-minimization program (1.15),

A1 o(y) = A1(y) = argmin ||z||; subject to Az =y,

zeRN

such that forall 1 < p < 2,

C 1/p-1/2 v/
||X— Al(AX + W)“p < 51——1/170-5()()1 + 5*/p / Ellwll( loge N/m)
and C
I = 81 (Ax+ wlly < = os(x) + 5277 E|lwil

for all x € RN and w € R™ in the first and second part of Theorem 1.5, respectively.

This means that the existing robust recovery guarantees for this decoder using matrices with
i.i.d. sub-Gaussian [FR13, Theorem 11.10], Gaussian [FR13, Theorem 11.9] and Weibull [Foui4,
Theorem 11] random variables can be considered as special cases of the theorem.

Next, we illustrate the generality of the assumptions of Theorem 1.4 and Theorem 1.5 by
enumerating random models which are covered by our theory, but which mostly have not been
covered by the robustness analyses of [LPRTJos, Woji0, Foui4].

g . bi . .
Example 1.4.1. Let A be a real random matrix with i.i.d. entries aj; = #W, j € [n], i €[N]
JullLy

1. Assume that the bj; are distributed as by, where b, is a \1-random variable with the same
14

distribution as sign(g)|g|?, where g is a standard normal variable and y > 0. Then,
1
el

by is of exponential type, i.e., has a probability density function of p(x) = cie < . If
1/2 <y < 1, the assumptions of the second part of Theorem 1.5 apply, c¢f. [DLR18, Example
V.4]. In particular, the bj;/||bji||z, dominate a standard Gaussian g with parameters 1 and
1 < Ay < 2. We note that the special cases y = % and y = 1 have been covered already by
the existing theory, in the latter case by [Foui4].

For y > 1, the theorem still applies as b, keeps dominating a standard Gaussian random
variable with parameters 1 and A, < 2, but this is only true assuming a more restrictive
upper bound EZ(Y)log(e% on the sparsity, where c,(y) depends on y, ¢f. [DLR18, Example
V.4].

2. Let d € N. If the bj; are distributed as Student-t variables by with d degrees of freedom,
they dominate (after normalization) the standard Gaussian g with parameters 1 and some
1 < A3 < 2 as well, so that Theorem 1.5.2 applies if enough “small” moments are provided,
i.e., if additionally d > log(N).

3. Ifthe bj; are distributed as symmetric Weibull variables b, with exponent 1 < r < 2, recovery
guarantees or equality-constrained £,-minimization that are robust relative to the £5-norm
have been shown in the optimal regime of m already in [Foui4]. Since the normalized
symmetric Weibull variables bj;/||bj; ||z, dominate the standard Gaussian g with parameters
1 and some 1 < Ay < 2 also here, Theorem 1.5.2 also applies in the setting of [Foui4].

A comparison of the two parts of Theorem 1.5 suggests the existence of qualitatively dif-
ferent robustness regimes of equality-constrained ¢1-minimization (1.15), depending on subtle
properties of the measurement matrix A—a phenomenon that is not present for noise-aware
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Figure 1.1 — y-axis: Reconstruction errors ||x — xo||> of the solutions X of (1.15) and (1.16) from
measurements y = Axo + w, where w is a random spherical noise vector with ||w|, = 1072,
for different measurement matrices A. x-axis: number of rows m.

formulations of £1-minimization. In particular, the analysis suggests that measurement matri-
ces with entries drawn from certain “super-Gaussian” distributions come with an asymptotically
more robust behavior than those whose entries are drawn from certain sub-Gaussian, bounded
distributions as the Rademacher distribution of random signs.

1.5 Numerical Experiments

In this section, we show in a case study that the results of Theorem 1.5 provide an appropriate
explanation for the empirical robustness behavior of different measurement matrices. In
particular, we consider three types of measurement matrices: random matrices with i.i.d.
Gaussian, Bernoulli and Student-t entries. The presented numerical experiments have been
conducted using MATLAB R2017b on a MacBook Pro with a 2.3 GHz Intel Core i5 processor. The
convex optimization problems of our experiments are solved using the CVX package [GB14].

1.5.1 Behavior under Spherical Noise

In our first experiment, we perform simulations for the reconstruction of a s-sparse vector
xo € RN with ||xo|l2 = 1 from measurements y = Axy + w which are perturbed by a random
vector w € R™ that is drawn from the uniform distribution on the sphere of radius |lw|| = 1072.
To obtain our reconstruction result X, we use equality-constrained ¢;-minimization (1.15) as
defined by A1(y), also called basis pursuit (BP) and quadratically constrained ¢1-minimization
(1.16), also called basis pursuit denoising (BPDN)

Aq,(y) = argmin ||z]|; subject to [|Az -yl < 7,

zeRN

where the noise level estimate 1 is chosen such that n € {||w||2, 2||w||2, 0.5||w||2}, i.e., the noise
level ||w]|2 is either estimated accurately or over- or underestimated by a factor of two. The
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support S of xg is drawn uniformly among the (I;] ) possibilities, and the non-zero coordinates
are drawn uniformly on the sphere 857! = {x € RV : ||x||2 = 1, supp(x) C S}.

In Figure 1.1, the resulting recovery fs-errors ||x — xo||o can be observed for the three
different random models (in case of Student-t measurements, k = 9 degrees of freedoms were
used) for the measurement matrix A mentioned above, where the parameters were chosen as
N = 5000, s = 10 and m € {[kN/20],k = 1,...,14}. The reported errors are averaged over
500 runs of the simulation.

We notice that in the experiment, the recovery error of the equality-constrained formula-
tion (1.15) is comparable to the one of quadratically constrained £;-minimization (1.16) with
correctly estimated or underestimated noise level n € {||w||2,0.5||w||2}, if A has a small num-
ber of rows m < 500. For larger m, the robustness of (1.16) improves further if n = |Jw||2,
whereas it stagnates for underestimated noise of n = 0.5||w||2 and it deteriorates slightly for
(1.15).

It can be also observed that an overestimation of the noise level such that n = 2||w||; in
(1.16) leads to a significantly worse reconstruction error ||xX — xo||2 than all the other methods,
for all the considered number of measurements m.

Importantly, we observe that the robustness behavior of the algorithms does not depend on
the choice of Gaussian, Bernoulli or Student-t measurement matrices in this case of presence
of spherical noise.

This is precisely in accordance to the result of Theorem 1.5: Bernoulli variables b fulfill
the assumptions of the first part of the theorem, but not of the second part, since they are
sub-Gaussian. On the other hand, Gaussian and Student-t variables (with a sufficient number
of degrees of freedom) fulfill the assumptions for the stronger statement of Theorem 1.5.2. In
general, Bernoulli measurement matrices entail the weaker statement predicting a reconstruc-
tion error of

llx = 8|l < Dljwl|(VicgeN/m)

with a constant D for equality-constrained £;-minimization. For spherical noise, though,

this coincides with the statement of Theorem 1.5.2, since |jw||(V1°8¢N/™ = |lw||, with high
probability under this noise model.

1.5.2 Behavior under Heavy-Tailed Noise

Next, instead of uniform spherical noise, we consider more heavy-tailed noise such that w =

10_2W € R™, where (w); are i.i.d. o, random variables for the parameter « = 0.2, cf. also
1.4.1.1. Such a noise has most of its mass in just few coordinates, and the size of its largest entry
|lw||e is comparable to its £5-norm |[wlfz, i.e. ||w|le = ||w|l2 = 1072 with high probability.

In this case, the conclusions about the recovery accuracy of equality-constrained ;-
minimization (1.15) that can be drawn from Theorem 1.5.1 and Theorem 1.5.2 predict a better
behavior of Gaussian and Student-t measurements than for Bernoulli measurements, in par-

ticular for m < N: Since then

w||VieseN/m) = \floge N/m - |[w|le = Yloge N/m - |[w|lz = Vloge N/m - 1072

with high probability, Theorem 1.5 predicts a reconstruction error of

eN
lx = M)l < D - y[/log— - 1072
n
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Figure 1.2 — y-axis: Reconstruction errors ||xX — xg||» of the solutions X of (1.15) and (1.16) from
measurements y = Axg +w, w = 1072 - ﬁ where the entries of w are i.i.d. g2 random
variables, for different measurement matrices A. x-axis: number of rows of m.

for Bernoulli measurements, but a reconstruction error of
lx — A1)l < D - 1072

for the two other, more heavy-tailed measurement models (here, D is some constant).

These predictions can be well confirmed in the experiment illustrated in Figure 1.2, re-
peating the experiment from Section 1.5.1 for this different, heavy-tailed noise model: Unlike
before, the reconstruction error of equality-constrained £;-minimization (1.15) for Bernoulli
matrices is now consistently worse than for the Gaussian and Student-t measurement matri-
ces if m < N, i.e., if m = 250,...,2000. It is interesting to note that equality-constrained
¢1-minimization with Student-t matrices (with k = [log(N)] = 9 degrees of freedom) is even
slightly more robust than in the case of Gaussian matrices, especially if m is small.

On the other hand, the relative performance of Student-t measurements is worse than the
one of Gaussian measurements if the noise-aware quadratically constrained ¢;-minimization
(1.16) is used as a reconstruction algorithm.

As for spherical noise, we also note here that overestimating the noise level by a factor of
two (n = 2- ||w||2) in (1.16) leads to worse reconstructions than the noise-blind usage of (1.15).

We want to stress two conclusions from these experiments:

* The noise-blind reconstruction algorithm (1.15) is at least as robust in presence of certain
heavy-tailed measurement matrices as in the case of Gaussian measurement matrices,
especially if the measurement matrix has few rows m.

* While a very precise choice in the noise level estimate n of (1.16) leads to better re-
constructions than using the noise-blind variant (1.15), the reconstructions deteriorate
quickly once n is chosen as an overestimate of the actual noise level. In this sense, it
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is preferred to choose an underestimated n or even n = 0 (resulting again in (1.15)) in
situations where there is little a priori knowledge about the noise w.

1.6 Proofs

In this section, we provide proofs of Theorem 1.3, Theorem 1.4 and Theorem 1.5.

A starting point for our proofs is Lemma 1.6.1, which provides a necessary and sufficient
condition for the £1-quotient property relative to a norm || - ||. We define the dual norm || - ||,
of a norm || - || such that

lwll. = max{|[(y, w)| - Iyl < 1}.

Lemma 1.6.1 ([FR13, Lemma 11.17]). A matrix A € R™N has the £1-quotient property with
constant d relative to || - || if and only if

lwll, < dsi?|A*w|le  for allw € R™,

where s, = m/log(e N/m).

The general proof strategy uses the framework of Mendelson’s small ball method [Menis,
KMzi5,DLR18]. The quantity ||A*w||« is lower bounded by a non-negative empirical process,
which then will be lower bounded with high probability. This is formalized in the following
lemma.

Lemma 1.6.2. Let A= (A1, ..., Ay) € R™ be a matrix with columns A; € R™, i € [N]. If
N Ty
1 ) 1 eN
inf [—= A;, w) |18 > —4/lo (—), 1.1
wesh (N ; (4wl b\ %\ (1.19)
where SI'll- = {w € R™ : |Jw|l, = 1} is the unit sphere of the dual norm || - ||, of some norm

-, then ﬁA fulfills the €1-quotient property with constant D relative to the norm || - ||.

Proof. Letw € R™. Then

— w|| > —— el =
ym LT eym BN T e ym

N To2(®)
D Ka;, w>|1°g<N>)
i=1

1
- 18] 5
m \N

as N1/ = N1/1gN) = e It follows from Lemma 1.6.1 that the £;-quotient property of %A

with constant D relative to the norm || - || is implied by
1
AWl > B\/log(e N/m)|w||l, forallw e R™,
where || - ||« is the dual norm of the norm || - ||. This implies that

1
N log(N)
1 1 1 eN
— A;, w)|es™) > —,/lo (—) w for allw € R™
(N;Kl ) S1og (=)ol
is a sufficient condition for the assertion of the lemma. m]
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The following result due to [KM15, Theorem 1.5] will be used to show the sufficient
condition of Lemma 1.6.2.

Lemma 1.6.3 ([KM15, Theorem 1.5],[DLR18, Lemma IIL.1]). Let 1 < q < oo, let S C R™ be a
set and A1, ...,Ay be i.i.d. copies of a random vector X in R™. For u > 0, define

Qs(w) := inf P((X,w)] > w)

and
N

% Z €i{Aj, w)

i=1

RN(S) := E |sup , (1.20)

wes

where (€;)ie[n] is a Rademacher sequence that is independent from Ay, ..., An. Then, for t > 0,
with probability at least 1 — 2e72",

1 4 t
inf ;} (AL w1 > ul (QS(Zu) ~ —AN(S) - \/—N) . (1.21)

1.6.1 Proof of Theorem 1.3

For the proof of Theorem 1.3, we use some facts about L,-centroid bodies [LZ97,Paoo6], which
can be related to the clipped £;-norm, which is defined for all r > 0 such that

[1e|V7 = max{|tlla, Vrltlleo}

for all t € R™. We recall some definitions and facts about Lg-centroid bodies.
Definition 1.6.1. Let K be a symmetric convex body in R™ with volume one.

1. The support function hg : R™ — R of K is defined as
hi(x) := max{(x,y),y € K}.
We note that K can be implicity defined by providing the support function hg.

2. Let ¢ > 1 and p the uniform measure of K. We call the symmetric convex body Z,(K)
implicitly defined via its support function hz,(x such that

/
b0 (®) = IOl = ([ 106 00aue0)

for all & € R™ the Lq-centroid body of K.

Remark 1.6.1. We note that if K is a symmetric convex body, K coincides with the unit ball with
respect to the norm
||x||x :=inf{A > 0 : x € AK}

defined by its Minkowski functional. In this case, the support function hy is the dual norm || - ||x,

of || - Il

hg(x) = llxllx. = [lx[lx

and furthermore, the polar body K° of K defined as

K :={yeR™:(x,y) <1,y €K}
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is the unit ball with respect to that norm || - ||k..

The proof of our main result will crucially use the following norm equivalence (see also
[DGTo9]).

Lemma 1.6.4 (Corollary of (4) of [BGMNos]). There exist constants 0 < ¢ < C such that for
alr>1,

el )l amy < VEIEIY < ClIC )l amy
and

Vr VF
o lellz.zy < el < == liellz, e,

where ||t||(‘/;) := max{||t]l2, Vrllt|lw} is the norm of t defined by the symmetric convex body

1
K := (Bg n —Bg)
r

\/_

and || - |V is such that

) _ { 1 }
t|l,""’ = inf + t—
1617 = inf (il + =l = ull

fort € R™ is the dual norm of || - ||(‘/F). In particular, this implies that
1 m m m 1 m
EZr(BOO) C VrBy NB% C ~Z,(BR)
c

forallr > 1.

Proof. It follows from (4) of [BGMNos] that there exist constants 0 < ¢ < C such that

el Ol ey < VRIS < €l Ol e

For the fact that ||t||§f/;) = inf,cpm {||u||2 + %llt - u||1} is the dual norm of || - ||(‘/;) at t we refer
the reader to the proof of [FR13, Theorem 11.9]. The other conclusion follows from properties
of dual norms as ||t||(\/;) = (||t||i‘/F))*. O
Another lemma about the dual norm ||t||i\/;) that will be used is as follows.
Lemma 1.6.5 ([FR13, Lemma 11.22]). Assume that r is an integer. Then the dual norm || - ”i\/F)
of || - ||(‘/F) is comparable with the norm || - ||.+ defined by
r
Ilt]l+ := max {Z ltg,|l2 : B1, ..., B, form a partition of [m]} (1.22)
=1

in the sense that

1 W o V2
—|tllr+ < ||t]ls < —|It
r|| [l < llt]] \/F” I+

N
forallt € R™.

We proceed with a lemma bounding the Rademacher complexity of L.-unit balls.
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Lemma 1.6.6. Let A1, ..., Ay be i.i.d. isotropic random vectors in R™ such that A; ~ X for all
i € [N]. Let S&(B%) := {y € R™ : ||(, )|, (3m) = 1} be the unit sphere of L,(B™) for some r > 2.
Then, for all r > 2, the Rademacher complexity parameter of Lemma 1.6.3

N
m 1
QEN(SLr(BW)) :=FE| sup |— Z €i(A;, w)
wesls [N =

where (¢;)Y | is a Rademacher sequence independent of the (A;)Y.,, fulfills

G (SlERY < [T
N ( )<y

Proof. Let h := \/_Zl 1 €iAi, where (ei)fi , is a Rademacher sequence independent of
Ai,...,AnN.
Then we obtain

N
m 1 1
Ry (SHE)) = E sup |(w, — Z €A )| = —[E[ sup (w, h)

weer(B&) N i=1 N weRM 1

. my <

1 ||< w>||Lr(Boo)_ (1.23)
< —E|( sup Iwlb)likll| < —=ETllAlL],
\/ﬁ weR™ \/_

) Ml o <1
by using Hoélder’s inequality and the isotropicity of p, i.e.,
lwllz = I, wHllroamy < 1€ W)l am) =1

for all w € S¥(B=) as g > 2. Furthermore, using Jensen’s inequality, we estimate

E[Inl] = = ZelA o] < =) ZelA o
- iN( Ea | Ec [i ieiek(Ai)j(Ak)j”)l/z = \/iﬁ( Ep [ig(Ai)j(Ai)j])l/z

using again that A; ~ X is isotropic by assumption. Putting the two estimates together
concludes the proof. O

As a preparation for the proof of Theorem 1.3, we provide a lemma which goes back to an
argument of Rafat Latata, and which appeared in [DGTog, Section 2.1].

Lemma 1.6.7. Letr > 1 and X = (x1,...,Xn) an m-dimensional random vector with uncondi-
tional, isotropic distribution, and let 0 < ¢y < 1 be a constant such that

E[1(X, e ] = KX, eIz, = coll(X, e llz, = co

for all i € [m], where e; is the i-th standard basis vector of R™.
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Then, for all 6 € Sl
1KX, )L, = coll<X, Ol Bm)

Proof. Lete,..., €y beindependent Rademacher random variables defined on the probability
space (Q,F,Q), i.e.,, Q(¢; = 1) = Q(¢; = —1) = 1/2 for all i € [m]. Since X is unconditional,
we have that

1/r
<X, O)I1, = ( . du(X) = KX, O le, = ( 619 i dﬂ(X)d@(e))
m r 1/r
( &0; | |(X,e)ldu(X) d@(e>) > co ( / > e, d@(e)) :
- (1.24)
By the contraction principle (cf. [FR13, Theorem 8.3]), it follows that
m 1/r m r 1/r m 1/r
( / lzele d@(e)) z( /B . /Q ;emei d@(e)dy) :( /Q /B le dyd@(e))

i}’iei

1/r
d}’) = (X, O Iz, Bm),
i=1

(1.

as the uniform distribution in BT, = {y € R™ : ||y|l < 1} is unconditional. Inserting this into
(1.24) finishes the proof of the lemma. O

Lemma 1.6.8. Assume that X is an m-dimensional random vector with unconditional, isotropic
distribution, and let 0 < ¢g < 1 be a constant such that

14X, eIz, = coll<X, ei e,

for all m standard basis vectors e; € R™. Furthermore, assume that there is a constant ¢; > 1
such that the first 2q moments |[{X, w) ||, () exist for all w € S™=! and fulfill

14X, w) |z, < 1 |KX, w)llL, (1.25)

for all w € S™ ! and for all r < q. Then, it holds that:
1. Forall2 <r <gq,

2 r
co 1[¢c
o1 > L) 2 (2]
[(X, w)| 2||< Wz, () 4(62)

1

2. Consider the the unit ball S"5~) = {w € R™ : ||(,w) |l gm) = 1}. Ifq = gllgg((ﬂg)), then

B
7

QSLq(Bg;)(u) := inf P(I(X,w>| > u) > ‘1} (%)

weSka (B3)

foru=%. If furthermore N > K*Pm, then

a2 £ )
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Proof. 1. The proof of the first statement follows ideas of [DGTog, Lemma 2.7.].

Letr > 1 and w € R™. By the Paley-Zygmund inequality (see, e.g., [DIPG12, Chapter
3.3]) it follows that

o r o S0 r
PG = T w)lmz) = P16 > 210 o))

ch 2 A 2
(Elwl] - 21wl ) (IR0 - 2160 ) ¢
> .

E[1¢X, w)|?] - 114X, w) [

From Lemma 1.6.7, it follows that

W, gy < 1wl
and inserting this into (1.26) yields, together with assumption (1.25),
2 2r r
co 1V IKXwllE" 1,1 1fc
Pl > Bhela) > & (1-5) T 2t -1 ( 2]

2
T or = 0
) [xwlz T a0 & 4|

2. Letq = {—illgg((gfg)) From the statement of 1. it follows that for all w € Sta(B=),

B log(N/m)

q
pixunt> 2) s 1[B) J L[} ™ 1 m)s
2] 4 4\c2 4\N/) ~

Since N > K*Pm is equivalent to (%)ﬁ/4 <K ( )ﬂ/

2
, the last statement follows.

Proof of Theorem 1.3. Consider condition (a).
m 1+
Using Lemma 1.6.3 for the choice of S = Slao(B) ¢y = co/4 and t = NTﬂmg, we obtain
with probability at least 1 — 2 exp(—2N'?mP) that
) (1.27)

NI

L 4 2

wes*o B

N
. 1 log N Co logN Co 16 Lg, (B™) m
it 7 2o )™ 2 (5) | Qe (3]~ w1 ()

Plugging in the estimates

Co K /m
Qtaett (E) g (N)

for N > K*Pm from Lemma 1.6.8 and

m m m
%N(SL‘JO(B‘X’)) < N < (—)
from Lemma 1.6.6 and 0 < 8 < 1, we obtain the bound

N
1 logN (K 16
inf =) (A, w)[°eN > (C—O) (— -2 1) (T)
weskao B2 N £ 4 4 ¢ N

¢ S (co)logN K 17 (m)g
T \4 4 Co N
for (1.27). Choosing K = 72/cq and therefore K/4—17/co = 1/co, we see that this is equivalent

33



to

w ESLqO (Boo)

1/logN 1; 5

og(N —
e B
4 \co N 4 4 eB/2

By Lemma 1.6.2, this implies that %A fulfills the £;-quotient property with constant D =

4eﬁ/ *&/log(e N/m) relative to the norm || - ||Zq (Bm), as St0(B%) is the unit sphere of the dual
norrn of || - ||Zq0(Bm) Thus, by Definition 1.3.3, for allw € R™, there exists a vector z € RY such

that \/—%Az = w and

lzth < 22 PE2) ioge s 2l ey < L2212 )Jlog(ew/mx”z =,

with s, = and C being the constant from Lemma 1.6.4. Using that

m
log(e N/m)

\/log(eN/m)< 8
Vi s (2)

and the fact that /g = 4 lgllgg((g%)) < y/log(e N/m), if follows from this that \/L_A fulfills the
¢1-quotient property with constant D = i‘@f{;—?{% relative to the norm || - ||(VIes(eN/m) —
max{|| - ||z, vlog(e N/m)|| - ||}, which shows the statement of Theorem 1.3 under the set of
conditions (a).

Assume now condition (b).

Letw € R™ and X = (xy, ..., X)) be a random vector fulfilling the weak moment assump-
tion of order go = ... with constants k and a > 1/2.

It is clear from the definition of || - |V that r; < ry implies [|w||V < |jw||V2 for all
w € R™. It follows by duality that r; < rp implies ||w||£\/r_1) > ||w||i\/6). We note that due to
Lemma 1.6.4 and the upper inequality of Lemma 1.6.5, there exists a constant ¢ > 0 such that

Vo 108 < Y2
T

s wlegy5z) < = lwll. Wllgo, 7>

where [|wl|g,,+ = rnax{ Z‘;l lltz, [l2, B1, . . . , Bg, form a partition of [m]}. Therefore,

V2u
P (100w > ull w0l ) = P (166 w)] = = llwlg, ). (1.28)
Let now By, ..., B|,| be a partition of [m] such that |lw]|q, + = ?‘;1 lwg, ||2, cf. (1.22). Then

90
(|<X w) = ~— ﬁ = lwllg, ) = P(KX, w)| > @ > ||ng||2)
=1

\/_
> (ijw] > —||ng||2 for all £ € [qo])
J€Be¢
q0
= 1_[ (> xw = —||wBe||2)

Jj€Be
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where we used that the coordinates xi,...x;, of X are independent. Combining this with
(1.28), we obtain

P (166w 2 ull ()l ) 2 ]‘[ (25w > g o). as)

Jj€Be

Using the symmetry of the distribution of the x; and choosing u = ‘/_, it follows that

V2u V2u 1
B( 3wy = o) = 5P(| 3 x| = o) = 5P(| 3 x| = 5 o, e
JE€Be

JjEBe JEBy

1-(1/2)2))*
Ja-app) s e
2 i, 32K44%a

using the Paley-Zygmund inequality [DIPG12, Chapter 3.3], [FR13, Lemma 7.17] and the weak
moment assumption of order qo on X in the last two inqualities. Combining this lower bound
with (1.29), we obtain

o o [ o \EEL
C 4log(?k 44a) (m)Z
2 ==l wlhon) > (o) = (007 z
()
N

for N > K*Pm. Using this, we can proceed as under condition (a) and use Lemma 1.6.6
. m 1-8 B . . [

and Lemma 1.6.3 with Sko(B%) ¢ = 4%/5 and t = N2 m2, we obtain with probability at least

1 - 2 exp(—2N'PmP) that

B
2

C 16\/_ L (Bm)
Qgrap ) (ﬁ) c ——RN(ST0) - (N)

1 N logN
inf = > [(A,w)]*N > —)
; 4V2

westo B

logN 16\/5 m g
> [ K- ~1 (—)
4v2 ¢ N
)k’gN 17V2 5
> | — K- .
42 c

()

Choosing K = 18V2/c, we see that this implies thatif N > (18V2/c)*#m, then with probability
at least 1 — 2 exp(—-2N'PmP),

1 N 1/logN 1 ﬁ B
. c © m\ 2logN c —B/2 c
inf (= ) A0 > — (—) (B)™ 2 e ——.
weSkao BL) (N ; l 42 \c N 42 4v2 /2

Arguing as above we conclude that with probability at least 1 — 2 exp(—2N1?mP), —A fulfills

the £1-quotient property with constant D = \/1% relative to the norm |||V log(e N/m)) =
/B log(2£k44%%)

max{|| - ||2, v1Iog(e N/m)|| - ||}, which concludes the proof. O
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1.6.2 Proof of Theorem 1.4

To prove the statement of Theorem 1.4 about matrices with £1-quotient property relative to

the Euclidean norm || - ||z, we again use Lemma 1.6.3. However, instead of applying with

respect to unit balls S%(B=) we apply it with respect to the Euclidean unit ball $l'l2 = {y €
™ |lyll2 = 1}. As a preparation, we show the following lemma.

Lemma 1.6.9. Let Aq,..., Ay be i.i.d. isotropic random vectors in R™ such that A; ~ X for
all i € [N]. Let SI'l2 = {y € R™ : ||y|l = 1} be the Euclidean unit sphere and (ei)fi1 be a
Rademacher sequence independent of the (Ai)fi 1~ Then the Rademacher complexity parameter
of Lemma 1.6.3 fulfills

N

1 m
RSy = E| sup |= ) €A, w)|| < A=
weslHl ; o N
Proof. Let h := «/LN Zfil €iA;, where (¢;), is a Rademacher sequence independent of
Aq,...,Axn. Then we obtain
1 & N
-1y — fl -
Hn(ST) =E Lsegl’)”2 <w, N Zel l> [ Z = [E[||h||2]
i=1 =1
since the dual norm of the Euclidean norm || - ||» coincides with the Euclidean norm.
As in the proof of Lemma 1.6.6, it can be shown that E [||h||2] < +/m, using the isotropicity
of the A;, which concludes the proof. O

To achieve a meaningful lower bound of the tail parameter Qgj i, (1) in Lemma 1.6.3, we will
a powerful result about tensorization of stochastic domination as defined in Definition 1.4.2.

Lemma 1.6.10 ([KW92, Theorem 3.2.1]). Let x1, ..., Xy and y1,...,Ym be independent random
variables such that for all i € [m], x; stochastically dominates y; with constants Al and A5. Then,

the random vector X = (x1,...,Xm)dominatesY = (y1, ..., ym) with constants —— [ and Ay |'/1 1,

or more explicitly,

1 1
P (|<X’ t>| > Y) 2 2|'%1‘| P (|<Y; t>| > /12 "A_l“ V)

foranyt € R™andy > 0.
We proceed to the proof of Theorem 1.4.

Proof of Theorem 1.4. We first show that condition (b) of Theorem 1.4 actually implies condition
(a): Let X = (x1,...,Xxn) be an isotropic random vector with independent coordinates that
dominate standard Gaussian variables g with constants 1 and A; > 1. Then Lemma 1.6.10
implies that X dominates a standard Gaussian vector G = (g1, . .., g&n) With constants 1/2 and
A2, which corresponds to condition (a).

Without loss of generality, we therefore assume condition (a). Using Lemma 1.6.3 for

S = Sl y = log(e N/m)... and t = N¥m§, it follows that with probability at least 1 —
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2 exp(—2N1PmP),

. (1.30)

where we used Lemma 1.6.9 in the last inequality.

Let G = (g1,...,8m) be a standard Gaussian vector. As we have |lwl|jz = 1 for w € Sl'll2,
(G,w) is a standard Gaussian random variable in this case and it follows from Lemma 1.6.10
that

P 0)] 2 20) 2 = PG, W] = 2iau) = - Pllgi| = 2iau)

4Aou
2 2 1
= — e ¥ 24y > — / e /2 dz > ——2,u exp(—8A2u?).
V21 /2/12u V21 J22.u V27 2 p( 2 )
Inserting that u = —wgf\g/;lv/m, we obtain
2

vBlog(e N/m) 4 4 4 mL

P KX, >———| > —+/Blog(eN exp(—8A4 = —~+/Blog(e N (—)
] = S | > Blogle N/m) expl-82u) = —— yBlogleN/m) (75
L B (m)‘%
\T N

if K>0and N >eK ﬁ m. If K is chosen such that K = M it follows from that and

48
(1.30) that with probability at least 1 — 2 exp(—2N'"?mP),

1
1 logN
N fogN log(&N log(&X ]
y lz e gz \Blog(%r) QSHZ(\/ﬁ og(5; )) B 16V24, 1 (E)z
wesllz | N £ 422, 2V21, N

\Blog(5h)
y \Blog(5h) 4\/[;K_ 16val, 1)(E)§ TeN
= N

Wake (\ VT Jplog(el)

eN
N \/Blog(£F) 512

421,

if N > eKz%m. Using Lemma 1.6.2, we conclude that with probability at least 1 —
2 exp(—2N1PmP), \/LEA fulfills the £;-quotient property with constant

B 4\/§eﬂ/212

VB
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relative to the Euclidean norm || - ||2 if N > Cm with

4
2+/7B + 16V27A, \*
48 '

1.6.3 Proof of Theorem 1.5

We continue with the proof of Theorem 1.5.

Proof. 1. Assume first that b is a random variable with unit variance which fulfills the
weak moment assumption of Definition 1.4.3 of order max{4, log(N)} with constants «
and a > 1/2. We first note that then, with probability at least 1 — exp(—c;i(a, k)m), A
fulfills the ¢5-robust null space property of order cys., where s, = m/log(e N/m) and
0 < ¢y < 1, and constants p = 0.9, T > 0 relative to the £3-norm, i.e.,

P

51/2||X56||1 + || Ax|l2 (1.31)

llxs|l2 <
forallx € RY¥ and S c [N] with s = |S| < Cas, and S¢ = [N]\S if m > log?*~1(N), where
c1 = c1(a, k), c3 and T depend on k and a. Indeed, this follows from [DL.R18, Theorem
V.1] resp. [DLR18, Corollary V.3], as for a row vector b~ = (by, ..., by) with i.i.d. entries
b; ~ b and a vector t € RN with ||t||y = 1

(1-1/2)? 1

P(l (bt >2712) > > =:8>0 .
(1B, 01=2777) > Eo - > aeiar =070 (1.32)

which holds due to the Paley-Zygmund inequality [DIPG12], [FR13, Lemma 7.17], and

furthermore since
22

(2-1/2)282 =
We call the event on which (1.31) holds énsp.

1c10,2108(2)(Ba+1)+4a-2

It then follows from the classical result [FR13, Theorem 4.22] that there exist constants
C’ > 1, D’ > 0 such that if ||w||> < n, on the event éysp, it holds that

’

9 1/p-1/2
llx = A15(Ax + w)||p < Sl_—l/pas(x)l +s/P12pry

for s = Cys,, and this is true for all 1 < p < 2 and all x € RY. Since s > o4(x);/s' /P
is non-increasing, we may replace s also by a smaller value s” < s = ¢3s., which implies
inequality (1.17) for the case of ||w||2 < n.

Consider now the case ||w||» > 7 and let z € RY such that ||Az—w]|, < 7. It follows again
by [FR13, Theorem 4.22] that on the event éysp, for 1 < p < 2, there exist constants
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C’ > 1, D’ > 0 such that

llx = A1 5(Ax + w)||, = ||(x +2) = A1 (A(x + 2) + w — Az) — z”p

IA

||(x +2)— A1, (A(x +2)+ (w— Az))”p + |1z]lp

51_—1/1)0'5()(‘ + 2)1 + Sl/p_l/zD/I] + ||Z||p

’ ’
l—l/po-s(x)l + sl/p_l/zD'r] +
sl-

IA

IA

=75 lh -+ lzly

Izl
+
o375+ Nl
’

—C 1/p-1/27y 1/p-1/2 |1 1/2-1/p
51_1/pos(x)1 +S D'n+Cs —51/2 +s ||z||p . (1.33)

’

C
1—1/p0's(X)1 + Sl/p_l/ZD,T] +C’
s1-

IA

IA

Moreover, we note that since g% < log(N), the assumptions of Theorem 1.3(b)
9

are fulfilled for 8 = 1, and therefore there exist constants C and D (depending on x and

a) such that with probability at least 1 — 2 exp(—2m), A = #B fulfills the ¢;-quotient

property relative to the norm || - ||(V18©EN/M) .= max{|| - ||2, Viog(e N/m)]| - ||eo} with
constant D if N > Cm, and we call the corresponding event €gp.clipped-

Consider now on the event €gp.clipped N Ensp, Which occurs with probability at least
1 — 3 exp(— min{2, c1(a, x)}m), a vector # € RN such that A% = w and

£l < Dfjw|(Viose/m, (1.34)
which exists due to the ¢;-quotient property relative to the norm || - ||(Viog(eN/m) — 1f
z € RY is chosen such that z := (1 — n/||w||2), it holds that

n Ul -
= I=AZll2 = n.
IIWIIz||2 [[wll2

|Az — w||, = ||A%Z - w — A%

Choose S as an index set of s largest absolute coefficients of Z. It is known [FR13, Chapter
4.3] that the £5-null space property (1.31) implies the ¢,-null space property for 1 < p <
2 in the form o
9 5 1/p=1/2|| sz
IZsllp, < 51_—1/p||zsc||p + rsl/p-1/ [|AZ]|2.

Together with Stechkin’s estimate (see, e.g., [FR13, Proposition 2.3]) this gives

- . . P ~ 1/p=1/2|| a2 =
12]lp < lZsllp + lIZscllp < 51——1/}7”256”1 + s P72 Azl + 04(3),

P15 _1 5 1/p=1/2)| 22 1+p, . Lp-1/2
< T =
< g 1Eh + g e + s 142112 = ==, 1Elh + 75 l[w]l2
1+p, . ~
< 02 il st o (VT

(1.35)
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Using (1.33) and s = ¢3s. we obtain

llx = A1p(Ax +w)ll,

’

1/p- 1/2[ ”%”1 ~ \1/2-1/p||2 __n ]
< ———04(x)1 + (Cass D'n+C'(—= + (C28+ Z 1
C’ (p+2)D
< oo+ @s) P04 (S )l VRN - |
G
’ 11 p ((p+2)D +~1/2 ) ||w||(\/log<eN/m))
= 77 0s(0 +s [ T+ - (||w||2—n)],
S p ~p 2 lond p ||w||2

where we used (1.34) and (1.35) in the second inequality. Since s — o;(x); /51‘1/P
is non-increasing, again we may replace s by a smaller value s’ < s = c3s.. This

concludes the proof of (1.17), as the constants can be defined as C = C’, D = D"cvz2 P

1_

andE:?2 ((p+2)D+c1/2 ).

. Suppose now that b is as above, but additionally dominates a standard Gaussian random
variable g with constants 1 and A, > 1. As in the first statement, with probability at
least 1 — exp(—c1(a, k)m), A fulfills the £5-robust null space property (1.31) of order ¢c5s.
with constants p = 0.9 and T > 0 relative to the £5-norm if m > log?*~!(N), defining
the event €nsp.

Conditional on éysp, it follows from [BA18, Theorem II.22] that there exist constants
C > 1, D > 0 that depend only on k and « such that

C
e = A1 p(Ax +w)llp < = 17705001 + .77 (Dn + €@, (A + Ty max{[lwll; — 0, 0})

(1.36)
forall1 < p <2 and s < ¢ys., where s, = m/log(e N/m) and

1
Qs,(A); :=  sup min (1.37)
weR™\ {0} ueRN, Au=w VS*HWHZ

Furthermore, we note that the assumptions on the random matrix B are such that
Theorem 1.4 can be applied for f = 1, which implies that there exist constants C and
D (depending on the parameter A, which quantifies the stochastic domination of the

Gaussian) such that with probability at least 1 — 2 exp(—2m), A = \/LEB fulfills the £1-

quotient property relative to the Euclidean norm || - ||, with constant D if N > Cm. We
call the event on this ;-quotient property holds €gp.¢,. Recalling Definition 1.3.3, the
definition of the £1-quotient property, we note that in this case

Qs,(A)1 < D.

Thus, combining this with (1.36), we conclude that on the event €ysp N €gp.¢,, Which
holds with probability at least 1—3 exp(— min{2, ¢1(a, k)}m), (1.18) is true for all s < ¢;s.
if N > Cn and m > log®*~!(N) with the constant E := CD + 7. This concludes the proof.

O
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1.7 Outlook and Open Problems

In this chapter of the thesis, we studied the robustness of so-called noise-blind compressed
sensing settings. We showed that in fact, the guarantees that have been established in the
literature for measurement matrices whose entries are drawn independently from certain spe-
cific distributions or families of distribution like Gaussian and sub-Gaussian are generalizable
to the weakest known assumptions provably sufficient (that are known to be almost necessary)
to imply compressed sensing recovery guarantees in the noiseless case [ML17, DLR18]. These
noise-blind guarantees come in two different versions, depending on whether the entrywise
distributions exhibit a super-Gaussian behavior or not. The underlying key properties are so-
called ¢1-quotient properties, which are equivalent to certain geometric inclusions of random
polytopes spanned by the column vectors of the measurement matrix.

An interesting problem that remains open is whether statements such as Theorem 1.3 and
Theorem 1.4 can be also shown for structured random matrices, such as subsampled random
circulant matrices [Romog], time-frequency structured random matrices [PRT13, KMR14] or
random partial Fourier matrices [CTo6, HR17], because there are hardly any results present
in the literature for these measurement matrices of great relevance in applications. Our
techniques do not carry over to these matrices, as the columns of the measurement matrix are
not independent in these cases, which was an important ingredient in our proof strategy.

In [BA18], the authors derive results about noise-blind compressed sensing using mea-
surement matrices sampled from bounded orthonormal systems, which is a class of random
matrices that includes random partial Fourier matrices as a special case. The proof derives a
statement about an €;-quotient property relative to the Euclidean norm indirectly by using
lower bounds on the smallest singular value of the measurement matrix. This comes at a
price of additional logarithmic factors in a bound [BA18, Theorem IV.12] of the type (1.18).
A removal of these logarithmic factors or an analysis involving noise robustness relative to a
clipped £,-norm would be interesting, but is left to future work.

We note that there also exist approaches which modify the measurement matrix A if A
does not fulfill any £;-quotient property. By adding certain columns to A, it might be possible
to establish recovery guarantees for noise-blind £;-decoders which use that modified mea-
surement matrix [Woji12, HLSJ18]. One advantage of this modification is that the acquisition
process is not altered, as the modification just involves the decoder. However, the sparse re-
covery quality of the altered measurement matrix might be compromised by this due to worse
restricted isometry or null space properties. Therefore, finding optimal modifications is not
yet well-understood.

Finally, we leave it to a future investigation to generalize the conditions on the measure-
ment matrix available in the literature [SY10] for £,-quotient properties corresponding to
£p-quasinorms with 0 < p < 1. These are relevant for the noise robustness analysis of the
non-convex decoders

Ap(y) = argmin ||z||§ subject to Az =y,

zeRN

which exhibit some advantageous properties compared to convex decoders [Chao7, ZMW*17].
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Chapter 2

Tight Quadratic Bounds: Making Iteratively
Reweighted Least Squares Work For Low-Rank
Promoting Objectives

The entirety of this chapter is dedicated to the following basic problem: Assume there is
a matrix Xo € R9*% with d; rows and dy columns that is known to be of a low rank
rank(Xp) < min(dy,dz) =: d. To put it differently, we assume that there are matrices
U € RY*" and V € R%X" with r <« d such that

X, = UV*.

However, this matrix is not provided directly, but just through underdetermined linear
measurements or observations, which means through its image

y = ®(Xo)
with respect to a linear operator ® : R1*% — R™ with non-trivial null-space, i.e., with
m< dldz.

Is it possible to identify or recover X just from the knowledge of y and @ and if yes, how?
This problem is usually called the low-rank matrix recovery problem [DR16].

This problem has gained considerable attention in the last few years, as it turns out
that low-rank models are ubiquitous and arise in many ways in physics, engineering, data
science and applied mathematics. In particular, they arise in areas as diverse as system
identification [LHV13,1V10], signal processing [AR15], quantum tomography [GLF*10,Gro11],
phase retrieval [CSV13, CESV13, GKK15], and machine learning [SRJo5]. An instance of this
problem of particular importance, e.g., in recommender systems [SRJos, GNOTg2, KBVoo,
CRo9], is the matrix completion problem, where the measurements correspond to entries of
the matrix to be recovered. In one form or the other, many problems in the mentioned fields
can be considered as instances of the low-rank matrix recovery problem.

There is a certain analogy to the compressed sensing problem detailed in Chapter 1, where
the goal was to identify sparse, high-dimensional vectors from underdetermined linear mea-
surements. As with the £o-minimization problem for the sparse vector recovery of Chapter 1,
we can formulate the low-rank matrix recovery problem in an optimization framework such
that

min rank(X) subject to ®(X) =y, (2.1)

XERdl xdo

a formulation that is also called affine rank minimization [RFP10].
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If the matrix X, used to define (2.1) is diagonal, this problem reduces to the £y-minimization
problem, which is known to be NP-hard in general [Natgs]. However, within the last decade, a
large body of research has been dedicated to develop tractable algorithms that provably solve
(2.1) in many important cases. The nuclear norm minimization (NNM) approach [Fazo2, CRo9],
which solves a surrogate semidefinite program, is particularly well-understood. For NNM,
recovery guarantees have been shown for a number of measurements on the order of the
information theoretical lower bound r(d; + dy — r), if r denotes the rank of a d; X dy-matrix
[RFP10,CR09]; i.e., for a number of measurements m > pr(d; +do —r) with some oversampling
constant p > 1. Even though NNM is solvable in polynomial time, it can be computationally
very demanding if the problem dimensions are large, which is the case in many potential
applications. Another issue is that although the number of measurements necessary for
successful recovery by nuclear norm minimization is of optimal order, it is not optimal. More
precisely, it turns out that the oversampling factor p of nuclear norm minimization needs to
be much larger than the oversampling factor of some other, non-convex algorithmic approaches
[ZL16a, TW13].

These limitations of convex relaxation approaches have led to a rapidly growing line
of research discussing the advantages of non-convex optimization for the low-rank matrix
recovery problem [JMD1o, TW13, HHoo, JNS13, WYZ12, TW16, Vani13, WCCL16a, TBS*16]. For
several of these non-convex algorithmic approaches, recovery guarantees comparable to those
of NNM have been derived [CLS15, TBS"16,Z1.16a, SL16]. Their advantage is a higher empirical
recovery rate and an often more efficient implementation. While there are some results about
global convergence of first-order methods minimizing a non-convex objective [GLM16,BNS16]
so that a success of the method might not depend on a particular initialization, the assumptions
of these results are not always optimal, e.g., in the scaling of the numbers of measurements
m in the rank r [GLM16, Theorem 5.3]. For survey articles on the recent progress on the
theoretical properties of many non-convex approaches, we refer to [CW18, CLC19]. We note
that there is currently no clear picture about which algorithm is best to solve low-rank matrix
recovery problems.

The material of this chapter is partially based on the paper [KS18], where a similar algo-
rithm for Schatten-p minimization was proposed and analyzed. This paper was jointly con-
ceived and written by the author of this dissertation and Juliane Sigl, who both contributed
equally to the paper. The results of the paper [KS18] also appeared in the Ph.D. dissertation
[Sigi8], and a preliminary version of [KS18] was presented at the 12th International Confer-
ence on Sampling Theory and Applications in Tallinn, Estonia, in July 2017 [KS17]. Parts of
the analysis contained in this chapter, in particular Section 2.3.2 and Section 2.3.3, take a very
different view point than the paper [KS18] by providing a constructive approach to design
the weight operator. We note that Section 2.3.3 is based on discussions and joint work with
Felix Krahmer, Tomdas Masak and Claudio Verdun. Section 2.3.2 and Section 2.3.3 motivate the
definition of the algorithm MatrixIRLS, which has many similar properties as the harmonic
mean weight operator of [KS18], but the latter work used variational tools in its analysis,
in contrast to our constructive approach. The proof of the locally superlinear convergence
presented in Section 2.4.2 follows similar ideas as the on in [KS18], but covers also the case of
p = 0. The results of Section 2.5.3 and Section 2.6 have not been published before writing this
dissertation.

2.1 Introduction

The goal of this chapter is to improve solution strategies for matrix optimization problems
such as (2.1). We provide a new, improved approach based on a framework usually called
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Iteratively Reweighted Least Squares (IRLS), which is a conceptually simple class of algorithms
that has been previously studied in many other contexts. We will argue why this approach
combines a few desirable properties, since it is

* data efficient in the sense that the required amount of inputs is close to the information
theoretic limit,

* scalable to large problems.

Our investigations will also provide provable algorithmic guarantees for our strategy and quan-
tify the local rate of convergence to global minimizers of (2.1) under certain assumptions on
the measurements.

In the following, we argue why these properties are desirable in the first place.

2.1.1 Data Efficiency

What is meant by data efficiency in the context of the problems we are interested in? In fact,
this concept is related to the uniqueness of the affine rank minimization problem (2.1), i.e.,
conditions when (2.1) has not more than one solution of rank r = rank(Xj).

Proposition 2.1.1 ([Vani3,Lee13]). The set
My = {X € R"% ; rank(X) = r}

is a smooth submanifold of R1*% of dimension r(d; + da — ).

If X = UXV* is a singular value decomposition of the rank-r matrix X € RT>% with
¥ = diag(0(X));_) and matrices U € RO* and V € R¥X" with orthonormal columns, then the
tangent space of Jl, at X is given by
Tx (M) = {UM;V* + UM} + M3V* : M; € R™", M, € R™ M3V = 0,M; € R, M;U = 0}

= {UIVIX{ + sz* : Ml S Rd2xr, 1\7[2 S Rdlxr}.

The proof of this proposition uses tools from differential geometry which are beyond

the scope of this thesis. However, understanding its interplay with the linear operator ® :
R¥1%d2 _, R™ which is determined by matrices A, ...,An € R%1%d2 gych that

D(X), = tr(A,X) forall £ € [m], (2.2)

of (2.1) is a key for obtaining necessary and sufficient conditions for the uniqueness of the
solution (2.1). In particular, it was shown in [ENP12] that if the Aq,...,A;, are indepen-
dent Gaussian matrices and d; = ds, (2.1) recovers a fixed rank-r matrix X, € R4*% with
probability 1 (“non-uniform recovery”) under the condition that

m Zr(d1 +d2—r)+1,
and all rank-r matrices (“uniform recovery”) under the condition that
m > 2r(dy + dy — 2r).

Using arguments from algebraic geometry, these identifiability conditions can be generalized
to operators @ associated to matrices A, . .., A, that are generic, i.e., for example drawn from
a continuous probability distribution [Xu18, CRWX18]. Furthermore, [CRWX18] showed that

44



for generic measurement matrices Ay, ..., Ay, if
m < r(dy +dy —r),

even a non-uniform recovery property for (2.1) cannot hold.
From an information theoretic point of view, the dimension

degf =r(dy +dy—7)

of /L, can be also seen as the number of degrees of freedom of an (d; X ds)-dimensional rank-r
matrix. In fact, the number degf coincides [CRog] with the number of parameters used to
determine the singular values o1, ...,0,, and left and right singular vectors U € RI%" and
V € R%*" of a (d; x dy)-dimensional rank-r matrix X = Udiag(o;);_/V*: The number of free
parameters of the matrix U with orthonormal columns is (d; —1)+(d; —2)+...+(d2—(r—1)) =
dir — r(r;r 1), as can be seen from the normalization, i.e., each columns has at most d; — 1
free parameters, and by successively imposing the orthogonality relations. By an analogous

argument we see that there are dyr — @ free parameters in a description of V, and therefore

+1 +1
r+d1r—M+d2r—M

=r+r(d1+d2) —r(r+1) =r(d1 +d2 —1) = deg;.
These considerations suggest that if the rank r of a matrix Xo is low such that r <«
min(dq, d»), it is often possible to identify it using (2.1) if the dimension m of the range space
of @ fulfills
m= degf = T'(dl + d2 - T’).

As there is little hope to solve (2.1) directly in a computationally efficient manner, it
is of interest to develop algorithms which are possibly iterative, but which have similar data
efficiency properties as (2.1) in its ability to recover low-rank matrices, i.e., which are successful
already if m is about as small as deg;.

To see why data efficiency is relevant in the the context of applications of our modelling,
we consider the recommender system setting where low-rank matrix modelling has been used
with quite some success.

For a company using online marketing of their products, an important question to consider
is how to guess what their potential and actual customers might like, and to target personalized
products recommended by an algorithm to a specific customer based on what they know about
the customer, e.g., based on a user’s usage history of their website.

With the goal of improving their internally used algorithm, the company Netflix announced
a competition in 2006 [BLo7]: They published an (anonymized) dataset of many ratings
ranging from one to five provided by the a large collection of users of their DVD rental service,
quantifying how much specific users liked certain movies they had watched. The idea of
the competition was to award $1,000,000 to any person or team that could improve the
predicitions of user preferences by at least 10% compared to the algorithm used at the time
by the company.

This competition about winning the Netflix Prize spurred a large research activity in the
emerging field of machine learning, culminating in involved algorithms that combined many
statistical models and algorithms tuned to the data, and a final conclusion of the competition
in 2009 by reaching the 10% improvement [Korog].

However, one of the most influential ideas and contributing models to the winning solution
[Funo6,KBVoo] was the idea to consider the user-movie data matrix X € R%*% for d; users and
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d, movies, whose (i, j)-th entry X;; is given by the i-th user’s rating of movie j. Of course, this
matrix is in large parts unknown. While this matrix contains a lot of unknown values, it was
argued that, if all users’ movie preferences were known, i.e., the matrix contained no unknown
entries, the resulting matrix Xo would be (approximately) of low rank r < d = min(d;, d3)
[RFP10], as any given user could be modelled as a linear combination of just few typical model
users or preference types.

Based on this modelling, many variants of methods were proposed and successfully used
in the competition [Funo6,KBVog] which would be called non-convex optimization approaches
based on matrix factorization [CLCi9] in the recent literature, optimizing a function F :
R4 x R9X" — R for some tuning parameter A and some estimate of the rank r, defined for
example such that

F(U,V) i= | ®(0V") - ylI7 + A ([0 + V) (23)

by an alternating minimization or (stochastic) gradient descent scheme, where @ from (2.2)
is such that
CD(X)e = Xi[je

with (i, j¢) € [d1] X [d2] for € = 1,...,m, and m is the total number of given ratings in the
dataset. These schemes attempt, in fact, to solve (2.1), while using knowledge about the rank
r of X.

Assuming that the low-rank model is reasonable, it can be said that for the purpose of
building a recommender system, it is important that an algorithm of choice of this type is
able to identify the best low-rank model compatible with the training data, based on the limited
training data of m of user’s movie ratings that are available. This means that it will be helpful
if an algorithm returns a feasible point of (2.1) with a rank that this as low as possible, or, in
the formulation of (2.3), matrices U and V of a rank as low as possible, while still obtaining a
measurement error ||®(UV*) —y|| 125 that is zero or as small as possible.

2.1.2 Amenability to Rigorous Analysis

Important steps towards the understanding of the low-rank matrix recovery problem were
achieved in [CRo9, CT10,RFP10, Rec11, Cheis], when it proved that in many cases, a number
of measurements

m =~ CrD (2.4)

or
m =~ CrD logz(D) (2.5)

where D = max(dq, ds) and C is an absolute constant, suffices to reconstruct a rank-r solution
Xo of (2.1) by the solving convex optimization formulation

min ||X]|. subject to ®(X) =y, (2.6)

XERdl xdo

where ||X||. = [|X]|s, is the so-called nuclear norm.
The nuclear norm is an instance of a class of quasi-norms that plays an important role in
this chapter. For p > 0, We call

d o) ?
(21:1 o (X)) , forp < oo,

I1Xlls, :=
01(X), for p = o
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the Schatten-p quasi-norm for the matrix X € R41*%,

The great advantage of the nuclear norm minimization formulation (2.6) is that, unlike (2.1),
it is solvable in polynomial time complexity as it belongs to the class of convex optimization
algorithms [Bergg, BVo4], since the the Schatten-p quasinorm is actually a norm for p > 1,
and (2.6) correspondsto p = 1.

As (2.6) can be solved directly, and due to the guarantee that its solution corresponds
to the minimum-rank solution of (2.1), this gives us a certain level of reliance that even for
problem data we have not seen yet, the algorithm will work reliably, and furthermore, we
know that there cannot be a lower rank solution than the one returned by nuclear norm
minimization, if the conditions of the theorems of [CT10, RFP10, Reci1] are fulfilled. In
particular for more critical applications as quantum tomography [GLF"10, Gro1i1, BK10], this
reliability is important.

Similar assumptions, often stronger than (2.4) and (2.5) by logarithmic factors log(D),
powers of the rank r or by the dependence on the condition number x of the matrix to be
recovered, have been shown to provably imply the convergence of non-convex optimization
methods, such as for various methods optimizing an objective such as (2.3), to low-rank
solutions, see for example the works [KMO10, CLS15, GLM16, SL16, MWCC19] and the survey
[CLC19].

On the other hand, we note that for approximate message passing algorithms [PSCi4a,
PSCi4b, KKM*16] or methods motivated from a Bayesian framework [BLMKi2, XWis], very
good low-rank recovery properties have been reported—in some sense even better ones. For
these methods, rigorous sample complexity bounds as in the works mentioned above have not
been proven, and, perhaps consequently, these methods have not gained the attention they
could have if it was just for their empirical performance.

This could be regarded as an extra-mathematical motivation for actually proving algorith-
mic guarantees. Therefore, one important focus of this chapter will also be the establishment
of theoretical guarantees of the proposed algorithm.

2.1.3 Scalability

In many applications of the low-rank recovery setting, the problem dimensions are quite
large: The Netflix prize competition data set, for example, contains data about d; ~ 480000
users and dy ~ 17000 with m ~ 108 observations in the training dataset [ZWSPo8]. In this
case, working with full or dense matrices X € R%*%  storing d;d, variables in memory, is
computationally almost prohibitive.

The nuclear norm formulation of (2.6) has been well-studied and well-understood, as
we mentioned above. However, solvers need to work with the full matrices in memory,
and furthermore, while (2.6) being provably equivalent to a semidefinite program [FHBo3],
standard semidefinite program solvers as SDPT3 [TTT99] of cubically in the problem size
of did,. To mitigate this problem, a lot of work has been done to make solvers of (2.6)
somehow more scalable, for example by using first order optimization methods involving soft
thresholding operators [CCS10,MHT10, YK15]. Most of these first-order methods are, however,
rather designed to solve the unconstrained variant of (2.6)

min ||&(X) - yli5 + A[1X]|.

XGRdl Xxdo

for some A > 0, which, while being also of large interest, is not quite the same. Other
approaches [CC18] for solving nuclear-norm type problems are based on conditional gradients
[RSWis] or the Frank-Wolfe method [FGM17].
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Not only, but also because of the scalability problems of convex optimization approaches
as the nuclear norm formulation, in large-scale applications, methods based on matrix fac-
torization as described above (2.3) have been more popular [KBVo9], due to their memory
requirement of O(rD) and also lower demands in their time complexity [CC18].

This motivates the derivation of a method that has comparable space and time requirements
as the matrix factorization approach, rather than working with full (d; X ds)-dimensional
matrices.

2.1.4 Outline

We give a brief overview of the structure of this chapter. In Section 2.2, we introduce low-rank
promoting surrogate objectives of the rank function, laying out the theory of the functions to be
optimized by our framework. In Section 2.3, we introduce the concept of Iteratively Reweighted
Least Squares (IRLS) algorithms, discussing prior literature and deriving our algorithmic
approach, which we call MatrixIRLS. This section contains our first main theoretical result
Theorem 2.4, which is the basis for an interpretation of IRLS in terms of an objective function.

In Section 2.4, we show and state results about the convergence behavior of MatrixIRLS,
concluding the section with the second main result of this chapter, Theorem 2.7, characterizing
fast local convergence of MatrixIRLS.

While the conditions of Theorem 2.7 are stated in terms of an abstract assumption, we
verify this assumption for various measurement models in Section 2.5, including sub-Gaussian
operators, Gaussian rank-one measurements and entry-wise measurements as present for the
matrix completion problem.

Section 2.6 contains computational considerations, elaborating on the scalability of our
method, and Section 2.7 contains numerical experiments with artificial data. Section 2.8
contains proofs that have beed added for completeness, corresponding to properties that have
been know already for previous IRLS algorithms for low-rank matrix recovery.

Finally, in Section 2.9, we discuss and summarize our contributions, and provide an outlook
to remaining open questions in Section 2.10.

2.2 Optimization of Surrogate Objectives Promoting Low-Rank Solutions

In this section, we pave the ground for MatrixIRLS, a computational approach for the affine
rank minimization problem

min rank(X) subject to ®(X) =y,
XERledZ
of (2.1) which is the main focus of this chapter.

While (2.1) is the problem we would like to solve, its objective rank(X) is particularly
difficult to handle from an optimization point of view due to two properties: its non-convexity
and its non-smoothness. As it was discussed in the introduction, replacing rank(X) by the
nuclear norm ||X||. = Zle 0i(X), which is the norm associated to the convex hull of the set
of (Frobenius norm-normalized) rank-one matrices [CRPW12], gives rise to an optimization
problem whose minimizer solves (2.1) in many cases, opening the door for the mature theory
and methods for convex optimization to deal with the non-smoothness of ||X]||..

However, putting even its computational challenges aside for the moment, it can be seen
that its data efficiency properties are not optimal, i.e., the nuclear norm minimizer under the
affine constraint might not coincide with the (unique) minimizer Xy of (2.1) if the dimension
m of the range space of @ is just slightly larger than the number of the degrees of freedom of
Xj (see also Section 2.1.1) [RFP10, p. 497].
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Already in the beginning of the 2000s when the minimization of the nuclear norm was
proposed as a computationally tractable “heuristic” [Fazo2] promoting low-rank solutions of
linear matrix equations, the minimization of the logarithm of the determinant (log-det) objective

xle?zj‘gd logdet(X + €I)  subject to ®(X) =y, X > O, (2.7)
was proposed, where € > 0 is a small regularization parameter for low-rank matrix recovery
problems for which the ground truth matrix X, € R%*% is additionally known to be square
(i.e., d1 = dy = d) and positive semidefinite [FHBo3]. The rationale behind log det(X + €I)
is that due to its concavity and just logarithmic growth, its minimizers might be closer to the
minimizers of a rank objective than the minimizers of the convex nuclear norm ||X||. [RFP10],
which coincides with the trace of X for positive semidefinite matrices since

d d
Xl = > 0:(X) = ) A(X) = tr(X).
i=1 i=1

Iterative algorithms for the solution of (2.7) had been proposed early [Fazo2, FHBo3], and
can be based on the following observation: Since F¢(X) = log det(X + €I) is concave in X and
smooth with derivative VF.(X) = (X+€I)~1, for any positive semidefinite X¥) € R¥¢, we have
that

log det(X + €I) < F(X®) + (VF . (x¥)), x — x*)
= log det(X® + €I) + tr(X® + ) 1X) — tr(X® + €1)71x®),

which motivates an iterative algorithm of a sequence of weighted trace minimizations such
that
X®V = argmin (XY + €I)1X)  for k > 0. (2.8)
X>0,0(X)=y
This approach has been also more recently proposed and analyzed for the phase retrieval
problem [CESV13], which can be formulated as a rank-1 matrix recovery problem on the cone
of positive semidefinite matrices.

Remark 2.2.1. We note that well-known positive semidefinite embedding of general rectangular
matrices X € R1*%_ an analogous approach can be derived for the general affine rank minimiza-
tion problem (2.1) without positive semidefinite constraint [FHBo3]. In particular, as for (2.7),
iterative strategies can be derived from

Z, X
min log det(diag(Z1,Z,) + €I)  subject to P(X) =y, (X}‘ 7 ) >0,
2

XeR4U*d2, 7, eRU1*d1 7, eRI2*2

1 . :

> : -
X 2, Z 0 is fulfilled. One com
putational disadvantage of this formulation we mention already here is that by the semidefinite
lifting, the optimization variable has become an ((d1 +dy) X (dy +d3)) matrix instead of a (d, Xd5)

matrix, which might be wasteful.

since diag(Z,, Z,) is positive semidefinite if the constraint (

Despite the good empirical behavior of simple iterative procedures as (2.8) for solving
(2.7) [FHBo3], there are many theoretical questions related to non-convex rank surrogates
as in (2.7) which are poorly understood, and practical issues deterring a wide popularity of
corresponding optimization approaches to large-scale applications of low-rank matrix recovery.
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2.2.1 Connections Between Convex and Non-Convex Optimization Programs and Affine
Rank Minimization

In this section, we review theory that characterizes when the affine rank minimization problem
(2.1) can be solved exactly by convex or non-convex reformulations such as nuclear norm
minimization (2.6) or the minimization of a logarithm of a determinant (2.7).

In a certain analogy to the (robust) null space properties (see Definition 1.4.5) of mea-
surement matrices A which imply that equality-constrained ¢;-minimization (1.2) recovers
sparse vectors, null space properties can also be formulated for measurement operators
® : R4*%2 5 R™ defining low-rank matrix recovery problems, for example as in the fol-
lowing definition.

Definition 2.2.1 ([RXH11, MBS14, Fou18]). Let d = min(dy,d3) and f : [0, c0) — [0, ) be a
function. We say that ® : R1>*% — R™ fulfills the rank null space property with respect f of
order r if

r d
D floM) < )" f(oi(H)) for all H € ker(@) \ {0},
i=1 i=r+1
where o(H) = (o1(H), ...,04(H)) € R? is the vector of singular values of H ordered in a non-
increasing way.

These null space properties provide necessary and sufficient conditions for the equivalence
of the optimization problems

min F(X) subject to ®(X) =y, (2.9)

XERdl xdo

where o(X) € R? is the vector of ordered singular values of X and F the spectral function such
that F(X) = Zflzl f(0i(X)), with affine rank minimization (2.1). This connection is formalized
in the following theorem, whose proof we provide as it has been omitted in [Fou18]. It
generalizes the proof of [FR13, Theorem 4.40], which covers the case of f being the identity
map.

Theorem 2.1 ([Fou18, Theorem 2]). Let f : [0,00) — [0, o) be a concave function satisfying
£(0) = 0. Given a linear operator ® : R1*% — R™ every matrix X € R4*% of rank at most
r fulfilling y = ®(X) is the unique solution of (2.9) if and only if @ fulfills the rank null space
property with respect to f of order r.

Proof. We first assume that @ is such that every X’ € R4*% of rank at most r is the unique
solution of (2.9) with y = ®(X’). Consider a matrix H € ker(®) \ {0} and its singular value
decomposition

H=(U U.) diag(o1(H),...,o,.(H)) 0 ) (V*) ’

0 dg(ors1(H), ..., oa(H)) V3

where U € R U, € R4y ¢ R2X and vV, e R¥X@77) gre matrices with or-
thonormal columns and U*U, = 0, V*V, = 0. Then H; = Udiag(ci(H),...,o.(H))V* and
Hy = U, dg(or+1(H),...,04(H))V] fulfill H = H; + Hy and as H € ker(®), ®(H;) = ¢(—Hy).
Since Hj is of rank at most r by construction, using the assumption on the unique minimizer
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of (2.9) with y = ®(H;) implies that

. d
D f(oi(H)) = F(o(Hy)) < F(o(-Hy)) = F(o(Hy)) = ) f(oi(H).
i=1

i=r+1

Conversely, assume that @ is such that for all H € ker(®) \ {0}, X, f(o;(H)) <
Zf:r 1 floi(H)) if o(H) = (01(H),...,0q(H)) are the ordered singular values of H. Con-
sider a matrix X’ € R9*% of rank at most r, and let X be an arbitrary matrix X # X’ such that
d(X) = ©(X’). Due to the concave Mirksy inequality [Fou18, Theorem 1], which states that for
any concave function f : [0, c0) — [0, c0) with f(0) = 0,

d d
DU ©@iX) = f (o) < ) f(0i(X-Y)) forall X, Y € R, (2.10)
i=1 i=1

and which is a generalization of a classical inequality in matrix analysis due to Mirksy [Mir60],
[SS92, Theorem 4.11], we have that the singular values of H = X’ — X, X’ and X fulfill

d d
F(X) = F(X' = H) = > f(0i(X' ~H)) 2 > |f (0:(X")) = f (o:(HD)] .
i=1 i=1

Since f (0y(X’)) = 0i(X") = for i > r, we conclude that

r d r
FX) > Y {f (0iX) = f(0i(H)} + > foi(H) > > f(0:(X) +0 = F(X)),
i=1 i=1

i=r+1

where we used the rank null space property assumption in the last inequality. This concludes
the proof as X’ is therefore the unique minimizer of (2.9). O

From Theorem 2.1, we can see that the rank null space property with respect to the function
f = id characterizes the success of nuclear norm minimization. This property with respect to
the function f = id of order r holds with high probability for many random linear operators
@ : R4* 5 R™ if m is such that

m > Cr(dy + dy), (2.11)

where C > 1 is a dimensionless constant, example for random operators ® whose matrix
representation consists of i.i.d. standard Gaussians [CP11, RXH11] or which are associated to
Gaussian rank-one measurements [KKRT16]. We note that (2.11) is optimal, at least up to a
constant factor, as can be seen in Section 2.1.1.

The next statement tells us that from a theoretical point of view, optimization problems
with spectral objectives F associated to concave functions f tend to have better low-rank
recovery properties than the those with convex objectives such as the nuclear norm. It is a
generalization of [Fou18, Corollary 3], see also [Audi4].

Lemma 2.2.1. Letr € N, let f1,g : [0,00) — [0, ) be functions such that f; is monotonously
increasing and g is concave with g(0) = 0. Then the success of rank-r recovery via (2.9) where the
associated function of F is f1, implies the success of rank-r recovery via (2.9) where the associated

function of F is f5 := g o fi.

Proof. By assumption it holds the linear operator ® : R91%%> — R™ is such that every matrix
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X’ € R4*% of rank at most r is the unique solution of
d
min Z fi(0i(X)) subjectto ®(X) =y

XeRd1xdy £
i=1

with y = ®(X’). By Theorem 2.1, this implies that ® fulfills the rank null space property with
respect to f; of order r, i.e.,

r d
D filoi(H) < > fi(oi(H)) for all H € ker(®) \ {0},

i=1 i=r+1

and by this very theorem, it remains to show that

r d
D faloi(H) < > fo(oi(H))  for all H € ker(®) \ {0}
i=1

i=r+1
for fo with fo(x) = g(f1(x)) for any x > 0, which is equivalent to

r

Z d . <1 forall H € ker(®) \ {0}. (2.12)
=1 Zj=r1 8(f1(0;(H)))/g(f1(0:(H)))
Supposing that

g(fi(0;(fH))) _ fi(o;(H))

g(fi(oi(H))) — fi(oi(H))
foralli € [r]andj € {r+1,...,d} if H € ker(®) \ {0}, the conclusion of the lemma follows,
as

(2.13)

r r

1 1
<
; S 8(f1(0;(H))) /g (f1(0i(H))) ; S filoj(H))/ fi(oi(H)))

in this case and therefore (2.12) is implied by the rank null space property with respect to f;
of order r.

It remains to show (2.13). For this, we note that for any H € ker(®) \ {0}, 0;(H) < o;(H) if
i€(r]landje€ {r+1,...,d}, and furthermore fi(c;(H)) < f1(0;(H)) due to the monotonicity
of f1. By the concavity of g, as fi(o;j(H) = (1 =) -0+ A- f1(0;(H)) if A = fi(0;(H))/f1(0:(H)),
it follows that

f1(o;(H))g(f1(0i(H)))
f1(oi(H)) ’

since g(0) = 0, which concludes the proof. O

g(fi(oj(H))) > (1 -21) - g(0) + A - g(f1(0;(H))) = A - g(f1(0:(H))) =

From Lemma 2.2.1, we can infer that e-regularized Schatten-p quasinorm minimization
has stronger low-rank recovery properties than nuclear norm minimization if 0 < p < 1,
and that a e-regularized log-det minimization has stronger low-rank recovery properties than
e-regularized Schatten-p quasinorm minimization for any 0 < p < 1.

Corollary 2.2.1. Let f, . : [0, 00) — [0, o) be the function defined such that f, ((x) = (x+€)P —€P
fore > 0,0 <p<1,and fo : [0,00) = [0, ) be such that fy(x) = log(x + €) — log(e) for
€ > 0. Then, the following statements hold.

52



1. If a linear operator ® : R1*% — R™ s such that for all matrices X’ € R4*% of rank at
most r and fy = ®(X’), the unique minimizer of the nuclear norm minimization problem

min ||X|. subjectto DPX)=y (2.14)

XeRA1xd2
coincides with X', then the minimizers of the optimization problems

d
min Z fre(0i(X)) subjectto P(X) =y (2.15)
i=1

XERdl Xdo

are unique and coincide with X/, for all p € [0,1) and all € > 0.

2. Lete; > €3 > 0and 0 < p < 1 be fixed. If a linear operator ® : R91*% — R™ is such that
for all matrices X’ € R4*% of rank at most r and y = ®(X’), the unique minimizer of the
e1-regularized Schatten-p minimization problem

d
min Z(oi(x) +e1)?  subjectto X)) =y

XeRd1xd2 4
i=1

coincides with X’, then the minimizer of the of the e;-regularized Schatten-p minimization
problem

d
min Z(O’i(X) + e3P subjectto OX) =y
XeRa1xd2 4

i=1
is unique and coincides with X'. Furthermore, this is not true if 0 < € < €.

3. Let €; > €5 > 0. If a linear operator ® : R1*% — R™ is such that for all matrices
X" € R1"% of rank at most r and y = ®(X’), the unique minimizer of the €;-regularized
log-det minimization problem

XGRdl xdo

d
min Z log(oi(X) + €1) subjectto D(X) =y
i=1

coincides with X’, then the minimizer of the of the e;-regularized log-det minimization
problem

d
min Z log(oi(X) + €3) subjectto D(X) =y
XeRd1xd2 £

i=1
is unique and coincides with X’. Furthermore, this is not true if 0 < €1 < €.

4. Lete > 0and 0 < p < q < 1. If a linear operator ® : R1*% — R™ is such that for all
matrices X’ € R4%% of rank at most r and y = ®(X’), the unique minimizer of

XGRdl Xdo

d
min Z fqe(0i(X)) subjectto D(X) =y
i=1

coincides with X', then this also holds for the optimization problem (2.15).

Proof. 1. In view of Lemma 2.2.1, we can define f;(x) := x and g(x) := fo(x) = (x +€)P —€P.
g : [0,00) — [0, 00) fulfills then g(0) = 0, is twice differentiable on its domain with
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g"’(x) = p(p — 1)(x + €)P"2. As a differentiable function with non-positive second
derivative, g is concave for p < 1, and applying Lemma 2.2.1 implies the statement.

2. Let €1 > €3 > 0. Since adding and subtracting constants ef and eg does not change

the minimizer of an objective function, we can define fi(x) := (x + ¢1)? — € and
fa(x) := (x + €3)? — €P. Then we have g(f1(x)) = f2(x) if we define g : [0, ) — [0, o0)
such that

p
s = o+ —a e -,
and it holds that g(0) = 0. Since g is furthermore twice differentiable with

(y +€)t/pl

g'y) = -
(y + NP + ey - 61)1 P
and
1 + P\1/p-2 + P)2/p-2
§'y) = (— - 1) ey 1p vea) 2p |’
p (Y + NP+ e —€) (Y + NP+ e —€)

which is non-positive on the domain and thus, g is concave. The result follows from
Lemma 2.2.1.

3. This follows from the same argument as in 2., defining the function g : [0, o) — [0, c0)
such that

g(y) :=log(exp(y + €1) — €1 + €2) — log(€2).

4. This follows from defining fi(x) := (x + €)4 — €9, fo(x) := (x + €)? — €P and g(y) :=
(y + €9)P/7 — P and from applying Lemma 2.2.1 along the same lines.
m|

Disregarding the potential intractability related to the minimization of the non-convex
functions Zle fpe(0i(X)) for p < 1 for the moment, we summarize the conclusions that can
be drawn from Corollary 2.2.1:

* Minimizing non-convex e-regularized Schatten-p quasinorms related to p < 1 recovers
low-rank solutions to underdetermined linear systems always when nuclear norm min-
imization (2.14) recovers the low-rank solution. There might be cases in which nuclear
norm minimization does not recover the low-rank solution, but e-regularized Schatten-p
quasinorm does.

* Ifey < €1, it can be seen that e5-regularized Schatten-p quasinorm minimization recovers
low-rank solutions in potentially more cases than e;-regularized Schatten-p quasinorm
minimization, and an analogue statement is true for e;- and €;-regularized log-det
minimization.

* For fixed regularization parameter € > 0, e-regularized logdet minimization

XERdl xdo

d
min Z log(c{(X) +€) subjectto @X) =y (2.16)
i=1

recovers low-rank solutions in potentially more cases than e-regularized Schatten-p quasi-
norm minimization for any O < p < 1, or than nuclear norm minimization.
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2.2.2 Issues and Open Questions

The discussion of Section 2.2.1 suggests that minimizing non-convex objectives such as (2.15)
or (2.16) under the linear constraint could be promising, as solving these problems will return
us the actual solution of (2.1) in many cases, while the functions being now at least continuous,
unlike the rank funciton rank(X).

However, due to their non-convexity, (2.15) or (2.16) do not possess the property of convex
optimization problems that local minima are actually global, which means that algorithms
such as variants of gradient descent, which converge in general to (first order) stationary
points [Bergo], do not necessarily solve the problem, but might find non-global minimizers or
saddle points instead of global minimizers.

One important class of algorithms that has been proposed to solve these type of prob-
lems has been mentioned at the beginning of this section: Reweighted algorithms such as
(2.8) [Fazo2, FHBo3] which~in the general case of rectangular matrices— boil often down to
reweighted nuclear norm algorithms [MF1o0b].

For these methods, excellent empirical results have been reported in the literature [LTYL15,
YM18, GZZF14, GXM*17], but results about conditions for convergence to a low-rank matrix
have not been obtained. The situation is somewhat comparable to what is known about (re-
Jweighted £1-minimization methods for sparse recovery [CWB08, WN10, ZL12], which achieve
good empirical results, but which have not been understood completely on a theoretical level.

A major issue of reweighted nuclear norm methods is that from a computational viewpoint,
at each (outer) iteration, a problem similar to nuclear norm minimization (2.6) needs to be
solved, which results in the scalability issues described above.

Lastly, the question of the choice of the e-smoothing parameter is an issue, as it is not clear
how to choose it and there is little theory supporting any specific rule. For a discussion of
smoothing parameters in the sparse recovery setting, we refer to [WN1o0, Section V].

As a summary, we conclude that while the modelling with non-convex rank objectives
appears promising based on empirical results obtained for a few methods, many open questions
remain, which is probably why they have been mainly ignored by the most influential literature
in the field [DR16,CLC19].

2.3 Iteratively Reweighted Least Squares for Rank Surrogates

In this section of the thesis, we discuss a specific class of optimization approaches to minimize
rank surrogate objectives as (2.9), (2.7), (2.6) under linear constraints.

These approaches belong to the algorithmic framework of Iteratively Reweighted Least
Squares (IRLS), a framework which goes back to the 1930s [Wei37].

The basic strategy of IRLS is to mimic the minimization of an objective F (a spectral
function F as in (2.9)) by solving a sequence of weighted least squares problems.

In particular, for some € > 0, assume that F, : R1*% — R is a continuously differentiable
function that can be considered as a smoothing of an objective F to minimized as in (2.9),

min F(X) subject to ®(X) =Y.
XERledZ

The idea of Iteratively Reweighted Least Squares now consists of an iterative algorithm the
performs the following three main conceptual steps in each iteration k:

1. Define tight quadratic upper bound: Given the current iterate X*) and the smoothing
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parameter ¢; > 0, we define a quadratic function Qek(-lx(k)) such that
1
Qe (XIX™Y) = Fe (X'9) + (VF,(X9), X = X1) + (X - X0, wH(x - X)) (217)

with the so-called weight matrix (or weight operator) W® : Rhxd> _, Rdixdz fyfilling
VF, (X% = wh(x®)y (2.18)
and which is a global upper bound or global majorizer of F,, such that
Qe (X|X®) > F. (X) for any X € C1*%, (2.19)
By construction, Q,, fulfills further

Qe (XWX = F, (x0). (2.20)

. Solve weighted least squares problem: The new iterate X*) is defined as

X**D = grg min(X, wH(X)), (2.21)
X:D(X)=Y

which is actually a minimizer of Q. (- |X)) under the linear data constraint described by
the linear operator ® and data vector y € C® from (2.9). This is due to property (2.20),
as therefore

Qe, (XIX®)) = F (x0) + % (6 W) - (x®, whx®))

for any X € Ch>d2,

It is well-known (see [NWo6, Chapter 16.1]) that the solution of (2.21) is given explicitly
by the solution of a linear system, as the weight operator W) is always chosen to be
positive definite.

It is clear from (2.19) and (2.20) that Fek(X(k”)) < Fek(X(k)), i.e., we obtain a decrease in
the objective F,, by the calculation of the new iterate X(k+1)

. Update smoothing: The smoothing parameter ¢, controls both the steepness of the
optimization landscape of F, (-) and the conditioning of the system matrix of the linear
system to be solved in (2.21). Therefore its choice plays an important role in this
framework.

Typically, a non-decreasing rule for €1 is chosen. Precise rules will be discussed later
in this chapter.

While the focus of this chapter is the application of the IRLS framework to the affine

rank minimization problem where F is a low-rank promoting spectral function with matrix-
valued optimization variable X , IRLS can be used for a range of quite different problems. In
Section 2.3.1, we provide an overview of the most relevant literature about IRLS methods, also
discussing some prior work where IRLS has been already used for low-rank matrix optimization
problems.

By establishing connections to the second-order derivative structure of low-rank promoting

spectral functions, we discuss in Section 2.3.2 choices of quadratic bounds Q. that are much
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tighter than the ones proposed previously in the literature. In Section 2.3.1, we show that the
proposed choice of quadratic functions Q., which a priori majorizes the smoothed spectral
function F, just locally, is indeed a global majorizer of F.. This corresponds to the first main
result of the chapter.

Based on this, we formulate an improved class of IRLS algorithms for Schatten-p quasi-
norm minimization and for logdet-minimization in Section 2.3.4, which we call MatrixIRLS.

2.3.1 Existing Approaches

Possibly the very first instance of a method that contains the main idea of IRLS was proposed
by E. Weiszfeld [Wei37, WPog9] in 1937 for the Fermat-Weber problem of finding a vector X € R4
that minimizes the sum of (weighted) Euclidean distances to the vectors a;,...,a, € Re,

m
X = min Z wi||x — ai||2 (2.22)
xeRd i1
with weights w1, ..., w,; > 0. Unlike the IRLS framework above, Weiszfeld’s algorithm does

not involve an objective with updated smoothing — for convex objectives, the smoothing is
less crucial than for non-convex objectives. A modern exposition including many historical
remarks can be found in [BS15]. We note that in statistics, the objective of (2.22) (with w; = 1
for any i € [m]) is called spatial median [DM87] or Li-median [VZoo] of the data points
a;,...,an € R™,

The name Iteratively Reweighted Least Squares comes from regression problems: While in
classical linear regression the regression coefficients x1, . . ., X, of a linear model with explana-
tory variables in the columns of an (overdetermined) matrix A € R™" with m > n and
dependent variables y1, ...,y are calculated by solving the least squares problem

min ||Ax - y||3, (2.23)
xeR"

regression estimates that are more robust to outliers from the statistical model can be obtained
by solving an £,-regression problem [Nyq83] for 1 < p < 2 such as

min ||Ax — y||F. 2.2
xeR“” vl (2.24)

Unlike (2.23), its solution cannot be obtained by solving just a linear system if p < 2, but
a simple computational strategy [Sch73, MS74, BT74, HW77] with remarkable properties to
obtain the solution of £,-regression consists of iterating

x*1) = argmin ) w” ((Ax); - o),
xeR" 3 (2.25)

p—2
wl(.k+1> = ‘(Ax(k“))i - yi‘ for any i € [m].

Osborne [Osb85, Chapter 5.4] showed that this IRLS algorithm is locally convergent to the
solution of (2.24) with a linear rate for 1 < p < 3. {,-regression problems are of interested
also beyond the classical statistical context, e.g., in semi-supervised learning using graph p-
Laplacians [BHog, EACR*16], also for p > 2. In approximation theory, similar algorithms for
Le- and Lp-norm approximation with orthogonal polynomials had already been proposed in

1For p = 1, the additional assumption that the solution of (2.24) is unique is needed.
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the 1960s [Law61, RU68]. A historical account of some of the history of IRLS methods in the
approximation theory community can be found in [Wato1].

In the image processing community, the idea of IRLS is usually known under the name of
half-quadratic minimization [AVg7,NNos], interpreting the procedure as an alternating mini-
mization of a variational functional that is quadratic in one of its two variables. The first papers
to introduce this idea to obtain efficient algorithms for minimizing total variation [ROF92] type
of regularizations are [GR92,GY95]. In [ODBP15], IRLS algorithms are considered as a part of
a general framework of iteratively reweighted algorithms to minimize non-convex objectives
for applications in computer vision.

The IRLS framework was formulated and extended to general convex and coercive func-
tionals defined on a convex domain in [BDMSog9], allowing for a general class of continuously
differentiable smoothing functions F, and respective quadratic approximations Q.. In [Becis],
asymptotic sublinear rate of convergence to the minimizer of a convex functional F was shown
for an IRLS scheme corresponding to a fixed smoothing parameter €.

In Chapter 1, the problem of finding sparse solutions of underdetermined linear systems
with system matrices A € R™" m < n, and measurement vector y € R™, was already
intensively presented and studied. An IRLS algorithm for the log-sum objective, the vector
analogue of the log-det objective from (2.7), and for £,-minimization

min ||| (2.26)
Ax=y

for 0 < p < 1 has been proposed in [GR97, RK9g] under the name FOCUSS. An additional
challenge compared to the problems tackled by the IRLS algorithms above is here the potential,
severe non-convexity of the objective, as in (2.26) for p < 1. This renders the convergence
to non-global, local minima that are far from the optimal function value to be an issue
[GR97, WN1o0].

To mitigate this, IRLS algorithms with smoothing strategies for (2.26) were proposed in
[CYo8, DDFG10, WN10, Vor12,VD17], and a non-trivial theoretical analysis of the algorithm’s
convergence behavior was provided in [DDFG10]. In particular, it was shown that, under the
assumption that A fulfills an £,-null space property [FR13, Chapter 4] and that there is a sparse
solution x° compatible with the measurements, the IRLS strategy of [DDFG10]

* converges globally to the sparse solution (convex case of p = 1), and that

* for any 0 < p < 1, the corresponding IRLS strategy converges to the sparse solution if
the iterations begin with a vector sufficient close to x°.

* Furthermore, a local convergence analysis showed locally linear convergence for p = 1
and, interestingly, locally superlinear convergence with a rate of 2 —p for0 < p < 1.

A result about a local rate of convergence of order 2 — p can be already found also for
FOCUSS [GR97,RK99], which, unlike the IRLS of [DDFG10], does not use any smoothing of
the objective. The result even holds for the log-sum case, which can be seen as the limit case
p — 0 in a certain sense, where a quadratic local convergence rate is available. However,
FOCUSS has worse sparse recovery properties than the smoothed IRLS variants [CYo08], and
unlike the local convergence analysis of [DDFG10], [GR97, Theorem 3] is of asymptotic nature.

The works most related to this chapter of the thesis are the papers [MFioa, MF12, FRW11],
where Iteratively Reweighted Least Squares algorithms for the low-rank recovery problem
(2.1) were proposed and analyzed. In [FRW11], an algorithm called IRLS-M was conceived to
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minimize the smoothed nuclear norm

dy
FoX) = ) fie(i(X) (2.27)
i=1

with
oi(X), if 0i(X) > €,

0i{(X)) = o2

Fre(0i(X)) {%( le(x_) +e), if 0/(X) <,

of a matrix X € R9*%_ This is done by using quadratic bounds Q,(-|X®) as defined in (2.17)
corresponding to the weight operator W) defined by

Wk (x) = (x®xk 12y, (2.28)

where (X(k)X(k)*)ek is the matrix resulting from replacing its singular values ((II.Z(X(]‘)));T‘{:1 by
(max(e,%, al.z(X(k)))?zl. Furthermore, the smoothing ¢, is updated according to the rule that
for some ¢ > 0,

€xs1 = max (ex, cor1(XH)), (2.29)

for any iteration k € N, where r is a guess of the rank of the matrix X° of lowest rank compatible
with the measurements such that ®(Xy) =Y in (2.1).

The authors of [FRW11] show that the accumulation points of the sequence of iterates
(X)) en are minimizers of F- under the linear constraint defined by the measurements (®, Y)
if €* := limg_,o € > 0. Furthermore, it was shown that the smoothing parameters eventually
convergence to 0, i.e., €* = 0, and the iterates converge to the nuclear norm minimizer if ®
fulfills an appropriate restricted isometry or strong null space property (see Section 2.2.1 for a
discussion).

In this sense, it can be said that the analysis for IRLS-M has generalized the corresponding
property of the IRLS strategy of [DDFGio] for sparse vector recovery to low-rank matrix
recovery as far as the first bullet point above is concerned, but a generalization of the other
two could not be achieved.

Around the same time, but independently, the papers [MF10a, MF12] proposed a family of
IRLS algorithms for low-rank matrix recovery to minimize, for a given parameter 0 < p < 1,
the smoothed functionals F, : R4"*% — R given by

B {24:21 (c2(X) + 62)% for0<p<1,
Fe(X)={20 ! (2.30)
Y2, log (0#(X) +€%) forp =0,

corresponding to smoothed Schatten-p quasi-norms for p > 0 and to a smoothed logdet objec-
tive for p = 0. At iteration k, their algorithms use quadratic bounds Q, (- |X(®) corresponding
to the weight operator

wh(x) = xxEXO 4 214,)271, (2.31)

while using the smoothing update rule

€k
€k+1 = ; (2-32)

for any k € N and some given parameters g > 0,1 > 1.
For this IRLS algorithm, [MF10a, MF12] obtain a similar (but slightly weaker) convergence
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statement as [FRW11] in the nuclear norm case corresponding to p = 1. For the non-convex
cases p < 1, they also show that the accumulation points of the iterate sequence (X®);cy are
stationary points of the smoothed functionals (2.30) under the linear constraint. Unlike in the
sparse vector recovery case [DDFG10], local convergence statements or rates of convergence
have not been obtained for p < 1.

In [LXY13], the authors presented an analysis of extensions of the IRLS algorithms of
[DDFG10] and of [MF12, FRW11] to unconstrained {,-minimization and Schatten-p minimiza-
tion, that is, for IRLS algorithms designed to solve

1
: p 2
min ||x||;, + —||Ax —
XER™ ” ”p 21” Y||2

or
. 1 2
min (X[, + o 19X - Yz
for a given regularization parameter A > 0. For their algorithms, the authors prove analogue
results to the ones of [DDFG10] and of [MF12, FRW11]. While the authors claim that the local
convergence rate analysis of their sparse recovery IRLS [L.XY13, Theorem 2.9] will extend to the
low-rank matrix recovery case and is left to be shown by the interested reader [1.XY13, p.950],
no numerical evidence is presented to support this claim.

Finally, a few recent works were dedicated to a more refined convergence analysis of IRLS
algorithms without updated smoothing: For continuously differentiable objectives and not
necessarily convex F,, the authors of [RZ15] show convergence of the sequence of iterates to
the set of stationary points and provides a qualitative analysis of basin of attractions of local
minima. [RYZ18] extends these results to the case of inexactly solved weighted least squares
problems, for example by conjugate gradient methods, and strengths the analysis of [RZ15]
by showing that the iterates’ trajectory has finite length with convergence to stationary points.
A similar statement follows from [BP16, Theorem 6].

2.3.2 The Quest for Optimal Quadratic Bounds: Second-Order Structure of Spectral
Functions

In Section 2.3.1, we saw that it has been possible to derive IRLS algorithms for non-convex
{p-minimization problems (2.26) with local convergence guarantees under appropriate as-
sumptions on the null space property of the linear operator defining the problem, including
guarantees indicating a local rate of convergence of order 2 — p [DDFG1o0]. It is also well-
documented that this superlinear convergence rate often can be observed already after quite
few iterations, for example in [DDFG10, Section 8.1], making IRLS a simple and scalable,
viable algorithmic option for €,-quasi norm minimization [ZMW"17].

However, in the low-rank matrix recovery context, the IRLS algorithms of [MF12, FRW11]
for Schatten-p quasi-norm minimization

d
min Z o?(X) subject to d(X) =y,
XeRd1xd2 £ !

i=1
with 0 < p < 1 have not been known to possess local convergence guarantees of a similar
type, despite the similar nature of the two problems, and neither has any superlinear rate
been observed empirically [MF12, Figures 1-2].2

2This is also the case for the natural extension of IRLS-M of [FRW11] to p < 1, adapting the exponent of the
weight matrix in its weight operator wk),
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This raises the following questions:

1. Why do the quasi-norm variants of the IRLS algorithms [MF12, FRW11] not exhibit a
fast convergence behavior? Is it due to a fundamental difference between the structure
of sparse and low-rank recovery problems?

2. Is it possible to define improved IRLS algorithms for non-convex rank surrogates
which combine fast local convergence rates with good global convergence behav-
ior?

In the rest of this section, we shed light on both questions.

From an algorithmic point of view, it can be said that the algorithms of [MF12] and [FRW11]
differ in basically two main details (apart from implementation details): The choice of the
smoothing, including the choice of ¢, (see (2.29) and (2.32)) and the fact that the weight
operator Wk of [FRW11] acts through left-multiplication on X, whereas Wk acts through
right-multiplication on X in the IRLS proposed by [MF12].

Recalling the results for sparse recovery, it can be conjectured that the local convergence
rate does not depend on the exact choice of the smoothing, or at least, that any fast convergence
rate would be rather deterred than promoted by any sort of smoothing, as even the unsmoothed
IRLS variant FOCUSS [GR97,RK99] exhibited the fast convergence rate of order 2 — p.

For this reason, leaving details in the smoothing aside, and taking the version of [MF12] as
a starting point, it is straightforward to conceive an IRLS algorithm based on the minimization
of weight least squares problems

x**D = arg min(X, w® (X)) (2.33)
X:(X)=y

with weight operator W) : Rd1xdz _; Rdixdz
« p_
W) = XX+ €14,)2 71X, (2.34)

which we call IRLS-col as the matrix (X®X®)* + e,fldl)%‘l acts on the columns of X through
left-multiplication. Following up on this convention, we call the IRLS algorithms defined
by the weight operator (2.31) in the subsequent discussion IRLS-row, as the weight matrix
(xUOrx k) 4 eildz)g‘l acts on X through right-multiplication, corresponding to a transformation
of the rows of X.

It is important to observe that the quadratic forms of (2.33) are quite different, even in the
case of rectangular matrices X € R4*% with d; = d, depending on whether IRLS-row or
IRLS-col is used: If XK = Ui XV, is a singular value decomposition of a rectangluar matrix
X" then

W = (xOx0* 4 21,)571 = Uy diag 6L, U,

where
p—-2

) = (@7 + ) (235)

fori € [d], but
k * p_ . k *
Wi, i= (X0 x® 1 2141371 = v, diag(6\))L, Vi,
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so that, for example, if Uy = I,

X, WHOX)) = (X WH(X)) = tr (x*uk diag(5§k>)§zluzx) _ (x* diag(Ei)lex)

di da

=2 05X,

i=1 j=1

for IRLS-col, but
di dy

X W) = (X WOX) = tr (Vi) XV diagG)L, ) = D D 50OV

i=1 j=1

if we decide to use IRLS-row, so that the landscape of the quadratic forms is very much

different, for example, if Vy is far from the identity.

In fact, it turns out that the IRLS algorithms of [MFi2] and [FRW11] only use either
information about the column space or about the row space of the current iterate X¥) to
define the quadratic forms to be minimized in the next iteration, but not information about
both of them. This seems to be quite unnatural from an information-theoretic point of view,
as a certain low-rank (rank-r) matrix X° is characterized by the fact that it is an element of
the intersection of its (r-dimensional) row space and its (r-dimensional) column space.

The theoretical convergence properties of the algorithms in the papers that have been our
main focus of discussion, [DDFG10, MF12, FRW11], are derived using a variational approach,
interpreting the main steps (2.17) and (2.21) of the IRLS algorithm as an alternating minimiza-
tion of a functional depending on both X and the weight operator W. While this approach
serves to a certain extent its purpose, it is not a constructive approach to derive more suitable

weight operator rules, as the precise form of the weight operator is already implicit in the
design of the variational functional (which is called ¥ in the three papers).

First-order derivation of IRLS algorithms

To understand from where a potential deficiency of IRLS-row and IRLS-col arises, let us
recall the following, simple argument to derive IRLS algorithms, which goes back to [GRg2],
see also [CBAB97, Theorem 1]:

For the recovery of a sparse, n-dimensional vector x, let 0 < p < 2 and consider the
ex-smoothed £, quasi-norm F, (x) := 1—2) 2?21(|Xi|2 + e]%)l’/ 2. Then the function G, : R" — R,

Ge, (%) := F, (4/|x]) is concave in its argument and therefore (see, e.g., [BVo4, Chapter 3.1])

Fo, (%) = G (0)°) < G (xM)%) + (VG (x¥)%), x* = (x)?)
d

RS e () = 0o

k _
= (x)2 4 e2)1-pr2

where VG, : R" — R" is the gradient of G, fulfilling

n

1
(yi + 6%)1_13/2) ?

Fe (x) = VG (y) = diag(
i=1

and x? and (x®))? denote the vectors of squared coordinates of x and x¥, respectively.
This shows already that we have obtained with Qek('lx(k)) a valid, global quadratic bound
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(2.19) of F, which coincides with F,, atx = x® ie., (2.20) holds. This gives rise to precisely
the algorithm of [DDFG10], as Q, (- |x)) can now be minimized under the the linear constraint
to obtain a descent in the function value of F, (x).

An analogue argument can be used to derive the algorithms IRLS-col and IRLS-row:
Indeed, if F, : R%1*d2 _;, R is the ¢;-smoothed Schatten-p quasi-norm such that

[Slis}

2 % 2
Fe(X)=—tr (XX + €kId1) (2.36)
p

p
and if G, : R1*4 — R is defined such that G, (Y) = %tr (Y +€714,) %, we will make below
rigorous that G, is concave for 0 < p < 2 and therefore

Fo, (X) = G (XX*) < G (X0x07) 4 (vG,, (xWx®) xx* — xx0*y
= Fe,(X0) + tr ((x<’<)x(’<>* ey )t (XX _ x(k)x(k>*)) —: Qo (XIX®),
(2.37)

p_
as the gradient VG, of G, at XWX®* fulfills VG, (XPX0*) = (XOX®* 1214 )27!. Compar-
ing this to (2.17) and (2.34) quadratic bound Qek(~|X(k)), we see that we have basically derived
IRLS-col with this estimate. )

However, if we just slightly change F,, such that F,, (X) = %tr (XX* + eildz)i, and set G,

P
as G, (Y) = ;2, tr (Y + €21g,) 2, we obtain

Fo (X) = G, (X*X) < G (XW*x®)) 4 (VG,, (x0x0), xx — x0*x(0)
= Fo (X)) + tr ((X(k)*X(") +ely) ! (X*X - x<k>*x(k>)) —: Q. (XXM,
(2.38)

which corresponds to IRLS-row due to (2.31).

The fact that this standard derivation of IRLS algorithms does not lead to a unique quadratic
upper bound of F, in the rank surrogate case suggests that it is worthwhile to look for a deeper
understanding of the problem structure.

In [KS18], we analyze an IRLS algorithm called Harmonic Mean Iteratively Reweighted Least
Squares (HM-IRLS), which comes to its name as it corresponds to choosing the quadratic bounds
Qe (-]X™) and the associated weight operator W) as the harmonic mean of the corresponding
ones used in IRLS-col and IRLS-row (or, to put differently, the harmonic mean of the right
hand sides of (2.37) and (2.38)). More precisely, instead of (2.31) or (2.34), the harmonic
mean weight operator W®) : Ré1¥d2 _, Rd1%d2 i defined such that for any X%1*d2,

wh(x) = U [H(k) o (U;ka)] \ (2.39)

where U € R4 and Vi € R%*% are again left and right singular vector matrices of XX,
A o B denotes the entrywise (Hadamard) product of the matrices A € R9*% and B € R41*%

and H® is defined as )

(a'l,(k))—l + (&'j(k))—l

(HY); =

for any i € [d1],j € [d2] with Ei(k) as in (2.35).
The analysis of [KS18] shows that this choice of W¥) leads to considerably tighter quadratic
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bounds than IRLS-col or IRLS-row, achieving fast local convergence properties of order 2 —p,
comparable to what has been obtained for the non-convex variants of [DDFG10] for sparse
recovery. On the other hand, it was shown that simpler weight operator choices as the
arithmetic mean of the weight operators of IRLS-col and IRLS-row do not possess these
favorable properties.

But is there a way to justify the success of the harmonic mean weight operator (2.39) in
a more constructive way? Are there maybe weight operators corresponding to even tighter
quadratic bounds than the harmonic mean ones?

To understand this, the derivative structure of smoothed spectral functions F. will be
crucial. As a preparation, we collect a few results on first and second (generalized) derivatives
of spectral functions.

Definition 2.3.1 (Spectral functions over Rrxdz [Fri81,Lewogs,Beci7,L.Sosa,.Sosb]). A func-
tion F : R9%% — R is called a spectral function over R1*% if there exists a function f : R? — R
for which F = f o g, where

o:RW% 5 RE X 5 o(X) = (01(X),...,04(X))

is the function mapping matrices in R1*% to its singular value vector o(X). In this case, we call
f the associated function of F.

An important property of spectral functions F is that they are, the singular values o(X),
unitarily invariant in the sense that for any U € 0% = {U € R¥*% : UU* = U*U = Iy, },
Ve 0% = {VeR®2% VW = V'V =1} and X € R,

F(U"XV) = F(X).

Remark 2.3.1. We note that in the matrix calculus literature, the term spectral function more
commonly refers to functions that are defined on the space of symmetric matrices S¢ = {X € R .
X* = X} as a concatenation of the function A : S¢ — R4, X — A(X) = (1(X), ..., Aq(X) mapping
matrices to their eigenvalues with a real-valued function f [Lew96,.So1,LSo2, MS18], while
functions of singular values as in Definition 2.3.1 are sometimes called singular value functions
[LSosa,LSosb]. We follow the more general Definition 2.3.1, used also in [Beciy, Chapter 7],
throughout this thesis.

Definition 2.3.2 (Absolutely permutation symmetric functions). 1. Let x € RY. We call
r(x) € R? the non-increasing rearrangement of x if it holds that

r(x); 2 r(x)2 > ... >r(x)q
and there is a permutation matrix P € P? such that r(x); = (Px); for all i € [d].

2. We call a matrix P signed permutation matrix if there exists a permutation matrix Py € P4
and a diagonal matrix D € R%™? with only values of —1 and 1 on the diagonal such that
P = PoD. We denote the corresponding set by +P<.

3. We say that a function f : R? — R is absolutely permutation symmetric if

fx) = fr(Ix) (2.40)

for any x € RY.
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We note that (2.40) is equivalent to

f(x) = f(Px)
for all signed permutation matrices P € +[P4.

In the following, whenever it is clear that d = min(d, d;) refers to the minimum of two
dimension parameters d; and d, for v € R?, we use the notation dg(v) € R4*4 for the
rectangular diagonal matrix such that for any i € [d1], j € [d2],

v, ifi=j,
dg(v);; =
8@y {0, else.
We proceed with the following results due to Lewis and Sendov [L.Sosa] about first deriva-
tives and convexity of spectral functions.

Proposition 2.3.1. Let F : R4*% — R be a spectral function F = f o ¢ with an associated
function f : RY — R that is absolutely permutation symmetric. Then, F is differentiable at
X € R4*% if and only if f is differentiable at o(X) € RY.

In this case, the gradient VF of F at X is given by

VF(X) = Udg (Vf(o(X))V"
if X = Udg (o(X))V* for unitary matrices U € 0% and V € 0%,

Proof. The statement about differentiability follows directly from [L.Sosa, Corollary 7.4]. The
expression for the gradient VF(X) follows by specifying the formula of [L.Sosa, Theorem 7.1]
to the case of singleton subgradients. O

Proposition 2.3.2 ([LSosa, Proposition 6.1]). Let f : R?Y — R be convex and absolutely
permutation symmetric. Then the spectral function f o o is convex on R4 if and only if f is
convex.

Proposition 2.3.1 and Proposition 2.3.2 can be used to make the calculations of (2.37)
and (2.38) rigorous, as, first, the concavity of the functions G, follows from the concavity
of the function g, : R? — R, g (x) = %Zf:ll(lyil + €2)P/2 in x and Proposition 2.3.2, and,
second, if X¥) = U dg(o(X(k>))Vk with unitary U, € O% and Vi, € O%, then Yy = xxk) =
Ui dg(oz(X(k)))Ui, and therefore

p_
VG, (XWx0*) = VG, (vW) = Uy dg (((a?(X“‘)) + e,f)P/z‘l)f:ll) UL = (XOx0 4 21 )27,

which justifies (2.37) and IRLS-col. An analogue argument can be made to justify (2.38) and
IRLS-row.

Related to the presented derivation of IRLS algorithms based on a change of variables are
certain recipes that can be found in the literature as a guideline to derive IRLS algorithms
[ODBP15, Algorithm 6], [RZ15, (2.2), (2.3) and Proposition 2.6].

In fact, these recipes are based on property (2.18), which required that the spectral function
F,, and weight operator W®) : RGixd2 — Rdixd2 fyfi]]

VF,, (X(k)) =w® (X(k)).
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This property is needed to ensure that the quadratic bound Q,, (X|X®)) of (2.17) is quadratic
in X without a term that is linear in X. The purely quadratic structure of Qek(-lx(k)) can be
justified by the desire to obtain quadratic bounds with a similar geometry as the function F,
to be majorized, which also attains its global minimum at the origin (if no constraints are
present) in all cases we are interested in.

Indeed, recalling the spectral function F, with

dq

2 5 2
F, (X) = }_7 tr (xx* + efldl)z = 1_3 Z (al.z(X) + e,f)
i=1

[S1iS}

used for IRLS-col above, we use Proposition 2.3.1 to see that

d
VEF,, (X) = Udg( oi(X) ) v
i=1

(02(X) + €2)17%
if U € 0% and V € 0% are unitary such that X = Udg(o(X))V*. This verifies that (2.18) holds,
since furthermore
k , p_
W(k)(x(k)) — Wgoix(k) — (X(k)X(k) + €£Id1)2 Iy (k)
= Uy diag((02(X®) + €))L, UL U dg(o X))V
)

Y= (k)
(02(XW0) + 65)1—5 Vi = VF (X'V).

i=1

= U dg

Analoguously, (2.18) can be easily verified for IRLS-col, and also for the variant HM-IRLS
[KS18].

This illustrates why the constructive rules [ODBP15, Algorithm 6], [RZ15, (2.2), (2.3) and
Proposition 2.6], which are adapted to functions F, that are separable in the coordinates of
their argument, are not sufficient to obtain a unique formulation of IRLS for low-rank matrix
recovery.

Our approach: Second-order derivation of IRLS

We now would like to take a different point of view on the problem, which involves (generalized)
second derivatives of spectral functions.

A relationship between IRLS algorithms and second-order methods as Newton’s method
was already observed in [Wat77], where Watson argued that IRLS for £,-regression (2.24)
with 1 < p < 2 [Sch73,MS74] corresponds to taking a step of Newton’s method with a step
length of p — 1 times the original Newton step length, see also [Lig3]. In [GRg7, Section V.C],
it was observed that for non-convex sparsity surrogates, the unsmoothed IRLS variant FOCUSS
correspond to a modified Newton’s method where the modification is such that the negative
eigenvalues of the Hessian of the objective a replaced by the positive ones at an appropriate
scaling.

In general, Newton-type algorithms exhibit often quadratic or superlinear convergence
rates if they are used in a neighborhood of a desired solution, however, it is not clear whether
they actually provide a descent in the objective at each iteration.

A step of Newton’s method (see, e.g., [NWo6, Chapter 3]), also called Newton-Raphson
method [Bergo], to minimize a spectral function F, with evaluation point X € R%1*¢2 under
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the linear constraint ®(X) = Y would correspond to solving

1
x® D = arg min F, (X0 + (VF,, (x®),x - X0y 4+ 5 X~ x® v2E, (X0 x - X0y (2.41)
X:0(X)=Y

if F., is a twice continuously differentiable function, where the Hessian of F, at X,
V2F,, (X)), is a linear operator such that V2F,, (xW0)) : gdixda _, Reixdz

However, if F, is an ex-smoothed Schatten-p quasi-norm with p < 1 as in (2.36), we expect
the Hessian V2F,, (X)) to be indefinite in general, since far from the zero matrix 0 € R4,
the ex-smoothing will not play any role and F,, will be locally concave, whereas close to the
zero matrix O € RledZ, (2.36) is basically quadratic, and therefore convex.

Thus, we can say that the quadratic model of F,, used by (2.41) will not fulfill a majorization
property as (2.19), not even locally around X*). While there might be line search techniques
or other step-size rules that can be applied to ensure a descent in the objective, this is not
the avenue we want to pursue, also since evaluations of spectral functions as F,, will be
computationally expensive.

In [BL88], a general framework for quadratic approximation was presented which ensures
the majorization property (2.19) at each iteration for a scheme that, translated to our matrix
function setting, replaces the Hessian VFek(X(k)) at each iteration by a matrix operator B :
Réxd2 5 Ré1xda that js a global upper bound such that

B > V?F, (X)

for any X € R9*%_ Here, as usual, we use the symbol > in the sense of Loewner order such
that two matrix operators A, B : R1*4 — R41%¢ fy]fill A > B if and only if

(Z,A(Z)) = (Z, B(2))

for all matrices Z € R91%d2,

The framework of [BL88] does not quite correspond to what our intended IRLS scheme is
supposed to do, as the weight operators W* of (2.17) depend on the matrix X, but it gives
us the intuition that

wk > VzFek(X(k)) (2.42)

will be at least a necessary condition we will need to fulfill for any X*) to have any chance to
ensure the majorization property (2.19).

To ensure a property as (2.42), it is crucial to understand second derivatives of spectral
functions.

Second derivatives of spectral functions have been considered in the literature almost
exclusively for the case of functions depending on the eigenvalues of a symmetric matrix
[LSo1,L.So2,QY03,DKis], but, to the best of the author’s knowledge, not of spectral functions
as defined in Definition 2.3.1.

However, it is possible to derive results for second derivatives of functions depending on
the singular values of a matrix by combining Proposition 2.3.1 with results on the derivatives
of certain spectral operators [DSST18], so-called non-Hermitian Loewner operators [Yanoo,
Theorem 2.2.6], [Nof17, Corollary 3.10].

As a preparation for the next result, we define the symmetrization operator S : R4

-
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R4 that maps any Z € R such that
1 .
5(2)=5Z+17), (2.43)
and the antisymmetrization operator T : R*? — R4 such that
1 R
T(Z) = E(Z -7 (2.44)

for any Z € R%4,

Theorem 2.2. Let f : R59 — R be differentiable function with L-Lipschitz first derivative f’ such
that f’ is right differentiable at 0 and f’(0) = 0.

Then the spectral function F : R0*% — R F(X) = Zle floi(X)) = Z?:l f(o;) is differen-
tiable with L-Lipschitz gradients VF and furthermore almost everywhere twice differentiable.

In particular, F is twice differentiable at X € R4*% if and only if f is twice differentiable at
all o1,...,04. In that case, if additionally d, < do, the Hessian V?F(X) of F at X is given by

V?F(X)(Z) = U [H; 0 S(U*ZV;) + Hp 0 T(U*ZV;) Hj 0 (U*ZV,)| V* (2.45)

for any Z € RY*%  n the notation of (2.45), X has the singular value decomposition X =
Udg(o)V* withU € 0%, V = [V1 Vz] € 0%, v; € R%2Xd vy, ¢ R92Xd2=d) T qnd S are as in
(2.43) and (2.44), and H; € R is such that for i,j € [d],

o [ asn,
1)ij = ' ]
f"(o1) if o; = 0j,
the matrix Hy € R is such that for i,j € [d],
fllo+f' (o)  .» )
(Hp);j = 0i+0j foi+o;#0,
f"(o1) ifo;=0;=0,

and Hy € R4~ js qych that for i € [d1],j € [dy — d],

o f'(o1)/oi ifo; #0,
(H3);j = {f”(ai) foi=0.

Proof. Since f is differentiable, it follows from Proposition 2.3.1 that the spectral function F is
differentiable with gradient

VF(X) = Udg (Vf(o(X))V* = Udg ((f’(oi))le) v*

at any X € R9*%_ Functions as X +— VF(X) are also called non-Hermitian Léwner operators
[Low34,SS08,DSST18] or generalized matrix functions [HBI73, Nof17], and [ACP16, Theorem
1.1] implies that since f’ is L-Lipschitz, X +— VF(X) is L-Lipschitz with respect to the Frobenius
norm. Rademacher’s theorem then implies that VF is almost everywhere differentiable (with
respect to the Lebesgue measure).

Furthermore, it follows from [Yanog, Theorem 2.2.6] that f is twice differentiable at
o = o(X) if and only if F is twice differentiable at X, and the formula for the Hessian (2.45)
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at the points of twice differntiablity X is due to [Yanog, Theorem 2.2.6] and [Nof17, Corollary
3.10]. O

In the remainder of this chapter, we focus on a specific family of spectral functions which
are smoothings of (scaled) Schatten-p quasi-norms and logdet objectives and generalizations
of (2.27) [FRW11]. This family is given by {F,. : 0 < p < 1,€¢ > 0} in Lemma 2.3.1.

Lemma 2.3.1. Let 0 < p < 1 and € > 0. Define the function f, . : R>o — R such that

11_)01), ifo>e, (2.46)
o) = 2.46
fp,e() %;2;__2}7_'_(}1_)_%)6?, if0<o<e N
for0<p<1,and
log(o), ifo>e,
Fre(o) = ) . (2.47)
D€ %(er_z_i_%(zlog(g)—l), if0<o<e

forp=0.
Then the spectral function Fp : R4*%2 s R defined by

L |22, [log (max(i(x), ) + § (ML )|, ifp=o,
o) = ) foeo1%) = 2L, | maxo (), e + 3 (TUGBE _er)| . o<ps<1
i=1 i=1|p i\&), 2 21 ) b=14

(2.48)
is differentiable? with eP~2-Lipschitz gradient VF b,e» Which is given by

O'i(X) ‘ v*
(max(oi(X), €)>p )i:l

for any X € R%1*% where X = Udg (0(X))V* = Udg (0)V* is a singular value decomposition
with unitary matrices U € O and V € 0%,

Furthermore, F, is twice differentiable for all X € 9, := {X :0i(X) # eforali e [d]}
and, defining R := |{i € [d] : 0:(X) > €}| and if additionally d, < do, its Hessian Vsz,e(X) :
RO*d2 s Rxd2 gt X € G, is given by

VF,(X) = Udg

V2F,(X)(Z) = U [H; 0 S(U"ZV;) + Hy 0 T(UZV) Hj 0 (U*ZVy)| V7, (2.49)

where T and S are as in (2.43) and (2.44), [V1 Vg] =V, V; € R2Xd vy, ¢ Rl2X(d2=d) 4pnq
H; € R¥%% 5 sych that

_2 ipe s
(p—1)o? ifi,j < Rand 0; = 0,
Pl Pl ol TP_gl7P
: P i ; e
= 40— ifi,j < Rando; # 0;
0i—0j oil po} p(c,—oj) f ] ! P
(Hy)y =% 2 (2.50)
P p s . 2.50
Vi = ifi <R,R <], 5
GP_I—ZU—I
J € 7P . . .
Oj—Ui If] S R:R < l;
P2 if R <i,j,

3Whenever there is no ambiguity about p, we will call f, ¢ and Fj, ¢ also fe and Fe, respectively.
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the matrix Hy € R is such that for i,j € [d],

-2 pe .
o} ifi,j < Rand o; = 0},
-1, p-1 1-p, 1-
oo o e ifi,j <Rand o; # 0
oitoj O'l.l_PO';_P(Oi+O'j) S ! >
p-1, 9
H>):=1<% T35 o . 2.51
(2)1] T;'j ifi <R,R <], (2.51)
p-1, 9
9t ifj<RR<i
0jt0; - ’ ’
P2 ifR<1,j,

and Hy € R~ 5 ych that for i € [d1],j € [dy — d],

p—2 e
o ifi <R,
(H3);j = { .

2 ifR <.

Proof. Considering first the one-dimensional functions f, . from (2.46) and (2.47), we note
that f, . is differentiable on R with derivative

ap_lzaf—,p, ifo>e,p>0
o .
-, if0<o<ep>0, o
fpe(0) = 61“ o : P =————foro#e.
; l=9, ifo>ep=0 max(o, €)%7P
gz, if0<o<ep=0
For the case 0 = €, we note that
1 p_1l.p
 frelet W)~ fol) et —ger
lim 2££ P =~ lim E— P !
h>0,h—0 h h>0,h—0 h
and
1(erh)? (1 _1yp _1.p 1 2 1.2
lim fp,e(e + h) _fp,e(e) _ lim 2 ¢27p + (p 2)6 pe _ 6p_2 lim §(€+h) - Qe
h<0,h—0 h h>0,h—0 h h>0,h—0 h
for p > 0, which shows that
o
fpel0) = ———— (2.52)

max(o, €)%7P
forany ¢ > 0 and 0 < p < 1, as an analogous calculation shows the existence and value of
fpe(€) for p = 0.
Furthermore, f, . is Lipschitz continuous with Lipschitz constant L = ez%p, as its (general-

ized) derivative is globally bounded by Ez%p [ is also right differentiable at 0 and f; .(0) = 0.
In fact, it can be seen that f;:,e is differentiable almost everywhere except from at o = ¢, and

(p—1)oP2, ifo>e,

fre(0) = {eP‘Z (2.53)

ifo <e.

The statements of Lemma 2.3.1 then follow directly from Proposition 2.3.1 and Theorem 2.2 by
inserting the formulas (2.52) and (2.53). m]
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Based on Lemma 2.3.1, we can now state necessary conditions for quadratic matrix functions

Qc(-|X*) to be local upper bounds onto the smoothed spectral functions F, at a given X* e
Rledz.

Theorem 2.3 (Necessary condition for quadratic upper bounds for smoothed rank surrogates).
Let d < dy and X® € @, := {X e RO™% : 5,(X) £ eforalli € [d]} be a matrix where the
spectral function F, from (2.48) is twice differentiable, let X% = Uy dg(o(k))Vz be a singular value

decomposition of X® with U, € 04, v = [V(lk) V(zk)] € O, ng) e Rd2xd ng) € Rd2x(d2=d)
andletR = |{i € [d] : ng) > €}| be the number of singular values of X% larger than e.
Let H(lk) € Rdxd H(Zk) e Réxd1 gnd Hgk) € RIX(2=d) pe matrices and

(H(lk))ij >(p— 1)(0510)‘”_2 and (H(zk))ij > (O'Ek))p_z foralli,j < R with ng) = cyj(.k), (Co)

(0o} (@140

k k .. . k k
(H(l ))U 2 o, and (H(z ))ij 2 Wfor alli,j < R with ag ) ¢ oj(. ),
i j i j
(C2)
*) o @ otk
k @ o k e : .
H)j > ——g—i and (HY);j > ——5—&=L forall i < R,R < j, (C3)
9; —9; 0, +0;
()yp-1_ 04" Wy oM
k (o P~ Kk (0 ) 2= . :
(H(1 ))ij 2 ]G(k)_a(k)z - and (H(2 D = ]U(k)+o(k)2 L forallj <R,R <1, (C4)
(H);) > €2 and (HY);; > €2 for all j < R,R < i, (Cs)
(Hék))i,j—d1 2 (ol(_k))p—z foralli <Randj > dj, (C6)
(H(gk))i,j—dl > P2 forallR <iandj> d;. (C7)

Then the conditions (C1)—(Cy) are necessary for the quadratic matrix function (see also (2.17))
Qc(-|x*) : Rx2 5 RéXd2 dofined by

Q(X|XW) = F . (x®) + (VF.(xW), x — x®)y + %(x —x® wh(x - x®))
with weight operator W) : R4*d2 _ Rd1xd2 gch that
wk(z) = U, [H(lk) osU:zvi?) + HY o T(UzzZVY) HY o (U;zv(zk))] Vi,
to be a local upper bound of F, in a neighborhood of X%, i.e., to fulfill
Qe(X|X") > Fe(X)

for all X € R in an open neighborhood of X®).

Proof. The result of Theorem 2.3 follows from Lemma 2.3.1 and Taylor’s theorem: Indeed,
by Lemma 2.3.1, if any of the conditions (C1)-(C7) is not fulfilled, there exists a pair (i, j) €
[d1] X [d2] and a matrix Z € R4*% such that U ZV = %(eie}k +ejef), U ZVg = %(eie;f —eje;)
(if j < dy) or U ZVy = eie;.‘ (if j > d1). In the first case, it follows then that

(Z,w®(z)) = (U:zvi, BY o (UizVy)) = HDY); < (2, V2F, (XF)(2)),
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and the two other cases are analogous.
By Taylor’s theorem, since V2F(X®)) is continuous in a neighborhood of XX, for any
X € R4 that is close enough to X¥), there exists a matrix @y y such that

(Z,Ww®(2)) < (Z, V*Fc(Ox00 x) (),
and therefore
Fo(X) = Fo(X%0) + (VF(x®), x — x®)y + %(X — X®), V2F, (050 x) (X — XV))
> Fe(xH) + (VEL(X®), X = X + 2 00— X0, wih(x - X0) = Qxixh),

if X is chosen such that there exists 8 > 0 with Z = 6 - (X — X)), O

It can be verified that the conditions of Theorem 2.3 are fulfilled for weights chosen as
in the papers [FRW11] and [MF12] (adapted to our specific smoothing), or in other words,
chosen as IRLS-col or IRLS-row.

2.3.3 Global Majorization of Rank Surrogate by Tight Quadratic Bounds

The analysis of Section 2.3.2 provides local tight quadratic bounds onto smoothed rank surro-
gates as F, from (2.48), for example, by replacing the inequalities in conditions (C1)-(C7) by
strict inequalities.

However, a global majorization property of the quadratic function Q.(-|X®) as (2.19) would
be highly desirable for an IRLS scheme as outlined in the beginning of Section 2.3.

In this section, we propose a specific choice of the weight operator W) that combines
tight local majorization with global majorization of F, on the entirety of its domain.

Without loss of generality, we will assume d; < dy; the definition can be adapted to cover
the case of d; > d; by considering transposed matrices.

To give the precise definition, we define, similar to (2.43) and (2.44), the extended sym-
metrization operator S : R91%42 — R41%% that maps any Z = [21 Zz] € Rhxdz2 7, ¢ Rdixdi
Zy € R1X(d2-d1) guich that

S(2) = [3(Z1 +Z}) Zo] (2.54)

and the extended antisymmetrization operator T : RT1*d2 — R&xd2 gych that
T(Z) = [%(Zl - Z;) Ole(dz—dl)'] (2°55)
Furthermore, we use the following definition.

Definition 2.3.3 (Power mean). Let —c0 < g < oco. We call

min(a) b); lfq = =09,

al+bd % .
Myab) = ( : ) . ifq € (~00,0) U (0, 00), (56)
\/E’ ifq:(),

max(a,b) ifqg=o0
the g-power mean [Bulo3, Section IIL.1, Definition 1] of the numbers a,b > 0.

In Definition 2.3.4, we define the weight operator W) to be used and analyzed in the rest
of this chapter.
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Definition 2.3.4 (Weight operator of MatrixIRLS). Let d; < do, let 0 < p < 1ande > 0. Let

XK e RE*% pe g matrix with singular value decomposition X% = Uy dg(o(k))VZ be a singular

value decomposition of X®) with U, € 0%, Vi € O%, and R = |{i € [d] : ng) > ¢€}| be

the number of singular values of X*¥) larger than e. For XX, we define the weight operator
wk  Rdixd2 _ Rdixdz of MatrixIRLS such that

w®(z) = U, [BY o S(UizVy) + HY o T(ULZVY) | V5, (2.57)
where S and T are as in (2.54) and (2.55) and H(k) (Zk) € R¥%% gre matrices with positive
entries such that

! ® o ifp=0,

(~(k) ~(k)) _ max(o ,€) max(a
(max(o(k) €)P +max(o§k) ,€)P )

21-2/p s

(H(lk))ij = 1-2/p (2.58)

ifo0<p<l,

where M _»_ is the power mean (2.56) of power q = Lz (k) = max(o(k) €)P~2 for all i and
=

et
o160 »] < Ry,
p-1 p—-1 '_
(max(al(.k),e)) " (maX(G(.k),e)) (0—(k))p R fi <Rk,Rp <j
(Hy); = — e < Ri, )
2 max(a(k) €) + max(o(k) €) ((,;k))p—lﬂpa . .
B v if j < R, Rk <1,
i
P2 if Re < 1, ].

(2.59)

Remark 2.3.2. In the definition of the weights on the symmetric part H(k), we note that their
entries correspond to the

* geometric mean of Egk) and E§k) for p =0, and to the
* harmonic mean for p = 1, while

* interpolating between these to means by the }%-power mean for 0 < p < 1.

Furthermore, for the case of p = 0, we see that H(lk) and H(zk) actually coincide as then

-1
(k) ( Sk) v 6) + (O-Ek) v 6) O'(.k) Ve + O'(.k) Ve
(Hy )y = =
(k)V€+0()V€ ((k)Ve)(a(k)Ve)((k)Ve+0()Ve)
1 Kk
= H);.

Ty e)(0} v e)

This means that in the case of p = 0, which corresponds to the weight operator of a logdet-objective
(2.48), W) of Definition 2.3.4 can be written as mapping any Z € R1*% to

w®(z) = U, [H® o (U;gzvk)] \%
with H® = HY = HY.
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We note as it is the case for the Hessian VZFE(X(")) from (2.49) in section 2.3.2, wk
from Definition 2.3.4 is a self-adjoint operator: Indeed, by the cyclicity of the trace, for any
Y, Z € R,

(Y, wH(2)) = tr (YU, [H(k) o S(U;ZVi) + HY o T(U;ZV )] )

= tr ((ULYVR)* [ HY o S(U:ZVy) + HY o T(U*zvk)])

(
— tr E( SUIYV) + T(U; YVk)) [H(k) 0 S(ULZV) + HYY o T(U} zvk)])
=tr (( (U:YVy))” [H(l Vo S(UkZVk)]) +tr ((T(UkYVk) [H(2> o T(UkZVk)])
= tr ((H(lk) o S(ULYVY)) "S(U; zvk)) +tr ( (HY o T(U’,;Yvk))*T(U,izvk))
= tr ((H(lk) o S(ULYVy) + HY o T(ULYVR)) [S(ULZVy) + T(U;;zvk)])
—tr ((H(lk) o S(ULYV) + HY o T(U,jwk))*(U,’;zvk)) = (WHR(Y),Z),

where we used the fact that

1 1
Rdlxdz — Span (_ —(el'e;f< — eje;-k) . l,] € [d]])

V2 V2

and that T and S are the respective orthogonal projection operators in the fourth and sixth
equality, and tr(C*(B o A)) = tr((C o B)*A) for any matrices A, B, C [Beroo, Fact 7.6.10] in the
fifth equality.

Furthermore, with this argument we can diagonalize W) and we see that the eigenvalues
of the operator are

(eie; +eje;), eiey 2 i, j € [d1], k € [da — dl])EBspan(

Aw®) = {(Hﬁ”)ij cie[dy),je[dal,i< j} U {(H(zk))ij cie[dy],jed]i< j} . (2.60)

In particular, since all the (H(lk))ij and (H(zk))ij are positive, this means that W) from
Definition 2.3.4 is positive definite, whereas the second derivative VZFe(X(k)) of F, at X
always has also negative eigenvalues (as long as R < 1), compare, e.g., the values

(Hy)i = (p — 1)(a)2

of the diagonal of the matrix H; from (2.49).
We now obtain the following global majorization result of the quadratic defined Q.(:|X®))
by W& from Definition 2.3.4.

Theorem 2.4 (Global majorization of smoothed rank surrogate by MatrixIRLS quadratic).
Let0 < p<lande >0, let X0 e RAxd2 gpg Wk . Rdixdz 5 Rdixdz pe g5 in Definition 2.3.4,
and let F, : R4%% — R be the e-smoothed rank surrogate function (2.48). Then the property
(2.18) is fulfilled such that

VE(XY) = wx®),

and the quadratic function Q.(-|X%)) : R1*% — R defined by

1
Qe(X|X") = Fe(X™) + (VE(X¥), X = X0) + —(x - X0, W (x - x1) (2.61)
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globally majorizes F, (cf. (2.19)) such that
Qe(X[XW) > Fe(X)

for any X € R91%¢z,

To prove the second statement of Theorem 2.4, we will pursue an analytical approach
involving optimality conditions of the function Q.(-|X¥)) — F(-). However, as F,(-) is not a
®? function on the entirety of its domain, but only differentiable with Lipschitz continuous
gradient, we introduce the following generalized notion of derivatives.

Definition 2.3.5. Let F : R%*% _ R be a differentiable function with whose gradi-
ent VF is Lipschitz continuous in a neighborhood of X € R¥*% and let Dy := {X :
F is twice differntiable at X}. Then we define the generalized Hessian at X as the set

d?F(X) = conv ({M € {G : R4 5 RIX% Jineqr} : (XY, € Dp s. t. XE — X, V2F(XY) — M}) .

Remark 2.3.3. Differentiable functions with locally Lipschitz continuous gradient are also called
A functions [HUSN84, KT88, CC9o0, YJo2] or LC1 functions [Qig4, Facgs] in the literature.
Definition 2.3.5 goes back to [HU77,HUSN84] and is based on the notion of generalized Jacobian
as defined by Clarke [Cla7s, Clago] — the generalized Hessian of Definition 2.3.5 is just the
generalized Jacobian of the gradient VF of F.

With Definition 2.3.5, we can formulate necessary second-order conditions for minima of
E..
Theorem 2.5 ([HUSN84, Theorem 3.1]). Let F : R1*%2 — R pe q differentiable function with
whose gradient VF is Lipschitz continuous on R41%%,
IfX° € R4%% s q Jocal minimum of F, then VF(X) = 0 and for each A € R4%% there exists
a matrix M € 0?F(X) such that
(A, MA) > 0.

Proof of Theorem 2.4. By Lemma 2.3.1, F, is differentiable with Lipschitz gradient

. d
0i(X) ) V* (2.62)

VF.(X) = Udg ((max(ai X, 27

i=1

at X € R91*% where X = Udg (¢(X))V* = Udg (0)V* is a singular value decomposition with
unitary matrices U € 0% and V € O%,
Inserting X*) = Uy dg (U(X(k)))VZ into the definition (2.57) of the weight operator W),

we see that
Gi(X(k)) d %
Vk,
max(o;(X®)), e)27P |,_;

i=

Wb = U [HY o dg (0(x¥)) | V; = Ue dg

which shows the first statement of Theorem 2.4.
For the second statement of the theorem, let G, : R91*% — R be the function such that

Ge(X) = Qe(XIX¥) ~ Fe(X) (2.63)
or any X € R4*%_ [t suffices to show that

Ge(X) > 0 (2.64)
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for any X € R91%42,

As Q(-|X™)) is quadratic, it is in ®*, and since F,(-) is differentiable with Lipschitz gradient,
also G, is differentiable with Lipschitz continuous gradient.

Furthermore, G, is coercive as a difference of a quadratic function and the function F,(-),
which is p-homogenous function (0 < p < 1) or has logarithmic growth (p = 0). As G, is
continuous, (2.64) is shown therefore if all local minima of G, are non-negative, and this again
can be shown by showing that all points stationary points X satisfy G(X) > 0.

Let now X € R%*% be a stationary point of G.(-), i.e., let X be such that VG.(X) =
Wwk(X) — VF.(X) = 0 or, equivalently, such that

wh(X) = VF(X). (2.65)

Thus, inserting (2.62) and the formula for w® from Definition 2.3.4 into (2.65), we see that
(2.65) is equivalent to

d
_ ~ . (X)
Uy [H(k) o S(UIUEV*Vy) + HY o T(UIUSV'Y, ]V*V =d il :
v o SOUEVV) +H, "o TRV VI ViV = de| | o0, 077 )y

which can be written as

s (2.66)

= a® o ST ® o F T | T = 0i(X) a
U [Hl SUxV) + HY o T(T ZV)] V' = dg ((max .0, 6)2‘P)i:1

if we define U = (a1, ..., ug,) = U'Ugyand V = (03, ..., Ug) = V'Vy. As U and V

are orthogonal matrices, their columns (ﬂi)lel and (171-)?2

respectively, and (’LT{J}‘)?iszl constitutes a basis of R1*% as an outer product of two bases.

For the next proof step, we define the vectorization operator

| constitute bases of R and R%,

X1
vec: RIX2 — REE X = [X; ... Xg| - Xvee =
X4,

that stacks the columns of a matrix X, and use the notation B = V® U € R1dxh1d2 for the
Kronecker product of U and V. Furthermore, we write Q € R%192xX41d2 for the matricization of
the matrix operator that describes the basis transformation mapping from the coefficients of
the orthonormal basis

1. oL
—Z(eiej —eje]) 11,j € [d1]} (2.67)

1 * k 3 . .
{—z(eiej +eje;), eie 1 1,j € [di],k € [da — dl]} U {\/_

\/_

to the coefficients of the standard basis
feie; 11,5 € [di], k € [da1}

With this notation, by applying vec to both sides of (2.66), it can be seen that (2.66) is
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equivalent to

diag (((H(lk))isj )vec)

Q"B Zyec = (Dx)vec
: (k)
diag (((H))i) )
. . 0i(X) d
with the notation Dx = dg (W) .
i 5 i=
Let r be the rank of X, i.e.,, r = rank(X). By considering the restriction of

the latter equation to the entries corresponding to the the double index set I =
{(k,1) € [d1] X [d2] : k # L or (k =1 and ox(X) = 0)}, we learn that

diag(((H(lk))iSJ)vec) ) Q*B*Svec | = O, (2.68)

diag (((H(zk))i>j ) vec I

where (v); is the restriction of the vector v € R%9% to the elements indexed by I, and
|I| = d1do —r. Since B, Q, Q* and the diagonal matrix with entries of Hy and H, are all of full
rank, their products are, and also

diag (((H(lk))is' )Vec)

M[’; = BQ .
diag (((H)ios) o

) Q" (2.69)

1,:

is of full rank d;dy —r. Thus, there exist d;dy —r columns of the matrix M; . of (2.69) that are
linear independent. Let J C [d1] X [d2] be the double index set corresponding to this set of
dy1dy — r columns.

Then, M;; is of full rank d;dy — r, and in particular, it has an empty null space. As the
right hand side of (2.68) is zero, this entails that

(B*Zvec)J =0,

and since (B*Zye); = (U*ZV) ;> it follows that

(ﬁ* ZV) =0
ij

for all (i, j) € J.

This shows that there can be at most r non-zero entries in the (d; X dy)-matrix U*zV.

Furthermore, it holds that U*EV has, in fact, exactly r non-zero entries, which are dis-
tributed across r non-zero columns and r non-zero rows. Indeed, if this was not the case, (2.66)
could not be fulfilled, as the matrix Dx on the right hand side has rank r (as rank(X) = r), and
as U and V are orthogonal matrices and therefore of full rank.

This means that there exists an (r X r) submatrix My of U*EV such that

r

M; = Pdiag (og(X)) (2.70)
=1

and M; as exactly one non-zero entry in each row and in each column, and where P € R™" is
a signed permutation matrix, cf. Definition 2.3.2. Since Dy is non-zero at precisely the locations
where ¥ = dg(o(X)) in non-zero, U*DxV has the same r locations of non-zeros as U*XV, and
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there exists an an (r X r) submatrix My of U*DxV such that

o¢(X) )r

max(o¢(X), €)27P

M, = Pdiag ( (2.71)

=1

with the same matrix P as above.
Taking this into account, we can determine the singular values 01(X),...,0,(X) of the
stationary point X. As (2.66) is equivalent to

[H(lk) 0 S(T*ZV) + HY o T(ﬁ*z\?)] — U'DyV, (2.72)

we obtain the restricted matrix equations

HY o S(U*EV) = S(UDxV), (2.73)
and o o
HY o T(U*IV) = T(U'DxV). (2.74)

Since U*XV and ﬁ*DXV have r non-zero entries with r non-zero rows and columns at the same
locations, and due to (2.70) and (2.71), there exist r index pairs {(i¢, j¢),_;} C [d1] X [d2] such
that (i, j¢),_; = [d1] X [d2] \ J =: J, and it holds that

— U*sV);, ;, = +0,(X), -
(U*ZV)i’j = ( )lg’]f (,’( ) and (U*DXV)i,j = .
0 0, otherwise,

(2.75)

5

where the sign of (I~J*Z\~/)ie’j€ and (ﬁ*DXV)ig,je always coincides.

Thus, for each ¢ € [r], we obtain up to two equations from (2.73) and (2.74), which can be
stated adequately if we define a function w : [r] — [r] U 0 such that for any ¢ € [r], w maps
to

) ¢ elr] if (ﬁ*ZV)im = +0¢(X) and there exists £’ € [r] s.t. (ﬁ*ZV)jf,l—g = +0p(X),
w =
0 otherwise.
In particular, let now ¢ € [r].
We consider now three cases: The case that w(f) = 0, the case that w(£)¢’ € [r] such
that sgn (G*ZG) = sgn (6*2\7) , and the third case such that w(f¢) # @ and also

ig,je La(8)sJw(t)

sgn (5*2\7) # sgn (ﬁ*ZV)
ig,je Lo (8)>Jw(t)

Case 1: Suppose w(?) = 0.
In this case (2.73) implies that

o¢(X)

1
= +0
2 max(o¢(X), €)>7P

S ), (0000 +0) =

and (2.74) implies that

1 o¢(X)
2 max(oe(X),€)2P

S ), (0200 - 0) =

b
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which can only be fulfilled for o,(X) # 0 if (ir, je) are such that
-1 -1
max(0¢(X),€) = (H)7 7 = (HY)7?

ig,je ig,je”

If p > 0, the (i, j)-th entry of (H(lk)) and (H(Zk)) only coincide if (i, j) is a double index corre-
sponding to the diagonal, or if both iy > Ry and j > Ry due to their definitions (2.58) and
(2.59). As diagonal indices (is, jp) are excluded due to w(?) = 0, (H(lk))ie,j( = (H(zk))il,j( can be
only true if

o¢(X) = [(ep)l_z/p]_ =€ P =e.

If p = 0, it follows that

ool ifij < Ry,
(k) ) -3 oMe ifi <Ry,Rxk <]
0:(X) = |0 verol' v T = N7 = Mol
Joile ifj <R R <1,
€ if Rp < 1,].
Case 2: Suppose w(f) = ¢’ € [r] and sgn (6*ZV)A ~ =sgn (ﬁ*ZV)_ _
Lesje Lw(€)sJw(t)
In this case we obtain from (2.73) and (2.74) the equations
() 1 o¢(X) ow(e)(X)
Z(HY): X) + X)) = = + 2.76
2( 1 ieie (960 + Gae) (X)) 2 (max(og(X), €)> P max(0,)(X), €)>P (2.76)
and
1w 1 oe(X) Ow(e)(X)
—(H .o X) — X = — - . 2.

Due to the symmetry of these equations, we assume that w(f) < ¢ without loss of generality. If

(i, je) is such that (H(Zk))i[,je = 62%17, (2.76) and (2.77) can be only fulfilled if 0,(X), 04(¢)(X) < €.
k

Now let (I‘I(2 ))ie,jg < €2L_p.

By rearranging (2.77) we obtain

oe(X)
max(o¢(X), €)27P

Ow(t) (X)
max(0,(r)(X), €)>7P

k k
@D, j,00(X) - = (HY);, j,0w(e)(X) - (2.78)

As the function h : (0, 00) — R,

k o
o — h(O') = (H(2 ))ig,jfo- - W

__1
is only negative in the interval (O, (H(Zk) )l.zl";.’f), and has negative derivative for all o € (0, €), and

=1
2-p

positive derivative for o € (e, (H(Zk))ig je)’ we can infer from (2.78) that either

(@) 0uw(e)(X) = 0¢(X) or
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() Gu(e)(X) < € < 0,(X) < (HI)7?

ig,je”

In the case of (a), we can rearrange (2.76) to obtain

maX(O'w(f)(X), 6) = I'I‘laX((fg(X)’ 6) — (H(lk))% .

ie,je

For (b), we know that max(:‘ﬁ)(%)e)z_p = G“;flf,x), and therefore substracting (2.77) from (2.76)

yields the equation

Ow(t)
€2p’

1 1
S i (00 + o)) = 5 )i, (00 = oue) =
o¢ = 0¢(X) and 0,(¢) 1= 04(e)(X), which can be rearranged such that

1

(o (k) L ®)
3 ((H1 e = (Hy )ié,jf)af =273 ((H1 Jieje + (Hy )ie,je) Ta(o)-

The left hand side of the latter equation is smaller or equal to O since
k k
(H(z ))ie,je - (H(l ))ie,je

for any (i¢, j¢), whereas the right hand side is strictly positive due to the assumption that

Ky 1
(Hz )le,le < c2-p’
This is a contradiction, which means that case (b) cannot occur.
To sum up, the only remaining possibilities for values of o, and o) in Case 2 are

o¢ <eand o, <€

(if iy > R and j, > Ry) or
-1
K525
Ouw(e) = O¢ = (H(l ))iz,_,jg-

Case 3: Suppose w(f) = £’ € [r] and sgn (ﬁ*ZV). ~ #sgn (ﬁ*ZV). .
- Le,Je Lo(e)sJw(t)
In this case, we obtain from (2.73) and (2.74) the equations

1 ) 1 o¢ Ow(t)

—(H")i,j, lor —0 == - 2.

2( 1 )icie ( ¢ w({)) 2 (max(og,e)z—P max(o¢), €)27P (2.79)
and

1 (k) 1 Oy Ow(t)

~(H.):, ; + = — . 2.80

2( 2 Jieie (90 +0u) 2 (max(og,e)Z-P max(0 (¢, €)% P (2.80)

As in Case 2, we can assume without loss of generality that o) < .
If 04(¢) = 0¢, (2.79) is fulfilled, and we obtain

__1
max(0,(e)(X), €) = max(oe(X), €) = (Hy)7 7

-1
from (2.80) implying that 0,) = 0¢ < €ifi; > Ry and j, > Ry, and that o) = 0¢ = (H(zk) )l.zl_;’(

if (i¢, je) is such that iy < Rg or j; < Rg.
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Let now o) < o¢. Rearranging (2.79), we obtain

O¢ Ow(t)

max(0(¢), €)>P’

k k
(H(l ))ie,je"f - = (H(l ))ig,jg Ow(t) — (2.81)

max(oy, €)>7P

and as above, the monotonicity of ¢ — h(o) := (H(lk))ig’jgo - implies that

o
max(o,€)2P

-1
(k)\2=p
1 )ie

Out) <€<0p < (H e’

since

k .
k(o) = (H(l ))if,je - ez%p, ifo <e,
(Hgk))ie,jz +(1-p)oP2 ifo>e

__1
and h(o) < 0 if and only if o € [0, (H(lk))i‘fe )
We now have considered all possible cases, and we conclude, as a summary, that for each

¢ € [r], one of the following three statements is true:

-1

)\ 2=
Oun)(X) = 0p(X) = (H)]?, (2.82)

__1
oue)X) < € < 0p(X) < (HY)T? (2.83)
-1
Gf (H)7? > €) or

0¢(X) < eand o, (X) <€ (2.84)

-1
(f (1) =),
As the last part of the proof of Theorem 2.4, we now provide an alternative expression of
the function value of G(-) at stationary points X. Let X again be a stationary point of G(-) of

rank r. Then
Gl = Fe(x¥) + - (6 w(0) — (X8, WO ) ~ Fe30 = Fo0) ~ Fox®)  (2.85)

with the definition that F¢(X) := %(X, WH(X)) — F.(X). At stationary points X, F. can be
rewritten as a function of depending exclusively on the singular values of X. Recall that
R = |{€ € [d] : 0¢/(X) > €}|. Indeed, we note that then, using (2.72) and the notation
o¢ = 0¢(X),

1.~ 1~ — IS e 1 e = =
5, wR(x)) = 5TV, [H(lk) 0 5(T*ZV) + HY o T(U*EV)|) = 5(0"ZV, U'DxV)

2
%(R+ > ‘6’—;’) if p=0,
— l<z D >: C:op<e
5\ Dx ) ) o2 ‘
3 ZO'€+ Z = | lfOSpSL
C:op>¢€ C:op<e

and the value of the smoothed objective F.(X) at X is

min(oy,€)? -1

%, |log (max(or,e)) + 3 (225~ 1} |, ifp=o,

Fe(X) = .
) Y9y |5 max(op, ) + 3 (%@6)2 —ep)], if0<p<1.
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This means that for p = 0, we obtain

d d
F.(X) = % (R-(d-R)) - Z log (max(oy, €)) = ‘% - Z log (max(oe, €)) (2.86)
=1 =1
and
_ 1 1)<
F.(X) = - (E - 5) ; max(oy, €)P (2.87)

for p > 0. Inserting this back in (2.85), this means that

Ma

log (max(og(X(k)), €)) - i log (max(o¢(X), €)) ifp=0,
=1

Ge(X) = {1 (2.88)

—_
NS |

_ %) [i max(o¢(X%), )P — i max(o¢(X), e)P] ifo<p<1,
=1 )

as X is also a stationary point of G.

Let now again X be an arbitrary stationary point of G, of rank r, and recall the double
index set J = {(i¢, je),_,} C [d1] X [d2] of (2.75).

In the case of p = 0, by (2.82)-(2.84), we see that

d r
Z log (max(o¢(X), €)) = Z log (max(o,(X), €)) + (d —r)log(e)
=1 =1
< Z log ((H(lk))jje) + (d —r)log(e)
=1

2 log (\/max(ol(.:f), e)\/max(oﬁf), e)) + (d —r)log(e)

=1

S

= % (Zl log(max(og‘), €) + leog(max(os,f), e))) +(d - r)log(e)
< % (2 log(max(o;(X®), €)) + Zr] log(max(oj(X(k)), e))) +(d —r)log(e)
i=1 P

d
< Z log(max(o;(X®), €)),
i=1

where we used the definition (2.58) of H(lk) in the second equality and the fact that, due to
the specific structure of the double index set J¢ (see also (2.70) and (2.71)), each iy € [d1] and
je € [d2] can only occur once in the second inequality.
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Similarly, for p > 0, we calculate that

ig,je
=1 =1

d r r 1
Z(max(og(X), ey = Z (max(o¢(X), ) +(d —r)eP < Z ((H(lk))rp )P +(d —r)eP

14
r max(ogk), ey + max(aj(.k), €p )_p
2

S

=1

r

1 r
5 Z max(ogf), el + Z max(ogf), e)f ) +(d —r)eP
=1 =1
1 r r
<3 (Z max(o;(X®), e)P + Z max(o;(X%), e)P) +(d —r)eP
i=1 j=1

IA

d
> max(ai(x¥), e)?,
i=1

using the same arguments as above.
Using this in (2.88), we conclude that

G:(X) > G.(x®) =0

for any stationary point X of G.
By Theorem 2.5, it follows that there is no local minimum of G, with negative objective
value. Thus, G, > 0 globally as G is coercive, and this concludes the proof of Theorem 2.4.
O

2.3.4 Formulation of MatrixIRLS

Theorem 2.4 paves the ground for a new Iteratively Reweighted Least Squares algorithms
for low-rank matrix recovery, which we call MatrixIRLS. They optimize logdet or Schatten-p
based objectives (2.48), and they are based precisely on the three basic steps of IRLS outlined
in the beginning of Section 2.3, where the quadratic upper bounds Q, (- |X()) are defined with
the weight operators W® (2.57) from Definition 2.3.4.

Before we describe MatrixIRLS in a schematic way, we recall the original problem, affine
rank minimization (2.1), we are interested in: For a given linear operator ® : Rd1xdz _, gm
with non-trivial nullspace and observations Y € R™, we are looking for the matrix Xq of lowest
rank such that ®(Xy) =Y.

We introduce the notation that the best rank-r approximation J,(X) of a matrix X € R41%¢
diag(o;(X))I_, 0 ] [V(k) ]

0 diag(o:(X)L,, | [V |
where UK € R4 and VK € R gare matrices with orthonormal columns, is a matrix that
fulfills

with singular value decomposition X = [U(k) US{‘) ] [

7.(X) = UM diag(o:(X))i_, V" = argmin [|Z - X|, (2.89)
Z:rank(Z)<r

where || - || can be any unitarily invariant norm. We note that the last inequality is nothing
but the famous Eckardt-Young-Mirsky theorem [EY36, Mir60].
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Algorithm 1 MatrixIRLS for low-rank matrix recovery

Input: Linear operator ® : R1*% — R™ observations y € R™, rank estimate 7, concavity
parameter 0 < p < 1.

Output: Sequences (X®)s1 ¢ R4*% and (e )is1.

Initialize k = 0, €© = co and W© = id : Ré1xd2 _; Rdrxd2,

fork=1,2,...do

1. Use a conjugate gradient method to solve linearly constrained quadratic program

X® = arg min(X, Wk (x)). (2.90)
OX)=y

2. Find best rank-(r + 1) approximation of X*) to obtain F=(X®*)) = u® diag(ogk)):;lv(k)*

(k)

and o, update smoothing:

™+

€x = min (ek_1, Gm(X(k))) (2.91)

3. Update w® as in (2.57), using parameters € = ¢ and p in (2.58) and (2.59), and the
information U®), v(K) and cr(lk), ..., 0= from item 2.

Algorithm 1 is defined in a way that has a few computational advantages compared to
other IRLS algorithms as [DDFG10, MF12, FRW11].

We defer implementation details and several computational aspects to Section 2.6.

The choice of the rule (2.91) for the update of the smoothing parameter ¢ plays an important
role in the convergence analysis and also has major implications on the geometry of the
optimization landscape. On the other hand, there will be several rules that work well. We
refer to [Vori2, VD17, FPRW16] for smoothing parameter rules for IRLS algorithm that do not
depend on estimates of the model order 7, but still would allow for a similar analysis.

2.4 Convergence Analysis of MatrixIRLS

In this section, we provide a theoretical convergence analysis of MatrixIRLS. Furthermore,
these convergence properties are put into a relation with existing convergence results about
other IRLS algorithms for low-rank matrix recovery such as IRLS-col and IRLS-row [FRW11,
MF12].

In Section 2.4.1, we first state some results that are the outcome of a majorize-minimization
interpretation of MatrixIRLS, which are enabled by the global majorization result of Theo-
rem 2.4. These results hold for any linear measurement operator ® : R41*% — R™,

We then proceed to a more refined local convergence analysis in Section 2.4.2, which
is based on a (local) restricted isometry property or null space property of the measurement
operator O.

2.4.1 Basic Properties and Minimization of Smoothed Objective

The statements of the following theorem guarantee that MatrixIRLS is actually a valid strategy
to minimize the auxiliary objectives F,, as they never increase the objective F.. Recall the
definition (2.48) of the smoothed logdet and smoothed Schatten-p objective F, : Rd1xdz _, R,
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which was defined such that

Zle log (max(c;(X), €)) + % (M(X)e)2 -1 ] , ifp=0,

€2

2?21 %max(oi(X), €P + % (%E?E)Z - ep) , if0<p<1.

F.(X) = (2.92)

Theorem 2.6 (Monotonicity & Stationary Points Are Accumulation Points). Let ® : R41*% —
R™YeR™ 0<p<1landT e N. Let (X©, )1 a sequence of outputs of MatrixIRLS
corresponding to these parameters. Then the following holds.

1.

2.

The sequence (Fek(X(k)))k21 is non-increasing, i.e., Fe, (x%)) < Fek_l(X(k_l)) for any k € N.

For any k € N,
(k) Z?:l log ((Ui(X(k))) ifp =0,
Fek(X ) 2 115(k) |1P .
Lx®y2 fo<ps<1,

where X% = U, dg(oi(X))V; is a singular value decomposition of XK ¢ pdixdz,

Ifp > 0orifé := limg_e €x > 0, then the iterates X% and X**V fulfill limg_, o ||X% —
X(k+1)||F =0.

If € := limg_eo €x > O, then each subsequence of (X®); has a convergent subsequence,
and each accumulation point X of (X", is a stationary point of Fe subject to the linear
constraint {X : ®(X) = Y}.

We provide a proof for the statements of Theorem 2.6 in Section 2.8.

Remark 2.4.1. 1. We note that the statements of Theorem 2.6 had been shown already for

the IRLS algorithms of [DDFG10, FRW11, MF12]. However, we in particular state this as
the majorization property (2.19) is not trivial for the tight quadratic bounds defined by the
w from (2.57). In the variational framework of [DDFG1o0, FRW11, MF12], (2.19) is an
outcome of the minimization of the variational functional § (see, e.g., [DDFG1o0, (7.9)1),
an argument that is much harder to make for the more involved structure of the weight
operator of MatrixIRLS.

The assumption of statement 3. and 4. that € := limg_, €x > 0 is not really a restriction
in a practical setting, at least if we know that a matrix fXo € R4*% of rank r is compatible
with the measurements and if we used this knowledge algorithmitcally by chosing T = r in
MatrixIRLS: In this case, € = 0 would just imply that iterates X'¥) are of rank at most r in
the limit case k — co, which is a desirable result, as we are interested in finding low-rank
solutions of the linear system.

The next lemma provides an explicit formula for the calculation of the new iterate X¥) of
MatrixIRLS and its characterization by optimality conditions. It is well-known in the IRLS
literature ([DDFG10, Eq. (1.9) and Lemma 5.2], [FRW11, Lemma 5.1]. We provide a proof in
Section 2.8 for completeness.

Lemma 2.4.1. Let 0 < p < 1 be arbitrary, let ® : R — R™ andy € R™. Let Wk-1 .
Réxd> 5 RAOX2 pe the weight operator of Definition 2.3.4 defined based on X1 e R%1>d2,
Then the solution of (2.90) is unique and

X® = arg min(X, Wk (x)) = (wk-1)=1 (cp* (q,(w<k—1>)—1q>*)‘1 (y)) ; (2.93)
dX)=y
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where (Wk—D)~1 . Rxd2 _ Rd1Xd s the inverse matrix operator of W=D,
Moreover, a matrix XX € R941*% coincides with the one of (2.93) if and only if

WEDEOY, 7y =0 forall neker® and oxXY)=y. (2.94)

While (2.93) provides an explicit formula for the calculation of a new iterate X®) of
MatrixIRLS, using this formula by calculating full matrix operator inversions can be quickly
prohibitive from a computational perspective for large data dimensions if the problem structure
is not fully used. We refer to Section 2.6 for a detailed discussion of these computational
aspects.

2.4.2 Local Convergence Theory: Superlinear Convergence Rates

In the following section, we state our main theoretical results about convergence properties
of the algorithm MatrixIRLS of Section 2.3.4. Furthermore, we discuss why they improve
considerably on what has been obtained for the algorithms IRLS-col and IRLS-row [FRW11,
MF12].

As discussed in Section 2.1.1, it cannot be expected that a low-rank matrix recovery algo-
rithm like MatrixIRLS succeeds to converge to a low-rank matrix without any assumptions on
the measurement operator ® : R9%%> — R™ that defines the recovery problem (2.1), i.e., the
problem

min rank(X) subject to ®(X) =y,
XeRdlxdz
together with the data vector y € R™.

Apart from the fact that the dimensionality of the range space of ® needs to be larger than
the number of degrees of freedom deg;(Xo) = r(d1 + da — r) of the rank-r matrix X, to be
recovered, i.e.,

m = degf(Xo) = r(d1 +dy - T‘),

it is desirable that @ fulfills a certain genericity property, avoiding that there are more rank-r
solutions than Xy and ensuring that (2.1) is a well-conditioned problem.

Genericity assumptions of this type are, for example, rank null space properties as discussed
in Section 2.2.1, or the following restricted isometry property, which is a sufficient condition for
rank null space properties.

Definition 2.4.1 (Restricted isometry property (RIP)). The restricted isometry constant §, > 0
of order r of the linear map ® : R1*% — R™ is defined as the smallest number such that

(1= 8)IIXIi7 < IeX)Il7, < (1 + 8)IIXIIZ

for all matrices X € R4%% of rank at most r.
If ® has a restricted isometry constant §, < 1 for some r, we say that @ fulfills the restricted
isometry property (RIP) of order r with constant &,.

It can be shown (see proof of [CDKis, Theorem 4.1]) that the restricted isometry prop-
erty order 2r with a constant 8y, < % ~ 0.4531 implies the following strong rank null

space properties [FRW11, OMFH11, FR13], which are slightly stronger than the rank null space
properties discussed in Section 2.2.1.

Definition 2.4.2 (Strong Schatten-p null space property). Let 0 < p < 1. We say that a linear
map ® : R4*% — R™ fylfills the strong Schatten-p null space property (Schatten-p NSP) of
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order r with constant 0 < y, < 1 if

r p/2 d
(; oiz(X)) < rf_rg ( Z of(X)) (2.95)

i=r+1

for all X € ker(®) \ {0}.

—2_ of Definition 2.4.1 implies that the strong

V2+3
P
Schatten-p NSP (2.95) of order r holds with the constant y, = (V2+1)p (1_5§; 7

More precisely, it can be seen that 8 <

2P
Linear maps that are instances drawn from certain random models are known to fulfill the

restricted isometry property with high probability if the number of measurements is sufficiently
large [DR16], and, a fortiori, the Schatten-p null space property. In particular, this is true for
sub-Gaussian linear measurement maps ® : R4*% — R™ whose matrix representation is
such that

1 = = . . .
—d € Rmx‘ildz, where ® has i.i.d. standard sub-Gaussian entries, (2.96)
Vm
as it is summarized in the following lemma that is well-known in the compressed sensing
literature.

Proposition 2.4.1 ([CP11, Theorem 2.3]). Letr € Nand 0 < § < 1. Then there exists constants
C(8) and C; such that if ® : R4*% — R™ is q sub-Gaussian random operator (e.g. as defined
in (2.96)) and if

m > C(6)r(d1 + dz),

then @ fulfills the restricted isometry property of order r with constant §, = 8, with probability
at least 1 — 2™,

However, we note that there are also important linear operators ® for which the properties
Definition 2.4.1 and Definition 2.4.2 do not hold, but which are generic enough to still allow for
a local convergence analysis of MatrixIRLS (or other low-rank matrix recovery algorithms).
In particular, this is case for the entrywise sampling operators @ : R%1%%> — R™ such that

D(X)e = (eiej,, X) = Xiy j, fort=1,...,m, (2.97)

for any X € R4*% where (g, je) € [d1] x [d2] are double index pairs for all £ € [m]. Such a ®
can be used to define the well-known low-rank matrix completion problem [SRJos, GNOT92,
CRo9,Reci11]. For ® as in (2.97), it can be easily shown that the properties from Definition 2.4.1
and Definition 2.4.2 cannot hold if m < d;ds [CRo9].

To cover a class of linear operators as large as possible in our convergence analysis, we will
use Assumption 2.1 below. To state this assumption, we use the notion of the tangent space
T = Tz of the manifold of rank-r matrices at a given matrix

Z=[U U] B ):OJ [\‘;l] (2.98)

where U € R4 and V € R%" are matrices with orthonormal bases of the first r left resp.

right singular vectors of X their columns, and £ € R™ and X, € R(@*(4") heing diagonal
matrices with the (ordered) singular values of X on their diagonals. In particular, we define
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T = Tz as the linear subspace of R%1*42 of dimension r(dy + dy — r) such that
Tz := {UM* + MV* : M € R®*" M e R4}, (2.99)

Tangent spaces as defined in (2.99) play an important role in Riemannian optimization ap-
proaches for low-rank matrix recovery [Vani3, WCCLi6a], but also in the analysis of convex
optimization approaches [CT10,Reci1].

Assumption 2.1. There exists a constant c(r, d1, dz) depending onr € N, dy and dy and a radius
& > 0 such that the linear operator ® : R1*% — R™ fulfills for a given matrix X € R1>% that

Inllr < c(r,d1, d2)[[Prenlle forall n € ker @, (2.100)

for any Z € R4 sych that
1Z - Xlls., < §0+(X).

In (2.100), QBTZL is the projection onto the orthogonal complement T of the tangent space Tz of
the rank-r manifold at Z as defined in (2.99).

We note that explicit formulas can be given for the action of %, (the projection onto the
tangent space T;) and @TZJ. [Reci1, Section 2]: It holds that for any X € Rledz,

Pr,(X) = UU'X + XVV* — UUXVV*

and
Pra(X) = (I - Pp,)(X) = (I- UU)X(I - V).

Assumption 2.1 will be discussed and verified for measurement operators corresponding to
the matrix completion setting and others in Section 2.5.

In the following theorem, we provide a local convergence statement for MatrixIRLS in
the non-convex setting of p < 1 under Assumption 2.1, stating that the algorithm recovers a
rank-r matrix X, if the k-th iterate obtain an iterate X¥) is close enough to X.

Theorem 2.7 (Local Convergence with Superlinear Rate of order 2 — p). Let Xg € R%1%d2 pe
a matrix of rank r, and let ® : R4*% — R™ be q linear operator that fulfills Assumption 2.1
for Xo with constant c(r, dq, d2) and radius € > 0. If the output matrix X® € R4*% of the k-th
iteration of MatrixIRLS with inputs ®, y = ®(Xy), p € [0, 1) and ¥ = r fulfills

1X% — Xo|ls.. < min(£, £)o,(Xo) (2.101)

for some 0 < { < 1 (which might depend on d and r), then

k—oo
x® 2 x,
if also the condition number k = % of Xo and { are sufficiently small, in particular; if u from
(2.119) fulfills
ulX® - X[l P < 1. (2.102)

Furthermore, the local convergence rate is of order 2 — p in the sense that p from (2.119) (which
depends on d, { and k) is such that

2_
IXEHD — Xols,, < pllX™ = Xolls 7. (2.103)
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The second part of Theorem 2.7 states that in a neighborhood of a low-rank matrix X,
that defining the problem data Y = ®(Xj), the algorithm MatrixIRLS converges to X with
a convergence rate that is superlinear of the order 2 — p, if ® and X, fulfill Assumption 2.1.
This means that for the very non-convex logdet-objective corresponding to p = 0, the local
convergence rate is even quadratic.

Remark 2.4.2. It is interesting to compare Theorem 2.7 with a related result for an IRLS algorithm
for the sparse vector recovery problem in [DDFG10, Theorem 7.9]. We observe that while the
statement describes the observed rates of convergence very accurately (cf. Section 2.7.2), the
experiments are much more optimistic about the size of the neighborhood enabling a fast rate
of convergence than condition (2.102). We leave a proof of a potentially larger radius of fast
convergence to future work.

In the rest of this section, we prove Theorem 2.7. In the proof of Theorem 2.7, we will use
the following bound on perturbations of the singular value decomposition, which is originally
due to [Wed72]. The result bounds the alignment of the subspaces spanned by the singular
vectors of two matrices by their norm distance, given a gap between the first singular values of
the one matrix and the last singular values of the other matrix that is sufficiently pronounced.

Lemma 2.4.2 (Wedin’s bound [Steo6]). Let X and X be two matrices of the same size and their
singular value decompositions

X=(U U (>(:) ZOL) (‘\71) and D= (U U,) (§ )f(l) (\%)

where the submatrices have the sizes of corresponding dimensions. Suppose that 8, a satisfying
0 < 8 < a are such that @ < oyin(Z) and omax(Z1) < a — 8. Then

IX - Xlls,, = Xlls.,
o]

_ _ X
U Ulls,, < V2 and |[V] Vs, < \/EHT (2.104)
As a first step towards the proof of Theorem 2.7, we show the following lemma.

Lemma 2.4.3. Let Xo € RU*% be a matrix of rank r, let (X(k), € = 0r+1(X(k))) be the output
sequence of Algorithm 1 for parameters ®,y = ®(Xp),r and 0 < p < 1 at the k-th iteration, and
let (2.100) be fulfilled for X®) and the corresponding tangent space onto the manifold of rank-r
matrices Ty := Txx with constant c(r,d1, dz). Then

IXEY = Xolls,, < c(r, d1, d2)’e; PIWE Xo)lls, (2.105)

where WK : RI>d2 _y RAXd2 s the weight operator (2.57) corresponding to X\,

Proof of Lemma 2.4.3. Let n®*D := X®+D _ X From (2.100), it follows that
I DNE, < In*IE < e, di, do)?1Prs (D) 12 (2.106)

We now recall the definition of the weight operator W) : R0 s RI*42 from Defini-
tion 2.3.4, and if

(2.107)

& o ][y
k % k
x5 — Ukzkvk = [U(k) US_)] [ ] [ ]

® | [0
o xP| vt

is a singular value decomposition with U® e RI>", US]_{) € RIx(dr1—n) k) ¢ Rdixr V(Lk) €
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R%2X(d2-1) e have that

(Z,w®(z)) = (Uizvi, B 0 S(U:ZVy) + HYY o T(ULZVY))

— - — _ (2.108)
= (S o (U:zVy), HY o S(ULZVY) + (T(UZVR), HY o T(ULZVy))

where S, T, H(lk) € R4xd2 gpg H(zk) € R%4%42 gre ag in Definition 2.3.4.
IfZ = Qkai (%) e Tkl, we know that U%*Z = 0 and ZV®) = 0, and therefore

U“ZV, = yox Z[V(k) V(k)] B 0 0
k k = USI_()* 1L - 0 UT)*ZVY{)

with US{C)*ZVY{) c R(dl—r)x(dz—r).

By assumption of Lemma 2.4.3, we know that ¢,

0r+1(X(k)), which means that Ry :=

{i € [d] : 0i(X®) > €}| < r, and therefore (H(lk))ij = (H(zk))ij = ei_z for all i,j > r. This
entails with (2.108) that

(ys (), WO @y (1)

p—2
€k

(<§ (U}igsTkL (U(k+1))vk) , § (UZ@Tki (U(k+1))Vk)> + <f (Uz%; (T](k+1))vk) , T (Ult@Tki (T](k+1))vk) >)

-2 % %
e (UPrs (" VWi, Upp (V)W)
-2 -2
e (Pra(®V), P (™ V)) = NP (I,

using the cyclicity of the trace and the fact that U, and V are orthonormal matrices.
Inserting this into (2.106), we obtain

where

IA

2—
In D12, < c(r,dy, da)e] ™ (Pra(n ), WO (1)

(2.109)

IA

c(r,dq, dz)ze;f—p <n(k+1)’ W(k)(n(k+1))> ,

the last inequality holds since W® is positive definite and since

<93Tkl(n(k+1)), W(k)(@Tk(n(k+1)))> = 0 due to the orthogonality of Ty and T;. Due to

Lemma 2.4.1, we know that the new iterate X**1) fulfills

0= (W(k)(X(k”)), n(k+1)> — <W(k)(n(k+1) +Xo), ’I(k+1)>>

and therefore

(D, W@k} = - (W), n D) < WO Ko, 11V,

using Holder’s inequality for Schatten-p (quasi-)norms [GGKoo, Theorem 11.2]. Dividing
(2.109) by || *V||s.. concludes the proof of Lemma 2.4.3. O

In order to obtain a fast local convergence rate, it is crucial to bound ||[W®(Xo)|| s, For this,
we split ||W(k)(Xo)||51 into three parts and estimate the parts separately by using the classical
singular subspace perturbation result of Lemma 2.4.2.

Lemma 2.4.4. Let W& : Rixd2 5 RdiXd2 po the weight operator (2.57) corresponding to x®),
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k)

let € = 0r+1(X(k)) = 05 and Xy € R4*% pe q rank-r matrix. Then

1112
In® s, 01(Xo) i o ™1z, 01(Xo)
e 0:(Xo) o, (Xo)e P 0r(Xo)

IWOXo)s, < r(1 = ¢ ?0,(Xo)" " |1+ 4

Proof. Indeed, using the decompositions

- o
_ (Hé)))u,v (I‘I(;{)))U,VL
! 7(H1 )UJ_,V (H]_ )UJ_,VJ__
and 3 }
k k
_ @gmw (Hgmm
2 | EDw,y E ),

of the weighting factor matrices of Definition 2.3.4 with (H(lk))U,V, (H(zk) Juv € R™, we note
that

1 .
RG] ifp=0,
r r k
moy ((H )UV)U = ax (H( ))lJ <17 (f)p (Wp\ 1-2/P = (o2,
i€[r],jelr] i€[r),jelr] ((Gr Y+(o,") ) ifp >0,
2 p (2.110)
(k)yp-1 (k)\p-1
k CA A Cr \p—
mmwmeMfk;=MM
i€[r],jelr] ie[r],jelr] Gg ) + 0'£ )
and
(k) p 1-2/p
max max((H(k))UV )i-,max((H(k))U Vil = max (H(k))i- < ﬂ
ij o LR L SRR T e <j<dy . LY 2
< (o2 < 2o e,
(2.111)
@y rer | 2P © )
using the the fact that ( 5 ") isthe g = —-th power mean of (o, )P~2 and ei s

,/(oﬁk))l"zei_z the geometric mean (q = 0) and the power mean inequality [Bulo3, Section
I11.3, Theorem 1] in the second inequality. Furthermore,

. ) . (G(k))p—l + Pl
,
max | max((H) )y, )ij, max(HY )y, v)ij| = max  (HY); < —_
LJ L,J ie[r],r+1<j<ds O'( ) + ek
1 r (2.112)
<& (o yp/2-1¢p/2-1
50

.

and
k k -2
H}?X((H(l Nuov)ij = H%?X((H(z Noov )i =€ (2.113)

In view of these entrywise bounds on the submatrices of H(lk) and H(Zk), we calculate, using the
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definition of the weight operator (2.57) and (2.107), that

W ®%o)l5, < [UP1ED Yy 0 SUD RVD) + 1Y)y o TUD" RV E) v E”

S1
e [HP oS (| e LN AEP T (| e V1) Vi
U "X v) 0 U Xovo) 0 .
1

=: (I) + (ID) + (1D).

1

k k k)= k k)=
+ P IE 0. v, 0 P XV IV

We now bound the terms (I), (II) and (III) separately.
First, we see that

M = H(H(lk))u’v o SUR*XVP) + (HP)yy o T(UW X,V

S1

< V| By o S0P XV) + () oy o TUX XV
< Vr [[H)yy 0 SURXOVO) 4 HY)yy o T(U(")*X(”V(k))H
F

# [0y 0 SR OVE) 4 By 0 TP RVE)

< Vr|| By 0 29|+ Vi@ 2t v,

where we used the Cauchy-Schwartz inequality in the first inequality, the notation n® =
XK —X, and the triangle inequality in the second inequality and (2.110) in the third inequality.

Since
-

1/2
oy 2] - (Z(oi’”)*’*) < Vol

i=1

and
IS OV < VrIU® nOVOlls, < Vrlin®ls., < Vior(Xo)

from assumption (2.138), it follows then that
D =< r(oﬁk))p_2 (oﬁk) + CGr(Xo)) .

We can use the proximity assumption (2.138) further to get rid of the dependence on k in the
bound, as

0:(Xo) = 0:(X® = 10) < 6™ 1+ 65,(1®) = 6™ + NP5, < o™ + Lo, (Xo),

using 0i4j-1(A) < 0i(A + B) + 0(B) for any i,j (cf. [HJo1, Theorem 3.3.16]) with A + B =
x® — n®) and B = n* so that
o > (1~ o,(Xo), (2.114)

and hence

M < r(0:(Xo)P (1 = P2 (0:(Xo)(1 — &) + {0+(X0)) =r(1 = P20, (X0, (2.115)
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For the term (II), we calculate that

%k k
0 uhx,v
Ux, vk 0

< 2V2r(o e (|lu® v | + Ul xov] )
F F

< 2V2r(of P2 (U9 UoZo VY s, + UL Volls. IEaVEV ¥l

% k
0 UR=x,v)
Ux, vk 0

an < Var

H(lk) o §(

(k) =
)+H2 oT

|

F

using the singular value decomposition X = UpoXoVj of the rank-r matrix X, with Uy € ROXr
Vo € Re*" This allows us to use the singular subspace perturbation result of Lemma 2.4.2,
so that ||V(>§ng<> Ils.. and IIUS’f)*UO |ls.. can compensate for the negative power of the ¢, avoiding
a blow-up of term (II): Indeed, using Lemma 2.4.2 with X = X;, X = X® o = 0,(Xy) and
6 = (1-{)o,(Xo) results in

(k)
o) 2

and since [[UN*UoXollr < [[Zollr < VFo1(Xo), [EVeVF |l < VFo1(Xo), and €' < (o172,
we obtain with (2.114) that

sy r(k
max([[VgVls,., [|U

an < 4r(1 - {)P‘Zgr(xo)p—lmal(xo).
€k Gr(XO)

It remains to bound the last term (III). For (IIT), we can use subspace perturbation lemma
twice in the same summand and (2.113), such that

(2.116)

(i = H(H(lk))Ul,VJ_ °© (U(f)* o0V

-2 k) k -2 k)= k
= 22U XV ls, < Vre? U RV e
1

-2 k * £ 3 k
< Vet 21U Uo s 2ol IVEVE .,

®) 217 ®) ™12, o1(x
o yrerns YOl o NI o gy e IR 010
(1 - C) r(XO) (1- g)ar(XO) € O'r(XO)
(2.117)
Combining (2.115)-(2.117) finally yields the statement of Lemma 2.4.4. m]

We can now put Lemma 2.4.3 and Lemma 2.4.4 together to prove the local convergence
statement of Theorem 2.7.

Proof of Theorem 2.7. Letk = ko and X®) be the k-th iterate of MatrixIRLS with the parameter
stated in Theorem 2.7. Then, by Lemmas 2.4.3 and 2.4.4,

k)j 12
s 01%0) 11V, ou(xo)

IXED X |ls,, < c(r,d1, da)%e Pr(1-8)P 20, (Xo)P !
k r e 0.(Xp) gr(xo)pei'p 0+(Xo)

and, since ||n®||s.. < Zo,(Xo) due to (2.138) and since

k k
ex < 0,41 (X)) = [IXO - xPls < 1x© — x5 = 17%ls..,

where ng) € R%1*42 denotes the best rank-r approximation of X*) in any unitarily invariant
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norm, we obtain

,dy, d2)?r (1 + 4k + 28P _
D ol < GRS TN X e

- 0(X0 «

using the notation « := 01(Xgp)/0-(Xo).
Thus, the statement of Theorem 2.7 is shown with
_c(r,dy, d2)?r (1 + 4K + 2LPk) ( )
T (-0 re, X =

O

As already mentioned in the discussion of existing approaches in Section 2.3.1, a statement
about superlinear convergence of the IRLS algorithms low-rank matrix recovery variants of
[MF12, FRW11,LXY13] as Theorem 2.7 has not been shown, and in fact, is not observed nu-
merically, as will be investigated in Section 2.7.2. For algorithm of [KS18] which combines
the weights of IRLS-col and IRLS-row as their harmonic mean (2.39), a comparable state-
ment as Theorem 2.7 was shown, relying a stronger Schatten-p null space property as defined
inDefinition 2.4.2 instead of Assumption 2.1.

Remark 2.4.3. We note that the weight operators of the previously studied IRLS approaches
IRLS-col and IRLS-row [FRW11, MF12] expressed in a notation similar to (2.39) or Defini-
tion 2.3.4 such that

wh(x) = Uy [H(k) o (U;XVk)] \/
where H® € R®*%4 s sych that
®©). — (g(x2 4 2) : :
H™);; = |0:(X™)" + ¢ , forany i € [dq],j € [da] (2.120)

for IRLS-col and such that

/2-1
H®),; = (GJ(X(k))Z + € )p , forany i € [d1],] € [d2] (2.121)

for IRLS-row.
It turns out that for both IRLS-col and IRLS-row, there are some entries of H®) that are
too large to allow for superlinear convergence rates. In fact, if we consider the tangent space

T = {UYM* + MV®* © M e R, M € R"™"}

onto the rank-r manifold at iterate X0 (U and V¥ are, as above, the matrices of first r left
resp. right singular vectors) or, which is, from a different point of view, the direct sum of the
spaces spanned by the first r left singular vectors and the first r right singular vectors, there are
indices of H®) corresponding to some parts of Ty with simply too large entries resp. weights.

To be precise, if we tried to replicate the proof of Lemma 2.4.4 by a decomposition of the term
IW®(Xo)lls, such that

[W®%o)ls, < [UP1ED )0y 0 WO RVE)E? . H® o

+
1

Uy V;z

0 uhx, v
U x,v® 0

S1

=: (D + D + {ID,

‘|
1

UPIE)0, v, o (U XVIVE||
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some of the entries of H® active in term (II) are too large, if H® is as in (2.120) or (2.121).
A similar situation would arise if H(lk) of (2.58) was defined as any g-power mean of Egk) =
max(ol(.k), €)P~2 and EJ(.k) = max(cf;k), €)P~2 of power q > 0, i.e., of any power mean that is larger
than the geometric mean. In particular, by this argument, it can be seen that the straightforward
choice of arithmetic mean of Egk) and Ej.k) would not lead to a superlinear convergence rate for

p<1Ll

2.5 Measurement Models for MatrixIRLS with Guarantees From an Optimal
Number of Samples

In this section, we will verify Assumption 2.1 for several measurement models that arise in
well-studied applications, and corresponding linear operators ® : R91%4> — R™, This makes
sure that Theorem 2.7 is applicable for these measurement models.

By doing this, in particular, we show that Theorem 2.7 holds for

* operators ® with dense sub-Gaussian matrices with independent entries as covered by
Proposition 2.4.1,

* symmetric rank-one measurements as in the phase retrieval setting,

* entry-wise measurements that correspond to a matrix completion setting,

for a sample complexity or number of measurements m that is optimal up to dimension-free
constants.

2.5.1 Sub-Gaussian Measurements

The in some sense most generic linear operators ® : R91*% — R™ for our purposes are dense,
so called sub-Gaussian operators.

Definition 2.5.1 ([Ver18, Chapter 2.5]). We call a linear operator ® : R4*% — R™ sub-
Gaussian if its action on matrices X € R4*% is such that

D(X)e = (Ar, X)

for all £ € [m], where (Ag);., are independent (d1 X dz)-dimensional random matrices whose
entries ((A¢)ij)ij, i € [d1],] € [d2], are independent and fulfill

P(/(A¢)yl = t) < 2exp(—t*/K?) (2.122)
for some constant K > 0.

We note that an important special case of sub-Gaussian measurement operators are Gaus-
sian operators, whose entrywise random variables (A,);; are centered Gaussian random vari-
ables. Low-rank recovery problems with measurement operators ® as in Definition 2.5.1 have
been widely studied in the literature [RFP10,JMD10, TBS*16,PKCS18, ZLTW18].

They have been mentioned already in (2.96) in Section 2.4.2, and they are a popular object
of study because they fulfill a restricted isometry property (see Definition 2.4.1), with high
probability, already for a number measurements m that is

m ~ Cr(dy + do),

for some constant C > 1, which is close to the number of degrees of freedom deg; of a rank-r
matrix of dimension (d; X d5), see the discussion of Section 2.1.1. That statement corresponds
to Proposition 2.4.1.
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In the following, we verify that for sub-Gaussian operators ®, Assumption 2.1 is fulfilled
with high probability for a number of measurements m that are at least a constant multiple of
the number of degrees of freedom of the low-rank model.

Proposition 2.5.1. Let ® : R4*% 5 R™ be a sub-Gaussian operator as defined in Defini-
tion 2.5.1, let r € N. Then there exists a constant C > 1 such that if

m = Cr(d1 + dz),

the following statements hold with high probability.

1. @ fulfills the strong Schatten-1 null space property of Definition 2.4.2 of order r with a
constant 0 < y, < 1.

2. @ fulfills (2.100) of Assumption 2.1 for all tangent spaces T = Ty onto the rank-r manifold
with constant c(r,d1, do) such that

[2d
c(r,di,ds) < 4/ —.
r

—£_ we know from Proposition 2.4.1 that if

Proof. Fixing § < T

m > 2C(6)T(d1 + dz),

® fulfills the restricted isometry property of Definition 2.4.1 of order 2r with restricted isometry
constant 8, = § with high probability. By applying an adaptation of [FR13, Theorem 6.13] to
the rank case, it follows that then

Ir

\/F

for all matrices n € ker @, if n, is a best rank-r approximation of n € R"*% and n, = n — n,,
with a constant of y, = \/1__6+_6/4 < 1, i.e., @ fulfills the strong Schatten-1 null space property

In-llr < —=lnclls, (2.123)

of order r with this constant y, < 1.4 This shows the first statement.
Furthermore, we can then calculate that

Y
nlle < lnelle + {nclle < _rrllnc”SI + [17clle

yeNd —r ++r 2d
<[ ————|lInclls < \/_llnc”F:
\/F r

where we used (2.123) in the second inequality and the Cauchy-Schwarz inequality on the
vector of singular values of 7. in the third inequality.
Finally, we note that

Ne = ngnJ_ (m==1- UUU;)’](I - qu;;)

with U, € R4 and vV, € R92*" being the matrices with the first r left resp. right singular

4Alternatively, while arriving at slightly different constants, following the proof of [CDK15, Theorem 4.1] results
in qualitatively the same statement.
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vectors of n in their columns. By [Dax1o, Corollary 31], it then follows that

7cllr = 1T = UyU )N = ViVl < |Pre(m)lle

for any tangent space T (2.99) of the rank-r manifold. This shows that (2.100) is fulfilled with

c(r,dr, dg) = /2.
O

With Proposition 2.5.1, we can specify Theorem 2.7 for the case of sub-Gaussian measure-
ment operators O.

Corollary 2.5.1 (Local convergence statement for sub-Gaussian operators). Let X, € R1*% pe
a matrix of rank r, and let ® : R*% — R™ pe q sub-Gaussian operator as in Definition 2.5.1.
There exists a constant C > 1 such that if

m = Cr(d1 + dz),

with high probability, the following holds: If the output matrix X € R4 of the k-th iteration
of MatrixIRLS with inputs ®, y = ®(Xp), p € [0, 1) and 7 = r fulfills

1
(23-P(1 + 6K)d)

X% — X5, <

0,(Xo), (2.124)

1
1-p
then

x0 2%, %
and furthermore, the local convergence rate is of order 2 — p in the sense that
XD = Xolls,, < plIX® = Xollg " (2.125)
with
_2°7Pd(1 + 6x)
- Ur(XO)l_p
Proof. We first note that by Proposition 2.5.1, Assumption 2.1 is fulfilled in the sense that

(2.100) holds, with high probability, for all matrices Z € R¥*% with ¢(r, d;, ds) = \/é . Thus,
& of Theorem 2.7 can be chosen such that £ = oo, which does not impose any restriction on
the statement.

Now, we quantify when the condition

ulIX® - X[l < 1 (2.126)
is fulfilled: With 77 as in (2.119) and ||X® — Xo|ls.. < ¢0,(Xo), we see that

%r(l + 4K + 2¢Px)

(1-¢)*Po,(Xo)tP
=25P(1 +6K)¢P < 1,

2-227P (1 + 4k + 2k)

0r(Xo)!P ¢ Por(Xo)" "

~ - 1—
X - X3 7 = XY = Xolls P <

if
1

< .
26-P)/(1-P)(1 4 61)1/(1-P) T
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This shows that (2.126) is fulfilled if

1
26-p)/(1-P)(1 + 6K)1/(1-P)dT7

1X® — Xols., < 0-(Xo),

and the statement of Corollary 2.5.2 is shown for the choice of

_ 237Pd(1 + 6K)
B o-r(XO)l_p

2.5.2 Phase Retrieval with Gaussian Measurements

While sub-Gaussian measurement operators as described above have nice theoretical properties
as they exhibit restricted isometry properties already if the number of measurements is quite
small, direct applications of these operators in the low-rank matrix recovery setting are scarce.
An additional issue that limits their applicability in large-scale data analysis settings is the fact
that they pose computational challenges for many algorithms:

If ® : R1*%2 5 R™ is sub-Gaussian as in Section 2.5.1, the time complexity of calculating
®(X) for an arbitrary matrix X € R%*% is O(md;d,), which cannot be smaller than

O(rdD?)

even if m ~ r(d; + dy) (recall the notation d = min(d;, ds) and D = max(dq, dz)).

In the following, we briefly explain the applicability of MatrixIRLS for the so-called phase
retrieval problem [GS72, Fie82, CESV13, CSV13, CLS15], which arises in astronomy [FD87],
microscopy [TLRW14] and X-ray crystallography [Milgo].

If X, € C¢ is a complex-valued object (often a vectorization of a 2D image), in these
applications, what happens mathematically is that the only knowledge about the object itself
is provided through m phaseless linear measurements

ey =y = |Axo|* = (|<ae,Xo>|2)T:1, (2.127)
where
a
A= |
a,

is a complex (m x d) matrix with rows a;. In particular, the phase (or in a real setting, the
sign of) the linear measurements (a,s,Xg), £ = 1,...,m is not available for the decoder or
reconstruction algorithm.

If the number of measurements m > d is large enough, however, it is possible to show that
x can be reconstructed uniquely from the phaseless measurements [BCEo6, EM14] for many
sets of measurement vectors (a¢)e-1m. In many cases, it is possible to obtain reconstructions
by tractable algorithms in these cases [GS72, Fie82, CESV13,CSV13, CLS15].

In [CESV13,CSV13,CL14], it was demonstrated that the phase retrieval problem can actually
be reformulated as a recovery problem of a rank-one matrix of size (d X d). In fact, if we define
the matrix X := XoX;, € C%4_ the measurements (2.127) which are quadratic in x

ye = [{ae, Xo)|* = ajxoxgae = a,Xoay
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become linear in Xy, and we know that the rank-one and positive definite matrix X is a
solution to the linear system
P(X) =y

with linear operator ® : C®? — C™ such that
O(X), = a,Xa, = tr(a;Xa,) = tr(asfa,X) = (aca,, X) (2.128)

forall £ € [m]. Algorithmically, it was proposed in [CESV13,CSV13] that X, could be recovered
by solving the nuclear norm minimization problem

min  ||X|ls, subjectto ®X)=y (2.129)
XeCd X>0

with @ as in (2.128), and, once X, is calculated, the vector x, € C¢ with correct phase can be
easily calculated as it is the only eigenvector of X, with non-zero eigenvalue.

From a theoretical point of view, the works [CESV13, CSV13, KKRT16] established that
with high probability, (2.129) successfully recovers any vector xo € C? from corresponding
measurements y = ®(xoX;), if the a, are random complex Gaussian vectors and if

m > cd

for a fixed constant ¢ > 1.

The Gaussian assumption on the measurement vector a; may not fully correspond to
the structure of the phaseless measurements in applications of phase retrieval in astronomy or
microscopy, where some type of windowed or modulated Fourier measurements are more com-
mon [CSV13], but they are already more realistic than the sub-Gaussian operators described
in Definition 2.5.1.

While it is more difficult to incorporate the positive definiteness constraint X > 0 of (2.129)
into the IRLS framework explicitly, it is natural to apply MatrixIRLS to optimize

min  F,(X) subjectto ®(X)=y
XeCdxd:x*=X
with Fp, ((X) as in (2.48) using Algorithm 1 with, for example, p = 0 and ¥ = 1. It is to be
expected that in case enough measurements m are provided, there is not only a unique rank-
one positive definite matrix compatible with the measurements, this solution is also unique
among all Hermitian rank-ones matrices [KKRT16].

The theory of this chapter mainly addressed the case of real low-rank matrices X, but the
entire theory can be also translated to the complex domain without many changes.

The fact that the Hermitian constraint X* = X can be incorporated into MatrixIRLS quite
easily comes from the fact that for Hermitian matrices X, the subspaces spanned by the
first r left and right singular vectors are the same, so setting Vi = Uy in the definition of the
weight operator W) (see again Definition 2.3.4) of MatrixIRLS allows us to define the weight
operator such that

W(k)(X) = Ui H(lk) o (U,’iXUk)] U, (2.130)

for X € C¥4 where (H(lk)) € R¥4 i defined as in (2.58). In (2.130), the weights corresponding
to (H(zk)) do not appear, since the projection onto the anti-Hermitian part T : C4*4 — Cdxd,
T(X) = %(X — X*) (see (2.55)) is zero if applied to a Hermitian matrix X.

Using the weight operator from (2.130), we obtain the following proposition.
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Proposition 2.5.2 (Preservation of Hermiticity by weight operator). Let X%} € C%*? pe a
Hermitian matrix with singular value decomposition X* = Uy dg(o(k))VZ. Then the weight
operator WK : Cdxd — CIXd of (2.130) preserves Hermiticity, i.e., for any X € C™? with
X* = X, it holds that .

(w<’<>(x)) Wk (x).

Proof. By its definition, the matrix (H(lk)) € R4 of (2.58) is real symmetric as d = d; = d,
so it is Hermitian as a matrix over the complex domain. Thus,
(W<’<>(x)) - (U,< [H(lk) o (UiXUk)] Uz)
_ (k) — * (k) % %
=Ux |H]” o (UX'Up) | U = Ug |H o (UXUy)| Uy
=wHX),
using that X* = X. O

Using results from [KKRT16] about null space properties for measurement operators @ :
C¥xd — C™ with rank-one measurements (2.127) that are complex Gaussian, we can specify
Theorem 2.7 for the phase retrieval setting.

Corollary 2.5.2 (Local convergence of MatrixIRLS for Phase Retrieval). Let fxg € C4, and
assume the measurement operator ® : C¥*4 — C™ consists of independent complex Gaussian
rank-one measurements (a¢),., as in (2.128), ie., the d-dimensional random vectors (ag),.,
are independent with independent complex standard Gaussian entries (ag); ~ N(0,1/ V2) +
iN(0,1/V2), j € [d]. There exists a constant ¢ > 1 such that if

m > cd, (2.131)

with high probability, the following holds: If the output matrix X € R of the k-th iteration of
MatrixIRLS with inputs ®, y = ®(xox;), p € [0,1) and 7 = 1 fulfills

1X® — xox5ls., < l1%0l13, (2.132)

1
1-p

(23-P(1 + 6K)d)

then
k—o00

X(k) — X()XZ

and furthermore, the local convergence rate is of order 2 — p in the sense that
k+1 k 2—
IX* — xox5]ls., < mlIX® - xox5 157 (2.133)

with
2%7Pd(1 + 6k)
T 2-2
[I%oll, ™"
Proof. Let 0 < y < 1. From the statement and proof of [KKRT16, Theorem 1.2], it follows
that there exists a constant C(y) > 1 such that if (2.131) is fulfilled, then @ fulfills with
high probability the strong Schatten-1 null space property of Definition 2.4.2 of order 1 with
constant y = y;. Following the proof of Proposition 2.5.1.2, we see that ® fulfills condition
(2.100) for all tangent spaces T = T onto the rank-one manifold with constant c¢(d) = V2d.
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The statement of corollary 2.5.2 follows then from the proof of Corollary 2.5.2, using that

01(x0%p) = [Ixoxglls.. = II%oll3-

2.5.3 Matrix Completion

In Section 2.4.2, it has already been mentioned that a strong Schatten-p null space property
cannot hold for low-rank matrix completion, which is the class of low-rank matrix recovery
problems that has perhaps been most widely studied in the literature [CRog, CT10, Reci1,
Chei1s, DR16, CLC19, MWCC19]. Recall that in this setting, the linear measurement operator
@ : R4*% 5 R™ corresponds to a set of double indices (ie, Jje)yey € [d1] X [d2] such that

O(X), = <eige;(5x> = Xi,je (2.134)

for any ¢ € [m], for arbitrary X € R%*%, Here, e;, and ej, denote the i,-th and j,-th standard
basis vector of R% and R%, respectively.

In fact, if (i, ) € [d1] X [d2] is an index pair such that (i, j) # (i¢, je)}-;»
is of rank r = 1, and P, (17) = n if T, is the tangent space onto the rank-1 matrix manifold at
n, which implies that

the matrix n = e;e}f

lInlle > c(r, d1, d2)l|Prr (M)l = O,

for any constant c(r,dq,d) > 0, as Pri () = 0, despite n being an element of ker ®. This
means that condition (2.100) of Assumption 2.1 cannot be fulfilled for all tangent spaces Tz,
unlike it was the case if @ fulfilled a restricted isometry property or a strong Schatten-p null
space property.

In the rest of this section, we will establish that Assumption 2.1 holds, on the other hand,
at least locally around a fixed matrix Xo € R¥*% of rank r, if enough entries are provided by
® and if this matrix fulfills a suitable incoherence condition.

Incoherence conditions on the low-rank matrix Xy to be completed prevent that the in-
formation of the subspace in which X; lies in is too concentrated in few columns or rows,
which would cause an image of Xy with respect to an entrywise operator as ® to contain
too little information to invert ® by any reconstruction algorithm. Similar conditions of this
type have been used in the literature [CRo9, Rec11,Cheis], establishing, for example, recovery
guarantees for nuclear norm minimization in the low-rank matrix completion setting.

We will use the following definition of incoherence, which quantifies the alignment of the
standard basis (eie;‘)dl’d2 of R41*%2 with the tangent space onto the rank-r manifold at rank-r

i=1,j=1
matrix X, € R91%d2,

Definition 2.5.2. We say that a rank-r matrix X € R4*% with singular value decomposition
X = UZV*, U € RD™", V e R2X" s pg-incoherent if there exists a constant g > 1 such that

di +do
didy ’

max || Pr(eiej)llr < 4/Hor (2.135)

1<i<d;,1<j<d;

where T = Tx = {UM* + MV* : M € R%X" M € RT*"} is the tangent space onto the rank-r
manifold at X.

Remark 2.5.1. We note that the assumption that a rank-r matrix X € R4*% is yq-incoherent
according to Definition 3.3.1 is weaker than similar assumptions [CRo9, Definition 1.2, Ao and
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A1], [Rec11, Definition 1, Theorem 2], and even than the assumption [Cheis, (2)], which is
the weakest available incoherence condition in the literature that is used for showing successful
completion by nuclear norm minimization. More precisely, [Che1s] calls a matrix X pg-incoherent

if
r r

max |[U%e;l2 < HOU' ond max IV¥ejllr < Hor' (2.136)
1<i<d; d, 1<j<dy do

In fact, condition (2.136) is weaker than (2.135). This can be seen from the calculation that
[Pr(eie)lIF = [[UU"eie; + eie] V" — UUeie] VV'||7 = ||UU"ese; (1 - VV*) + e;e; V|7
= [UU"eie} (1= VW)|I2 + [leielVV'|[2 < [UU"eie 21T — VW72 + fleie; VW2
Hor  por _ por(di +da)

< [|[U%eiet||? + |lejel V]| = ||[U%e||? + |[V¥e]|? < = + <
Ui + Nl VIE = 10" + Ve < 50 4 BT < HOTELE

foranyi € [d1], j € [da], if (2.136) is fulfilled, which holds since
||U*eie;||1% = tr(eje; UU"eje;) = tr(e;UU"e;) = e;UU"e; = |U*e;|2
and similarly ||el-e;fV||1% = ||V*ej||§.

To establish Assumption 2.1 of the measurement operator ® around a p1p-incoherent matrix
X, for a number of samples m as small as possible, we resort to randomness in the distribution
of the indices (i¢, jo) of known entries in (2.134), along the same line of reasoning as in the
case of sub-Gaussian operators or the operator of random rank-one measurements.

Our model for the locations (i¢, je);., of the entries of X provided by ®(X) assumes that
are they are distributed uniformly without replacement among all possible locations [d1] X [d2]-
We obtain the following local convergence statement for MatrixIRLS.

Corollary 2.5.3 (Local convergence of MatrixIRLS for Matrix Completion). Let Xo € R%1%d
be a matrix of rank r that is pg-incoherent, and let ® : R91%% — R™ consist of entry-wise
measurements (2.134) for a set of locations (i, j¢),., that is drawn uniformly without replacement.
There exists a constant C > 1 such that if

m > Cpor(d; + dz)log(dy + da). (2.137)

with high probability, the following holds: If the output matrix X%©) € R%1*% of the k-th iteration
of MatrixIRLS with inputs @, y = ®(Xp), p € [0, 1) and 7 = r fulfills

1
1-p
x® — Xo|ls.. < min|C4 /2L, [cp—PEL — X 138
Il olls., < mm( W7\ ©30gDix 0+(Xo), (2.138)

where C1 and Cy are absolute constants, then
(k) k— o0
XV —— Xp

and furthermore, the local convergence rate is of order 2 — p in the sense that

||X(k+1) — Xolls.. < p||X(k) _ Xo||§;p (2.139)
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with _
Cd log(D)
pOrUr(XO)l_p

In the proof of Corollary 2.5.3, we will actually work with a sampling model of the the
locations (ig, j¢);_, that is one of independent sampling with replacement. By the argument of
[Rec11, Proposition 3], the statement then carries over to the above model of sampling without
replacement.

Due to the model of sampling with replacement, it is possible to sample locations (i, j) €
[d1] X [d2] more than once, but the following proposition due to [Reci1] bounds the number
of repetitions of each location.

= 227P r(1 + 6x).

Lemma 2.5.1 ([Rec11, Proposition 51). Let D = max(ds,dz) and B > 1, let Q = (i¢, je);., be a
multiset of double indices from [d1] X [d2] fulfilling m < did; that are sampled independently
with replacement. Then with probability at least 1 — D*~??, the maximum number of repetitions
of any entry in Q is less than %B log(D) for D > 9 and 8 > 1. Consequently, we have that with
probability of at least 1 — D*=? the operator Rq : R9*%2 — RU*% defined such that

Ra(X) = O (PX) = ) (e ¢, K)eie, (2.140)
=1
fulfills
8
IRalls.. < Zplog(D).

Next, we use a lemma of [Reci1] that can be seen as a result of a local restricted isometry
property, and which will help us to ensure Assumption 2.1. We detail its proof since we use
the weaker incoherence definition of Definition 3.3.1 instead of the incoherence notions of
[Rec11, Cheis].

Lemma 2.5.2 ([Reci1, Theorem 6]). Let 0 < € < 1 , let Xp € R31%d2 pe ¢ Ho-incoherent matrix
whose tangent space Ty = Tx, onto the rank-r manlfold (2.99) fulfills (2.135) and Rq : Rd1xdz2 _,
R*4 pe defined as in (2.140) from m independent uniformly sampled locations. Then

dq1ds

95T0 RaPr, — Pr,|| <€ (2.141)

Seo

holds with probability at least 1 — (d, + d2)~2 provided that
7
m > E—2por(d1 + dsy)log(dy + dy). (2.142)

Proof. First we define the family of operators F¢, Zp : R9%%2 — REI*d2 gych that for X €
Rledz,

didy L1 did
(%) 1= 2 feyef, P, ()P e1f) — Py = T EE(X) — P, ()
for any ¢ € [m]. Then
1 & & g4 1 1 did 1
142 142
E[Ze] = ody 21 Zl (eie;, Pry () Pry(eie;) — —Pr, = od, m — Il - P, = 0.

(2.143)
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Since for X € Rd1xd2
<eige;'k[; 9'STO()()>95T0(eiee;}) = <95To(eiee;;)) X>95To(eiee;'k€)
we obtain
eiwel,» Pry (XD Pro(eree e < [(Pryei,el, ) X 1%, ercel e < 119Pr(ereeIZNIX e

by Cauchy-Schwartz, and thus the norm bound

dyds didy
< —||95T(eleen)”F T m lE[dl]JE[ 2]

L ddy Hor(di +da) _ por(dy +da)
T m d1d2 m

did
1 2”26

1%, (s, II2
(2.144)

using the incoherence assumption (2.135) in the last inequality. Similarly,

& < por(dy + dz).

m

<

<@To(eie;): ('))ngo

1
m

Sco =1 :]_

195
m TO

[

(2.145)
We note that if operators of and 9 are positive semidefinite, then | — Bls, <
max(||d|[s., ||%Alls.), and as both £, and Pr, are positive semidefinite,

_ por(dy + dz)
m

1d2

Il < max L2 ]~ o

for all £ € [m]. For the expectation of the squares of Z,, we obtain

d1ds)? d:d d:d
Ez,z) = D9 E| & %] —ﬁtE[zg] Pr, — 22 E |Te | + 29%
d1ds)?
= ;j) (@] +a-2=ay,

as 95%0 = Pr, and [E[ig] = ﬁ@TO. Thus,

m
D=5
=1 Seo

(d1d2)?
m

Z IEZez: s, =

max ({2 HE[@Z]\L sl

E[@0?] - o,

Seo

(d1d2)? (1258 1

< 3 max (L2 |E |19, eI, 2~
didz)(dy +d ~ 1
<3 max [ (@1d2)(d1 + da)por H[EZg L
m? Seo M2

(di +da)por 1\ _ por(di +d)
max | ————, — | = ——,
m?2 m?2 m

where we used that ||%g |2 < 1 since %y, is a projection in the third inequality, the definition

104



of 11g in the fourth and the fact that [E%g = ﬁgﬁo (see (2.143)) in the fifth. As the &, are
Hermitian, it follows by the matrix Bernstein inequality (see, e.g., [Ver18, Theorem 5.4.1])
that

|

< (dy +d>) me”
eXx —
S AT QP Ty M dh + d2) + por(ds + d2)/3)

dids
m

me? /2
por(dy + da) + por(dy +dz)e/3

Pr, RaPr, — Pr,

> S) < (d1 +d2) exp (—
Soo

(2.146)
using that € < % in the last inequality.
Furthermore, if (2.142) is fulfilled, then
me? _9
(d1 +d2) exp (—W) <(d1+d2)",
which shows that (3.37) holds with a probability of at least 1 — (d; + d2)~2. O

The goal is now to establish the local restricted isometry statement of (3.37) for tangent
spaces Tx corresponding to matrices X € R%1*% that are close to Xo.
We show the following refinement of [WCCL16b, Lemma 4.2].

Lemma 2.5.3. Let Xo, X € RY*% pe matrices and assume that 0 < € < 1 and that the following
three conditions hold:

(a) For Rq : RE*d2 5 Rd1xd2 g in (2.140),

16
1Ralls,, < 3 log(D).

(b) The tangent space Ty = Tx, onto the rank-r manifold at Xy fulfills

dids

——9Pr RqPr, — P <e.
- To QI To S €

Sco

(c) The spectral norm distance between X and X fulfills

IX - Xolls.,

< V3 € m 0+(Xp).
324/log(D)\/(1 + &) Y did2

Then the tangent space T = Tx onto the rank-r manifold at X fulfills

dids
PrRoPr — Pr
m

< 4e. (2.147)

Sco
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Proof. For any Z € R9%%2 we have

|RaPr, @)} = (RaPr(Z), RaPr(2)) < %6 log(D) (Pr,(Z), RaPr,(Z))

= 1?6 log(D) <@T0(Z), 957'091993% (Z))
= 2 log(D) (<97°T0(z) 9To(z)> <9T0(Z) (%09199%(2) " Q&To(z))>)

< 1—6 log(D) (H + 5—) ||9°To(z)||p S - IOS(D)(l + 5) ||Z||F ;

where the first inequality follows from condition (a) and the second one from condition (b).
It follows that

16
|Rar,|| < \/ < log(D)(1 + E)ﬁ‘ (2.148)

Furthermore, if U, Uy € R®¥ and V,V, € R%*" are the matrices of first r left and right
singular vectors of X and Xy, respectively, it holds that for any Z € R%1%%2,

(Pr — Pr,)(Z) = UU'Z + ZVV* — UU*ZVV* — UoUSZ — ZVoV;, + UgUSZVoVy,
= (UU* = UpUp) Z(I - VoVp) + (I - UU)Z(VV* = VoVy),

which we use to estimate

1(Pr = P )(D)|lF < [[UU" = UoUp|ls, IIZIF[IT = VoVplls., + IT—UU" [Is NIZIF[IVV" = VoVglis,,
[19:(X) — Xolls, [19:(X) — Xolls.,
< Rz 1+ 1 2
(Xo) 0-(Xo)
F>
Gr(XO)

where J,(X) is the best rank-r approximation (3.21). Here, we used the results

17-(X) — Xolls.,

[UU" — UoUgls., <
ofs O-r(XO)

and
17-(X) — Xolls.,

O-r(XO)
of [WCCL16a, Lemma 4.2, ineq. (4.3)], which bound the distance between the projections

onto the left and right singular subspaces of X and Xp.
From the Eckardt-Young-Mirsky theorem (3.21), it then follows that

[VV* = VoVglis,, <

4|1X = Xo|ls.,
I(Pr — Pr)lls., < T oK) (2.149)
r
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With this, we further bound

[RaPrlls,,

IA

1Pa(@r - )5, + [|%ar,
411X = Xolls,
m>

s..
= log(D)
16

IA

+ ”ngQSTo ”sm

I/\

log(D)(1 + s)—

8\/log(D \/(1 +¢) V dldz \/ did2  (2.150)

m m
= @ log(D)ms‘ ,d1d2 + \/? log(D)(1 + S)E

< 2V3log(D)V1 + ¢ l,
dqd>

where the second inequality follows from (2.149) and the third from condition (c). To prove
the statement (2.147), we calculate

dyd d
P FoPr = Pr| < P =Pl + == |PrRaPr - PrRaPr
, dud did
- ——= [ P1RaPr, - PrRanls, + [P, %@TO%%
Soo
dyd
ﬂ%—%M)12Wﬁ%J%f%m
, dud dyd
== ||9i095To||s ||9T 975To”s Pro = 1—29570%09%0
Seo
4||X_XO||sm d1d2 1RaPr | 41X - Xolls,,
0r(Xo) TS T g, (Xo)
d d 41X =X d.d
4, 4D ot o, - L cug |
< 480

where in the second inequality, we utilized the fact 2] = Pq so that [|PrPqlls, = |PaPrlls,,-
The very last estimate follows from conditions (b) and (c) and the bounds (2.148) and (2.150)
for ||950975T”SDo and ||@QQ°TO||SDO. O

We conclude this section with the proof of Corollary 2.5.3.

Proof of Corollary 2.5.3. Assume that there are m locations Q = (ir, j);.; in [d1]x[d2] sampled
independently uniformly with replacement, where m fulfills (2.137) with C := 7/e? and € = 0.1.
By Lemma 3.7.1, it follows that the corresponding operator &g : R4%% — R91%% from (2.140)
fulfills

16
1%alls, < —-log(D) (2.151)

on an event called Eq, which occurs with a probability of at least 1 — D=2, and by Lemma 3.7.2,
the tangent space Ty = Tfx, corresponding to the j1p-incoherent rank-r matrix X, fulfills

d1dy

QDTO 9?,095]"0 ngo <e¢

Seo
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on an event called Eq 1, which occurs with a probability of at least 1 — D2 Lete = =. If
XK e R41%4 j5 such that || X*) - Xplls.. < £0.(Xo) with

E= E : - \/_ L (2.152)

32 \flog(D)(1 +¢) Y dida 32 10+/log(D)(11/10) d1dz

it follows by Lemma 2.5.3 that on the event Eq N Eq 1,, the tangent space Tj := X® onto the
rank-r manifold at X® fulfills

dids

—QkaE’RQ@Tk @Tk < 4e. (2.153)

Seo

Next, we claim that on the event Eq N Eq 1,

Cd log(D)
Inllr < \/TII%,;(U)IIF- (2.154)

for any 1 € ker ® with some constant C, where ® : R1*% — R™ js the measurement operator
(2.134) associated to Q) = (ig,jg)’;:l.

Indeed, to show this claim, we first note that n € ker ®@ if and only if n € ker Rq. Let
n € ker Rq. Then

”‘C%Tk(n)”]% = <95Tk(’7) 95&(’7))

~ (o0 2820500900 ) + (9,00 .00 - 2 0 )

1ds dqid
<@Tk<n> @Tk@Q@Tk<n>> + Pl |Pr, = ——=FrRaPr|  [Pr0)le
Soo
d1d2
<@Tk( ), —— Qio%k(n)> + 4e||Pr, ()17,
using (2.153) in the last inequality, which implies that
1 didsy 1 dids
1P (I < mypamal CEAU) PrREPr () = 1_—%T||9309°Tk(f7)||p2~
2d
<= 2||97i09”Tk('7)||F

using the fact that Rq : R9%% — R41%% g positive semidefinite and has eigenvalues that are
0 or larger or equal than 1 only. Furthermore, we used that ¢ < == in the last inequality.
Since n € ker Rq, it holds that

—10

0 = IRaml = [Ra (Prm) + )| = 19aPr e - 1P Oy

so that 16
[%0Pr(MlF < [[RaPre()lF < 3 log(D)[|Zr+ ()|,
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where we used (2.151) in the last inequality. Inserting this above, we obtain

2d1d2 162

19112 = 19r I + 1P IZ < ( > log(D)? + 1) Py (2

2d,d, 162

Cpor(dy + d2)log(d; + do) 32

Cd log(D)
Hor

16 1og()? + 1) O

1 ()I7,

where we used the sample complexity condition (2.137) in the second inequality and the
definition

_ 416

S C-32

for the constant C. This shows the claim (2.154). In fact, (2.154) is shown with this proof
not only for Ty, but for all tangent spaces Tz onto the rank-r manifold associated to matrices
Z € R4*% fylfilling B

IZ — Xolls,, < §0,(Xo0)

with £ as in (2.152). This means that Assumption 2.1 is shown on the event Eq N Eq 1, for the
matrix Xy with radius

f . C ot }101‘ \/_ 1 C}lor(dl + dz) log(d1 + dz)
320 =3 10\/log(D)(11 /10) d1d>
—~ \/§ 1
<§=

32 10+/log(D)(11/10) dldz

and constant
Cd log(D)
por

To finish the proof of Corollary 2.5.3, we need to make sure that Theorem 2.7 is applicable,
which means that z7 from (2.119), i.e.,

c(r,dy,da) =

~ c(r, d], dz)zr (1 + 4Kk + ZCPK)
AP

with || X% — Xo|ls.. < ¢o.(Xo) is small enough such that
AIX® —Xolls " < 1.
If { <1/2, then

AlIX® = Xolls™P < 227Pe(r, dy, d2)?r (1 + 4k + 28PK) £ 7P
Cd log(D) Cd log(D)
Ho

Hor

<2%P (1+6Kx)17P <1,

r(1 + 6K)¢1P = 2277
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where the last inequality holds if

Ho =
22-PCd log(D)(1 + 6k)

This means that the statement of Corollary 2.5.3 is true with constant

Cdlog(D
y=g2p Cdl08D) 0 o
pOrUr(XO)l_p
if

1

ﬁ
x® _x < minlc ,M, CL (X
I olls, < mm( 1 d zdlog(D)x 0,(Xo)
1

. [ € [30 [por ( o )ﬁ
<min({,§)o.(Xo) = min | ——/ —+/—, — o.(X
(( f) r( O) (320 11 d 52-pCd log(D)(l N 6K) r( 0)
for constants C; = =554/22 and Cy =

355V i1 #2_}75, with probability at least 1 — 2D~2 (which is
a lower bound for the probability that the event Eq N Eq 1, occurs), if the sampling model
of Q is one of uniformly sampling with replacement. By the argument of [CRTo6a, Section
I1.C], [Rec11, Proposition 3], the result extends to the sampling model of independent lo-
cations without replacement with the same probability bound. This concludes the proof of
Corollary 2.5.3. O

2.6 Computational Considerations

In this chapter so far we presented an algorithm, called MatrixIRLS, and analyzed its local
convergence suggesting superlinear convergence rates of the iterates to a low-rank solution
under certain assumptions. To make the approach scalable to real-world applications in-
volving not only very small data sets, it is not sufficient that the algorithm needs only few
iterations to obtain a high precision solution. In fact, it is also desirable that the iterations
are computationally efficient in terms of time and space complexity—one iteration should not
take too many basic arithmetic operators, and the iterates should not be stored in a way that
creates unnecessary memory overhead or that uses more parameter to describe the data than
necessary.

What does this mean for low-rank matrices and their recovery? In Section 2.1.1, it became
already evident that a (d; X ds)-dimensional matrix X of rank r can be described such that

| 1\ (o - v -
X=|uy ... u |- . : = Uxv*

| | o —_— VvV, —

using its singular value decomposition with a (d; X r)-matrix U, a (dy X r)-matrix V, and a
diagonal (r X r)-matrix X. While the added number of entries of U, V and £ amounts to

dir + dor + r? = r(di +dy +71),
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we saw already that its actual number of degrees of freedom is slightly lower with
degf = T’(dl + d2 - r),

as the orthogonality and normalization of the columns of U and V can be taken into account,
and the knowledge about diagonality of X also indicates that it has, in fact, only r non-zero
values to be stored due to its diagonal structure.

If D = max(dq, d»), both quantities are of order

O(Dr).

In most applications where low-rank matrix recovery can be used, for example, to build
a model for a recommender system [KBVoo, BLo7] (matrix completion) or to reconstruct a
2D image from phaseless measurements in ptychography [TLRW14] (phase retrieval), good
models correspond already to very low ranks

r < d = min(dq, ds)

compared to the ambient dimensions d; and ds. The Netflix prize dataset [BLo7] for example,
which is already more than a decade old and might not represent a typical size of training
data sets for contemporary commercial recommender systems, consists of around d; = 480000
users and do = 17000 movies, but models with ranks r in the dozens returned already very
competitive results [KBVoog,RR13]. In ptychography, typical test 2D test images are of the size
500 x 500, resulting in (d X d)-dimensional recovery problems of matrices of rank r = 1 with
d = 250000 [XSH"18].

From these examples it becomes clear that there are many applications where it is pro-
hibitive that any algorithm of choice, iterative or non-iterative,

» stores full (d; X dy)-dimensional matrices X € R%1*42,
* uses any operations that scale quadratically in the matrix dimensions d; and/or d»,

as the resulting time or space complexity of
Q(d1d)

is by orders of magnitudes worse than what do expect from algorithms that have complexities
that are basically linear in D and polynomial in r.

While we do not provide a global complexity analysis of MatrixIRLS due to the local nature
of our convergence analysis, we detail in this section why MatrixIRLS avoids any quadratic
dependency on the matrix dimensions in its memory and iteration costs.

2.6.1 Low-Rank Structure of Weight Operator

We recall that the step of calculating the new iterate Xk*1) € R%1*% a5 the solution of the
weighted least squares problem

min (X, WO (X)).

O(X)=y
defined by the weight operator WK : R91%¢2 — R%1%42 (3 57) associated to the last iterate XK e
R91%42 and the problem data (measurement operator ® : R%X% — R™ and measurement
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vector y € R™) can be calculated such that
XKD = ()1 (CD* (cD(W(k))—ch*)—l (y)) ,

as it was stated in Lemma 2.4.1. Here, (W®)™1 : R4 _ Ré1>X42 ig the inverse of the matrix
operator W®_the inverse exists as W®) is positive definite with eigenvalues (see (2.60))

AW®) = {EP); i € [dilj € [dali < i U {0 i€ [dil,j € [dili < )

It is a priori not clear why there is hope to calculate X**1) in a time complexity that is
quadratic or sub-quadratic in the dimension of X**1) even if iterative solvers are used to
solve, for example, the linear system

(@(W(k))_lqb*) Z=y

for z € R™ before X**1) can be calculated such that Xk*1) = (W®)~1(d*(z)).
In particular, just the application of a matrix operator mapping from R4*% — RO%d2 to
a (d1 X dy)-matrix can cost as much as

0((d1d2) - (d1d2)) = O(d*D?).

However, as a preliminary result, we state the following result about cost of the application
of any power of a matrix operator W,

Lemma 2.6.1 (Time complexity of the application of weight operators). Let k,r € N, v € R and
ex > 0, let MW : RI1xd2 5 X2 pe the p-th power of the weight operator W) of MatrixIRLS
as defined in (2.57) of Definition 2.3.4 associated to the matrix XX € RT1*% that has at most r
singular values larger than €, > 0 with singular value decomposition

>k o ] [V(k)*]

X® = Uz v; = [U(") U(k)] [ W | |0
o =0 |vh

where Ui € 0%, V. € 0%, U0 ¢ Rivr g ¢ pdixdn) yb) ¢ pdxr ylb) ¢ pdax(dz-r)
. k
20 = diag(o1(XY), ... 0,(X®)) and P = dg(0,41(XD), ... 04(XP)).
Then for any Z € R91%%,

M®(z) = UR[HP), 0 SURZVO) + @), | o TURZv®)vb-
+u® ((D(lk))u + (D(zk))v) U z(1 — vy ik
(2.155)
+(1-uPy®)zv® ((D(lk))” + (D(Zk))”) v+

+ /0D (I _ U(k)U(k)*) z (I _ V(k)V(lo*) ,

where H(lk), H(zk) € RY*%% gre the matrices from (2.58) and (2.59), (H(lk))", (H(zk))" € RI1%d2 gre
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their entrywise v-th powers with decompositions®

(k) (k)
H, Doy (M, )yy,

(k) (k)
@y W, ) 0y
oy B,

®)w
H)" =] & *)
H )G, v HIG v,

}’ (7Y =

and where (D(lk))” , (D(lk))" are (r X r) diagonal matrices such that
(k) _ (k)
((Df )V)ii B ((Hf )%’Vi)il

fort =1,2foralli € [r].
In particular, this means that the image of Z with respect to M®), M®)(Z), can be computed
in a time complexity of
O(dldzl”).

Proof. Since the eigenvalues of W) are as stated above and W) is diagonalized by the outer
product V(X @ U®, it holds that for any Z € R%1>*d2,

M®(zZ) = U [(H(lk))" o S(ULZVy) + (HY) o T(U;zvk)] Vi =

U xvE  ghrxev
U xeve  utrxev

U(k)*XOV(k) U(k)*XOVﬂ()

U(k) U(k)) k)* k)* k
( + v xev®  uxev

v
)

H) oS (

+HPY o ’f(

|

k = % k =g %
_ (U(k) U(k)) (H(1 ))IVJ’V oS (U(k) Xov(k)) + (H(2 ))IVJ,V oT (U(k) Xov(k)) 0
L

0 0
k ] [ % k)]
. Ew | 5[] 0 UV
@Y U xev 0
- K 2 - . k:
. Y [ 7| 0 vVl
(Hy)y, v UV o
k)x
re i g )« 3 (el Vik;*
0 s(Ul XOVL)+T(UL xovl) v

v
= (U<’<) U(f)) [(D + (D + (D + AV)] (V(k)*) :
1

Here, we used crucially that due to the definition of H(lk) and H(Zk), all the entries of (H(lk))Ul,VL
and (H(lk))Ul,VL are equal to €P~2, and therefore, the entries for their v-th entrywise power are
equal to e,':(p 2,

From this calculation, we see that the first summand corresponds to U(k)[(H(lk))i’JV o
SR zv®) + (HY)y, | o T(UR*ZVE) VR~

For the fourth summand, since

§(U(f)*xovﬂf‘)) +T (U(f)*xovﬁf‘)) = %, v,

5See the proof of Lemma 2.4.4 for the same decompositions.
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we have that

0 0
(U(k) U(f)) ez(p—Z)

v 0=
05 (U(f)*XOVY()) +T(U(f)*xovﬁ‘)) (vgf‘)*)

— 6Z(p_2)US’_<)U(f)*XOVY()Vﬁ()* — GZ(p_Z) (I _ U(k)U(k)*) XO (I _ V(k)V(k)*) )

using that
UPu® L gy =1 and  vOVOr L V0T o g (2.156)

in the last equality.
To cope with the terms Uy [(II) + (III)] V;, we note that the matrices

k
HOW..

have constant rows for £ = 1,2 (same for the columns of (Hi,k) ){JL v)> SO that their action by

the Schur product o can be realized by corresponding multiplication with the matrices (ng))”.
Also here, we use (2.156), which shows formula (2.155).

To obtain the bound on the number of basic arithmetic operations for the calculation
of MW (X), we can calculate first UKY*Z € R™% and ZvH) e RUmeT  and these matrix
multiplications are of order O(rdidy) using the standard algorithm. Calculating then the
(r x r) matrix U%*ZV®) costs O(2d), and all operations needed to calculate

X = H)y o SURZvO) + @), 0 TUM ZVvH) € R
are O(r?). Furthermore, the diagonal multiplications needed to obtain
% = (@) + ) ) vz e R

and
X3 = Zv® ((D(lk))V + (D(zk))”) e RO

are O(rD). The remaining operations consist then of additions and subtractions, and of
multiplications of X7, X, and X3 with U® from the left and V¥* from the right, which cost
again O(rd;ds). ]

In fact, a close look at the formula of M®) from Lemma 2.6.1 reveals an interesting structure
that relates its action to the tangent space onto the rank-r manifold at XX,

Ty := {UM" + MV* : M € R¥", M € R4},

which can be also parametrized such that Z € Ty if and only if there exist matrices Z; € R™",
Zy € R4 7. € ROX" guch that

Z = U0z, v0* 4+ Wz, (1 - vIOVE) 4 (1 — uPu®)zavhx, (2.157)

Comparing this parametrization to (2.155), we observe that M¥) acts on Z = Pr(Z)+ Qbeerp(Z)
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such that

k
M( )(Z) = PTk%;(k)

-2 * -2
:ka( Y = e )ITk)PTk(Z)+6:(p 'z,

% -2
P} (Z) + €, " P (2) acs)
2.158

where P, : Ty — R%1%42 jg g linear operator corresponding to an orthonormal basis of Ty, so
that we have for the projection P, : R1*d2 — Rd1Xd2 hat

9Tk = PTkP;ik’
and Qb; @ : Tk = Tk is an (almost) diagonal operator that maps any Z € T written as
z = Uz, v L gWz,(1 - vIOVR") 4 (1 - gk z,v o
to
k ey k T *
2", (2) = u® [(H<1 Wy 0 8(21) + L), 0 T(Zy)| v
+ U(k) ((D(lk))v + (D(zk))v) 22(1 _ V(k)V(k)*) + (I _ U(k)U(k)*)23 ((D(lk))v + (D(Zk))v) V(k)*
(2.159)
We formalize the computational implication of this observation in the following lemma.

Lemma 2.6.2. The operator M%) : R1*d2 s RO*% from Lemma 2.6.1 can be written such that

-2 * -2
M® = pp. ( Y — €0 )ITk) p; +e P,

where %Zr(k) : Tx — Ty is the operator from (2.159).

If elements of Ty are appropriately parametrized, the action of %Z « has a time complexity of
O(rD).

2.6.2 Harnessing Low-Rank Structure for Updates with Sub-Quadratic Complexity

In this section, we explain how the observation of Lemma 2.6.2 can be used for efficient
computations in MatrixIRLS. Using the definition of M¥) from Lemma 2.6.1 with exponent
v = —1, we rewrite formula (2.93) for the new iterate X*+1D) guch that

X(k+D) = (k1 (qa* (®(W(k))_1®*)_1 (y)) =M (q’* (‘DM(k)(D*)_l (Y)) '

As above, if we define z := (dM (k)CID*)_1 (y) € R™ as the solution of
(qu(k)q)*) zZ=y,

we know that
Xk = R *(z). (2.160)

Using Lemma 2.6.2, we know that
M) " O R N I
(oM©0°) = (0Py, (I3} - T ) PO + 6 PO07)
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Next, we use the Sherman-Morrison-Woodbury formula [Wooso, FRW11], [HJ12, (0.7.4.1)],
which states that for any invertible B € R™™ C e R’ and any matrices E,F € R™¢,

(B+ECF) ! =B ! -BE(C! +FBE)'F'B L (2.161)

Using (2.161) with B = ei_p oP*, C = (@;(1:() - €i_p ITk) and E = F = ®Pr,, we obtain that

Z= ((IDM(]‘)CID*)_1 (y)

1 (2.162)
_ [ei_zl — (2PDd") Py, (e,f“’c—l + P;kqa*(cpcp*)—chPTk) P;kcb*] (@) L(y).

Furthermore, inserting the formula for M (k) from Lemma 2.6.2 in (2.160), we obtain
- 2— % xok 2— ®
x(k+1) — [PTk (E)Z)H(lk) —€, pITk) P} ®" +¢ 'O ] (2). (2.163)

If we now apply the projector P;k to this equality, restricting the equation to T, it follows that

k+1 * * % gk 2D % gk
Xt = Py (x**V)) = P}, Pr,CP;, @*(y) + € 'P;, ®*(2)
* * 2— * * 2— * *
= CP} ®*(y) + ¢, "P; ®@"(2) = (c +€; PI) P; @*(y)
= D, P, ©*(2).

Inserting now (2.162) for z, we obtain

(k+1) _

[ 1
— -2 % gk s xok s\ — 2—Dp ~— % gk s\ — * ok 0\ —
X8 = gl 272 | pr o — P &7(00%) Py, (ek PC + P 0F(0DY) 1<DPTk) p; @ ]((D(b ) 1(y)

[ -1
= et [1- P} 0" (@0") ' dpy, (e,f Pt + p;kcp*(cpcp*)—lchTk) ] P} (@) (y)

[ -1
- 2| 2-pA— 2-p ~— K 3k 0\ — * gy o\ —
=D er e "€ (ek Pc! + P} @F (@) 1<I>PTk) }Pqun (@2*) \(y)

1
2—D f— 2—Dp ~— % xok s\ — % gk 0\ —
(I+ek e 1) (ek PC! 4 P; 0F(0OY) 1cpka) P} " (®0°)(y)

2-p e
: (I+ek Pc 1)Yk>
(2.164)

where yi is the solution of the dim(Tx) X dim(Tx) ~ O(rD) X O(rD) positive definite linear
system

(ef‘pC‘l + p;kqa*(@@*)—lq:ka) Yk = P}, " (@0")\(y), (2.165)

which is now the main cost in the calculation of X(Tk+1)

> as the application of the operator

(I + ei_p C‘l) needs just O(rD) operations—the opertor C = (Qﬁ;(lk) — ei_p ITk) from above can
be inverted easily.
Furthermore, for the part X(kal) of X**1) that is orthogonal to the subspace T, if we define
k

the linear operator Ple. : TkL — R%%42 gpalogously to the one of Ty, i.e., such that

P = PPl
Tk Tk T}j—
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Using this notation, it follows from (2.163) and (2.162) that

(k+1) _ p* (k+1)y _ ,2-p *
XT,j = PT;(X ) =€, QSTkL(IJ (z)

-1
= P @ [I — (@D*) ' DPy, (e,f‘pC‘1 + P;kq>*(cbcp*)‘1chTk) P;kcb*] (@D*)"(y)
= P;ch*(q)q)*)_l [y - cDPTk(Yk)] >
k
(2.166)

also inserting the definition of y; from (2.165) in the last equality.
Now, we as we will verify shortly, we can use (2.164) and (2.166) to obtain an exact
representation of X**1) that is

* memory-efficient in the sense that it only needs O(rD + m) parameters, and

* (potentially) computationally efficient in the sense that the computational cost is for the
calculation of the update of X**1) is dominated by the cost of the inner iterations of a
iterative linear system solver for (2.165), which can be as low as O(r?D + mr) depending
on the measurement operator ® : R1*% — R™,

Indeed, we have that
Xk = Pr(Xr,) + PTkl (XTIj)
= Pr, 1+ €77 i + PPy 0 (@0) ™ [y — OP ()]
- Py, (1 + e,f‘PC‘l) Yi + (1 - PTkp;k) o (@0%) ! [y — ©Pr, (y1)]
= ©' (@) ! (y - OPr, (1)) + Pr (1+ € PC7) yic = P}, 0" (@) ! (y - @Py, ()

: (@) 1y + Pp, ((1 + e,f‘Pc—l) Vi — P;kqn*(cbqn*)‘lrk)

=: O (®D*) 'y + Pryi

with the definition of the residual r := y — ®Pr,(yx) € R™ and the vector y € Ty that lives in
the tangent space Tj, which is a linear space of dimension r(d; + dy — ).

The pair (1, 7x) can be used as a memory-efficient representation for X(k*+1),

This fact alone should not be a surprise, as already (2.160) hints at a representation of
X(*+1) that is O(m) by using the vector z € R™.

However, the representation we derived by (ry, yx) has the advantage that for many mea-
surement operators ® : R91*% — R™  all computational steps are sub-quadratic in d, and
furthermore, the linear system (2.165) to be solved is well-conditioned at least in the limit. The
latter aspect will be discussed in Section 2.6.3.

For the first aspect, we recall that it has been already briefly mentioned that sub-Gaussian
operators @ as discussed in Section 2.5.1 are computationally problematic, as images ®(X) of
arbitrary (d; X dy) matrices X need O(md;d,) basic arithmetic operations. The situation is
similar for the Gaussian rank-one measurements as in the phase retrieval setting Section 2.5.2
(even if the complexity of these measurements is smaller if X is provided, for example, in a
factorized form).

For entrywise measurements @ as in the matrix completion setting of Section 2.5.3, however,
the situation is considerably better, as obtaining the images ®(X) € R™ does not involve
computations (except from entrywise access to the entries of X)), and can be done in O(m). In
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the remainer of this section, we will therefore focus on the matrix completion setup exclusively.
We note that many of the following properties are similar, for example, for Fourier-type rank-
one measurements as present in many variations of the phase retrieval problem [CESV13,
TLRW14, XSH*18].
First, we note the if ® : R94*42 —, R™ is such that there exists a set of distinct locations
Q = (ie, je)i2y C [di] X [d2] with
DX, = (e €5, X)

for all £ € [m], it holds that
OP* =1 R™™,

which simplifies some terms above.
Therefore, we can summarize the following simplified outline of an implementation of
step (2.90) of MatrixIRLS for matrix completion:

1. Calculate P;kCD*(y) € T.

2. Solve
2-p
€, I . L
(m + Pqu) OPr, | vk = PTkCD (y) (2.167)
o~ €k

for yi € Ty by a conjugate gradient method [HS52], [QSS10, Chapter 4].

3. Calculate residual ry := y — ®Pr,(yx) € R™.

-1

P
4. Calculate yy = (%) Yk — Pr, @7 (tx) € Ti.
@H(k)_ek I

By the calculations above, we obtain an implicit representation of the new iterate X**1) ¢
R4*42 gych that

XD = @*(ry) + Pr, (7). (2.168)

For elements of T} such as yi, we use the representation of (2.157) such that we keep the
r(dy + dy + r) parameters of the matrices (yx)1 € R™", (yx)2 € R™% and (yx); € R such
that

Pr, (yx) = UPG)1 V" + U ()01 - vIOVO*) 4 (1 - tRU®*) () v ", (2.169)

By Lemma 2.6.2, applications of powers of the operator &, then have a time complexity of
O(rD), and the same is true for the very similar operators

2- _
€ Py %H(lk)

— . and —

Do~ € 1 Doy~ € 1

What remains to be shown is that the linear operator ®Pr, : T) — R™ and its adjoint
(®Pg )" = P;ktb* : R™ — Ty are similarly affordable.
Indeed, this is the case: To calculate, for example,

(DPTk(Yk) € Rm

118



if (yx) € T is given as in (2.169), we note that
Pr(vi0) = U919 + U9 (i1 = VOVE) 4 (1= 000 (g v "
= U |01V + (2 = VOV | + | 05 = 0RO ()| v
=: UM, + MV,
i.e., Py, (yx) can be written as a sum of two products of (d; X r) and (r X d2) matrices, whose

entries can then be calculated in
Oo(m - r),

as for, e.g., for all £ € [m],

r

_ Z(U(k))ig,k(Ml)k,je'

k=1

o(UPM, ), = (U<’<)M1)

ig,je
Furthermore, the calculation of the matrices M; € R™% and M, € R4 can be done in
O(r’D)

arithmetic operators as, for example M; can be obtained by multiplying (r X r)- with (r X d3)-
matrices and (r X ds)- with (d X r)-matrices.
By considering the adjoint, it is possible to calculate also the image of P;kdb* in

o(mr + r*D)

basic operations.
We summarize the discussion of this section in the following theorem.

Theorem 2.8 (Sub-Quadratic Complexity of MatrixIRLS for Matrix Completion). Let k,r € N
and e > 0, let XK € R91%% pe the k-th iterate of MatrixIRLS (Algorithm 1), assume we are given
its first r singular vectors UK € R4*" vk € R%2X" and singular vectors o1(X%)), ..., o,.(X%).
Assume that 0¢(X®) < ¢ for all € > r.

If @ is as in the matrix completion problem, i.e., the input operator ® : R4*% — R™ s
as in Section 2.5.3, then the new iterate X**1 e R%1*% ¢an be calculated implicity in a time
complexity of

o ((mr + rzD) : NCG_inner) 5

where Ncg inner is the number of inner iterations used in the conjugate gradient method to solve

(2.167).
In particular, if the sample complexity m is as the lower bound in (2.137), then this can be
written as

0 ((IJOTZD log(D) + rzD) ' NCG_inner) P

where 11 is the incoherence factor of Definition 3.3.1.
Furthermore, the space complexity of the representation of Xk*1) is

O(m +rD)

or
O(uorD log(D)),
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respectively.

The result of Theorem 2.8 comes from the fact that the per iteration cost of an iteration of
the conjugate gradient (CG) method is dominated by the cost of matrix-vector multiplication
with the system matrix

2_
Ek—pl + PX ®*Pp
(a]b_]- z_pI Tk T | >
o~ €k

and by the cost of calculating scalar products in the domain [QSSi0, Chapter 4]. As the
domain of the system is Ty and due to the use of the representation (2.169), one scalar product
costs only O(r?D), which is dominated by the cost of matrix-vector multiplication (mr + r?D).

We note that the number of CG iterations Ncg inner Plays a critical role in the bound of
Theorem 2.8. In exact arithmetic, it is known that the CG method terminates with the exact
solution X**1) after at most NcG inner = dim(Ty) = O(rD) iterations [QSS10, Theorem 4.11].

As this would re-introduce a quadratic dependence on the dimension D, solving the system
exactly is computationally prohibitive for the large-scale problems we are interested in.

However, for practical purposes, the conjugate gradient method can be stopped after a fixed
number of iterations, or according to a fixed stopping rule. This returns an inexact solution
X*+1) of (2.90), which might be enough to ensure overall progress of the IRLS method.

A discussion of stopping criteria is beyond the scope of this work, but we refer to [FPRW16]
for a such a discussion for an IRLS algorithm for the sparse recovery problem.

We conclude this section with a short discussion of the other main computational step of
Algorithm 1, the calculation of the best rank-r approximation

FxkD)y = ylktD) diag(ofkﬂ))?:lv(k)* (2.170)

and the (7 + 1)-st singular value of X(+1),

Many modern methods as Lanczos bidiagonalization [SZoo, .XQ15], randomized block
Krylov methods and others [ZL16b, MMi15] can be used for this step, see [HMT11] for an
overview.

Most of these methods are designed such that matrix-vector multiplications (or matrix-
matrix multiplications with tall matrices) are their main computational steps, resulting in very
accurate estimates of the first 7 singular values and singular vector pairs after O(r) (up to
logarithmic factors in the dimension D) matrix-vector multiplications.

In the following lemma, we show that the implicit representation (2.168) of X*1) leads,
similarly as in Theorem 2.8, to a sub-quadratic cost of matrix-vector multiplication.

Lemma 2.6.3 (Matrix-vector multiplication with iterates in implicit representation). Let X+1)
be the updated iterate of MatrixIRLS as in (2.168), let v € R%. Then the time complexity for
the calculation of

xktDy ¢ pd:

is
Oo(m + rD).

Proof. Letrr € R™, let y € Ty be such that
Pr,(7) = UG v + UN 7)o (1 = VIOVE) 4 (1 - UH U0 () v

for matrices (Jx)1 € R™", (Jx)2 € R™% and (yi)s € R,
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Then

xk+Dy = (qD*(rk) + P, (ﬁ)) v

m
= 3" en@mdeei,v + |UPGVE" + UO G- VIOVE) 4 (1= U G)ev | v
=1

m
= > e (m)eel, v + U GV + Gz = (F02VEWVE v + (1) — URUR (70)3) V'Y
=1

=:M; =:M,
m
= e (m)evj, + UR M) + Mp(VFv)
=1

for any v € R%,

The result follows because }", e;,(rx)¢V;, is a sum of m elements, because M;v and vky
can be done in O(rd;) operations, and because the multiplication of these with UK M, € R4
then costs another O(rd). O

The methods for the partial singular value decompositions mentioned above also need
matrix-vector multiplications with the transpose X**1* e R%2Xd1 of X(k+1) by, as can be
easily verified, the same bound as in Lemma 2.6.3 also holds for these.

2.6.3 Conditioning of System Matrix

In this section, we provide a result about the spectrum of the system matrix

2—pI
: + P}, ©*DPy,

A =Dy + P;kqb*qDPTk = ( (2.171)

2—pI

€

) T
of (2.167). It is well-known that the shape of the spectrum of the system matrix A plays
an important role in the convergence of the conjugate gradient iterations. In particular, the
CG method terminates after ¢ iterations (in exact arithmetic) if A has ¢ distinct eigenvalues

[NWo6, Theorem 5.4] and a bound on the error y, — y* of the £-th iterate y, to the exact
solution y* of the linear system [NWo6, (5.36)] can be provided by

Vr(A) -1
Vvr(A) +1

)Lmax (A)
Anﬁnoa)

(ye—y5AQe—y")) <2 (Yo—=v" Ao -7,

where

k(A) := (2.172)

is the condition number of A.

It has been a common problem for IRLS methods that the linear systems to be solved
become ill-conditioned close to the desired (low-rank or sparse, depending on the problem)
solution [DDFG10, FRW11, FPRW16]. Close to the solution the smoothing parameter ¢ is
typically very small, resulting in “very large weights” on large parts of the domain induced by
the quadratic form

X, WO X)).

For the sparse recovery problem, it has been observed [Vori2] that this blow-up can be a
problem for an iterative approach, and in [FPRW16], an analysis was pursued for an IRLS
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algorithm for the sparse recovery problem about with which precision the linear system for
each outer iteration k needs to be solved by a conjugate gradient method to ensure overall
convergence.

However, the underlying issue of bad conditioning of the IRLS system matrices was not
addressed or solved in [FPRW16] (see Section 5.2 of [FPRW16] for a discussion).

We now argue that by solving the linear systems (2.171), these issues are mitigated, and we
show the following statement about its good conditioing in the case that X% is close enough
to a rank-r matrix Xg.

Theorem 2.9. Let A : RN @1+d2=nxr{di+d21) b g5 in (2.171), but acting on a basis representation of
Ti. Let X®) € R4%% pe the k-th output of MatrixIRLS for an input with operator ® : RT1*d% —s
R™ as in Section 2.5.3, observation y = ®(Xy), where Xo € R9%% is q pg-incoherent rank-r
matrix, and rank estimate 7 = r. Let €; = 0,41(X®) < 0,.(X%)) and C as in Corollary 2.5.3, let
C1 > 0 be a constant that is small enough. If

M)ﬁ 1

2
x® _x < min [C*? ( =

) Or (XO),

and
m > Cpor(dy + dz)log(dy + d>),

it holds that with high probability, the spectrum A(A) fulfills
m 6 24
AMA)C —— | —; —|.

A< Td [10’ 10]

In particular, it then holds that the condition number of A fulfills
k(A) < 4.

Remark 2.6.1. As a basis representation of T, we can use for example yj represented by
{01, FR)2, (F)3} such that (7)1 € R, (7p)2 € R and (yr); € R such that

UG VO + UP G, v+ Ul ) sver, (2.173)

2-p

I

Proof. Recall the definitions Dy = h and A = Dy + P;qu*qJPTk. We know that Dy > 0
10~k

since 93;(1,() > ei_p I, as all of its eigenvalues A; are such that A; > of_p (x©)) > ei_

Furthermore, the eigenvalues of Dy are given by

P see (2.159).

A(Dy) = {(Hg@);jl cieldiljeldali<ji<rorj< r}
U {(Hg@)i—; ieldiljeldili<ji<rorj< r},

which means that

P &P
IDells,, < ——E— < R (2174)
Gr(X) P — € (3/40r(X0)) P - €

using that 0,(X®) > (1-1/4)0,(Xo) since || X® —X,|ls.. < %or(Xo), see also (2.114). Also, since

2 1
e = or1(XW) < |IX0 = Xolls,, < 20+(Xo) and further €, = 0,41(XW) < €27 (5F) 77 0,(Xo),
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we have that

& QY oKPP o
e YRy A
(3/40,(X0)>P — /(X0

This implies that

5 Hor m m

0 < Amin(Dk) < Amax(Dx) = [|Dills., < 4C17 < 4C% CdD log(D) < dydy’

if the constant C; > 0 is small enough, using the lower bound on the sample complexity m.
The second summand in A, the matrix P;kCD*dDPTk, is positive semidefinite already due to

its factorized form. We note that by following the proof of Corollary 2.5.3, we see that under

the assumptions of Theorem 2.9, we have that for %y, : Réxd2 _; pdixdz 7, PTkPi(Z) and

Pq 1 RIxd2 5 pdixda 7.4, o*d(Z),

dids

didy
m

* * m %
Py, [PchD ®Py, — ml] P;,

P, P;k(D*CDPTk P;k — Pr, P;k

Soo Seo

dq1dy
—=PrPPr — Pr
m

4
S J—
s, 10

on an event E that holds with high probability.
As Pr, is a matrix with orthonormal columns such that P;kPTk =1, this implies that

m
dids

4m
<

P; ©*®Py, —
T s 10d1d;

I

on the event E. Thus, the bound on the spectrum of A follows from this and (2.174) since

A-2 gl —|lpy + Pt @rop, -2 D — =l 4 ||pr oropy, -
2didy |l || ¢ T TR T2didy |l T 2dida [l 1T T dady s,
1 m 4 m 9 m
<= +— = .
2did, 10didy; 10dido
The condition number bound follows immediately since x(A) = % = 4. m|

There is a caveat for the applicability of Theorem 2.9 for the analysis of a practical imple-
mentation of MatrixIRLS: It might be undesirable to use basis representations as (2.173) of
elements of the linear space Ty for yx in (2.167), since these representations use the matrices
U(f) € R4X(d1) and VT) € R%X(27) of [ast singular vectors of X¥) explicitly, which we might
not want to use as the resulting projections ®Pr, will not be as cheap as in Section 2.6.2.

However, Theorem 2.9 can be used to show at least that A acting on elements of Tj given
by the redundant representation of (2.157) (which uses r(d; + dy + r) instead of dim(Ty) =
r(dy, + do — r) parameters) has r(d; + d) concentrated eigenvalues and only 2r2 small ones.

As a summary, since Theorem 2.9 gives a bound on the condition number of the linear
system matrix A that is a small constant, the theory of the conjugate gradient methods suggests
that very good solutions can be found already after few, in particular, after

N CG_inner = CSL.
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CG iterations (where cst. is small), for each IRLS iteration, at least in the neighborhood of a
low-rank matrix X, that is compatible with the measurements.

Taking into account the statement of Theorem 2.8, this suggests that at least locally, a new
iterate X**1) can be calculated with a time complexity of

0 ((mr +r2D) - Ncg_inner) =0 (mr + rzD) .

Together with the superlinear convergence rate of the (outer) IRLS iterations, this suggests
that MatrixIRLS is indeed an algorithm that can achieve high-accuracy low-rank solutions of
underdetermined systems sub-linearly in the matrix dimension (d; X dy), or sub-quadratically
in D = max(dq,d>).

2.7 Numerical Experiments

In this section, we explore the numerical performance of IRLS algorithms for low-rank matrix
recovery. We focus on a verification of convergence rates and on the comparison of various
low-rank matrix recovery algorithms of different kind in terms of data efficiency.

As a representative of IRLS algorithms for low-rank matrix recovery using tight quadratic
bounds as studied in this dissertation, we use the algorithm HM-IRLS, presenting the ex-
periments of the paper [KS18] in Sections 2.7.1 to 2.7.3. HM-IRLS has similar properties as
MatrixIRLS, especially in terms of convergence rates (see Theorem 2.7 and the discussion
thereafter) and data efficiency, which is why the experiments can be regarded as representa-
tive for MatrixIRLS up to a certain degree.

In particular, we demonstrate first in Section 2.7.2 that the superlinear convergence rate
that was proven theoretically for Algorithm 1/MatrixIRLS in Theorem 2.7 (and for HM-IRLS
in [KS18]) can indeed be accurately verified in numerical experiments, which is in contrast to
older variants of IRLS.

In Section 2.7.3, we then examine the recovery performance of HM-IRLS for the matrix
completion setting with the performance of other state-of-the-art algorithms comparing the
measurement complexities that are needed for successful recovery for many random instances.

The numerical experiments are conducted on Linux and Mac systems with MATLAB R2017b.
An implementation of HM-IRLS for matrix completion including code reproducing many con-
ducted experiments is available at https://github.com/ckuemmerle/.

2.7.1 Experimental Setup

In the experiments, we sample (d; X dz) dimensional ground truth matrices Xy € R&xd2 of
rank r such that X, = UpXoV*, where Uy € R4 and V, € R%*" are independent matrices
with i.i.d. standard Gaussian entries and X € R™" is a diagonal matrix with i.i.d. standard
Gaussian diagonal entries, independent from Uy and V.

We recall that a rank-r matrix X € R%%% has deg; = r(d; + da — ) degrees of freedom,
which is the theoretical lower bound on the number of measurements that are necessary for
exact reconstruction [CP11]. The random measurement setting we use in the experiments
can be described as follows: We take measurements of matrix completion type, sampling
m = |pdeg,| locations Q = (i, j¢),., and corresponding entries of Xo uniformly over the

d1d, possibles to obtain y = ®(Xj), cf. Section 2.5.3. Here, p is such that % >p>1and

parametrizes the difficulty of the reconstruction problem, from very hard problems for p ~ 1
to easier problems for larger p.

However, this uniform sampling of ® could yield instances of measurement operators
whose information content is not large enough to ensure well-posedness of the corresponding
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low-rank matrix recovery problem, even if p > 1. More precisely, it is impossible to recover a
matrix exactly if the number of revealed entries in any row or column is smaller than its rank
r, which is explained and shown in the context of the proof of [PABN16, Theorem 1].

Thus, in order to provide for a sensible measurement model for small p, we exclude
operators @ that sample fewer than r entries in any row or column. Therefore, we adapt
slightly the sampling model covered by Theorem 2.7 such that operators @ are discarded and
sampled again until the requirement of at least r entries per column and row is met and
recovery can be achieved from a theoretical point of view.

We note that the described phenomenon is very related to the fact that matrix completion
recovery guarantees for the uniform sampling model require at least one additional log factor,
i.e., they require at least m > log(max(d, d2)) deg; = log(D) deg; sampled entries [DR16,
Section V].

While we detail the experiments for the matrix completion measurement setting just
described in the remaining section, we add that Gaussian measurement models also lead to
very similar results in experiments.

2.7.2 Convergence Rate Comparison with Other IRLS Algorithms

In this subsection, we vary the Schatten-p parameter between 0 and 1 and compare the corre-
sponding convergence behavior of HM-IRLS with the IRLS variant IRLS-col, which performs
the reweighting just in the column space, and with a variant called AM-IRLS, corresponding
to weight operators with are the arithmetic mean of the ones of IRLS-col and IRLS-row as
they have been defined and discussed in Section 2.3.2.

In particular, all these IRLS variants optimize the smoothed Schatten-p objective

Fo(X) = Zd: (o200 + 62)§ ,
i=1

for 0 < p < 1 by iteratively solving the weighted least squares problems (2.90), i.e.,

X**D = arg min(X, wkV(x)),
(X)=y

for weight operators W) : Ré1xd> _; Rd1xd2 defined such that

W) = U [0 o (Upxvi) | vi,

where X% = Uy dg(agk))VZ, Ur € 0%, Vi € 0% is a singular value decomposition of the
previous iterate X € R1*% and H® e R4*% syuch that

. 2p.
2[(@P2 +e) 7 + (0WP+ed) = | for HM-IRLS,
(M +et)= for TRLS-col
(H(k)) - lk k p2 ) (2.175)
Y ((0(- 2+ €2) 2 for IRLS-row, and
J () 7 () 7
2535 [((07)* +€2) 7 +((0;)* +€2) 7| for AM-IRLS.

It can be checked that the corresponding weight operator W®) for IRLS-col and IRLS-row is
equal to the definitions of (2.34) and (2.31), respectively.
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Figure 2.1 — Relative Frobenius errors as a function of the iteration n for oversampling factor
p = 2 (“easy” problem).

10715
0

The smoothing parameter ¢ is chosen according to the rule

€k41 = Min (ek, Gr+1(X(k+1))) ;

which is the same rule (2.91) as in Algorithm 1 resp. MatrixIRLS. In Algorithm 1 this would
correspond to choosing 7 = r, i.e., the correct rank estimate.

We recall that IRLS-col is very similar to the IRLS algorithms of [FRW11] and [MF12] and
differs from them basically just in the choice of the e-smoothing. We present the experiments
with IRLS-col to isolate the influence of the weight matrix type, but very similar results can
be observed for the algorithms of [FRW11] and [MF12].6

In the matrix completion setup of Section 2.7.1, we choose di = dy = 40, r = 10 and
distinguish easy, hard and very hard problems corresponding to oversampling factors p of 2.0,
1.2 and 1.0, respectively. The algorithms are provided with the ground truth rank r and are
stopped whenever the relative change of Frobenius norm ||X® — X®=D|z/[IX®V||r drops
below the threshold of 107!° or a maximal iteration of iterations nyay is reached.

Convergence Rates

First, we study the behavior of the three IRLS algorithms for the “easy” setting of an oversam-
pling factor of p = 2, which means that % = 0.875 of the entries are sampled, and
parameters p € {0.1,0.5,0.8,1}.

In Figure 2.1, we observe that for p = 1, HM-IRLS, AM-IRLS and IRLS-col have a quite
similar behavior, as the relative Frobenius errors || X™ — Xo|lz/||Xo|lr decrease only slowly,
i.e., even a linear rate is hardly identifiable. For choices p < 1 that correspond to non-
convex objectives, we observe a very fast, superlinear convergence of HM-IRLS, as the iterates
X™ converge up to a relative error of less than 107! within fewer than 20 iterations for
p € {0.8,0.5,0.1}. Precise calculations verify that the rate of convergences are indeed of

SImplementations of the mentioned authors’ algorithms were downloaded from https://faculty.
washington.edu/mfazel/ and https://github.com/rward314/IRLSM, respectively.
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Figure 2.2 — Relative Frobenius errors as a function of the iteration n for oversampling factor

p = 1.2 (hard problem). Left column: y-range [1071%; 10°]. Right column: Enlarged section

of left column corresponding to y-range of [1072; 10°].

order 2 — p, the order predicted by Theorem 2.7. We note that for these examples, the fast
convergence rate not only kicks in locally, but starting from the very first iteration.

On the other hand, it is easy to see that AM-IRLS and IRLS-col converge linearly, but
not superlinearly to the ground truth X, for p € {0.8,0.5,0.1}. The linear rate of AM-IRLS is
slightly better than the one of IRLS-col, but the numerical stability of AM-IRLS deteriorates
for p = 0.1 close to the ground truth (after iteration 43). This is due to a bad conditioning
of the quadratic problems as the X are close to rank-r matrices. In contrast, no numerical
instability issues can be observed for HM-IRLS.

For the hard matrix completion problems with oversampling factor of p = 1.2, we observe
that for p = 0.8, the three algorithms typically do not converge to ground truth. This can be
seen in the example that is shown in Figure 2.2, where HM-IRLS, AM-IRLS and IRLS-col all
exhibit a relative error of 0.27 after 100 iterations. We do not visualize the result for p = 1,
as the iterates of the three algorithms do not converge to the ground truth either, which is to
be expected: In some sense, they implement nuclear norm minimization, which is typically
not able to recover a low-rank matrix from measurements with an oversampling factor as
small as p = 1.2 [DGM13]. The dramatic difference in behavior between HM-IRLS and the
other approaches becomes very apparent for more non-convex choices of p € {0.01,0.25, 0.5},
where the former converges up to a relative Frobenius error of less than 1071° within 15 to 35
iterations, while the others do not reach a relative error of 102 even after 100 iterations. For
HM-IRLS, the convergence of order 2 — p can be very well locally observed also here, it just
takes some iterations until the superlinear convergence begins, which is due to the increased
difficulty of the recovery problem.

Finally, we see in the example shown in Figure 2.3 that even for the very hard problems
where p = 1, which means that the number of sampled entries corresponds exactly to the
degrees of freedom r(d; + dy —r), HM-IRLS can be successful to recover the rank-r matrix if the
parameter p is chosen small enough (here: p < 0.25). This is not the case for the algorithms
AM-IRLS and IRLS-col.

We summarize that among the three variants HM-IRLS, AM-IRLS and IRLS-col, only
HM-IRLS is able to solve the low-rank matrix recovery problem for very low sample complexities
corresponding to p = 1. Furthermore, among the four considered algorithms, it is the only
algorithm that exhibits a superlinear rate of convergence at all.
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2.7.3 Matrix Completion: Recovery Performance Compared to State-Of-The-Art
Algorithms

After comparing the performance of HM-IRLS with other IRLS variants, we now conduct exper-
iments to compare wit the empirical performance of of low-rank matrix recovery algorithms
different from IRLS.

To obtain a comprehensive picture, we consider not only the IRLS variants AM-IRLS and
IRLS-col, but a selection of other methods, which are chosen to be a representative set of
state-of-the-art methods based on different strategies in our next experiments. In particular,
we conduct experiments to compare to the Riemannian optimization algorithm Riemann_Opt
[Vani3], the alternating minimization approaches AltMin [HHoo], ASD [TW16] and BFGD
[PKCS18], and finally the algorithms Matrix ALPS II [KCi4] and CGIHT_Matrix [BTWis],
which are based on iterative hard thresholding. As the IRLS variants, all these algorithms use
knowledge about the actual ground truth rank r.

In the experiments, we examine the empirical recovery probabilities of the different al-
gorithms systematically for varying oversampling factors p, determining the difficulty of the
low-rank recovery problem as the sample complexity fulfills m = [p degg]. We recall that a
large parameter p corresponds to an easy reconstruction problem, while a small p, e.g., p = 1,
defines a very hard problem.

We choose d; = dy = 100 and the r = 8 as parameter of the experimental setting,
conducting the experiments to recover rank-8 matrices X, € R!99%19°  We remain in the
matrix completion measurement setting described in Section 2.7.1, but now sample 150 random
instances of Xy and @ for different numbers of measurements varying between mp;, = 1500
to Mmax = 4000. This means that the oversampling factor p increases from ppi, = 0.975 to
Pmax = 2.60. For each algorithm, a successful recovery of X; is defined as a relative Frobenius
error || X" —Xo||z/ || Xo||r of the matrix X°" returned by the algorithm of smaller than 10~3. The
algorithms are run until stagnation of the iterates or until the maximal number of iterations
Nmax = 3000 is reached. The number np.x is chosen large enough to ensure that a recovery
failure is not due to a lack of iterations.

In the experiments, except for ALtMin, for which we used our own implementation, we
used implementations provided by the authors of the corresponding papers for the respective
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Figure 2.4 — Comparison of empirical success rates of state-of-the-art algorithms, as a function
of the oversampling factor p

algorithms, using default input parameters provided by the authors. The respective code
sources can be found in the references.

Beyond the state-of-the-art performance of proposed IRLS method

The results of the experiment can be seen in Figure 2.4. We observe that HM-IRLS exhibits a very
high empirical recovery probability for p = 0.1 and p = 0.5 as soon as the sample complexity
parameter p is slightly larger than 1.0, which means that m = | pr(d; + ds —r)| measurements
suffice to recover (d; X dy)-dimensional rank-r matrices with p close to 1. This is very close to
the information theoretical lower bound of deg, = r(di + dy — r). Very interestingly, it can be
observed that the empirical recovery probability reaches almost 1 already for an oversampling
factor of p = 1.1, and remains at exactly 1 starting from p ~ 1.2.

Relatively good success rates can also be observed for the algorithms AM-IRLS and
IRLS-col for non-convex parameter choices p € {0.1,0.5}, reaching an empirical success
probability of almost 100% at around p = 1.5. AM-IRLS performs only marginally better than
the classical IRLS strategy IRLS-col, which are both outperformed considerably by HM-IRLS. It
is important to note that in accordance to what was observed in Section 2.7.2, in the successful
instances, the error threshold that defines successful recovery is achieved already after a few
dozen iterations for HM-IRLS, while typically only after several or many hundreds for AM-IRLS
and IRLS-col. Furthermore, it is interesting to observe that the algorithm IRLS-MF, which
corresponds to the variant studied and implemented by [MF12] and differs from IRLS-col
mainly only in the choice of the e-smoothing (2.91), has a considerably worse performance
than the other IRLS methods. This is plausible since the smoothing severely influences the
optimization landscape of the objective to be minimized.

The strong performance of HM-IRLS is in stark contrast to the behavior of all the algorithms
that are based on different approaches than IRLS and that we considered in our experiments.
They basically never recover any rank-r matrix if p < 1.2, and most of the algorithms need a
sample complexity parameter of p > 1.7 to exceed a empirical recovery probability of a mere
0.5. A success rate of close to 0.8 is reached not before raising p above 2.0 in our experimental
setting, and also only for a subset of the comparison algorithms, in particular for Matrix

129



ALPS II, ASD, AltMin. The empirical probability of 1 is only reached for some of the IRLS
methods, and not for any competing method in our experimental setting, even for rather large
oversampling factors such as p = 2.5. While we do not rule out that a possible parameter
tuning could improve the performance of any of the algorithms slightly, we conclude that for
hard matrix completion problems, the experimental evidence for the vast differences in the
recovery performance of HM-IRLS compared to other methods is very apparent.

Thus, our observation is that the tight quadratic bound IRLS algorithms as HM-IRLS algo-
rithm recover low-rank matrices systematically with nearly the optimal number of measurements,
and need fewer measurements than all the state-of-the-art algorithms we included in our experi-
ments, if the non-convexity parameter p is chosen such that p <« 1.

We note that the very sharp phase transition between failure and success that can be
observed in Figure 2.4 for HM-IRLS indicates that the sample complexity parameter p is
indeed the major variable determining the success of HM-IRLS. In contrast, the wider phase
transitions for the other algorithms suggest that they might depend more on other factors, as
the realizations of the random sampling model and the interplay of measurement operator ®
and ground truth matrix Xj.

Another conclusion that can be drawn from the empirical recovery probability of 1 is that,
despite the severe non-convexity of the underlying Schatten-p quasi-norm for, e.g., p = 0.1,
HM-IRLS with the initialization of X1 as the Frobenius norm minimizer does not get stuck in
stationary points if the oversampling factor is large enough. The preceding discussion of this
chapter gives also a meaningful interpretation of choosing the non-convexity parameter p = 0,
resulting in a log-det type objective (2.27), which has not been studied by the theory of [KS18].
Experiments suggest that a choice of p = 0 admits usually one of the best performances, if the
not the very best among all p € [0; 1].

Further experiments conducted with random initializations as well as severely adversary
initializations, e.g., with starting points chosen in the orthogonal complement of the spaces
spanned by the singular vectors of the ground truth matrix X, lead to comparable results. We
leave the systematic study of this aspect to future work.

As a summary, we claim that, for the low-rank matrix completion problem, HM-IRLS
exhibits a global convergence behavior for oversampling factors in a range for which competing
non-convex low-rank matrix recovery algorithms fail to succeed.

This good global convergence behavior goes beyond our local analysis of Section 2.4.2. A
detailed theoretical investigation of such behavior remains for future work.

2.8 Further Proofs

In this section, we provide proofs of some properties that have been shown already for previous
IRLS algorithms [DDFG1o, FRW11, MF12].

2.8.1 Proof of Theorem 2.6

Proof of Theorem 2.6. 1. To show the first statement, let k € N and let ¢,_; > 0, Xk~ ¢
R%*d2 be the output of MatrixIRLS at iteration k — 1. As the quadratic Q,,_,(-|X*~V
(see (2.61)) defined by the weight operator W=D of MatrixIRLS at iteration k — 1 is
defined as

1
Qe (XIXETY) = Fey, (XETD)(TFg, (X57), X=X D)o (XX 07D, WD (x—x 1))

€rk-1

and since
VEq , (X*Y) = wh D),
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due to Theorem 2.4, it holds that
_ _ 1 _ _ _ _
Qs (XIXE) = Fo, (X57) + 2 (6 WD) — (D, WD) ) 2az6)

In particular, as 2Q,,_,(X|X*~Y) and (X, W=V (X)) differ just by terms not depending
on X, it follows that

xX® = arg min(x, W1 (X)) = argmin Qekfl(Xlx(k_l)). (2.177)
O(X)=Y O(X)=Y

Thus, we can use this to see that
Fo (X)) < Qe XPX*Y) < @, (x*Vx*Y) = F,_ (x*D),

where we used the global majorization statement of Theorem 2.4 in the first inequality
and (2.177) in the second inequality, and the last equality follows directly from (2.176).

Taking this into account, the statement of Theorem 2.6.1 is shown if
Fo (X)) < F ,(x), (2.178)

for €x chosen as in the smoothing update step (2.91) of MatrixIRLS. And indeed, that
the latter is true can be inferred from the dependence on € of the univariate functions
fp.e that constitute the objective Fe(X%)) = Fp,e(X(k)) of MatrixIRLS (see (2.48)) such
that

d
FeX®) = 3" fe(0:(x)),
i=1
where f;, ¢ is such that

: 2
£ (0)= log (max(o, €)) + 3 (mmi—;”) - 1) , ifp=0,
p’e - 1

5 max(o, €)P + % (mizz(fl’,e)z - GP) , if0o<p<i1

for any o > 0. To show the claim (2.178), we first note that
€r < €x-1

due to (2.91). Defining fixed o a function h; : R<o — R such that hy(€) = f, (o), we
obtain
2 e3P 2

2-p oo 2 42 _ 2-p o .
, SPept 4 B2 = ZReb3 (2 - 02)  ife > o,
hl(e) = :
0 ife <o,

for all 0 < p < 1. This means that h,, is a piecewise differentiable function with almost
everywhere non-negative derivative and, thus, h, is a non-decreasing function and in
particular,

fp,ek(a) = ho(ek) < ho(ek—l) = fp,ek_1 (0) (2.179)
As (2.179) holds for all o = oi(X(k)), the claim (2.178) is shown.
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2. We note that

FoX)= > logloiX)+ > (log(ek)+—( lfz‘) 1))

i:0;(X)>ex i:0;(X) <€ k

if p = 0. Since ¢ — log(c?) is concave, we have that

2
ner - )) > log (i(X))

k

(108(€k) + 3

for any i € [d] with 0;(X) < €, as in this case

log(o) = log(oz) < —log(ek)+ (e (o —ek) log(ex) + 1ek ( 2 e,f)

for any ¢ > 0. Similarly for 0 < p < 1, the function he function h : Ry — R,
h(o) = —op/ 2 is concave, and therefore

2
Lor = Lo2piz < Ly o Lo (02 _ e}g) SE A i
p p p 2 2

With this, we argue that

P {log(o)
p,€

o?

p J

which finishes the proof of Theorem 2.6.2 by inserting 0 = 0;(X) and summing over all
iel[d]

3. By (2.177), and statement 1., it holds that

x*Vy - F, <x<’<>>>Fek1<x<’< Dy — Qg , (X |x (k1))

€k1

- _Z (<X<’<> wk-D gy _ (xk-1) W(k—l)(x<k—1>)>)
2 b > .
By Lemma 2.4.1, we know that X¥) from (2.90) fulfills the optimality condition
(W(k_l)(X(k)), n) = 0 for all n € ker ® and @(X(k)) =Y
Choosing = X*k~1 — X we see that

(X(k), W(k—l)(x(k))> _ (X(k_l), W(k—l)(X(k—l))> -

— (X(k), W(k'l)(X(k))) _ (X(k—l)’ W(k—l)(x(k—l))> + Z(W(k'l)(X(k)), x(k=1) _ X(k))

__ (<x<’<—1>, Wwk-D(xE-D)y 4 oqyk-D(x®) xk-1y 4 x(0) W(k—n(X(k))))
—((X(k) _ X(k—l)), W(k—l)(X(k) _ X(k—l))>

and therefore

XE)=F (XY) > 0min(WE)XE XV |12 > max(o1(XEY), g_1)P72|| X0 -xED)12,
(2.180)

€k1
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Furthermore, if p > 0 or if € = limy_« €x > 0, we know that the sequence (X(k))kzl is
bounded. Indeed, if p > 0,

1 1 1
I—)||x<k>||gm = I—)al(x”‘))f’ < F, (xW) < F,(xV) < dl—) max(o1(XV), e1)P =: ¢,

for all k € N and therefore

Omin(W* V) > max(o1(X*Y), 1772 > max(pe,?, 1)~ > max(pe,F, )P =: G,

where we used that ming <j<d,,1<j<d, Min ((H(lk_l))ij, (H(zk_l))ij)
max(o1(X*V), e_1)P~2 due (2.58) and (2.59) of Definition 2.3.4.

Inserting this into (2.180), we obtain that
Fe  (X*D) = P, (X®) > ¢ |x™) - x*D) 12

and, summing over 2 < k < K, this results in

K-1
Fo (X)) 2 Foy (XV) = Foo (X) 2 ¢, 3 Ix D - x| 2
k=1

and >, [Ix(e+D) — X(k)||1% = 0 for K — oo, and therefore

lim X**D — O, = 0.

If, on the other hand, p = 0, suppose that € = limy_, €x > 0. In this case we can
likewise argue that the sequence (X));s1 is bounded as

Fe, , (X% V) < F, (XV) < max(0, log(max(o1(X™V), €1))) =: co
and

Fe.,(X*7Y) > log(max(o1(X*™), ex-1)) — d log(ex-1) — d/2
> log(max(al(X(k_l)), €x—1)) —dlog(é) — d/2.

Rearranging the last two inequalities, we obtain that
max(o1(X* ), ex_1) > exp (co + d log(é) + d/2)
and therefore
omin(W(k_l)) > max(ol(X(k_l)), €r-1)2 > exp [(—2) (co + d 1og(é) + d/2)] =: Co.
As above for p > 0, this shows that limg_, ||X**1) — X®||z = 0.

. In the proof of statement 3., we showed that the sequence (X(k))kzl is bounded. In
particular, this already shows that each subsequence of (X®));; has a convergent subse-
quence. Let (X*0)),- be such a sequence with limy_,., Xk¢) = X. As the matrix operator
wke) of Definition 2.3.4 depends continuously on Xk), there exists a weight operator
W : Rix2 5 Rdixd2 gych that W = limy_,., W), Using statement 3. of this theorem,
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it also holds that X ¢*1) — Z and therefore
(WX, ) = lim (W xED), n) = 0
for all n € ker ®. Noting now that the first statement of Theorem 2.4 implies that
VF(X) = W(X),
as W is the weight operator corresponding to X, we obtain that
(Fe(X),n) = 0 for all n € ker ® and ®(X) = Y,

which means that X is a stationary point of F; subject to the linear constraint ®(X) = Y.
This finishes the proof of Theorem 2.6.
O

2.8.2 Proof of Lemma 2.4.1

Proof of Lemma 2.4.1. First, we observe that the function X — (X, W*&~1(X)) is strictly convex
as the matrices H(lk_l) and H(Zk_l) used in the definition of Wk~1) have all positive entries,
cf. Definition 2.3.4. Therefore, we can define the fractional operator (Wk-1)1/2 . pdixdz _,

R%1%42 gych that
X, WNX) = (WD) Y2x), W) EX)) = (2, 2)

if we define Z = (W*k~1)1/2(X). With this change of variables, the constraint ®(X) = Y can be
written such that

o*k-1)(Z) := (W V) 2(z) = Y

with the (underdetermined) linear operator ®*-1 : R1*d _ R™  Then,

¥ * —_—
AN argmin  (Z,Z) = ®k-D (Y) = k-1 (@k-Dpk-1) y~1(y),
ZeR41%2:pk-1)(z)=Y

+
where ®*-1)  is the Moore-Penrose inverse of ®*-1) [Berog, Proposition 6.1.5] and, reversing
the change of variables,

X0 = (W(k—l))—l/z(z(k)) _ (W(k—l))—l/z o (W(k—l))—l/z (cp*(q)(w(k—l))—lq)*)—l(Y))

_ (W(k—l))—l (cb* (q)(w(k—l))—lq)*) -1 (Y)) ’

which shows the equality of (2.93).
To show the second statement, we note that (2.93) is equivalent to

X© 4, wEDX® 4 pyy > (xO Wwk-D(x®)y for all € ker @ \ {0} and &(X®) =Y,
which in turn is equivalent to
2W* DY 0y 4 (n, wE D)) > 0 forall n € ker® \ {0} and d(X®) =Y.  (2.181)

It is now easy to observe that holds if and only if (2.94) is true: Suppose that (2.94) holds. As
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w1 is positive definite, (1, W&~ (1)) > 0 for n € ker ® \ {0} and therefore (2.181) is true.
Conversely, supposing that (2.181) is true would lead to a contradiction if there existed an
n € ker \{0} such that (W*=D(X®) 1) > 0, as then tn € ker ® \ {0} would fulfill

2WEDXEY, ) + ((tn), WD (en)) < 0

for t > 0 chosen appropriately small. Similarly, (W*~D (X)) 1) < 0 leads to a contradiction.
m|

2.9 Discussion and Summary of Contributions

We conclude this chapter with a summary of the contributions of our investigations.

In Section 2.2, we reviewed the theory of non-convex rank surrogate objectives that are
non-convex spectral functions, arguing that they can be considered a promising tool to derive
more tractable formulations of the rank minimization problem

min rank(X) subject to ®(X) =y,
XeR1xd2
while themselves resulting in optimization problems that are challenging in their own right
due to their non-convexity.

We then explored a family of algorithms called Iteratively Reweighted Least Squares (IRLS),
reviewing existing results and investigating the adaption of this framework to the optimization
of rank surrogate objectives. While this has been attempted already in the works [MF12,
FRW11, LXY13], we pinpoint why their derivation, which is related to the optimization of
high-dimensional functions depending on separable variables, leads to multiple different, but
sub-optimal IRLS formulations, which we called IRLS-col and IRLS-row.

In Sections 2.3.2 to 2.3.4, we proposed a new formulation of IRLS for low-rank matrix
recovery named MatrixIRLS, which improves on IRLS-col and IRLS-row as the underlying
weight operator corresponds to considerably tighter quadratic bounds on the spectral objec-
tives. The tightness of the quadratic bounds is further related to the second-order derivative
structure of spectral functions.

MatrixIRLS in comparison with other IRLS algorithms

In this context, we proved Theorem 2.4, which indicates that the quadratic functions induced
by the weight operator W*) (cf. Definition 2.3.4) of MatrixIRLS is indeed still a global
majorizer of the function to be minimized, ensuring a monotonous decrease of the objective
with subsequent iterations of MatrixIRLS. The monotonous decrease results in a statement
about subsequence convergence of the algorithm’s iterates to stationary points of the smoothed
logdet/Schatten-p objective (Theorem 2.6)-a statement that had previously also been shown
for the older IRLS variants of [MF12, FRW11]. Optimally, we would like, of course, to obtain a
statement that ensures convergence to global minimizers of our objectives. A statement that
strong is, unfortunately, difficult to achieve due to the non-convexity of the Schatten-p quasi
norm/the smoothed objectives F.. From some point of view, a result that strong is beyond
the scope of existing theory even for structurally simpler settings IRLS for the related sparse
recovery problem [DDFG10].

However, for MatrixIRLS, it is possible to develop a local convergence theory, which we did
with Theorem 2.7, our second main theorem. It suggests that under regularity assumptions
on the linear operator @, MatrixIRLS converges with a locally superlinear convergence rate of
order 2 — p, where p € [0; 1) is the non-convexity parameter corresponding to a Schatten-p
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quasi-norm objective for p > 0 and to a logdet-objective for p = 0, and a lower bound on the
radius of fast convergence is provided.

This fast convergence rate has neither been proved nor observed in experiments for pre-
vious IRLS algorithms [MF12, FRW11, LXY13] of the type of IRLS-col and IRLS-row (see
Remark 2.4.3 and Section 2.7.2), suggesting that our algorithms constitute a substantial im-
provement on them, see also the experiments of Section 2.7.1 for a numerical verification.
Compared to the local convergence result [KS18, Theorem 11], which implies a local conver-
gence rate of order 2 — p for HM-IRLS if 0 < p << 1, we note that Theorem 2.7 also covers the
important case of p = 0, and furthermore [KS18, Theorem 11] admits only a smaller bound on
the radius implying fast local convergence [KS18, Theorem 11] than Theorem 2.7.

It is worthwhile to compare the properties of MatrixIRLS with the behavior of the IRLS
algorithm of [DDFG10] designed to solve the sparse vector recovery problem by mimicking
{p-minimization for 0 < p < 1. [DDFGio, Theorem 7.9, Figure 8.3] provided a comparable
local convergence statement as Theorem 2.7. This means that our algorithms can be seen as
an adequate generalization of the well-known IRLS for sparse vector recovery [GR97, DDFG10]
the setting of the recovery of low-rank matrices.

Furthermore, it can be observed that the convergence of the algorithm of [DDFG10] to a
sparse vector often breaks down if p is smaller than 0.5 [DDFG10, Section 8]. In contrast to
that, we observed that IRLS algorithms with tight quadratic bounds do not suffer from this
loss of global convergence for p < 0.5 in the low-rank case Section 2.7.3. We explain this
difference by the choice of the e-smoothing, which would, translated to the matrix, correspond

to
Or+1 (X(k))
d J

see [DDFG10, Eq. (1.9)]. This smoothing is more adapted to solving the problem for a
convex objective with p = 1, but too small to be adequate for very non-convex objectives
corresponding to p = 0. Elaborating on this is beyond the scope of this thesis, but we claim
that our investigations also contribute how to improve IRLS for sparse vector recovery-we
leave translating the proof of Theorem 2.7 to the sparse vector case to future work.

In the context of the large literature about low-rank matrix recovery algorithms, also the
convergence rate result of Theorem 2.7 is remarkable, since there are only few low-rank recovery
algorithms which exhibit either theoretically or practically verifiable superlinear convergence
rates. In particular, although the algorithms of [MMBS13] and NewtonSLRA of [SS16] do
show superlinear convergence rates, the first is not competitive to MatrixIRLS in terms of
sample complexity and the second has neither applicable theoretical guarantees for most of
the interesting problems nor the ability of solving medium size problems.

€ = min (€k—1,

Optimal Sample Complexity for Local Guarantees of MatrixIRLS

We now briefly review the implications of our analysis on the data efficiency of MatrixIRLS.

In Section 2.5, we verified the assumptions ensuring fast local convergence of MatrixIRLS
for three models for the measurement operator ®: Sub-Gaussian operators, phase retrieval
and matrix completion. Our analysis showed that local convergence occurs already for a
number of measurements or samples m that is optimal (up to constants) from a information
theoretic point of view, i.e., compared to the number of degrees of freedom of the model.

In this context, we single out the bound on the sample complexity for the problem of
completing pp-incoherent rank-r matrices of dimension (d X d) from of Corollary 2.5.3, which
guarantees local convergence of MatrixIRLS to the rank-r matrix with high probability for m
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randomly sampled entries if m fulfills
m > Cpord log(d), (2.182)

for some constant C > 1. First, we note that the statement of Corollary 2.5.3 has not yet been
proven in the paper [KS18], as stronger assumptions than Assumption 2.1 were used to show
the local convergence statement.

The bound (2.182) is optimal up to the constant C, as has been shown in [CT10, Theorem
1.7], [Chei1s, Proposition 1], and improves, to the best of our knowledge, on the best bounds
for any algorithm for low-rank matrix completion. In particular, the state-of-the-art theoretical
guarantee by Chen [Cheis, Theorem 1], which built on previous work of [CT10, Gro11,Rec11],
for the success of the nuclear norm minimization program

min || X]|. subject to ®(X) =y
XeRdlxdz
requires
m > por log®(d)

sampled entries, which is a factor of log(d) more samples than (2.182)7.

Most of the recent research on non-convex approaches for the low-rank matrix recovery or
completion problem is considerably different from our approach, as they often start already
from a matrix factorization approach that assumes iterates X = LR* € R%%% are already being
represented as an (outer) product of two matrices L € R™" R € R®" and then optimize an
objective like F : R x R — R,

F(L,R) = || ®(LR") - y||2,

by regularized or non-regularized gradient descent, or by alternating minimization, see
[CLC19] for a survey.

Also for these approaches, convergence guarantees have been obtained, but even the best
guarantees require more samples than (2.182): For unregularized gradient descent, recent
results [MWCC19, CLL19] showed that

m > Cc(}c)p%r2 log(d)

samples suffice for convergence (with c(x) being a constant depending on the condition number
k of Xy), which is suboptimal with respect to (2.182) by a factor of yipr. Another algorithm
with one of the smallest requirements on m is the Grassmann manifold based gradient descent
algorithm of [KMO10], which provably converges if a good initialization is provided and if the
sample complexity fulfills

m > p%xzrd max(x*r, log(d)).

We would like to stress here that the provided convergence analysis of MatrixIRLS is of
local nature, and does not guarantee that the algorithm converges from any initialization to
the desired low-rank matrix.

7We also note that our assumption on the pip-incoherence of the matrix Xg pp-incoherence is slightly weaker
than the one of [Cheis], see Definition 3.3.1.
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State-of-the-art Data Efficiency

However, the experimental results of Section 2.7.3 suggest that at least in the investigated set-
ting of recovering random low-rank matrices from few, random entrywise samples (low-rank
matrix completion), tight quadratic bound IRLS algorithms for non-convex rank surrogates
perform very favorably in terms of data efficiency, i.e., they need very few data samples m
to reconstruct low-rank matrices. The experiment was designed in a representative manner,
comparing to previous IRLS algorithms as IRLS-col, but also to other algorithms representa-
tive of the state-of-the art, such as Riemannian optimization techniques [Vani3], alternating
minimization approaches [HHog, TW16], algorithms based on iterative hard thresholding
[KC14,BTWi5], and others [PKCS18]. We saw that HM-IRLS recovers low-rank matrices sys-
tematically with an optimal number of measurements that is very close to the theoretical lower
bound on the number of measurements that is known to be necessary for recovery, with high
empirical probability.

One possible conclusion of the experiments is that in fact, despite the severe non-convexity
of the underlying objective for p <« 1, convergence of MatrixIRLS to bad local minima or
saddle points happens only rarely, as otherwise, the good empirical recovery rate observed
in Section 2.7.3 could not be realized. This indicates that the performance of MatrixIRLS
is robust to the choice of the initialization and that it can be used as competetive a stand-
alone algorithm to recover low-rank matrices, and low requirements on the sample complexity
indicated by the local statements of Section 2.5.1 might be extendable to a global convergence
analysis.

Scalability: Breaking Quadratic Complexity for IRLS Algorithms

Finally, another important aspect of our contributions are the computational considerations
for MatrixIRLS presented in Section 2.6. In that section, we presented how it is possible to
implement MatrixIRLS in the case of matrix completion actually in a way where all basic
operations require only a time complexity of

o(mr + r2D),

where r is the target rank, D = max(d;, dz) the maximum of the ambient dimensions of the
matrix to be recovered and m the number of observed entries. This is precisely the order of
the complexity of gradient descent approaches optimizing a data fit objective such as (2.3)
based on matrix factorization [CC18, p. 23].

From a scalability point of view, this makes IRLS competitive with the currently most
studied and most popular approaches for the low-rank matrix recovery problem. Compared
to first-order methods based on matrix factorization, our method has the advantage that
there is no need to choose step sizes of gradient steps, for which it might be difficult to find
good general rules—our method’s main free parameters are related to the accuracy of the
solutions linear system to be solved by a conjugate gradient method, which has been studied
in abundance in numerical linear algebra for a long time.

The papers [MF12] and [FRW11], which introduced the first IRLS variants for low-rank
recovery, also elaborated on the implementation of their respective methods for matrix com-
pletion.

[MF12] uses two different projected gradient descent approaches in their implementation,
working always with full matrices and full singular values decompositions, which scale in
general cubically in the matrix dimension such that O(d?D).

The paper [FRW11] covers an algorithm of the type of IRLS-col for p = 1, but not the

138



generalization for p < 1. However, generalizing their implementation in the most natural way
to p < 1 would lead to an objective similar to the objective (2.92) of MatrixIRLS, i.e., similar
to

41 1
Fe(X) = ) L—) max(0;(X), €)° + = (

min(o;(X), €)? p)]
— P
i=1 2

€2 p

Furthermore, a variant of the “Woodbury trick” of Section 2.6.2 is used [FRW11, Section 4.2.1]
to reduce the problem size from solving the (m X m) linear systems

(@(W(k))_lfb*) z=y

to d systems of size r x r. The authors use crucially that a weight operator W®) : R41xd2
R91%42 sych as (2.28) acts column-wise on X, creating a certain separability of the problem in the
case of matrix completion. This separability is not preserved if we use weight operators such
as the harmonic mean operator of [KS18] or MatrixIRLS, which means that the simplification
of [FRW11] is not applicable in our case. Overall, [FRW11] still works with full matrices stored
across iterations in memory.

We note that due to the column- or row-wise action of the weight operators of [MF12,
FRW11], it is not possible to obtain an algorithm for the phase retrieval setting of Section 2.5.2
with their weight operator, as the Hermiticity of the matrices is not preserved, unlike for
MatrixIRLS (see Proposition 2.5.2).

Due to the usage of an objective F, that is slightly different from (2.92), i.e., by using

p

Fu(X) = Zd: (of(x) + e2)z

i=1

for 0 < p < 1 which necessitates the calculation of all singular values in each iteration,
an implementation with the advantages of Section 2.6 had not been possible for the tight
quadratic bound IRLS variant HM-IRLS described in [KS18].

2.10 Outlook

Beyond the results we covered in this chapter, there are many questions related to IRLS
algorithms for low-rank matrix recovery that remain for future investigations.

First of all, the part of our convergence analysis that includes convergence rates is inherently
local and does not imply a convergence of MatrixIRLS to the solution of the affine rank
minimization problem (2.1) starting from any initialization point XV,

There are ways how to modify our algorithm to obtain a provably globally convergent
algorithm with superlinear local convergence rates for interesting sample complexities. For
example, it would be possible to devise a two-stage procedure, which in the first stage, for
example, uses a projected gradient scheme as in [CW1s, ZL16a] to bring an iterate X¥) into
the basin of fast convergence (2.138) of MatrixIRLS, and then use MatrixIRLS in a second
phase to obtain fast convergence starting from X, Using this first stage, it would only take
O(log(D)) (sub-Gaussian operators) or O(ugr log(D)) (matrix completion) iterations [CC18] to
arrive at our basin of fast convergence in the case of p = 0, but the convergence of the first
stage would require a larger sample complexity (which is still near-optimal in the sense that m
would need to scale linearly in D up to a logarithmic factor, but with a dependence on higher
powers of r).

However, we did not pursue this road due to the good empirical behavior of our framework,
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which does not seem to require a distinct first stage. We think that an explanation of this
phenomenon is that while there are many saddle points in the landscape of F, if the number
of observations m is close to the number of degrees of freedom degy, MatrixIRLS is able to
escape them quickly. Connecting the structure of the weight operator to the second-order
structure of the spectral objectives (see Section 2.3.2) can be a key tool for establishing this
rigorously, building on recent ideas about saddle-escaping modified Newton methods for non-
convex optimiztion [PMR19]. In fact, our framework fits well into the one of [PMR19], as
the entries of the matrices H(lk) and H(zk) of (2.58) and (2.59) in the definition of the weight
operator W) are very similar to the absolute value of the eigenvalues of the Hessian of of F,
(see Lemma 2.3.1).

Furthermore, it remains slightly unclear why using weight operators with the harmonic

mean of Egk) and EJ(.k) (in the notation of Definition 2.3.4) or even taking weight operators wk

corresponding to the g-power mean with ¢ = —oco and setting H(Zk) = H(lk), resulting in the
formula W : Réixd2 _, pdixd> gyuch that

wh(z) = U, [H(k) o (U;gzvk)] '
for Z € R4*42 where H® e R91%42 with

(H(k))l-j = M_OO(EEk), E;k)) = min (max(ogk), €2, max(crﬁk), e)p_z) ,

leads to a very good and even better empirical behavior than the precise choice of weight
operators in MatrixIRLS. While for these “extremely tight” weight operators our proof of
the global majorization result Theorem 2.4 does not go through and therefore leaves the
interpretation of the corresponding IRLS algorithm as a monotonously minimizing scheme of
the objective F, (see Theorem 2.6) still open, our result on locally superlinear convergence
under very weak assumptions on @ can be easily extended to these operators. This leads to
the question whether the proof of Theorem 2.4 can be improved, ensuring the same property
for even tighter weight operators.

In many, if not almost all practical applications of low-rank modelling, it is to be expected
that the linear measurements y = ®(Xg) are not exact, but perturbed by (unknown) noise,
similar to the sparse recovery setting of Chapter 1. In these cases, the measurements would
rather correspond to

y=2Xo) +w

with w € R™ such that, e.g., ||w||2 < n for some small n > 0.

The IRLS framework, including an analysis similar to [DDFG10, FRW11], has already been
extended to this case in [LXY13]. Without any conceptual changes, it is possible to translate
MatrixIRLS to this setting by solving unconstrained problems

X® = arg min |®(X) - y||2 + 1(X, Wk D(x)).

XGRdl xdo

instead of (2.90) for a suitable tuning parameter A > 0, optimizing an objective ¥, that is a
sum of a smoothed Schatten-p or log-det objective and a data-fit term such that

jp,e(x) = ||(D(X) - Y||§ + AFP,E(X)

with F, . as in (2.48).
We leave the adaption of the theoretical analysis to this unconstrained variant to future
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work, noting that on a computational level, the two algorithms will be very similar.

Finally, we think that an adaption of our framework to other, related low-rank matrix
optimization problems is very well possible and promising. For example,an extension of
these ideas to problems where both sparsity and low-rank structures are available, such as
in robust principical component analysis [CLMW11], sparse phase retrieval [JOH13,1VW17] or
blind deconvolution [ARR14,L.L.SW19] remain for future work. The first work in this direction
is presented in Chapter 3.
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Chapter 3

Recovery of Structured Low-Rank Matrices by
Iteratively Reweighted Least Squares

In this chapter, we build on the optimization framework presented in Chapter 2 to develop
and analyze an algorithm for a different problem.

Similarly to Chapter 2, consider a linear operator ® mapping from complex (d; X ds)-
matrices to a m-dimensional vector which is such that it is has non-trivial nullspace, i.e.,
with

m < dids.

If r € N is the target rank and working on a complex domain, taking a different point of view,
the low-rank matrix recovery problem of Chapter 2 can be reformulated using the non-convex
and non-smooth set

Mo = {X € C1*% : rank(X) < r}

of matrices with rank at most r as solving the problem
FindX € C¥*%  guch that ®(X) =y and X € M, (3.1)

where y € C™ is the vector with measurement data.

Now what if we knew, for some reason, that the matrix X we are looking for additionally
lies in a subspace S of considerably smaller dimension dim(S) <« d;d; than the ambient matrix
space?

In this scenario, (3.1) would become the problem

FindX € C4*%  gsuch that ®(X) =yand X € M, N S. (3.2)

As we are interested here in the recovery of low-rank matrices that possess an an additional
linear structure indicated by S, we call (3.2) a structured low-rank matrix recovery problem
[MU13, CC14,SLO%14].

From a mathematical point of view, the additional subspace constraint can actually be
helpful as there is hope to identify a matrix Xg € M <, N S such that y = ®(Xy) € C™ from a
number of measurements m that is smaller than what we needed in Chapter 2, as the number of
degrees of freedom of the model might by smaller than r(d; + d; —r). However, the additional
constraint might pose computational difficulties.

The content of this chapter is partially based on the conference publications [KV18,KVi9].
The author of this dissertation is the main author of these publications, which are based on
joint work and co-authored with Claudio Verdun. Preliminary versions of this work have been
presented at the 4th International Traveling Workshop on Interactions between low-complexity
data models and Sensing Techniques (iTWIST) in November 2018 in Marseille, France, in July
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2019 at the 13th International Conference on Sampling Theory and Applications in Bordeaux,
France, and in September 2019 at the Workshop on Low-Rank Models and Applications (LRMA)
in Mons, Belgium.

3.1 Introduction

We first motivate the setting described by (3.1) and define the problem precisely in Sec-
tions 3.1.1 and 3.1.2, before we state our contributions and related work in Sections 3.1.3
and 3.1.4.

3.1.1 Motivation

Already in some of the first works in which the nuclear norm relaxation of the rank mentioned
in Chapter 2 was proposed [Fazo2, FHBo4], an important application of their framework was
seen in system identification and control theory. In fact, if the discrete, noiseless trajectory of a
linear time-invariant system is arranged into a Hankel matrix, it can be seen that the resulting
matrix is of the rank of the model order of the system [Mari19]. This modelling can be used to
identify the system from realizations with noisy or incomplete data, for example by using the
nuclear norm of the Hankel matrix as a part of an objective function [[V10, FPST13].

A Hankel is simply a matrix with constant anti-diagonals. More precisely, for any n,d; € N
such that dy = n —d; + 1, we can define the (linear) Hankel operator # (associated to (n, d1))
such that % : C" — C41xdz

Xp X X2 Xd,-1
X1 X2 O O Xd,
%o
X=(Xg,...,Xp_1) — H(X) = , (3.3)
Xd;-1 - - - Xn—2
L Xd] xd1+1 . Xp—2 Xn-1 ]

and say that X € C1*% is a Hankel matrix if there exists x € C" such that
X = #(x).

The parameter d; is often called pencil parameter or window length [HS9o, YKJL17, GZ13,
PTV16].
In the sense of (3.2), the Hankel operator # then defines a linear subspace S of C91%¢
such that
S = {X € C4X% ; 3x € C" such that #(x) = X} ,

and 8 has the dimension dim(S) = n. Since n = d; + d3 — 1 and cannot be larger than
D = max(ds, dy), this is often a subspace of considerably smaller dimension than the ambient
matrix space C%1*4,

The occurrence of matrices with Hankel or related structures goes far beyond control
theory. In signal processing, an important problem is the estimation or the retrieval of
harmonic signals from just a finite number of continuous time samples [SMos]. Some of the
most common methods for this problem used in applications are so-called subspace methods
such as ESPRIT [RK89], MUSIC [Sch86] and the matrix pencil method [HS9o0,Huag2], whose
main steps can be considered as partial singular value decompositions of the Hankel matrix
related to the sample sequence [PT13,PTV16]. The underlying mathematical problem goes
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back to the year 1795 and G. de Prony [dP95]! and can be stated as follows:
If x : [0,1] — C is a periodic, continuous function (“signal”) that is a superposition of
r < n exponentials, i.e., its value at the time t € [0, 1] fulfills

x(t) = ) e, (3.4)
k=1
where a1, ..., a, € C are (unknown) complex amplitudes and fi, ..., f; € [0, 1) are fixed (un-

known) frequencies, we would like to reconstruct the amplitudes (ax);_; and the frequencies
(i)}, just from a finite sequence of n samples

X = (XOJ"'anl)

with ‘
Xj = (1) (3.5)

forje {0,1,...,n—1}.

This problem had been solved in its simplest form by Prony already more than 200 years
ago, but unfortunately, the classical method is quite sensitive to noise on the time samples
[SPo5]. For this reason, a variety of methods has been proposed to obtain more stable esti-
mators. In this context, the above mentioned subspace methods are one important class, but
also different approaches such as approximate Prony’s methods [PT10], generalized Prony’s
methods [PP13], approaches based on continuous total variation or atomic norm regular-
ization [BTR13, BTSR13, CFG14, YX16], on compressed sensing (by discretizing the frequency
space) [MCWos, SB12], sparse Bayesian learning [HBFR14], and methods based on non-convex
optimization [FWS*16].

If we include variations and multi-dimensional generalizations of the model (3.4), there
are very different names for the above modelling in different communities, including spec-
tral compressed sensing [DB13], line spectral estimation [HS9o, BTR13], harmonic retrieval
[KAR83] and super-resolution [CFG14].

Techniques solving (3.4) are useful to solve a variety of engineering problems in direction
of arrival estimation [YL.SX17], fluorescence microscopy [SHL10], analog-to-digital conversion
[TLD*10] and radar and sonar imaging [PEPC10]. Finally, we refer to a generalization of the
exponential sum model by the concept of finite rate of innovation (FRI) [DVBo7,MVos,VMBo2],
which is well-known in signal processing.

Importantly, what relates (3.4) with structured low-rank matrices is the following obser-
vation.

Proposition 3.1.1 (Low-rankness of Hankel matrices from sum-of-exponential samples (see
e.g. [Eldis, Proposition 15.2])). Let x : [0,1] — C be a continuous function fulfilling (3.4)
for parameters a1,...,a, € C and fi,...,f, € [0,1) such that none of the fi coincide. If
# : C" — C1>% s the Hankel operator (3.3) associated to (n,d1) and if

r< min(dl,dz),

then
rank (#(x)) =,

1The reader can check the appearance of Hankel matrices in the original manuscript by de Prony: http:
//users.polytech.unice.fr/~leroux/PRONY.pdf
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where X = ((X)o, - . ., (X)n,) is the vector of consecutive samples X; = x (%), je{0,1,...,n—-1},
of the function x.

Proposition 3.1.1 is the foundation of subspace methods like ESPRIT. They use that in the
case of noisy samples
ij = Xj + wj (36)

with some noise vector w € C" with not too large entries wj, the Hankel matrix % (x) is not
too far from a rank-r matrix.

This concept can be generalized in multiple ways, for example, to multi-dimensional
signals x, where the corresponding low-rank matrix is then not Hankel, but block-Hankel
(with Hankel blocks) or multi-level Hankel [Mari9]. In several applications, it is not necessary
to estimate the frequencies (fi);_;, but recovering the noiseless samples by using the low-
rank property of their associated structured matrix implicitly is sufficient. This is for example
the case in control theory [FPST13, Marig], in geophysics, where there has been a recent
interest in methods involving rank-reduction of Hankel-type matrices related to missing data
problems [GSC13,0S11,JYLM16], or in time series analysis, where this technique is known as
singular spectrum analysis [GNZo1]. The same idea applies to inpainting or denoising problems
in imaging, where the spectral sparsity of image patches in the Fourier domain can be taken
advantage of, and the rank can play the role of a regularizer [YKJL17,JY15,0J16]. In particular
in magnetic resonance imaging (MRI), these techniques have been applied successfully [Hal13,
LJK*16, MJKM17, WM17].

All the mentioned ideas can be also transferred to low-rank (block-/multi-level) Toeplitz
matrices, which are matrices with constant diagonals. Indeed, this can be easily seen from the
fact that a Hankel matrix can be transformed into a Toeplitz matrix through a permutation of
its rows and columns, and this operation, due to the orthonormality of permutation matrices,
does not affect the rank.

Encompassing also other generalizations, we call a matrix X € RY*% structured if its
elements can be determined from substantially fewer than did,, i.e., if it has O(D) =
O(max(d,, do)) degrees of freedom.

3.1.2 Problem statement

In the rest of this chapter, we will restrict ourselves to matrices with Hankel structure as in
(3.3), noting that the setting can be easily adapted to other linear matrix structures.

As we saw in Proposition 3.1.1, low-rank Hankel matrices arise naturally in many appli-
cations. In analogy to the unstructured low-rank matrices discussed in Chapter 2, we now
consider the problem of their recovery from underdetermined linear measurements.

In particular, we focus on the completion of low-rank Hankel matrices. This setting arises
under the exponential sum model of (3.4) in the case of missing samples: Assuming that not
a sequence of equidistant samples x = ((X)o, . . ., (X),,) fulfilling (3.5) are given, but, on the
other hand, just a subset Q c {0,1,...,n — 1} of these, completing the sequence of samples
by using the low-rank prior on the Hankel matrix is of interest as a means to compensate for
the loss of data.

In particular, let m < n, Q = {w1,...,wn} C {0,...,n — 1} be an index set of cardinality
|Q| = m, and Pq : C" — C™,x > Pq(x) = ijm eZ)jX be the linear subsampling operator
associated to the subset Q). Lety := Pq(Xp) € C™ correspond to the partial samples of an
unknown full sample vector xo € C". Then we define the low-rank Hankel matrix completion
problem such that
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X=%(X)st.X= argmin rank(%#(x)), (3.7)
x€C,Pq(x)=y
or in other words, the problem of finding the Hankel-structured matrix X € C%1*% of
lowest rank compatible with the samples y € C™.
While the problem (3.7) is the main focus of this chapter, we also consider the structured
low-rank approximation problem (SLRA) associated to x € C" and rank r < min(d1, d») defined
as

X = argmin ||%(z)- %’(x)”ﬁ(w), (3.8)
zeCls.t.
rank(#(z))<r
where || - ||p) is a suitable weighted Frobenius norm [CH15,Mar19] associated to a collection

of weights w € C41*%2 w;; > 0 for all i € [d;],j € [d2] induced by the inner product

d; do

(A, B)pw) = Z Z wiA;jByj,

i=1 j=1

where A, B € CT¥dz,
Due to the interplay of the linear Hankel subspace and the non-convex low-rank structure,
it is non-trivial to find efficient computational approaches to solve (3.7) or (3.8).

3.1.3 Our Contribution

In this chapter, we develop a new Iteratively Reweighted Least Squares (IRLS) algorithm for
the structured low-rank completion problem. It optimizes a log-det objective over a subspace
of structured matrices, as for example, the space of Hankel matrices. These matrices are of
relevance for the harmonic retrieval problem [CWW18] and for system identification [FPST13].

As IRLS algorithms for similar problems, our approach minimizes quadratic upper bounds
on the smoothed surrogate objective with iteratively updated smoothing. Building on the
framework introduced in Chapter 2, the proposed algorithm called StrucIRLS uses tight
quadratic bounds motivated from the second-order derivative structure of the smoothed rank
surrogate. Extending the general framework of Chapter 2 to the structured case, we incor-
porate the linear subspace structure into the IRLS framework, which is crucial to solve the
original problem in a information theoretically and computationally attractive way.

We prove that locally, StrucIRLS converges to an incoherent rank-r Hankel matrix #(xg)
with locally quadratic convergence rate, with high probability, under the assumption that the
sample locations Q = {w1, ..., wn,} are uniformly distributed in {0,...,n — 1}, if the sample
complexity or number of samples m fulfills

m > Cpgc,r log(n), (3.9)
where C is an absolute constant and
n n
=max (—, — .10
Cs X (dl dz) (3.10)

is a constant that depends on the window length d;, see Theorem 3.2 for details. This result
indicates a favorable data-efficiency of the algorithm, as the required sample complexity is
near-optimal, being just a constant and a logarithmic factor in n larger than the number of
degrees of freedom

deg; = 2r
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of the rank-r Hankel matrix. The requirement on the sample complexity (3.9) is weaker than
comparable conditions implying the convergence of other methods for the problem.

Apart from incorporating the subspace constraint without any need of additional pro-
jections, we show that our approach can be computationally attractive, as it only contains
operations that scale sub-linearly in the dimension of the matrix space. This is of particular
importance in real-world engineering instances of the problem, where n, d; and d, can be
very large and a quadratic growth of dimensionalty from x to #(x) can be a computational
issue. Furthermore, for multi-dimensional harmonic retrieval problems [CC18, JIY16,AC14],
# can be a block Hankel matrix operator whose size is non-trivial except from for very small
problem instances,

In experiments with artificial data arising from the problem of spectral super-resolution of
frequencies with small separation, we observe that StrucIRLS exhibits an empirical recovery
probability close to one from fewer samples than existing state-of-the-art approaches for the
low-rank Hankel matrix completion task.

3.1.4 Related Work

The low-rank Hankel approximation problem (3.8) is older than the corresponding completion
problem (3.7): A simple approach for the former was proposed by Cadzow [Cad88], alternating
between projections onto the rank-r manifold (which correspond to partial singular value
decompositions) and onto the Hankel subspace. However, the optimality of the method is
not clear, and counterexamples for the convergence of the method can be constructed, cf.
[Moog4, Section VI]. Beside recalling the above-mentioned connection to subspace methods
in signal processing, we mention the non-convex optimization approaches that have been
proposed in [CH15,TUM14].

For the low-rank Hankel completion problem, an alternating projection method adapting
the denoising variant [Cad88] had been proposed in [OS11] in a geophysics journal. Building
up on the success of nuclear norm minmization for unstructured matrix recovery problems,
Chen and Chi [CC14] analyzed the Hankel nuclear norm minimization (HNNM) problem (that
had been proposed before in control theory [FHBo4, FPST13,1V10])

X= argmin [[#(x)|s, (3.11)
xeC",Pq(z)=y

and showed guaranteed recovery for (3.11), with high probability, under the assumption
that the ground truth #(xg) is pp-incoherent, and that m = |Q| locations in Q are sampled
uniformly at random, given a number of samples that is near-optimal up to several factors
logarithmic in n, or more precisely, that is such that

m > Cuycsrlog*(didy) (3.12)

with absolute constant C, ¢, as in (3.10) and ji; being a suitable incoherence factor. This was
improved by [JLY16] to two log factors in the dimension in the special case of wrap-around
Hankel matrices [JIY16, Theorem 2]. As we saw in Chapter 2, nuclear norm-based modelling
has their approaches computational limitations as it is equivalent to solving a semidefinite
program (SDP). Even for fast solvers, this results in the very best case in optimization problems
with O(D?) = O(n?) variables. They also considered the multi-dimensional generalizations
(multi-level/block).

Computationally more advantageous non-convex optimization strategies such as (fast)
iterative hard thresholding (FIHT) [CWW19] and projected gradient descent (PGD) [CWW18]
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have also been recently developed for low-rank Hankel completion. In practical applications,
these algorithms are of greater interest than nuclear norm minimization due to their higher
empirical recovery rate and their more scalable implementation [CWW19]. If a two-step
procedure with distinct intialization phase is used for FIHT, the sample complexity requirement
of [CWW109] is

m > Cpcei®r? log(n) log(vn log(n)). (3.13)

Furthermore, the projected gradient descent approach of [CWW18] possesses a sufficient
condition for convergence from

m > Cpicac®r? log(n)). (3.14)

01(# (x0))

In both formulas, k = 5, 0))

Hankel matrix 7 (Xg).

We note that in comparison to (3.9), the assumptions on the sample complexity of (3.12)—
(3.14) are stronger. However, we would like to stress that unlike the guarantees for HNNM,
PGD or FIHT, our result is of local nature, i.e., Theorem 3.2 not even implies that StrucIRLS
converges from the initialization we chose. In this sense, the situation corresponds to what
we proved about MatrixIRLS for unstructured reccovery in Chapter 2.

As a summary, we observe that just from the current state of the theory, it is hard to
quantify which algorithmic approach provides an optimal tradeoff between data efficiency,
i.e., the ability to identify the model for a number of samples m as small as possible, space
complexity and time complexity.

Finally, we note that in [OJ17], an IRLS approach has already been used for the Hankel or
Toeplitz structured low-rank matrix recovery problem. The algorithm GIRAF (Generic Iterative
Reweighted Annihilating Filter) of [OJ17] is a fast algorithm desinged for large-scale 2D MRI
reconstruction problems. It corresponds to a low-rank IRLS algorithm based on IRLS-row
(see Section 2.3.2 and [MF12, FRW11]), but applied to a half-circulant extension of the Toeplitz
matrix arising from the data recovery problem. This half-circulant extension is not expected
to be very low-rank even if #(x) is, which renders the connection to the original problem
unclear. However, the authors of [OJ17] report good empirical results despite this fact. The
authors of [0J17] do not provide a convergence analysis for their algorithm.

corresponds to the condition number of the ground truth

3.1.5 Outline

This chapter is organized as follows. In Section 3.2, we introduce the proposed IRLS algorithm
called StrucIRLS for the completion of structured low-rank matrices, outlining the main steps
of the iterative procedure. In Section 3.3 we present our main theoretical results, interpreting
the algorithm in terms of a non-convex rank objective and providing the local convergence
guarantee with quadratic convergence rate. In Section 3.4 we detail computational aspects of
StrucIRLS.

Moreover, the connection to harmonic retrieval or super-resolution problems is detailed
in Section 3.5. Then numerical experiments and comparisons to state-of-the-art methods for
structured low-rank matrix recovery are carried out in Section 3.6. In Section 3.7, we provide
the proof of the locally quadratic convergence rate under appropriate assumptions on the
coherence of such matrices before concluding

3.2 Formulation of StrucIRLS

We recall the framework of Iteratively Reweighted Least Squares algorithms whose main steps
were already introduced in the beginning of Section 2.3: Given a family of functions (F, :
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Ch*da 5 R),.q that are e-smoothings of the objective F : C4>d2 5 R to be minimized in the
first place, we define, for a given e, > 0 and X*) € C41%42_ 3 quadratic upper bound Qek(-lx(k)),
which is tight, but still a global majorizer of Fe, .

The global quadratic upper bound function Qek(-|X(k)) is then minimized under the data
constraint, resulting in a weighted least squares problem, returning the update Xk+1) ¢ Cd1xdz
of the iterate. As a last step of a given iteration, the smoothing parameter ¢,0 is updated to
€x+1 < €, leading with X&+1) to the definition of the updated quadratic bound function
Qep,, (|X**D) of the next iteration.

Recalling the formulation of the low-rank Hankel matrix completion problem (3.7) we
want to solve, i.e.,

X=%(X)st.X= argmin rank(#(x)),
xeCm",Pq(x)=y
wherey € C™ is a vector of samples and P : C" — C™ a subsampling operator corresponding
toaset Q = {w1,...,wn} C {0,...,n— 1}, we see that the (intractable) objective to optimize
is still the rank function rank(-), as in Chapter 2. However, the domain of the objective is now
restricted to the set of Hankel matrices.

Motivated by the discussion of Section 2.2.1, where the log-det objective was identified as
the one whose minimizers most closely resembles those of the rank objective, and by the fast
predicted convergence rate due to Theorem 2.7, we define the objective F : C1*% — R,

d d
X = FX) = ) f(0i(X)) := ) log (0i(X))
i=1 i=1

recalling the convention d = min(dy, ds), and its e-smoothing F, : C1*% — R,

d

min(o;(X), €)? ~ 1)] .

i=1

d
X — F(X) := ;fe (0i(X)) = Z [log (max(o(X), €)) + % ( €2

— f(o)
=== fe(o)

Figure 3.1 — Smooth approximation f.(o) for f(o) = log|a|.

For a visualization of the relationship between F and F,, we refer to Figure 3.1, which
clarifies the geometry of their singular value-wise one-dimensional functions f : R — R and
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fe : R — R with f(0) = log|o| and
log|o|, if |o] > €,
fe(o) = {

log(e) + %(g—j - 1), if |o| < e.

Now, we note that the Hankel structure of matrices induced by the Hankel operator
# : C" — C1>% jmplies, in particular, that all Hankel matrices X € § with

§ = {X € C1*% ; 3x € C" such that #(x) = X}

are symmetric in the sense that the symmetrization operator (definition without loss of gener-
ality for dy > d;) S : Ch*d2 5 Cdixdz

Z=[Z1 Z| > S(Z)= 221+ Z) Zo],
where Z; € Ch*d1 7, € R4*(@2-d1)  rerurns the Hankel matrix itself, i.e.,
S(X) =X (3.15)

forany X € S.

Specifying the case p = 0, we can therefore leverage Definition 2.3.4 of the weight operator
wk) . chixd2 _, Cdixd2 of MatrixIRLS and its global majorization result, Theorem 2.4, to
obtain, for any x € C", that

For0) 1= BT () < Qg (#015(x)
(3.16)
= 7,68 + — (060, WO 09) - G0, WO RO,

for any Hankel matrix X¥) = 9¢(x0)) € C41%¢2 defined by the coordinates of a vector x¥) € C".
In (3.16), the weight operator W& : Cd1%d2 5 C41¥42 5 defined such that

w(z) = U [H o Uzvi) | v; (3.17)

where U € C1*41 v, e C%*% are unitary matrices and ogk) = 0;(# (x®)) for i € [d], such
that
% (x") = Uy dg(a®)v;

is a singular value decomposition of #(x), and H(lk) € R91%% js such that

1

(H(lk))ij = (3.18)

maX(ogk), €x) max(cﬁ.k), €x)

for any i € [dq1], j € [d2], cf. (2.58). We note that due to (3.15), only the matrix of weights
H(lk) appears, but not H(zk) of (2.59).
In particular, the inequality of (3.16) is due to the following important fact: Since the

global majorization statement of Theorem 2.4,

Fe (X) < Qe (X[ (x9)),
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holds for any (d; Xd3)-matrix X, it in particular also holds for any element # (x) of the subspace
of Hankel matrices §.

Incorporating the Subspace Constraint

As in the unstructured case studied in Chapter 2, we can now devise the first step of an IRLS
strategy by minimizing the right hand side of (3.16) under the linear constraint described by
the set

{x e C": Po(x) =y}.

As the first and third summand of the right hand side of (3.16) are constant and do not depend
on the unknown x, we obtain the new iterate x*1) € C" as the solution of the weighted least
squares problem
x**D .= arg min <%(x), W(k)(%’(x))> ) (3.19)
Pa(X)=y

In fact, by writing down the optimization problem (3.19), we can already observe that we
have reduced the domain of our optimization from the dids-dimensional matrix domain to the
n-dimensional domain C".

Using Hankel matrices not explicitly, but the subspace structure implicitly through the
Hankel operator % : C" — C%*% and its adjoint #* : C41*%> — C", we see that the
objective function of (3.19) is indeed quadratic in x € C": Since the adjoint #* of the Hankel
operator fulfills

(H(x),Z) = (x, %(2))

for any Z € C4*% and x € C, it follows that
<%(x), W(k)(%’(x))> - <x,%*W(k)%’x> —: (x, W),
using the definition of the structured weight operator
wh .= g wBge e cn, (3.20)

which is a positive definite (n X n) matrix.

This reasoning shows that the constraint of an Hankel subspace is not only compatible well
with the quadratic nature of an IRLS approach, but is even able to reduce the problem size.

Based on this, we define Algorithm 2, our proposed Structured Iteratively Reweighted Least
Squares algorithm (StrucIRLS) for the low-rank Hankel matrix completion problem.

We recall the following notation: We best rank-r approximation J,(X) of a matrix X € Ch*x4z
diag(o:(X));_, 0 ] [v@ ]

0 dg(oi(X)_,, | [VI"]”

where UK e C4%" and V) € C%2*" are matrices with orthonormal columns, is a matrix that
fulfills

with singular value decomposition X = [U(k) U(f)] [

7:(X) = U® diag(0:(X))i_, V" = argmin ||Z - X]|, (3.21)
Z:rank(Z)<r

where || - || can be any unitarily invariant norm.
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Algorithm 2 StrucIRLS for structured low-rank matrix completion

Input: Set of observed coordinates Q C {0,1,...n — 1} with |[Q| = m, structure operator
% : C" — C1>% vector of samples y € C™, rank estimate 7.

Output: Sequences (x¥),s1 ¢ C" and (€x)k»1-

Initialize k = 0, €© = co and W = #*% : C" — C™.

fork=1,2,...do

1. Use a conjugate gradient method to solve linearly constrained quadratic program

x® = arg min(x, W*Vx). (3.22)
Po(x)=y

2. Find best rank-(7 + 1) approximation of % (x®) to obtain
%(%(x(k))) =y diag(ogk))f;lv(k)* (3.23)

and o(k)

~,1» update smoothing:

€ = min (ek—1, 07+1(%(X(k)))) (3.24)

k .
and 0(1 ), ...,071 from item 2.

3. Update w® as in (3.20) (see also (3.17) and (3.18)) , using the information U(k),V(k)

The algorithm StrucIRLS as described Algorithm 2 can be regarded as an algorithm for
structured low-rank matrix completion for any kind of linear matrix structures induced by a
linear operator # : C" — Chxd2 with n < dyd,. However, it is not true that the linear system
(3.22) corresponding to step 1 can be solved efficiently for any operator %, since the cost of
performing a matrix-vector multiplication with the structured weight operator matrix

W(k—l) — %*W(k—l)% c Cnxn,

which, as we saw in Section 2.6, plays a crucial role in implementations of iterative solvers,
depends on % .

Furthermore, the cost of calculating the low-rank approximations (3.23) of #(x)) will
depend on # if methods like Lanczos bidiagonalization [SZoo0, .XQ15], randomized power
iteration [HMT11] or randomized Block Krylov [MM15] methods are used, not using structured
matrices % (x)) explicitly, but rather using its action on vectors.

We refer to Section 3.4 for a discussion of these aspects in the case of Hankel operators % .
In Section 3.3, we provide a convergence analysis for Algorithm 2 similar to the one obtained
for MatrixIRLS in Section 2.4.

As in the last chapter, we note that the choice of the rule (3.24) for the update of the
smoothing parameter € plays an important role in the convergence analysis and also has major
implications on the geometry of the optimization landscape.

Remark 3.2.1. Similar to other IRLS algorithms, StrucIRLS can be interpreted within the
majorization-minimization (MM) framework [Lan16, SBP17]. As described in [SBP17], in this
framework, functions Q(-|% (xX)) with simple (not necessarily quadratic) structure are defined
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to fulfill properties (3.16) and
() = Q () e (x)

with respect to a function ¥, and then minimized to obtain an iterative optimization strategy to
minimize §¥.

An important additional ingredient of StrucIRLS (and of MatrixIRLS for the unstructured
case) which is usually not present in the MM framework, is the updated smoothing of (3.24),
which changes the objective ¥ itself across the iterations as well, and not only the surrogate
Q|7 (x0)).

In this sense, the interplay between all the different steps are crucial for IRLS. As the survey
[SBP17], which described MM procedures, states: “On one hand, to achieve a fast convergence
rate, a surrogate function that tries to follow the shape of the objective function is preferable.
On the other hand, it should be simple to minimize so that the computational cost per iteration
is low”. Despite this difference to MM procedures, IRLS can be interpreted as a method that tries
to find a good compromise between these competing goals.

3.3 Convergence Analysis of StrucIRLS

In this section, we provide a convergence analysis of StrucIRLS. In Section 3.3.1, we first
state results about a basic interpretation of StrucIRLS in terms of log-det objective functions.
These results hold for any subsampling set Q c {0,1,...,n — 1} and any structure operator
7.

Subsequently, we provide a more refined local convergence analysis in Section 3.3.2 for
the Hankel matrix completion case, assuming that a sufficient number of samples m = |Q] are
uniformly drawn at random.

3.3.1 Basic Properties and Minimization of Smoothed Objective

The statements of the following theorem guarantee that StrucIRLS is actually a valid strategy
to minimize the auxiliary objectives ¥., which are define in Theorem 3.1.

Theorem 3.1 (Monotonicity & Stationary Points Are Accumulation Points). Let Pq : C" — C™,
y € C"and ¥ : C" — C¥*% e linear operators and 7 € N. Let (x| €;)r>1 be a sequence of
outputs of StrucIRLS corresponding to these parameters. Define, for any € > 0, the functions
(smoothed) log-det objectives ¥ : C" — R,

d
x = F(x) = ) log (0i(%(x))
i=1

and §. : CI*% - R,

2 (3.25)

d : 2
1 (H
X 5.8 = ) |log max(at(), ) + 5 | MHEEGERD ).
i=1
Then the following holds.
1. The sequence (jek(x(k)))k21 is non-increasing, i.e., $,,(x®) < %, (x*~V) for any k € N.

2. Forany k € N,
d
Fox) 2 3" log (0(7 (x))

i=1
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where #(x®) = Uy dg(oi(%’(x(k))))vz is a singular value decomposition of 7 (x\)).
3. If € := limp_,e €k > O, then the iterates x'¥) and x**V fulfill limy_,o ||x®) — x**+D]|, = 0.

4. If € := limg, €x > 0O, then each subsequence of (x(k))k has a convergent subsequence,
and each accumulation point X of (x0), is a stationary point of J: subject to the linear
constraint {x : Pq(x) = y}.

Proof. This results follow directly from following the proof of Theorem 2.6, in particular using
the observation (3.16). m]

For a visualization of statement 2., we refer to Figure 3.1.
3.3.2 Local Convergence Theory: Quadratic Convergence Rate

In this section, we provide a convergence analysis for StrucIRLS that is related to the one
provided in Section 2.4 for MatrixIRLS.

In particular, we provide a local convergence guarantee stating that StrucIRLS recovers
a rank-r Hankel matrix %(Xo) if we obtain an iterate x* that is close enough to the ground
truth xq that parametrized the rank—r matrix #(xq). This is the case, with high probability,
already from a small number of noiseless samples y = Pq(Xg) provided that the #(xo) has
enough information spread across the singular values, a property known as incoherence which
is analogue to Definition 3.3.1 in Chapter 2. Moreover, we show that the local convergence
attains a locally quadratic convergence rate.

To define the incoherence notion that is adequate for our purposes, we recall the definition
(2.99) of a tangent space T onto the manifold of rank-r matrices

M. = {X € C1*% ; rapk(X) = r}

at a matrix
X 0||v*
2=l wlfy 2w
where U € C¥*" and V € C%*" are matrices with orthonormal bases of the first r left resp.
right singular vectors of X their columns, and £ € R™ and £, € R(@~%(d") heing diagonal
matrices with the (ordered) singular values of X on their diagonals: In this case, we define

T = Ty such that
Tz := {UM* + MV* : M € C&*" M e C9"}, (3.26)

Intuitively, we can say that a rank-r matrix Z has low incoherence if the projections of all
elements of the standard Hankel basis onto the tangent space T associated to Z are small. In
particular, we define the standard Hankel basis as follows: If # : C" — C%*% is a Hankel
operator and if e, € C" is the k-th standard basis vector of C", we define the matrices

7 (ex) dixd
H:=———€C 1Xd2 (3.27)
1|7 (ex) |7
fork = 1,2,...,n. In fact, it can be easily seen that they attain the value min(k, n + 1 — k) "/

on the indices corresponding to the k-th antidiagonal and the value O for all other indices. We
can observe that the set
{# : k € [n]}

is an orthonormal basis of the subspace S of (d; X dy) Hankel matrices.
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The following definition is a weaker version of the incoherence notion of [CC14], see also
Definition 3.3.1 and the following Remark 2.5.1.

Definition 3.3.1. We say that a rank-r Hankel matrix #(x) € C1*% with singular value
decomposition #(x) = UXV* and corresponding tangent space T = {UM* + MV* : M €
CE*r M e CU*} is po-incoherent if there exists a constant g > 1 such that

dy +dy
didy

max ||Pr(#i)|lr < [Hor (3.28)
1<k<n

where %, denotes the k-th element (3.27) of the orthonormal standard Hankel basis.

Remark 3.3.1. We note that the assumption that a tangent space T is pg-incoherent according
to Definition 3.3.1 is weaker than similar assumptions [CC14, Definition 1] ,[YKJL17, (A.18)],
[CWW19, Definition 1; CWW18]. In particular, assuming that

r r
max [U%lr < \[EX  and  max [V < | EE
1<ks<n dy 1<k<n d,

as in [YKJL17, (A.18)], we obtain

|Pr(He)||7 = [UU*H + HVVF — UU*HVVE |2 = [|[UUHR (1 - VV) + H V|2
= [UUH(1 = VW[ + [|F6VVE([F < IUUF]IZ T - VVE1? + (| 76VV 17

Hor . Hor _ por(dy +dz)

< U %l + 196V ll7 < 5=+ 5= = =5

We recall that in our completion setting stated in Section 3.1.2, it was assumed that we are
given an index set
Q={w1,...,on} c{0,...,n—-1}

of cardinality m to define the subsampling operator Pg : C" — C™,x - Po(X) = 2y.cq e(’j)jx.
To prevent arbitrarily adversary sampling sets Q which would not convey the structure of
x well, we resort to randomness in the distribution of the indices w1, ..., w, in order to
obtain a convergence theorem. In particular, we will assume that we are given m indices
w1, ...,w, that are sampled uniformly at random among the n possible ones {0,...,n;}
(without replacement).

We then obtain a local convergence statement implying fast local convergence given enough
randomly distributed samples, formalized in Theorem 3.2.

Theorem 3.2 (Local Convergence with Quadratic Rate). Let # : C" — C4*d2 pe the Hankel
operator associated to the parameters (n,d;). Let Xo € C" be vector such that ¥ (x,) € Ci1*%

is a rank-r matrix that is pg-incoherent in the sense of Definition 3.3.1. Let Q C {1,...,n}
be a collection of m indices Q sampled uniformly at random among {0,1,...,n — 1}, let ¢; =
max (%, %) There exist constants C > 1, C1 and Cs such that if

m > Cpgc,r log(n), (3-29)

with probability at least 1 — 2n~2, the following holds: If €x = 0,41(# (x%))) and if the output
vector xX¥) € C" of the k-th iteration of StrucIRLS with inputs Q, %, y = Po(xX) and 7 = r
fulfills

\Hocst 1
19 (xM) = % (x0)lls,, < min (C1 LEOR

vnlog(n) n2rk
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then

k—oo
x5 %o

and furthermore, the local convergence rate is quadratic in the sense that there is a constant p
such that,
e = o), < mll () = o)
which can be chosen such that
_24(9n% + 1)rx
oK (x0)
01(#(%0)) -

where k = o o) S the condition number of #(Xg).

It is instructive to compare the sufficient condition for the sample complexity (3.29) with
corresponding conditions for local convergence results for PGD [CWW18] and FIHT [CWW19],
which require an order of Q(ujx?r*log(n)) and Q(uor log(n)) samples respectively. We note
that a global convergence theory for HNNM [CC14], a convex optimization procedure, is available
if Q(uor log*(n)) samples are provided.

Furthermore, while being a sufficient condition, we note that (3.29) can be seen as an
indication to choose the window length parameter d; ~ 5 to make the Hankel matrices as
square as possible, as in this case, the parameter

n n
Cs = max a,d—z

in the bound is minimized. However, the same conclusions can be already drawn from the
bounds in [CC14, CWW18, CWW19].

3.4 Computational Considerations

While the presentation of StrucIRLS and its convergence analysis is somewhat similar to the
algorithm for unstructured recovery discussed in Chapter 2, it is not possible to translate the
implementation of Section 2.6 in a one-by-one manner.
As in Section 2.6, we are interested in using an algorithm that runs with a time and space
complexity of
O(d1 dz)

In most applications, due to statistical reasons, we would choose the window length parameter
d; such that the structured matrices are approximately square. In this case, this means that
we are interested in a space and time complexity of

o(n?)

for StrucIRLS.

In this section, we restrict ourselves to the case of Hankel-structured matrices defined by a
Hankel operator % : Ch*da 5 C" such as in (3.3) with d; = ©(n) and dy = O(n).

This is due to the fact that Hankel matrices possess a convolutional structure, i.e., they
can be seen as a restricted, rearranged circulant matrices. These circulant matrices can be
diagonalized by a discrete Fourier transform, which means that, by using the Fast Fourier
Transform (FFT), matrix-vector multiplications can be performed in O(nlog(n)) instead of
®(n?), as it would be the case for unstructured matrices [KS99, Pano1, BQWoo, Kor1o, PT15].

To review how to perform these fast matrix-vector multiplication with Hankel matrices,
let x € C" and % (x) € C%*%2, % (x©)) now can be embedded into a so-called circulant matrix
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6 (x), defined by the circulant operator € : C* — C™" that maps a vector x € C" to

%(X) = (C@(X)l]):l:’rijzl = ((X(i—j) mod n)?;nl’jzl € Can, (330)

which then can be diagonalized this by a discrete Fourier transform. As a preparation of what
follows below, we recall formulas for the actions of the circulant operator € and its adjoint
operator €* : C™" > C" of 6.

Lemma 3.4.1 (Cf. [Panoi]). Let € : C" — C™™" be the circulant operator of (3.30) and
@* : C™" > C" its adjoint. Then the action of 6 on a vector x € C" can be written such that

6(x) = VnF diag(FX)F", (3.31)
and the action of 6* on a matrix Y € C™" such that
®*(Y) = VnF* diag(F'Y'F),

where F € C™" is the unitary discrete Fourier transform (DFT) matrix and diag : C™" — C"
such that diag(M) = (M;;)"_, for a matrix M € C™".

Proof. The formula (3.31) follows, e.g., from [Pano1, Theorem 2.6.4].
Let Y € C™" and x € C". Using that

B(x) = VnF diag(Fx)F*,
(Y, B(x)) = Vn(Y, F diag(Fx)F")

= (F'YF, diag(Fx)) = Vn tr(F*Y*F diag(Fx)) = Vn Zn:[F*Y*F]ii[diag(Fx)]i
i=1
= vVn(diag(F*'Y*F), Fx) = Vn(F* diag(F*'Y'F), x).

O

As described in Section 2.6.2, fast matrix-vector multiplications are very helpful in the
second step of an IRLS iteration, where information for the definition of the weight operator
updated is calculated by obtaining a best rank-r + 1 approximation. In StrucIRLS, this cor-
responds to (3.23), and by saving the interates x*) € C" in memory, but not 7 (x¥)) € C%1>dz,
we can make used of the above considerations to obtain a sub-quadratic time complexity.

We will not detail here how to solve the weighted least squares problem (3.22) in the most
efficient way, However, in a implementation that uses conjugate gradients [HS52] with an
appropriate stopping criterion, to obtain a fast implementation, it is necessary that matrix-
vector multiplications with the (positive definite) structured weight operator matrices W% from
(3.20), i.e., with

W(k) — %*W(k)% e Cn

where WK . Cdixd2 _, ¢dhiXdz jg a5 in (3.17), are computationally affordable.
To make sure that this is the case, we provide in the following theorem a time complexity
bound on the matrix-vector multiplication with W),

Theorem 3.3. Let x¥) € C" and €, > 0 such that o,41(#H(x%)) < ¢, let # : C" — Cdrxd2
be the Hankel operator. Then the multiplication of W € C™" with a vector x € C" can be
computed in O(nr? + nrlog n) operations.
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Proof. Letx € C" be arbitrary. Recalling the equation (3.20), we have w® = gw®ge. First,

we note that the Hankel matrix #(x) = [%(x)]?}ff = (xi+j_1)f}’=d12 can be embedded into a

circulant matrix [€ (x)]?}'il = X((i-j) mod n)+1 With the vector x € C" as its first row such that

#(x) = Pg,lani B(X)JPy, = P4, B(X)Fy,, (3.32)

where J is the permutation matrix such that [J];; = 1if j =i+ 1ori =1andj = n and
zero elsewhere and [, the matrix with entries equal to 1 only on the main antidiagonal.
Furthermore, Py, : C* — C%,X i (x1,...,%4,)" and Py, : C* — C%,x > (x1,...,Xg,)"
denote the projection into the first d; and dy coordinates, respectively, and %y, € C4xn and
Py, € C2X" are given by

Pa, = Pg,lang and Py, = PdZJ*.

By Lemma 3.4.1, it follows that that the circulant matrix 6(x) can be diagonalized by the
(unitary) discrete Fourier transform F = (% e~ 2mi(-1)(k-1)/n )Z,j:1 € C™" such that
B(x) = FD fp, F,
where D\/EFX = diag(y/nFx) € C"™" is as in Lemma 3.4.1. Combined with (3.32), we have

¥ (x) = Pdl“anticg(x)llpz2 = gsleD\/ﬁFxF*@;f

Next, we use our assumption that there at most r singular values of % (x¥)) larger than e
to obtain a simplified version of (2.155) from Lemma 2.6.1: Thus, we can write the action of
the weight operator W) : Chxd2 _, C41%d2 o 3 matrix Z € C4%% such that

w®(z) = U[Hyy o (U ZV)|V*+
+U(D)U*Z(I - VV*)
+(I- UUYZV (D) V*
+e P I-uUn)Z(I- W),

where Hyy € R™" such that (Hyy);j = ﬁ fori,je[r],U=U% v=v® and D € R
Ui O'j
diagonal such that (D);; = % fori e [r].
O'i €k

Then, using the linearity of %*, we rearranged the matrix vector product W®x such that

w®x = *w® (I (x)) = H*U[Hyy o (U*H(X)V)[V* + F*UD(UH (X)V V"
+ UL UL H(X)V)DV* + €27 U, US H (X)V, V'
= %*U[Hyy o (U'Z(X)V)]V* + #*UDU*% (x)(I — VV*)
+9¢*(I - UU")F (X)VDV* + ¢ % “(1 - UU")F (x)(I - VV*)
= 2K H(x) + T [[UD — e’ DU (x)| + F* [# (X)[V(D - ¢ *D)V*]]
+ %" |U(Hyy o (U*H (x)V) — U# (x)VD — DU*H (X)V + €, “U*H (x)V)V"]|

(3-33)

The four terms can be separately analyzed. Before continuing, we note that the action of the
adjoint of the Hankel operator is given by #*(Y) = %*(95;1 Y%y,) = \nF* diag(F*QﬁszY*@le),
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since indeed,

(T (x)) = (¥, P, BR)PL,) = (Y Py, G()P, ) = tr(PL Y Py, G(x))

" o . (3.34)
= (P, YP4, B(x)) = (6" Py YPa,,x) = (#H"(Y), x).

Then, inserting the result from Lemma 3.4.1, leads us to the result. Defining D = D — € I and

plugging (3.32) into the previous equations implies the following four observations:

1. Since *# : C" — C" is a diagonal operator multiplying the i-th element with a
fixed number v;, we obtain that e 2% *%# (x) = {e 2v;x; ;‘:‘01 can be performed in O(n)
operations.

2. #* [UDU*#(x)| = VnF* diag(F*®; (UDU*# (x))* Py, F)
= /nF* diag (P}, Pa,Fdiag (VnFx)F*) = nF* diag (F* P} Fq,Fdiag (FX)F'P UDU*%y, F).
The matrix M; = F*Qbszgészdiag (Fx)F*Qﬁé‘lU € C™ can be computed in O(Rnlogn)
by using the FFT r times while, by counting the dimensions, the precomputed matrix
M, = DU*%4, F € C™" can be performed in O(r%n).

3. #H* [%(x)V]_)V*] is analogous to the previous case and can also be calculated in O(r?n +
Rnlogn) operations.

4. % [U(H o (UF (x)V) — U*H (x)VD — DU % (x)V + € 2U* % (x)V)V*] is of the form

%* |U(H o A— AD — DA — kA)| and the Schur product can be simplified leading to

nF* diag (F*9;2V(H;ew o [V*Py,Fdiag (Fx)F*QéslU])U*Qﬁle), where [Hyewlij = [Hl;j +

€2 — Dy — Dj;.

Again, by counting dimensions, M3 = (H..,, o [V*%P4,Fdiag (Fx)F*E%;lU])U*delF can
be performed in O(r?n) operations, since Hpew € C™" and U*P4,F € C™". Then, the
product of the precomputed matrix My = F*@;ZV € C™" by M3 has also complexity

O(r?n). Lastly, the outer operation F* diag (M3M,) needs O(n log n) by using FFT.

This shows an overall complexity of O(nrlogn + rn). O

Thus, we see that matrix-vector multiplication with wk s, up to a logarithmic factor in
n, almost linear in the dimension of x € C" if r? < n.

3.5 Connection to Harmonic Retrieval

As mentioned in the Section 3.1.1, in many applications the parsimonious signals one en-
counters is specified by parameters in a continuous domain. They are often modelled as a
superposition of point sources in the spectral or the time domain and the goal is to retrieve
these highly localized patterns through the acquisition of a small number of samples, which
means that a sum of exponentials model such as 3.4 is available. If in the application the sam-
ples are not consecutive, as in 3.5, but irregular, for example, corresponding to a subsampled
equidistant grid, low-rank Hankel matrix completion techniques such as StrucIRLS can be
used to complete the sequence to obtain an equidistant sample sequence.

In a second step, to retrieve the model parameters {ax};_; and {fi};_; of (3.4), we could
consequently use classical methods such as the original Prony’s method [dP95], MUSIC [Sch86],
ESPRIT [RK89], or the Matrix Pencil method [HS9o]. This might be an interesting application,
as these methods are not designed to deal with the case of non-consecutive samples.
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Our methods can also be extended not to cover the case of missing samples, but of noisy
samples such that
Xi==Xj+-“G

for j € {0,1,...,n — 1} with w;, for example, independent Gaussian noise for all j €
{0,1,...,n—1}, cf. (3.6).

In this case, it is possible to adapt our ideas to solve first the Hankel structured low-rank
approximation problem (3.8) with input x = X, and then use a method for harmonic retrieval of
choice such as Prony or ESPRIT or others (see Section 3.1.1) to retrieve the model parameters
{ax};_; and {fi}}_, based on the denoised sample vector x € C".

In our framework, this would correspond to dropping the linear constraint Po(x) = y and
optimizing instead the unconstrained optimization problem

. 2
min ||z — x||5 + A¥.(z
min |1z - xII3 + A.(2)

with ¥ as in (3.25), for a suitable A > 0. From the theory presented in this thesis, it is clear
that this would involve solving the sequence of weighted least squares problems

<0 = arg min ((z -X,Z—X)+ A <z, W(k_l)z>) , (3.35)

zeCn

while updating the weight operator matrix W% and the smoothing parameter € as in
StrucIRLS.

If the model order r of the sum of exponentials is known, it is possible to find good choices
for the regularization parameter A by a simple grid search.

3.6 Numerical Experiments

In this section, explore the performance of StrucIRLS empirically. We focus on the setting of
completing low-rank Hankel matrices completion setting from random samples.

We conduct an experiment mimicking the setup of the experiments of [CWW18], con-
sidering the completion of Hankel matrices #(x) from m sample coordinates Q that are
drawn uniformly at random, of a vector x = ((X)o, ..., (X)s—1) such that (x); = x(j/n) for all
jeA{0,...,n—1}, n =127, with sum-of-exponentials model x : [0,1] — C,

.
x(t) = Z et
k=1

where the f; and ¢, are sampled at random independently such that fi. ~ U([0, 1]), |ax| =
1+ 10%, ¢ ~ U([0, 1]). In Figure 3.2, the empirical recovery probabilities averaged across
5o simulations for each pair of m and r are documented in comparison with the atomic
norm minimization algorithm (ANM) [BTSR13], projected gradient descent (PGD)[CWW18],
fast iterative hard thresholding (FIHT) [CWW19], Hankel nuclear norm minimization (NNM)
[CC14], and a non-convex optimization method operator on the frequency parameter space
[FWS™16].

In the experiment, we do not us the weight operator of StrucIRLS indicated by (3.17), but
one that corresponds to an even tighter quadratic bound based on a harmonic mean weight
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Figure 3.2 — Hankel matrix completion, m measurements of vector x € C" with n = 127.
x-axis: number of measurements m, y-axis: model order r.

operator. Furthermore, we use the objective
d
5(x) = )" log (02 (x)) + €
i=1

instead of the one in (3.25).

We observe our IRLS algorithm exhibits the best performance, with successful recovery
already when m =~ 2r, despite the fact that some frequencies f; will be very close if r is not
too small, which is known to compromise the performance of methods such as ANM [BTR13].
The data corresponding to the same experiment is visualized also in Figure Figure 3.3.

Furthermore, we provide an experiment that investigates the potential of an IRLS approach
for Hankel low-rank approximation (cf. Section 3.1.2), if used as a preprocessing for the
harmonic retrieval problem as indicated in Section 3.5.

For this, we repeat an experiment of [HV18, Section VI]: Using equispaced samples from a
signal that is a sum of two frequencies located at f; = 0.35 and f, = 0.40 (both with unitary
amplitude) that are perturbed by additive Gaussian noise (with different signal-to-noise ratios
(SNR)), we first use a variant of StrucIRLS for the Hankel low-rank approximation problem
to obtained denoised samples. In the algorithm, we use an automated rule for the tuning
parameter A (see (3.35)).

After denoising, we use ESPRIT to obtain the frequencies, which is arguably one of best
algorithms for frequency estimation for low noise levels [Fani6]. As a comparison, we use the
algorithms [Cad88,CHis,HV18] (combined with ESPRIT for frequency retrieval, respectively),
vanilla-ESPRIT [RK89] and Prony’s method. For our method, we choose the regularization
parameter A from (3.35) according to an adaptive rule that uses the information of the model
order r = 2.
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Figure 3.3 — Hankel matrix completion, Max. rank r with 75% empirical recovery probability
for a number of m samples x € C" with n = 127.
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Figure 3.4 — Frequency estimation experiment, r = 2, a; = a3 = 1 and f; = 0.35 and
fo = 0.40.
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The results corresponding to an average over 500 independent noise realizations for each
SNR value can be seen in Figure 3.4. In this simple experiment, and our method obtains
a lower MSE on the vector of frequencies f = (fi, f2) than the competing methods across
different noise SNRs.

3.7 Proof of Theorem 3.2

For the proof of Theorem 3.2, we can use the strategy that had been used in Chapter 2 for
proving the respective convergence result for MatrixIRLS.

Similarly to the proof of Corollary 2.5.3, we start by adapting the sampling model of
Theorem 3.2 as follows: We sample the collection Q of indices w1, ...,w, € {0,1,...,n—1}
from a random model of independent sampling with replacement (this means that Q could
contain the same index more than once).

Lemma 3.7.1 (Based on Proposition 5 from [Rec11]). Let § > 1, let Q = (wg)’gl1 be a multiset
of indices in {0, 1,...,n — 1} fulfilling m < n, that is sampled independently with replacement.
Then with probability at least 1 — n'~%, the maximum number of repetitions of any entry in Q
is less than %,B log(n) for all n > 9.

Defining the operator Rq : C" — C" such that

m

Ra(x) := PLPo(x)) = Z €€ X (3.36)
=1

we have consequently that with probability at least 1 — n'=2#

8
IRalls, < 5,3 log(n).

Proof. The proof follows exactly the same lines as [Reci1, Proposition 5], with the only dif-
ference that in the application of the Chernoff bound, the probability of a head is given by %
instead of ﬁ because we are sampling a vector x € C". This leads to a bound n'~? instead

of max(d;, ds)* . |

As a preparation of the next result, which corresponds to a local restricted isometry property
(see [CRO9, Section 4.2] for some discussion) around matrices that are pip-incoherent to the
standard Hankel basis, we define the operator € : C" — C%*4 such that

n-1
Gx) = ) (e,
k=0

where the %, € C%%% gre the standard Hankel basis matrices (3.27).

Lemma 3.7.2 ([CC14, Lemma 3]). Let #(X) € Ch*d2 pe g rank-r Hankel matrix with left and
right singular vector matrices U € C¥X" and V € C%*" and tangent space T (3.26). If #(x) is
Ho-incoherent with respect to Definition 3.3.1, then

holds with probability at least 1 — n~2 provided that m

n n
max {E, d_}

<eg (3-37)

)

PrEG P — %%fg%@*%

\%

%pocsrlog(n), where ¢; =
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Proof. This lemma is a special case of the result of [LL.JY18, Lemma 23]. For completeness, we
provide a proof. First we define the family of operators

EZ = —ngCgewge Cg 95]" - —gsTCgcg 95]“

for any ¢ € [m]. Then

1y n e 1 . 1n . 1 .
[E[Z[] = - Z —QbT%eieng 957“ — _gsTcgcg 957“ = ——gsTCgcg @T - —QéTCgcg ng =0
n4<m m nm m
Since for X € Chxd
PrGew,ey, 6 Pr(X) = (6(ew,), Pr(X))rPré(ew,) = (Pré(ew,), X)rPré(ew,),
we obtain

|PrGew, e, & PrX)r < [(Pré(ew,), X)r| 1Pr6(ew)llr < 1PrE(en) IFIXr

by Cauchy-Schwartz, and thus the norm bound

n . o n n n 2upcsr 2HoCsT
| 2eren e, & || < LliprbienIE < T max g (| < - T - RO
m 2 m m ke[n] m

n m

(3.38)
using the incoherence assumption on the subspace T in the last inequality. Similarly,
2pgcst
H—Qﬁfgfg ol <= Z s Gere; 6 |, < “:;15 (3.39)

and therefore ||F¢|lz < 4“ 057 for all £ € [m]. For the expectation of the squares of F,, we
obtain

n? 1
EE:E; = —[E [(Prew,es, 6 Pr) (Préeae, C Pr)| — —(PreG Pr) (Pres Pr)
m

and therefore

m m m 1
DEEE| < e, Z( > |E [(@rSew,es, € 9r)? |, + mug]ﬁfgfg*%llﬁ)
¢=1 2 ¢=1 {=
< —5 11 Gew, €, S Prll> |E [Fr€ewes, € Pr]|, + —32Ho¢sT - 1
¢=1
m 2 9 ) 1
: (% pzc : ”[E [Q&ngeweez)gfg*gsT]HZ + ﬁzpocsr)

o

=1

22 1
3 (52 Lo gway
m n n

m
=1

1 1
+ —22],10051” = —4ugc;r,
5 m m

where we used that || Pr€€*Pr||2 < 1 since PrEE*Pr is a projection and (3.39) in the second
inequality, (3.38) in the third inequality and the fact that the {w,} are uniformly distributed
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at random among [n] in the second equality. As the &, are Hermitian, it follows by the matrix
Bernstein inequality (see, e.g., [Ver18, Theorem 5.4.1]) that

n . . me2/2
p (H—@T@%@ Pr — PrEC || > e) < 2dyds exp [~

m 2 4pgcesr + 4pgesre/3

.40

(n+1)? me> 1 9 me> 3 (3.40)

<2 exp |- =-(n+1)exp|-= <n*
4 210Cst + Hocst/3 2 £HoCsT
where the last inequality holds if %(n +1)%n? < exp (—;ﬂ’gir) , which is implied by the condition

m > 7—E’2pocsr log(n). O

As a consequence of it, it is possible to establish a crucial inequality that controls the
projection onto the tangent space.

Lemma 3.7.3 ([YKJL17, Lemma 20]). Let x € C" be such that T is the tangent space of the
embedded rank r matrix manifold at the point #(x). Assume that (3.37) holds for € < % Then,
for any z € C", it holds that

|Pr# (z)||p < 3n||ProH(z)||z  for all z € ker Pg.

Proof. The proof follows from [CC14, |Lemma 1]. O

The next lemma is the counterpart Lemma 2.5.3. We included the refinement of [WCCL16b,
Lemma 4.2], obtaining weaker third condition.

Lemma 3.7.4 ([CWW19, Lemma 8]). Let Xg,x € C" be such that % (xq) and % (x) are rank-
r matrices with tangent spaces onto the rank-r manifold Ty and T, respectively. Assume that
0 < € < 1/10 and that the following three conditions hold:

a. ||Rqll £ glog(n)for Rq as in (3.36),

b. |Pr, 66" Pr, — 2P, 6PC* Pry|| < €

. 1760 =T (x0) 5., < Toymr s (% (X0)).

Then we have
|Pre€ Pr — p7'PrEeEPae Pr| < 4e, (3.41)
and, as a consequence of Lemma 3.7.3, we have
1917 @)lly < 3n | PrH(2)ll;  Vz € ker Po. (3.42)
We can finally prove our main result, Theorem 3.2.

Proof of Theorem 3.2. We proceed as in the proof of Corollary 2.5.3.
Ifm > 6%pocsrlog(n), then on the event Eq N Eqr,, on which the statements of both

Lemma 3.7.1 (with 8 = 2) and Lemma 3.7.2 hold, we have that

16
IRalls,, < 3 log(n)
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and

H%%*Q&T o] <
m

=S}

for € = 1/10, whereas the probability that Eq N Eq 1, hold is at least 1 — 2n72.
On Eq N Eq 1, it holds then that for any x € C" such that

19 (x) — F (x0)ls., < E0+(%(x0)),

with
Vme
16vnlog(n)(1 +¢)

g:
that
1% @I < IPrF @I + |1Pr@@)IF < (902 +1) 1 (G 2)

Due to the assumption on the sample complexity m, this implies that Assumption 2.1 is fulfilled
with constant c(dy, dy) = V9n? + 1 for #(xo) with radius

N
\nlog(n) '

Inserting this into the statement of Theorem 2.7, we obtain that for any % (x*)) such that

17 (%)) — % (x0)ls,, < min (c1 VOO Gp—r )arwf(xO)),

ynlog(n) 1n°rK

where C; and C, are appropriately chosen absolute constants, we have that

£=C

196 (x*+Y) — H (x0)lls.. < pllFx*) = F(x0)12.

with 1 = 4(9n? + 1)réx /o (#(xo)).
This finishes the proof of Theorem 3.2.

3.8 Conclusion and Future work

In this chapter, we formulated an IRLS algorithm designed for structured low-rank matrix
recovery problems. We exhibited beneficial computational properties and theoretical guaran-
tees for local convergence. In particular, we proved that the proposed algorithm StrucIRLS
converges quadratically to the global minimizer of the low-rank completion problem of ma-
trices Hankel structure if the iterates are in a neighborhood of this minimizer, under a weak
assumption on the number of provided random samples. This number depends only linearly
on the rank of the Hankel matrix and logarithmically on the ambient dimension, which is
considerably weaker than the sufficient conditions that are available for other methods such
as projected gradient descent [CWW18], iterative hard thresholding [CWW19] or those based
on convex relaxations [FHBo4, CC14,JLY16].

The numerical experiments we conducted show that the strong local convergence state-
ments for our algorithm capture indeed a very competitive data efficiency, as the method is able
to complete structured low-rank Hankel matrices from fewer samples than other state-of-the-art
methods. An important open question that remains for future work is the establishment of a
global convergence theory, as our convergence theory is inherently local, allowing for strong
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convergence statements just in a neighborhood of a ground truth solution. The promising
numerical experiments suggest that convergence to the ground truth, however, is in fact not
a mere local phenomenon, but can be observed with empirical certainty once enough mea-
surements or known entry of the structured matrix are provided, starting from the generic
initialization of Algorithm 2. We expect that analysing the saddle escaping behavior of the
algorithm as outlined in Section 2.10 will lead to a more comprehensive understanding.

We also showed that an IRLS approach designed for the structured low-rank approximation
problem has potentially interesting applications as a preprocessing step in harmonic retrieval
problems. A generalization of our framework can also be used to cope with noise on the
samples in the structured matrix completion problem, using an unconstrained formulation as
in Section 3.5 with similarities to [LXY13]. We leave the establishment of a convergence theory
that includes error bounds for this case to future investigations.

The wide applicability of structured low-rank modelling in signal processing and in control
theory was briefly mentioned in the motivation for this chapter. We expect that methods such
as ours that are able to cope well with missing or non-equidistantly sampled data can lead to
new applications, which would not be possible to realize with conventional algorithms such as
subspace methods, as these methods typically require very regular samples.

167



Bibliography

[AAGM15]

[ABB19]

[AC14]

[ACP16]

[ALPTJ11]

[AR15]

[ARR14]

[Audi4]

[AV97]

[BA18]

[BCB14]

[BCEo06]

[BCW11]

[BDog]

[BDDWo08]

[BDMSo9]

[Becis]

[Bec17]

[Berog]

[Bergo]

S. Artstein-Avidan, A. Giannopoulos, and V. D. Milman, Asymptotic Geometric Analysis, Part I, Math.
Surveys and Monogr., vol. 202, American Mathematical Soc., 2015.

B. Adcock, A. Bao, and S. Brugiapaglia, Correcting for unknown errors in sparse high-dimensional
function approximation, Numer. Math. 142 (2019), no. 3, 667-711.

F. Andersson and M. Carlsson, ESPRIT for Multidimensional General Grids, SIAM J. Matrix Anal. Appl.
39 (2014), no. 3, 1470-1488.

F. Andersson, M. Carlsson, and K.-M. Perfekt, Operator-Lipschitz estimates for the singular value func-
tional calculus, Proc. Amer. Math. Soc. 144 (2016), no. 5, 1867-1875.

R. Adamczak, A. E. Litvak, A. Pajor, and N. Tomczak-Jaegermann, Restricted Isometry Property of
Matrices with Independent Columns and Neighborly Polytopes by Random Sampling, Constr. Approx. 34
(2011), no. 1, 61-88.

A. Ahmed and J. Romberg, Compressive Multiplexing of Correlated Signals, IEEE Trans. Inf. Theory 61
(2015), no. 1, 479-498.

A. Ahmed, B. Recht, and J. Romberg, Blind Deconvolution Using Convex Programming, IEEE Trans. Inf.
Theory 60 (2014), no. 3, 1711-1732.

K. M. R. Audenaert, A generalisation of Mirsky’s singular value inequalities, arXiv preprint (2014).
preprint, arXiv:1410.4941 [math.FA].

G. Aubert and L. Vese, A variational method in image recovery, SIAM J. Numer. Anal. 34 (1997), no. 5,
1948-1979.

S. Brugiapaglia and B. Adcock, Robustness to unknown error in sparse regularization, IEEE Trans. Inf.
Theory 64 (2018), no. 10, 6638-6661.

D. Bahdanau, K. Cho, and Y. Bengio, Neural Machine Translation by Jointly Learning to Align and
Translate, arXiv preprints, arXiv:1409.0473 (2014).

R. Balan, P. Casazza, and D. Edidin, On signal reconstruction without phase, Appl. Comput. Harmon.
Anal. 20 (2006), no. 3, 345 —356.

A. Belloni, V. Chernozhukov, and L. Wang, Square-root lasso: pivotal recovery of sparse signals via conic
programming, Biometrika 98 (2011), no. 4, 791-806.

T. Blumensath and M. E. Davies, Iterative hard thresholding for compressed sensing, Appl. Comput.
Harmon. Anal. 27 (2009), no. 3, 265 —274.

R. Baraniuk, M. Davenport, R. DeVore, and M. Wakin, A simple proof of the restricted isometry property
for random matrices, Constr. Approx. 28 (2008), no. 3, 253-263.

N. Bissantz, L. Diimbgen, A. Munk, and B. Stratmann, Convergence Analysis of Generalized Iteratively
Reweighted Least Squares Algorithms on Convex Function Spaces, SIAM J. Optim. 19 (2009), no. 4,
1828-1845.

A. Beck, On the Convergence of Alternating Minimization for Convex Programming with Applications
to Iteratively Reweighted Least Squares and Decomposition Schemes, SIAM J. Optim. 25 (2015), no. 1,
185-209.

, First-Order Methods in Optimization, Society for Industrial and Applied Mathematics, Philadel-
phia, PA, 2017.

D. S. Bernstein, Matrix Mathematics: Theory, Facts, and Formulas (Second Edition), Princeton University
Press, 2009.

D. P. Bertsekas, Nonlinear programming (Second edition), Athena Scientific Optimization and Compu-
tation Series, Athena Scientific, Belmont, MA, 1999.

168



[BGMNos]

[BGVV14]

[BHo9]

[BK10]
[BLo7]
[BL88]

[BLMKi2]

[BML*17]

[BNS16]

[BP16]

[BQWo9]

[BS15]

[BT74]

[BTR13]

[BTSR13]

[BTW15]

[Bulo3]

[BVo4]

[Cadss]

[Cano8]

[CBAB97]

[CCi4]

[CC18]

[CCoo]

[CCS10]

F. Barthe, O. Guédon, S. Mendelson, and A. Naor, A probabilistic approach to the geometry of the
{p-ball, Ann. Probab. 33 (2005), no. 2, 480-513.

S. Brazitikos, A. Giannopoulos, P. Valettas, and B.-H. Vritsiou, Geometry of isotropic convex bodies,
Mathematical Surveys and Monographs, vol. 196, American Mathematical Society, Providence, Rhode
Island, 2014.

T. Biihler and M. Hein, Spectral clustering based on the graph p-Laplacian, International Conference on
Machine Learning (ICML), 2009, pp. 81-88.

R. Blume-Kohout, Optimal, reliable estimation of quantum states, New J. Phys. 12 (2010), no. 4, 043034.
J. Bennett and S. Lanning, The Netflix Prize, Proceedings of KDD cup and workshop, 2007, pp. 35.

D. Bohning and B. G. Lindsay, Monotonicity of quadratic-approximation algorithms, Ann. Inst. Statist.
Math. 40 (1988), no. 4, 641-663.

S. Babacan, M. Luessi, R. Molina, and A. Katsaggelos, Sparse Bayesian methods for low-rank matrix
estimation, IEEE Trans. Signal Process. 60 (2012), no. 8, 3964-3977.

L. Brown, C. C. Mosher, C. Li, R. Olson, J. Doherty, T. C. Carey, L. Williams, J. Chang, and E. Staples,
Application of compressive seismic imaging at Lookout Field, Alaska, The Leading Edge 36 (2017), no. 8,
670-676.

S. Bhojanapalli, B. Neyshabur, and N. Srebro, Global Optimality of Local Search for Low Rank Matrix
Recovery, Advances in Neural Information Processing Systems (NIPS), 2016, pp. 3873-3881.

J. Bolte and E. Pauwels, Majorization-minimization procedures and convergence of SQP methods for
semi-algebraic and tame programs, Math. Oper. Res. 41 (2016), no. 2, 442—465.

K. Browne, S. Qiao, and Y. Wei, A Lanczos bidiagonalization algorithm for Hankel matrices, Linear
Algebra Appl. 430 (2009), no. 5, 1531-1543. Special Issue devoted to the 14th ILAS Conference.

A. Beck and S. Sabach, Weiszfeld’s Method: Old and New Results, J. Optim. Theory Appl. 164 (2015),
no. 1, 1-40.

A. E. Beaton and J. W. Tukey, The fitting of power series, meaning polynomials, illustrated on band-
spectroscopic data, Technometrics 16 (1974), no. 2, 147-185.

B. N. Bhaskar, G. Tang, and B. Recht, Atomic Norm Denoising With Applications to Line Spectral
Estimation, IEEE Trans. Signal Process. 61 (2013), no. 23, 5987-5999.

B. N. Bhaskar, G. Tang, P. Shah, and B. Recht, Compressed Sensing Off the Grid, IEEE Trans. Inf. Theory
59 (2013), no. 11, 7465-7490.

J. D. Blanchard, J. Tanner, and K. Wei, CGIHT: conjugate gradient iterative hard thresholding for
compressed sensing and matrix completion, Inf. Inference 4 (2015), no. 4, 289—327.

P. S. Bullen, Handbook of means and their inequalities, Mathematics and Its Applications, vol. 560,
Springer Science & Business Media, 2003.

S. Boyd and L. Vandenberghe, Convex Optimization, Cambridge University Press, New York, NY, USA,
2004.

J. A. Cadzow, Signal enhancement - A composite property mapping algorithm, IEEE Trans. Acoust.,
Speech, Signal Process. 36 (1988), no. 1, 49-62.

E. J. Candés, The restricted isometry property and its implications for compressed sensing, C.R. Math.
346 (2008), no. 9, 589 —592.

P. Charbonnier, L. Blanc-Feraud, G. Aubert, and M. Barlaud, Deterministic edge-preserving regulariza-
tion in computed imaging, IEEE Trans. Image Process. 6 (1997), no. 2, 298—311.

Y. Chen and Y. Chi, Robust Spectral Compressed Sensing via Structured Matrix Completion, IEEE Trans.
Inf. Theory 60 (2014), no. 10, 6576—6601.

Y. Chen and Y. Chi, Harnessing Structures in Big Data via Guaranteed Low-Rank Matrix Estimation:
Recent Theory and Fast Algorithms via Convex and Nonconvex Optimization, IEEE Signal Process. Mag.
35 (2018), no. 4, 14-31.

R. Cominetti and R. Correa, A generalized second-order derivative in nonsmooth optimization, SIAM J.
Control Optim. 28 (1990), no. 4, 789-809.

J.-F. Cai, E. J Candes, and Z. Shen, A singular value thresholding algorithm for matrix completion, SIAM
J. Optim. 20 (2010), no. 4, 1956-1982.

169



[CDK15]

[CESV13]

[CFG14]

[CHi15]

[Chao7]

[Cheis]
[CL14]

[Cla7s]
[Clago]
[CLC19]

[CLL19]

[CLMW11]

[CLS15]

[CP11]

[CRo9]

[CRPW12]

[CRTo6a]

[CRTo6b]

[CRWX18]

[CSV13]

[CTos]

[CTo6]

[CT10]

[CW15]

[CW18]

[CWBo8]

J. A. Chavez-Dominguez and D. Kutzarova, Stability of low-rank matrix recovery and its connections to
Banach space geometry, J. Math. Anal. Appl. 427 (2015), no. 1, 320-335.

E. J. Candes, Y. Eldar, T. Strohmer, and V. Voroninski, Phase Retrieval via Matrix Completion, SIAM J.
Imag. Sci. 6 (2013), no. 1, 199-225.

E. J. Candeés and C. Fernandez-Granda, Towards a Mathematical Theory of Super-resolution, Comm.
Pure Appl. Math. 67 (2014), no. 6, 906—956.

L. Condat and A. Hirabayashi, Cadzow denoising upgraded: A new projection method for the recovery
of dirac pulses from noisy linear measurements, Sampl. Theory Signal Image Process. 14 (2015), no. 1,
17-47.

R. Chartrand, Exact reconstructions of sparse signals via nonconvex minimization, IEEE Signal Process.
Lett. 14 (2007), no. 10, 707-710.

Y. Chen, Incoherence-Optimal Matrix Completion, IEEE Trans. Inf. Theory 61 (2015), no. 5, 2009-2923.

E. J. Candes and X. Li, Solving Quadratic Equations via PhaseLift When There Are About as Many
Equations as Unknowns, Found. Comput. Math. 14 (2014), no. 5, 1017-1026.

F. H. Clarke, Generalized gradients and applications, Trans. Amer. Math. Soc. 205 (1975), 247-262.
F. Clarke, Optimization and Nonsmooth Analysis, Society for Industrial and Applied Mathematics, 1990.

Y. Chi, Y. M. Lu, and Y. Chen, Nonconvex Optimization Meets Low-Rank Matrix Factorization: An
Overview, IEEE Trans. Signal Process. 67 (2019), no. 20, 5239-5269.

J. Chen, D. Liu, and X. Li, Nonconvex rectangular matrix completion via gradient descent without €5 -
regularization, arXiv preprint arXiv:1901.06116 (2019).

E. J. Candes, X. Li, Y. Ma, and J. Wright, Robust principal component analysis?, J. ACM 58 (2011), no. 3,
11:1-11:37.

E. J. Candés, X. Li, and M. Soltanolkotabi, Phase Retrieval via Wirtinger Flow: Theory and Algorithms,
IEEE Trans. Inf. Theory 61 (2015), no. 4, 1985—2007.

E. J. Candes and Y. Plan, Tight Oracle Inequalities for Low-Rank Matrix Recovery From a Minimal
Number of Noisy Random Measurements, IEEE Trans. Inf. Theory 57 (2011), no. 4, 2342-2359.

E. J. Candés and B. Recht, Exact matrix completion via convex optimization, Found. Comput. Math. 9
(2009), no. 6, 717-772.

V. Chandrasekaran, B. Recht, P. A. Parrilo, and A. S. Willsky, The Convex Geometry of Linear Inverse
Problems, Found. Comput. Math. 12 (2012), no. 6, 805-849.

E. J. Candés, J. Romberg, and T. Tao, Robust uncertainty principles: exact signal reconstruction from
highly incomplete frequency information, IEEE Trans. Inf. Theory 52 (2006), no. 2, 489-509.

E. J. Candés, J. K. Romberg, and T. Tao, Stable signal recovery from incomplete and inaccurate measure-
ments, Commun. Pure Appl. Math. 59 (2006), no. 8, 1207-1223.

J.-F. Cai, Y. Rong, Y. Wang, and Z. Xu, Data recovery on a manifold from linear samples: theory and
computation, Annals of Mathematical Sciences and Applications 3 (2018), no. 1, 337-365.

E.J. Candés, T. Strohmer, and V. Voroninski, PhaseLift: Exact and Stable Signal Recovery from Magnitude
Measurements via Convex Programming, Commun. Pure Appl. Math. 66 (2013), no. 8, 1241-1274.

E. J. Candes and T. Tao, Decoding by Linear Programming, IEEE Trans. Inf. Theory 51 (December
2005), NO. 12, 4203—4215.

E. J. Candes and T. Tao, Near-Optimal Signal Recovery From Random Projections: Universal Encoding
Strategies?, IEEE Trans. Inf. Theory 52 (2006), no. 12, 5406-5425.

E. J. Candés and T. Tao, The Power of Convex Relaxation: Near-Optimal Matrix Completion, IEEE Trans.
Inf. Theory 56 (2010), no. 5, 2053—2080.

Y. Chen and M. Wainwright, Fast low-rank estimation by projected gradient descent: General statistical
and algorithmic guarantees, arXiv preprint arXiv:1509.03025 (2015).

J.-F. Cai and K. Wei, Exploiting the structure effectively and efficiently in low-rank matrix recovery,
Processing, Analyzing and Learning of Images, Shapes, and Forms 19 (2018), 21 pp.

E. J. Candés, M. B. Wakin, and S. P. Boyd, Enhancing sparsity by reweighted ¢1-minimization, The
Journal of Fourier Analysis and Applications 14 (2008), 877-905.

170



[CWW18]

[CWW19]

[CYo8]

[Dau88]

[Daug2]

[Daxi0]

[DB13]

[DDFG10]

[DGM13]

[DGTo9]

[DKi15]

[DIPG12]

[DLR18]

[DM87]

[Donos]

[Dono6]
[Don18]

[dPos5]

[DPWog9]

[DR16]

[DSST18]

[DSTo9]

[DTo9]

[DVBo7]

[EACR"16]

J.-F. Cai, T. Wang, and K. Wei, Spectral compressed sensing via projected gradient descent, SIAM J. Optim
28 (2018), no. 3, 2625—-2653.

, Fast and provable algorithms for spectrally sparse signal reconstruction via low-rank hankel
matrix completion, Appl. Comput. Harmon. Anal. 46 (2019), no. 1, 94-121.

R. Chartrand and W. T. Yin, Iteratively reweighted algorithms for compressive sensing, IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP), 2008, pp. 3869—3872.

I. Daubechies, Orthonormal bases of compactly supported wavelets, Commun. Pure Appl. Math. 41
(1988), no. 7, 909-996.

L. Daubechies, Ten Lectures on Wavelets, Society for Industrial and Applied Mathematics, 1992.

A. Dax, On extremum properties of orthogonal quotients matrices, Linear Algebra Appl. 432 (2010),
no. 5, 1234-1257.

M. F. Duarte and R. G. Baraniuk, Spectral compressive sensing, Appl. Comput. Harmon. Anal. 35 (2013),
no. 1, 111-129.

I. Daubechies, R. DeVore, M. Fornasier, and C. S. Giintiirk, Iteratively reweighted least squares mini-
mization for sparse recovery, Commun. Pure Appl. Math. 63 (2010), 1-38.

D. L. Donoho, M. Gavish, and A. Montanari, The phase transition of matrix recovery from Gaussian
measurements matches the minimax MSE of matrix denoising, Proc. Nat. Acad. Sci. U.S.A. 110 (2013),
no. 21, 8405-8410.

N. Dafnis, A. Giannopoulos, and A. Tsolomitis, Asymptotic shape of a random polytope in a convex body,
J. Funct. Anal. 257 (2009), no. 9, 2820 —2839.

D. Drusvyatskiy and C. Kempton, Variational analysis of spectral functions simplified, arXiv preprint
arXiv:1506.05170 (2015).

V. De la Pefia and E. Giné, Decoupling. From dependence to independence. Randomly stopped processes,
U-statistics and processes, martingales and beyond, Springer Science & Business Media, 2012.

S. Dirksen, G. Lecué, and H. Rauhut, On the gap between restricted isometry properties and sparse
recovery conditions, IEEE Trans. Inf. Theory 64 (2018), no. 8, 5478-5487.

G. R. Ducharme and P. Milasevic, Spatial median and directional data, Biometrika 74 (1987), no. 1,
212-215.

D. L. Donoho, Neighborly polytopes and sparse solutions of underdetermined linear equations, preprint,
Stanford Univ., 200s5.

D. L. Donoho, Compressed sensing, IEEE Trans. Inf. Theory 52 (2006), no. 4, 1289 -1306.

D. Donoho, Blackboard to bedside: How high-dimensional geometry is transforming the MRI industry,
Notices of the AMS 65 (2018), no. 1.

G. de Prony, Essai experimental et analytique: sur les lois de la dilatabilité des fluids elastiques et sur
celles la force expansive de la vapeur de Ueau et de la vapeur de Ualkool, a différents temperatures, Journal
de I’Ecole Polytechnique 1 (1795), no. 22, 24-76.

R. DeVore, G. Petrova, and P. Wojtaszczyk, Instance-optimality in probability with an €1-minimization
decoder, Appl. Comput. Harmon. Anal. 27 (2009), no. 3, 275 —288.

M. A. Davenport and J. Romberg, An Overview of Low-Rank Matrix Recovery From Incomplete Observa-
tions, IEEE J. Sel. Topics Signal Process. 10 (2016), 608-622.

C. Ding, D. Sun, J. Sun, and K.-C. Toh, Spectral operators of matrices, Math. Program. 168 (2018), no. 1,
509-531.

D. Donoho, V. Stodden, and Y. Tsaig, Reproducible research in computational harmonic analysis, Com-
puting in Science Engineering 11 (2009), no. 1, 8 —18.

D. Donoho and J. Tanner, Counting faces of randomly projected polytopes when the projection radically
lowers dimension, J. Amer. Math. Soc 22 (2009), no. 1, 1-53.

P. L. Dragotti, M. Vetterli, and T. Blu, Sampling moments and reconstructing signals of finite rate of
innovation: Shannon meets strang—fix, IEEE Trans. Signal Process. 55 (2007), no. 5, 1741-1757.

A. El Alaoui, X. Cheng, A. Ramdas, M. J. Wainwright, and M. L. Jordan, Asymptotic behavior of {-
based Laplacian regularization in semi-supervised learning, Conference on Learning Theory (COLT),
2016, pp. 879—906.

171



[Eld1s]

[EM14]

[ENP12]

[EY36]

[Facgs]

[Fani6]

[Fazoz2]

[FD87]

[FGM17]

[FHBo3]

[FHBo4]

[Fie82]
[FL17]

[Foui4]

[Fou18]

[FPRW16]

[FPST13]

[FR13]

[Fri81]
[FRW11]

[Funo6]

[FWHS16]

[FWS*16]

[GB14]

[GBC16]
[GGKoo]

Y. C. Eldar, Sampling theory: Beyond bandlimited systems, 1st ed., Cambridge University Press, New
York, NY, USA, 2015.

Y. C. Eldar and S. Mendelson, Phase retrieval: Stability and recovery guarantees, Appl. Comput. Harmon.
Anal. 36 (2014), no. 3, 473 —494.

Y. C. Eldar, D. Needell, and Y. Plan, Uniqueness conditions for low-rank matrix recovery, Appl. Comput.
Harmon. Anal. 33 (2012), no. 2, 309-314.

C. Eckart and G. Young, The approximation of one matrix by another of lower rank, Psychometrika 1
(1936), no. 3, 211-218.

F. Facchinei, Minimization of SC1 functions and the Maratos effect, Operations Research Letters 17
(1995), no. 3, 131 -137.

A. Fannjiang, Compressive spectral estimation with single-snapshot esprit: Stability and resolution, arXiv
preprint arXiv:1607.01827 abs/1607.01827 (2016).

M. Fazel, Matrix rank minimization with applications, Ph.D. Thesis, Electrical Engineering Department,
Stanford University, 2002.

C. Fienup and J. Dainty, Phase retrieval and image reconstruction for astronomy, Image recovery: theory
and application, 1987, pp. 231-275.

R. M Freund, P. Grigas, and R. Mazumder, An Extended Frank-Wolfe Method with “In-Face” Directions,
and Its Application to Low-Rank Matrix Completion, SIAM J. Optim. 27 (2017), no. 1, 319—346.

M. Fazel, H. Hindi, and S. P. Boyd, Log-det heuristic for matrix rank minimization with applications
to Hankel and Euclidean distance matrices, Proceedings of the American Control Conference, 2003,
pp. 2156—2162.

M. Fazel, H. Hindi, and S. Boyd, Rank minimization and applications in system theory, Proceedings of
the american control conference, 2004, pp. 3273-3278.

J. R. Fienup, Phase retrieval algorithms: a comparison, Appl. Opt. 21 (1982), no. 15, 2758-2769.

S. Foucart and G. Lecué, An IHT Algorithm for Sparse Recovery From Subexponential Measurements,
IEEE Signal Process. Lett. 24 (2017), no. 9, 1280-1283.

S. Foucart, Stability and robustness of £ 1-minimizations with weibull matrices and redundant dictionaries,
Linear Algebra Appl. 441 (2014), 4-21. special issue on Sparse Approximate Solution of Linear Systems.

S. Foucart, Concave Mirsky Inequality and Low-Rank Recovery, SIAM J. Matrix Anal. Appl. 39 (2018),
1no. 1, 99-103.

M. Fornasier, S. Peter, H. Rauhut, and S. Worm, Conjugate gradient acceleration of iteratively re-weighted
least squares methods, Comput. Optim. Appl. 65 (2016), no. 1, 205-259.

M. Fazel, T. Pong, D. Sun, and P. Tseng, Hankel Matrix Rank Minimization with Applications to System
Identification and Realization, SIAM J. Matrix Anal. Appl. 34 (2013), no. 3, 946-977.

S. Foucart and H. Rauhut, A Mathematical Introduction to Compressive Sensing, Applied and Numerical
Harmonic Analysis, Springer New York, 2013.

S. Friedland, Convex spectral functions, Linear and Multilinear Algebra 9 (1981), no. 4, 299-316.

M. Fornasier, H. Rauhut, and R. Ward, Low-rank matrix recovery via iteratively reweighted least squares
minimization, SIAM J. Optim. 21 (2011), no. 4, 1614-1640.

S. Funk, Netflix update: Try this at home, 2006. Blog entry, available at http://sifter.org/~simon/
journal/20061211.htmL.

C. Forman, J. Wetzl, C. Hayes, and M. Schmidt, Compressed Sensing: a Paradigm Shift in MRI, MAG-
NETOM Flash (2016), 19.

J. Fang, F. Wang, Y. Shen, H. Li, and R. S. Blum, Super-Resolution Compressed Sensing for Line Spectral
Estimation: An Iterative Reweighted Approach, IEEE Trans. Signal Process. 64 (2016), no. 18, 4649—
4662.

M. Grant and S. Boyd, CVX: Matlab software for disciplined convex programming, version 2.1, 2014.
L. Goodfellow, Y. Bengio, and A. Courville, Deep learning, MIT press, 2016.

I. Gohberg, S. Goldberg, and N. Krupnik, Traces and determinants of linear operators, Operator Theory:
Advances and Applications, vol. 116, Springer, Basel, 2000.

172


http://sifter.org/~simon/journal/20061211.html
http://sifter.org/~simon/journal/20061211.html

[GKKis]
[GKK*19]
[GLF*10]

[GLM16]

[GLT19]

[Glu89]

[GNOT92]
[GNZo1]
[Griio3]
[GRo2]
[GRo7]
[Gro11]
[GS72]
[GSC13]
[GXM*17]
[GYo9s]
[GZ13]
[GZZF14]
[Hal13]

[HBFR14]

[HBI73]
[Her1io]
[HHoo]
[HIB*18]

[HJ12]
[HJ91]

D. Gross, F. Krahmer, and R. Kueng, A Partial Derandomization of PhaseLift Using Spherical Designs, J.
Fourier Anal. Appl. 21 (2015), no. 2, 229—266.

O. Guédon, F. Krahmer, C. Kiimmerle, S. Mendelson, and H. Rauhut, On the geometry of polytopes
generated by heavy-tailed random vectors, arXiv preprint arXiv:1907.07258 (2019).

D. Gross, Y.-K. Liu, S. T. Flammia, S. Becker, and J. Eisert, Quantum state tomography via compressed
sensing, Phys. Rev. Lett. 105 (2010), 150401.

R. Ge, J. D. Lee, and T. Ma, Matrix Completion has No Spurious Local Minimum, Advances in Neural
Information Processing Systems (NIPS), 2016, pp. 2973—2981.

O Guédon, A. Litvak, and K Tatarko, Random polytopes obtained by matrices with heavy-tailed entries,
Communications in Contemporary Mathematics (2019), 1950027.

E. D. Gluskin, Extremal Properties of Orthogonal Parallelepipeds and Their Applications to the Geometry
of Banach Spaces, Sb. Math. 64 (1989), no. 1, 85.

D. Goldberg, D. Nichols, B. M. Oki, and D. Terry, Using Collaborative Filtering to Weave an Information
Tapestry, Commun. ACM 35 (1992), no. 12, 61—70.

N. Golyandina, V. Nekrutkin, and A. A. Zhigljavsky, Analysis of time series structure: SSA and related
techniques, Chapman and Hall/CRC, 2001.

B. Griinbaum, Convex polytopes, 2nd ed. (P. McMullen, G. C. Shephard, J. E. Reeve, and A. Ball, eds.),
Springer New York, 2003.

D. Geman and G. Reynolds, Constrained Restoration and the Recovery of Discontinuities, IEEE Trans.
Pattern Anal. Mach. Intell. 14 (1992), no. 03, 367-383.

I. F. Gorodnitsky and B. D. Rao, Sparse signal reconstruction from limited data using FOCUSS: A
re-weighted minimum norm algorithm, IEEE Trans. Signal Process. (1997), 600-616.

D. Gross, Recovering Low-Rank Matrices From Few Coefficients in Any Basis, IEEE Trans. Inf. Theory 57
(2011), no. 3, 1548-1566.

R. W. Gerchberg and W. O. Saxton, A practical algorithm for the determination of the phase from image
and diffraction plane pictures, Optik (Jena) 35 (1972), 227-246.

J. Gao, M. D. Sacchi, and X. Chen, A fast reduced-rank interpolation method for prestack seismic volumes
that depend on four spatial dimensions, Geophysics 78 (2013), no. 1, V21-V3o0.

S. Gu, Q. Xie, D. Meng, W. Zuo, X. Feng, and L. Zhang, Weighted nuclear norm minimization and its
applications to low level vision, International journal of computer vision 121 (2017), no. 2, 183—208.

D. Geman and C. Yang, Nonlinear image recovery with half-quadratic regularization, IEEE Trans. Image
Process. 4 (1995), no. 7, 932—946.

N. Golyandina and A. Zhigljavsky, Singular spectrum analysis for time series, Springer Science &
Business Media, 2013.

S. Gu, L. Zhang, W. Zuo, and X. Feng, Weighted Nuclear Norm Minimization with Application to Image
Denoising, IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2014, pp. 2862—-2869.

J. P. Haldar, Low-rank modeling of local k-space neighborhoods (LORAKS) for constrained MRI, IEEE
Trans. Med. Imag. 33 (2013), no. 3, 668—681.

T. L. Hansen, M. A. Badiu, B. H. Fleury, and B. D. Rao, A sparse Bayesian learning algorithm with
dictionary parameter estimation, IEEE 8th Sensor Array and Multichannel Signal Processing Workshop
(SAM), 2014, pp. 385-388.

J. B. Hawkins and A. Ben-Israel, On generalized matrix functions, Linear and Multilinear Algebra 1
(1973), no. 2, 163-171.

F. J. Herrmann, Randomized sampling and sparsity: Getting more information from fewer samples,
Geophysics 75 (2010), no. 6, WB173-WB187.

J. P. Haldar and D. Hernando, Rank-Constrained Solutions to Linear Matrix Equations Using PowerFac-
torization, IEEE Signal Process. Lett. 16 (2009), no. 7, 584-587.

P. Henderson, R. Islam, P. Bachman, J. Pineau, D. Precup, and D. Meger, Deep reinforcement learning
that matters, Thirty-Second AAAI Conference on Artificial Intelligence, 2018.

R. A. Horn and C. R. Johnson, Matrix analysis, 2nd ed., Cambridge University Press, 2012.

R. Horn and C. Johnson, Topics in matrix analysis, 1st Edition, Cambridge University Press, 1991.

173



[HLSJ18]

[HMT11]

[HR17]

[HS52]

[HS90]

[HT10]

[HU77]

[Huag2]

[HUSN84]

[HV18]

[HW77]

[TUM14]

[TVW17]

[JLY16]

[JMD1o]

[JNS13]

[JOH13]

[JY15]

[JYLM16]

[KAR83]

[Kas83]

[KBVo9]

[KC14]

[KKM™*16]

[KKR18]

C. Herrmann, Y. Lu, C. Scheunert, and P. Jung, Improving robustness for anisotropic sparse recovery
using matrix extensions, Wsa 2018; 22nd international itg workshop on smart antennas, 2018, pp. 1-7.

N. Halko, P.-G. Martinsson, and J. A. Tropp, Finding Structure with Randomness: Probabilistic Algorithms
for Constructing Approximate Matrix Decompositions, SIAM Rev. 53 (2011), no. 2, 217-288.

I. Haviv and O. Regev, The Restricted Isometry Property of Subsampled Fourier Matrices, Geometric
Aspects of Functional Analysis: Israel Seminar (GAFA) 2014—2016, 2017, pp. 163-179.

M. R. Hestenes and E. Stiefel, Methods of conjugate gradients for solving linear systems, Vol. 49, NBS
Washington, DC, 1952.

Y. Hua and T. K. Sarkar, Matrix pencil method for estimating parameters of exponentially
damped/undamped sinusoids in noise, IEEE Trans. Signal Process. 38 (1990), no. 5, 814-824.

M. Hardt and K. Talwar, On the geometry of differential privacy, Proceedings of the forty-second ACM
symposium on Theory of computing, 2010, pp. 705-714.

J.-B. Hiriart-Urruty, Contributions a la programmation mathématique: cas déterministe et stochastique,
Ph.D. Thesis, Universiteé de Clermont-Ferrand II, 1977.

Y. Hua, Estimating two-dimensional frequencies by matrix enhancement and matrix pencil, IEEE Trans.
Signal Process. 40 (1992), no. 9, 2267 —2280.

J.-B. Hiriart-Urruty, J.-J. Strodiot, and V. H. Nguyen, Generalized Hessian matrix and second-order
optimality conditions for problems with C*! data, Appl. Math. Optim. 11 (1984), no. 1, 43-56.

B. B. Haro and M. Vetterli, Sampling continuous-time sparse signals: A frequency-domain perspective,
IEEE Trans. Signal Process. 63 (2018), no. 2, 777-801.

P. W. Holland and R. E. Welsch, Robust regression using iteratively reweighted least-squares, Communi-
cations in Statistics - Theory and Methods 6 (1977), no. 9, 813-827.

M. Ishteva, K. Usevich, and I. Markovsky, Factorization approach to structured low-rank approximation
with applications, SIAM J. Matrix Anal. Appl. 35 (2014), no. 3, 1180-1204.

M. Iwen, A. Viswanathan, and Y. Wang, Robust sparse phase retrieval made easy, Appl. Comput. Harmon.
Anal. 42 (2017), no. 1, 135-142.

K. H. Jin, D. Lee, and J. C. Ye, A general framework for compressed sensing and parallel MRI using
annihilating filter based low-rank Hankel matrix, IEEE Trans. Comput. Imag. 2 (2016), no. 4, 480—495.

P. Jain, R. Meka, and 1. S. Dhillon, Guaranteed Rank Minimization via Singular Value Projection,
Advances in Neural Information Processing Systems (NIPS), 2010, pp. 937-945.

P. Jain, P. Netrapalli, and S. Sanghavi, Low-rank Matrix Completion Using Alternating Minimization,
Proc. ACM Symp. Theory Comput. (STOC), June 2013, pp. 665-674.

K. Jaganathan, S. Oymak, and B. Hassibi, Sparse phase retrieval: Convex algorithms and limitations,
IEEE International Symposium on Information Theory, 2013, pp. 1022-1026.

K. H. Jin and J. C. Ye, Annihilating Filter-Based Low-Rank Hankel Matrix Approach for Image Inpainting,
IEEE Trans. Image Process. 24 (2015), no. 11, 3498-3511.

Y. Jia, S. Yu, L. Liu, and J. Ma, A fast rank-reduction algorithm for three-dimensional seismic data
interpolation, Journal of Applied Geophysics 132 (2016), 137 —145.

S.-Y. Kung, K. S. Arun, and D. V. B. Rao, State-space and singular-value decomposition-based approxi-
mation methods for the harmonic retrieval problem, J. Opt. Soc. Am. 73 (1983), no. 12, 1799 —1811.

B. S. Kashin, On properties of random sections of an n-dimensional cube, Vestnik Moskov. Univ. Ser. I
Mat. Mekh. 3 (1983), 8-11. English transl. in Moscow Univ. Math. Bull. 38 (1983).

Y. Koren, R. Bell, and C. Volinsky, Matrix Factorization Techniques for Recommender Systems, Computer
42 (2009), no. 8, 30-37.

A. Kyrillidis and V. Cevher, Matrix recipes for hard thresholding methods, J. Math. Imaging Vision 48
(2014), no. 2, 235-265. [using Matrix ALPS II ("Matrix ALgrebraic PursuitS II’) algorithm, code from
http://akyrillidis.github.io/projects/].

Y. Kabashima, F. Krzakala, M. Mézard, A. Sakata, and L. Zdeborovéa, Phase Transitions and Sample
Complexity in Bayes-Optimal Matrix Factorization, IEEE Trans. Inf. Theory 62 (2016), no. 7, 4228—4265.

F. Krahmer, C. Kimmerle, and H. Rauhut, A quotient property for matrices with heavy-tailed entries
and its application to noise-blind compressed sensing, arXiv e-prints arXiv:1806.04261 (2018).

174


http://akyrillidis.github.io/projects/

[KKRT16]

[KMi5]

[KMO10]

[KMR14]

[Kol11]

[Korog]

[Kor1io]

[KS17]

[KS18]

[KS99]

[KSH12]

[KT88]

[KV18]

[KVig]

[KWg2]

[KYo3]

[Low3z4]
[Lani6]

[Law61]

[LBH15]
[LDSPo8]

[Lee13]
[Lewos]

[Lewg6]
[LHV13]

[Lig3]

M. Kabanava, R. Kueng, H. Rauhut, and U. Terstiege, Stable low-rank matrix recovery via null space
properties, Inf. Inference 5 (2016), no. 4, 405-441.

V. Koltchinskii and S. Mendelson, Bounding the smallest singular value of a random matrix without
concentration, Int. Math. Res. Notices 2015 (2015), no. 23, 12991-13008.

R. H. Keshavan, A. Montanari, and S. Oh, Matrix Completion From a Few Entries, IEEE Trans. Inf.
Theory 56 (2010), no. 6, 2980-2998.

F. Krahmer, S. Mendelson, and H. Rauhut, Suprema of chaos processes and the restricted isometry
property, Commun. Pure Appl. Math. 67 (2014), no. 11, 1877-1904.

V. Koltchinskii, Oracle Inequalities in Empirical Risk Minimization and Sparse Recovery Problems: Ecole
d’Eté de Probabilités de Saint-Flour XXXVIII-2008, Springer, Heidelberg, 2011.

Y. Koren, The BellKor Solution to the Netflix Grand Prize, Netflix prize documentation 81 (2009),
no. 2009, 1-10.

A. Korobeynikov, Computation-and space-efficient implementation of SSA, Statistics and Its Interface 3
(2010), no. 3, 357-368.

C. Kiimmerle and J. Sigl, Harmonic Mean Iteratively Reweighted Least Squares for low-rank matrix
recovery, 12th International Conference on Sampling Theory and Applications (SampTA), Tallinn,
Estonia, 2017, pp. 489-493.

, Harmonic Mean Iteratively Reweighted Least Squares for Low-Rank Matrix Recovery, Journal of
Machine Learning Research 19 (2018), no. 47, 1-49.

T. Kailath and A. Sayed, Fast reliable algorithms for matrices with structure (T. Kailath and A. H.
Sayed, eds.), Society for Industrial and Applied Mathematics, 1999.

A. Krizhevsky, I. Sutskever, and G. E Hinton, Imagenet classification with deep convolutional neural
networks, Advances in neural information processing systems (nips), 2012, pp. 1097-1105.

D. Klatte and K. Tammek, On second-order sufficient optimality conditions for C1-1-optimization prob-
lems, Optimization 19 (1988), no. 2, 169-179.

C. Kiimmerle and C. M. Verdun, Denoising and completion of structured low-rank matrices via iteratively
reweighted least squares, International Traveling Workshop on Interactions between Low-Complexity
Data Models and Sensing Techniques (iTWIST), Marseille, France, 2018.

C. Kiimmerle and C. M. Verdun, Completion of structured low-rank matrices via iteratively reweighted
least squares, 13th International Conference on Sampling Theory and Applications (SampTA), Bor-
deaux, France, 2019, pp. 1-4.

S. Kwapien and W. A. Woyczynski, Random series and stochastic integrals: single and multiple, Proba-
bility and its Applications, Birkh&user Boston, Inc., Boston, MA, 1992. MR1167198

H. Kushner and G G. Yin, Stochastic approximation and recursive algorithms and applications, Vol. 35,
Springer Science & Business Media, 2003.

K. Lowner, Uber monotone Matrixfunktionen, Mathematische Zeitschrift 38 (1934Dec), no. 1, 177-216.

K. Lange, MM Optimization Algorithms, Society for Industrial and Applied Mathematics, Philadelphia,
PA, 2016.

C. L. Lawson, Contributions to the theory of linear least maximum approximation, Ph. D. Thesis, Univ.
of Calif., Los Angeles, 1961.

Y. LeCun, Y. Bengio, and G. Hinton, Deep learning, Nature 521 (2015), no. 7553, 436.

M. Lustig, D. L. Donoho, J. M. Santos, and J. M. Pauly, Compressed Sensing MRI, IEEE Signal Processing
Magazine 25 (2008), no. 2, 72-82.

J. M. Lee, Introduction to Smooth Manifolds, 2nd ed., Springer, 2013.

A. S. Lewis, The Convex Analysis of Unitarily Invariant Matrix Functions, J. Convex Anal. 2 (1995),
no. 1—2, 173-183.

, Convex Analysis on the Hermitian Matrices, SIAM J. Optim. 6 (1996), no. 1, 164-177.

Z. Liu, A. Hansson, and L. Vandenberghe, Nuclear norm system identification with missing inputs and
outputs, Systems Control Lett. 62 (2013), no. 8, 605-612.

Y. Li, A Globdlly Convergent Method for £, Problems, SIAM J. Optim. 3 (1993), no. 3, 609-629.

175



[LJK"16]

[LLJY18]

[LLSW19]

[Log6s]
[LPRTJos]

[LSo1]

[LSo2]

[LSosal

[LSosb]

[LTYL1s]

[ILV1o0]

[LXQ15]

[LXY13]

[LZ97]

[Mari9]

[MBS14]

[MCWos]

[Menis]
[Meni9g]
[MF10a]
[MF10b]

[MF12]

[MHT10]

[Milgo]
[Mir60]

[MJKM17]

D. Lee, K. H. Jin, E. Y. Kim, S.-H. Park, and J. C. Ye, Acceleration of MR parameter mapping using
annihilating filter-based low rank hankel matrix (ALOHA), Magnetic resonance in medicine 76 (2016),
no. 6, 1848-1864.

K. Lee, Y. Li, K. H. Jin, and J. C. Ye, Unified Theory for Recovery of Sparse Signals in a General Transform
Domain, IEEE Trans. Inf. Theory 64 (2018), no. 8, 5457-5477.

X. Li, S. Ling, T. Strohmer, and K. Wei, Rapid, robust, and reliable blind deconvolution via nonconvex
optimization, Appl. Comput. Harmon. Anal. 47 (2019), no. 3, 893-934.

B. F. Logan, Properties of high-pass signals, Ph.D. Thesis, Columbia University, 1965.

A. E. Litvak, A. Pajor, M. Rudelson, and N. Tomczak-Jaegermann, Smallest singular value of random
matrices and geometry of random polytopes, Adv. Math. 195 (2005), no. 2, 491 —523.

A. S. Lewis and H. S. Sendov, Twice Differentiable Spectral Functions, SIAM J. Matrix Anal. Appl. 23
(2001), no. 2, 368-386.

A. S. Lewis and H. S. Sendov, Quadratic expansions of spectral functions, Linear Algebra Appl. 340
(2002), no. 1, 97 —121.

, Nonsmooth Analysis of Singular Values. Part I: Theory, Set-Valued Analysis 13 (2005), no. 3,
213-241.

, Nonsmooth Analysis of Singular Values. Part II: Applications, Set-Valued Analysis 13 (2005),
no. 3, 243—264.

C. Ly, J. Tang, S. Yan, and Z. Lin, Nonconvex nonsmooth low rank minimization via iteratively reweighted
nuclear norm, IEEE Trans. Image Process. 25 (2015), no. 2, 8290-839.

Z. Liu and L. Vandenberghe, Interior-point method for nuclear norm approximation with application to
system identification, SIAM J. Matrix Anal. Appl. 31 (2010), no. 3, 1235-1256.

L. Lu, W. Xu, and S. Qiao, A fast SVD for multilevel block Hankel matrices with minimal memory storage,
Numer. Algor. 69 (2015), no. 4, 875-891.

M. Lai, Y. Xu, and W. Yin, Improved iteratively reweighted least squares for unconstrained smoothed {4
minimigation, SIAM J. Numer. Anal (2013), 2013.

E. Lutwak and G. Zhang, Blaschke-santalé inequalities, Journal of Differential Geometry 47 (1997),
no. 1, 1-16.

1. Markovsky, Structured low-rank approximation: Algorithms, implementation, applications, 2nd ed.,
Springer International Publishing, 2019.

M. Malek-Mohammadi, M. Babaie-Zadeh, and M. Skoglund, Iterative Concave Rank Approximation for
Recovering Low-Rank Matrices, IEEE Trans. Signal Process. 62 (2014), no. 20, 5213-5226.

D. Malioutov, M. Cetin, and A. S. Willsky, A sparse signal reconstruction perspective for source localization
with sensor arrays, IEEE Trans. Signal Process. 53 (2005), no. 8, 3010-3022.

S. Mendelson, Learning without concentration, J. ACM 62 (2015), no. 3, 21:1-21:25.

, On the geometry of random polytopes, arXiv preprint arXiv:1902.01664 (2019).

K. Mohan and M. Fazel, Iterative reweighted least squares for matrix rank minimization, 2010 48th
annual allerton conference on communication, control, and computing (allerton), 2010Sep., pp. 653—
661.

K. Mohan and M. Fazel, Reweighted nuclear norm minimization with application to system identification,
Proceedings of the American Control Conference, 2010, pp. 2953—-2959.

, Iterative reweighted algorithms for matrix rank minimization, J. Mach. Learn. Res. 13 (2012),
Nno. 1, 3441-3473.

R. Mazumder, T. Hastie, and R. Tibshirani, Spectral regularization algorithms for learning large incom-
plete matrices, Journal of Machine Learning Research 11 (2010), no. Aug, 2287-2322.

R. P. Millane, Phase retrieval in crystallography and optics, J. Opt. Soc. Am. A 7 (1990), no. 3, 394—411.

L. Mirsky, Symmetric Gauge Functions And Unitarily Invariant Norms, The Quarterly Journal of Math-
ematics 11 (1960), no. 1, 50-59.

M. Mani, M. Jacob, D. Kelley, and V. Magnotta, Multi-shot sensitivity-encoded diffusion data recovery
using structured low-rank matrix completion (MUSSELS), Magnetic resonance in medicine 78 (2017),
no. 2, 494-507.

176



[ML17]

[MLJ*17]

[MMai5]

[MMBS13]

[Moog4]

[MPTJo8]

[MS18]

[MS74]

[MU13]

[MVos]

[MWCC19]

[Natgs]

[NNos]

[Nof17]

[NTo9]

[NWo6]
[Nyq83]

[ODBP15]

[OJ16]

[0J17]

[OMFH11]

[OS11]

[Osb8s]

[PABN16]

[Pano1]

S. Mendelson and G. Lecué, Sparse recovery under weak moment assumptions, J. Eur. Math. Soc. 19
(2017), no. 3, 881-904.

C. C. Mosher, C. Li, F. D. Janiszewski, L. S. Williams, T. C. Carey, and Y. Ji, Operational deployment of
compressive sensing systems for seismic data acquisition, The Leading Edge 36 (2017), no. 8, 661-669.

C. Musco and C. Musco, Randomized Block Krylov Methods for Stronger and Faster Approximate Singular
Value Decomposition, Advances in Neural Information Processing Systems (NIPS), 2015, pp. 1396-1404.

B. Mishra, G. Meyer, F. Bach, and R. Sepulchre, Low-Rank Optimization with Trace Norm Penalty,
SIAM J. Optim. 23 (2013), NO. 4, 2124—2149.

B. D. Moor, Total least squares for affinely structured matrices and the noisy realization problem, IEEE
Trans. Signal Proc. 42 (1994), 3104—3113.

S. Mendelson, A. Pajor, and N. Tomczak-Jaegermann, Uniform uncertainty principle for bernoulli and
subgaussian ensembles, Constructive Approximation 28 (2008), no. 3, 277-289.

M. Mousavi and H. S. Sendov, A Unified Approach to Spectral and Isotropic Functions, SIAM J. Matrix
Anal. Appl. 39 (2018), no. 2, 632-663.

G. Merle and H. Spéath, Computational experiences with discrete [p-approximation, Computing 12 (1974),
no. 4, 315-321.

I. Markovsky and K. Usevich, Structured low-rank approximation with missing data, SIAM J. Matrix
Anal. Appl. 34 (2013), no. 2, 814-830.

I. Maravi¢ and M. Vetterli, Sampling and reconstruction of signals with finite rate of innovation in the
presence of noise, IEEE Trans. Signal Process. 53 (2005), no. 8, 2788—2805.

C. Ma, K. Wang, Y. Chi, and Y. Chen, Implicit regularization in nonconvex statistical estimation: Gradient
descent converges linearly for phase retrieval, matrix completion, and blind deconvolution, Foundations
of Computational Mathematics (2019).

B. K. Natarajan, Sparse approximate solutions to linear systems, SIAM J. Comput. 24 (1995), no. 2,
227-234.

M. Nikolova and M. K. Ng, Analysis of half-quadratic minimization methods for signal and image
recovery, SIAM J. Sci. Comput. 27 (2005), no. 3, 937-966.

V. Noferini, A Formula for the Fréchet Derivative of a Generalized Matrix Function, SIAM J. Matrix Anal.
Appl. 38 (2017), no. 2, 434-457.

D. Needell and J. A. Tropp, CoSaMP: Iterative signal recovery from incomplete and inaccurate samples,
Appl. Comput. Harmon. Anal. 26 (2009), no. 3, 301 —321.

J. Nocedal and S. Wright, Numerical optimization, Springer Science & Business Media, 2006.

H. Nyquist, The optimal Ip norm estimator in linear regression models, Communications in Statistics -
Theory and Methods 12 (1983), no. 21, 2511-2524.

P. Ochs, A. Dosovitskiy, T. Brox, and T. Pock, On Iteratively Reweighted Algorithms for Nonsmooth
Nonconvex Optimization in Computer Vision, SIAM J. Imaging Sci. 8 (2015), no. 1, 331-372.

G. Ongie and M. Jacob, Off-the-grid recovery of piecewise constant images from few fourier samples,
SIAM J. Imaging Sci. 9 (2016), no. 3, 1004-1041.

G. Ongie and M. Jacob, A Fast Algorithm for Convolutional Structured Low-Rank Matrix Recovery, IEEE
Trans. Comput. Imag. 3 (2017), no. 4, 535 —550.

S. Oymak, K. Mohan, M. Fazel, and B. Hassibi, A simplified approach to recovery conditions for low
rank matrices, Proceedings of the IEEE International Symposium on Information Theory (ISIT), 2011,
pp. 2318-2322.

V. E. Oropeza and M. D. Sacchi, Simultaneous seismic data de-noising and reconstruction via multichan-
nel singular spectrum analysis, Geophysics 76 (2011), no. 3, V25-V32.

M. R. Osborne, Finite algorithms in optimization and data analysis, John Wiley & Sons, Inc., New York,
NY, USA, 1985.

D. L. Pimentel-Alarcén, N. Boston, and R. D. Nowak, A Characterization of Deterministic Sampling
Patterns for Low-Rank Matrix Completion, 2016. arXiv preprint arXiv:1503.02596v3 [stat.ML].

V. Y. Pan, Structured Matrices and Polynomials: Unified Superfast Algorithms, Springer-Verlag, Berlin,
Heidelberg, 2001.

177



[Paoo6]

[PEPC10]

[PKCS18]

[PMR19]

[PP13]

[PRKo93]

[PRT13]

[PSCi4a]

[PSC14b]

[PT10]

[PT13]

[PT1s5]

[PTV16]

[Qig4]

[QSS10]

[QYos]

[Reci1]

[RFP10]

[RK89]

[RK99]

[RM51]

[ROF92]

[Romog]

[RR13]

[RRT12]

G. Paouris, Concentration of mass on convex bodies, Geometric & Functional Analysis GAFA 16 (2006),
no. 5, 1021-1049.

L. C. Potter, E. Ertin, J. T. Parker, and M. Cetin, Sparsity and Compressed Sensing in Radar Imaging,
Proc. IEEE 98 (2010), no. 6, 1006-1020.

D. Park, A. Kyrillidis, C. Caramanis, and S. Sanghavi, Finding Low-Rank Solutions via Nonconvex Matrix
Factorization, Efficiently and Provably, SIAM J. Imaging Sci. 11 (2018), no. 4, 2165—2204. [using BFGD ("Bi-
Factored Gradient Descent’) algorithm, code from http://akyrillidis.github.io/projects/].

S. Paternain, A. Mokhtari, and A. Ribeiro, A Newton-Based Method for Nonconvex Optimization with
Fast Evasion of Saddle Points, SIAM J. Optim. 29 (2019), no. 1, 343—368.

T. Peter and G. Plonka, A generalized Prony method for reconstruction of sparse sums of eigenfunctions
of linear operators, Inverse Problems 29 (2013), no. 2, 025001.

Y. C. Pati, R. Rezaiifar, and P. S. Krishnaprasad, Orthogonal matching pursuit: recursive function
approximation with applications to wavelet decomposition, Proceedings of 27th Asilomar Conference on
Signals, Systems and Computers, 1993, pp. 40—44.

G. E. Pfander, H. Rauhut, and J. A. Tropp, The restricted isometry property for time—frequency structured
random matrices, Probability Theory and Related Fields 156 (2013), no. 3, 707-737.

J. T. Parker, P. Schniter, and V. Cevher, Bilinear Generalized Approximate Message Passing-Part I:
Derivation, IEEE Trans. Signal Process. 62 (2014), no. 22, 5839-5853.

, Bilinear Generalized Approximate Message Passing-Part II: Applications, IEEE Trans. Signal
Process. 62 (2014), no. 22, 5854-5867.

D. Potts and M. Tasche, Parameter estimation for exponential sums by approximate Prony method, Signal
Processing 90 (2010), no. 5, 1631-1642.

, Parameter estimation for nonincreasing exponential sums by Prony-like methods, Linear Algebra
Appl. 439 (2013), no. 4, 1024-1039.

, Fast ESPRIT algorithms based on partial singular value decompositions, Appl. Numer. Math. 88
(2015), 31-4s5.

D. Potts, M. Tasche, and T. Volkmer, Efficient Spectral Estimation by MUSIC and ESPRIT with Application
to Sparse FFT, Frontiers in Applied Mathematics and Statistics 2 (2016), 1.

L. Qi, Superlinearly convergent approximate Newton methods for LC1 optimization problems, Math.
Program. 64 (1994), no. 1, 277-294.

A. Quarteroni, R. Sacco, and F. Saleri, Numerical mathematics, Vol. 37, Springer Science & Business
Media, 2010.

H. Qi and X. Yang, Semismoothness of Spectral Functions, SIAM J. Matrix Anal. Appl. 25 (2003), no. 3,
766—783.

B. Recht, A Simpler Approach to Matrix Completion, Journal of Machine Learning Research 12 (2011),
3413—-3430.

B. Recht, M. Fazel, and P. A. Parrilo, Guaranteed minimum-rank solutions of linear matrix equations
via nuclear norm minimization, SIAM Rev. 52 (2010), no. 3, 471-501.

R. Roy and T. Kailath, ESPRIT-estimation of signal parameters via rotational invariance techniques, IEEE
Trans. Acoust., Speech, Signal Process. 37 (1989), no. 7, 984-995.

B. D. Rao and K. Kreutz-Delgado, An affine scaling methodology for best basis selection, IEEE Trans.
Signal Process. 47 (1999), no. 1, 187—200.

H. Robbins and S. Monro, A stochastic approximation method, The Annals of Mathematical Statistics
(1951), 400—407.

L. L. Rudin, S. Osher, and E. Fatemi, Nonlinear total variation based noise removal algorithms, Phys. D
60 (1992), no. 1-4, 259—268.

J. Romberg, Compressive sensing by random convolution, SIAM J. Imaging Sci. 2 (2009), no. 4, 1098—
1128.

B. Recht and C. Ré, Parallel stochastic gradient algorithms for large-scale matrix completion, Math.
Program. Comput. 5 (2013), no. 2, 201-226.

H. Rauhut, J. Romberg, and J. A. Tropp, Restricted isometries for partial random circulant matrices,
Appl. Comput. Harmon. Anal. 32 (2012), no. 2, 242 —254.

178


http://akyrillidis.github.io/projects/

[RSW15]

[RU68]

[RVo8]

[RXH11]

[RYZ18]

[RZ15]

[SB12]

[SBP17]

[SCDo2]

[Sch73]

[Sch86]

[SHL10]

[Sig18]

[Sili6]

[SL16]

[SLO™14]

[SMos]

[SPos]

[SRJos]

[SSo8]

[SS16]

[SSo2]
[Steo6]

[SY10]

[SZoo]

[TBM79]

N. Rao, P. Shah, and S. Wright, Forward-backward greedy algorithms for atomic norm regularization,
IEEE Trans. Signal Process. 63 (2015), no. 21, 5798-5811.

J. R. Rice and K. H. Usow, The Lawson Algorithm and Extensions, Math. Comput. 22 (1968), no. 101,
118-127.

M. Rudelson and R. Vershynin, On sparse reconstruction from Fourier and Gaussian measurements,
Comm. Pure Appl. Math. 61 (2008), no. 8, 1025-1045.

B. Recht, W. Xu, and B. Hassibi, Null space conditions and thresholds for rank minimization, Math.
Program. 127 (2011), no. 1, 175-202.

M. C. Robini, F. Yang, and Y. Zhu, Inexact half-quadratic optimization for linear inverse problems, SIAM
J. Imaging Sci. 11 (2018), no. 2, 1078-1133.

M. C. Robini and Y. Zhu, Generic Half-Quadratic Optimization for Image Reconstruction, SIAM J. Imaging
Sci. 8 (2015), no. 3, 1752-1797.

P. Stoica and P. Babu, Spice and likes: Two hyperparameter-free methods for sparse-parameter estimation,
Signal Processing 92 (2012), no. 7, 1580-1590.

Y. Sun, P. Babu, and D. P. Palomar, Majorization-Minimization Algorithms in Signal Processing, Com-
munications, and Machine Learning, IEEE Trans. Signal Process. 65 (2017), no. 3, 794—816.

J.-L. Starck, E. J Candés, and D. L Donoho, The curvelet transform for image denoising, IEEE Trans.
Image Process. 11 (2002), no. 6, 670-684.

E. J. Schlossmacher, An iterative technique for absolute deviations curve fitting, J. Am. Stat. Assoc. 68
(1973), no. 344, 857-859.

R. O. Schmidt, Multiple Emitter Location and Signal Parameter Estimation, IEEE Trans. Antennas
Propag. 34 (1986), no. 3, 276—280.

L. Schermelleh, R. Heintzmann, and H. Leonhardt, A guide to super-resolution fluorescence microscopy,
J. Cell Biol. 190 (2010), no. 2, 165-175.

J. Sigl, Iteratively Reweighted Least Squares-Nonlinear Regression and Low-Dimensional Structure Learn-
ing for Big Data, Ph.D. Thesis, Technische Universitdt Miinchen, 2018.

D. Silver, Mastering the game of Go with deep neural networks and tree search, Nature 529 (2016),
no. 7587, 484.

R. Sun and Z. Q. Luo, Guaranteed Matrix Completion via Non-Convex Factorization, IEEE Trans. Inf.
Theory 62 (2016), no. 11, 6535-6579.

P. Shin, P. Larson, M. Ohliger, M. Elad, J. Pauly, D. Vigneron, and M. Lustig, Calibrationless parallel
imaging reconstruction based on structured low-rank matrix completion, Magnetic resonance in medicine
72 (2014), no. 4, 959-970.

P. Stoica and R. L. Moses, Spectral analysis of signals, Pearson Prentice Hall Upper Saddle River, NJ,
2005.

T. K. Sarkar and O. Pereira, Using the matrix pencil method to estimate the parameters of a sum of
complex exponentials, IEEE Antennas and Propagation Magazine 37 (1995), no. 1, 48-55.

N. Srebro, J. Rennie, and T. S. Jaakkola, Maximum-Margin Matrix Factorization, Advances in Neural
Information Processing Systems (NIPS), 2005, pp. 1329-1336.

D. Sun and J. Sun, Léwner’s Operator and Spectral Functions in Euclidean Jordan Algebras, Math. Oper.
Res. 33 (2008), no. 2, 421—445.

E. Schost and P.-J. Spaenlehauer, A quadratically convergent algorithm for structured low-rank approx-
imation, Found. Comput. Math. 16 (2016), no. 2, 457—492.

G. W. Stewart and J. Sun, Matrix Perturbation Theory, Academic Press, 1992.

M. Stewart, Perturbation of the SVD in the presence of small singular values, Linear Algebra Appl. 419
(2006), no. 1, 53-77.

R. Saab and O. Yilmaz, Sparse recovery by non-convex optimization — instance optimality, Appl. Comput.
Harmon. Anal. 29 (2010), no. 1, 30—48.

H. D. Simon and H. Zha, Low rank matrix approximation using the Lanczos bidiagonalization process
with applications, SIAM J. Sci. Comput. 21 (2000), no. 6, 2257—2274.

H. L. Taylor, S. C. Banks, and J. F. McCoy, Deconvolution with the €1-norm, Geophysics 44 (1979),
no. 1, 39-52.

179



[TBS*16]

[Tibg6]

[TLD*10]

[TLRW14]

[TLT18]

[TTT99]

[TWa3]

[TW16]

[TWHai5]

[Vani3]

[VD17]

[Veri2]

[Ver18]

[VMBo2]

[Vori2]

[VZoo]

[Wai1g]

[Wato1]

[Wat77]
[WCCL16a]

[WCCL16b]

[Wed72]

[Weiz7]

[WM17]

[WN1o]

S. Tu, R. Boczar, M. Simchowitz, M. Soltanolkotabi, and B. Recht, Low-rank Solutions of Linear Matrix
Equations via Procrustes Flow, International Conference on Machine Learning (ICML), 2016, pp. 964—
973.

R. Tibshirani, Regression Shrinkage and Selection Via the Lasso, J. R. Stat. Soc. Ser. B. Stat. Methodol.
58 (1996), no. 1, 267—288.

J. Tropp, J. N. Laska, M. F. Duarte, J. K. Romberg, and R. G. Baraniuk, Beyond Nyquist: Efficient
sampling of sparse bandlimited signals, IEEE Trans. Inf. Theory 56 (2010), no. 1, 520-544.

L. Tian, X. Li, K. Ramchandran, and L. Waller, Multiplexed coded illumination for fourier ptychography
with an led array microscope, Biomed. Opt. Express 5 (2014), no. 7, 2376—2389.

X. Tian, J. R Loftus, and J. E Taylor, Selective inference with unknown variance via the square-root lasso,
Biometrika 105 (2018), no. 4, 755-768.

K.-C. Toh, M. J Todd, and R. H Tiitiincii, SDPT3-a MATLAB software package for semidefinite program-
ming, version 1.3, Optim. Method. Softw. 11 (1999), no. 1-4, 545-581.

J. Tanner and K. Wei, Normalized Iterative Hard Thresholding for Matrix Completion, SIAM J. Sci.
Comput. 35 (2013), no. 5, S104-S125.

, Low rank matrix completion by alternating steepest descent methods, Appl. Comput. Harmon.

Anal. 40 (2016), no. 2, 417—429. [using ASD (’Alternating Steepest Descent’) algorithm, code from
https://www.math.ucdavis.edu/~kewei/publications.html].

R. Tibshirani, M. Wainwright, and T. Hastie, Statistical learning with sparsity: the lasso and general-
izations, Chapman and Hall/CRC, 2015.

B. Vandereycken, Low-Rank Matrix Completion by Riemannian Optimization, SIAM J. Optim. 23 (2013),
no. 2,1214-1236. [using Riemann_Opt (Riemannian Optimization’) algorithm, code from http: //www.
unige.ch/math/vandereycken/matrix_completion.html].

S. Voronin and I. Daubechies, An iteratively reweighted least squares algorithm for sparse regularization,
Functional analysis, harmonic analysis, and image processing, 2017, pp. 391—411.

R. Vershynin, Introduction to the non-asymptotic analysis of random matrices, Compressed sensing,
2012, pp. 210—268.

, High-dimensional probability: An introduction with applications in data science, Cambridge
Series in Statistical and Probabilistic Mathematics, Cambridge University Press, 2018.

M. Vetterli, P. Marziliano, and T. Blu, Sampling signals with finite rate of innovation, IEEE Trans. Signal
Process. 50 (2002), no. 6, 1417-1428.

S. Voronin, Regularization of linear systems with sparsity constraints with applications to large scale
inverse problems, Ph.D. Thesis, Princeton University, 2012.

Y. Vardi and C.-H. Zhang, The multivariate l1--median and associated data depth, Proceedings of the
National Academy of Sciences 97 (2000), no. 4, 1423-1426.

M. Wainwright, High-dimensional statistics: A non-asymptotic viewpoint, Vol. 48, Cambridge University
Press, 2019.

G. A. Watson, Approximation in normed linear spaces, Numerical analysis: Historical developments in
the 20th century, elsevier, 2001, pp. 41-76.

, On two methods for discrete Lp-approximation, Computing 18 (1977), no. 3, 263—266.

K. Wei, J.-F. Cai, T. F. Chan, and S. Leung, Guarantees of Riemannian Optimization for Low Rank Matrix
Recovery, SIAM J. Matrix Anal. Appl. 37 (2016), no. 3, 1198-1222.

K. Wei, J.-F. Cai, T. F. Chan, and S. Leung, Guarantees of Riemannian optimization for low rank matrix
completion, arXiv preprint arXiv:1603.06610 (2016).

P.-A. Wedin, Perturbation bounds in connection with singular value decomposition, BIT 12 (1972), no. 1,
99—111.

E. Weiszfeld, Sur le point pour lequel la somme des distances de n points donnés est minimum, Tohoku
Mathematical Journal, First Series 43 (1937), 355—386.

W. Wu and K. L. Miller, Image formation in diffusion MRI: a review of recent technical developments, J.
Magn. Reson. Imaging 46 (2017), no. 3, 646—662.

D. Wipf and S. Nagarajan, Iterative Reweighted Methods for Finding Sparse Solutions, IEEE J. Sel. Topics
Signal Process. 4 (2010), no. 2, 317-329.

180


https://www.math.ucdavis.edu/~kewei/publications.html
http://www.unige.ch/math/vandereycken/matrix_completion.html
http://www.unige.ch/math/vandereycken/matrix_completion.html

[Woj10]

[Woj12]
[Woos0]
[WPo9]

[WYZ12]

[XSH'18]

[Xu18]

[XW15]

[Yanoog]

[YJo2]

[YKi5]

[YKJL17]

[YLSX17]

[YM18]

[YX16]

[Zha11]

[Ziegs]

[ZL12]

[Z116a]

[ZLa6b]

[ZLTW18]

[ZMW*17]

[ZWSPo8]

P. Wojtaszczyk, Stability and instance optimality for Gaussian measurements in compressed sensing,
Found. Comput. Math. 10 (2010), no. 1, 1-13.

, £1 Minimization with Noisy Data, SIAM J. Numer. Anal. 50 (2012), no. 2, 458—467.
M. A. Woodbury, Inverting modified matrices, Memorandum report 42 (1950), no. 106, 336.

E. Weiszfeld and F. Plastria, On the point for which the sum of the distances to n given points is minimum,
Ann. Oper. Res. 167 (2009Mar), no. 1, 7—41.

Z. Wen, W. Yin, and Y. Zhang, Solving a low-rank factorization model for matrix completion by a
nonlinear successive over-relaxation algorithm, Math. Program. Comput. 4 (2012), no. 4, 333—361.

R. Xu, M. Soltanolkotabi, J. P Haldar, W. Unglaub, J. Zusman, A. F. Levi, and R. M Leahy, Accelerated
wirtinger flow: A fast algorithm for ptychography, arXiv preprint arXiv:1806.05546 (2018).

Z. Xu, The minimal measurement number for low-rank matrix recovery, Appl. Comput. Harmon. Anal.
44 (2018), no. 2, 497 —-508.

B. Xin and D. Wipf, Pushing the limits of affine rank minimization by adapting probabilistic PCA,
International Conference on Machine Learning (ICML), 2015, pp. 419—427.

Z.Yang, A study on nonsymmetric matrix-valued functions, 2009. Master’s thesis, Department of Mathe-
matics, National University of Singapore, https://www.polyu.edu.hk/ama/profile/dfsun/Main_
YZ.pdf.

X. Q. Yang and V. Jeyakumar, Generalized second-order directional derivatives and optimization with
C1,1 functions, Optimization 26 (1992), no. 3-4, 165-185.

Q. Yao and J. Kwok, inexact soft-impute for fast large-scale matrix completion, Proceedings of the
Twenty-Fourth International Joint Conference on Artificial Intelligence (IJCAI), 2015.

J. C.Ye, J. M. Kim, K. H. Jin, and K. Lee, Compressive Sampling Using Annihilating Filter-Based Low-Rank
Interpolation, IEEE Trans. Inf. Theory 63 (2017), no. 2, 777-801.

Z. Yang, J. Li, P. Stoica, and L. Xie, Sparse Methods for Direction-of-Arrival Estimation, Academic Press
Library in Signal Processing, 2017, pp. 509-581.

N. Yair and T. Michaeli, Multi-scale weighted nuclear norm image restoration, IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 2018, pp. 3165-3174.

Z.Yang and L. Xie, Enhancing Sparsity and Resolution via Reweighted Atomic Norm Minimization, I[EEE
Trans. Inf. Theory 64 (2016), no. 4, 995-1006.

T. Zhang, Sparse Recovery With Orthogonal Matching Pursuit Under RIP, IEEE Trans. Inf. Theory 57
(2011), no. 9, 6215-6221.

G. M. Ziegler, Lectures on polytopes, Vol. 152, Springer-Verlag, New York, 1995. seventh updated
printing 2007.

Y.-B. Zhao and D. Li, Reweighted £1-minimization for sparse solutions to underdetermined linear systems,
SIAM J. Optim. 22 (2012), no. 3, 1065-1088.

Q. Zheng and J. Lafferty, Convergence Analysis for Rectangular Matrix Completion Using Burer-Monteiro
Factorization and Gradient Descent, arXiv preprint arXiv:1605.07051 (2016).

Z. A. Zhu and Y. Li, Even faster SVD decomposition yet without agonizing pain, Advances in Neural
Information Processing Systems (NIPS), 2016, pp. 974-982.

Z. Zhu, Q. Li, G. Tang, and M. B. Wakin, Global Optimality in Low-Rank Matrix Optimization, IEEE
Trans. Signal Process. 66 (2018), no. 13, 3614—-3628.

L. Zheng, A. Maleki, H. Weng, X. Wang, and T. Long, Does £, -Minimization Outperform {1 -
Minimization?, IEEE Trans. Inf. Theory 63 (2017), no. 11, 6896-6935.

Y. Zhou, D. Wilkinson, R. Schreiber, and R. Pan, Large-Scale Parallel Collaborative Filtering for the
Netflix Prize, Algorithmic Aspects in Information and Management, 2008, pp. 337—348.

181


https://www.polyu.edu.hk/ama/profile/dfsun/Main_YZ.pdf
https://www.polyu.edu.hk/ama/profile/dfsun/Main_YZ.pdf

	Introduction
	Robustness of Noise-Blind Compressed Sensing
	Introduction: Compressed Sensing
	Stability under Model Misfit
	Robustness and Noise-Aware Sparse Recovery

	Noise-Blind Sparse Recovery
	Noise-Blind Guarantees for 1-Minimization
	Noise-Robustness of Other Decoders

	Geometry of Random Polytopes
	The 1-Quotient Property and Inscribed Bodies of Random Polytopes
	Polytope Geometry and Sparse Recovery Conditions

	Main Results
	Geometry of Random Polytopes from General Distributions
	Implications for Robustness of Noise-Blind Compressed Sensing

	Numerical Experiments
	Behavior under Spherical Noise
	Behavior under Heavy-Tailed Noise

	Proofs
	Proof of thm:QP:weakmoment
	Proof of thm:QP:heavytailed
	Proof of thm:noiseblindcs

	Outlook and Open Problems

	Tight Quadratic Bounds: Making Iteratively Reweighted Least Squares Work For Low-Rank Promoting Objectives
	Introduction
	Data Efficiency
	Amenability to Rigorous Analysis
	Scalability
	Outline

	Optimization of Surrogate Objectives Promoting Low-Rank Solutions
	Connections Between Convex and Non-Convex Optimization Programs and Affine Rank Minimization
	Issues and Open Questions

	Iteratively Reweighted Least Squares for Rank Surrogates
	Existing Approaches
	The Quest for Optimal Quadratic Bounds: Second-Order Structure of Spectral Functions
	Global Majorization of Rank Surrogate by Tight Quadratic Bounds
	Formulation of MatrixIRLS

	Convergence Analysis of MatrixIRLS
	Basic Properties and Minimization of Smoothed Objective
	Local Convergence Theory: Superlinear Convergence Rates

	Measurement Models for MatrixIRLS with Guarantees From an Optimal Number of Samples
	Sub-Gaussian Measurements
	Phase Retrieval with Gaussian Measurements
	Matrix Completion

	Computational Considerations
	Low-Rank Structure of Weight Operator
	Harnessing Low-Rank Structure for Updates with Sub-Quadratic Complexity
	Conditioning of System Matrix

	Numerical Experiments
	Experimental Setup
	Convergence Rate Comparison with Other IRLS Algorithms
	Matrix Completion: Recovery Performance Compared to State-Of-The-Art Algorithms

	Further Proofs
	Proof of thm:MatrixIRLS:monotonicity
	Proof of lemma:MatrixIRLS:Xk:optimality

	Discussion and Summary of Contributions
	Outlook

	Recovery of Structured Low-Rank Matrices by Iteratively Reweighted Least Squares
	Introduction
	Motivation
	Problem statement
	Our Contribution
	Related Work
	Outline

	Formulation of StrucIRLS
	Convergence Analysis of StrucIRLS
	Basic Properties and Minimization of Smoothed Objective
	Local Convergence Theory: Quadratic Convergence Rate

	Computational Considerations
	Connection to Harmonic Retrieval
	Numerical Experiments
	Proof of thmmainguarantee
	Conclusion and Future work

	Bibliography

