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Abstract

This thesis is interested in the application of statistical physics methods and inference to signal
processing and coding theory, more precisely, to sparse linear estimation problems.

The main tools are essentially the graphical models and the approximate message-passing
algorithm together with the cavity method (referred as the state evolution analysis in the
signal processing context) for its theoretical analysis. We will also use the replica method of
statistical physics of disordered systems which allows to associate to the studied problems
a cost function referred as the potential of free entropy in physics. It allows to predict the
different phases of typical complexity of the problem as a function of external parameters
such as the noise level or the number of measurements one has about the signal: the inference
can be typically easy, hard or impossible. We will see that the hard phase corresponds to a
regime of coexistence of the actual solution together with another unwanted solution of the
message passing equations. In this phase, it represents a metastable state which is not the true
equilibrium solution. This phenomenon can be linked to supercooled water blocked in the
liquid state below its freezing critical temperature.

Thanks to this understanding of blocking phenomenon of the algorithm, we will use a method
that allows to overcome the metastability mimicing the strategy adopted by nature itself for
supercooled water: the nucleation and spatial coupling. In supercooled water, a weak localized
perturbation is enough to create a crystal nucleus that will propagate in all the medium thanks
to the physical couplings between closeby atoms. The same process will help the algorithm to
find the signal, thanks to the introduction of a nucleus containing local information about the
signal. It will then spread as a "reconstruction wave" similar to the crystal in the water.

After an introduction to statistical inference and sparse linear estimation, we will introduce
the necessary tools. Then we will move to applications of these notions. They will be divided
into two parts.

The signal processing part will focus essentially on the compressed sensing problem where
we seek to infer a sparse signal from a small number of linear projections of it that can be
noisy. We will study in details the influence of structured operators instead of purely random
ones used originally in compressed sensing. These allow a substantial gain in computational
complexity and necessary memory allocation, which are necessary conditions in order to
work with very large signals. We will see that the combined use of such operators with spatial
coupling allows the implementation of an highly optimized algorithm able to reach near
to optimal performances. We will also study the algorithm behavior for reconstruction of
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approximately sparse signals, a fundamental question for the application of compressed
sensing to real life problems. A direct application will be studied via the reconstruction of
images measured by fluorescence microscopy. The reconstruction of "natural" images will be
considered as well.

In coding theory, we will look at the message-passing decoding performances for two distincts
real noisy channel models. A first scheme where the signal to infer will be the noise itself
will be presented. The second one, the sparse superposition codes for the additive white
Gaussian noise channel is the first example of error correction scheme directly interpreted
as a structured compressed sensing problem. Here we will apply all the tools developed in
this thesis for finally obtaining a very promising decoder that allows to decode at very high
transmission rates, very close of the fundamental channel limit.

Keywords: Statistical physics, disordered systems, mean field theory, signal processing,
Bayesian inference, statistical learning, coding theory, linear estimation, sparsity, approx-
imate sparsity, compressed sensing, spatial coupling, Gaussian channel, error correcting
codes, sparse superposition codes, approximate message passing algorithm, cavity method,
state evolution analysis, replica method.
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Résumé

Cette these s’intéresse a I'application de méthodes de physique statistique des systémes
désordonnés ainsi que de I'inférence a des problémes issus du traitement du signal et de la
théorie du codage, plus précisément, aux problémes parcimonieux d’estimation linéaire.

Les outils utilisés sont essentiellement les modeles graphiques et 'algorithme approximé de
passage de messages ainsi que la méthode de la cavité (appelée analyse de I’évolution d’état
dans le contexte du traitement de signal) pour son analyse théorique. Nous aurons également
recours a la méthode des répliques de la physique des systemes désordonnées qui permet
d’associer aux problemes rencontrés une fonction de cofit appelé potentiel ou entropie libre
en physique. Celle-ci permettra de prédire les différentes phases de complexité typique du
probléme, en fonction de parametres externes tels que le niveau de bruit ou le nombre de
mesures liées au signal auquel I'on a acces : I'inférence pourra étre ainsi typiquement simple,
possible mais difficile et enfin impossible. Nous verrons que la phase difficile correspond
aun régime ou coexistent la solution recherchée ainsi qu'une autre solution des équations
de passage de messages. Dans cette phase, celle-ci est un état métastable et ne représente
donc pas I'équilibre thermodynamique. Ce phénomeéne peut-étre rapproché de la surfusion
de I'eau, bloquée dans I'état liquide a une température ou elle devrait étre solide pour étre a
I’équilibre.

Via cette compréhension du phénomeéne de blocage de 'algorithme, nous utiliserons une
méthode permettant de franchir |'état métastable en imitant la stratégie adoptée par la nature
pour la surfusion : la nucléation et le couplage spatial. Dans de I'eau en état métastable
liquide, il suffit d'une légere perturbation localisée pour que se créer un noyau de cristal qui
va rapidement se propager dans tout le systeme de proche en proche grace aux couplages
physiques entre atomes. Le méme procédé sera utilisé pour aider ’algorithme a retrouver le
signal, et ce grace a l'introduction d'un noyau contenant de I'information locale sur le signal.
Celui-ci se propagera ensuite via une "onde de reconstruction” similaire a la propagation de
proche en proche du cristal dans I'eau.

Apreés une introduction a I'inférence statistique et aux problemes d’estimation linéaires, on
introduira les outils nécessaires. Seront ensuite présentées des applications de ces notions.
Celles-ci seront divisées en deux parties.

La partie traitement du signal se concentre essentiellement sur le probléme de I'acquisition
comprimée ou1 I'on cherche a inférer un signal parcimonieux dont on connait un nombre
restreint de projections linéaires qui peuvent étre bruitées. Est étudiée en profondeur 'in-
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fluence de l'utilisation d’opérateurs structurés a la place des matrices aléatoires utilisées
originellement en acquisition comprimée. Ceux-ci permettent un gain substantiel en temps
de traitement et en allocation de mémoire, conditions nécessaires pour le traitement algo-
rithmique de trés grands signaux. Nous verrons que l'utilisation combinée de tels opérateurs
avec la méthode du couplage spatial permet d’obtenir un algorithme de reconstruction extré-
mement optimisé et s’approchant des performances optimales. Nous étudierons également
le comportement de 1'algorithme confronté a des signaux seulement approximativement
parcimonieux, question fondamentale pour I'application concréte de I'acquisition compri-
meée sur des signaux physiques réels. Une application directe sera étudiée au travers de la
reconstruction d’'images mesurées par microscopie a fluorescence. La reconstruction d’'images
dites "naturelles" sera également étudiée.

En théorie du codage, seront étudiées les performances du décodeur basé sur le passage de
message pour deux modeles distincts de canaux continus. Nous étudierons un schéma ot le
signal inféré sera en fait le bruit que I'on pourra ainsi soustraire au signal recu. Le second, les
codes de superposition parcimonieuse pour le canal additif Gaussien est le premier exemple
de schéma de codes correcteurs d’erreurs pouvant étre directement interprété comme un
probléeme d’acquisition comprimée structuré. Dans ce schéma, nous appliquerons une grande
partie des techniques étudiée dans cette these pour finalement obtenir un décodeur ayant
des résultats tres prometteurs a des taux d'information transmise extrémement proches de la
limite théorique de transmission du canal.

Mots clefs : Physique statistique, systémes désordonnés, théorie du champ moyen, traitement
du signal, inférence Bayesienne, apprentissage statistique, théorie du codage, estimation
linéaire, parcimonie, parcimonie approximative, acquisition comprimée, couplage spatial,
canal Gaussien, codes correcteurs d’erreurs, codes de superposition parcimonieuse, algo-
rithme approximé de passage de messages, méthode de la cavité, analyse d’évolution des états,
méthode des répliques.
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|§ Main contributions

My work has been concentrated around two main axis: i) signal processing through com-
pressed sensing and its application in image reconstructions and ii) coding theory over real
channels and its links to compressed sensing. I will present here my main contributions in
these fields, dividing my work into practical achievements through algorithms design and the
theoretical and asymptotic studies. In addition, I've worked on a combinatorial optimization
problem, namely the independent set problem, in order to get familiar with the cavity method
and the diverse phase transitions that occur in such problems. I will start by briefly present this
piece of work that I won't detail in this thesis. This choice has been made for sake of coherence
of the thesis: all the problems I've worked on, except this one, belong to the class of sparse
linear estimation problems and a common methodology is used, based on the approximate
message-passing algorithm and the state evolution and replica analyzes for the asymptotic
studies.

1.1 Combinatorial optimization

1.1.1 Study of the independent set problem, or hard core model on random regu-
lar graphs by the one step replica symmetry breaking cavity method

In this work [1], we have studied the NP-hard independent set problem on random regular
graphs, the dual of the vertex cover problem better known as the hard-core model in the
physics literature. This model is of great interest as it can be seen as a lattice version of
the hard spheres, a fundamental model in physics. The aim of this theoretical work was to
reconciliate the two extreme regimes corresponding to the high and low connectivities of the
graph. Both were known for a long time but each with a totally different behavior. While in the
low connectivity regime, the problem displays a continuous full replica symmetry breaking
transition as the density of particles increases in the graph, it was proven in the mathematical
literature that in the high connectivity limit, the opposite phenomenon happens: the space
of solution breaks discontinuously into exponentially many well separated components, a
behavior typically found in glassy systems, at a density which is the half of the maximum one.
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The main result obtained through the cavity method is the obtention of the full phase diagram
of the problem for all connectivities. The computation of the different phase transitions
in the problem by population dynamics in the 1RSB framework shows that the change in
behavior between a continuous full RSB regime and the appearance of the discontinuous
1RSB transition happens at connectivity K = 16. It appears that between 16 < K < 20, despite
the existence of a stable 1RSB glassy phase, the continous transition remains if the density of
particles is too high until for K = 20, the 1RSB phase becomes stable for all densities until the
maximum one. This shows that this model is the simplest mean field model of the glass and
jamming transitions, and can be used to get insights on more complex models such as the
hard spheres in high dimensions. In addition, the asymptotic analysis in the cavity framework
is in perfect agreement with the rigorous results at high connectivity, which supports further
the validity of the cavity method in such problems despite it is not yet rigorously established.

1.2 Signal processing and compressed sensing

1.2.1 Generic expectation maximization approximate message-passing solver for
compressed sensing

Practical achievements : I've implemented a modular AMP solver for compressed sensing
in MATLAB, that includes a lot of different possible priors for the signal model. In addition,
most of the free parameters in these priors and the noise variance can be learned efficiently
through expectation maximisation. All the algorithms can be found athttps://github.com/
jeanbarbier/BPCS_common.

1.2.2 Approximate message-passing for approximate sparsity in compressed sens-
ing

Practical achievements : My first work [2] during this thesis was focused on the study of
the AMP performances and behavior when dealing with signals that are only approximately
sparse, sometimes referred as compressible. We implemented a specifically designed prior for
approximate sparsity, and the expectation maximisation learning of all the parameters of this
prior.

Theoretical results : We performed the static and dynamical asymptotic analyzes thanks to the
replica and state evolution techniques respectively. We extracted how the AMP performances
change as a function of the variance of the small components part of the signal, a kind of
effective noise, and what are the best possible results from the Bayesian point of view. A first
order phase transition blocking the AMP solver under some measurement ratio appears, but
we have shown how the spatial coupling strategy can restore the optimality of the AMP solver
and until which level of effective noise it makes sense to use this strategy.
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1.2.3 Influence of structured operators with approximate message-passing for
the compressed sensing of real and complex signals

Practical achievements : A large amount of work has been put into the combination of this
AMP solver with structured operators, based of fast Hadamard and Fourier transforms [3].
Furthermore, I've developed a set of routines for applying the spatial coupling strategy in
combination with these structured operators. The result is a very fast AMP solver yet optimal
from the information theoretic point of view. It is able to deal with very large signals as the use
of such operators allows to side step the memory issues that quickly arise working with the
large matrices that one must store if not structured.

Theoretical results : Side to side with the developement of the AMP solver combined with
full or spatially-coupled structured operators, we have studied how the use of such operators
influence the performances of AMP in noiseless compressed sensing of real or complex signals.
The point is that AMP together with the state evolution analysis has originally been derived for
i.i.d matrices but we have numerically shown that despite the state evolution does not describe
properly the AMP dynamic with structured operators, it remains an accurate predictive tool
for its final performances as the reconstruction quality is the same than with i.i.d matrices.
Furthermore, it appeared that structured operators improves the rate of convergence of AMP.
In addition, the study of the spatial coupling strategy have shown that it performs very well
with such operators as well and allows to make optimal inference as long as the signal density
is not too large.

1.2.4 "Total variation" like reconstruction of natural images by approximate message-
passing

Practical achievements : In order to reconstruct "natural images" (i.e. that are sparse in the
discrete gradient space) in the compressive regime, I've worked on an AMP implementation
mimicing the total-variation optimization algorithms. The result is an algorithm able to
compete with the best optimization solvers in terms of reconstruction results, but with fewer
parameters to tune as most of them can be learned efficiently.

1.2.5 Compressive fluorescence microscopy images reconstruction with approxi-
mate message-passing

Practical achievements : Still in the field of compressive imaging, I've developed an AMP
implementation for reconstruction of images measured by compressive fluorescence mi-
croscopy, based on an approximate sparsity prior. The images here are highly sparse in the
direct pixel space. The AMP overcomes the ¢, optimization solvers in terms of reconstruction
quality, speed and minimum undersampling ratio to get good results. Furthermore, all the
free parameters of the model can be learned efficiently.
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1.3 Coding theory for real channels

1.3.1 Error correction of real signals corrupted by an approximately sparse Gaus-
sian noise

Practical achievements : My first introduction to the field of coding theory is through a
work [4] that naturally followed the study of approximate sparsity in compressed sensing. In
this work, the aim is error correction over a channel that adds to a real transmitted message an
approximately sparse Gaussian noise with some large components, the others being a smaller
amplitude background noise. The aim is the reconstruction of the noise in order to cancel it at
the end. We naturally used our previously developed AMP solver for approximately sparse
signals to design an efficient decoder. In addition, the use of spatial coupling in this context
allowed the decoder to perform at high rate, well above the results obtained with previously
developed convex optimization based solvers.

Theoretical results : Based on the state evolution analysis for compressed sensing of approxi-
mately sparse signals, we predicted the asymptotic performances of our AMP based decoder,
which shows that it is robust to the background noise, in the sense that the reconstruction
error grows continuously with the variance of the small components of the noise.

1.3.2 Study of the approximate message-passing decoder for sparse superposi-
tion codes over the additive white Gaussian noise channel

Practical achievements : We presented the first decoder based on AMP for the sparse su-
perposition codes, a capacity achieving error correction scheme over the AWGN channel.
We exposed the first close connection between the compressed sensing theory and error
correcting codes, as the sparse superposition codes decoding can directly be interpreted as a
compressed sensing problem for signals with structured sparsity, or equivalently of signals
with vectorial components instead of scalar ones, for which compressed sensing has originally
been developed.

Our first paper [5] on this topic studied the decoder when the coding matrix is i.i.d Gaussian
and the power allocation of the transmitted message is constant. Despite the presence of a
first order phase transition blocking the AMP decoder well before the capacity, the numerical
results have shown that the perfomances are overcoming a previous decoder based on soft
thresholding methods, the adaptative successive decoder. This decoder exhibits very poor
results with respect to AMP with full coding matrices for any reasonnable codeword sizes,
despite being asymptotically capacity achieving.

In a second more in-depth study of our decoder [6], we included both non constant power
allocation of the signal and the spatial coupling strategy to our scheme. Numerical studies
suggested that despite improvements thanks to the power allocation, a well designed spatially-
coupled coding matrix allows for better results both in terms of the rate of transmission and in
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robustness to noise. Numerical tests also show that the combined use of power allocation and
spatial coupling lower the efficiency of the scheme with respect to power allocation or spatial
coupling used alone. In addition, we tested our structured Hadamard-based spatially-coupled
operators that allow to perform Bayesian optimal decoding. The finite size effects in this
setting have been quantified and show that this strategy is very efficient and allows to decode
perfectly at very high rates, even for small sizes of the codeword.

Theoretical results : Relying on this connection with compressed sensing, we derived the
state evolution analysis of the decoder in the most general setting. It allows the prediction
of the asymptotic dynamical behavior of the decoder for power allocated signals, encoded
with or without spatially-coupled i.i.d operators. Based on our work on structured operators,
we conjectured that the final perfomances of the decoder can be accurately predicted by this
analysis, despite small descrepancies during the dynamic. Again, it appeared that structured
operators allows for faster convergence.

In addition, we performed the heuristic replica analysis of the coding scheme in order to
compute the performances of the minimum mean square error estimator. This analysis is
coherent with the previous rigorous results on the scheme as it shows that this Bayesian
optimal estimator reaches asymptotically the capacity of the channel. The results suggest that
the Bayes optimal estimator converge to the capacity with a rate following a power law as a
function of the section size B, a fundamental parameter of the scheme. Both the derived state
evolution recursions and replica potential are actually quite general, and can be applied for
the prediction of the AMP behavior on any problem dealing with group sparsity, where the
groups of variables are not overlaping each other.






Y4 Structure of the thesis
and important remarks

This thesis is decomposed into three main parts. I wrote the first one, "Fundamental concepts
and tools" keeping constantly the following question in mind:

What would have been really useful for me to know in order to gain a lot of time starting my
PhD three years ago ?

I have thus tried to make a (very subjective) introduction to what I consider as fundamental
methods and ideas useful to a starting PhD student with a statistical physics background as
me and who wants to work in the fascinating field of statistical inference and graphical models.
I assume very few (if not at all) knowledge about the general theory of statistical inference but
also that the reader have some notions in statistical physics of disordered systems and spin
glasses, as [ will make efforts to establish links with this fundamental field of research. My goal
is not to explain the physics of disordered systems, as many great books already exist and can
be found in the references, but more to see how it can be of great interest in the apparently
unrelated field of sparse linear estimation, the main subject of this thesis.

I want to emphasize an important point, not only true for this first part but for all this
manuscript:

This work does not aim at mathematical rigor.

It is worth to mention it as the kind of problems treated in this thesis are classicaly studied by
people of the computer science and signal processing, information and coding theory or ap-
plied mathematics communities who are used to more, or even perfectly rigorous treatments.
ButI am (hopefully at this time...) a statistical physicist, and the tools developed in this field,
at least part of them, are not yet proven rigorously. This remark leads to another important
one:

Despite the use of not (yet) rigorous methods, the theoretical results presented in this manuscript
are conjectured to be exact.

It must be understood that the rigor in the treatment is not a necessary condition for the results
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to be exact. The statistical physics methods used in this thesis, mainly the replica method used
for asymptotic studies, are not rigorous but there exist an incredibly large amount of work
and models where it has been proven to be exact, even sometimes rigorous, especially in the
field of combinatorial optimization problems. Furthemore, even when not proven rigorously,
numerical studies are always supporting the results of these methods. In opposite the cavity
method, referred as the state evolution in the signal processing literature (and in this thesis as
well) isrigorous for the prediction of the AMP behavior for sparse linear estimation problems
(except for the vectorial components cases, but yet conjectured exact in this case).

The next two parts expose most of the original results and applications of my thesis, in addition
to the asymptotic results of this first part. All the tools presented in the first part will be applied
here.

The second part "Signal processing" is mostly related to compressed sensing. Chapter six
presents a study of the influence of approximate sparsity in compressed sensing solved thanks
to AMP. The seventh chapter studies how the use of structured operators such as Hadamard
and Fourier ones change the AMP behavior in compressed sensing of real and complex signals.
Furthermore, we will see that these can be combined with the spatial coupling strategy to
perform optimal inference both from the theoretical and algorithmic point of views. Chapter
eight is devoted to my work on compressive imaging, where the AMP algorithm is applied to
the reconstruction of two different kind of images: i) the so called "natural” images, that have
a compressible discrete gradient and ii) sparse images in the pixel basis, which have been
obtained by fluorescence microscopy technic.

The last part "Coding theory" contains all my results on how the AMP algorithm can be used
as a very efficient decoder for real noisy channels. In the chapter nine, the superposition codes
for the additive white Gaussian noise channel are studied in depth. These represent the first
direct link between error correction and compressed sensing. In this chapter, all the presented
analytical tools are used to perform the asymptotic study of the decoder and the algorithmic
tools as well: the spatial coupling and Hadamard-based structured operators are combined
with AMP to get a capacity achieving decoder with very good finite size performances as shown
by numerical studies. The last chapter introduce a different real channel model which adds
gross Gaussian distributed errors to the signal in addition to a small Gaussian background
noise. The algorithm developed in the chapter about approximate sparsity will be combined
to spatial coupling to perform error correction at high rates.

10
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] Statistical inference and

linear estimation problems
for the physicist layman

This first chapter which is voluntarily not technical at all is a general introduction to the main
questions and techniques related to statistical inference and which are relevant to the present
thesis. It can be skept by the reader familiar with statistical inference and compressed sensing
as it does not include any original results. It is oriented towards a statistical physics student
interested in working on inference related problems. Effort will be made in order to draw
connections with physics, especially the statistical physics of disordered systems. It is thus
assumed that the reader posseses a basic knowledge of this field.

First, [ will define the general problem of statistical inference (or statistical estimation) and give
the main distinctions among inference problems. I will also explain the difference between
a direct and an inverse problem and show why in the context of statistical inference, only
inverse problems really matter as opposed to statistical physics which has been created to
deal with direct problems and later on extended to inverse ones. Canonical examples, yet
very important both from the applicative and theoretical point of views will be presented. I
will also discuss the notion of bias-variance tradeoff, which will help us to understand the
fundamental limitations of statistical inference.

I will then focus on the model which is at the core of the present thesis, namely linear sparse
estimation problems and compressed sensing, with a particular emphasis on the applications
of compressed sensing in modern technologies.

I'will introduce some basic notions of complexity theory, discussing the important tradeoff
between statistical and computationnal efficiency of an algorithm. This question is essential
in the modern context of "Big data" generating technologies where the sets of data produced
become so large that solving the desired problem is not enough anymore: it must be done in a
fast way as well.

I will then present two distinct methodologies to deal with sparse linear estimation. First I will
very briefly present the convex optimization approach to compressed sensing which has been

13
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used and studied since the appearance of the field in 2006, and which remains an important
tool for nowadays applications. I will try to give some insights behind the principle of ; norm
optimization for inducing sparsity in the solution.

After a short introduction to some useful concepts of information theory, especially the notion
of entropy and mutual information between random variables, I will move on to the main
methodology underlying the techniques used in this thesis, namely the theory of Bayesian
inference. The main principles will be exposed and then the modelisation of the sparse linear
estimation problem thanks to these tools is discussed. I will underline the flexibility and the
advantages of the method compared to an optimization approach. I will discuss the notion
of estimator and give insights about why the minimum mean square error estimator is the
appropriate choice in the continuous framework.

Finally I discuss the coding theory for the additive white Gaussian noise channel in the
probabilistic Bayesian setting. The problem of communication through a noisy channel and
the notion of capacity will be presented. Then we end up discussing the linear coding strategy
and give a geometrical interpretation of the decoding problem.

3.1 What s statistical inference 2

Before to enter the details of the problems studied in the present thesis, we present very briefly
what are statistical inference problems, also referred as inverse problems, estimation problems
or learning depending on the community. Great introductions can be found such as [7-10].

3.1.1 General formulation of a statistical inference problem

Inference refers to the process of drawings conclusions about some system or phenomenon
in a rational way from observations related to it, and a possible a priori knowledge about it.
We are here interested in statistical inference, that will be mainly applied to signal processing
problems. Assume you have access to some data y, that have been generated through some
process f related to some system properties of interest represented by the so-called signal s.
The general relation linking these objects is given by:

J/(as,efyaout) = Pour (f (3(05)|0f) |00ut) 3.1

y is also referred as the observations, responses of the system or measurements in the present
thesis, s as the input, the predictors or signal in the present signal processing context. These
two quantities can be a scalar, vectors, matrices, sets of labels, etc. f models the deterministic
part of the data generating process and can be any function, whereas P,,; is a stochastic
function linking the processed signal to the actual observations, used to model some kind of
noise. We will refer to it as the channel, this terminology coming from the communication
theory, where the noise models how the non ideal transmitting channel alters what is travelling

14
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through it. In full generality, noise just means an incontrolable and undesired source of
randomness that alters the observations of the system. In some cases, the noise can be
correlated in some way to the signal s or process f such as in blind calibration [11], but in
all the remaining, we will always consider the noise to be additive and uncorrelated with
them. 6 are parameters of the signal such as some of its statistical properties like mean,
variance, etc that can be known a priori or not. 8 ¢ are those of the process f, for example the
number of Fourier coefficients taken in a partial discrete Fourier transform and finally 8,,,;
are parameters of the channel, usually the statistical properties of the noise.

The problem is to estimate the signal s from the knowledge of the observations y, the process
f and the channel model P, ;. The signal can be thought as a fixed realization of a random
process, for example a message some emitter has sent you or some image. The channel 8,
signal 6 and processing function 6 y parameters can be unknown too and it is a part of the task
to learn them as well. This can be done efficiently by statistical procedures such as expectation
maximization based methods that will be detailed in sec. 4.3.8.

For sake of readibility, we drop these parameters dependencies and re-write the general
statistical inference model as:

¥="Pour (f(s)) (3.2)

and the dependency on all the parameters of the problem 0 := [05,0 ¢,0,,,] is now always
implicit.

An important remark is that in the present thesis, we mostly consider the signal s to be the
unknown and f to be known as this interpretation is more relevant in the problems studied
here. But actually, it would be perfectly equivalent to change their respective roles and let the
process f becoming the unknown and s to be some known inputs. Depending on the problem
it can be more natural to think of f as the unknow process that gave rise to the observations
from controled inputs. It is really a matter of tastes. For example, in the classical reference [8],
f is most of the time the object of interest that we want to infer, but in [9], the authors adopted
the same convention as in the present thesis of always considering the signal s as the unknown.
In examples where the unknown will be way more easily interpreted as f, it will be explicited,
but in the rest s is always the infered quantity. Let us now define more precisely the different
kind of statistical inference problems and give some vocabulary.

3.1.2 Inverse versus direct problems

The statistical inference problem (3.2) is by nature an inverse problem, in the sense that it
consists in estimating properties of the system from some noisy observations about it, as
opposed to the direct problem which is to obtain these observations. Getting observations
about a complex system is usually quite easy compared to the associated inverse problem.

Let us give some examples to emphasize this disymmetry in complexity between direct and
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inverse problems. It is easy to gather data about the past stock prices which are observations
correlated to many parameters of the market and to the behavior of plenty of buyers and sellers
with their own strategies, but it is highly difficult to infer from these the future prices, that
must be in some way correlated to previous ones. It is nowadays quite easy to measure time
series of the activity of many neurons in parallel, but the inverse problem consisting in infering
the network of connections between the neurons from which result these activities is very
hard [12]. In an epidemic spreading of some disease, we can partially know at some time ¢ who
are contaminated or not and have some idea of the network of connections between people,
from which we would like to infer back the source of the disease: the patient(s) zero [13]. The
same question can be asked for the identifications of the source of an internet virus, where it
is even more easy to get the network of connections between computers. These are highly non
trivial inverse dynamical problems.

Statistical physics arised at the beginning of the 19/ to deal with direct problems. The aim was
to link the microscopic properties of the system to its macroscopic ones, impossible to derive
directly from the quantum mechanics, so the knowledge about the fundamental interactions
between the atoms to the physical observables and order parameters like temperature, pres-
sure, average magnetization, etc. But as we will see, the methodology of statistical physics and
especially its tools to compute thermodynamical averages over some disorder is really useful
in the signal processing and inverse problems context, where the atoms are replaced by the
signal components, the interactions by the constraints extracted from the observations that
must verify these variables and the order parameter or observable that we would like to predict
is the typical error we will make in the inference of the signal. Fig. 3.1 is a table summarizing
the connections between quantitities and notions of statistical physics and those of inference
and signal processing (defined in this chapter).

3.1.3 Estimation versus prediction

Inference can be important for two main reasons. In one hand, one could aim at accurately
estimating the signal that gave rise to the observations. If the signal models some system,
inference really is about understandingit. For example in seismology, the signal s of interest
could be the 3-d density field of the floor in some area. Perturbations by located explosions
could be performed and the vertical displacement y of the floor in some places could be
measured. The relation between the signal and the measures f, even non trivial is a priori
obtainable (at least approximately) from the physics of waves propagations in complex media
and the locations of the explosions. The noise here comes from the approximations in the
modelisation of f and the partial measurements.

In another hand, one aim could be to perform predictions. In this setting, it is easier to think as
the signal s to be known and it is the process f which becomes the unknown object of interest.
The goal is to get an estimate of it f which is able to accurately output responses to new, yet
unobserved signals. This is for example the case for economical purposes. A trader is not
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Statistical physics Inference

Hamiltonian Cost function

Particules, atoms, spins Signal components

Microstates All the possible measured signals
Macrostate The final signal estimate X, or estimator

Physical phases: liquid, solid, gas, glass, etc

Computational phases: Easy, hard,
impossible inference

Boltzmann distribution

Posterior distribution

Partition function Z(y,F,0)

Absolute probability of the measure P(y|0,F)

External field

Prior distribution

External parameters: temperature, volume,
chemical potential, etc

Noise variance A,
signal to noise ratio snr,
measurement rate «, signal densisty p, etc

Order parameter: average magnetization,
correlation functions, Edwards-Anderson
order parameter for spin glasses, etc

Mean square error M SE,
bit error rate, etc

Quenched disorder: spin interactions,
impurities in the medium, etc

Observations, sensing or coding matrix
and noise realizations

Free energy/entropy

Potential function

Figure 3.1 — Relations between the statistical physics quantities and vocabulary with the
inference and signal processing one, focused on the quantites useful in the present thesis,
mainly related to compressed sensing and error correcting codes.

really interested in understanding the complex relations defining the market, so to estimate
accurately f but more to be able to predict future prices y from the knowledge of previous
ones s thanks to an estimator of the market process f that have a good predictive potential,
despite it can have few common features with the true market behavior f, that can be way too
complex to infer anyway from few partial observations.

All the problems that will be studied in depth in this thesis are estimation ones: we will
always infer a signal that will be processed through some known transform f(s) = Fs, a matrix
product.

3.1.4 Supervised versus unsupervised inference

All the previously discused examples and the model (3.2) belong to the class of supervised
learning: problems where both observations y and the process f are known. It is thus a fitting
problem and we can interpret the observations y associated with f as a training data set, that
allows to "teach" the inference algorithm to perform its task in a supervised way. Again, the s
and f roles can be switched without loss of generality. An example of a supervised problem
is classification where one seeks for an algorithm able to class data in groups. For example if
one want to design an algorithm able to distinguish between pictures of boys and girls, the
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algorithm would be fed with a large amount of pictures, each with its corresponding label: boy
or girl. Then, the algorithm f is expected to perfom the task well if fed with new unlabeled
data, so to perform predictions.

In constrast, in an unsupervised inference task, one has only access to pure data y without any
associated training signal s (as in the classification task) or process f (as in the seismology
example). So fitting loses its sense. The aim is more to find patterns in the data that can be
interpreted a posteriori. The paradigmatic problem in this class is clustering where you have
access to data you wish to class into a relatively small number of groups compared to the
number of data points [8, 14, 15]. For example, this is fundamental in recommander systems
and collaborative filtering techniques that aim at clustering a set of buyers into groups, each
representing a quite different consumer profile with different buying habits. Then, with some
data about a new buyer (what he bought, when, the fequency, etc) he can be labeled with
one of these typical profiles extracted from the clustering analysis, and thus the large amount
of information gathered from the other consumers associated to this group can be used to
predict products that will match this particular buyer need with high probability. Another
classical problem falling in this class it the community detection where the data is a set of
relations (a graph of connections) between unlabeled variables and one aims at labeling these
points [14,16-18]. This is performed everyday by Facebook which want to infer your potential
friends (so labeled as Friend of Mr. You, in contrast with not friend of Mr. You) from the
knowledge of the friendship connections among all their users.

The assumption behind this kind of techniques is that despite each data points are different,
in reality a small number of parameters (the labels) is enough to describe the entire data set
accurately: this is called a dimensionality reduction assumption and stands at the roots of
many modern techniques dealing with very large data sets.

3.1.5 Parametric versus non parametric inference

Another important distinction is between parametric and non parametric problems. In the
non parametric setting [8, 19], no or very few prior knowledge is assumed about the object to
infer, so no prior model is assumed to perform the inference. For example in prediction, the
estimate f of f is chosen among all possible functions that are "smooth" enough, with only
parameter being the level of smoothness A. This is a very large space, denoted by .#(1). Non
parametric fitting is generally performed by applying a regularizing kernel to the observations.
The obtained processing function £ is thus "just" a smoother version of the observations and
it thus does not require any particular a priori structure or shape for f.

On the opposite, parametric inference [8, 10] makes strong assumptions about the structure
of the infered object. For example, in the linear regression problem, ones assumes that
y = fX) = fTX, where f is a vector of coefficients linking the vector of observations to the
matrix X, where each column is an input. The inference task is thus here to estimate these
coefficients. Thus f is now chosen among a way more restricted space which is here RY,
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instead of #(1). One could even more constrain the functionnal space of the model, requiring
for example that only a small fraction of the coefficients of f are different from zero, i.e. that f
is sparse. In this example, it is clear that calling f the process or the signal is irrelevant.

A natural question that arise from this discussion is: Why would anyone constrain the func-
tionnal space in which the processing function is chosen ? that can be rephrased as: Why
would anyone prefere parametric to non parametric inference ? Of course more degrees of
freedom in the choice of f or s allows a priori for a better fit of the data but a more flexible
model lower its interpretability i.e. it makes difficult the task of interpreting the relations
between the data and observations. In contrast, a quite constrained sparse linear model
is directly interpretable: the observations depend (approximately at least) only on a small
subset of the inputs components, identified by the non-zero coefficients of the estimate of f.
This can be very useful in a medical application. For example, we could gather observations
[ yi]f’ € {1,0}" telling if yes or not the patient i has some given cancer. The lines of the input
matrix X could correspond to conditions possibly correlated to this particular cancer such as
health features or habits: is the person smoking, obese, doing sport regularly, a man, an O
blood type, etc : xi; € {1,0} tells if yes or not the i th patient verifies the condition k. Then, if
the inference outputs a sparse vector of coefficients fsuch that y= f'X, one gets deep insights
about which features participate or not to this cancer (the features corresponding to the non
zero coefficients of f), and with which weight (the amplitudes of the non zero coefficients of f):
here model interpretability is absolutely essential to identify the true causes of the cancer. But
going back to the trader example that want to make accurate predictions about future stock
prices, he does not not really care about the interpretability, only good predictions matter. In
this case, non parametric inference can be more appropriate.

Another disadvantage of non-parametric inference is its high potential of overfitting the
noise. It means that it is a difficult task to estimate the proper smoothing parameter A of the
observations: a too smooth model will have a very poor predictive potential whereas a too
rough model will fit the noise in the data instead of the data itself which again will generate a
bad model. This is probably one of the most fundamental problem in any statistical learning
problem, reffered as the bias-variance tradeoff [8].

3.1.6 The bias-variance tradeoff: what a good estimator is ?

A fundamental question in any statistical estimation problem is: Can we quantify the error
we will make using a given estimator for the quantity we wish to infer 2 This is in general very
difficult to answer in a practical setting, actually most of the theoretical part of this thesis will
be dedicated to this specific question. In spite of that, it appears that in such problems, we
can always differentiate three distincts sources of error, namely the bias, the variance and the
irreducible error. The problem is of course to quantify them. Let us demonstrate what they
are and how they can be interpreted, so that we can assert what are the best results we can
hope to obtain. We first restrict the fully general model (3.2) to additive noise channels which
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is of interest in the present thesis and quite a general model in the continuous framework:
Py (§) =¥+ &. We assume first that we want to infer the processing function. The appropriate
object to quantify this estimation error is called the prediction risk:

Ry :=Ey(lly—JI5) (3.3)
=<Ey, (Gu=70°) > (3.4)

where we used that all the measurements are independent. It is the average mean square error
between the observation y(s, €| f) given by (3.2) and the prediction y:= f(sly). The average is
performed over the problem realization y, i.e. over the noise & and the input data s. We could
consider also the case where s is fixed, it would not change the analysis, just at the end the
averages with respect to s in the various sources of error that we will identify would disappear.
f is of course independent of s and &. Let us derive the equations for only one component, the
final result being the average over all the components p € {1,..., M}. We denote f := (f(s)) u
and f := (f(sly)) , and skeep the p1 index for sake of readibility:

Ey (= 97) =Ees (F+E-1)?) 3.5)
=Egs (2 + 2+ f2-2f f+26(F - ) 3.6)

= A+Es (f? - 2fE¢ () +Ee () 3.7)

= A+E (¢ (f5) — Ee(/)? + f2 = 2fEe(f) + Ee()?) (3.8)

= A+ Var(f) + Es ((f —E¢(F)?) (3.9)

= Rp,u (3.10)

1 M

:»R,,:A—/I;vaﬂ (3.11)

where we have used the fact that the noise has zero mean and variance A and that the input s
is independent of the noise & so E¢(f) = f. Three quantities with transparent interpretation
appeared:

e The variance < Var( f ) >=<[Eg ([E,g ( f 2)— Ee( f)z) > which quantifies the average (over the
signal realization) sensitivity of the estimator to fluctuations in the observations due
to the noise. An high variance estimator would change a lot as a function of small
perturbations in the observations and is thus not robust.

* The squared bias < Es ((f — Ez( f ))?) > which represents the systematic error induced by
the estimator if its average with respect to the noise differs from the true processing
function f, thus a constant shift between the estimator and the observations.

¢ The irreducible error A which is the error induced by the precense of the noise (the noise
isii.d thus A, = A). Itis called irreducible as it is purely random and inherently present
in the observations, and thus cannot be canceled in any manner and should not be
fitted.
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Ry

Variance

model complexity

Figure 3.2 — Graphical representation of the bias-variance tradeoff. The horizontal axis is
the model complexity, the black dashed curve is the irreducible error A and the grey curve,
the prediction risk which is the sum of A, the red variance curve and the blue squared bias
curve. The sum of the squared bias and variance terms is the reducible error, that can be
asymptotically canceled if we have access to a very large number of data points or if one has
directly access to the data generating model. The optimal estimator is given by the model with
complexity corresponding to the minimum of R, represented by the green dashed line.

The sum of the variance and squared bias terms is the reducible error as it is the term that can
be lowered by adjusting the estimator. This quantity is a function of the model complexity, i.e.
of the number of degrees of freedom of f or its "roughness"” in the non parametric case. As
the model complexity increases, the bias decreases monotically as the observations are fitted
more accurately but the pay-off is that the variance monotically increases until a point where
it actually overcomes the gain in error due to the bias decrease. The optimal complexity of
the estimator is the one that enables the estimator to fit enough the observations such that
the bias is low but not too much such that the variance is not too high. This is summarized by
the Fig. 3.2. The green line which represents the optimal complexity (i.e. which minimizes
the prediction risk) separates an underfitting regime on its left from the overfitting regime.
The associated optimal estimator is denoted as fopt. The prediction risk cannot fall under the
irreducible error due to the noise, the black dashed line on the plot. The reducible error is the
gap between A and the prediction risk at the optimal complexity on the plot Fig. 3.2.

What about the case of interest in the present thesis, the inference of the signal? The error
estimate of interest in this case is the risk associated to the mean square error. Here one
must be very careful: depending on the authors and especially on the adopted point of view
(frequentist or Bayesian statistics), the risk can be defined in different ways. Here we place
ourselves in the Bayesian framework and assume that we have access to data y but not to
the true signal s. We represent the signal by an auxilliary variable x to which we associate a
posterior distribution P(x|y), see sec. 3.6.1 for details. In this framework, the definition of the
risk R(X]y) of an estimator X is the average of its mean square error MSE with respect to x

21



Chapter 3. Statistical inference and linear estimation problems for the physicist layman

weighted by its posterior:

1 N
MSE(&,s):=||x—s|l5 = NZ(;@- - s)? =< (&-9)*> (3.12)

i

1 N
RRXly) := [Ex|y{MSE(ﬁ,X)} = N Z[ dx;P(x;ly)(x; — .)C,')2 (3.13)

The true MSE (3.12) cannot be computed as s in unknown but R(X|y) can be if we are able to
estimate P(x|y). P(x;ly) is the marginal posterior of x;. This risk, which is the one we refer to
in this thesis, is linked to the so-called Bayesian risk Rp(X) as:

Rp(X) = f dyP(y)R(Xly) (3.14)

where we average over the data for which it is supposed that we have a prior distribution P(y).
But in this thesis we always consider the data to be fixed. See [9, 10] for frequentist definitions
of the risk.

In the special case of a linear orthogonal f and defining the inverse of f as g := inv(f) one can
write:

si=gyi—&) =gy +¢&; (3.15)

which as the same form as (3.2) and where ¢; is a new effective noise. In properly rescaled
problems, &; has also a variance € O(A). Thus all the previous discussion and demontration
remains valid (considering only the average over the noise) and we obtain that the prediction
risk and the risk are equal up to a multiplicative factor R, = cR [9], and thus the three sources
of error remain the same with identical interpretations. This is a priori not justified when f
is not invertible as in the present thesis, where highly underdetermined linear systems will
be studied but nevertheless, the three sources of errors actually remain the same. See [8]
for a very nice introduction about statistical learning and the different sources of error in
inference. [20] recently studied the influence of the reducible error in the prior mismatch case
in the Bayesian framework, see sec. 3.6.

3.1.7 Another source of error: the finite size effects

There are two ways to cancel the reducible error: to have access to an infinite number of
observations generated from the same system or having directly access to the data generating
model. For example if one wants to infer the signal s, P,,;, f, and all the parameters of the
problem 6 including those of the signal 8 in (3.2) must be known. But as the data is finite
N < oo, even when the model is perfectly known and thus the reducible error is inexistant,
there can remain another source of error related to the algorithm that performs inference: the
finite size effects that induce a finite size error ¢(N), where limy_.., €(N) = 0. In the present
thesis, the inference algorithm that we will use is the approximate message-passing algorithm
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derived and discussed in sec. 4.3. It is based on "law of large numbers-like" arguments and
is only rigorous in the limit N — co. Thus when using it on finite size systems, the algorithm
becomes an approximation and this can induce finite size errors.

The optimal estimator (i.e. which has no reducible error) thus verifies:
Riopr =Si+eN) +&; (3.16)

where ¢; is an effective error with variance € O(A) as well when the system is properly scaled.
This discussion shows that to get a good estimator, one must reduce as much as possible
the reducible error and also study carefully the finite size effects associated to the inference
algorithm used to get the estimate.

3.1.8 Some important parametric supervised inference problems

All the problems treated in the present thesis belong to the class of parametric supervised
problems of the form (3.2). A non exhaustive list of such problems could include:

Denoising: f(s) =S, Pyys(100u1)

This is the simplest (in terms of definition) parametric statistical inference problem where one
aims at reconstructing a corrupted signal by a noisy channel P,;;( 0,,;), such as an AWGN
channel of particular interest in this thesis: P,,;(¥|A) = ¥+ & where A is the variance of the
AWGN ¢ with i.i.d components of zero mean.

AWGN corrupted linear estimation problems : f(s|F) =Fs, P,,;(y|1A) =y+¢&

This model, amongst which belongs AWGN compressed sensing and linear error correcting
codes over the AWGN channel, is at the core of this thesis. This is also a parametric problem
as there are few (possibly unknown) free parameters, here the noise variance and some others,
parametrizing the prior knowledge about s, see the section on Bayesian inference sec. 3.6 for
more details about the notion of prior. Denoising over an AWGN channel can be seen as a
particular instance of this problem where F is the identity matrix.

Binary symmetric or erasure channel models : f(s|H) = mod(Hs,2), P,,;(Vl€) =z

where mod(, 2) is the modulo 2 component-wise operation and z; = j; with probability (1 —¢),
z; = % or —j; with probability € for the binary erasure channel or the binary symmetric channel
respectively. Here x means lack of information. These are classical models in communication
theory.

Matrix completion : f(S) =S, Py, (Yle) =Z

where Z;; = Y;; with probability (1 -¢), Z;; = x with probability €, usually close to one. This
problem is fundamental in the field of recommander systems and collaborative filtering,
where prior knowledge about the matrix S can be that it is low rank and one seeks for the
missing entries. Despite its usefulness in common fields, this problem is different from the
unsupervised tasks of clustering or community detection.
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Classification : f(zls,€) = [c; ¢, € ‘6]5\1, Pout@¥) =¥

The classification problem is a canonical problem of parametric supervised learning. The
classifier f(z;|s,¢) ouputs the class c;, € € to which belongs the item z;. Here the vector to
infer s is actually a set of parameters allowing the classifier to perform its task properly. To

do so, one must have a set on inputs objects z!" "

and their associated classes {czgmm}f.v to
teach the classifier how to distinguish between the classes, i.e. learn s which basically draws
plans between the different classes of € in the items space. This problem stands at the roots

of modern image recognition and deep neural networks theory.

The inverse Ising problem : f(s|h,]) = {m;, {Cij}j#l'}ﬁ-v, Pou:(yle,A) =2

where Z; = j; + £ with probability 1 —¢, Z; = x with probability € and ¢ ~ A(£]|0,A). Here,
one has access to partial noisy observations of the means {mi}f.v and two point correlations
{{cijljz l—}ﬁ.V of the variables {si}ﬁv (for example measured experimentally). The aim is recon-
structing the pairwise network of interactions {{/; ;} j;,gi}ﬁ.v between these and the external fields

{hi}ﬁ.v , such that the averages and correlations of the variables computed with respect to the
N,N
i,j#i
problem of great interest especially in phylogenetics and neurosciences. It is useful in any

Ising measure P(s|h,J) «x exp (— > Jijsisj— ng his,-) matche the observed ones. This is a
network reconstruction problems where one does not have access to higher than second order
statistics about the variables that form the networks which is generally the case due to the
restricted size of the samples in biology. This Ising form of the measure is derived by maximum
entropy criterion as we shown in sec. 4.1.3.

Let us now focus on the specific problem of interest in this thesis, namely sparse linear esti-
mation with i.i.d AWGN corruption, but it must be understood that the general methodology
discussed hereafter (particularly Bayesian inference and message-passing algorithms) could
be applied in most of these problems as they are special instances of the general model
(3.2). For example, some references sharing the same methodology as the one developed in
this work could include [21] for classification, [22] for clustering (interesting links between
message-passing and spectral methods can be found [14,15]) or [23,24] for all the details about
inference in communications over binary channels. See [12,25] and the references therein for
applications of the inverse Ising problem, including in biology and [26] for a review of efficient
algorithms to deal with this problem.

3.2 Linear estimation problems and compressed sensing

In this thesis, the studied problems belong to the class of noisy linear estimation problems
under AWGN corruption which general form can be written as:

y=Fs+¢& (3.17)

N
© Y= Fuisi+&u=Fs)y+{, Vuell, .., M} (3.18)
1
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where ¢, ~ A (£410,A) Ve {1,..., M} and we place ourselves in the general continuous frame-
work F e RMN 's € RV, Let us start by underlying some fundamental differences between
interpreting (3.18) as a linear fitting model, i.e. we fit some data as a linear combination of
some basis F vectors, the approximate coefficients being the signal we want to infer or as the
true generating model of the data, i.e. we know that the data has been generated through (3.18)
and we look for the unknown signal s. Despite some common features in terms of algorithmic
techniques that can be used for estimation in both cases, there is a deep difference in the
behavior of the problem as in the latter case, there exist a particular state, the true solution s,
which can have a larger statistical weight than any other approximate solutions. In statistical
physics, the construction of a problem from a given solution such as in inference defines the
so called planted ensemble, see [24,27] for the statistical physics of this ensemble.

3.2.1 Approximate fitting versus inference

For this discussion, we place ourselves in the noiseless setting A = 0. Algebra tells us that the
system (3.18) can be solved exactly if the number of measurements is at least equal to the
number of variables M = N and are linearly independent one of the other. This can be done by
simple matrix inversion, selecting a subset of N lines of the original matrix and the associated
measures and to inverse the resulting system. But this is true only if the observations were
really generated through a linear model such as (3.18), which implies that there indeed exists
a solution to the system. But one could just have access to data without really knowing its
generating process and want to approximately fit these data as a linear combination of some
basis functions or atoms (the columns of F), that form the so-called dictionnary in this context.

Let us consider (3.18) as an approximation model. If the number of observations is M < N,
the system is said underdetermined: there are too many possible solutions, usually an infinite
number. If in contrast, M > N the system is overdetermined and there could be no solution
verifying all the observations exactly. To deal with these situations, one can use the least square
estimate Xy s. It consists in finding the linear combination of the basis functions that minimize
the empirical prediction risk (3.3):

X5 = argmin ||y — FxlI% (3.19)
X

=inv(FTF)FTy (3.20)

:=F'y (3.21)

F* :=inv (FTF) FT is the so-called pseuso-inverse of F. This solution has some caveats such as
the fact that it won’t produce any sparsity in the solution which can make the interpretation of
the solution quite complicated as previously discussed in sec. 3.1.5. More advanced methods
such as the sparsity inducing LASSO which will be presented in sec. 3.4, solved by linear
programming techniques, can be used to improve the interpretability by sparsifying the
solution. If an approximately sparse solution is found, it means that the data can be thought
essentially as linearly depending on a small subset of features, the basis vectors associated
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to the estimated non zero components of the fit X, selected among an original larger set of
possibilities: this is called model selection. An ensemble of advanced techniques exist to deal
with fitting linear models, details can be found in [8, 10].

But what happens if we know that the data has actually been generated by the linear model
(3.18)? The notion of overdetermined system loses its senses. For any M = N, finding the
solution is trivial because it exists. Inference for sparse linear models thus deals with situations
where M < N, or even M <« N but we know that the linear system have a solution for sure as
the data was produced in this way, which makes all the difference. One could think of the
least square estimate as a strategy, but in an inference problem, the aim is not to minimize the
prediction risk but the mean square error (3.12) and a minimum prediction risk solution can
(and will in most of the cases) have a very high MSE.

So how to do? Still, albebra requires as many constraints as variables to infer over. Hopefully,
additional input information about the solution can counterbalance the missing constraints:
sparsity is our savior.

3.2.2 Sparsity and compressed sensing

A new paradigm in signal processing is the notion of sparsity and compressibility : a signal
is said to be K-sparse if there exist a basis ¥ in which the representation of the signal in it
has only K components that are non zero, that we call its support. A K-compressible signal
is a signal that is "well" approximated by a K-sparse one. More precisely, if the signal is
approximated by keeping only its K components with largest amplitude in an appropriate
basis, then the ¢, norm of the difference between this approximation and the signal in this
basis decays as a power law:

llsk —sll, < CK™" (3.22)

for some constants C and u > 0 where sg denotes the best K-sparse approximation of the
compressible signal s. It basically means that the amplitude of the sorted components of s
decays at least as a power law, see [28] for more details on this notion. In this thesis, I will
sometimes use the terminology of sparse signals even for compressible ones.

Compressed sensing, introduced 10 years ago in a series of papers by Donoho, Candés, Tao
and Romberg [29-32] is the theory and ensemble of techniques behind the measurement
protocol and reconstruction process of sparse and compressible signals from few (noisy or
not) linear observations. Mathematically speaking, it is the field of research focused on solving
a priori undetermined systems of linear equations, using sparsity assumptions about the
solution. A very nice and simple introduction to compressed sensing (seen from the convex
optimization point of view) can be found in [33], see [34, 35] for the probabilistic point of view
as adopted in this thesis.

Another fundamental aspect of compressed sensing, complementary to sparsity, is the notion
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of coherence. In order to be able to infer back the sparse signal s from a model like (3.18), the
measurement (or "sensing") matrix F must be as incoherent as possible with the sparsifying
basis ¥ of s. It means that each basis vector of F must be as orthogonal as possible to all the
basis vectors of ¥ at the same time or equivalently any basis vector of F cannot be expressed
nor well approximated by a sparse linear combination of the basis vectors of ¥. In this way, all
measurements y, will contain an approximately equal amount of information about all the
components of s expressed in W. Intuitively, the O(K) measurements select a set of possible
solutions to the linear system (3.18) and the sparsity assumption select among these the
sparsest one which can be unique in the noiseless setting. As this solution has only K non zero
values, the O(K) measurements are enough to fix their amplitudes. The coherence between
two matrices A and B is formally defined as:

(A, B) = ml max_[(A.1)B.| (3.23)

which is thus a direct measure of the correlation between the matrices.

Constructing a maximally incoherent sensing matrix for a given sparsifying basis ¥ is a
computationally very hard problem and cannot be solved in general. But here the intuition
suggesting that a purely random sensing matrix (that we will always take i.i.d Gaussian) must
be highly incoherent with any W with high probability (i.e. tends to one as the matrices size
diverge) is valid. Indeed, drawing a random i.i.d Gaussian matrix will give rise to basis vectors
uncorrelated with the ¥ ones, exactly as a white noise has a flat spectrum in any basies. This
is one among many others advantages of working in high dimensions. It is quite instinctive to
see that in a very high dimensional space parametrized by some basis, if you draw a random
vector, it has very low probability to be close to aligned to one of the vector basis as there
are so many available directions. Working with random Gaussian i.i.d matrices has another
great advantage: it allows to perform analytical predictions in the large size limit N — co using
techniques mainly based on "law of large numbers like" arguments, standing at the roots of
the state evolution analysis, see sec. 5.3.

Reconstructing s from the knowledge of the measurement matrix F and few AWGN corrupted
observations y given by (3.18) is thus a compressed sensing problem as long as s is sparse
and F is "random enough" (this notion will be studied in great details in the chapter about
structured operators in compressed sensing, chap. 7). The knowledge of the sparse nature of
the signal allows one to solve the reconstruction problem in an efficient manner.

What does an efficient manner actually means? First, compressed sensing theory shows
that for a K-sparse signal of size N, its reconstruction can be performed from a number of
linear observations that grows with K instead of N. So for very sparse signals with a density
p := K/N « 1, the theoretically required number of measurements can be very low. This is
litterally a revolution in signal processing as it overcomes the Shannon-Nyquist theorem that
states that if some physical signal’s highest represented frequency is f (the so-called Nyquist
rate), i.e. its Fourier coefficients are all zeros for any frequency higher than f, then at least
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2 f discrete samples of this signal are required for perfect reconstruction. Basically, it means
that without any prior knowledge about a signal of size N in its discrete representation, O(N)
measurements are required to estimate it, and this independently of its true informational
content, usually carried by a small support of size K < N.

Assume that you want to measure a pure sinusoidal signal with very high frequency oscillations.
The Shannon-Nyquist theorem a priori constrain you to perform many measurements of this
signal. But if in addition you have now the prior knowledge that this signal is a pure sinusoide,
you can use this supplementary information on the sparsity of this signal in the Fourier
space to infer it from far fewer measurements. This is what compressed sensing is all about:
performing the very least number of operations for estimating a signal.

The terminology compressed sensing comes from this paradigmatic change. In usual sens-
ing/compression strategies, one performs many measurements, where again "many” is fixed
by the Shannon-Nyquist theorem. Once the signal has been estimated, one can try a posteriori
to find a sparsifying basis for it and thus locate its zero or small components: this is performed
thanks to compression algorithms such as JPEG2000 for images or Fourier analysis for sounds.
At the end one stores only the informative support of the signal. This two-steps procedure
is quite inefficient: most of the O(N) performed measures contain highly redundant infor-
mation as the zeros of the signal do not contribute to them, and thus they correlate only the
K informative components. This is why afterwards compression can be done, thanks to this
inherent redundancy contained in the observations obtained by usual sampling techniques
applied to sparse signals.

Compressed sensing is an "all in one" procedure that optimally uses all the knowledge one
have about the measured signal, at least in the Bayesian framework (convex optimization
procedures discussed in sec. 3.4 usually only assume sparsity as opposed to Bayesian inference
sec. 3.6 that allows to integrate more information in the model). By carefully designing the
measurement protocol, one can maximally reduce the redundancy inside each sample which
drastically lower the required number of them. This allows to directly reconstruct the most
compressed form of the signal in a fixed sparsifying basis, chosen thanks to the a priori
knowledge about the signal: The signal I want to measure is a natural image, so I know that
it is a priori sparse in the wavelet basis. 1 will thus try to directly estimate the few important
coefficients of the signal in this basis. My signal is a sound, so it should be sparse in the Fourier
basis, etc..

3.2.3 Why is compressed sensing so useful?

In many applications, measurements can be costly in energy, time and money and reducing
the required number of such samples can have a great impact. But one could ask that despite
compressed sensing is a beautiful mathematical theory that should allow for great improve-
ments in signal processing, is it actually relevant for real life applications? The anwser is yes.
The notion of sparsity or compressibility of a signal is not only a great theoretical property but
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also an actual feature of virtually all signals in the nature. The following hypothesis appears to
be almost always validated: if a signal carries some information, it must have some kind of
structure in an appropriate representation, i.e. it is not pure noise, the only signal for which it
exists no sparsifying basis. We will focus in this manuscript on some important applications
such as image reconstructions (see chap. 8) and error correcting codes for communications
(see part. IV) but we can name many others. A non hexaustive list of relevant examples could
include:

* Medical imagery such as in magnetic resonance imagery [36] where the measurements
are very long and costly. Sparsity of the image in the wavelet or discrete cosine basis
can be exploited to lower the number of required measured Fourier coefficients to
reconstruct good quality images.

* Deep space imagery and radio interferometry [37]. Probing the deep space is highly
costly as massive telescopes are required, preferably all over the world to perform inde-
pendent measurements. But many features of interest are highly sparse in appropriate
basies such as intensity fields of compact astrophysical objects or the imprint of cosmic
strings in the temperature field of the cosmic microwave background radiation.

* New optical devices such as one pixel cameras [38]. Imagine that some highly accurate
new sensor is really costly. Thanks to compressed sensing, a unique sensor can be used
to measure images.

» Still in the field of optics, people are nowadays trying to use the randomness of physical
media such as layers of white paint as the compressive imaging device [39]. Scattering
media are thus promising candidates for designing efficient and compact compressive
imager. In parallel, algorithms for the estimation of the sensing matrix generated by
natural scattering media are developed [40].

* Compressed sensing is also applied in acoustics, for example in problems of vibrating
source localization [41] or sampling of the 3-d acoustic field and the room impulse
responses [42], that characterize the reverberation properties of the room. In both
applications, the number of microphones required can be greatly reduced using com-
pressed sensing techniques because, for example, the room impulse responses can be
considered sparse in the time domain. This could be applied in virtual reality, video
games and electronic music, where the use of a space-varying reverberation extracted
from real environments improve the impression of immersion.

* Compressed sensing has a great potential in group testing with applications in genetic
screening, compressed genotyping or optimal blood testing [43]. Imagine you have
many samples of blood and you know that few of them are infected. How to opti-
mally mix samples to reduce the number of required tests to find the infected samples?
Compressed sensing theory answers this question.
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¢ The applicability of compressed sensing theory is nowadays also extended to problems
with high computational cost. It can help to greatly lower the complexity of some matrix
reconstruction problems such as the computation of sparse Hessian matrices, useful in
density functional theory [44].

The list could go on for a while: radar detection, efficient measurements and reconstructions
of complex wave functions, data compression, efficient analog-to-information conversion,
etc. A massive list of applications can be found online: http://dsp.rice.edu/cs, http:
//nuit-blanche.blogspot.fr.

Summing up, compressed sensing theory answers the questions: how one should design
an optimal measurement process for a signal for which we have some information, such as
sparsity. And how to reconstruct it efficiently from this few optimal measures. Compressed
sensing will ouput the sparsest solution to a problem, and is in this sense a kind of modern
Occam’s razor: it finds the "minimal solution" to the problem and this from the minimal
amount (or close to) of information theoretically required to solve the problem.

Let us now focus on the second fundamental efficiency aspect of compressed sensing. Now
it is well defined, one could argue: All that is really nice, at least on the paper, but can the
estimation problem be actually solved in an amount of time which is not of the order of the age of
the Universe? In other words, are there efficient algorithms that can solve a given compressed
sensing problem in a fast way? Fortunatly yes. An extensive subfield of research in compressed
sensing focuses on developing such computationally efficient and yet accurate solvers, like in
the present thesis. We will expose the two actual main ways of solving a compressed sensing
problem, but before that we present some basic notions of complexity theory.

3.3 The tradeoff between statistical and computationnal efficiency

With the explosion of the size of the data sets generated in modern scientific, medical, social
and economical applications, a major point to consider in todays inference techniques is the
tradeoff between statistical and computationnal efficiency. A statistically efficient algorithm is
able to infer the desired quantity accurately while remaining robust in spite of the precense of
noise. This can be quantified by error estimators such as the MSE (3.12). A computationnally
efficient algorithm has a low complexity, i.e. it requires a number of fundamental operations
to perform its task that scales "nicely" with the size of the input and output data. Lets precise
this point by introducing the very basics of complexity theory, without the goal to be complete
nor rigorous.

3.3.1 A quick detour in complexity theory and worst case analysis: P # NP ?

Complexity theory aims at grouping into complexity classes the set of all problems that can
be solved by computers. It exists a full zoology of such complexity classes. Let us formalize a
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bit this idea. Let us denote a generic problem by W. For example, considering the core of this
thesis, the AWGN corrupted linear estimation problem, ¥ would be given by ¥ = "find s from
the generic model (3.18)". ¥ denotes a given realization or instance of ¥ which would be in
the present case a particular realization of the random noise vector &, of the sensing matrix F
and of the measured signal s in (3.18).

Complexity theory is based on the notion of worst case analysis : a problem ¥ belongs to a
given complexity class if its "most difficult instance" { belongs to this class. The most difficult
instance is basically the one that requires the largest number of operations to be solved among
all the instances {1} of ¥. The main complexity classes of interest for us are the so-called
polynomial time P and non-deterministic polynomial time NP classes. In order to define
them properly, we would need to introduce concepts such as Turing machines which are out
of the scope of the present thesis and can be found in any text book on complexity theory or
computer science such as the very nice books [18,45]. Let us define them in a more handwavy
way.

We define a problem ¥ to belong to the P class if there exist an algorithm able to solve
any of its instances {y} performing a number of fundamental operations (such as additions,
multiplications, etc) that scales as a polynomial in the size of the problem O(N ky where N is
the number of variables of the solution we are looking for. We would say that a problem in P is
"easy" i.e. can be solved efficiently. This idea of simplicity of problems in P is referred as the
Cobham’s thesis. Such problems include testing whether a number is prime, calculating the
greatest common divisor or finding a maximum matching in a graph. In contrast, problems in
NP are usually referred as "hard" problems. A problem is said to belong to the NP class if no
algorithm is known yer to solve all of its instances (inluding the hardest one) in a number of
operations bounded by a polynomial in the size of the solution, but if one is given an a priori
solution to any instance, it can be checked efficiently if this is actually a solution as declared
or not. The complexity of NP problems usually scale as an exponential in the problem size
O(e") which becomes very quickly intractable by brute force combinatorial methods.

From the moment an algorithm can provably solve efficiently a problem, it is known to be in
P but it is really difficult to assert that a problem is notin P, or is in NP as it would require
to prove that no efficient algorithm exist for the hardest instances of this problem. This
emphasize the most fundamental question of complexity theory and computer science: Is
P # NP? No one knows a proof or disproof of this assertion despite that most scientists think
nowadays that there actually exists a fundamental difference between these two classes, i.e.
there are problems that arereally difficult, and will remain difficult in the future.

3.3.2 Complexity of sparse linear estimation and notion of typical complexity

All these are very general considerations, but what about the core problem of this thesis (3.18)?
Unfortunately, this problem is thought to be NP which makes it a priori intractable. This is
also what makes this problem interesting from a theoretical point of view, in addition of its
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great applicability as we have seen in sec. 3.2.3. Fortunatly there exist efficient ways to solve
such problems, and it is the subject of this thesis. As we said, complexity classes are based on
the notion of worst cases, but what about typical cases? A typical case is an instance ¥ that you
would pick by selecting one at random in the set of all possible instances {1/} of the problem ¥
when N is large. It represents a kind of "average case". In many inference or combinatorial
optimization problems, hard instances can be quite paradoxally very difficult to generate,
most of the instances being easy: the hardest instances define the problem ¥ to be formally
in NP but the typical instances place ¥ inside P in an effective way. And hopefully, many
problems have lower typical complexity in proper regimes than what their worst case analyzes
tell us. Further details about the typical complexity of the problem will be presented when
discussing the phase diagram of the problem in sec. 5.1.

3.4 The convex optimization approach

How to solve a compressed sensing problem efficiently? The first methods were based on
convex optimization methods. Let us review the very basics of this appoach that is not the kind
of methods used and studied in this thesis but quickly presented here for sake of completeness.
Very nice and complete reviews can be found such as [8, 46-48].

3.4.1 The LASSO regression for sparse linear estimation

The goal is thus to find the sparsest solution among a huge set of admissible solutions to (3.18).
Mathematically one must be able to find the (hopefully) unique solution Xy to (3.18) that has
the smallest /o norm which is defined as the number on non zero components of a vector.
Unfortunately, this problem is NP and non convex: there exist no convex function such that
its minimum is provably given by X, for any measurement rate a := M/N > p := K/N, the
information theoretical bound. To face this, the problem is relaxed by replacing the constraint
of /¢y minimization to an ¢; minimization, which makes the problem convex. This problem is
referred as the LASSO (Least Absolute Shrinkage and Selection Operator) regression:

X; = argmin |[x||; such thaty=Fx (3.24)
X

which becomes in the noisy setting

%) = argmin ||x||; such that |ly—Fx||5 <e (3.25)
X

©%; = argmin |ly — Fx||5 + Al[x||; (3.26)

X
where the second form is totally equivalent to the first one for a properly selected slack
parameter A, which is here to balance the relative weight of the sparsity constraint with the

observations. € is some small threshold relaxing the hard contraint of perfectly verifying
the linear constraints, which takes into account the precense of noise. It appears that for a
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measurement rate « > apr(p) > p, the solution to the LASSO problem is provably equal to
the one of the intractable ¢y optimization problem: X; = Xy. apr(p) is called the Donoho-
Tanner transition [49] and defines the best performances one can reach asymptotically with
convex optimization based methods, see sec. 5.1.1: polynomial-time optimization solvers
or greedy algorithms can solve the problem from O(Klog(/N/K)) measurements, not O(K).
Unfortunately this transition is far from the optimality a = p and this is why we need different
methods to improve the results such as Bayesian inference (sec. 3.6) combined with spatial
coupling (sec. 5.5) which is asymptotically optimal. If one knows some more information
about the solution than the simple sparsity, more advanced models such as group sparsity, tree
structures, etc can be constructed and solved by convex optimization [28]. This can reduce the
number of required measurements but in the general setting of purely sparse signals, convex
optimization based approaches are not optimal from an information theoretical point of view.

3.4.2 Whyisthe /; norm a good norm ?

Why is the ¢1 norm the appropriate sparsity inducing one? Smaller p-norm are non convex
but nothing prevents from taking a higher order norm such as the ¢, one. In this case the
convex problem to solve is:

%, = argmin ||y — Fx||5 + Allx]|3 (3.27)
X

Solving (3.27) is refered as the ridge regression problem [8]. Let us try to understand why is
the /1 norm minimization the proper choice, i.e. why LASSO overcomes ridge regression in
solving sparse linear estimation problems. Let us define s = [1,€].We assume € > 0 without
lose of generality. Its £, and ¢, norms are:

lIsll; = 1+€ (3.28)
lIsl|3 =1 +¢* (3.29)

What happens to these if we reduce one of its component by a small positive quantitiy § such
thatd <ex 1.

lls—10,6llh=1+e-6=]Islli =6 (3.30)
lls—1[6,0llh=1+e-6=lIsllh -6 (3.31)
lIs—[0,81115 = 1 +€* - 25€ + 62 = |Is||5 — 26¢ + 6~ (3.32)
lIs—[5,0]15 = 1 +€* — 28 + 6% = ||s||5 — 28 + &2 (3.33)

So we now understand that reducing small components almost does not affect the £, norm
that tries in opposite to reduce larger ones and spread the power and thus would prevent
sparsity whereas the ¢, norm is affected in the same manner as small or large components are
reduced, allowing to cancel easier components that should be. So it is more that higher order
norms prevent sparsity, £1 optimization does not.
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Figure 3.3 — Geometrical interpretation of why the ¢; norm is the appropriate sparsity inducing
one. The ellipses are iso-MSE lines. The green parts represents subspace with bounded ¢, and
¢, norm on the left and right plots respectively. The red point is the intersection between the
further allowed iso-MSE line and the region bounding the norm of the vectors inside. We see
that the intersection point which is the final estimate of the procedure cancels a components
in the ¢, optimization case whereas it would not choosing the ¢, norm.

It can be understood in a more geometrical way as well. The optimization problem (3.25) has
two parts. The first one enforces the linear observations to be fulfilled up to some error €. This
selects a subspace with smooth bounds (due to the £, norm) such as the ellipses represented
on Fig. 3.3 which extent is fixed by the relaxation parameter ¢. Then one has to find the vector
with smallest norm intersecting this region (the red point on the figure): it is the estimate X.
Vectors with a bounded ¢, norm belong to a ball (the disk on the figure), whereas with an
¢; norm they belong to a polytop with sharp corners on the axis of the frame. So with high
probability, the intersection point between the two regions will be on a axis in the ¢, norm
case and thus some components will be put to zero, whereas no components will be canceled
in the ¢, norm case due to its smooth nature. This phenomenon is even more pronounced in
higher dimensions.

3.4.3 Advantages and disadvantages of convex optimization

In the present thesis, the methods that we will use are based on the Bayesian inference
(sec. 3.6) due to its improved performances and phase transitions, see sec. 5.1.1. Nevertheless
convex optimization methods are still used by many people and the field of research still
very active. This is because despite not being optimal, convex optimization approaches have
many advantages. The first one is the fact that optimization of the form (3.25) can be easily
converted into linear programs and there exist a massive set of very efficient techniques and
solvers combined with a well known theory of linear programming [46, 50]. Furthermore, by
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the very definition of what a convex problem is, the problem to solve (3.25) always have a
unique well defined solution. Modern solvers such as ¢; magic [51] or NESTA [52] can solve
compressed sensing instances in a quite fast way with convergence guarantees.

Another strong advantage of these methods are their robustness. Robust in the sense that a
given solver can be used for a very large class of convex problems. "Details" of the instance
such as the sensing matrix realization or the structure of the signal that can be more com-
plicated than just sparse are mostly irrelevant: any convex optimization solver will do the
job and output a solution, despite being usually not the best one in the sense that more ad-
vanced solvers, such as based on Bayesian inference, could have found a lower MSE solution
for the same problem if properly used. The pay-off is that Bayesian inference requires the
computation of problem dependent quantities, but it is what makes it more powerful as well:
a Bayesian solver is specifically designed for a problem and thus performs generally better
than a more general convex optimization solver.

3.5 The basics of information theory

Before to present the methodology of Bayesian inference, which is a statistical method, we
present some fundamental concepts of information theory. The aim here is not completeness
but really focus on the notions relevant for the present thesis and that are deeply connected to
the statistical physics concepts. Very nice and complete books can be found as [7, 23] for a
computer science and communications point of view and [24, 53] for an emphasize on the
links with statistical physics. In this section, we use capital letters for the random variables,
small letters for their realizations, or events.

3.5.1 Incertitude and information: the entropy

The fundamental object to quantify the information carried by some random variable X ~
Px(x|0), interpreted as a message sent to a receiver in the field of communication theory, is its
Shannon entropy [54] or just entropy defined as:

H(X|0):=Ex (log2 (l/PX(xIB))) = —fdeX(xIB)log2 (Px(x10)) (3.34)

The object log, (1/P(x10)) can be interpreted as the suprise of the event x: the less probable x
is, the larger the surprise of observing it is. The informative content of X is its average surprise,
the entropy. It can be interpreted the other way around: the entropy measures how much
incertitude (i.e. lack of information) we have about X before its realization x is observed, thus
how much information we gain once observed. We thus speak of information, uncertainty
or incertitude in the same manner, defined as the entropy. Information is more appropriate
when X has actually been observed, and incertitude when it has not yet. We could say that
there is a fundamental conservation law linking information to incertitude: the information
gained in observing some random variable realization compensates exactly the incertitude we
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had about it before the observation, measured by the entropy. We can make a parallel with
an isolated mechanical system. Its total energy is conserved, and its dynamic is the result of
the conversion of potential energy into kinetic one. The incertitude can be interpreted as the
potential energy and the information as the kinetic one.

A deterministic event has no entropy: we know everything about it, and thus gain nothing
when observed. The other extreme case is the equidistributed random variable: we dont have
any clue about what we will observe so our uncertainty about it reaches its maximum and thus
we gain a maximum information observing its occurence. This is formalized by the second
equality that verifies entropy in the next properties.

Why is this logarithm? It can be justified by rational arguments. Actually, the entropy is the
only function verifying a number of necessary conditions for a coherent definition of what
information is, including the previous remarks. We assume that X have n possible outcomes
(we skeep the possible dependence on parameters):

H(X) = 0 with equality only if X is deterministic. (3.35)
H(X) <log,(n) = HU), U ~ 1/n, the constant distribution over n events. (3.36)
HX,Y)=H(Y,X) (3.37)
HX,Y)=HX)+ HY|X)=H(Y)+ HX]|Y) (3.38)
H(X,Y) < H(X) + H(Y) with equality only if Pxy (x,y) = Px(x)Py(y) (3.39)
H(Z|X,Y) = H(Z|X) with equality only if Pzy(z,y) = Pz(2) Py (y) (3.40)

The logarithm is in base 2 because the natural unit of information in communication is the bit
as messages are usually coded in binary form. Thus an equiprobable binary random variable
carries 1 bit of information by definition. This convention can also be justified interpreting
the entropy as the number of dichotomic operations to perform (or minimum number of
necessary yes/no questions to ask) to find the answer to a problem where all the answers are
equiprobable, so in the worst case in a sense.

The first equality tells that there is no such thing as negative information: we cannot lose
information from any new observation of a random variable realization, at worst we gain
nothingin the case of a deterministic event. Let us demonstrate the fourth one for the example:

H(X,Y)=- f dxdyPxy (x,y)10g, (Pxy(x,)) (3.41)

=- f dxdyPxy (x,y)10g, (Pxy (x1y))) — f dxdyPxy (x,y)1og, (Py () (3.42)

=- f dyPy (y) f dxPxy (x|y)log, (Pxy (x]y))) - f dyPy (y)log, (Py(»)) (3.43)
) :=H(X|Y) ’

= H(X|Y)+ H(Y) (3.44)
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where we skept the possible dependency in parameters. This equality tells that the total
information or incertitude carried by a couple of random variables (X, Y) can be decomposed
as the entropy of Y plus the conditional entropy H(X|Y): the remaining incertitude about X
once Y has been observed, or equivalently the additional information that the X observation
would bring that has not already been obtained through the Y observation alone. The role of
X and Y can be switched from the third equality. The fifth equality tells that the incertitude
about a couple of random variable is maximum when they are totally independent, so knowing
one’s realization does not help to infer anything about the other one. Finally the last equality,
that seems natural now we understand what information and incertitude means, tells that
knowledge about more random variables realizations can only lower the incertitude about
another one, and at worst does not bring any new information when they are independent.
Equivalently it means that the information brought by observing a random variable realization
having already observed two other ones cannot be larger than the information brought by
observing it having already observed just one other random variable realization.

Links with the Boltzmann entropy S = kg log (W) of statistical physics can be established (W
is here the number of microstates of the system). From the information theoretical point of
view, it can be interpreted as the number of bits (up to a multiplicative constant as the natural
logarithm is used in physics) required to encode all the accessible microstates of the physical
system with constant energy, i.e. in the microcanonical ensemble. The Boltzman constant
is just here to fulfill the dimensionality requirement that the Boltzmann entropy times the
temperature has the dimension of an energy. The entropy of a physical system can also be
seen as its associated incertitude as it quantifies the information one would gain by measuring
precisely its microstate, which is impossible in practice.

3.5.2 The mutual information

Now we have formalized the measure of information or incertitude carried by random vari-
ables, a natural question is the definition of a measure (X, Y) of the degree of correlation
between random variables, i.e. how much information observing one of them brings about
the other one: the mutual information. One could think that the previous definition of
conditionnal entropy would do the job, but it is not symmetric with respect to X and Y.

Assume you first observe Y (the output of a noisy channel for example), then what is the
remaining incertitude H(X|Y) on X (the sent codeword)? It is the total incertitude about X,
H(X) minus the information gained about X (or equivalently minus the incertitude lost about
X) from the observation of Y’s realization, I(X, Y). Thus:

HX|Y)=HX)-I1(X,Y) (3.45)
=>I(X,Y)=HX)-HX|Y) (3.46)
=HX)+H(Y)-H(X,Y) (3.47)
=H(Y)-H(Y|X) (3.48)
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where the two last equalities were obtained using the property (3.38) of the entropy. We obtain
a symmetric measure of the information contained in each variable about the other one, or
equivalently how much the observation of one of the two variable reduce the incertitude
on the other one. The equality (3.47) can be interpreted rewriting it as H(X,Y) = H(X) +
H(Y) - I(X,Y): the total information carried by the couple (X, Y) is the sum of the individual
informations minus the information counted twice, the mutual information, due to the
correlations between the two variables. The mutual information is null when the two variables
are independent, so observing one does not bring any information about the second one. Thus
mutual information can be seen as a measure of how much the correlated couple of variables
with probability measure Pxy (x, y) deviates from independent ones with measure Px (x)Py ().
Is there a way to formalize this notion? The answer is given by the Kullback-Leibler divergence.

3.5.3 The Kullback-Leibler divergence

The appropriate object for estimating "distances" between distributions P(x) and Q(x) is the
Kullback-Leibler divergence. It measures how well the distribution Q describes the probabilis-
tic structure of P. It is defined as:

KLP||Q):=F (1 (P(X))) fd PX)1 (P(x)) (3.49)
= 0g, | —1||= | dxPx)log,| —— .
p (108, 0w 82 Q)

This is not really a distance as it is not symmetric nor verify the triangular inequality but still
verifies the properties we are interested in: KL(P||Q) = 0 with equality only if P = Q. Now
we can estimate how much Pyy differs from a factorizable measure Px Py like if (X, Y) were

independent:
KL(Pxy||PxPy) :fdxdyPXy(x,y)logz(M) (3.50)
Px(x)Py(y)
B PX|Y(X|y))
_[dxdyPXy(x,y)log2 (—Px(x) (3.51)
= f dxdyPxy (x]y)Py (y)log, (Pxy (xy)) — f dxdyPxy (x,y)log, (Px(x)) (3.52)
= f dyPy(y) f dxPxyy (x|y)log, (Pxy (x[y)) — f dxPx(x)log, (Px(x)) (3.53)
=-HX|Y)+ H(X) (3.54)
=I1(X,Y) (3.55)

where we have used the marginalization property [ dyP(x,y) = P(x). We find back the mutual
information, the measure of how much random variables are correlated, i.e. how much their
joint distribution is "far" from the factorized form: the greater the Kullback-Leibler divergence
is between Pxy and Px Py, the more correlated are X and Y and thus their mutual information
is larger.
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3.6 The Bayesian inference approach

Bayesian inference stands at the roots of today’s most sophisticated inference algorithms and
signal processing techniques for matrix reconstruction problems such as compressed sensing
and dictionary learning, error correcting codes, artificial intelligence, statistical arbitrage and
classification, large scale analysis of economical market or astrophysical data, bio-infomatics
and phylogenetics algorithms, decision making in automated systems such as planes, pattern
recognition, optimal control theory, decision helping for judges in courtroom or physicians
with automated diagnostics. It is even used in philosophy and social sciences. The list could
go on.

The strength of Bayesian inference resides in its very definition of being a general method
for combining in a mathematical model all the observed data and the a priori information
one have about the studied phenomenon or system. Let us formalize the basic principles of
Bayesian inference, that are useful in the present context. We thus focus on the sparse linear
estimation problem (3.18) but the method presented here is quite general. Many very nice
references can be found for more details [7,24]. In particular, [10] discusses the advantages
and weaknesses of Bayesian inference with respect to the frequentist statistical methods.

3.6.1 The method applied to compressed sensing

Again, the problem is estimating s as accurately as possible from the knowledge of the fi-
nite data y generated from the linear relation (3.18) where the sensing matrix F is known
too. Estimating the matrix as well can be of interest such as in matrix factorization or blind
calibration problems [11, 55-60] but is out of the scope of the present thesis. This is done by
optimizing some deterministic cost function (3.25) in the convex optimization approach, but
in the Bayesian setting, we use a probabilistic point of view. To do so we define an intermediate
vector x to represent the signal, with its associated probability distribution P(x|y, 8) given the
observed data and some parameters linked to the prior knowledge about s (the dependence
on F is implicit). From the simple yet very powerful Bayes formula which form the core of
the Bayesian methodology, this posterior distribution is obtained as the product of the prior
distribution Py(x|@) and the so called likelihood P (y|x, 0):

Py(x|0)P(ylx, 0) :Po(XIH)P(ylx,B)
[ dxPy(x|0) P(ylx,8) P(yl6)

Pxly,0) = (3.56)
The likelihood is the probability of the observed data given that the input would have been x
and the model parameters 8. It is obtained from the generating model knowledge: it enforces
the signal estimate to verify the system (3.18), i.e. to give back the actual observations. In
the AWGN case, the proper form is naturally given by a product of Gaussian densities: the
measures are independent of each other from the random design of the sensing matrix and
the authorized fluctuations of the estimated observations y := Fx around the actual ones y are
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Gaussian distributed due to the Gaussian nature of the noise:
M
Plylx,A) = [[A (yul (Fx) 4, A) (3.57)
u

= We){p —illy—FX”z (358)

1/p
where we remind that ||y|[, := 1/M ( Zéw lyilP ) is the rescaled ¢, norm. The prior allows

to include assumed knowledge about the solution s. From now on, the parameters 8 are
considered fixed but we will see in sec. 4.3.8 how these can be learned efficiently in the
Bayesian framework if unknown. So if one assumes sparsity about the signal and the fact that
each of its entries have been generated independently from the same distribution, a proper
factorizable prior would be of the form:

N ~
Pox10) =1 —p)6(x;) + pp(x:10)] (3.59)
i

where the parameters 6 = [p, 8] are the probability p for a component to be part of the support
(sometimes referred as the density of the signal) and the parameters 8 that parametrize the
distribution ¢( |) associated to the support components. This distribution can be shaped as
desired. This is in part thanks to the flexibility of the prior that Bayesian inference overcomes
convex optimization procedures, if used properly. This distribution is defined independently
of the observations: using the data to estimate the prior would be a mistake as the information
contained in the likelihood and the prior would be redundant.

Finally P(yl0) = Z(y, 0) is the unknown probability of the data independently of the signal (at
fixed parameters 0), which can be interpreted as a partition function. P(x|y,8) is called the
posterior because it is defined afterwards the data y has been obtained.

Convex ¢; optimization procedures generally just "know" about sparsity of the solution,
whereas way more information about the solution structure can be included in the Bayesian
setting through the prior, such as how sparse the signal is (thanks to p) or what is the pre-
cise distribution of the support components. We could even design a prior enforcing hard
constraints, i.e. that strongly correlates the components of x, such as in the superposition
codes studied later in this thesis sec. 9 or component-wise priors, assuming that all the signal
components could have been generated from different distributions. This is for example
studied in [21] but is out of the scope of this thesis, where we always consider the signal
components to be i.i.d. This additionnal information (if matching well the true features of
the signal) allows inference from less data than convex optimization requires. As we will see,
Bayesian inference actually allows asymptotically to reach optimality in two distinct senses: i)
It allows to solve the inference problem (3.18) from the lowest possible sampling rate a = p
corresponding to as many samples as support components. This will be possible thanks to
message-passing sec. 4.3 combined with spatial coupling sec. 5.5, a technique intensively
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used in this thesis. ii) It can find the solution that has the lowest M SE among all approximate
solutions, i.e. the minimum mean square error M M SE estimator. This is possible only if the
prior is the true distribution that has generated the random signal s: we call this the prior
matching or Nishimori condition where the second denomination comes from the statistical
physics vocabulary. In this case, the estimator is said to be Bayes optimal: the reducible error
is canceled and it remains only the irreducible and finite size errors, see sec. 3.1.6.

3.6.2 Different estimators for minimizing different risks: Bayesian decision the-
ory

Let us assume that we are able in some way to obtain the true posterior distribution (3.56),
which is actually a NP problem (see sec. 3.3). Actually this thesis is mainly about the ap-
proximate message-passing algorithm derived in sec. 4.3 which is able to efficiently solve
it.

The question now is how can we actually use the posterior to perform inference and estimate
s? The answer resides in the Bayesian decision theory. Very nice courses on the subject
are [7,61,62]. From this posterior, three different decisions seem naturals, each minimizing a
different risk definition. We already defined the risk (3.13) in sec. 3.1.6 but its definition can
be actually extended. We remain in the Bayesian framework considering the data y fixed as
in sec. 3.1.6. In full generality, the risk associated to a loss E(X,x) (i.e. an error estimate) is its
average with respect to the posterior distribution of the signal at fixed data:

R®Xly) ::fde(xly)E(f(,x) (3.60)

It depends on the estimator X and the data. The auxilliary vector x for which we have the
posterior P(x|y) (3.56) represents the signal s that we don’t know. The posterior can depend on
parameters 6, but we drop this dependency for simplicity. (3.13) is thus (3.60) where the loss
E(%,x) is taken to be the MSE(X,x) (3.12). The associated Bayes risk is (3.14).

A Bayesian decision is just an estimator that minimizes some risk. An important remark is that
from (3.14), it is easy to see that if X* is an estimator minimizing the Bayes risk (3.14) then:

0% R(X) =0 (3.61)

= (Ox f dyP(y)R(fcly)) & (3.62)

= f dyP(y)dsR&ly) |- (3.63)

= 03 R(Xly) =0 (3.64)
= X" = argmin R(X) = argmin R(X]y) (3.65)

Thus minimizing the risk or the Bayes risk to take a decision by defining an estimator X* is
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actually perfectly equivalent.

The MAP estimator

One could think about taking the mode of the posterior, i.e. the signal that maximizes it. This
is referred as the maximume-a-posteriori M AP estimator:

Xpmap = argmax P(x|y) (3.66)
X

The M AP estimator is appropriate in cases where the information resides in the overall state
of the full vector, i.e. each individual or subset of components does not bring any information,
only the full vector has a meaning. The risk minimized by the M AP estimator is associated to
the following loss:

Epap&x) =1-03x (3.67)
Indeed:

arg{nin f dxPx|y)(1 - 06xx) (3.68)

X
:arg¥nin (1 - f de(ny)(SxX) (3.69)

X
=argmin (1-PRly) (3.70)
=argmax P(X]y) 3.71)

%

we find back the M AP estimator (3.66).

The MARG estimator

Arelated estimator is the minimal error assignments M ARG estimator:

Xmarc = [argmax P(x;ly)] (3.72)

Xi

N
i

which is the component-wise M AP estimator, i.e. it the concatenation of the M AP estimates
of the marginals P(x;|y) defined as:

P(xily) := f dx,; P(x|y) (3.73)

We have that X;;4p = Xpr4Rg if the posterior is factorizable over the estimate components, i.e.
Pxly) = ]_[gv P(x;ly). The M ARG estimator minimizes the risk associated to the number of
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incorrectly infered components:

N
Emarc&,X) =) (1-6y, ) (3.74)
i

This is well suited when the components are i.i.d discrete like in the binary channel models,
that are classical noise models [23,63] in communications.

The MMSE estimator

In the general model (3.18), we are interested in continuous signal and sensing matrix elements
and thus the notion of "exactness" of the solution is not really meaningful nor essential.
Anyway, as the precision of a computer is finite, we cannot hope to infer exactly a real value as
opposed to discrete ones. A better suited loss in this case is the MSE (3.12). The associated
estimate is denoted as the minimum mean square error M M SE estimator. The M SE (X, s) of
the M M SE estimate X can be interpreted as the empirical variance of a Gaussian distribution
centered around the solution s that would have been sampled to generate the i.i.d components
of X. It is a quite natural loss to use in the continuous framework and even more when
the observations were corrupted by an AWGN such as in our case (3.18) because if we are
performing inference under the prior matching condition, the MSE(%X,s) becomes a measure
correlated to the variance of the AWGN €.

What is the expression of the i’”” component of the M MSE estimator when we observed y? As
before, we minimize the risk (3.13) that can be estimated from the knowledge of the posterior
distribution. Differentiating it we obtain the estimator X; (y):

0z, Exy < (R —%)* >=2/N Exy(%; — x;) =0 (3.75)
=X = Expy (1) = Exy (x;) (3.76)

where Ey,y denotes the average with respect to the posterior marginal distribution of x; given
y (3.73). Thus in order to perfom MM SE estimation, we need the true posterior marginals. If
the estimated marginals are equal to the true ones, we say that the estimation is Bayes optimal,
i.e. it is the true MM SE and no solution can statistically make a better estimate given the data.

3.6.3 Why is the minimum mean square error estimator the more appropriate ?
A physics point of view

Now we can give a more fundamental justification for preferring the MM SE estimator to the
MAP or MARG ones. The problems we are trying to solve are noisy, thus there exist an all set
of possible solutions to (3.18), each weighted by its posterior probability. In such problems,
the posterior can have a very complex shape which details depend on the observations y.
For example on Fig. 3.4, we show two different posterior distributions computed from two

43



Chapter 3. Statistical inference and linear estimation problems for the physicist layman
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Figure 3.4 — These plots present two complex posterior distributions corresponding to two
different observation vectors y; and y, both related to the same signal s, the difference coming
from the noise £ and measurement matrix F realizations. Are also represented the minimum
mean square error M MSE and maximum-a-posteriori M AP estimators in both cases. The
M AP estimator corresponds to the mode of the distribution, meanwhile the MMSE is the
typical value, i.e. averaged with respect to the posterior. We observe that due to the fluctu-
ations in the problem realization, small changes in the shape of the posterior can induce
large changes in the M AP estimator meanwhile the fluctuations of the MM SE one between
different observation realizations are small € O(1/V/'N).

different measurement vectors y, andy, obtained from the same signal: the differences in the
observations come from the noise and measurement matrix realizations. The point is that
despite that these two measurements correspond to the same signal, their fluctuations modify
the estimated posterior which mode can fluctuate a lot. It can be that there are many local
maxima in the posterior with small differences but corresponding to totally different signal
estimates and depending on the observations, the mode changes radically. In constrast, the
MMSE is robust to such fluctuations of the observations as it an averaged quantity, which
thus cancels out the fluctuations in the thermodynamic limit. In statistical physics, we would
say that the MM SE estimate is self-averaging, like most of the thermodynamical quantities
(average energy, average number of particules, total magnetization, etc). It means that its
value in finite size problems converges to its asymptotic value as N increases (which is the
same as its average value with respect to the disorder, here the noise and matrix realizations)
and its relative fluctuations around this mean are € O (l/m). Another way of seeing it is that
the M AP estimator is a zero temperature quantity: it does not take into account the entropic
contribution, i.e. there is no notion of average over the thermal fluctuations interpreted here
as the various weighted solution estimates. Fig. 3.5 is a strange posterior distribution with the
mode being a rare event: sampling this distribution, we would obtain the M AP estimate very
rarely as opposed to many realizations that would be close to the M M SE estimate as there are
so many of them, despite being a bit less probable.

After this dicussion, we understand better why the physics community became interested in
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s P(x|y)

Ly X
% 4
XMMSE XMAP

Figure 3.5 — This strange posterior illustrates that without taking the entropic constribution
into account by selecting the M AP estimator, we would miss the essential contribution of
the solutions weighted by the big bump of the distribution. Instead, the M M SE estimator
properly weights each solution and gives the typical estimate.

these topics: through the link with spin glass physics where the distributions are also very
rough, like in constraint satisfaction problems as well [1, 24, 64]. Actually, compressed sensing
itself can also be seen as a finite temperature constraint satisfaction problem or a densely
connected (i.e. with infinite range interactions) spin glass model of continuous spins in an
external field, where the interactions defined by the measurement matrix and observations
enforce the state of the spins to verify the linear system (3.18) (up to noise, interpreted as the
temperature) and the external field would be the prior in the Bayesian setting. The problem of
inferring the signal that generated the measurements (or "planted” solution in the physics
language) by estimating the M M SE solution is equivalent to sampling from the Boltzmann
measure of the appropriate spin glass model given by the Hamiltonian (4.26), whereas the
maximum-a-posteriori estimate is given by its ground state (see [34, 35] for a more detailed
discussion of the links between compressed sensing and spin glass physics).

Similar mappings can be established for many other computer science, inference and machine
learning problems [1, 14,57, 65, 66] where the typical phenomenology of spin glasses is ob-
served: phase transitions and dynamical slowing down of the reconstruction algorithms near
the critical "temperature" (the critical measurement rate in compressed sensing), see sec. 5.1.1.
Furthermore, message-passing algorithms such as belief propagation presented in sec. 4.2.1
can be interpreted in terms of the cavity method used on single instances (see sec. 4.2.2),
although the cavity method has been originally developed for computing thermodynamical
quantities (i.e. averaged over the source of disorder) in spin glasses [24,67].

So one needs to compute the marginal posterior distributions (3.73) in an efficient manner
to perform M MSE estimation. This is in general a very difficult problem, as it is equivalent
to compute the normalization P(y|@) of the posterior which plays the role of the partition
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function (5.2). Hopefully, a sub-field of research in inference is interested in the developement
of efficient algorithms specifically designed for this task. Classical methods are based on monte
carlo algorithms that directly sample the posterior for estimating it. But this distribution can
have a very rough shape with many local minima like in Fig. 3.4 which can block this kind of
dynamical algorithms (it must be understood that Fig. 3.4 is just a projection, in reality the
distribution is defined over a very high dimensional space). Fortunatly it exists methods that
are way more efficient such as the so-called message-passing algorithms that will be explained
in great details and fully derived in this thesis.

3.6.4 Solving convex optimization problems with Bayesian inference

It is important to notice that the canonical convex optimization problems can be solved in
the Bayesian framework as well. Looking at the LASSO regression (3.26) problem, we see that
it is perfectly equivalent to find the mode, i.e. the M AP estimate associated to the posterior
distribution P(x]y, A, 1) ox P(ylx, A) Py (x|A):

M
%) = argmax P(x]y,A, 1) = argmax exp ~3A [ly — Fx| |§ —A'N|x|l; (3.77)
X X

if we put A = M/2 and A’ = A/ N, where we have used the likelihood (3.58) and the factorizable
prior is Py(x) o< exp (—A'Nl|x||;). This prior is refered as the double exponential or Laplace
prior. The same is true for the ridge regression (3.27) using an i.i.d Gaussian prior Py(x) =
]'[ﬁv N (x;]0,1/(2A)). In the case of this Gaussian prior, the posterior mode is also the posterior
mean of P(x|y,A, A), but it is not the case with the Laplace prior. In this case the posterior
mode solves the LASSO regression and leads to a sparse solution whereas the posterior mean
of P(x]y, A, A) is not sparse [8].

3.7 Error correction over the additive white Gaussian noise channel

We now present very briefly coding theory and error correcting codes. A very complete and
comprehensive book on the subject is [23]. Error correcting codes are of interest in the
statistical physics community for a long time as the decoding problem can be interpreted as
computing magnetizations of disordered spins systems [65,68-73]. Very nice and modern
references emphasizing the numerous links between coding theory and diluted spin-glass
models can be found in [63, 66].

The aim of coding theory is to find the "best way" to encode a message such that once sent to
some receiver through a noisy channel, it can be decoded, i.e. recovered despite of the errors
induced by the channel. What does the best way means? Three main considerations must
be taken into account for a coding/decoding scheme: i) its robustness to the noise, ii) its
symbolic cost and iii) the existence of an efficient decoder. A good scheme thus requires to be
robust, in the sense that in regimes where the scheme should work (this notion of "favorable
regime" will be discussed in details in sec. 5.1), its performances should decrease smoothly
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X ——— Noisy channel —»Y\

codeword output
Plesslels e G Py x (y|) Pxy (zly)
Prior dependent on Likelihood: Posterior
the coding scheme channel model

Figure 3.6 — Graphical representation of a generic noisy channel in the probabilistic framework:
the codeword or input x is designed through its prior Py, the channel by the likelihood Py|x
of the output y and the aim is to estimate the posterior distribution Py y of the input knowing
the output in order to perform decoding through estimators.

as the noise influence increases: a scheme which performances are highly dependent on the
precise noise level or which correction does not improve as the noise lowers is not reliable.
Then must be considered its symbolic cost, i.e. what is the true quantity of information that
one can send reliably thanks to this scheme each time a symbol is sent through the noisy
channel. This is important in practical situations as each sent symbol has a cost in energy and
time. If one could send symbols without any cost, the error correction would be easy: just
send many times the same message (this is called a repetition code), then the receiver just
makes a majority choice by selecting for each symbol of the message the one that has been
received the most or by averaging over all the received noisy realizations of the symbols in
the continuous setting. Finally, even these two conditions are optimized, it is useless if the
receiver has no way to decode the message, i.e. it must exist a decoder which performs quickly,
is itself robust to noise and has good finite size properties, see sec. 3.1.6.

3.7.1 The power constrained additive white Gaussian noise channel and its capac-
ity

The communication channel model we are interested in is the i.i.d AWGN channel with

zero mean and variance A, a classical model in communication also extensively studied by

the physics community, as in [74, 75]. A generic noisy channel model in the probabilistic

framework is represented on Fig. 3.6. It is modeled in the Bayesian framework through the
likelihood of an output y given the input ¥ of the channel, which is in the i.i.d AWGN case:

M
Pyly, ) =[] ul 7w D) (3.78)
1%

A channel which likelihood is factorizable due to the independence assumption like here is
referred as a memoryless channel [23]: all output symbols (the components of y) are corrupted
independently one of the other. The input is called the codeword, and is the encoded version of
the original message s we want to send (the codeword can be the message itself, as in chap. 10).
A natural question is wether there exist a maximum rate of information one can send reliably
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through this commmunication channel, and this independently of the coding/decoding
scheme. This notion called the capacity C has been formalized by Shannon in his celebrated
paper [54] which started the field of communication and information theory. The noisy-
channel coding theorem states that for any € > 0 and for any transmission rate R < C, there
exist an encoding/decoding scheme transmitting data at rate R which error probability is less
than ¢, for a sufficiently large block length, the size of the codeword. Also, for any rate R > C,
the probability of error at the receiver goes to one as the block length goes to infinity, for any
coding/decoding scheme.

As discussed in sec. 3.5.2, the mutual information between the noisy ouput y and the message
s represents the information gained about s when we observed y. As long as it is positive,
it means that some information about the message is accesible through the observation
of the channel output: a good coding/decoding scheme increases this mutual information
maintaining the existence of an associated efficient decoder, able to maximally exploit it. A
capacity achieving scheme allows to communicate asymptotically until the capacity of the
channel.

Of course, we always consider that the coding scheme ¥ = f(s) is a bijection and thus finding
back the codeword ¥ is equivalent to decode s and vice-versa. The capacity is thus naturally
defined as the maximum mutual information of the couple (s,y) or equivalently of the couple
(y,y) as yis a deterministic function of s. Maximum over what? As the likelihood is an inherent
characteristic of the channel, the only degree of freedom is the codeword design Py (y) that
directly follows from the message design Py(s) and coding scheme f. Thus the capacity of a
communication channel is:

C:= I ~, = I y y j] 379
rr;)e;x ¥y {rlgla;? ¥G, ),y (3.79)

The second equality underlines that it is perfectly equivalent to consider directly the design
of the codeword or the design of the message and the coding scheme, which is the usual
way. But in chapter chap. 10 the codeword is directly the signal, so the first equality is more
appropriate. An important remark is that if one could send codewords with components of
arbitrary amplitude through the channel, error correction would be useless as the relative
noise (relative to the codeword amplitude) could be set to arbitrary small values. We thus
always consider the codeword to be power constrained, i.e. we fix its power:

9112 = f AFP(H7? = P (3.80)

In this way it can be compared to the noise variance to know its relative importance. The
first equality in the power definition comes from the fact that the y are i.i.d. from the i.i.d
assumption of the matrix elements in (3.18). A larger power requires more energy to input in
the channel. The only relative parameter of interest is thus the so-called signal fo noiseratio
defined as snr:= P/A.
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Computation of the capacity of the i.i.d additive white Gaussian noise power constrained
channel

Let us compute the capacity of the power constrained AWGN channel. To do so, starting from
the mutual information, we define a Lagragian to enforce the distribution of the codeword to
be normalized and to have fixed power. We place ourselves in the scalar case, the codeword
having i.i.d components, we just need to obtain the distribution of one component:

5£:I(j/,y)+it(fd37P()7)j/2—P)+y fdj/P(j/)—l) (3.81)

P(yly)

)+/1 fdyP(y)y -P

fdydyP(y)P(ny) logz( +y([ djP(j) - 1) (3.82)

where we used the form (3.51) for the mutual information. Now we perform the function-
nal derivative of the Lagrangian to find its optimum with respect to the codeword/input
distribution, that we are looking for:

fdy(S(y 7*) (fdyP(ny)logz( (y|y))+/1)72+y

5P( *)
—fd?dyP(?)P(yly) g(ly)) ov " (3.83)
where the last term has been obtained using:
5P(y) f f s
dyP(y)P ayd p p 3.84
5PG) 6P(y) FPDPWyIP) = | dyd(7 -7 )P(y|7) = P(yI7") (3.84)

Now we notice that this last term of (3.83) is equal to —1. Plugging the fact that the likelihood
of the channel ouput is Gaussian in it and after integrating over y, (3.83) simplifies to:

fdyﬂ(yly*,A)logz (P1) = AGF)* +7 (3.85)

where we used [dy A (yI7*,A)log, (A (y17*,4)) = =1/2(1 +log, (27A)) and we have put all
the constants in . Using a Taylor expansion for log, (P(y)) = ap + a1y + a2 y* + asy> + ..., this
last equality can be obtained only if the expansion is such that a; =0 V i # {0,2}, thus the
ouput distribution P(y) is Gaussian with 0 mean and a unknown variance o2 to find. We
re-write it using the likelihod:

P(y) =«/V(y|0,02)=fdJ7P(yIJ7)P(J7) =fdJ7=/V(y|J7,A)P(J7) (3.86)

The last equality can only be fulfilled if the codeword distribution P(y) = A (7]0,P) is a
centered Gaussian, its variance being fixed by the power contraint (3.80). It implies that the
channel ouput variance is the sum of the power and noise variance o = P + A as the noise
and inputs are independent. Now we know the best codeword distribution, we can compute
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the capacity from (3.79) and and (3.48):

C=-H{Y|Y)+H(Y) (3.87)
= f dydyP(y)P(y|y) log, (P(yI7) —fdyP(y) log, (P(»)) (3.88)
- [ azay 10, p1x 117, 81108, (A (17.00)
—fdyJV(yIO,P +A)log, (A (¥10,P+A)) (3.89)
1 1
= —5(1 +log2(2m))+E (1+1log,2n(P +A))) (3.90)
= %log2 (1+snr) (3.91)

This is the maximum quantity of information in bits one can hope to transmit reliably per
symbol sent through the i.i.d AWGN channel, and it increases with the snr as it should. One
goal in communication theory over the AWGN channel is thus to find an encoder f for the
message s such that the codeword is Gaussian distributed in order to get as close as possible
to the capacity. Also one must derive an associated decoder to find back the message s
from the observation of the noisy observation y of the codeword. Such a strategy, the sparse
superposition codes and the associated message-passing decoder will be studied in this thesis
in great details, see sec. 9.

3.7.2 Linear coding and the decoding problem

Now we have presented the AWGN channel and quantified the maximum rate for reliable
communication on this channel, the question is how to reach it? Many coding strategies are
possible, but of particular interest in this thesis is linear coding, ¥ = f(s) = Fs. The codeword is
thus a linear combination of the basis F elements, which vector of coefficients is the message.
This scheme is of interest for diverse reasons. First, the encoding procedure is trivial, it requires
only a matrix multiplication which is of complexity O(N?) in the general case, but using
structured operators, it can be reduced to O(Llog(N)). Second, this coding strategy has good
minimal distance d. This notion is fundamental and allows for a geometrical interpretation of
the error correction problem. First we define a code ¥ (also referred as a codebook) as the
ensemble of allowed codewords by the coding scheme. The minimal distance of a code is the
minimal distance between two codewords of the code. The distance is expressed in Hamming
distance in the discrete case, i.e. the number of different components between codewords but
in the present continuous case, an appropriate distance is the ¢, squared norm between two
codewords:

d:= min [|y-V||3 3.92
ﬁlgglly vl5 (3.92)
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Figure 3.7 — Two different codes are represented, the codewords being the black dots. The code
on the left is reliable as the minimal distance d between two codewords is larger than (two
times) the noise variance which is the typical distance between the vector that outputs the
AWGN channel (the red dot) and the actual sent codeword, the blue one. Here, the decoder
that will output the closest neighboring codeword of the channel output selects the encircled
codeword which is the transmitted one. On the opposite, the right code is not reliable, as there
are many codewords closest to the channel output than the transmitted codeword as d < A.
The decoder will output the encircled codeword which is a mistake.

Basically, a decoder will output the closest neighboring codeword of the noisy channel output
y in the codebook:

¥ = argmin II)"r—yII% (3.93)
ye€

Thus an error in decoding is highly probable if d is small compared to the noise variance as the
noisy channel will typically ouput a vector at a distance € O(A) of the transmitted codeword
and thus if d is of the same order or smaller, there is no chance to distinguish between the good
codeword and its closest neighbors, as represented on the right part of Fig. 3.7. In opposite, if
d > A as on the left part of the figure, the code is reliable because the closest neighbor of the
channel output is the transmitted codeword with high probability. The distance can be related
to the snr noticing that:

d<|§ll5+1¥113<2P (3.94)
d
=>d = X <2snr (3.95)

where d' is a rescaled distance by the noise variance. Thus if the snr is too small, there is
no way to have a minimal distance large enough to avoid wrong decoding. The quality of
the error correction thus depends also strongly on the performances of the decoder and its
ability to distinguish between codewords with small distance between them (but larger than
A). Hopefully there exist very efficient algorithms such as the approximate message-passing
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algorithm (see sec. 4.3) which relies on the linearity of the constraints, another reason for
choosing linear coding.

Alast remark follows from the geometrical understanding given by the Fig. 3.7 and answers the
question: Why not to directly send the message? Why is encoding necessary? The coding strategy
is here to project the messages in a higher dimensional space, such that the distances between
the codewords bijectively associated to the messages are larger than the initial distances
between messages, and in this way, the decoding of the codewords is more robust to the noise
influence.
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Mean field theory, graphical models
and message-passing algorithms

This chapter is devoted to the mean field theory and message-passing algorithms for graphical
models, the central algorithmic tools used in this thesis.

We start by introducing the mean field theory and the variationnal method used to compute
approximations of the free energy. We will see that the free energy allows to recast inference
problems as optimization ones. In addition, algorithms can be derived as fixed point equations
associated with these approximated free energies. We will see how this kind of approximation
is naturally justified when finite statistics is known about a system thanks to the maximum
entropy criterion. We will apply the methodology to compressed sensing after having defined
the Hamiltonian of the problem, and we will derive the mean field algorithm for compressed
sensing. We then introduce the notion of factor graphs, a nice tool to represent complex
statistical dependencies among variables and very useful to understand how message-passing
works.

Then we will push further the variational method using a more advanced approximation that
takes into account dependencies among variables, namely the tree graph or Bethe approxima-
tion. We will start by presenting the belief propagation algorithm, a very powerful inference
tool for solving the marginalization problem, among others. We will see how the belief propa-
gation equations can be derived when the probability measure to sample is assumed to be of
the Bethe form that will be presented. We will then show that the Bethe free energy and belief
propagation fixed points are the same. The Bethe free energy will be written in terms of the
quantities computed iteratively by belief propagation.

We will realize that this algorithm cannot be straightforwardly applied to problems defined
over continuous variables on dense graphs, and we will thus derive an appropriate algorithm
for this case, the main tool of this thesis: the approximate message-passing algorithm. The
derivation will be performed in two different ways, both starting from the belief propagation
equations. We will present in a simple fashion how this algorithm works and give the building
blocks necessary to construct an approximate message-passing algorithm for a given problem.
Finally we will derive the asymptotic limit of the Bethe free energy on dense graphs with linear
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constraints, which fixed points are the ones of the approximate message-passing and which
can be expressed in terms of the quantities computed by the algorithm. This will be useful
in order to derive learning equations for unknow parameters in the problem through the
expectation maximization procedure. In this method, the paramaters to learn are updated in
the direction that optimize this free energy, on in general, the cost function of the problem.

4.1 Bayesian inference as an optimization problem and graphical
models

We have presented in sec. 3.5 the notion allowing for quantification of the infomation carried
by a probability distribution or equivalently its uncertainty, the entropy, and defined the
equivalent of a distance between distributions. Let us see how we can use these tools to
perform inference by approximating the true posterior distribution (3.56) which is most of the
time very hard to compute exactly but yet required to perform minimum mean square error
estimation, see sec. 3.6.2: it selects among all the possible 8 values the most probable one.

4.1.1 The variational method and Gibbs free energy

When the posterior P(x|0) (or any other distribution) is too complex to compute exactly,
one need to approximate it in some way. To do so, we define an approximated distribution
as Q(x|0¢) that can depend on some parameters 8. Now the question is, how to choose
them? We can use the natural idea of minimizing the "distance" between our approximated
distribution and the true posterior: we will thus optimize the Kullback-Leibler divergence
(3.49) between the two. We want to compute KL(Q||P). Why not KL(P||Q) instead, as the
Kullback-Leibler divergence is not symmetric? Despite we know the formal expression of the
posterior, we could not compute the required averages with respect to it (or the variationnal
method would be useless) as it is equivalent to compute the partition function. In opposite,
we can compute averages with respect to Q if it is simple enough. It is actually chosen in
this purpose. Without loss of generality, we assume a Boltzmann form for the posterior
P(x|0) = exp (—Ex|0)) / Z(0). Forgetting about the log(2) basis in (3.49) as it does not change
the fixed points of the free energy, we obtain:

_ Qx10q)
= f dxQ(x|0)E(x|0) + f dxQ(x|00)log(QxI0)) +log(Z(8)) 4.2)
=Eqig, (ExI10)) — H(Q|0q) — F(0) (4.3)
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where we recognized the entropy H(Q|0¢) (3.34) and the Helmotz free energy (or just free
energy) at fixed parameters 0, the true potential function of the problem:

F(0) :=—log(Z(8)) (4.4)
=Epg (ExI0)) - H(P|0) (4.5)

The second equality is obtained by writing the entropy (3.34) of the posterior P in its Boltzmann
form. This free energy is not computable as its knowledge is equivalent to the computation
of the true partition function Z(0), or equivalently of the posterior. But this form suggests
the definition of a variational free energy or Gibbs free energy associated to the approximate
distribution Q:

Fq(0q) :=Eqp, (ExI0) - H(QIOq) (4.6)

From this and (4.3) we obtain the following important equality that stands at the roots of the
variational method:

Fo@¢) = F(@) + KL(QIIP) (4.7)

and as KL(Q||P) = 0 with equality only if Q = P, we have that Fo(0¢) = F(0). This validates
a posteriori that the best parameters for Q are given by those minimizing KL(QI|P) as it
correponds to the ones that minimize the variational free energy, lower bounded by the true
one. The advantage with the variational formalism is that the Gibbs free energy (4.6) can be
quite easy to compute for an appropriate Q and the free parameters 6 optimal values are
computed by optimizing it with respect to them.

4.1.2 The mean field approximation

The most natural approximation for Q in the variational method is the so-called mean field
approximation, where one assumes that Q is factorizable over subsets of variables {x* :=
[xf, ey xﬁa]}g that can overlap, where n, is the number of variables in the subset a:

1 G
Qx|0g) = WQ) l;IWa(XaWQ) (4.8)
1 G
=70y exp —;Ea(xan) 4.9)
1
=700 exp (~E(x|00)) (4.10)

where v,(x,4|0¢) is some function of the subset x,. We call it the compatibility function,
constraint or factor a. The second form is the associated Boltzmann form, where we define
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the "energy" assocated to the compatibility function a:
Eq(x4l00)) == —log(v4(x4100)) (4.11)

G
=>E(x100)) =)_E4(x4100)) (4.12)

E(x/0)) is the total energy of the system i.e. the Hamiltonian, referred as the cost function
in statistical inference and computer science. The easiest mean field approximation to deal
with, sometimes referred as the naive mean field approximation, corresponds to consider the
subsets as being the individual variables, so to write Q as a fully factorizable distribution over
the signal components, considered as independent:

N
Qlh) =] Qi(xilhy) (4.13)

where Q; is the approximate marginal distribution of x; (Q; can be trivially computed by
normalizing any factor v, in this way Q is already normalized). The denomination of mean
field approximation comes from the interpretation of the parameters {h,-}ﬁv as local fields felt
by the variables that summarize the interactions with the other ones.

4.1.3 Justification of mean field approximations by maximum entropy criterion

Assume that you have some partial knowledge about some complex system made of the
interacting variables x, such as the first and second order statistics of x. What is the best mean
field approximation Q you can do of the true unknown distribution P (here even its formal
expression can be unknown)? A possible answer resides in the maximum entropy criterion. It
is a kind of formalization of the Occam’s razor: if one have some knowledge about a system, he
should use a model that is in agreement with it, but does not assume anything additional. So in
a sense, one should use the minimal model that fits the assumptions or the knowledge about
the system. As we speak about statistical models represented by distributions, the natural
object to quantify how much we constrain a distribution is through its entropy (3.34).

As we will derive, the Ising model is the mean field approximation of maximum entropy
when only the first and second order statistics of the variables {xi}ﬁ.v
empirically. To see that, we use the method of Lagrange multipliers and define the La-

are known, at least

grangian of a distribution Q starting from its entropy and defining Lagrange multipliers
{hi}ﬁ.\’ that fix its marginals {m; := fdxix,-Q,-(xl-)}ﬁ.V and {]ij}Z’N for the second moments
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{Zij:= fdxidxjxixj Qij(xi,xj)}ﬁ.\,’]’.N in addition of T for its normalization:
N
ZLQhJD=HQ+) h; (/ dx;x;Q;(x;) — m,-)
i
N,N
+ Z ]ij (f dxidxjxiij,-j(xi,xj) _zij) +1“(f axQx) — 1) (4.14)
i,j

Now to find the extremum of this object, we weakly perturbe the distribution Q — Q +6Q and
compute the new Lagrangian which is:

Z(Q+60Q,h],1)=2(Q,h] 1) (4.15)

N,N

N
+fdx5Q(x) ~1log(Q®) =1+ hix;+ Y Jijxix;j+T| +0©6Q% (4.16)
i i,j

At the maximum, the first order must cancel out for any x, thus the integrand must always be
zero, giving the shape of the distribution Q:

N N,N
0=—log(Q() — 1+ hixi+ 3 Jijxixj+T 4.17)
i i,j
1 N N,N
= Qx/h,J) = ZoMm,) exp (; hix; + % ]ijxixj) (4.18)
1 N N,N
2] U%(x"lhi) !_][ vij(xi, xjlJij) (4.19)

where we have put all the x independent terms into the normalization constant Zg(h,J). We
find back a mean field approximation of the form (4.8), and thus understand now that it
corresponds to the minimal model with fixed finite statistics. From this we interpret the
lagrange multipliers {hi}ﬁv as external fields and {J; f}?]}N as two points interactions between
the variables. Taking into account higher order statistics would lead to more complex models,
but in most of the practical situations, higher than second order statistics are difficult to extract
from finite data because the number of samples required increases quickly with the order of
the moment we want to compute. This follows from the fact that the larger the moment, the
larger the amplitude of the fluctuations of its empirical estimate around its true value.

A remark is that interpreting the constraints we want to enforce for the distribution Q through
(4.14) as the average energy part in the variational free energy (4.6), the Lagrangian could
be interpreted as a negative variational free energy. But the method is different in the sense
that when we associate a Gibbs free energy Fy to a distribution, we assume its form that can
depend on parameters and the optimization of Fg gives the best parameters that one should
use in conjunction with this particular form of distribution. In the method of the maximum
entropy, one assumes constraints that must verify the distribution, but not its form, and the
optimization of the Lagrangian gives the form of the distribution one should use. Then, in

57



Chapter 4. Mean field theory, graphical models and message-passing algorithms

order to find the best parameters introduced during the derivation to enforce the contraints,
the Lagrange multipliers, one can a posteriori use the variational method. The two methods
are thus complementary in a sense.

4.1.4 The maximum entropy criterion finds the most probable model

Let us give a more precise sense to the maximum entropy principle when used to find the
value of a parameter of some variational distribution depending on it. Assume you have access
to some data y that you assume generated by P(y|f) parametrized by a parameter 8. The
maximum entropy criterion states that its "best" value 6* is the one maximizing the entropy
of its posterior P(0]y) < Py (6)P(y|0):

0* = argmax [—fdyP(@ly) log, (P(61y)) (4.20)
6
P (®
=0= —fdy (;9'3') (log, (P@Iy)) +1) (4.21)
_oP@ly)
0="— (4.22)

The last equality shows that the maximum entropy criterion for choosing 6 is thus equivalent
to take the maximum of the posterior of 8, or just its likelihood P(y|0) if no prior is assumed.
The maximum entropy criterion is thus perfectly equivalent to the maximum-a-posteriori
M AP principle, discussed in sec. 3.6.2.

4.1.5 Factor graphs

Let us see now how we can define graphical representations of complex functions such as
posterior distributions in the Bayesian framework. The appropriate tool are the so called factor
graphs. In full generality, they are used to represent the dependency structure among variables
encoded through a factorizable function Q(x), that can depends on many parameters, so of
the form (4.8) (the partition function Z can be forgotten for a generic function, but must be
present if we want Q to be a probability distribution).

A factor graph is a bipartite graph G = {¥/, %, £} where en edge e € & is present between a
variable node v € 7 and a factor node f € & only if the factor ¥ r(xs\,, x,) present in the
factorized form of Q depends on x,. The circle nodes are associated to the variables while
squares represent the factors. For example, if we want to associate a factor graph to the
posterior distribution of the compressed sensing problem, we write it in its factorized form.
Using (3.56) combined with (3.58) and (3.59), we see that the posterior decomposes as a
product of functions over the single components due to the prior part and over the ensemble
of components due to the likelihood. The associated factor graph is given by Fig. 4.1, and the
factorizable structure of the posterior becomes clear. On the graph are representd objects that
will be defined in sec. 4.2.1, namely the cavity messages.
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likelihood
N(yu|(Fa),, A)

il l

Figure 4.1 — Factor graph associated with a linear estimation problem under i.i.d AWGN
corruption. The squares are the factors or constraints. Here they are associated to the prior
and likelihood terms. The factors are connected to the variables (circle nodes) they depend on
in their functionnal representation. The node-to-factor m;, (x;) and factor-to-node 7; (x;)
cavity messages are represented. They should stand on the same edge as they share same
indices but we put them on different ones for sake of readibility.

4.1.6 The Hamiltonian of linear estimation problems and compressed sensing

In the Bayesian framework, we can associate an Hamiltonian to the linear estimation problem
(and thus to compressed sensing). We start by rewriting the posterior distribution in the
Boltzmann form:

1
Pxly,0) = 70 P (-Exly, ) (4.23)
= E(xly,0) = —log (P (x10)) —log (P(ylx,0)) (4.24)

From (3.56) combined with (3.58) and (3.59) we get the Hamiltonian, denoted by E not to
confuse it with the entropy H (the notation generally used in physics for the Hamiltonian, the
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entropy symbol being S):

N ; 1 M s M
Exly,0) = - Y log(P(x:)) + 55 2 (= (F0,)° + - log (22) (4.25)
i H

N 1M s M
=-Y logl(1-p)d(x;) + pp(x;)] + ﬂz (yu— Fx),)" + — log(27A) (4.26)
i 0

4.1.7 Naive mean field estimation for compressed sensing

Let us now derive the naive mean field solution, approximating the true posterior as fully fac-
torizable (4.13). In order to find what are the best parameters of the approximate distribution,
we first need to write the variational free energy for the present problem. Using the variational
free energy definition (4.7) we obtain:

N .
F(0q) = - Y_Eq, (log(P§(x) ~10g(Qi(x:))

1 M M
tox Z[EQ (7= ®0,)7) + ~ log(2ra) (4.27)
= ZKL(QZHPO) +— log (2nA) (4.28)
i
1 M 2 2
—AZ Vi —2yu(Fa), + Z¢ FmFWa,a]+ZF [(vi+ay) (4.29)
i,j#1
N 1 M
=Y KLQilIP)+— log @rA) + — Y (lyu — Fa),)* + (F*v),) (4.30)
2A
i 1

where we have used the Kullback-Leibler divergence definition (4.1), the additivity property
of the entropy for independent variables (3.39) together with the definition of the marginal
means and variances of Q:

a; ::fdxix,-Q,-(xi) (4.31)
vji= f dx;x7Q;(x;) — as (4.32)

Now that we have the naive mean field Gibbs free energy, we can figure out the expression
of the marginals {Q; (xi)}i.v . We perturbe one of the marginals Q; — Q; + 6 Q;, the associated
perturbed distribution is denoted as Q. The perturbation term of the Gibbs free energy must
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cancel at the minimum for any x:

Fo(0q)—F5(00) =0

1 M Qilx
= | dx;i6Q;(x;) | — Y { x;2F, Fuiaj—yu|+x°F2, +1+log( =
f PO Ad A;{ i ul(];l pili—Vu ifui Po(xi)

1 i i XY,
=Q;(x;|F,a) = ZiF, )PO(x,)exp(A%Fm y'u—%:Fujaj+Fm-a,~ —ﬁ;Fm (4.33)

Defining the following quantities:
g2.. A (4.34)
i.—M—z .
z# F,ui
i M

Ri:=a;+ ZFM Yu— (Fa),) (4.35)

we obtain after simplification of (4.33) the following form of the marginal distributions for
compressed sensing under the naive mean field approximation: a product of the prior and a
Gaussian mean field that summarize the influence of all the other variables on the i‘" one:

(x; — R)?

(4.36)
2
25?2

Qi (x,IR,,ZZ

e 1 YO -
Zi(R;,22) O(x’)eXp(

From this we can compute the Kullback-Leibler divergence (3.49) appearing in the previous
mean field free energy (4.30):

N N exp( “"2;3) )

Y KL(QillPg) =) | dx;Qi(x;)log| ———— 4.37)

- 0 & 7

N - Ri 2

:ZfdxiQi(xi) —%—log(&) (4.38)

il vi+ (@i — Ri)*
== |log(Z)+ ———— 4.39
; og(Z;) + 22? ) ( )

Adding a time index to these equations gives us the mean field algorithm for compressed
sensing Fig. 4.2, where we use the non linear thresholding functions:

i — Ri)?
fa(Z?,Ri) = Z(R—zzfdxl Xi Po(xl)ex ( %) (440)
Xi — R; 2
fC(Z?,R, Z(R—zzfdxl x Po(x,)exp( %) _fa(Z?yRi)z (441)
i i
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1: t<—0

2:0—€+1

3 37— Z;YAF‘%[ Vi

: while ¢ < t;,,4 and 6,4 > € do

Ri*' —af+ % zﬁ/fpm. (yu— (Fa"),)
algﬂ - fa((zi)z,RiHl)

t—1t+1

5—lla"—a" 1|3

: end while

10: return a’

© o N2 g ok

Figure 4.2 — The mean field (or iterative thresholding) algorithm for compressed sensing. €
is the accuracy for convergence and f,,,, the maximum number of iterations. A suitable
initialization for the quantities is (afzo = Ep,(x;)). Once the algorithm has converged, i.e.
the quantities do not change anymore from iteration to iteration, the estimate of the i*"
signal component is al? . The nonlinear thresholding function f, take into account the prior
distribution Py (x).

with normalization

(x; — R)?

(4.42)
2
252

Z(R;,2%):= f dxiPé(xi)exp(—

This algorithm directly computes the estimates a of the signal components. The only non
linear partin the mean field algorithm is the component-wise computations of a and v through
these thresholding functions, the rest is linear and can be written in a efficient way with matrix
operations which implies a parallel updating scheme of the estimates. It is possible to think
about a randomized updating scheme as well which can sometimes help the convergence
in message-passing algorithms as discussed in [76, 77] but the payoff is a slowing down of
the algorithm as matrix operations are greatly optimized. In all this thesis, we will always
consider a parallel updates scheme, but it must be kept in mind that other strategies are
possible with their own paybacks and advantages. The study of the perfomances of this
algorithm written in the present form and the comparisons with the approximate message-
passing algorithm can be found in [78] and it appears that despite good results in compressed
sensing, the approximate message-passing algorithm that will be derived in sec. 4.3 has a
greater potential. The mean field approximation though can be asymptotically exact in models
where the variance of the mean field felt by the variables goes to zero in the thermodynamic
limit, for example in spin models such as the Ising fully connected ferromagnet [79]. It also
worth noticing that this mean field algorithm Fig. 4.2 is exactly equivalent to the iterative
thresholding algorithm [78, 80] if F is properly rescaled such that }_, Fﬁ ; =1V ibecause
defining the residual z' = y — Fa’, the iterations become:

z' =y-Fa’ (4.43)

a™l =\ (FTz' +a’) (4.44)

62



4.2. Belief propagation and cavities

where na (x) = fa(A, x), which is the classical form of the iterative thresholding algorithm.

4.2 Belief propagation and cavities

Let us now present a more advanced mean field algorithm, the so called belief propagation
algorithm BP, which allows to reach way better performances than the naive mean field
approximation in many problems. The assumption behind it is that the factor graph associated
to the distribution we want to sample has a tree structure: a tree is a graph such that there exist
a unique path between two variables in the graph. In this case BP is exact [24], as we will show
in sec. 4.2.5. But more generally, BP is justified (but not strictly exact) when the distribution to
sample is a Bethe measure as we will see in sec. 4.2.2. From now on, we use m;(x;) for the BP
estimates of the true marginals P; (x;).

4.2.1 The canonical belief propagation equations

The canonical BP equations, that allow to estimate the marginals {P; (xi)}ﬁv of a factorized
distribution of the form (4.8) with an associated tree-like factor graph, i.e. a graph such that
locally its structure is a tree despite the existence of "long" (of extensive size) loops in the
graph, are given by:

R 1

ml(xi) = — f dXa\i Ya&ariyx1) [ mj,(xp) (4.45)
24 jeda\i
1 X

mig () =5 [ w0 (4.46)
Zia bedila

These quantities allow for the estimation of the marginals at time step ¢ through:

1
m{(x;) = — [ ml;(x:) (4.47)
i acodi
1
= Tﬁl;i(xi)mf;l(x,-) for any a € i (4.48)
ia
(Xaq)
mlx) = L2 T mt, (4.49)

2a  ieda

A graphical representation of the BP equations is depicted on Fig. 4.3. The distributions
(4.45) and (4.46) that are iteratively computed are the so called cavity messages (or simply
messages), this vocabulary coming from the cavity method of statistical physics [24, 67]. This
is because BP can be thought as the replica symmetric cavity equations on a single graph,
or equivalently the replica symmetric cavity equations are the BP equations on an infinitely
large graph or averaged over an infinite number of finite random graphs, each representing
arandom instance of the problem of interest. This last remark is true only if the problem is
replica symmetric, i.e. the number of fixed points of the BP equations on an instance of the
problem is sub-exponential in N. In the present thesis, the BP fixed point is unique when
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node-to-factor factor-to-node

Zw§1+1 H g (:) Mg, (i) = Z% / dXa\i Ya(Xa\i> Ti) H e (25)

@ pedi\a at j€da\i

Figure 4.3 — Graphical representation of the belief propagation equations, with the associated
equations below. The dashed lines are edges present in the original factor graph which are
considered not present in the cavity graph in which the cavity message is computed. On the
left is the node-to-factor cavity message, the probability distribution of the x; variable in a
cavity graph where the edge (i, a) has been removed, i.e. a graph where x; is connected to all
its neighbor factors except the factor a. On the right is the factor-to-node cavity message, the
probability distribution of the x; variable in a cavity graph where all the edges connected to
x; are removed except (a, i), i.e. a graph where x; is only connected the factor a, not its other
neighbors in the original factor graph.

starting from a random initial condition of the messages. This does not imply the uniqueness
of the BP fixed point, there can be another one but that require the messages to be initialized
"close" to it in order to see the messages converge to this other fixed point as we will see in
sec. 5.1.1: there is a regime where the message-passing always converges to a wrong solution
despite the existence of another fixed point corresponding to the true solution of the problem.
Another replica symmetric example with multiple fixed points is the Ising ferromagnet case
where there exist two fixed points below the critical temperature corresponding to positive and
negative average magnetizations. In the replica symmetric case, the messages (or any other
thermodynamical quantity) are self-averaging: their fixed points values do not depend on the
graph details (the measurement matrix F realization in linear estimation) if large enough, the
fluctuations being € O(1v/N). This is why the MMSE estimator discussed in sec. 3.6.2 is self
averaging as well: the approximate message-passing algorithm (see sec. 4.3) used to compute
it is directly derived from BP and applied to inference problems, which are replica symmetric
under proper conditions (at least under the prior matching condition [57], see sec. 3.6).

4.2.2 Understanding belief propagation in terms of cavity graphs

The factor-to-node cavity message (4.45) is interpreted as the (approximate) probability
distribution of x; in a modified graphical model, refered as a cavity graph, where x; is only
connected to a, not anymore to its other factor neighbors in the original graph, see right part
on Fig. 4.3. This distribution carries the information on how strongly the factor a depends
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on the variable x;, so its influence on x;. The node-to-factor cavity message (4.46) is the
probability of x; in another cavity graph where x; is connected to all its neighbors except a,
the edge between them being removed, see left part on Fig. 4.3. This message carries the
information on the influence of all the neighbors factors on x; except a.

With this interpretation, the BP equations can be understood easily. As the graph is assumed
to be a tree, the set of factor-to-node messages coming on x; are conditionally independent,
thus they just multiply. The node-to-factor message m;,(x;) of x; with the edge (i, a) removed
is thus naturally given as the product of all the factor-to-node messages {#1y; (x;)} pegi\q €XCEPL
the one coming from a (4.46). Now the factor-to-node message 114; (x;): we consider the cavity
graph where x; is only connected to the factor a, which is equivalent to assume m;,(x;) = C in
this cavity graph, i.e. the distribution of x; in this cavity graph where we additionally removed
the edge (i, a) is uniform (x; does not feel any constraint). Now, the joint distribution of all the
neighbors of the factor a is (up to a normalization) the product of their cavity distributions
[Mjesamja(xj) < jesa\i Mja(x;), i-e. their joint distribution in a graph where the factor a is
not here, that we multiply by the compatibility function ¥ ,(x,) to include back its influence.
Thus the cavity message 1,;(x;) is the marginalization of this joint distribution with respect
to the neighbors other than x; that we must normalize, from which we get the equation (4.45).
Finally the marginal (4.47) is given as the product of all the individual influences of the factors
neighbors to x;.

4.2.3 Derivation of belief propagation from cavities and the assumption of Bethe
measure

We gave here arguments justifying a posteriori the BP equations thanks to cavity graphs, but
is there a way to directly derive the BP equations starting from cavity graphs? The answer is
given by a very insightful exercise (exercise 19.1) extracted from [24]. Let us assume we have
a distribution P(x) associated to a factor graph G = (¥, %, &) (see sec. 4.1.5 for the definition
of factor graphs). A cavity C = (V¢, %c,6¢) of the graph G is a sub-graph of G such that if any
factor a is included in C, then all its neigboring variable nodes da are in C as well:

acEFc=>0aclc (4.50)

The boundary 0C of the cavity is the set of edges {(a, i)} 4¢z.,ic7. connecting variable nodes
inside the cavity to factors outside of it, see Fig. 4.4. The probability distribution P(x) is a Bethe
measure if there exist a set of cavity messages {r1,; (x;)} such that if P(x) is restricted to any
non extensive cavity C, P(Xxc) can be expressed (up to a small error that goes to zero in the
thermodynamic limit) as a local bulk term and a boundary contribution obtained from the
messages:

1
Pxo)— [] vaxa) [ 7ai(x) 4.51)
2C geFc (a,i)€dC
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Figure 4.4 — Figure taken from [24]. Two examples of cavity graphs. A cavity graph must include
all the variable nodes neighbors to any factor in it. The cavity on the left is extended to include
one more factor, and thus the two additional variable nodes i and j as well for it to remain
a cavity. The consistency constraints of the Bethe measure for these two cavities imply the
belief propagation equations for the messages sent from the boundary of the first cavity.

Now let us assume that we have defined some cavity C, for example the left one on Fig. 4.4
and decide to extend it including the factor a in it, and thus its two other neighboring variable
nodes that were not in C as well in order to maintain the cavity definition. We obtain the new
cavity C= (Ve=Vcuoa, Fe=Fcua,éz=EcU{(a,i)}icsq), the right one on Fig. 4.4. As P(x)
is assumed to be a Bethe measure, the distribution of this new cavity can be expressed as
the previous cavity distribution (4.51) times the new factor included and the new boundary
contribution. But one must be careful to divide the result by the boundary contribution
Mgi(x;) in P(Xc) that is now included in the bulk and thus overcounted:

~ ~ 1 (X ‘,X') s
P(XC‘):P(XCyXa\i):—P(XC)M [T II Mpj(x;) (4.52)
Z@ Mai(X;) jeda\ibedj\a

For these distributions to be coherent, the marginalization constraint must be verified:

P(xc) :fP(XC»Xa\i)an\i (4.53)
1 1
= —P(x¢)— f dXaiVa&avix) [[ [ mwjx)) (4.54)
Zc Mai (Xi) jeda\ibedj\a
1
= Mgi(X;) = —fdxa\iu/a(xa\i,xi) [T I mwjxp (4.55)
Z¢ jeda\ibedj\a
1
= A_fdxa\iWa(xa\i»xi) [T mjatxp) (4.56)
Zai jeda\i
1
mja(xj)=— [] rwpj(x)) (4.57)

Zja bedj\a

where we have been careful to always normalize distributions. We find back the belief propa-
gation equations (4.45), (4.46) at their fixed point, which are thus implied by the assumption
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that the distribution is a Bethe measure.

4.2.4 When does belief propagation work

Despite that BP is exact only on trees, it can be a very good approximation for any tree-like
graph or more generaly as long as the distribution to sample is a Bethe measure as shown in
the previous section. When used on such graph, the algorithm is referred as loopy-BP and if
the algorithm converges, the BP marginals (4.47) are estimates of the true ones under the tree
approximation. These loops can a priori induce correlations not taken into account by the BP
equations but if they are "long enough", the induced correlations decrease so fast to zero that
BP becomes quickly almost exact [24,81,81]. When does this situation occur? Hopefully, such
locally tree-like graphs appear naturally in many applications: combinatorial optimization
problems, modern coding theory, neural networks, artificial intelligence, etc. The tree-like
property of the factor graphs in all these fields is a consequence of a common feature: these
are all sparse random graphs, i.e. these are randomly generated graphs with a fixed average
connectivity which does not scale with N, the number of random variables in the problem.
It can be shown [24, 82] that sparse random graphs have loops which size typically grows as
O(log(N)), thus the correlations in such graphs decay fast enough for BP to converge and
accuractly approximate the marginal distributions.

Of course, these generic considerations are not always true. In many graphical models,
typically in combinatorial optimization problems, this assumption of small correlations can
break down in certain parameters regimes despite the sparsity of the graph and BP cannot
sample anymore the marginals as the space of solution splits into an exponential (in N)
number of disconnected clusters of solutions. This scenario is referred as replica symmetry
breaking [1,24,67,81,82] but is out of the scope of this thesis: inference problems always have
a solution by definition, and this prevents the replica symmetry breaking phenomenon to
occur, at least in the case of the prior matching condition when the true generating model of
the signal is know [57]. All the theoretical analisies in this thesis will assume this condition,
see sec. 4.3 and sec. 9.6.

There exist different alternatives to include part of the correlations induced by the loops in
the graph, not taken into accout by BP in its canonical form. A very general and popular
one is refered as generalized belief propagation algorithms [83], another technique is the
loop corrected belief propagation [84]. But in problems with a glassy phenomenology where
anyway the system is deep in its replica symmetry broken phase where its measure really
splits into exponentially many ones, this phenomenon must be taken into account and more
advanced algorithms such as survey propagation should be considered [1, 64, 82, 85-87].
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4.2.5 Belief propagation and the Bethe free energy

We previously assumed that the BP algorithm, that can be thought as a dynamical process on a
graph was exact on trees, i.e. its fixed point marginals were the exact ones m;(x;) = [ dx\; P(x).
Let us prove that it is actually the case. In the case of a tree factor graph, the probability
distribution of the variables can be written exactly as a factorized distribution over the single
variable marginals {P; (x,-)}ﬁv and the "factor marginals" {P,, (xa)}g:

1 G G N
PX) = [Tvaxa) =[[Paxa) [] Pilx)' ¢ (4.58)
a a i

where c; denotes the connectivity of the node i, the number of factors to which the variable
x; is connected to. The inductive proof can be found in [24]. From this we can compute the
associated Gibbs free energy using (4.6). We skeep the possible dependencies in parameters.
The average energy part is found using (4.11), (4.12):

G G
Ep (Z Eq, (xa)) = - Ep, (log(v(xa)) (4.59)
Then the entropy part using (3.34) with (4.58):
G N
H(P) =-) Ep, (log(Pa(xa))) = Y_(1 - c))Ep, (log (P;(x;))) (4.60)
a i

Thus the Gibbs free energy for a tree (which is also its true Helmotz free energy as (4.58) is
exact for a tree) is given by:

G
Fpetne({PaYalg, (Pi}}) ==} f dX,Pa(X4)log (w(xa))

P,(xg4)

N
_Z(Ci_1)fdxipi(xi)10g(Pi(xi)) (4.61)

This free energy is also referred as the Bethe free energy. Let us compute the marginals, used in
the parametrization (4.58). As discussed in sec. 4.1.1, we thus minimize the Bethe free energy
to find their expressions, but we also need to be careful to enforce their normalization and the
marginalization conditions to get coherent definitions of probability distributions. These two
conditions together imply the normalization of the full distribution, we dont need a additional
Lagrange multiplier to enforce it. We thus create a Lagrangian from the Bethe free energy:

N
Lrethe(Pay Wats APHN) = Fgone((Pa, Wl APAN + Yy ( f dx;P;i(x;) - 1)
i
G
+3 ) | dxidai(x:) ( f dxa\iPa(xa)—P,-(x,-)) (4.62)

a ieda
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Now we optimize it with respect to the one point marginal by functionnal derivation:

0 ZLBethe * *
=—(c;i — 1) Nog (P (x 1 - Agi(xH)=0 4.63
6P,-(x;.“) (ci—1) [ Og( i (x; )) + ] +Yi a;ai ai(X;) ( )
sy _ 1 1 "
= Pi(x}) = Pl e Za_/lai(xi) (4.64)
acoi

where we put all the constants in the normalization. And now the factor marginals:

5$Bethe (Pu(XZ) *

—=CBethe _ +1+ Aai(x5H =0 4.65

5P(x) Valxl) 2 Aail) (469

= P,(x}) = Wa(lxa) exp (— Y Aai(x;)) (4.66)
Za i€da

Now using the following reparametrization in (4.64) we get:

Aai(x]) == ) log(rp;(x])) (4.67)
bedi\a
=Y Aai(x})=—(ci—1) Y log(rai(x})) (4.68)
acodi aedi
=P;(x;) = 1 [T ai(xi) (4.69)
2i gedi
= m;(x;) (4.70)

where we recognized the BP marginal expression (4.47). And now applying the same for the
factor marginals (4.66):

=Pa(xa)=”’“(,x 2 IT I #wixd) (4.71)
a iedabedila
V) ) 4.72)
Za i€da
= Ma(Xa) (4.73)

where we have used (4.46) and (4.49) at the fixed point of BP, i.e. droping the time index. We
thus realize that the fixed point marginals {Pi}f.v and {Pa}g of the Bethe free energy (4.64) gives
back the BP marginals {m,-}f.v and {ma}g. A very nice review on graphical models and the links
between belief propagation and the Bethe free energy is [88].

Belief propagation can be generalized to optimize more complex variational free energies,
that take into acount more complex probabilistic models. Some classical mean field models
include the Kikuchi and junction tree approximations. These message-passing algorithms are
refered as generalized belief propagation algorithms [83]. In this framework, the Bethe free
energy is a particular choice of parametrization (4.58) for the distribution of the model. But in
the present thesis, dense graphical models with linear constraints are studied, and in this case
the Bethe free energy is asymptotically exact as we will see in sec. 4.3.
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4.2.6 The Bethe free energy in terms of cavity messages

The Bethe free energy (4.61) is a formal expression useful to show the equivalence with the BP
fixed points as done in the previous section, but is not very practical from the computational
point of view. We now derive another equivalent expression of it, expressed in terms of the
cavity messages at their fixed point. This will be useful when deriving expectation maximiza-
tion learning equations for example. We start from the expression (4.61). Using the expression
of the marginals as a function of the cavity messages (4.69), (4.72) the free energy becomes:

g V4
FBethe = _Zf anPa(Xa) log(—“)
a

[licoa Mia(xi)

N R .
~S -1 f dx,-Pi(x,-)log(M) (4.74)

<j

G N N
=— Z]og(za) - Zlog(zi) + Z cilog(z;)

~ v

=F
G N
+Y ) | dxaPa(xa)log(mia(x)) =Y (ci—1) f dx; Pi(x;) log( I1 mui(xi)) (4.75)
a ieda i acoi
Now we use the following identity that is a direct consequence of the definition of the cavity
messages:

[T i (xi) = mia(xi) Mai(xi)ziq forany aedi (4.76)
bedi

where z;, is the normalization of m;,(x;). Now using the fact that Zév cifi= Zﬁv Y acoi [i fora
generic objecf f; that depends on the variable index (the connectivity can be replaced by an
additional sum over the neighbors factor indices) and using the marginalization property of
P,(x,), we deduce:

G N
Fpetne=F+Y. Y | Pixplog(miq(x))+Y. Y log(z:)

a ieda i aedi

_Z Z [fdxlpl (1) (log(mm(xl)) +10g(mal(xz))) +1og(zia)

i aedi

N
+) fdxz'Pi (x7) (log (mja(x:)) +1log (M4i (x:))) +10g (2i4) (4.77)

Now we use that the sums Zg Yicoafia= Zi.v Y acoi fia are equal (f;4 is any function depending
on the variables and factors indices) and the identity:

P(xl)_ 2 mla(xl)mal(xl) (4.78)

=>2zi= Ziufdximia(xi)ﬁ’lai(xi) (4.79)
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We thus obtain:

N
FBethe:p"'Z Z

log(zia) +log (f dximm(xi)ﬁ’lai(xi))

i aecdi
N
- [fdxipi(xi)log(mai(xi))+10g(zia)
i aedi
N
+) f dx;P;(x;) (log (miq(x;)) +10g (M4; (x;))) +10g (zia) (4.80)
i
. N N
=F+) ). log(f dximm(xi)ﬁ’lai(xi)) -y > fdxiPi(x,-)log(mm(x,-))
i aedi i aedi
N 1
+Z fdxiPi(xi) log(— l_[ mb,-(xi))+log(ﬁzm(xi)))+log(zm) (4.81)
i Zia pediva
N
=F+) ) logU dximia(xi)mai(xi)) (4.82)
i aecdi

So the final expression of the Bethe free energy in terms of the cavity messages fixed point is:

G N N
Fgethe = — ) 10g(24) =) _log(zi) +)_ Y log(Zia) (4.83)
a i i aecdi
za= | AXaWaXa) [] mialxi) (4.84)
i€eda
zi= f dx; [ mai(xi) (4.85)
aeodi
Ziui=fdximia(xi)ﬁ’tui(xi) (4.86)

This expression is only true at the fixed points of the messages, but at any time step ¢ of
the algorithm, an approximated free energy can be computed plugging the messages at this
time in this expression. This formula can be understood in the following way: the total
free energy on a tree graphical model is the sum of the contributions of each factors and
their associated neighborhood (edges and variables), of the individual variable and their
adjacent edges contributions but as each edges has been overcounted, we remove each edge
contribution once.

4.2.7 Derivation of belief propagation from the Bethe free energy

This form of the Bethe free energy is more practical than the (4.61) because the belief propaga-
tion equations can be trivially derived as fixed point equations for this potential. Let us show
it for sake of completeness. Starting from (4.83) and performing the functional derivative with
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respect to the cavity messages, we obtain at the fixed point:

OF 1 . )
_—_Bethe :——fdxié(x,-—xi) [T witx)
Ofai(x;)  Zi bedi\a
1
+ ~—fdx,~5(x,- —X;)Miq(x;) =0 (4.87)
Zia
* 1 A *
= mig(x])=— [] mwpi(x}) (4.88)
Zia pegi\a
Zi
2iy= CL (4.89)
Zia
In the similar way:
5Fporh 1 .
—Bethe - — [ dxidxaiwaxixa )8 -x) [ mjalx))
5mia(xi ) Za jeda\i
1
+ ~—fdx,~5(x,- - x;)ﬁlm’(xi) =0 (4.90)
Zia
A * 1 *
= Mgi(x;) = fdxa\iWa(xi »Xa\i) l_[ Mja(Xj) (4.91)
Zai jeda\i
A Zaq
Zgi=—— (4.92)
Zia

which are exactly the BP equations (4.45), (4.46) at their fixed point.

4.3 The approximate message-passing algorithm

If the only available information about the signal is the matrix F and the vector of measure-
ments y in (3.18), then the information-theoretically best possible estimate of each signal
component is computed as a weighted average over all solutions of the linear system, where
the weight of each solution is given by the prior. Of course, the undetermined linear sys-
tem (3.18) has exponentially many (in N) solutions and hence computing exactly the above
weighted average is in general intractable. The corresponding expectation to perform infer-
ence can be, however, approximated efficiently via the approximate message-passing algo-
rithm [34, 35,89, 90] that we will present now. But before, let us expose why belief propagation
is not the right tool to use in the present context.

In order to be as general as possible, we now consider that the components of the signal we
want to infer are B-dimensional vectors X; = [x;];c; where [ denotes both the vector variable
index and the set of indices {i € [} of the scalar components of x concatenated to form the new
vector variable x;. These new variables are called sections. We define F; := [Fy;];¢; as a vector
of elements of the matrix F that act on the section x; (see Fig. 4.5). Working with vectors is
useful as we will work in this setting for the sparse superposition codes sec. 9 and the scalar
equations can be recovered taking B = 1 in the final equations. All the previous derivations
(the BP algorithm, the Bethe free energy, etc.) would have been the same with vector variables
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so the obtained results remain valid. We will denote by L the number of sections {x;}%, in order
to keep the notation N = LB for the number of 1-d components of the signal. We take a generic
factorizable prior over the sections. Fig. 4.5 shows how a linear estimation problem with a
scalar components signal which prior constrain groups of B non overlaping components can
be interpreted as an equivalent problem where now the components are B-d sections. The
scalar matrix elements are concatenated in B-d vectors as well, and are applied to the vectorial
signal components using the usual scalar product between vectors. This construction changes
nothing to the scalar measurements, nor to the fact that the noise is i.i.d applied on the 1-d
components of the signal.

4.3.1 Why is the canonical belief propagation not an option for dense linear sys-
tems over reals?

Belief propagation is a very powerful inference algorithm but it has caveats. We will write
the BP equations for the linear estimation problem and understand why the equations are
intractable.

The Hamiltonian we consider is thus a direct extension of (4.26) to the vectorial case and we
consider that the measurement matrix is full:

L ] 1 M 9
E®) =— Zlog(PO (x,)) + o 2 (v (B (4.93)
l B

A remark is that when there are factors {¢p(x;)} depending on single variables, the node-to-
factor BP message (4.46) and the marginal (4.47) can be rewritten as:

1
mip ) = —=¢x) [ mj;(x) (4.94)
Zm bedi\a
1
m!(x;) = —dx;) [ mb;(x) (4.95)
Zi aeoi
1
= T(P(xi)ﬁl;i(xi)mf;l(xi) for any a € 0i (4.96)

ra
which is a perfectly equivalent form as these single variable factors can be integrated in the
set of previous factors {y,} considering that they do not receive any node-to-factor messages
(i.e. the product of messages in (4.45) is 1 and there is no marginalization to perform as they
are only connected to one variable). This form will be more practical to use. Now using that
the constraints are given by the likelihood of the observations (3.58) and that the prior is
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A

B components

L sections

Noisy output Y Coding/Measurement operator F Sparse signal X Noise
M scalars random or structured N=LB scalars M scalars
M x N matrix of scalars L sections

B-d vectors,
the sections

L sections

Noisy output Y Coding/Measurement operator F Signal X Noise
M scalars random or structured L B-d sections M scalars

M x L matrix of B-d vectors

Figure 4.5 — Up : Representation of the linear estimation problem over the i.i.d AWGN channel
in terms of a signal and matrix with scalar components. The prior on this signal is factorizable
over non overlaping groups of B components, denoted as the sections. Down : Reinterpreting
the same problem in terms of B-d variables. Now, the matrix elements are concatenated to
form B-d vectors that are applied (using the usual scalar product for vectors) on the associated
B-d vectors representing the new components of the signal, the sections. In this new setting,
all the signal sections are uncorrelated by the prior.

factorizable over the signal sections, we get the BP equations for vectorial linear estimation:

L-1 snr L-1 2
il ) = o f [T dxemy, x| % (A FanerFlima) (4.97)
“urd Lkl
t+1 1 l M A b
my, (%) = — g Polx) [ 7y, (x)) (4.98)
Zlu Y1
t 1 l ul ot
mj () = —Pox) [ ] iy () (4.99)
l Y

Working with the noise variance or the snr = 1/A is the same as we fix the power to be 1. What
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are the problems with these equations? There are essentially three:

» The factor graph associated to the linear estimation problem problem Fig. 4.1 (where the 1-d
x; variables are replace by the B-d x; ones) is densely connected. The likelihood constraints
enforce all the variable nodes to be connected to all the likelihood factor nodes when the
measurement matrix is full. This implies that the number of messages to store in the memory
and exchange at each time step is 2M L € o3 (2 per edges) which is way too many and scales
badly with the problem size.

» Furthermore, these messages are probability distributions over real variables. Such objects
are really difficult to store on a computer as in general they have no analytical form that could
be decomposed as simple functions. It would require to store a discretized version of each
message, a histogram which discretization step is small enough to have an high numerical
accuracy. This is impossible as the number of message is large and anyway, it would lower
greatly the efficiency of the algorithm.

» As we are working in the continuous framework x € RBL Fe RMBL the computations of the
factor-to-node cavity messages (4.97) require very high dimensional integrals to be performed
((L—1)B integrals in the full matrix case) which are non analytic and thus would have to be
computed numerically.

We understand that BP in this form is not an option. BP is useful when the factor graph is
sparse and when the variables have few discrete states. In this case the integrals become
sums over the states of few neighbors which is tractable. Furthermore, there are not too many
messages to store due to the graph sparsity (this number scales as the number of variables)
and each message can be easily stored as a small vector giving the probability of each discrete
state.

Belief propagation based reconstruction algorithms were introduced in compressed sensing
by [91]. The authors used sparse measurement matrices to reduce the number of messages
and make the graph locally tree-like and then treated the BP messages as probabilities over
real numbers, that were represented by a histogram, one of the three major problems of BP
discussed before, and that will face the approximate message-passing algorithm.

4.3.2 Why message-passing works on dense graphs?

Let us assume that we have an infinitely powerful computer with infinite memory, such that
all the previous problems are not of concern anymore. Is the BP algorithm a good inference
algorithm anyway for such linear estimation problems, where the factor graph is dense? We
explained in sec. 4.2.5 that BP finds the fixed point marginals of the Bethe free energy which is
exact for trees, and suggests that BP is an accurate approximation in the case of sparse graphs
because of their locally tree-like structure, see sec. 4.2.4. But here it is not the case at all. It
is even the opposite extreme case: the graph is full of loops. But actually, such very dense
graphs share with tree-like ones the important common feature that makes BP the algorithm
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of choice for inference: the correlations between variables are very weak. Let us detail a bit
more this notion.

These systems (tree-like and dense graphical models) are equivalent to infinite dimensional
systems. This can be seen from the following fact: starting from any node in the system and
moving with no coming back (without passing two times by the same edge), it is impossible
to return at the starting point. It is trivial for a tree as it is the very definition of what a tree
graph is and thus it becomes true with high probability for infinitely large tree-like graphs.
On densely connected graphs, it becomes true with high probability as well as the graph size
increases, because the number of paths becomes so large that taking one that luckily comes
back to the initial point becomes infinitesimaly probable, which is not the case on a 2-d graph
like a grid for example.

This is why message-passing works on such graphs: the independence between neighboring
variables assumed for computing the cavity messages is asymptotically valid, as the only
possible paths that could correlate these variables in the cavity graphs have lenghts that
diverge in the random sparse graphs case, and the variables are anyway almost independent
in the densely connected case as each variable is connected to all other ones making the
influence of each single one asymptotically null.

4.3.3 Derivation of the approximate message-passing algorithm from belief prop-
agation

In order to get an algorithm capable of dealing with continuous variables and dense graphs
with linear constraints, the approximate message-passing algorithm, we will start from BP
and then perform two principal steps: i) In order to face the problem of storing distributions
over real variables, we will parametrize the cavity messages thanks to their first and second
moments, i.e. project them on Gaussians. This step is exact in the large signal limit L — co
as we will see, and is validated by "law of large numbers like" arguments as the number of
incoming message on each factor is very large. ii) We will expand the cavity quantities that
depend on factors and variables indices around marginal quantities that depend only on
the variables indices. The correction around these, the so called Onsager reaction term in
statistical physics will be essential for the algorithm performance, and makes all the difference
with the naive mean field approximation, see sec. 4.1.7. The resulting algorithm, referred as
the Thouless-Palmer-Anderson TAP equations in statistical physics, derived to deal with spin
glasses [79,92], will be obtained for linear estimation: it is the approximate message-passing
algorithm. Before the apparition of AMP, message-passing algorithms for dense graphs were
already studied [93] but the strategy adopted here is different.
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Gaussian parametrization

The cavity messages in BP (4.97), (4.98) can be represented only by their mean and variance as
done by [94, 95]. Let us see how to derive iterative equations on these moments. For the rest of
this derivation, we skeep the time index for sake of readibility, these will be added back at the
end and justified in sec. 4.3.4.

In order to fix the power to 1 in (3.18), we use the following scaling for the matrix elements:
Fui € 01/ VL) < 1, as we assume in the derivation that L > 1. Using this scaling, we will
Taylor expand in the matrix elements the exponential appearing in the factor-to-node cavity
message (4.97). But before that, after developing the square in this exponential, we need to
apply the Hubbard-Stratanovitch transform to w(x,;) := ¥ FL Xk to simplify the resulting
expression, the aim being to linearize all the x; independent terms in the exponential so that
the integrals become independent:

w?snr snr 2enr | -
e =\/2—fdAer +isnrAw (4.100)
T

Vv snr e_szﬂ (FLXz—yH)Z

= 1y (X)) =
H \/27‘[2“1
Zenr L-1 T _ET i
fd/le_AZ l_[ [dekmk“(Xk)esanﬂkxk(yp F“,xzﬂl) (4.101)
k#l L

Z:‘;tk
To define the approximate messages Gaussian parametrization, we need the following vectorial
objects:

an ::fxmg(x) dx (4.102)
VD::/xsz(x) dx— a2 (4.103)

2 is an elementwise operation as the inverse operation ¢! used later on.

where the square
Expanding in F,; the u; appearing in (4.101) and using the two previous definitions, the

integral uy can be written as:

U

T T ; 1 T T g
U 1+ Sanukxk (yﬂ _Fplxl + l/l) + 3 [Sanukxk (y# - Fulxl + z/l)] )

f axj My (Xi)

. 1 12
=(1+ sanLkaku (yﬂ - FLIXI + l/l) + E(Vk“ + ai“) [sanLk (y“ - Flel + M)] )
aiu 2
~|1+ SanLkak# (J’u - Flel + i/l) + > [sanLk (J’u - Flel + i/l)]

1+ ‘% [sanLk (J’# - Flel + M)]z)

2 2
. 2 ,
N eaZPFﬂksnr(y”—F;lxl+wl)+ %vaF“k (J’p—F,Tlle +z/1)

(4.104)
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where we kept only the terms up to O(1/L). This allows us to write the cavity factor-to-node
message as:

vsnr e_ﬂ(F xi= y”Jz

=1y (X)) = —
H V2nrZzy
s 2 L-1 snr2 .2
fd/le nr2/1 1—[ eak# uksnr(yu lxl+l/l) 3 vku uk(yﬂ lxl+l/1] (4.105)
k#l

The Gaussian integral over A can now be performed easily, and putting all the x; independent
terms in the normalization constant Z,,; we obtain:

1
g (x) = — e PAUXIHBLX (4.106)
Z,ul
B2,
;u
2y = H a ~ e7hi (4.107)
i€l pi
Fi ;
A= (4.108)
ul VT P2
1/snr+2k# kyF/,zk
L-1
Fpi (J’u ~ Lz Fukaku)
Bui:= T (4.109)
1/snr+2k¢l kuFuk
We deduce the node-to-factor cavity message expression from (4.94):
1 L) TYMAA +xT P18,
mzﬂ(Xz)—Z—Po(Xz)e 20 Sy BYITRL Sy Byl (4.110)
lu
Bl = f g Pl (o) €72 DT i A+ x] 22 By (4.111)

where sums of the form Yy L= [ZY l“yi] ;¢; are vectors of size B. We now have projected the
set of cavity messages onto Gaussian distributions, fully parametrized by their first and second
moments.

We define [; as the B-d section index (or the set of indices, depending on the context) to which
the i’" 1-d signal component belongs to. We can now define a probability measure over the
section I: mp((Z;)%,R;,x;) and the corresponding 1-d components marginals, the marginals
of the 1-d variables in the section: {m; ((Z li)z, R, xi)}ie;. We also define the associated vector
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of averages f,, and variances f;, over these marginals:

mp((Z)? Ry, X)) 1= PlixeuRIDTEED™ 4.112)

z(ZD2,Ry)

m;((Z1,)% Ry, ;) ::fdxli\imB((Zli)erli,Xli) (4.113)
()% Rp) = 2((2)% Ry)) = f dx; Pl oxg) e (i -RIDTEED ™ (4.114)
Ful (2 Ry = [ dximi(21% Ry, 03, (4.115)
fo(ZD%R) ::fdx,-mi((z,i)z,Rli,xi)x,?—fai((z,i)Z,le (4.116)
£, (ZD%R) = [ fu, (Z1)% R ] 5 (4.117)
£, (Z)%R) = [fo, (Z0)%Ry) ] 1o (4.118)

Using (4.110) together with these definitions and (4.102), (4.103) we get the second order BP
iterations:

M-1
1 Lyzu By
aluzfal(ZM_lA )ZM_IA (4119)
y#u Sl Syzp Byl
M-1
1 Lyzu By
Vl“ = fC] ( M—IA ) ZM_IA (4120)
y#u 2yl fyzp Byl
M
1 Z“ B/Jl
a=fo, | r— <1 4.121)
Zﬂ A[Jl Zp A/Jl
M
1 > Bul
vi=fo, | ——) =% (4.122)
ZIJ Ayl ZN Ayl

where the two last equations are the marginal mean (4.47) and associated variance, that takes
into account all factors. At this stage, after indexing with the time, the algorithm defined by the
set of equations (4.108), (4.109) and (4.119), (4.120) together with the definitions (4.113), (4.117)
and (4.118) is usually referred as relaxed-BP [34, 35,94, 96], which is exact for linear estimation
as the number of sections L — co. After convergence, the final estimates are obtained through
(4.121). This first step thus solves the problem of storing the messages, as now each message
is parametrized by just two numbers, its mean a;;, and variance vy,,.

Reduction of the number of messages: the TAP equations

We can simplify further the equations, going from an algorithm where 2M L messages are
exchanged at each time step to one with only M + L messages per time step [97]. The following
expansion, the Thouless-Anderson-Palmer approximation in statistical physics of spin glasses
[92] is exact in the large signal size limit, as the previous Gaussian parametrization. It starts by
noticing that in the L — oo limit (and thus the number M of factors diverges as well such that
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the measurement rate is constant), the cavity quantities (4.119), (4.120), (4.108) and (4.109)
become almost independent of the u index (which is equivalent to say that each factor’s
influence becomes infinitely weak as there are so many). We can thus re-write these objects
as marginal quantities (that depend on single variable indices) keeping the proper first order
correction in Fy,;, the Onsager reaction term, essential for the efficiency of the AMP algorithm.

We first define new useful quantities (again, all the operations such as 1/e or the dot product
uv applied to vectors are elementwise, as opposed to uTv which is the usual scalar product

between vectors):
L
wy = ;Flkakﬂ (4.123)
L
O =) (Fo ) Vi, (4.124)
k
(Zp)?:= Ml (4.125)
T Bk
Ry = —o— (4.126)
Zy A/Jk
(Zgp)? o= % (4.127)
ZY## Ayt
YL Bk
Ry, = Sy rk (4.128)
H ZM lA
YA

We always remain in the limit B € O(1) for the derivation, so if B terms € O(1/v/L) are summed,
the result is still € O(1/v/L). We now expand the cavity quantities (4.119), (4.120) of the relaxed-
BP algorithm considering the u’s factor influence weak. Let us start by the cavity averages:

ay, = f£4,((Z1)% Ryp) (4.129)
~ £, (ZD5R) + (Z10)% - EDH)V iz, fa, (ZDER)
+ Ry —R) VR £a, () R) (4.130)
AH, ,
=a;+ Vizefe, (2D, Ry)

B,ul(Zy Ayp) - ,ul(Zy By))

Ve £, (2% R) + 0o(1/VL) (4.131)
VAN E Ay A | T

where we have used (4.121), (4.125), (4.126), (4.127) and (4.128). The gradient operator outputs
a vector, for example: Vg, ((Zl)Z,Rl) = [OR[fal((Zl)z,Rl)] ic;- Now we use the fact that the
Ay €O0(1/L)isa strictly positive term and By, € O(1/ VL) can be of both signs thus ZYAW and
ZY B, are both € O(1). Furthermore, using (Zlu)2 = (Zl)2 + O(1/L) we obtain the first order
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corrections to a; and v; (following the same computation):

ay, =a;— (2)*By V£, (2% R) +0(1/ VD) (4.132)
::ealue‘(r)(l/\fL)
Vi =V~ (Z)*By Ve £, (2% R) +0(1/VI) (4.133)

::evl#EO(I/ﬁ)

€ayivy, = [eaw /,,w]iE ! is the (positive or negative) vector of corrections € 0(1/VL) linking
a;, /vy, to a;/v;. We need to express all the cavity quantities appearing in these corrections in
terms of marginal quantities. In order to do so, we start by expanding (4.125) and (4.126) in
the F elements and keeping only the O(1) terms, we get:

M F2, -1
(21)2: Z 1%
m 1/snr+®u—v}ﬂFil
M F? -1
Y (4.134)
m 1/snr+®#
, MFﬂl(y,t—wu+Fula}#)
R;=(Z)) T
m 1/snr+®ﬂ—vl“F#l
o | LB (yu—wy) Y FupTa;, M (Fu)Tea,
~E° | LT T arre. 2 e,
m I/snr+0, m 1/snr+0, m 1/snr+0,
z;za,+6(1/ﬁ) €0(1/L)
MF,(Yu— wy)
~a;+(Zp*) el Yu” B (4.135)

m 1/snr+0,

These depend on the previously defined quantities (4.123) and (4.124) that we thus need to
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expand keeping only the terms in O(1) as well to get marginal quantities:

L L
Ou =Y (F )TV =) (F ) ey,
k k
€0(1/L)
L
= (B2 )TV (4.136)
k
w=3
k

T
“ ak Z F,ukeaku

L L F -yL FT ap,+F a
1k (yu ko F ke T By
=D Fjac- Y F) T o 20 VRda (Z0” Ry
2 X snr+Zk, kuFue ~ Vi Fuk oy
NZFTk k- ——— 1/ Z(F DTV (4.137)

The last equality is obtained using (4.132), (4.109), neglecting o(1) terms and noticing that:

S axPyx)x;exp(x—R;)T2(Z;,)™})

Or 2 (Z1)%R;) =0 4.138
R fa,(Z1)7,Ry) =0R T dxPot) exp (= Ry )TRZ1)) 1) ( )
1
(Z =2 ([EXIy(x ) = R Exjy (%) — Exiy (x;) (Exjy (%) — R)) (4.139)
1 2
= g Exyx) ~Exy(x)°) (4.140)
1
=gl )%, Ry,) (4.141)
= fo,(Z1)%Ry) = v; = (2)°0r, fa, (Z1)* Ry) (4.142)
= £, ()% R) = v = (2)* VR f4, (Z)° R)) (4.143)

Adding back the time indices and rewriting the previous set of equations in terms of their
single components, we get the AMP algorithm, see Fig. 4.6. Here Eyy is the posterior average
estimation by the AMP algorithm. The only problem-dependent objects in the AMP are
the denoising functions {fy,, f;;} that depend on the assumed prior, see the next section.
The updating schedule of Fig. 4.6 is what we would have obtained keeping the time index
when starting the derivation from the usual parallel BP updates (4.97), (4.98) as we did. On
Fig. 4.6, we added a damping scheme controled by the parameter a: at a = 0, we recover the
derived AMP algorithm but for finite values 0 < a < 1, the algorithm can converge easier in
situations where it experiences some troubles such as numerical oscillations. This scheme is
validated empirically, but other ones could be tried. It must be understood that when a # 0,
the algorithm does not follow anymore the state evolution asymptotic predictions that we will
derive in sec. 5.3. In all the theoretical analyzes of this thesis, we thus always consider a =0
but in practical situations, a small a = 0.1 can help.

The AMP algorithm has been generalized to any noise model in [89, 90] and called GAMP
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1: t<0

20—€e+1

3: while ¢ < ¢4 and 6 > ¢ do
. Qi+l N2 f

4: ®u > Fm.vl.

. +1 t _ Np  t_Q;t+l_Ye~
5 wy awﬂ+(1 a) (Zl Fﬁ”ai @ 1/snr+(5)‘

. +1 t _ Af+1
6: (9,J — a®u+ (1 04)(9,J

2 -1/2

: t+1 pi

v Zi ZH 1/snr+®’+1
1

8: Rt+1 - a + (Zl’+1) ZMF w[:

) i l/snr-i—G)’+1

9: Uit+1 —f ((thi-i—l)ZlRZI—l)
00 aftl— fo (ZEHL RV
11: t—t+1
122 6—|la™!-a’|3
13: end while
14: return a’

Figure 4.6 — The approximate message-passing algorithm with damping controled by 0 < a < 1.
I; is the index of the section to which the i*" 1-d variable belongs to. In the scalar components
case B = 1, the sections are just the components. € is the accuracy for convergence and #,,x
the maximum number of iterations. A suitable initialization for the quantities is (af =0-F Py (Xi),
vl.tzo = Varp, (x;), wffo = yu). Once the algorithm has converged, i.e. the quantities do not
change anymore from iteration to iteration, the estimate of the /*" signal section is alt Ata =0,
the usual approximate message-passing algorithm is recovered. {@ﬂ}ﬁ/[ are auxilliary variables
for the damping scheme.

for "generalized AMP". The algorithm presented here is equivalent to GAMP for the i.i.d
AWGN channel. It is important to note that the name "approximate" message-passing is
a little misleading since as we have shown through the derivation, for dense i.i.d random
measurement matrices the AMP is asymptotically equivalent to BB i.e. all the leading terms in
N are included in AMP.

4.3.4 Alternative "simpler" derivation of the approximate message-passing algo-
rithm

The previous derivation did not assume anything and proves the asymptotic equivalence
between AMP and BP but is a bit long. We present here an alternative derivation of the AMP
algorithm, which will use directly the assumption that the node-to-factor messages can be
represented as Gaussians. This derivation is very close to the one of the non-parametric BP al-
gorithm [98] in the special case where only one Gaussian in used in the messages parametriza-
tion. Like the previous derivation, it starts from the factor-to-node cavity message (4.97). We
first define I'y; := YL Kt l xk, the variable that appears in the exponential in (4.97). Now we
assume that the cavity node-to-factor messages are Gaussians. In a sense we place ourselves
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directly at the step (4.110) of the previous derivation:
m,tm(xk) =N (xk|a,’;H,v,t€H) (4.144)

As discussed in sec. 4.2.2, when computing the factor-to-node messages we assume that the
node-to-factor messages arriving on the factor of interest are conditionally independent (due
to the tree approximation behind BP). This implies that T L [~ N (I‘L ; |I_‘L l,vﬁd) in (4.97) is also
Gaussian distributed with moments given by:

= T af
L= ) Flap, (4.145)
k#l
o _ 2 t
i, = gz(F“’“)TV’“” (4.146)

We thus obtain the factor-to-node message m;yl (x;) expression from (4.97):

1 _
i, ) = %fﬂ(I‘ﬂl|yﬂ—Flel,1/snr)./V(I‘”l|I’;l,v§M)dl‘#l (4.147)
= ([l v, ) (4.148)

where the first Gaussian is the likelihood part. The moments are given by:

T ot t
y,u_Zk?le 2k B 1
a, = A —f (4.149)
Fu Aﬂl
2 ¢
. 1/snr+zk¢l(F#k)Tvkﬂ !
V= 2 =ar (4.150)
F,ul ul

where we recognized the expressions (4.108), (4.109) obtained in the previous derivation, thus
it is coherent. Now in order to compute the node-to-factor message from (4.98), we need the
fact that a product of K Gaussians distributions over the same variable with respective means
and variances {ry, vk}Ik( gives a new Gaussian distribution with moments {r, v} given by:

K -1
D= (Z Vél) (4.151)
k

K
r=vy revit (4.152)
k
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AMP Gaussian field:
Max likelihood
Measure estimate estimate of signal
and variance and associated variance
Wy, O > R,

Denoisers: combine

fais fe;)  prior knowledge

A 0 t > tmae

ai,vi — Q....;;;_.l.._.;t..g..:.e.... ’UZ,CLZ
Output: final posterior Posterior signal estimate
estimate of the signal, and variance:

the posterior variance
should be small

about the signal

with max likelihood
estimation

gather all available knowledge

Figure 4.7 — Graphical representation of the approximate message-passing algorithm. It
iteratively repeats three main steps until convergence: i) computation of an estimate of
the measurement ans its variance, ii) computation of the maximum likelihood estimate of
the signal and its variance, the AMP fields and then iii) combine the previous maximum
likelihood estimate with the prior through the denoisers to get the posterior estimate and

variance.

From this combined with (4.98), we close the equations on the cavity node-to-factor means

and variances:

t+1
mllJ x) =

<+l _
Vi =

S1+1 _
a, =

1 A
— P [T il x)
Zl/J V?fﬂ
i st+] i+l
1 Po o)A (xglay, vy, )
Iy
2 _1

Z( F2 ) _ 1
v 1/snr+Zk¢1(F3k)TV,tw Zv#yAf,l

T ot t
1w Wi~ ZeaFag,) _ 2By,
1 2 i t
H vap l/snr+ 3 (FD )TV XyzuAl,

(4.153)

(4.154)

(4.155)

(4.156)

using again (4.108), (4.109). The last step is to compute the mean af;f and variance vfﬁl of the
cavity message (4.154): it gives exactly the relaxed-BP equations (4.119), (4.120) and thus the
AMP algorithm after the TAP step like in the previous section.
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4.3.5 Understanding the approximate message-passing algorithm

Let us explain what AMP is doing. It is an iterative algorithm that iteratively repeat three basic
steps, each time computing an estimate of some quantity and its associated variance. This is
represented on Fig. 4.7:

First step : From the actual knowledge of the posterior signal estimate and variance, AMP
computes the estimate of the measurement vector and its variance. This estimate witl (see
Fig. 4.6) is a sum of two terms: the first one is the measure one would get if the true signal
was given by the actual posterior estimate a’, the second one is a "gradient like" term that
tends to increase the difference between the measure and its new estimate. This increase is
proportional to the measurement variance and the difference. It can seem a priori strange to
amplify this difference, but it is actually understandable from the use of this estimate in the
second step.

Second step : AMP computes what we call the AMP fields: R**! and associated variances
(212 the means and variances of a Gaussian mean field on each variable that summarizes
the influence of all the likelihood factors, i.e. this Gaussian field tends to maximize the
likelihood of the signal by enforcing its estimate to match the measurements. R**! (see
Fig. 4.6) is the sum of the previous posterior estimate, the best estimate at the previous time
step plus another "gradient like" term which is proportional to the AMP field variance and the
most recent difference between the measure estimate and the true measurement vector: now
we understand that the amplification of this difference in the previous step actually leads to a
stronger shift of the AMP fields R*! in the proper direction to reduce the difference with the
measurement vector, thus to increase the likelihood.

Third step : The last step takes as input the new AMP fields and combine them with the
prior distribution of the signal to get the new posterior estimate that gather all the actual
information about the signal. This is performed thanks to the denoiser f,: this function
averages over all the possible signal estimates properly weighted by their actual posterior
distribution, given by the product of the AMP Gaussian field and the prior. f; computes the
associated posterior variance that should converge to 0 as the algorithm converges to its
fixed point, hopefully given by the true posterior M M SE estimate (under the prior matching
condition, and above the BP transition if no spatial coupling is used, see sec. 5.1.1 and sec. 5.5).

These steps are repeated until convergence or the maximum number of iterations is reached,
and the estimator is the last posterior estimate of the signal.

4.3.6 How to quickly cook an approximate message-passing algorithm for your
linear estimation problem

In the generic AMP algorithm, the only problem dependent part are the denoising functions
{fa,» fc;}, but once adapted the algorithm Fig. 4.6 can be applied to a large class of linear
estimation problems. We give here "blocks" for constructing such denoising functions. For a
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factorizable prior Py(x) = Hﬁv Pé(xi), we need the posterior partition function z(22, R), the first
u(2?, R) and second v(Z?, R) non normalized moments. We consider that the prior Pé(x) isa
linear combination of different distributions p,, (x):

Pl o< Y wypu(x) (4.157)
u

where w, is the weight of the distribution p, in the prior. These weights dont need to be nor-
malized in the present construction. From this we can construct the posterior normalization:

z(2%,R) = f dx Pi(x) & (xIR,Z?)
=y wuf dx pyu(x) A (xIR, 2%
u
=Y wyzy (2% R) (4.158)
u
In the same way we construct the first and second non normalized moments:
y(Z% R) = f dx Pi(x) & (xIR,Z%)x
= wufdx pu(x) N (xIR, 2% x
u
=Y wuyu(Z*R) (4.159)
u
7(Z%,R) = f dx Pi(x) & (xIR,Z?)x*
=y wufdx pu(x) N (x|R,Z%) x*
u

=Y wyty(Z%R) (4.160)

From this contruction, we define the denoisers as:

2 . YE4LR)

fa,(Z%R) = 2R (4.161)
2 oy ._ (2% R) _ 2 2

Je, (2% R) = 2GR fa(Z%,R) (4.162)

see the Tab. 4.1 for possible triplets (z,, 7y, T,) to construct denoisers. Numerically, it is careful
to take for the variance denoiser f, (22, R) = max(f, (2%, R),€) where € is a very small constant,
like 1072°. This avoids possible negative variances that can appear at the very beginning of the
convergence.
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prior term p, (x;) zu(Zz, R)
Dirac
5(x; —m) A (mIR,2?)
Gauss
N (xilm, v) A (mIR, 2% + v)
Exponential
“AXi(+. A A 2 _ AZ2-R
Ae Mil(x; > 0) 5 exp(2 (AZ 2R)) erfc o
Laplace
B —Bix: pef?2?z B2-R B=2+R
Se Blxil T(e ﬁRerfC(W)+eﬁRerfc( Nrss ))

prior term p,, (x;) Yu(Z%,R)
Dirac
S6(x; —m) mA (m|R,%?)
Gauss
N (xilm, v) N (mIR, 22 + p) ME R
Exponential
AeMil(x; > 0) % (¢zz + V(R = A22)eRAZ @ erfe | AZ-R])
pe”> " _gR 2 BZ*-R
Laplace e ( (R-pBZ )erfc( N3 )
ge—ﬁlx,-l +eﬁR(R+,BZZ)erfc ﬁz al )
prior term p,, (x;) 74(Z% R)
Dirac
5(x; —m) m2 A (m|R,%?)
Gauss
N (xilm, v) N (IR, 52 + p) TELECMRLE )y (R 20
E ial Ae B0 (o5 (R - Q32
Xponenti W{ ( ;2 1 2
AeA5il(x; > 0) V2T ((R— AZ?)2 + 37) e RAZY/CP)erfc [ LR}
252
Laplace —ﬁeﬂ: i 4,323 e R122) | o=PR (=2 + (,622 - R)?)erfc (ﬁj;;f)
B o—Blxil BR(x2 2 2 PZ’+R
Be +ePR(2 + (B2 +R) )erfc(@)

Table 4.1 - Examples of functions for the prior construction

4.3.7 The Bethe free energy for large dense graphs with i.i.d additive white Gaus-

sian noise

For completeness, we now show how to derive an expression of the Bethe free energy that
depends on the quantities appearing in the AMP algorithm. The resulting expression is only
valid at the fixed point of the algorithm and is true asymptotically on dense graphs as the
derivation uses the same assumptions that for AMP, see sec. 4.3.3. We consider that the

measurement matrix is homogeneous.
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The factors contributions

We start from the free energy expression (4.83). Let us start by computing the term (4.84).
Using the likelihood of the compressed sensing with AWGN (3.58), we get:

N 1 (J/u_ZNF,uixi)z
zy = | dx| | mj,(x;) exp|— :
H [ U W amA p( 2A

which is almost (up to one additional variable) the (scalar) normalization of (4.97) at the fixed

(4.163)

point. Thus the "clean" derivation is exactly the same as in sec. 4.3.3: i) apply the Stratanovitch
transformation to linearize the squared sum that appears in the exponent. In this way there
are no crossed terms between variables and the integrals can be perfomed independently.
ii) Expand the exponential up to second order using the fact the the F elements are small,
iii) integrate the independent integrals and use the same trick as (4.104) to get a similar
expression, except that the signal dependent term inside the parenthesis are not present
anymore as all variables have been integrated and finally i v) perform the Gaussian integral
over A, the auxiliary parameter introduced for the Stratanovitch transform and simplify the
result.

Now the fastest way is to remind ourselves that the Bethe approximation is equivalent to
assume the tree property of the graph and thus as discussed in sec. 4.2.2, when a cavity
is dug in the graph by removing a factor, the neighboring variables (i.e. all of them in the
present dense case) are considered independent. Thus the central limit theorem implies that
Y= Zf.v F,;x; appearing in the exponent in (4.163) is a Gaussian random variable with mean
wy = Zﬁv Fyiai, and variance ©, := Zﬁv Fﬁi Viu, the same as (4.123), (4.124) in the scalar case
where a;;, and v;, are the cavity mean and variance associated to m;,(x;) and computed
respectively through (4.119) and (4.120) in the AMP framework. Finally the result is:

zy= f Ay N 1y AN (Yl wy, ©,) (4.164)

=N (wulyw A+0,) (4.165)

The nodes and edges contributions

We now compute (4.85). From (4.106) that we got in the AMP derivation and as each variable
is connected to each likelihood factor in the homogeneous measurement matrix case that we

consider here, we have:
M -1 w2 M M
zi=|[]2u /dxiPo(xz')eXp —;‘Zwaz'ZBm (4.166)
J U [T

-1
Z (4.167)

M
[1%u:
u
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where the prior factor must not be forgotten in (4.85) and we define:

x2
zZ; ::fdxiPo(xi)exp (—2—2’2 +x

i

R;

52 (4.168)
1

where we have used the definition of the AMP fields (4.126), (4.125). Now we notice that using
(4.86) with (4.46), we get at the fixed point that:

. Zi
Ziy=—— (4.169)

It allows with (4.167) to re-write the nodes and edges contributions to the free energy (4.83) as:

N N M
=Y log(z;) +)_) log(Zi,) (4.170)
i i M
N M M zi
=—Y |log(z:) - _log(2ui) - (log (—) - log(Zw-)) (4.171)
i [0 [0 Zip
N M Ziy
=-) |log(z) +Zlog(~—) (4.172)
i T Zi
It is easy to verify from (4.126), (4.125), (4.128), (4.127) that at first order:
1 M
= Y Ay (4.173)
iu YA
1
~ 53 (127 A) (4.174)
1
X Byi
> Riyi= =t 1 (4.175)
Lz Ayi
=R; (1+Z%A,;) - 2By (4.176)

which implies also at first order:

Riw _ Ri

w2 =5z Bui (4.177)
in i

90



4.3. The approximate message-passing algorithm

reminding that Ay,; € O(1/N) and By; € O(1/v'N). From these results, we can simplify the
node-to-factor partition function (4.111):

2
X; Ry,
Ziy = fdx,Po(x,)exp (—E+x Zz ) (4.178)
ip
X R X (2
dx;Py(x;)exp _?-HCLZ 1- x,B#,+7(Bm.+Ay,-) (4.179)
i
5 x; R X7 (o
:zl-+fdxl-P0(x,-)eXp ~oyg F i || iBui+ (B + Ayi) (4.180)
i i
The last equality allows to simplify the second sum appearing in (4.172):

M Xz +X; & x?

Zlog( Zzu) Zlog 1+—fdx1Po(xl)e syt h (_xl-Bui+?’(Bl2“.+Am) (4.181)
U i
» 2
1 ﬁ”’% & Xi (p2
~ Z_ifdxlp()(x’)e P %: Xi By +?(Bm.+Am)
Xg . 2
1 M 1 _7t+xiﬁ
—EZBf”- Zfalx,-Po(xi)e 2xf T E x,-) (4.182)
[ Zi J

=a;

1 e R A
Tz tXisz i

~— | dxiPo(xe = |- —2+—l

Zi Z 2

2
__zﬁ—FW(y“_ Wu) (4.183)

2
o R, v+ a? F,ul (Y — wp) 1 ~ a_lz Ml-(y;t wy) (4.184)
‘220 2 T e =2 24 (A+ey?
R, vit alg v, Fﬁ,(y;t W,u)z
_a; Vi (4.185)
2025 2\F A+8p)?

where we have used (4.124), (4.123) inside (4.109) which gives at first order:

M M F2 (yy— wy)?
Y B Y P ——— (4.186)
. " (A+0,)

and where we have recognized the expressions of the marginal posterior mean a; and variance
v; ((4.102), (4.103), (4.112)). Finally, as we want to express everything in terms of quantities
computed by the AMP algorithm, we notice that we can re-write Z; in terms of the AMP
variable partition function (4.114) that we call here ziAM P— Ziexp (—R‘l.z/ (22?)). Finally the free
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energy reads:
M N al v v M Py —wy)?
(Ri—a))?>+v, v iV~ Wy
R Y log(zAMPY y Wi @) T Vi Pinm”pi 78 4.187
Eﬂ 0g(2y) - Z og (=) + 252 24 (A+0,)? e
M N 2
(Ri —a))*+v; (Y — wp)?
R log (2AMP) 4 i 4i_ T Ui 2 4.188
EN 0g(zu) Zl: og(z 252 m “2(A+® )? ( )

using (4.136) for the second equality. All the approximations are again exact in the large dense
graph limit. Now we notice from Fig. 4.6 that the fixed point conditions are:

J’u Wy
4.189
Ry ; pidi = Wy (4.189)
N
Op =) Fy;vi (4.190)
1
ai = f4,(Z3, Ry) (4.191)
vi = fe;(Z3,R;) (4.192)

Using (4.189), we get the final expression of the Bethe free energy in terms of the AMP quantities
at their fixed point.

M (ZNF iai—w )2 N (R; — a;)? +v;
~-Y |1 i F 1Y |log(zMP) 4+ 22 1 4.193
> log(z) + =5 > [log =)+ (4.199)
(- l 7
=—KL(P;|P)
2 N 2
M 1 ® Y Fia;—w
:—log(2nA)+Z —(y“ ) +—10g(1+—“)—(2’ i~ W)
2 2(A+0,) A 20,
+ZKL(Pi||P0) (4.194)
i
where we have replaced (4.165) in the last equality and:
2 1 2 2
Pi(x;1Z5, Ry) = ;Po(xi)exp(—(Ri - x;)°1(2%7)) (4.195)
1

is as usual the AMP posterior measure (4.112) of the variable x; and we use the Kullback-Leibler
divergence (3.49). Now let us simplify even further this expression by re-writing (4.189) which
is true at the fixed point as:

1
wy = Z(&#(Aﬂa#)—@#y#) (4.196)
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where we define a,, := Zf.v Fyia;. We want to simplify (4.194) by working out the term:

(Yu— wu)z (@, - Wu)z

_ (4.197)
2(A+0,) 20,
2 =2 ~ 2
__ (@ B/ e (4.198)
20+0,) 20, O, A+0,) 20,A+0, '
Now replacing w, by (4.196), we get after careful simplifications:
a 1 A+0O AC)
wu(_ﬂ__y“ ):_ a—— 2y a,+ (4.199)
Ou A+0,) A Ou A+0,
2 2
wy A 1 A+0O y,0
— _(@2—F _2ya, (4.200)
20,(A+0,)  2A|* 9, A+0,
Combining everything in (4.198), we get after simplification:
2 (a 2
Vu—w a,—w 1 -
(Y — w) _( = Wy =—(J’u‘“u)2 (4.201)
2(A+0,) 20, 2A

which allows to simplify the Bethe free energy (4.194) using the fixed point condition (4.190):

1M (J/u_ZNF,uiai)z
F({Z%RiY) =5; ’A

N2
Y B

+log (1 +
M N

+ ?log(ZEA) +Y KL(P;||Py) (4.202)
i

which is only true at the fixed point of the algorithm, i.e. when all the constraints (4.189),
(4.190), (4.191), (4.192) are verified.

This expression of the free energy is only valid in the thermodynamic limit as we used the AMP
approximations (and thus becomes exact in the infinite dense graph limit). Its expression
remains the same in the vector variables case. It is the same as (24) in [78] where it has
been first derived and is formally valid only at a fixed point of the algorithm, which is a
minimum of this expression. It is important to understand that during the dynamic of the
algorithm, if we plug at each step the AMP quantities Fig. 4.6 in this free energy, it does not
necessarily decrease monotonously in time but at a fixed point, it is guaranteed that the
algorithm reached a minimum of (4.202): it is a variational expression. The reasons behind
why the Bethe free energy is variational when imposing the constraints (4.189), (4.190), (4.191),
(4.192) are discussed in [78]. This form or any of the two previous ones (4.193), (4.194) can
thus be optimized to derive learning equations, see next section. This free energy is also at the
core of the methods used in [99] to solve convergence issues by using an adaptative damping
in AMP.
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4.3.8 Learning of the model parameters by expectation maximization

In the estimation task, the prior model parameters 8 in (3.59) or the noise variance can be
unknown as well. In this case one needs to learn them in some way. This can be done in the
Bayesian framework similarly to the classical expectation maximisation method. We consider
that @ is the scalar parameter that we want to learn. It starts from the Bayes formula:

P(yl0)P(0)

POW =—%

x Z(0)P() (4.203)
where we used that the partition function Z(0) « P(ylf) from (3.56). Thus if no prior is
assumed about 8, then maximizing Z (5.2) or equivalently minimizing the Bethe free energy,
considering the other parameters fixed, gives the most probable value of 8. So the method is
simple: i) take your favorite form of the Bethe free energy F, ii) solve 0g F(0|T') = 0 from which
you extract a fixed point equation verified by 6 that has been isolated: 6 = f(0|T'") where I is
the set of all the other quantities on which depend F and f is a given function, iii) finally add

9t+1

the time: = f(O'|T") to get an iterative learning equation.

As the Bethe free energy expressions given previously are variational when imposing all the
fixed point conditions (4.196), (4.190), (4.191) and (4.192), we can use them in the expectation
maximization procedure to fix the new values of the learned parameters. It must be understood
that depending on the used form of the Bethe free energy (that are all equivalent), and even
for a given fixed form, there exist usually many different ways to write fixed point equations
verified by 6. Thus a learning equation must be tried empirically to assess its efficiency even if
all fixed point equations are a priori equivalent.

Let us apply the method to the Gaussian noise variance to obtain its generic learning equation,
that does not depend on the prior model but only on the AMP fields. As we will see, different
learnings can be derived. For example starting from the Bethe free energy (4.193), the noise
variance will appear only in the factor term given by (4.165). A possible fixed point equation
[35] that arise naturally is in this case:

11

2 t
A[+1: Z(yﬂ w ) @

e

where the AMP quantities iterations are given on Fig. 4.6. But if instead we were starting from

(4.204)

23

the perfectly equivalent expression (4.194), the most straightforward learning would be:

-1
A[+1 _

(4.205)

1 M (y#—WL)Z @L
M (At+@L)2 AL(A!+0))

Many other forms could be derived as for any learned parameter. The first learning equation
will be essentially used in this thesis despite the second is valid as well. It can be easily checked
that both expressions are the same at the fixed point as they should: any of the two equations

94



4.3. The approximate message-passing algorithm

can be derived from (4.193), (4.194) or (4.202) after simplifications.

4.3.9 Dealing with non zero mean measurement matrices

Despite the AMP derivation (see sec. 4.3.3) does notrely on the fact that the measurement
matrix has zero mean (as opposed to the state evolution, see sec. 5.3), it appears that AMP
experiences strong convergence issues when the matrix has a finite mean. Recent works have
shed light on solving this issue [76,99, 100], but these advanced methods are not used in the
present thesis. In this work, we used a more classical trick to deal with this problem which
starts from (3.18) and noticing that:

1 M 1 M [ N
ngf]\?% ;Fyi3i+fu (4.206)
N M
><y>=) —|Y Fui|si+<&> (4.207)
7 M\%
N
= Z <F.;>s; (4.208)
i

where we have used that the noise has zero mean (if it not the case, its mean can be included
in the next rescaling as well). Finally if we call y:=y— <y >and F, ; :=F, ;— <F. ; >, we obtain
the rescaled system where now the measurement matrix has zero mean:

y=Fs+& (4.209)

that can now be solved without convergence issues. So now we always consider the measure-
ment matrix to have zero mean, as anyway this trick can be used if it is not the case.
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Phase transitions, asymptotic ana-
lyzes and spatial coupling

In this chapter we preset the tools allowing for the asymptotic analyzes of the linear estimation
problems and of the approximate message-passing algorithm. We start by discussing how the
statistical physics notion of disorder is related to noisy linear estimation problems and give a
first example of phase diagram in compressed sensing. Furthermore we introduce the notion
of typical complexity phase transitions in sparse linear estimation problems, which connects
even more this discipline to statistical physics. It appears that three different complexity
regimes are present in linear estimation. Their definitions and implications will be discussed.

Then we will present the replica method of statistical physics of disordered system and use
it to compute the potential of the linear estimation problem (3.18) in the general case of a
signal with vector components. This potential which is the Bethe free entropy contains the
information about the typical complexity of the inference problem as a function of the external
parameters, the measurement rate and the noise variance and thus allows to obtain the phase
diagram of the problem.

We will derive the state evolution recursions that allow to predict the asymptotic dynamical
reconstruction perfomances of the approximate message-passing algorithm, still in the vecto-
rial case. This will be done starting directly from the approximate message-passing algorithm
and then starting from the cavity equations as it is usually done. After a discussion on the
Bayesian optimality under the prior matching condition, the link between the state evolution
and replica analyzes will be underlined: we will show that the fixed points of the state evolution
equations give back the optima of the replica potential, i.e. that the two analyzes despite being
totally different in their derivations contain the same information on the static properties of
the problem.

Finally, we introduce a central notion in this thesis that allows to perfom optimal inference
from the information theoretical point of view: the spatial coupling technique. We will discuss
its relation to physical concepts such as the nucleation theory and the notion of metastability.
Then the approximate message-passing in a form more adapted to use in combination with
spatial coupling and the state evolution will be derived. We end up showing how to go from
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the form of the algorithm presented here to the well known Montanari’s notations.

5.1 Disorder and typical complexity phase transitions in linear esti-
mation

Statistical physics of disordered systems has been specifically created to deal with complex
systems that are drawn from some stochastic process. For example, in a disordered spin model
such as the fully connected Sherrington-Kirckpatrick spin glass, the interactions amplitudes
between spins are random (in this case we speak about interaction disorder), or in a combi-
natorial optimization problem such as the independent set problem [1], the disorder is the
graph instance itself (we speak about structural disorder). The specifically designed replica
method [24, 67] allows to perform the necessary thermodynamic averages over these new
sources of randomness that are distincts from the pure thermal agitation, i.e. the entropic
contribution. It allows to compute the free entropy (i.e. minus the free energy) of the sys-
tem, its potential function which should not depend on the specific disorder instance in the
thermodynamic limit due to the self-averageness of the thermodynamic quantities.

The sources of randomness in the linear estimation problem (3.18) are coming from the
measurement noise (that plays the role of a temperature), the random measurement matrix
and signal realizations (which induce an interaction disorder). So the replica method is the
method of choice and can be "straightforwardly" used in the present context to compute the
potential and extract from it the phase diagram of the problem. This potential is minus the
Bethe free energy (4.61), (4.194) averaged over these disorder sources as in (4.61),(4.194) all
the quantities are dependent on the specific problem instance. Equivalently it is its thermody-
namic limit by the self-averageness property. The Bethe free energy in its form (4.61), (4.83)
or especially (4.194) is adapted for single instances of the problem, such as when deriving
learning equations, see sec. 4.3.8.

Before to present in details the replica computation of the potential in linear estimation
problems, we present now the typical phase diagram for sparse linear estimation and discuss
the nature of the different phase transitions and typical complexity phases that exist.

5.1.1 Typical phase diagram in sparse linear estimation and the nature of the
phase transitions

The replica computation of the next section allows to compute the Bethe free entropy ®(E)
of the problem, where E is the MSE (3.12) of the reconstruction. This function contains the
information on the different phase transitions that happen in the problem as the control
parameters, the signal density of non zero (or "large" ones in the approximates sparsity setting,
see chap. 6) components p and the Gaussian noise variance A are tuned. These transitions
separate three distinct phases of typical complexity: Fig. 5.1 is the typical phase diagram in
the (a, p) plane that we will encounter in this thesis. The details of the problem to which it
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corresponds will be exposed later on but it it not the point here, it is more to understand the
general scenario that happens in linear estimation.

Glassy systems share common features with the present problem (3.18), such as the fact
that in the out of equilibrium glass phase, local algorithms are inefficient for sampling the
solution space exactly like in the hard phase of the present problem defined hereafter. But it
is important to underline that the physics behind these two phases is different. The present
inference problem is replica symmetric under the prior matching condition [57] and thus does
not formally present the typical glass phenomenology like the splitting of the solution space
into exponentially many disconnected clusters, i.e. the replica symmetry breaking. Let us now
present in details the different phases of the problem.

The "very" easy and easy phases

The first "very" easy phase corresponds to the region above the Donoho-Tanner transition, the
grey dashed line on Fig. 5.1. In this region ¢; optimization solvers (see sec. 3.4) are efficient
for reconstructing the signal, but if sparsity only is known about the signal, they are not
anymore in the easy phase which corresponds to the region between the Donoho-Tanner and
BP transitions. In this region, the potential has a unique maximum corresponding to the
MMSE estimate at a "low" M SE, see the blue line on Fig. 5.2. By low, we mean compared to
the second maximum of the potential appearing below the BP transition explained after.

In a pure compressed sensing problem where the only knowledge about the signal is that it
is sparse, the gap between the Donoho-Tanner and BP transitions is due to the fact that the
minimum ¢; solution of the LASSO regression (3.25) does not match the minimizer of the ¢,
equivalent of (3.25), i.e. the sparsest solution of the linear system, which is the true solution
of the problem. If more knowledge is known about the signal, ¢; optimization solvers are
anyway not Bayes optimal as they do not take it into account, it only seeks for the solution
with minimum ¢; norm, as opposed to AMP.

In the easy phase, local algorithms such as message-passing or monte-carlo based methods
are able to efficiently sample the posterior distribution which is Bayes optimal under the prior
matching condition. The "easyness" of this region can be understood thanks to the Bethe free
entropy. As we have shown in sec. 4.2.7 the message-passing algorithm fixed points correspond
to the optima of this potential (on a single instance). In sec. 5.4 we will show that it remains
the case in the thermodynamic limit. Thus we can interpret the algorithm dynamics as a sort
of gradient ascent of this potential starting from a high M SE random initialization, until a
fixed point is reached and the algorithm converges. Thus when the maximum is unique, AMP
will find it and is thus Bayes optimal as it gives the true M M SE estimate. This interpretation
of gradient ascent is not rigorously correct in the sense that nothing proves that the Bethe free
energy (4.194) is strictly decreased (or the Bethe free entropy strictly increased) at each time
step by the message-passing but as BP (and thus AMP which is just its limit on dense graphs) is
derived as fixed point equations of the potential (see sec. 4.2.7), if the AMP converges then the
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Figure 5.1 — Typical phase diagram of linear estimation problems under sparsity assumption
in the plane (density of the signal p, measurement rate «). Are plotted the different phase
transitions that appear in the problem and the typical complexity phases. The Donoho-Tanner
line apr(p) separates the "very" easy phase where ¢; optimization solvers are efficient from
the easy phase, where the potential has a unique "low" MSE maximum and thus message-
passing is Bayes optimal (under the prior matching condition) with good reconstruction
results whereas convex optimization is not. The first order BP phase transition agp(p) is the
largest a for which the potential function ®(E) has two coexisting maxima. Below this line
in the hard phase, message-passing is blocked in a metastable state which is not the MMSE
estimate and reconstruction fails, at least without spatial coupling. This hard phase is the
gap we want to close thanks to spatial coupling, see sec. 5.5. The optimal transition @,p(p)
is the a for which the two coexisting maxima of the potential have the same height, i.e. the
smallest « at fixed p (or highest p at fixed a) for which it is theoretically possible to find the
signal. In the impossible phase, no algorithm can solve the estimation problem. Finally the
static transition a(p) is defined as the smallest a for which the potential function ®(E) has
two local maxima. Below this line, all information about the signal is lost. The solid black
curve correponds to the a = p line and is the fundamental limit of reconstruction (i.e. the
optimal transition) in the noiseless limit.

free entropy must have been increased until a maxima (local or global) during the dynamics of
the message-passing. Further details about the Bethe free energy and its optimization during
the message-passing dynamics can be found in [78].
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Figure 5.2 — The Bethe free entropy function ®(E) for a noisy compressed sensing problem
in the different typical complexity phases. In the easy phase, the MM SE solution is unique,
and the gradient ascent starting from high MSE performed by the message-passing will find
it. In the hard phase, the MM SE solution is still the global maximum but it coexists with a
local high M SE fixed point blocking the message-passing (without spatial coupling sec. 5.5).
In the impossible phase the equilibrium becomes the wrong solution and then the MMSE
metastable fixed point totally disappears below the static transition: no information about the
solution is present anymore in the posterior distribution (3.56).

The hard phase and the BP transition

The second phase, right below the blue line and above the red one on the phase diagram
Fig. 5.1 is called the hard phase. In this region of parameters, the problem is theoretically
solvable but local algorithms cannot anymore sample the posterior. It correponds to the
regime where the potential has now two distincts maxima, see the red line in Fig. 5.2: the
one at low MSE corresponding to the Bayes optimal MMSE estimate is present and still
corresponds to the global maximum but it coexists with another spurious local maximum
corresponding to a high M SE solution of the message-passing equations. This solution is
refered as the metastable state as it not the true equilibrium given by the free entropy global
maximum. So the message-passing climbing the potential starting from high M SE will reach
this fixed point before being able to see the M M SE one, and thus reconstruction will fail. With
a monte carlo or any other local algorithm (which is of course initialized randomly, thus in the
basin of attraction of the metastable wrong solution), only an exponentially long sampling of
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Figure 5.3 — The Bethe free entropy ®(E) for signals of density p = 0.2, with an effective noise
of variance A € O(107%). The three lines depict the potential for three different measurement
rates corresponding to the critical values: agp = 0.3559, a,p; = 0.2817, a; = 0.2305. The two

local maxima exists for a € (as, app), at ayp, the low MSE maxima becomes the global one.
This scenario is typical in linear estimation problems.

the solution space, passing through exponentially rare configurations with a low free entropy
would allow the algorithm to ultimately reach the true equilibrium, at least without spatial
coupling (sec. 5.5). This blocking of local algorithms is observed also in glassy phases of
combinatorial optimization problems, but in this case the free entropy is way more rough
than Fig. 5.2 due to the spontaneous replica symmetry breaking.

The transition between the easy and hard phases is called the BP transition or spinodal
transition as it corresponds to the separation between a region where message-passing based
algorithms are Bayes optimal from one where it fails. Exactly at the transition point, the Bethe
free entropy has typically the shape given by the blue line on Fig. 5.3 with a plateau appearing
at high MSE: app(p) is defined as the largest a(p) for which the potential has two local
maxima. This transition does not affect the Bayes optimal estimator, it is an algorithmic phase
transition of the first order type: the order parameter which is the asymptotic reconstruction
MSE we would get by message-passing (without spatial coupling) jumps discontinuously from
a low (in the noisy setting) or zero (in the noiseless setting) value when situated in the easy
phase to a high value in the hard phase, the jump happening exactly on the transition line. But
we will see in the next that when the noise is very large, this transition can become continuous
(there is no more sharp transition), and only one maximum will exist at any measurement rate
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that smoothly moves to a lower M SE solution as the measurement rate increases.

This plateau of the free entropy explains the phenomenon of critical slowing down close to
the BP transition, a phenomenon typical from first order transitions: interpreting again the
message-passing as a gradient ascent of the potential, as the paramaters of the problem get
closer to the BP transition this plateau with very low gradient reduces greatly the convergence
rate of the algorithm until it becomes infinitely long in the large limit exactly at the transition
and then it fails. The same behavior happens in many other problems such as random K-SAT
[85] and is inherent to local algorithms facing first order transitions. The same phenomenon
of appearance of a metastable state preventing the equilibrium to be reached occurs in the
supercooled state, where a liquid is blocked in the liquid state despite the temperature is below
its critical temperature of solidification.

The impossible phase and the optimal transition

The third phase is all the region below the red line on Fig. 5.1. Is it the impossible phase. Here,
no algorithm is able to find the solution as the potential is dominated by a high M SE solution
and thus even the Bayes optimal inference would fail, see the green and black curves on
Fig. 5.2.

The first order transition between the hard and impossible phases, called the optimal transition
@op¢(p) happens when the two coexisting free entropy maxima have exactly the same height,
i.e. at the exact parameters values where the M M SE solution (the global maximum) jumps
from alow MSE to an high one, see the red curve on Fig. 5.3.

From an algorithmic point of view and running purely local algorithms (i.e. without consider-
ing spatial coupling), this transition will not be detected as the algorithm was failing before it
in the hard phase, and continues to do so after in the impossible phase.

The static transition

Despite the fact that in all this impossible phase the algorithm behaves the same, from the
potential (and thus thermodynamical) point of view, another transition occurs denoted as
the static transition: a(p) is defined as the smallest a for which the potential function ®(E)
has two local maxima. It separates the impossible phase into two distinct phases, "one
more impossible than the other". In the impossible phase before that the static transition
happens, the potential is dominated by the high M SE solution (by definition of the impossible
phase) but it remains a local maximum of the potential corresponding to the M M SE estimate,
which is now the metastable state. This maximum could be reached initializing the message-
passing equations close enough to the solution, inside the basin of attraction of this state.
But anyway, the true equilibrium correponds to a failure of the reconstruction. The static
transition happens when this low error metastable state disappears, see the green curve on
Fig. 5.3, and only remains the high M SE state, see the black curve on Fig. 5.2. Below the static
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transition, even if we would initialize the reconstruction algorithm on the solution itself, it
would converge to the high MSE state: it does not remain any information about the signal in
the posterior distribution (3.56) because there are too few measurements for the signal density,
there are too noisy or both at the same time.

Sum up of the different transitions and algorithmic implications

To summarize, the AMP algorithm exhibits a double phase transition. It is asymptotically
equivalent to the optimal Bayes inference at large app < a < 1, where it matches the optimal
reconstruction with a small value of the M SE. Atlow values of @ < @, the AMP is also asymp-
totically equivalent to the optimal Bayes inference as the potential has only one maximum, but
in this low-sampling-rate region the optimal result leads to a large M SE. In the intermediate
region @,y < @ < agp, AMP leads to large M SE, but the optimal Bayes inference leads to low
MSE. This is the region where one needs to improve on AMP, using for example the spatial
coupling technique discussed in sec. 5.5.

It must be understood that all these considerations and phase transitions except the Donoho-
Tanner one are properties of the problem itself, not of the algorithm used to reconstruct the
signal. This potential, the Bethe free entropy, is conjectured exact in the thermodynamic limit
for such dense graphs. But it does not mean that the easy phase is easy for all reconstruction
algorithms, it means that mean field methods are appropriate and are able to sample properly
the posterior until the BP transition under the prior matching condition. But as we have seen,
convex ¢; optimization based solvers cannot reconstruct averywhere in the easy phase: they
experience another phase transition preventing the solver to reconstruct well before the BP
transition.

5.2 Thereplicamethod forlinear estimation over the additive white
Gaussian noise channel

The replica method leads to asymptotically exact evaluation of the logarithm of the partition
function Z (5.2), which is here the Bethe free entropy. In general, if the partition function can
be evaluated precisely then the marginal means with respect to the true posterior and the
associated M SE of the optimal inference can be computed. More generally, it is a method
for averaging logarithms of complex functions depending on some disorder. It does not
always lead to a Bethe form of the potential but it appears that in cases where the factor graph
corresponding to the model of interest is not a tree nor dense, the replica method is far too
complex to be applied. It is thus usual to confound the potential extracted from the replica
analysis and the Bethe free entropy as it can be applied only in cases where the Bethe free
entropy is the true potential. This is the case in our problem (3.18), the Bethe free entropy
(4.61), (4.194) is actually exact because the problem is dense and thus its average matches the
potential extracted from the replica analysis.
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channel

The optimal reconstruction in compressed sensing, information that we will extract from the
replica potential, was studied extensively in [101]. The replica method was used in compressed
sensing similarly as in the present thesis in [102, 103] for example. Let us now derive the
potential of the problem (3.18). All the computations are made considering that the signal is
made of B-d sections (see Fig. 4.5) and that the prior is factorizable over them, with the same
prior Py independently of the section. Furthermore we assume the prior matching condition
which as already explained implies the replica symmetry in inference problems.

5.2.1 Replica trick and replicated partition function

We start from the definition of the free entropy potential at fixed section size B:
1
Op = Lhm —Eg¢silog(Z(F,¢&,s))} (5.1)

2
Z(F,§,9) = H R (5.2)

H dax;Po(x)

where we have used (3.18) to replace y and Z is the normalization constant of the full posterior
distribution (3.56), i.e. the partition function, a random variable of the disorder. It can be
transformed using the so called replica trick, a trivial mathematical identity:

g = lim lim 4 P42 71 (5.3)

L—oon—0 L n

where Eg ¢ ¢ is the average over all the sources of disorder in (3.18). So the problem of comput-
ing the free energy is converted into computing the n!” moment of the partition function. Z”"
is the so-called replicated partition function as it can be interpreted as the partition function
of n independent systems drawn from the same distribution, refered as the replicas. The index
associated with the replicas is a € {1, .., n}:

2
= (snr/2m) 2" 1‘[ =R (5.4)

U

L,n
l_[ dx{ Py(x]
la

The average replicated partition function can be rearranged as:

Ln
EpgslZ" = (snr/2m)? [Es{ f [defpo(X?l)
l,a

M
]‘[Xﬂ} (5.5)
u
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where we have defined:

snr n LFT
Xﬂ = [EFyf { (Z l(sl X )+€u) } (5.6)
=g {e” ¥ Za0’) (5.7)
L
vy :ZZ:FLI(SZ—X?)+€H (5.8)

In order to compute Xy, (5.7), we can apply the central limit theorem to the quantity v; which
is a sum of independent terms as the measurement matrix is i.i.d. We thus need its first
two moments to define its associated Gaussian distribution. Using the fact that both the
measurement matrix and the i.i.d Gaussian noise have zero mean we get:

Erglvf} =0 (5.9
L,L
[EF,.:{(Uﬁ)Z}:[EF,:{Z (81 =xITE], (s~ xk)+2£NZFT (s; - x,)+52}
Lk
L,L
|51 =X TER {FuET, | (s —x)| + 1/smr (5.10)
l,k

Using the fact that each element of the matrix is i.i.d with variance 1/L, we find that only the
diagonal elements of the matrix Eg {F,u IFL k} are non zero:

Ok,

T 1 _ Y%,

[EF{FHIFWC} == 5.11)
L

:>[EF'§{(UZ)2} = I/LZ(SZ —x;‘)T(sl —x;l) +1/snr (5.12)
7

where I is the identity matrix of dimension B x B. Now we define new macroscopic order
parameters which will be considered as the new degrees of freedom of the replicated system,
instead of the individual replica states {x,;}. In this way, we average out the microscopic
properties of the system (the randomness instance, i.e. the replica individual states) to get
access to the macroscopic ones (the observables, such as the M SE), the goal of the replica
methodology. This is referred as coarse-graining in physics:

L

mg:=1/L) (x!)7s (5.13)
l
L

Qa:= 1/L;(x;‘)Tx;‘ (5.14)
L

Gab = 1/L;(x;l)Tx§’ (5.15)

my is the overlap between the replica state X* and the signal s, Q, is the power (or self-overlap)
of the replica a and g, is the overlap between replicas a and b. Rewriting the previous
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channel
moment (5.12) in terms of these new quantities, we get:
Epf(v])?} =<s§*>—2mg+Qq+1/snr (5.16)
Exactly in the same way, we get the cross terms V a # b:
Ep (Vi) =<8®>—(mg+mp) + Gap+1/snr (5.17)

The dependence on the measurement index u of vfj (and thus X, as well (5.7)) is lost due to the
averaging. Thus we note vj; = v, X, = X. We now apply the replica symmetric ansatz which
is valid for inference problems (and more generally planted problems) on locally tree-like or
highly dense graphs under the prior matching condition such as in the present case [24, 57].
In the replica method, it is expressed by removing the replica indices in the macroscopic order
parameters (thus the name of the ansatz):

qab=qV (a,b:a#Db) (5.18)
Qa=QVa (5.19)
mge=mVa (5.20)

Now we have computed the necessary moments (5.16), (5.17) we can write the covariance
matrix G of {v%} under this ansatz which reads V (a, b):

Gap = Epglv®v?) (5.21)
=<s?>-2m+1/snr+q+(Q—-q)b4p (5.22)
=>G=(<s*>-2m+1/snr+q)1,+Q-qI, (5.23)

where 1,, is a matrix full of ones of dimension 7 x n. We thus have:

X =Eyfe 2"} (5.24)
PW) = [(27)""det(G)] /2e72V6 Y (5.25)

The explicit computation of X by Gaussian integral gives:

X: [(Zﬂ)ndet(G)]—llzfdve—%VT(G_I‘FSHI‘In)V (5.26)

= [det (I,, + snrG)] " /? (5.27)

The eigenvectors of G are one eigenvector [1]7 = [1,1,...,1] with associated eigenvalue Q — g +
n(1-2m+1/snr+ q) and n— 1 eigenvectors of the type [0,..,0,—1,1,0,..,0] with the couples
[—1,1] shifting by one component from one eigenvector to the next. Their degenerated
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eigenvalue is Q — g. Therefore:

1+ —g+n(<s®>-2m+1/snr+
det(I, +snrG) = snr[Q q n( > m il q)] (5.28)

[1+snr(Q- q)]l_n

from which we get:

q—. 2m+<s?>+1/snr

hm X —e 2 [ Q—q+1/snr
n—0

+10g(1/snr+Q—q)—log(1/snr)] (5'29)

When computing (5.5), we need to enforce the constraints that the new order parameters
satisfy their definitions (5.15). This is done by the usual trick of rewriting 1 as the inverse
Fourier transform of its Fourier transform and plugging this expression in the definition of the
averaged replicated partition function that we are computing:

H dqabdé]ab

n,(n-1)/2 ]
b,a<b

1 :f [ﬁdoadéadmadma

exp Z Mg(mgL— Z(x;‘)Tsl) + Z Qa(QqL/2 - 1/2Z(x;’)Txl
n,(n-1)/2
- Y qar(gapl- Z(x, )Tx?) (5.30)
b,a<b
Plugging this into the average replicated partition function (5.5) expression we get:
(n=1)/2
Epes{Z"} = (snr/2m) 2 g f [Hanandmadma] [ I1 dqabdélab] (5.31)
b,a<b

exp

1 n. 1 n,(n—1)
L EZQaQa 2 Z dabGab — Zmama
a b,

a#b

n 1.2 n,(n-1)
f dsPO(s)f de“Po(x“) exp ——Z xHTx%+ = Z Gap(X ayTxP +Zma(x )Ts
RB Bn a 2 a 2 bb#a
=T

At this stage, it is worth noticing that thanks to the average over the disorder (F,&,s) and the
introduction of the replica macroscopic orders parameters (5.13), (5.15), (5.14) we converted a
sytem which partition function was (5.4) i.e. made of n i.i.d strongly disordered replicas each
with their own interacting variables into an asymptotically (we averaged over the disorder
and used the central limit theorem to get there) equivalent system made of n interacting
replicas but independent of the original sources of disorder. Furthermore, their variables
are effectively independent one of the other inside the same replica but interact with their
equivalent in the other replicas: for example the x} variable is effectively independent of
{xZ}i 41 but interacts with {x;j I3 ia V b with effective interaction gy, the dual variable of (5.15),
it interacts with itself through the self field Q, (5.14) and with the signal through 1, (5.13).
The interactions between variables belonging to the same replica are "hidden" in the replica
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order parameters that are now variables which control the new coupling interactions between

replicas ({114, Gap, Qa})-

These new effective interactions are way more easy to deal with as the dependence on the
disorder (noise and measurement matrix realizations) has been averaged out when applying
the central limit theorem to v%, which naturally gave rise to the replica order parameters.
Looking at I, we realize that there is a Gaussian coupling between the replicas. As usual in this
situation (like is the AMP derivation sec. 4.3), we use the Stratanovitch transform to decouple
them by linearizing the exponent, the payoff being an additional Gaussian integral to perform
at the end. In B dimensions the transform is given by:

q vn,(n— B 4 5n,(n—
e Dhars XeXo — I1 e? Dhaty Yaitbi (5.32)

i
B \/TZ'ZHX ,_jznx 2

:Hf@zie 42 Xl Xai= 4 T (5.33)
i

= | @z Tixegmi Tixina (5.34)
[RB

where we remind that 9z := H? Dz; = H? N (z;10,1)dz; is a unit centered B-d Gaussian
measure and sums of the form Y 7'x, = [¥. xa'i]f are vectors. Using the replica symmetric
ansatz we obtain that:

. . _1n
= fRB ds Dz Py(s) [LB dxpo(X)e—%(Q+q)xTx+msz+sz\/E (5.35)

v

v~

:=f(z,8)

In addition we have:

r :Oexp(nf ds2zP,(s)log(f (z,s)) (5.36)
RB

n—
Combining (5.36) and (5.31) under the replica symmetric ansatz, we get the expression of the
averaged replicated partition function as n — 0:

Erex{Z") = f dQdQdmdindqdge s ma4.QQ (5.37)

where the replica potential, up to irrelevant constants independent on the order parameters
is:

B a1 A .

Dp(m, m, q.9, Q’ Q) = E (QQ +4q9 _me)

aB (q—2m+ <s?>+1/snr
2 Q—-qg+1/snr

+log(1/snr+Q - q))

+fRB dsPzPy(s)log (fRB deo(x)eﬁ”‘TsJr ﬁsz‘i(‘%@xTx) (5.38)
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where it must be kept in mind that the vectors in the last integral are one B-d section, not the
overall vectors.

5.2.2 Saddle point estimation

For the replica trick (5.3) to be formally valid, the limit n — 0 should be taken before the
limit over L. But we need to estimate the integral (5.37) by its saddle point as it is intractable
otherwise. This can be justified only if the limit L — oo is performed before the limit over n,
but in the same time the expression (5.37) has been obtained already considering n very small.

We thus assume that 7 is small enough for (5.37) to be accurate but yet fixed. Then we assume
that the limits commute and perform the saddle point estimation of the integral before to really
let n — 0. This is not rigorous, but heuristically verified in many different models, including
inference problems. The saddle point estimate is performed by taking the optimum of @3,
given by its fixed point value with respect to the different order parameters. The resulting
potential actually corresponds to the desired Bethe free entropy as seen from (5.3):

A

®p:=dg(m*,m*, q*,4*,Q%, Q%) (5.39)

The optimization gives these fixed point values, denoted with stars:

a‘i)B o aB

L sm——— (5.40)
om Q*—qg*+1/snr

0dp . 1/snr+B<s®>-2m* +q*

—=0=>4 =aB (5.41)
aq (Q* — g* +1/snr)?

0P R 2m*—B<s*>-2q* +Q*

P8 _ 0= 0* = aB" 7> 724" +Q (5.42)
0Q (Q* — g* + 1/snr)?

to be plugged into the previous potential (9.9) to get its most general form. But as we assume
the prior matching condition, further simplifications are possible.

5.2.3 The prior matching condition

As shown after in sec. 5.3.3 together with sec. 5.4, the matching prior condition implies:

q*=m* (5.43)

Q*=B<s*> (5.44)
2 m*

E=<s?>— (5.45)
B
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which implies for their conjugate parameters (5.40), (5.41), (5.42):

Ak

. x aB
q =-m = —-
BE +1/snr
Q*=0 (5.47)

(5.46)

where E :=< (s—x)? > is the MSE, i.e. the observable of the system. We get the final expression
of the Bethe free entropy:

oy(E) = 8 (1 1/ +BE)+B<SZ>_BE)
=——110 snr _—
B 2 & 1/snr+ BE
+fdP()@l (fdp() (STX+ZTX XTx )) (5.48)
S S Z10 X X) ex — .
e Sl s O P S (B2 TR 25(E)?
where:
1/(B E
S(E)?:=1/m* = % (5.49)

This expression is general for linear estimation of fixed section size B signals. It will be used in
most of the theoretical studies in this thesis. The asymptotic variance (5.49) of the maximum
likelihood estimate increases linearly both with the noise variance and the M SE. Furthermore,
their common effect is enhanced as the measurement rate decreases.

5.3 The cavity method for linear estimation: state evolution analy-

S1S8

The state evolution analysis, referred as the cavity method in physics [24,67] is a statistical
analysis that allows to monitor the approximate message-passing algorithm dynamics and per-
formance in the limit of reconstructing infinitely large signals, i.e. in the thermodynamic limit.
We consider the case of i.i.d Gaussian matrices F for which state evolution has been originally
derived [97] and then proved to be rigorous in large generality [104] (see also [35, 89, 105]). As
in the replica computation of the previous section, this assumption is essential in order to
decouple the signal components in the analysis. Extension to more general ensembles such as
row orthogonal matrices could be considered [106] but it is out of the scope of the present
thesis. In addition, as we will show in chap. 7 in great details, the state evolution analysis
derived in the i.i.d Gaussian matrices case is a good predictive tool of the reconstruction
performances of the AMP algorithm even with structured operators, despite not predicting
well the dynamics before convergence nor being rigorous.

As before, we consider the general case of signals with B-d sections and assume the proper scal-
ing to get a codeword with power P = 1: F;; ~ A (F;;10,1/L) Y (i, j) = F;j € OQ/VL) VY (i, j).
As in the replica analysis, we consider the case of a factorizable prior over the sections with
the same prior for every sections. This drastically simplifies the analysis due to the induced
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symmetry between all the sections. We will look at the section index dependent prior case
in the chapter about superposition codes in the sec. 9.5.1. Furthermore, we consider having
perfect knowledge of the channel noise statistical properties as the prior which generated the
signals as well so that we place ourselves under the prior matching case.

5.3.1 Derivation starting from the approximate message-passing algorithm

One can perform the analysis starting from the cavity quantities defined in the AMP derivation
starting from BP, see sec. 4.3.3 as it is more classicaly done [35]. This will be done in the next
section, but here we will follow another path starting from the AMP algorithm itself. We refer
to Fig. 4.6 for the definitions of all the quantities that we will use in the derivation.

The aim is to evaluate the asymptotic AMP posterior estimate of a section at each time in
order to compute the asymptotic mean square error E**1(E?) as a function of its value at
time ¢. The posterior estimate is given by applying the denoising function f,, to the variables
(Z*H%,R]™), see Fig. 4.6. We thus need to get an asymptotic estimate of R} *!, the average
of variable x; at time ¢ + 1 with respect to the likelihood. (Zf“)2 is its associated variance.

I+1 as a function of the previous time quantities and

Injecting in R}*! the expression of w/,
using (3.18) to replace the measurernent by its expression in terms of the signal, measurement

matrix and noise (i.e. the disorder sources), we get the following expression for Rf 1

t

! l 1/snr+®t+1 T Mk KOOETTE /snr+ @),
N— ————
::A’
Fui
=a +(z”1) —————|F! (s;—a)+ ) F (sp—af)+¢ +At (5.51)
1 lean@m pl 1; pk Sk T Top

Now we use the fact that @L is asymptotically independent of y as we can replace the Fﬁ ;
elements by the matrix variance 1/L:

N
©,~0":=1/L) v; (5.52)
1
1/snr+@"+!
= (2= e (5.53)

where we have used M = LBa and 13 is a vector of ones of size B. This simplifies the expression

to:
RtJrl = +— E F LEIF ( ) éy ! ! MEF F' (s;— t) (5.54)
al ul = 1k Sk — ak + +A ~ ul ul S —q .54
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Now we notice that we can simplify the last term in the previous equality:

M M ) M B-1
> Fu [F) (s —a) :[ZFui(si—af) o+ X X FuiFuj(sj—aj (5.55)
u u i€l G jel:j#i €l

~Ba(sia) €00 VD)

We can neglect the second term (B remains finite as L diverges) as we will keep only O(1) terms
in the computation of the moments of the Gaussian fluctations of th+1 around s;. This leads
to the expression:

1 M L-1
Rf+1~sl+—;Ful I;IF Jsc—ap) + &+ A (5.56)

\ J
-~

p— s |
.—l‘l

Now we notice from (4.137) and the definition of ®, in the AMP algorithm Fig. 4.6 that:

Z Fl €ay, (5.57)

where €, € O(1/ VL) is given by (4.132), (4.137). Using the independence assumption of the

+1 which is thus Gaussian

operator F elements, we can apply the central limit theorem to r,
distributed with moments that we compute now. We remind the reader that the noise has zero
mean and we note that the MSE(a,s) (3.12) tends to its average over the disorder in the large

size signals limit:

E" =< (s—a"*!)’ > = %[EF,&S {(s1-af") (s -af*")} (5.58)
where a’™! = [Ef(g,1 {x} = £, ((21”1)2, Rl”l)]lL is the AMP posterior estimate of the signal at time
t+1 and we put the index [ to underline that we speak about a section, not the overall signal
(which is the same for the M SE in the thermodynamic limit). The matrix F elements having 0
mean, only the terms with even power of the matrix elements in the various sums that appear
remain because of the average over the disorder that we will use so that, using (5.57), (4.137)
we obtain for its first moment:

M L-1 M L
Epgsir)” }—tEng{ZF,u %F LS —ap) + &, }+IEF,5,S{ZF,H;FL,C%} (5.59)
w
=03

t

Wy
:[EF,&S{Z(F DTV r+®t} (5.60)

eO(l/L)

— 05 (5.61)
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Now the cross terms, with I’ # [

L-1

lFLk(sk—a,tC) +§u+AL

} (5.62)

1 1 M,M —
t t
EF,{,s{rl+ rl’+ }=Epgs Z F/JIFVI’

v k7

L-1
Y Fl(sp—ap)+&+A,

k£l
M
= [EF,z,s{ > FuFur [FL, (sp—aj)+&u+ AL] (5.63)
I
[FT (s;—al)+¢& +At]} (5.64)
wul l H u .

M

N J

EO?Ir/L)
~0p (5.65)

Here if the matrix elements were not i.i.d we would obtain non trivial crossed terms that
would greatly complexify the analysis, as all the sections would become correlated. Finally its

diagonal second moment:

M,M

Egesir)™)? Z[EF,z,s{ Y FuFy
uwyv

-1
Z FLk(Sk —a,tc) +Su +AL

k#l
} (5.66)
L-1 , ;
> FLk(sk—ak) +Eut Ay

k#l
} (5.67)

L-1

t
Z F/Ttk’ (Sk’ - akr)
k'#1

L-1

t t
Y Fl(sp—ap)+& +A,
k'#1

A 2
=Ergsy 2 F
U

L-1

t t
Y Fl (sp—ap)+&u+ A,
k'#1 K

- 2
= [EF,E,S Z F'Ul
Im

aB A 2 ATN2
+E+EFY§YS{;F#I(A“)

L-1 ,
T

> Fl,(sc—ap)

k#l

N J

EO(L—SIZ)

M L-1
+2Epzs {ZFilAL Y FLk(sk ~al)
7 k#l

.

} (5.68)
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~Eresq 2 Fu (F )T (s —a)" | p+— (5.69)
M H k#l H snr

~ Mi[E (s —al)T(sp—al)y+ 28

Tt KRBT T e

= Ba(1/snr+ BE") (5.70)

where 03 is a vector of zeros of size B and we have used (5.58) with the M SE definition (3.12)
and N = LB. Thanks to the independence assumptions and the performed averages, we
get a variance that is independent of the component and that depends only on the global
MSE. From all these computations, we can now write th using (5.56) as a Gaussian variable,
dependent on the other components only through E:

it~ (rlprl

0p,Ba(1/snr+ BE") IB) (5.71)

Si (5.72)

1/(snrB) + E?
3R;+1 ~</V(Rf+1 LIB)

where Iy is the identity of size B. It remains to perform the average over the signal s distri-
bution. The equivalence between all the sections due to the prior which is the same for all
of them implies that we can consider only the M SE evolution in a single section instead of
the overall one. Thus the state evolution in the matching prior case, with knowledge of the
channel noise is:

1 B
t+1 _ L
E _BZfRBdslpo(s,)fRB@z

i€l

t
SHLEY = | 1/(Snff) +E (5.74)

R(z,s) :=s;+zZT(ED (5.75)

2
fa (E7H2 R (z,8) - s (5.73)

where z is ai.i.d unit centered Gaussian B-d vector. In sec. 5.3.3 we will show that this recursion
can be written in other equivalent ways under the prior matching condition. The definition
(5.74) at its fixed point matches what we obtained in the replica computation of the Bethe free
entropy (5.49).

5.3.2 Alternative derivation starting from the cavity quantities

We now re-derive the state evolution using the cavity quantities used to derive AMP, instead of
starting from the final TAP equations, but the derivation sis very close. We start from the MSE
(again, focusing on a unique section as they are all equivalent), which is the observable we
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want to predict:
E' =< (£, (Z)D%R)) =) (£, (Z)* R) —s)) > (5.76)

1
= 5Er; {2, (ZD2%R) —s)T(£4, (ZD?R)) —sp)} (5.77)

We thus need to derive the distribution of Rl‘ , defined by (4.126), (th)2 being its variance.
Plugging the definitions (4.108) and (4.109) into (4.126) and using the fact that:

Y Vg =D vi+0(1) (5.78)
k#l k#l

=) (B )iy =1/L) v +0(1/L) (5.79)
k#l k#l

coming from (4.133) for the first equality, and the fact that the F?> elements can be safely
replaced by the matrix variance in the thermodynamic limit, we obtain after simple algebraic
simplifications similar to the ones at the beginning of the previous section:

M
1= o (5.80)
ZIJ A}Ll
1 M
=s;+— Fu|éu+ )Y Fl (sj—a’) (5.81)
Ba m 7l HJj JH

N J

=]
where we used the definition of the measurement rate « := M/BL and the relation between
the measurement and the signal (3.18) to replace y,. From the central limit theorem and
the independence assumption of the F elements, plt is a Gaussian random variable. Actually
by identification with (5.56), we recognize that pf = rlt which moments have already been
computed in the previous section and the final state evolution recursion (5.73) is thus found
back.

5.3.3 The prior matching condition and Bayesian optimality

Let us us now discuss some implications of the prior matching condition, i.e. of the knowledge
of the true generating model of the signal. We will demonstrate relations that are true when
this assumption is verified thanks to the state evolution analysis and then discuss what it
implies in terms of replicas.

The prior matching conditions from the state evolution

We will now show that the prior matching condition asymptotically implies that at each time
step during the reconstruction, the M SE of the posterior estimate by AMP equals the posterior
variance of this estimate. We start from the state evolution results for the asymptotic MSE
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through time (5.73), (5.74), (5.75). The aim is to show that it is equal to the average posterior
variance defined as:

il f ds; Po(sl)f 2z, (Z™"H4R ™M (z,8)) (5.82)

l€l

E [Ey{Exiy X] X713} — Ey {Exjy X7} T Exiy (X7} (5.83)

together with the pevious definitions (5.74), (5.75), where Exy{} is the asymptotic average
with respect to the posterior estimate by AMP. Its dependence on the time dependent AMP
fields (Z"*1)2,R"*1) is implicit. Furthermore, we denote by Ey{} := Eg ¢ +{} the disorder average,
which is the integral over Py(s) and 2z in (5.82). Expanding the MSE (5.73) we get:

E = f dslPO(sl)f Dz.fo, (EH2 R (z,8))°
zel

—2[ ds; Po(sl)sif Dzf,, ((z”l)z,R‘“(z,s,))Jrf ds,PO(s,)sl?] (5.84)
RB R5B R5B

1 T T T
= B [[Ey{[Ex\y{Xl} Exiy{xi}} — 2[Ey{sl Exiy{xi}} + [Es{sl sl}] (5.85)

We start by proving the equality between the first and second term (up to the 2). From now on,
we skeep the time index for sake of readibility. Using the definition of the denoiser f,, (4.115),
we get:

dez PO(sl)f@Zfai (22 R@s))’

Tx; xlT(sl+zZ)) ']2
4

Jdx; Py(x)) exp|— 355 + =—
fdsl Po(sl)fQZ[ ( 2x =

T 2
[ xy Potxp exp (- 320 + X502

(5.86)

where we have expanded the square in the exponent and simplified the x; independent term
with its normalization one in the denoiser expression. Now we use the following change of
variable: Z' := (s; +zX):

X T 2
f e f dsi P O(sl)eXP(SZTZZI _z;l ) s IT),xz! (5.87)
[/ axi Poxpyexp (- 358 + 2]
:f@z [fdx’PO(x’)eXp( 21221 " é-z)x’]z (5.88)

[fdxz Po(Xl)eXP(_zl? + %)]
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Now the second term of (5.84) using the same change of variable:

T T,/
s = TR
Z s; Po(s;)s; exp - - 5.

[fdxlpo(xl)exp( -7 +Xlz)

/@Z [fdleO(xl)exp( %+’%)in]2

A (5.90)
X
fdxl Po(xl)exp( 2122 +
So the two terms are equal:
Ey{Exiy (X1} TExiy X13} = Eyfs] Exjy (X1} (5.91)
This allows to re-write the MSE as:
E"! = f ds; Po(s))s? —f ds; Py (sl)f Pz f,, (E"H2 R (z,s)° (5.92)
z(—:l
= [ES{SZ syt — [Ey{[Ex|y{xl}T[Ex|y{Xl}} (5.93)

Let us now show that under the prior matching condition, [Es{S?} = [Ey{[Ex|y{xf}} which will
complete the proof. We do so by using again the same change of variable:

T(s1+22
fdxl Po(Xl)eXp( 22"2’ e (S;rz )) 2]

Ey{Exy{x2}} = f ds; Po(s;) f 9z T X : (5.94)

[fdleO(xl)exp( w7+ )]

T T,/

s;z’ s/8; [fdxl Py (x;) exp (_% + )%) xlz]
f@z [dslPo(sl)exp > 5 B — (5.95)
[fdxl Py(x;) exp (—21? + ZT)
—f@z'fde(x)ex —)ﬁfﬂ x? (5.96)
- [ o\A&] p 232 > i .
xTx 1 x'z NT7

fdleO(xl)exp( Zzzl)xzfdz’m exp( lz - (Z; z ) (5.97)
= f dx; Po(x)x7 (5.98)
= Es{s7} (5.99)

where the last equality is true due to the matching prior condition. This with (5.83) and
(5.93) implies that E' = V' V ¢. Of course this is true only if the two quantities are initialized
with same value, but as long as they are, they remain equal at any time step: we say the the
algorithm remains on the Nishimori line. We summarize the diverse relations that are true
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under the prior matching condition:

E'=vivt (5.100)
[Ey{[Ex\y{xl}T[Exw{xl}} = [Ey{slT[Ex|y{Xl}} (5.101)
Ey{Exiy{x) X;}} = Es{s]s;} (5.102)

To summarize, this implies that the three following forms of the state evolution are perfectly
equivalent under the prior matching condition:

1 B 2
Eft =yl :—Z[ dslPO(sl)f Dz | fa, (Z"H2 Rz, 8))) - s; (5.103)
B iciJwe R?
1 B
=— |Esis]sit =3 | ds; Po(s))si fR D2 fo,(E"H R @sp)) | (5.104)
i€l
1 B
:_Zf dslPO(sl)f 2z 1., (Z"H% R (z,8))) (5.105)
BiciJre RE

together with (5.74) and (5.75). One form can be more practical to use depending on the
denoising functions. The second form (5.104) can be computationally easier and faster to deal
with but can be more dangerous to use than the two other forms of the state evolution because
it can become negative if the difference is really small due to finite numerical precision.

The prior matching conditions in terms of replicas

Let us discuss the physical meaning of the macroscopic order parameters introduced in the
replica computation and make the connection between these and the equalities obtained
thanks to the Nishimori condition (5.100), (5.101), (5.102).

The replicas are interpreted as different possible solutions (microstates) to the noisy problem
(3.18), the fluctuations coming from the disorder. Using the replica symmetric ansatz is
assuming that all the replicas belong to the same pure state, i.e. the space of solutions does
not split into many disconnected components and thus each replicas have same statistical
properties, given by the replica macroscopic order parameters.

» The meaning of m (5.13) in the replica symmetric ansatz is the overlap between the signal
and the signal estimate given by the average over all the replica states. We can thus identify m
with m = Ey{s] Exyx;}}.

» The order parameter Q (5.14) is the average selfoverlap of the replicas and is thus naturally
identified with Q = Ey{Exyy{x]x;}} = Es{s]s;}.

« Finally, g (5.15) is the overlap between different replicas. In the phase where reconstruction
is possible as enough information about the signal is contained in the measurement, the
differences between the different replica states should be dominated by the noise, and the
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features present in all the replica states is the true information on the signal. So the overlap g
between infinitely large replicas cancels out the noise-induced fluctuations in average, and
remains only the average over the replicas to the square, i.e. the squared signal estimate. Thus
q = Ey{Exy X} TExyix;}} = Eyls; T Exyix i}t = m.

The second equalities have been obtained thanks to the Nishimori conditions (5.100), (5.101)
and (5.102).

5.4 The link between replica and state evolution analyzes: deriva-
tion of the state evolution from the average Bethe free entropy

We now show that the fixed point conditions of the Bethe free entropy computed by the replica
method are giving back the state evolution recursion of the M SE at its fixed point. We restrict
ourselves to the section independent prior case but the derivation for generic prior is done in
a similar manner.

As we place ourselves under the matching prior condition, the previous section sec. 5.3.3
have shown that the conditions assumed in sec. 5.2.3 are true. Thus starting from the replica
potential expression (5.38) at its fixed point with respect to all its parameters, we should be
able to derive the state evolution, for example the form (5.104). By identification of (5.104)
with (5.45), we should find that the fixed point of m gives the integral part of (5.104). Let us
prove it. The fixed point condition for m around the optimal values of all the parameters of
the Bethe free energy gives:

0dp

om

~0 (5.106)
(i, 4", Q" m* 4", Q")

“(E ds/DzP dx P S;Xl X.lrsl ZTXZ xlTxl
= + —
= m (E) [ SIZ2 O(S’)f X)) e B P sEmE T IE T =@

= i ds;PzPy(s )s~fdx Py(x;) x; 1 €ex] XISI + 2 X{Xl (5.107)
T4 | ASETEROSUS: | R 2 B P\ S(E2 | S(E)  2%(E)? '
using (5.48), (5.49) and where Z(s;,z, E) is a partition function:
Z(s1,2, E) f dx,Po(x)) e XS 2% %% (5.108)
yZ, = X X X - .
! XSRS Em2 TS E) T 25(B)2

We recognize the expression of the denoiser f;, (4.115) when we use the definitions (5.74) and
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(5.75):
2= L x; —~R)T(x; —R)
fa, (2%, R) = Z(Z—Z,R)fdxlxipo(xl)exp{_T (5.109)
__ ) _(Xl—Sz—ZZ)T(xz—sl—zZ)}
~ Z(s1,2, E) f il O(X’)e"p{ 257 (5.110)
_;fd Pucesp] 7 T K (5.111)

From this together with (5.107) we get that at its fixed point, the replica order parameter m
verifies:

B
m* =) | dsiPolspsi fRB D2 fa,(E(E)*,R(z,81) (5.112)

i€l

which is exactly the integral of (5.104). Thus using (5.45) we get:

1 B

E=<s’> -3 > dslPO(sl)s,-f Dzf,,(Z(E)? R(z,s)) (5.113)
il JR? RE

which is exactly the expression of the state evolution (5.104) as the empirical and true averages

are equal in the thermodynamic limit. Thus the fixed point conditions verified at the optimum

of the Bethe free entropy gives back the state evolution at its fixed point (when the time index

is droped).

From this analysis, we can now assert that using the state evolution analysis to find fixed points
of the algorithm or extracting this information from the potential (5.48) are totally equivalent.
In addition, this validates further the replica analysis as an exact procedure in the present
context. The state evolution thus finds the optima of the potential ®5(E) and thus when it has
two local maxima the fixed point of the state evolution depends on the initial condition of the
recursion.

5.4.1 Differentforms of the Bethe free entropy for different fixed points algorithms

It is worth noticing that the previous derivation is the asymptotic equivalent of the derivation
in sec. 4.2.7 of the belief propagation algorithm as fixed point equations extracted from the
Bethe free energy on a single instance (4.83). Actually depending on the limit taken and the
graph topology, we get different expressions of the Bethe free energy, and thus different fixed
point equations and message-passings.

» When using the Bethe free entropy/energy parametrized by the cavity messages (4.83),
justified on locally tree-like graphs, the fixed points equations directly give the canonical belief
propagation for a single graph instance, see sec. 4.2.7.

» Now in the case of large densely connected graphs, the Bethe free entropy becomes (4.194)
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and deriving its fixed point equations would lead to the approximate message-passing algo-
rithm, that has been instead directly derived from belief propagation in sec. 4.3. This free
entropy and algorithm are dependent on the disorder instance.

« Finally, when the dense graph is really taken to be infinitely large (or equivalently averaged
over the disorder by the self averageness property), the Bethe free entropy is the one extracted
from the replica analysis (5.48) and the associated fixed point algorithm is the state evolution,
the asymptotic AMP.

One could think also about a Bethe free entropy for tree-like graphs, but averaged over the
disorder. In this case the fixed point equations predicting the BP algorithm behavior on infinite
graphs is referred as density evolution, the equivalent of the state evolution for AMP.

5.5 Spatial coupling for optimal inference in linear estimation

As already discussed, mean-field systems (systems for which mean-field techniques such as
message-passing algorithms are appropriate) are of two types: the problems defined on sparse
random graphs due to their tree-like property, such as the independent set [1] or many other
combinatorial optimization problems and problems defined on densely connected graphs
such as in the present case (3.18). As discussed in sec. 4.3.2 these systems are equivalent to infi-
nite dimensional homogeneous systems. Here nucleation (a local change of thermodynamical
phase) cannot occur: an infinite number of dimensions implies that there is no notion of
locality in these systems and thus no nucleus can spread as any apparition of a different phase
nucleus inside another one has an infinite energy cost, as the "surface" of the nucleus is itself
infinite.

As discussed in sec. 5.1.1, in inference the phases we are dealing with are computational:
easy/hard/impossible inference phases. In order to have nucleation of an easy phase inside
an hard one and to allow this nucleus to propagate inside the full system, one has to introduce
a dimensionality, or structure in the problem. This is done by spatial coupling using a properly
designed coding operator, see Fig. 5.4. It mimics the strategy employed by the nature. We
use again the example of supercooled water which is blocked in the metastable liquid state
by a first order transition despite it is below its critical temperature. If a nucleus of crystal
appears somewhere in the fluid, the surface between the two phases has an energetic cost
C127mR? where R is the radius of the nucleus that we consider spheric. But as the system is
3-d, this cost remains always finite. Now if the nucleus is big enough, the reduction in energy
by C»4/37R® due to the bulk of the small crystal nucleus (the true equilibrium state at this
temperature) counterbalances the surface energy term and the entropy loss AS < 0 due to
the crystal: AF = Fyyih nucleus — Fro nucleus = C12TR? — Co4/3wR3 — TAS < 0 and the nucleus
spreads in the overall system which finally reaches its true equilibrium macrostate. Cy,C, >0
are constants that depend on the microscopic physical interactions between atoms.

Spatial coupling thanks to which the theoretical optimal thresholds can be saturated was de-
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veloped in error-correcting codes [107-109] and has been extensively used in the compressed
sensing setting as well [34,35,90, 110]. It rigorously allows to reach the information theoretical
bound in LDPC codes [108] and in compressed sensing in the random i.i.d measurement
matrix case [108, 110] as we will see. Rigorous proofs of this was worked out in [110]. The
robustness to measurement noise was also discussed in [35,110]. In addition, spatial coupling
is used as a proof technique for understanding properties of uncoupled ensembles [111].
Furthermore, it is applicable in a very wide range of graphical models and allows to asymp-
totically solve constraint satisfaction problems until their satisfability threshold [112,113],
the last point in the phase diagram until which it is theoretically possible to find a solution
to the problem, see sec. 5.1.1. The spatial coupling strategy is conjectured efficient to solve a
problem only if a first order phase transition is present, which is the case in a very large class
of interesting problems.

5.5.1 The spatially-coupled operator and the reconstruction wave propagation

Let us now describe how the spatial coupling is implemented in the context of sparse linear
estimation through the measurement operator construction. The spatial structure decribed
above is induced in the signal by the block structure of the measurement (or coding) matrix,
see Fig. 5.4. Other designs are possible [35,114] but in the present thesis, spatially-coupled
operators will always be of the form Fig. 5.4 as they are empirically very efficient. Looking
at Fig. 5.4, we clearly see that if we consider only the diagonal blocks on the matrix, from
the measurements point of view the signal becomes the concatenation of independent sub-
systems s = [sc]ﬁc where L. is the number of such blocks. But the matrix has also blocks
on the the upper and some lower diagonals as well: these couple the different sub-systems
{sc}ﬁ”. The blocks on the lower diagonals couple the signal block s, with the w previous ones
{sc-i,};", where w is called the coupling window. They have elements with statistically the
same amplitude as the diagonal blocks. The upper diagonal blocks weakly couple the block
sc with the next one s..;. This forward coupling strength is tuned by the J parameter, the
variance of the elements of the random values inside the block. The matrix structure is thus
fully encoded through a L, x L, matrix J with element J, . giving the (non rescaled by 1/L)
variance € O(1) of the block at the I*" block-row, ¢! block-column of the matrix.

Let us assume that we want to solve a compressed sensing instance generated in the hard
phase, where the equilibrium is given by a low M SE estimate and reconstruction should
succeed from a thermodynamic point of view. Unfortunately, the algorithm is stuck in the
metastable high MSE state by the first order BP transition. The nucleus of "crystal", i.e.
of easy phase called the seed, is induced by the matrix first block-row: as seen on Fig. 5.4,
these blocks are closer to square than the next block-rows, i.e. they have a higher effective
measurement rate Qg epq > Arest, Where a5 is the effective measurement rate of the next
block-rows which can be asymptotically as small as the Bayes optimal measurement rate
@op¢- As the forward coupling is relatively weak, the first measurements represented by the
darker grey part of the measurement vector in Fig. 5.4 contain essentially information about
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Figure 5.4 — Representation of the spatially-coupled sensing matrix used in this thesis. The
operator is decomposed in L; x L. blocks, each being made of N/L; columns and & seeq N/ L,
lines for the blocks of the first block-row, a,.s; N/ L. lines for the following block-rows (these
follow from the definition of a := M/N combined with (5.114) ), with ®s.eq > ABp = Aress >
@op:. The figure shows that each block is itself a small random operator with i.i.d elements.
There is a number w (the coupling window) of lower diagonal blocks with elements of variance
1 as the diagonal blocks, the upper diagonal blocks have elements of variance J < 1 where
v/] is the coupling strength, all the other blocks contain only zeros. The matrix structure is
thus encoded through a L, x L, matrix J with element J, . giving the variance € O(1) of the
block at the 1" block-row and ¢*"* block-column. The colored dotted lines help to visualize
the block decomposition of the signal s = [sc]ﬁ" induced by the operator structure. Each block
of the signal will be reconstructed at different times in the algorithm, as depicted by the right
part of the plot which shows how the wave of reconstruction propagates though time, see the
color code behind: at ¢ = 0, the M SE is homogeneously high (black curve) and as time goes
on, blocks are reconstructed from the seed until the end of the signal. The parameters that
define the spatially-coupled operator ensemble are (L¢, Ly, W, V], @seed, @rest). In the thesis,
the matrix elements are rescaled by 1/v/L such that the variances are rescaled by 1/L to enforce
the measurements to be € O(1).

the components of the signal inside its first block s;. As we enforce @ .4 > app, the "signal
seed" s; is easily reconstructed by message-passing and then this new information which is
coupled to the next signal block helps the reconstruction of this neighboring s, by increasing
its effective measurement rate. This triggers a wave of reconstruction from the top of the
signal where the seed is until its end. This is represented on Fig. 5.4: initially the MSE is
homogeneously high in all the signal (black curve on the M SE plot on the right of the signal),
and as the time steps increase, more and more blocks are reconstructed until the signal is
fully reconstructed. [115, 116] present detailed studies of the spatial coupling in compressed
sensing and the dynamical properties of the reconstruction wave front.

One has to be careful to ensure that these sub-systems {sc}ie remain large enough for the
assumptions behind the approximate message-passing to be valid inside each of them: each
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S¢ = [87]1ec must itself be a mean-field system, which is true if L > L.. Concurrently, however,
the larger L., the better it is to get closer to the optimal treshold @,;. This is due to the fact
that the overall measurement rate « is a weighted average of the effective measurement rate
of the seed block & .4 and that of the remaining ones @ ¢;:

(5.114)

Qrest =

aLc— Qseed o (Lc_ﬁseed)
Lr - 1 ' Lr - 1

In practice, « is fixed and @ seeq 1= APseeq as wWell as by fixing Bseeqd. Aresr is then deduced
from (5.114). In the remaining of this thesis, we will define the spatially-coupled ensemble
by (Le, Ly, w, V], &, Bseea) OF (L, Ly, w, V], @seed, @rest) €quivalently. This relation (5.114) is
equivalent to:

(Ly = D@rest + Xseed

a = LC LmI:’_)oo Arest > Qopt (5.115)

where a;.; can asymptotically be as small as a,,,. Thus spatial coupling allows to asymptoti-
callyreach the optimal transition, the information theoretic limit of reconstruction. In this
way, the gap between a,,; and app, the hard phase discussed in sec. 5.1.1 is filled and AMP
becomes asymptotically Bayes optimal for any a > a,p;.

In the case of vectorial components, one may be careful to induce the blocks such that the
sections are not "cut" by the induced structure, but it appears empirically that it does not
change anything, so we forget about this detail in the algorithm implementation.

5.6 The spatially-coupled approximate message-passing algorithm

We define e, with c€ {1,..., L.}, a vector of size N/L,, as the ¢ block of e (of size N) and £,
with r € {1,...,L,}, a vector of size a, N /L, as the rt" block of f (of size M). For example, in
Fig. 5.4, the signal s is decomposed as s = [s] ﬁ”. The notation i € ¢ (resp. ¢ € r) means all the
components of e that are in e, (resp. all the components of f that are in f;). The algorithm (for
scalar signals and matrices, see Fig. 7.2 for the complex case) requires four different operators
performing the following operations:

O ._N/LC 2

/,t(ec) = Z Fﬂiel (5.116)
iec
N/L,

Ouler):= Y Fyie; (5.117)
iec
arN/L.

Oif)i= Y. Fufu (5.118)
uer
a,N/L.

Oi(f):= Y. Fuifu (5.119)
HET
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1: t<—0

2:0—€+1

3: while ¢ < 1,4, and 6 > e do
4: @L“ — Y 0uvh)

. t+1 _ yLe fy _ @f+l Yu— Wy
5 Wy X¢ Ol‘(ac) G)H 1/snr+0;,
D [Zf’ 0; ([1/snr+®£+1]_1)]

r r_w£+1
no R al @R O )
8: Uit+1 —f, ((ZZ+1)2,RZ+1)

g alﬁl — fa ((ZZH)Z’RIZH)
10: t—t+1

11: 6 —|la" -a’|;

12: end while

13: return a’

-1/2

Figure 5.5 — The AMP algorithm written with operators. Here for example w'*! := [wﬁ”] per

and af. := [a]] . This form underlines how AMP is operating when spatially-coupled operators
are used instead of homogeneous matrices and takes advantage from this structure. /; is the
index of the section to which the i*" 1-d variable belongs to. ¢ is the accuracy for convergence
and ?;,4x the maximum number of iterations. A suitable initialization for the quantities
is (a;=" = Ep,(x), v}~ = Varp, (x), w/™® = y,). Once the algorithm has converged, i.e. the
quantities do not change anymore from iteration to iteration, the estimate of the I*”* signal
section is alt. If needed, the damping scheme of Fig. 4.6 can be used.

a; is the measurement rate of all the blocks at the r’ h block-row, for example on Fig. 5.4,
X1 = Ageeq aNd & j = Aresy V j > 1.

This version of AMP is perfectly equivalent to Fig. 4.6 but underlines the spatially-coupled
structure of the matrix. Furthermore, it will be useful when defining the structured operators
making use of fast transforms such as Hadamard and Fourier operators, see chap. 7. Actually,
even in the case where no fast transforms are used, this form of AMP can be advantageous as
the matrix is sparse, and thus it can avoid the useless time consuming products with the many
zeros in the matrix.

5.6.1 Further simplifications for random matrices with zero mean and equiva-
lence with Montanari’s notations

We can go further in the approximation of some quantities computed by the algorithm Fig. 5.5
by considering that the large signal limit allows to replace the elements Fﬁ ; by the matrix
variance Fﬁ i = Jrye ! L. This allows to derive the so called full-TAP equations for AMP. This is
justified by the fact that the average with respect to the matrix realization of all the quantities
appearing in the algorithm depending on such squared elements (such as ©,) are € O(1) whilst
their variance € O(1/N), see [35]. Thus in the large signal limit, we can neglect their instance-
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5.6. The spatially-coupled approximate message-passing algorithm

1: t<0

20—€e+1

3: while ¢ < ¢4 and 6 > ¢ do
& el —yLlg vl

. t+1 _ yLe t t+1_Yu™
5: wy, > Oulag) — @rp l/snr+®£”

6 T [Ti O (1/snr+ 01 )|

W,

t+1
7 R —aly 2yl (m)
8: Vit+1 —f ((szl)z R“l)
o alg+1 ‘_fai( t+1)2 Rt+1)
10 t—t+1
1:  6—|la™!-a’|3
12: end while
13: returna’

1/2

Figure 5.6 — The simplified (with respect to Fig. 5.5) full-TAP AMP algorithm, where we have
approximated the squared elements of the matrix by the its variance. For example in Fig. 5.5,
G)“rl [@”1] uer Was a vector of measure-index dependent components whereas now @”1

a scalar Wlth same value Yy € r. Notations must not be confused: /; is the index of the unique
section to which the 1-d component i belongs to, whereas c; is the index of the block to which
the section /; belongs to, etc. If needed, the damping scheme of Fig. 4.6 can be used.

dependent fluctuations using this simplification. Considering the most general version of
AMP Fig. 5.5 where it is written in terms of the operators, the dependency in squared matrix
elements is just in the Ou (5.116) and O; (5.118) operators which can thus be approximated as:

B ~ Jr.c N/Le

Oule) = Op (er):i=—= ) e (5.120)
iec

~ B ]rc a,N/L,

Oif) = O, (f):=—"= ) fu (5.121)
LEr

They now depend only on the block indices and thus also ©, and X, that are derived from
them. From this, we can write a simplified form for the AMP algorithm Fig. 5.6.

Equivalence with Montanari’s notations

Now we show how to go from this simplified algorithm to the equivalent notation of Montanari
(117] in the case of an homogeneous matrix. Starting from Fig. 5.6, we plug the AMP field R/ 1
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expression into the denoiser:

L ¢
t t+1,2 T
a.+2.") O; (—) (5.122)
1 G Xr: ! 1/snr+@©LF! jel

~ v

-~
—Ritl
=R}

t+1 _ t+1,2
ai _fui((zc,- ’

t+1 t+1
[t

blocks such that all the 1-d components inside the same sectlon are in the same block for the
t+1 ;

where we define the residual 7% :=y, — . and we have defined the
r

derivation. Now using the iteration of w;*" in Fig. 5.5 we get:

r_ LCO t o+ _Yr—Wr 5123
T,=y, - L Ou@)| +6; Tsnrr 6! (5.123)
c per r
L. t+1,1-1
S |Youan| T (5.124)
c er 1/snr+ 0.

Using the definition of ®.*! from the algorithm Fig. 5.6 together with (5.120) we obtain:

B &
O =—3 Jre<fl>c (5.125)
Lc %
_B 2 2 N
== JneED7<(fH' >c (5.126)
Lc %

where we have used the property (4.142) of the denoising function for the last equality and we
define the shorthand notations <>, of the empirical average restricted to one block c :

N/Lc
<fg>C:_ =Y fa ((z )2, Rf) (5.127)
iec

o L/Le B afa, )

< o=y y Aty

(5.128)
lec j ay}

(EH2R!

where I(j) € {1,..., N} is the index of the j*" 1-d variable belonging to the section I, where
j€{l,...,B}. From here we can show that this form gives back the Montanari’s one in the
homogeneous operator case (L, = L = J,c = 1). In this case, the quantities in the algorithm

become:
Ol =BEN? < (fH > (5.129)
2 ] alB 1 -1
+1y2 _
=)= Z%’ 1/snr+@7+1 (5130
Ol 4 1/snr
-2 (5.131)
a
BEH2 < (1) > +1/snr
_5&) (o) (5.132)

Ba
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5.7. State evolution analysis in the spatially-coupled measurement operator case

5
aitt = fo |7 @l + EH? Zl (5.133)
' O+l +1/snr
Jjel;
_fal((zf“) : ZFM T ) (5.134)
jel;
®t+1
Fyal+t ' ——— 5.135
— YT Z i ” 1/snr+®t ( )
L BENE <(fY'>
_ . 1 -1 a
—yu—;Fma,-Hu ~Bacr (5.136)
N B <(fl’)/>
= Yu= L Fuiai+7 — (5.137)
l

where we used the definition of 2! from Fig. 5.6 and (5.129), (5.131) to simplify (5.133) and
obtain (5.136). The very last step is to rescale the coding matrix by dividing its elements
by Ba : F:= F/(Ba). The measure ¥ is thus rescaled in the same way. We finally obtain the
Montanari’s form of AMP for homogeneous matrices and B-d vectorial components signals:

. ) N ~ . [ 1< (ft)l
=Ju- ZFmai e (5.138)
(B2 EH2<(fH' > +1/(Bsnr) (5.139)
- .
M

al*l = f, ((z“l % | at+Y Fut) ) (5.140)

H jeli

where 7' is the rescaled residual, and:
B0 X,
<(fhy'>: ZZ f“’g( y (5.141)
T leelay ],

_ 1 N 2 -1 M ~  -r—1
T NEH? Z.fo((Z) |9 +%Fﬂjru (5.142)
! jel;

5.7 State evolution analysis in the spatially-coupled measurement
operator case

The derivation of the state evolution with spatial coupling is very similar to the full operator
case, see sec. 5.3. The difference is that now each block of the matrix Fig. 5.4 can have a
different variance, and thus one must be vigilant when performing the derivation. We give
here the main steps, the details being similar to the full case. All the computations are done
keeping in mind the limit L > L., L, for which AMP is valid with spatial coupling. We start
from the algorithm Fig. 5.5 and the operators definitions (5.116), (5.117), (5.118), (5.119). As in
sec. 5.3, we need to study the fluctuations of the AMP field, the random variable of the disorder
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Chapter 5. Phase transitions, asymptotic analyzes and spatial coupling

that takes as input the denoisers:

e+l _ ot F412 N[ Le Fpui Lo LlLe t
R =a+(Z") EE———— FT (sp—al)+ +A (5.143)
l 1 l ; u;r 1/snr+®”1 Z Z uk Ok T %k Su

where AL is defined in terms of the AMP quantities in (5.50). The variance of the matrix
elements depend only on the block to which they belong, thus in the thermodynamic limit
when we replace the square matrix elements by their variance, it simplifies the variance of the
measure estimate which end up depending only on the block line index:

L:. L/L,
Ou=3 ) (F)Ty (5.144)
¢ Jec
L/L.
Z Truc Z Z v; (5.145)
lec i€l
=0, (5.146)
t
y - w
=>AL=ert LK (5.147)

" 1/snr+0f

where J, . € O(1) is the not yet rescaled by 1/L variance of the elements of the block of the
spatially-coupled operator that is at the r'”* block-line, c¢'" block-column, see Fig. 5.4. The
notation r, (c;) means the blockindex r € {1,...,L;} (c€{l,..., L;}) to which the factor index u
(section index I) belongs to. The previous simplification implies from the definition of (£]*!)?
in Fig. 5.5 that:

-1

Lc Ly ]rclar
(2”1)2 , 1 (5.148)
B Xr: 1/snr+@©LF! B
= (=821 (5.149)

which thus just depend on the block-column index c; to which the section ! belongs to. We
deduce from (5.148) the simplified expression of Rl‘“:

1 1 1 a,N/L; L. LI/L.
R =~a)+El)? ! Fl (sp—ap) +&u+ A
, Yot Y oRa|L Y Es-aD e
412 1 a N/LC T
+(ZE F, |FT (s; - (5.150)
Z 1/snr+@©LH! uze; U F ™l
e
41 1 arN/L; L. L/L.
~s+(ZHT? ! Fl (sk—ap)+&u+AL|  (5.151)
Zl/snr+@)"°r1 ,;‘r # Zc“kECX,“C# uk kT ok

~ v
v~

t+1

::rrl
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5.7. State evolution analysis in the spatially-coupled measurement operator case

where we have used the same approximation as in (5.55) which implies:
U=EEh 2 —a)+001/VD) (5.152)

Now we define:

t+1

t+1 : zt"’l) Z

(5.153)
r 1/snr+ e+l

Using the independence assumption about the matrix elements we can now compute by
central limit theorem the moments of the Gaussian distributed variables rf;rl in order to
deduce the moments of rl”l. As in sec. 5.3, we only keep the O(1) terms. We can actually
identify rﬁl to r'*! of (5.56) and thus, the computations are exactly the same as in the full
operator case up to the values of the variances that are different. Using again (4.137), (5.57)

remains valid, so that we get a similar result to (5.59) and (5.61):

[Epzs{r '~ 0p (5.154)
=>Ep it} = 0p (5.155)

Identifying in (5.62) r’;! with r{*! which is defined by (5.56), the result (5.65) implies that if
I'#1thenV r':

Eresir'y 't} = 0p (5.156)

Furthermore, in the case where r’ # r, we have:

L. LIL,
Ergslry; 1,1 =Epg, { > 2 FuFy () ) Fl(sk—ap)+{u+A,
HET ver! ¢ kec:k#l
L. LIL,
Y, Y El(sp—ap)+&y+A, } (5.157)
c k'ec:k'#l
=0p (5.158)
soEpg, s{rt+1 tTl,l} can be different of zero only if / = I’ and r = r’. It implies that the cross terms

cancel as well:

Epesitit'rl ' ~ 0 (5.159)
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The only moment that changes with respect to the full matrix case is the variance term.
Skipping some steps similar to (5.66), (5.67), we get:

- oNiLe L LiL L. LIL
[EF,E,S{(rf,_; ) }:[EF,E,S Z F}tl Z Z FT (Sk ak) Z Z F k,(sk/ ak,)
per ¢ keck#l ¢ Kec:k'#l
ayN/L _— arN/L ) )
+Epgsy 2 Fuéur+Eresy 2 Fy(A)
uHer HET
Eo&iS/Z)
arN/Le L. LiL
+2[EF,&S{ Z IS VADY Z Fl (sc—ajp) } (5.160)
¢ kec:k#l
—03
arN/L L. LiL
r c c a B] :
~Epgsy 2 Fo |2 Y (F 20Tk —ap?| P+ ——= (5.161)
uer C keck#l snrlc
arB]rc/ a-N/L. ]rCl L. ]rc L/L. , ,
M ) S| Y T Y Ergslse—apTsk—ap) (5.162)
snrl. wer L = L keck#l
:E;]G/Lc
arBlre, (1 Bl ;
_ afl t 5 E 5.163
TR e chfm . (5.163)
where E! is the MSE at time ¢ of the block c of the signal, see Fig. 5.4:
(L LIL.
El:i=—=3 Epgsi(sc—a)) (sp—ap)} (5.164)
N kec
The variance of r’*! is deduced from (5.153) using (5.158):
Ly,L Epgs{r t+1rt’+1
E (r[+1) (Zt+1)4 l (5165)
Rest ! b= ;’ (1/snr+®t+1)(1/snr+®£,+1)
t+1y2
t+1) Zw (5.166)
= (1/snr+@Lt1)2
We define the average variance of the posterior estimates inside the block c as:
o LILe
yro=Le Loy ZV (5.167)
lec i€l

The matching prior conditions (5.100), (5.101) and (5.102) remain true "per block" as the deriva-
tion performed in sec. 5.3.3 just assumed the definition of the denoisers and the prior matching
condition: we would obtain the same replacing ((Z*1) R'*1(z,s))) by (ZL*)2, R (z,8))),
the only block index dependent quantities. These conditions allow to greatly simplify the
analysis. It implies an equality between the mean variance per block and the M SE per block.
It becomes V! = EL V c€ {1,..., L.} at each time step if they are initialized with same value.
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5.7. State evolution analysis in the spatially-coupled measurement operator case

From this and (5.146), we can re-write O, as:

B L
OL=—> TV} (5.168)

Lc %

B &
== JycE! (5.169)

L¢3

We plug this expression into (5.163) and using (5.166), (5.148) we get:

4 B & ardre(1/snr+07)

E 12 = (2i+] (6.170)
res 1077 ¢ L. ; (1/snr+ 0412
= (1 (5.171)
So now we know the distribution of Rl“rl from (5.151):
r+1 r+1 +1,2
rt e~ () 0g, (2517 1B) (5.172)
SR~ (R sy, (2521 5) (5.173)

From the same arguments as in the full case derivation sec. 5.3, we finally obtain the following
state evolution over the block mean square error EL*! inside the block ¢ in the L — oo limit:

138 2
Ei*! = _Zf dslPo(sl)f 2z| fa, (ZETHE R (z,8) - i (5.174)
BiciJre RE
L @] -1/2
st (k) = | BY rre (5.175)
r Le/snr+BY. f Jro EL
R (z8) =5+ (5.176)

where f, is the denoiser (4.115). As explained previously, the prior matching conditions of
sec. 5.3.3 imply the same equalities per block as in the full case, so that like in sec. 5.3 the two
following forms of state evolution for spatially-coupled matrices are equivalent to (5.174):

1 B
EM! = [Esc{s}sl}—ZfRB dslPo(sl)fRB Dzf,, (ZEH2 R (z,8) s (5.177)
i€l
1 5 t+1\2 pt+l1
== f ds;Po(s) f Dzf., (%R (=) (5.178)
B il JRP R?

together with (5.175) and (5.176), where Eg_ {s}sl}/ B is the average of the squared signal’s
components of the block c, see Fig. 5.4 (in all this thesis, the statistical properties of the signal
are homogeneous). f;, outputs the posterior variance and is given by (4.116).
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Compressed sensing of approximately
sparse signals

Compressed sensing is designed to measure sparse signals directly in a compressed form.
However, most signals of interest are only approximately sparse, i.e. even though the signal
contains only a small fraction of relevant large components, the other ones are not strictly
equal to zero but are only close to it. In this chapter we model the approximately sparse i.i.d
signal with a sum of two Gaussian distributions, one with large variance correponding to
the informative support of the signal, the second for the small components (which act as
an effective noise) with smaller variance, and we study its compressed sensing with dense
random matrices. We use replica calculations to determine the mean square error of the Bayes
optimal reconstruction for such signals as a function of the variance of the small components,
the density of large components and the measurement rate. We then study the approximate
message-passing algorithm for approximate sparsity and we quantify the region of parameters
for which it achieves optimality (for large systems). Finally, we show that in the region where
the AMP algorithm with the homogeneous measurement matrices is not optimal, the spatial
coupling allows to restore optimality. Even though we limit ourselves to this special class of
signals and assume the prior matching condition, many qualitative features of the results stay
true for other signal models and when the distribution of the signal-components is not known
as well [118].

The ¢;-minimization based algorithms [30, 32] are widely used for compressed sensing of
approximately sparse signals. They are very general as discussed in sec. 3.4 and provide good
performances in many situations. They, however, do not achieve optimal reconstruction even
when the statistical properties of the signal are known, see sec. 5.1.1.

As we shall see the AMP algorithm for homogeneous measurement matrices matches asymp-
totically the performance of the optimal reconstruction in a large part of the parameter space.
However in some region of parameters that define the hard phase, it is suboptimal as the BP
transition blocks the algorithm before the optimal one, see sec. 5.1.1. In compressed sensing
the spatial coupling was first tested in [119] who did not observe any improvement for the
present bi-Gaussian model for reasons that we will clarify later in this chapter. Basically, the
spatial coupling provides improvements only if a first order phase transition is present, but
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Chapter 6. Compressed sensing of approximately sparse signals

for the variance of small components that was tested in [119] there is no such transition: it
appears only for slightly smaller values.

6.1 The bi-Gaussian prior for approximate sparsity

We study compressed sensing for approximately sparse signals: the N-d scalar components
signals (i.e. L= N, B =1 in the general equations for vector components signals presented in
the previous theoretical chapters chap. 4 and chap. 5) that we consider have i.i.d components,
K of these being drawn from a distribution ¢(s) and the density of such components is
p = K/N. The remaining N — K components are Gaussian with zero mean and small variance
€:

Py(s Py (si) (6.1)

N
=11
i=1
N
= [Tlep(s) + 1 - p)A (sil0,€)] (6.2)
i=1
Of course no real signal of interest is truly i.i.d. However, our analysis also applies to noni.i.d
signals which empirical distribution of components is converging to Py(s;), this condition
being sufficient [110]. We focus on the special case of a Gaussian ¢(s;) = A (s;10,02% = 1) of
zero mean and unit variance. Although the numerical results depend on the form of ¢(s;), the
overall picture is robust with respect to this choice. We further assume the prior matching
condition: the parameters of P(s) are known and used in the algorithm. The bi-Gaussian
model for approximately sparse signals (6.2) was previously used in compressed sensing, for
example in [91,119].

For simplicity we assume the measurements to be noiseless, the case of noisy measurements
can be treated similarly by the AMP algorithm and learned by expectation maximization (see
sec. 4.3.8) if unknown. We consider the measurement matrix F having i.i.d components of zero
mean and variance 1/N. The measurements are obtained through (3.18). In the numerical
experiments, the components of the matrix are Gaussian distributed, but the asymptotic
analysis does not depend on the details of the components distribution, as long as they are
iid.

The Bayes optimal estimation is intractable in the general case, but as discussed in sec. 5.1.1
the AMP estimation is Bayes optimal under the matching prior condition before its spinodal
transition, which blocks its convergence. We will use an asymptotic replica analysis of the
Bayes optimal reconstruction, which allows to compute the asymptotic MSE as a function of
the parameters of the signal distribution (p,€) and of the measurement rate . This allows to
obtain the phase diagram of the problem.

138



6.2. Reconstruction of approximately sparse signals with the approximate
message-passing algorithm

6.1.1 Learning of the prior model parameters

If the prior parameters are unknown, they can be learned efficiently through expectation
maximization described in sec. 4.3.8. Here we could start from the Bethe free energy (4.194)
and derive fixed point equations but as the parameters have simple interpretations, we can
derive learnings more easily. Actually, the easiest way is exactly as we will do later on in
sec. 8.2.5 to which we refer: it just requires to compute the posterior probability estimates
{P(xl.t eN )}ﬁv at time ¢ that the signal components have been generated by the Gaussian part
of the prior:

Jdxi N (xi10,€) (xR}, (Z))?)
J dxiPo(xi) AN (xi|R}, (£9)?)

P(xleN)=(1-p) (6.3)
where Py(x;) is given by (6.2) and (Rl?, (Zf)z) are the AMP fields at time t. Then from this,
the parameters are easily derived, see sec. 8.2.5. For example, the density of informative
components (that have been generated by ¢ is (6.2)) is just (8.30). The other parameters are
learned similarly.

6.2 Reconstruction of approximately sparse signals with the approx-
imate message-passing algorithm

The generic AMP algorithm in its scalar form Fig. 4.6 is now studied. Only the denoisers f,
and f,, depend explicitely on the signal model Py(s) (6.2). Referring to the sec. 4.3.6 and using
the table Tab. 4.1 for the prior construction, we get directly the denoisers for bi-Gaussian
approximate sparsity:

_L
22—1 Wee 22°+00) Rog 3
9 a= (Z2+02)2
Ja(Z% R) = = (6.4)
2 1 T 22+02)
Zazl Wa V22402 ¢ .
a
RZ
Y2 wae W 022 o) Ry
a= . 2,2
2 (X?+03)?2 2 2
fe(Z5R) = - - fa(Z°R) (6.5)

R2
2 1 T o2 o2
o1 wa\/me 2:2+02)
where we use the notation f,/ f. instead of fy,/ f, of Fig. 4.6 in the scalar components signal
case. For the approximately sparse signals that we consider here we have:

wi=p 6.6)
oi=0"=1 (6.7)
w=1-p (6.8)
0'% =€ (6.9)
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6.2.1 State evolution of the algorithm with homogeneous measurement matrices

In the limit of large system sizes, i.e. when the parameters (p, €, &) are fixed whereas N — oo,
the evolution of the AMP algorithm is described exactly using the state evolution [104] given
by (5.105) (or any of the other two equivalent forms) under the prior matching condition, as it
is the case here. When B =1, L = N it becomes in the noiseless case snr — oo:

E! | Et
E”l:fdsPo(s)f@zfc —s+z\ [ — (6.10)

Now plugging the bi-Gaussian prior Py(s) = Y2 w4/ (s|0,02) in (6.10), using the fact that
the sum of two independent Gaussian random variables is a new Gaussian random variable
with mean and variance given by the sum of the means and variances of the original random
variables plus the fact that:

fduﬂ(ulm, V) f (u) :[@zf(ﬁz+m) (6.11)

we directly obtain the final simplified state evolution recursion:

2 Et Et
Et=) waf@zfc —,z\/0%+=— (6.12)
a=1 a a

where again 2z = e %/2/\/27dz is a unit centered Gaussian measure. The initialization
corresponding to the one for the algorithm is E=0= Varp, (x) = (1-p)e+ paz.

In Fig. 6.1 we plot the analytical prediction for the time evolution of the MSE computed
from the state evolution (6.12), and we compare it to the one measured in one run of the
AMP algorithm for a system size N = 3-10*. The agreement for such system size is already
excellent. As we see, when the measurement rate is too low, the algorithm converges to an
high MSE. Furthermore, we observe that when reconstruction succeeds, the MSE falls to a
value comparable to the small components variance, here € = 1075.

6.2.2 Study of the optimal reconstruction limit by the replica method

As discussed in sec. 5.1.1, for measurement rates below the BP transition and above the static
transition as(p) < a < agp(p), the state evolution equation (6.12) has two different stable fixed
points. In particular, if the iterations are initialized with E — 0, one will reach a fixed point with
much lower MSE than initializing with large E = 1. In fact, if as(p) < aop¢(p) < @ < app(p) the
low error fixed point determines the M SE that would be achieved by the exact Bayes optimal
inference. Let us now compute the phase diagram of compressed sensing for bi-Gaussian
approximately sparse signals from the Bethe free entropy using the replica method. We start
from the general potential valid under the prior matching condition (5.48), which becomes in
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Figure 6.1 — Time evolution of the M SE the AMP algorithm achieves (crosses) compared to the
asymptotic N — oo evolution obtained from the state evolution (6.12) (full lines) for different
measurement rates. Data are obtained for a signal with density of large component p = 0.2 and
variance of the small components € = 107, The algorithm was used for a signal of N = 3-10*
components.

the scalar components B = 1 and noiseless snr — oo case:

®(E) = ®g_ (E|snr — 00)
a <s®>
=-3 (log(E) +

Sx zx _i
+ f Py(8)Dzlog ([ Po(x)eW+TE) 2252 (6.13)
up to irrelevant constants that do not depend on the MSE. Z(E) = v E/a is defined by (5.49).

We define I as the integral appearing in the previous expression. Now using the bi-Gaussian
prior Py(s) = le. w;i N (s]0, U?) we can compute I by Gaussian integral:

7'[ 2
fdxe_“x2+bx =/ Leta (6.14)
a
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Figure 6.2 — The Bethe free entropy ®(E) for compressed sensing of approximately sparse
signals of density p = 0.2, with variance of the small components € = 107%. The three lines
depict the potential for three different measurement rates corresponding to the critical values:
app = 0.3559 below which AMP is not Bayes optimal anymore without spatial coupling,
@opr = 0.2817, a5 = 0.2305. The two local maxima exists for « € [as, app], and at a > a,p; the

low M SE maxima is the global one, i.e. the M M SE estimate. Below the static transition a < a,
all information about the signal is lost and only remain the spurious solution at high M SE.

to get:

2 2 wi a2 2 o, x
IZZwideQZL/V(SIO,(T?)IOg Z J fdxe 7 WEEHo)+ 55 (s/2(E)+2)
i j 2710?

2
2 . (s/Z(E)+2)
Wi 2(1+2(E)2/o§>

; \ /0?/2(E)2 +1

(6.15)

2
-y w, f dsDz.N (510,02 log
1
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6.3. Phase diagrams for compressed sensing of approximately sparse signals

Now we use again the simple form of the moments of the sum of two independent Gaussian
random variables together with (6.11) and defining u := s/Z(E) + z we get:
2

2 2 w; __ut_
=y w,-fduJV(ulO,a?/Z(E)z +Dlog| )" ! 2B
i

j ‘/0§/Z(E)2+1

2(1+02/5(B)?)
2 2 Wi 21 2(2)2/ 2)
+ T
= Z w,-f@zlog Z—e 7% (6.17)

; 7 /a§/2(5)2+ 1

The final Bethe free entropy expression is thus:

(6.16)
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In Fig. 6.2 we plot the function ®(E) for a signal of density p = 0.2, variance of small compo-
nents € = 10~% and three different values of the measurement rate a corresponding to the
critical values at which happen the different phase transitions. We will show next that at a fixed
signal density p, for a variance of the small components lower than a critical value € < €.(p),
the optimal Bayes reconstruction has a transition at a critical value a = a,)(p) separating a
regime with a small value (comparable to €) of the MSE obtained at & > a,p(p) from a phase
with a large value of the M SE obtained at a < a,p:(p). As discussed in sec. 5.1.1, this is a first
order phase transition (as the BP transition) in the sense that the Bayes optimal M SE jumps
discontinuously at @ = @,p ().

In this intermediate hard region a,,:(p) < @ < app(p) the AMP performance can be improved
with the use of spatially-coupled measurement matrices and with a proper choice of the
parameters defining these matrices, one can approach the performance of the optimal Bayes
inference in the large system size limit for any measurement rate.

Finally for higher variance of the small components € > €.(p) there is no more phase transition
for any 0 < a < 1. In this regime, AMP always achieves optimal Bayes inference and the MSE
that it obtains varies continuously from 0 at a = 1 to O(1) values at low measurement rate a.

6.3 Phase diagrams for compressed sensing of approximately sparse
signals

In Fig. 6.3 we plot the M SE to which the state evolution converges if initialized at large value
of MSE - such initialization corresponds to the iterations of AMP when the actual signal
is not known. For € = 0.01 we also compare explicitly to a run of AMP for a system size of
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Figure 6.3 - The M SE achieved by the AMP algorithm. The lines correspond to the evaluation
of the M SE from the state evolution (6.12), the data points to the MSE achieved by the AMP
algorithm on single instances with N = 3-10%. The data are for signals with density p = 0.1 and
several values of variance of the small components € as a function of the measurement rate a.
The M SE grows continuously as a decreases for € > €.(p = 0.1) = 0.00075. For smaller values
of the small components variance, a first order phase transition is present and the M SE jumps
discontinuously at agp(p = 0.1,¢€).

N =3-10* Depending on the value of the density p and variance ¢, two situations are possible:
for relatively large €, as the measurement rate a decreases the final M SE grows continuously
from E=0ata =1to E = E=0 at a = 0. For lower values of € the MSE achieved by AMP has a
discontinuity at app(p,€) at which the second maxima of ®(E) appears. Note that the case of
€ = 0.01 was tested in [91], the case of € = 0.0025 in [119]. This why the authors of [119] did
not observe any improvement by spatial coupling: for these parameters (p,€), there is no first
order transition and thus spatial coupling is useless as AMP is anyway Bayes optimal at any
measurement rate a.

In Fig. 6.4 we plot in solid blue line the M SE to which the AMP asymptotically converges
and compare it to the MSE achieved by the optimal Bayes inference (in dashed red line),
i.e. the MSE corresponding to the global maximum of ®(E). We see that, when the discon-
tinuous transition point app(p,€) exists, then in the region a,p:(p,€) < @ < app(p,€) AMP
is suboptimal. We remind that in the limit € — 0, exact reconstruction is possible for any
a > aopr(p) = p. We see that for @ < ayp(p,€) and for @ > app(p,€) the performance of AMP
matches asymptotically the performance of the Bayes optimal inference. The two regions are,
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Figure 6.4 — M SE achieved asymptotically by the AMP (blue solid lines) compared to the
MSE achieved by the Bayes optimal inference (red dashed lines) as evaluated using the state
evolution, initializing it from E — 0 to get the Bayes optimal MSE or E = 1 for the AMP
asymptotic MSE. The data points correspond to the M SE achieved by the AMP algorithm for
N =3-10% The optimal MSE jumps at @,p(p,€). Hence for e < e.(p = 0.1) = 0.00075 there is a
range of measurement rates [@,p:(0 = 0.1,€),app(p = 0.1,€)] for which the AMP algorithm is
asymptotically suboptimal. In this gap, spatial coupling can be used to restore the optimality
of AMP.

however, quite different as discussed in sec. 5.1.1. For @ < aop(p,€) the final MSE is relatively
large, whereas for a > apgp the final MSE is of order € and hence is this region the problem
shows a very good stability towards approximate sparsity.

In Fig. 6.5 we summarize the critical values of app(€, @) and a,p; (€, @) for a signal of density
p = 0.1 as a function of the variance of the small components and the measurement rate.
Note that for € > e.(p = 0.1) = 0.00075 there are no phase transitions anymore, hence for
this large value of €, the AMP algorithm matches asymptotically the optimal Bayes inference
at any a. Note that in the limit of exactly sparse signal ¢ — 0, the values a,,:(p) — p and
as(p) — p whereas agp(p) — 0.2076, hence for a > 0.2076 the AMP algorithm is very robust
with respect to appearance of approximate sparsity since the transition app(p) has a very
weak e-dependence, as seen in Fig. 6.5.

In Fig. 6.6 we plot the phase diagram at fixed variance € in the density p, measurement rate
a plane. The only space for improvement is in the region a,,:(p, @) < @ < agp(p, a), which
shrinks as € increases. In this region, AMP is not optimal because the potential ®(E) has two

145



Chapter 6. Compressed sensing of approximately sparse signals

8 0-01 : T T T T T T

0.001
0.0001

1e-05

1e-06

1e-07

1e-08

1e-09

1e-10 | ' ' .
01 012 014 0.16 018 02 022

a=M/N

Figure 6.5 — Phase diagram for compressed sensing of approximately sparse signals. The
density of the large signal components is p = 0.1, we are changing the measurement rate ¢ and
the variance of the small components €. The critical values of measurement rates a,p; (€, @),
app(€, a) and a(€, a) are plotted. For homogeneous measurement matrices, AMP does not
achieve optimal reconstruction in the area between a,p; (€, a) (red curve) and agp(€, @) (blue
curve). For any measurement rate above the tri-critical point where the three transitions
curves meet, there is no more phase transitions and AMP is always Bayes optimal for any €
and the MSE becomes a continuous function of a.

maxima, and the iterations are blocked in the "wrong" metastable local maximum of the
potential ®(E) with the largest E.

6.4 Reconstruction of approximately sparse signals with optimality
achieving matrices

A first order phase transition that is causing a failure (sub-optimality) of the AMP algorithm
appears also in the case of truly sparse signals [34], see sec. 5.1.1. In that case [34] showed that
with the so-called seeding (i.e. spatially-coupled) measurement matrices, the AMP algorithm
is able to restore asymptotically optimal performance as discussed in sec. 5.5. This was proven
rigorously in [110]. Using arguments from the theory of crystal nucleation, it was argued
heuristically in [34] that spatial coupling provides improvement whenever, but only if, a
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Figure 6.6 — Phase diagrams for compressed sensing of approximately sparse signals in the
(a, p) plane with variance of small components € = 0 (left), ¢ = 107% (center) and € = 107*
(right). As € increases, the space for improvement of the AMP results by spatial coupling,
situated between the optimal and BP transitions, shrinks until it will totally disappear.

first order phase transition is present. Spatial coupling was first suggested for compressed
sensing in [119] where the authors tested cases without a first order phase transition (see
Fig. 6.3), hence no improvement was observed. Here we show that for measurement rates
@opt(p,€) < a < app(p,€), seeding matrices allow to restore optimality also for the inference of
approximately sparse signals.

6.4.1 Restoring optimality thanks to spatial coupling

In order to restore the asymptotic optimality of AMP with approximately sparse signals, we
use spatially-coupled measurement matrices of the form Fig. 5.4. The state evolution for such
block matrices have been derived in sec. 5.7. The general recursion is given by (5.178). As the
derivation in the present setting is exactly the same as in the full measurement matrix case
of sec. 6.2.1 up to the block index, we give here directly the spatially-coupled state evolution
recursion for approximate sparsity:

2
BN =Y w, f @zfc((22+1)2,Z\/ai+ (22“)2) (6.19)
a=1

-1/2
L
i arfre

(6.20)
r Zﬁ/p ]rc’Eé

o (L) =

where we have used (5.175) in the noiseless case with B = 1 and «a; is the measurement rate
of all the blocks at the r* block-row, J,. the O(1) variance of the (r, ¢)-block elements see
Fig. 5.4. This kind of evolution belongs to the class for which threshold saturation (asymptotic
achievement of performance matching the optimal Bayes inference solver) was proven in [120]
(when L, — oo, W — oo and L./ W > 1). This asymptotic guarantee is reassuring, but one must
check if finite NV corrections are gentle enough to be able to perform compressed sensing close
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Figure 6.7 — Evolution of the M SE in reconstruction of an approximately sparse signal with
density p = 0.2, variance of small components ¢ = 10~% at measurement rate a = 0.303. The
state evolution on the top is compared to the evolution of the algorithm for a signal size
N =6-10% on the bottom. The measurement is performed using a seeding matrix with the
following parameters: (@ speq = 0.4, @resr =0.29, W =3, J =0.2, L, = 30, L, = 31). Each colored
curve correspond to a different signal block (see Fig. 5.4), and we clearly see the reconstruction
wave propagating.

to a,p:(p,€) even for practical system sizes, see sec. 3.1.7. We hence devote the next section to
numerical experiments showing that the AMP algorithm is indeed able to reconstruct close to
optimality with spatially-coupled matrices.

In Fig. 6.7 we show the spatially-coupled state evolution compared to the evolution of the AMP
algorithm for system size N = 6-10*. The signal was of density p = 0.2 and € = 10~%, the param-
eters of the measurement matrix are in the second line of Tab. 6.1, L. = 30 giving measurement
rate « = 0.303 which is deep in the region where AMP for homogeneous measurement matri-
ces is not Bayes optimal and gives large MSE (for any a < agp(p = 0.2,¢ = 107%) = 0.356). We
see finite size fluctuations, but the overall evolution corresponds well to the asymptotic curve,
and we see the reconstruction wave propagation happening.

In Fig. 6.8 we plot the asymptotic convergence time needed to achieve reconstruction with E =
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Figure 6.8 — The convergence time of AMP for large system sizes estimated by the state evo-
lution as a function of the measurement rate @. Data are for signals with density p = 0.2,
variance of small components € = 107%. The red line is obtained using an homogeneous mea-
surement matrix, the vertical dashed line corresponds to the limit this approach can achieve
agple = 1075, p = 0.2) = 0.3554. All the other lines are obtained using a spatially-coupled
matrix with parameters specified in Table 6.1 and varying a,.s; by changing L, which are
related by (5.114), the resulting measurement rate « is computed from (5.115). With these
seeding matrices and using large L., reconstruction is possible at least down to & ¢; = 0.282
which is very close to the measurement rate a,,; = 0.2817. The blue point corresponds to the
evolution illustrated in Fig. 6.7. The divergence of the convergence time of AMP approaching
the phase transitions is the critical slowing down discussed in sec. 5.1.1, a typical behavior of
local algorithms near first order phase transitions, like the present BP and optimal ones.

€ for several sets of parameters of the seeding matrices, see Tab. 6.1. Each color corresponds
to a different L., which changes the a.s; thanks to (5.114). With a proper choice of the
parameters, we see that we can reach an optimal reconstruction for values of a extremely
close to aop(€, p). Note, however, that the number of iterations needed to converge diverges
as @ — @op¢(€, p). This critical slowing down typical of first order phase transitions is discussed
in sec. 5.1.1. This is very similar to what has been obtained in the case of purely sparse signals
in [34,110].
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color | @seed | Arest J w L,
purple | 0.4 | 0.282 | 0.3 3 | Lc+2

blue 04 | 029 | 0.2 3 | Le+1
green 04 | 0302 0.001 | 2 | Lc+1
black 04 |0310| 04 3 | Le+1

Table 6.1 — Parameters of the seeding matrices used in Fig. 6.8. The a,s; is modified by
changing L., the link between them being (5.114).

6.4.2 Finite size effects influence on spatial coupling performances

It is important to point out that these theoretical analyzes are valid for N — oo only. Since
we eventually work with finite size signals, in practice, finite size effects slightly degrade this
asymptotic threshold saturation, see sec. 3.1.7. This is a well known effect in coding theory
where a major question is how to optimise finite-length codes (see for instance [23,121]).

In Fig. 6.9 we plot the fraction of cases in which the algorithm reached successful reconstruc-
tion for different system sizes as a function of the number of blocks L.. We see that for a given
size as the number of blocks is growing, i.e. as the size of one block decreases, the performance
deteriorates. As expected the situation improves when the size increases. Analysies of the data
presented in Fig. 6.9 suggest that the size of one block that is needed for good performance
grows roughly linearly with the number of blocks L.. This suggests that the probability of
failure to transmit the information to every new block is roughly inversely proportional to the
block size. The algorithm nevertheless reconstructs signals at rates close to the optimal one for
system sizes of practical interest. This figure emphasizes the tradeoff between measurement
rate decrease and probability of success in the reconstruction because as L. increases, we can
theoretically decode closer to the optimal threshold as seen from (5.115). But in the same time,
it increases the finite size effects influence and thus lowers the probability of success.

Fig. 6.10 is the phase diagram for a variance of the small components € = 107% in the (a, 0)
plane and shows how with spatial coupling, we can reconstruct instances generated in the
hard phase between the BP transition and the optimal one. We notice that the pink crosses
corresponding to these finite size instances reconstructed by spatial coupling for fixed size
N = 2!* are approximately at a constant distance of the optimal transition, and thus as the
region allowing for improvement [a,p(€ = 107%,0), app(e = 1075, p)] gets smaller when p
decreases, the gain with respect to the BP transition decreases as well. But even for this small
size, a non negligible gain is possible when p is not too small.

6.5 Some results on real images

We now present some results on a potential application of the approximate sparsity prior:
image reconstructions. The appropriate sparsifying basis for natural images is the wavelet
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Figure 6.9 — Fraction of instances (over 20 attempts) that were solved by the algorithm in less
than twice the number of iterations predicted by the density evolution for different system
sizes, as a function of the number of blocks L.. We used the parameters that lead to the blue
curve in Fig. 6.8 (i.e. second line of Table 6.1). As N — oo, reconstruction is reached in all
the instances, as predicted by the state evolution. For finite N, however, reconstruction is
not reached when L, is too large. But in the same time, as L. increases we can theoretically
decode closer to the optimal threshold as seen from (5.115). Thus there is a tradeoff between
measurement rate decrease and probability of success in the reconstruction.

basis, but the resulting signal is not truly sparse but compressible (3.22). This can be seen
from Fig. 6.11 where we show the sorted coefficients of the 4-step Haar transformed Lena and
peppers images, see Fig. 6.12 and Fig. 6.13. It appears that the energy is concentrated on few
coefficients but the smaller ones follow a "power law-like" distribution. Compressed sensing
is thus appropriate but perfect reconstruction is impossible in the compressed regime a < 1.
We perform an experiment where the Lena and peppers images are 4-step Haar transformed,
and the coefficients Fig. 6.11 are reconstructed for different measurement rates, with a purely
sparsifying prior Py(x) = ]_[ﬁv [(1-p)0(xi) + pAN (xi|m, o2)] or with the approximate sparsity
prior (6.2). All the prior parameters (and the noise variance in the purely sparse case) are
learned through expectation maximisation, see sec. 4.3.8. The results Fig. 6.12 and Fig. 6.13,
both in terms of the M SE of the reconstructed wavelets coefficients and in terms of the "by-
eyes" quality of reconstruction are homogeneously better with the approximate sparsity prior
at any measurement rate. In the case of Lena, it is even stronger as the by-eyes quality of
reconstruction of Lena at @ = 0.415 with the approximate sparsity prior is better than the
image reconstructed at @ = 0.65 with the sparsity inducing prior and both the by-eyes quality
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Figure 6.10 — Phase diagram for a small variance ¢ = 107 on the (a, p) plane, where we
added crosses at parameters values where reconstruction have been successful thanks to
spatial coupling for signals of size N = 2!4. As the hard phase between the optimal and BP
transitions decreases with p and because the gap between the sucessful reconstruction line
(the virtual line linking the pink crosses) and a,p(p) is close to constant for fixed N, the gain
in measurement rate obtained with spatial coupling decreases with p. The spatially-coupled
random i.i.d Gaussian matrices were drawn from the ensemble (L, =32,L, =33, w =2,V/J =
0.4, @, Bseeqa = 1.3).

0

and M SE performances of reconstruction of Lena at a = 0.65 with the approximate sparsity
prior are better than the ones at a = 0.8 with the sparsity inducing prior. The conclusions
are identical with the peppers image. So reconstructing with the approximate sparsity prior
images expressed in the wavelet basis appears to be a good strategy. Looking at the pictures,
we see that way more details are reconstructed with the approximate sparsity prior. This is
due to the fact that these are contained in the high frequency coefficients in the wavelet basis
which are hidden in the low energy tail of Fig. 6.11. Because the approximate sparsity model
considers this tail as being part of the signal rather than noise, it reconstructs part of these
small coefficients, which induce this important gain in detailed imformation.

However, to become competitive with state-of-the-art algorithms [122-126] that can recon-
struct wavelet coefficients for images, we also need to find better models for the signal co-
efficients, likely including the fact that the approximately sparse components are highly
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Figure 6.11 — Sorted wavelet spectrum of the 4-steps Haar transformed Lena and peppers

images in double logarithmic plot. There are few high amplitude coefficients and a power law
tail of smaller coefficients: this is typical of compressible signals.

structured for real images (wavelet coefficients are known to have a tree structure exploited
by [122,123] for example).

6.6 Concluding remarks

At this point we want to state that whereas all our results do depend quantitatively on the
statistical properties of the signal, the qualitative features described here (for example the
presence and the nature of the phase transitions) are valid for other signal models, distinct
from the bi-Gaussian case that we have studied here. This is even the case when the signal
model does not match the statistical properties of the actual signal. This was illustrated for
example for the noisy compressed sensing of truly sparse signal in [35]. In the same line, we
noticed and tested that if AMP corresponding to € = 0 is runned for the approximately sparse
signals, then the final M SE is always larger than the one achieved by AMP with the right value
of €, as seen on the images.

We studied the case of noiseless measurements, but the measurement noise can be straightfor-
wardly included into the analysis as in [35]. Again, the results would change quantitatively, but
not qualitatively. The point was really to understand the influence of the small components
alone, as the influence of measurement noise was already extensively studied in compressed
sensing [35].

For small variance of the small components of the signal, the AMP algorithm for homoge-
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Figure 6.12 — Comparisons between reconstruction results of Lena (left picture). Lena was
first expressed in the 4-steps Haar wavelet basis, and the coefficients Fig. 6.11 were then
reconstructed with AMP using a strict sparsity inducing prior (center) or the approximate
sparsity prior (right) for different measurement rates. The measurement rates and final
MSE of the wavelet coefficient are: Up: a = 0.8, MSEpqrse = 7.2 % 1074, MSEapp.sparse =
2x107*, Middle: a = 0.65, MSEsparse = 1073, MSEpp.sparse = 4.6x107* and Down: a = 0.415,
MSEsparse =1.8x 107, MSEqpp.sparse = 1.3 x 1072,

neous matrices does not reach optimal reconstruction for measurement rates close to the
theoretical limit @, (€, p). The spatial coupling approach, resulting in the design of seeding
matrices improves significantly the performances. For diverging system sizes, optimality can
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Figure 6.13 — The same experiment as in Fig. 6.12 but with the peppers image. The measure-
ment rates and final MSE of the wavelet coefficient are: Up: @ = 0.8, MSE;p4rse = 6.6 X 1074,
MSEapp sparse = 2.4 x 107* and Down: a = 0.4, MSEparse = 2.7 x 1073, MSEupp.sparse =
2x 1073,

be restored. We have shown that significant improvement is also reached for sizes of practical
interest. There are, however, non negligible finite size effects that should be studied in more
details. The optimal design of the seeding matrix for finite system sizes (as studied for instance
in depth in the context of error correcting codes [121]) remains an important open question.

155






fd Approximate message-passing with
spatially-coupled structured operators

We now study the behavior of the approximate message-passing algorithm when the i.i.d
matrices for which it has been specifically designed are replaced by structured operators, such
as Fourier and Hadamard ones. The aim is in one hand to be able to tackle very large single
instances of inference problems such as compressed sensing and in the other hand, to reach
close to Bayes optimal reconstruction performances.

To work with large signals and matrices, however, one needs fast and memory efficient solvers.
Indeed, the mere storage of the measurement matrix in memory can be problematic as soon
as the signal size N > 0(10%). A classical trick (see for instance [127]) is thus to replace the
random sensing matrix with a structured one, typically random modes of a fast transform
such as Fourier-like matrices. We will show empirically that after a proper randomization, the
structure of the operators does not significantly affect the performances of the solver.

The use of fast transforms makes matrix multiplications faster (O(/Nlog N) instead of O(/V' 2)
operations), and thus both speeds up the reconstruction algorithm and removes the need
to store the matrix in memory. This is also important for coding applications where O(N?)
operations can be burdensome for the processor.

While using Fourier or Hadamard matrices has often been done with AMP (see for exam-
ple [128,129]), we provide here a close examination of its performances with Fourier and
Hadamard operators for compressed sensing of complex and real sparse signals respectively.
As suggested by the heuristic replica analysis [130, 131], such matrices often lead to better
performances than random ones. This will be confirmed through numerical investigation.

Furthermore, inspired by the Gabor construction of [128] that allowed optimal sampling
of a random signal with sparse support in frequency domain, we extend the construction
of spatially-coupled matrices to a structured form using fast Fourier/Hadamard operators,
which allow to deal with large signal sizes and up to the information theoretical limit. Given
the lack of theoretical guaranties, we numerically study this strategy on synthetic problems,
and compare its performance and behavior with those obtained with random i.i.d Gaussian
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/

Figure 7.1 — Representation of the spatially-coupled Hadamard sensing matrix used in our
study, which structure is the same as Fig. 5.4. The operator is decomposed in L, x L. blocks,
each being made of N/L, columns and ag..4N/L. lines for the blocks of the first block-
rowW, @res¢ N/ L, lines for the following block-rows, with @seeq > app = @resr > @op:. The
figure shows how the lines of the original small Hadamard matrix (of size N/L. x N/L.) are
randomly selected, re-ordered and sign-flipped to form a given block of the final operator.
There is a number w (the coupling window) of lower diagonal blocks with elements € {+1}
as the diagonal blocks, the upper diagonal blocks have elements € {++/J} where /] is the
coupling strength, all the other blocks contain only zeros. The colored dotted lines help to
visualize the block decomposition of the signal induced by the operator structure: each block
of the signal will be reconstructed at different times in the algorithm (see Fig. 7.4 main figure
and Fig. 5.4). The procedure is exactly the same for constructing spatially-coupled Fourier
operators, replacing the small Hadamard operator from which we construct the blocks by a
small Fourier operator. The parameters that define the spatially-coupled operator ensemble
are (Le, Ly, W, V], Qseeds Xrest).

matrices. The main result is that after some randomization procedure, structured operators
appear to be nearly as efficient as random i.i.d matrices. In fact, empirical performances are
as good as those reported in [34, 35] despite the drastic improvement in computational time
and memory.

7.1 Problem setting

In the following, complex variables will be underlined: x j=Xj1+ixjpeC. We will write
X ~ €./ (x|%,0?) if the real and imaginary parts x; and x, of the random variable x are
independent and verify x; ~ A (x;|R%, 02) and xp ~ A (x2|3X,02).

The generic problem we consider is noiseless complex compressed sensing. We consider that
the signal components are scalars (L = N, B = 1). We choose not to consider noise as the point
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here is really to study the influence of structure in the matrix. Noise or vectorial components
can be trivially included in the model, and do not change the qualitative features presented
here. This will be confirmed through the extensive use of the present structured Hadamard
operator in the context of the superposition codes chap. 9 where vectorial components signals
measured under high noise levels will be reconstructed. In the noiseless complex case (3.18)
becomes:

y=Fs (7.1)

We will use the following Gauss-Bernoulli distribution to generate p-sparse complex random
vectors:

N
Pe =] [(l—p)5(§j)+p‘€ﬂ(§jl§,02) (7.2)
j=1

Here we shall assume that the correct values for p, 3, o2

as well as the empirical signal distri-
bution (7.2) are known and thus we place ourselves under the prior matching condition in the
theoretical analyzes. As discussed in sec. 4.3.8, these parameters can be learned efficiently

with an expectation maximization procedure if unknown.

7.1.1 Spatially-coupled structured measurement operators

As discussed in sec. 5.5, in order to asymptotically reach the optimal transition a,,, spatial
coupling is the strategy of choice. The spatially-coupled structured operator is constructed as
Fig. 5.4 with the novelty that the blocks are not made of random i.i.d matrices anymore, but are
replaced by sub-sampled fast operators, see Fig.7.1: each of these blocks is constructed from
the same original operator of size N/L,; x N/ L. and the differences from one block to another
comes from the selected modes, their permutation and signs that are randomly changed. In
the case of an Hadamard construction, all the blocks are generated from the same original
small Hadamard operator with the constraint that N/L, must be a power of two, intrinsic to
the Hadamard construction.

7.1.2 The approximate message-passing algorithm for complex signals

In order to avoid confusions with the literature where variations of AMP are already presented,
we will refer in the present chapter to the Bayes-optimal AMP by "BP" and "c-BP" for the real
and complex case respectively, and to the ¢; -minimizing version by "LASSO" and "c-LASSO"
respectively. As the thresholding functions are applied component-wise, the time-consuming
part of the algorithm are the matrix multiplications in the linear step. Here, we use Fourier
and Hadamard operators in order to reduce their complexity from O(N?) to O(Nlog N). The
authors of [128] have used a related, yet different way to create spatially-coupled matrices
using a set of Gabor transforms.
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Chapter 7. Approximate message-passing with spatially-coupled structured operators

The generalization of the scalar algorithm Fig. 5.5 to the complex case is not sraightforward as
in the derivation of sec. 4.3.3, the real and imaginary parts of the different complex quantities
appearing in the computations would couple through non diagonal covariance matrices. But
it appears that many simplifications arise due to the independence assumption of the matrix
elements, which make the final algorithm Fig. 7.2 look very similar to its scalar version. The
derivation and study of this complex version can be found in [132-135]. The four different
operators (5.116), (5.117), (5.118), (5.119) are respectively generalized to the complex case as:

3 N/L,
Ouler):= Y IF,,I%e; (7.3)
iec
N/L,

> Eei (7.4)
l1ec
a,N/L,

> E, P fu (7.5)
uET
arN/L.

> E;ifu (7.6)

WET

Opleo):

Oi £

O; (f):

where E;i is the complex conjugate ofﬂm. Because the value of \E,; |? is either 0, 1 or J V (u, i)
depending on the block as we use Hadamard or Fourier operators (it can be read on Fig. 7.1),
all these operators do not require matrix multiplications as they are implemented as fast
transforms (O, and O;‘) or simple sums (Ou and O;). It results in the updates for complex
AMP [133] with a generic operator, see Fig. 7.2.

Here, we give the functions f,; and f, that are calculated by Gaussian integration from (7.2)
and are thus Bayes-optimal, which is not the case for LASSO and c-LASSO [132] as discussed in
sec. 5.1.1. For BB, they are trivially constructed from sec. 4.3.6. For c-BP, the signal is complex
and drawn from the distribution (7.2), and the thresholding functions (which give posterior
scalarwise estimates of the mean and variance) are given by:

fa*,R) = goy* M/ Z 7.7)

f2 R = (gox (M2 +2¢°) 12 - | faE2, B 12 (7.8

together with the following definitions:

M:=(0°R+2°X)/(2* + 0% (7.9)
x2i=2%0%1(2* + 0?) (7.10)
1(I1Z* R M
g::exp(—E(F F_?)) (7.11)
Z:zaz(l—p)exp(—ﬁ)+png (7.12)
232

where R and X? are the AMP fields and we have X = §. These functions are not identical to
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Figure 7.2 — The complex AMP algorithm written with operators. Depending on whether it
is used on a real or complex signal, with Bayes-optimal or sparsity-inducing thresholding
functions f, and f;, we call it BB, c-BP, LASSO or c-LASSO. ¢ is the accuracy for convergence
and 4, the maximum number of iterations. A suitable initialization for the quantities is
(ngzo =Ep,(x) =0, vl.tzo = Varp, (x) = pa?, QLZO = Xﬂ) where we have used the prior (7.2). Once
the algorithm has converged, i.e. the quantities do not change anymore from iteration to
iteration, the estimate of the i’”* signal component is gf . The nonlinear thresholding functions
fa and f; take into account the prior distribution. In the case of compressed sensing, applying
fatoa R} *1 close to zero will give a result even closer to zero, while bigger inputs will be left
nearly unchanged, thus favoring sparse solutions. If needed, the damping scheme of Fig. 4.6
can be used.

the ones for the real case since in the prior distribution (7.2), the real and imaginary parts of
the signal are jointly sparse (i.e. have same support but independent values), which can be a
good assumption, for instance in MRI. As in c-LASSO [132], because the joint sparsity is more
constrained and thus bring more information, it allows to lower the phase transition compared
to when the real and imaginary parts of the signal are assumed to be fully independent.

7.1.3 Randomization of the structured operators

The implementation requires caution: the necessary "structure killing" randomization of
the fast structured operator used to construct the blocks of the matrix Fig. 7.1 is obtained by
applying a permutation of lines after the use of the fast operator. For each block (r, c), we
choose a random subset of modes Q"¢ = {Q7°, ..., Qf\}f} c{1,..., Nc}. The definition of O(e,)
using a standard fast transform FT will be:

Oulec) := (FT(ec)) grue (7.13)

Hpiry +1
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Chapter 7. Approximate message-passing with spatially-coupled structured operators

where r, is the index of the block-row that includes the index i, yi;, is the number of the first
line of the block row r,, and (u),, is the p™ component of u. For O; (f;) instead:

O; (£ := (FT'®)),_; . (7.14)
where c; is the index of the block-column that includes the index i, i, is the number of the
first column of the block-column ¢;, FT~! is the standard fast inverse operator of FT and f, is
defined in the following way:

Vyell,...,N, (f)qre =)y and VkeQ"9, (f), =0 (7.15)
Y
The MSE achieved by the algorithm is:
E':=|la'-sll;=<la'—s* > (7.16)

and measures how well the signal is reconstructed.

7.2 Results for noiseless compressed sensing

When the sensing matrix is i.i.d random, or spatially-coupled with i.i.d random blocks, the
evolution of E? in AMP is predicted in the large signal limit on a rigorous basis by the state
evolution [104, 110, 136], see sec. 5.3. For c-BP with i.i.d Gaussian matrices, the derivation goes
very much along the same lines and we shall report the results briefly. The generalization to
the complex case of the state evolution (5.105) for homogeneous matrices under the prior (7.2)
is given by the following recursion:

together with:
zZ:i=z1+1iz (7.18)

2= (A+EY/a,

EZH(E) =z /0,25u,2+(zt+1)2 (7.19)

e—%(zlz+z§)
Dz:=dz1dzp——. (7.20)
- 27

with A = 0 in the noiseless case. (7.17) has been obtained exactly as in the previous chapter
when we derived (6.12). Note that this state evolution equation is the same as given in [132],
despite slightly different update rules in the algorithm.

For c-BP with spatially-coupled matrices with i.i.d Gaussian blocks, the expression involves
the MSE in each block ¢’ € {1,..., L.}, see sec. 5.7. The generalization of (5.175) ,(5.176) and
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Figure 7.3 — Phase diagram on the (a, p) plane for noiseless A = 0 compressed sensing. Lines
are phase transitions predicted by the state evolution analysis for i.i.d random Gaussian
matrices, while markers are points from experiments using structured operators with em-
pirically optimized parameters. Good sets of parameters usually lie in the following sets:
(Lc€1{8,16,32,64}, L, = Lo +1{1,2}, w € {2,...,5}, V] € [0.2,0.7], Bseea € [1.2,2]), see (5.114). As
discussed in the previous chapter, with larger signals, higher values of L, are better as it allows
to get closer to the optimal transition. Just as c-LASSO allows to improve the usual LASSO
phase transition when the complex signal is sampled according to (7.2) (thanks to the joint
sparsity of the real and imaginary parts), c-BP improves the usual BP transition. The line
a = p is both the maximum-a-posteriori M AP threshold for noiseless compressed sensing
and the (asymptotic) optimal phase transition that can be reached with spatially-coupled
matrices. Pink experimental points correspond to perfectly reconstructed instances using
homogeneous Hadamard and Fourier operators (on the BP and c-BP phase transition respec-
tively), the black and red crosses using spatially-coupled ones (close to the M AP threshold).
Properly randomized structured operators appear to have similar performances as random
measurement matrices.

(5.178) to the complex case under the prior (7.2) is given by:

E* = f@g [(1 —o)fe ((zg“)z,ggfll (g)) +of. ((2?1)2,3231 (g))] (7.21)
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Figure 7.4 — Comparison of the mean square error predicted by the state evolution (black
curves) and the actual behavior of the algorithm for spatially-coupled matrices (main figure)
and standard homogeneous ones (inset), both with structured operators (circles) and random
i.i.d Gaussian matrices (purple crosses) in a noiseless compressed sensing setting. In both
plots, the signal size is N = 214 with the random i.i.d Gaussian matrices, and N = 220 ~ 105
with the operators and are generated with (p = 0.1, X = 0, 0® = 1). While experiments made
with random i.i.d matrices fit very well the asymptotic predictions, those with the structured
operators are not described well by the state evolution, although final performances are
comparable. Main: For an Hadamard spatially-coupled matrix as in Fig. 7.1 with (L, =8, L, =
Le+2, w=1,y/]=0.1, @ =0.22, Bseeq = 1.36). Each curve corresponds to the MSE tracked in
a different block of the real reconstructed signal s (see Fig. 7.1). Inset: Reconstructions made
with structured homogeneous matrices at @ = 0.35 and a = 0.25. The reconstruction with the
Fourier operator of a complex signal (instead of real with Hadamard) is faster thanks to the
joint sparsity assumption of (7.2). The arrows identify the groups of curves corresponding
to same measurement rate @. Both in the Fourier and Hadamard cases, we observe that
convergence is slightly faster than in the random i.i.d case as predicted by the state evolution.
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Figure 7.5 — Time required for convergence (i.e. MSE < 107%) of the AMP algorithm in seconds
as a function of the signal size, in the homogeneous matrix case for a typical compressed
sensing problem. The signal has distribution given by (7.2) and is real (complex) for the
reconstruction with real (complex) matrices. The plot compares the speed of AMP with
matrices (blue and red lines) to those of AMP using the structured operators (black and green
lines). The points have been averaged over 10 random instances and the error bars represent
the standard deviation with respect to these. The simulations have been performed on a
personal laptop. As the signal size increases, the advantage of using operators becomes
quickly obvious.

where:

L -1/2

arJre
>

T LA+ Y o EL,

RN (2) =21/0%6 2+ (ZE1)2 (7.23)

and a; = Arest + (X seed — Xrest)Or1, Jrc is the variance of the elements belonging to the block at
the r" block-row and ¢*" block-column (1, J or 0 in Fig. 7.1) and again A = 0 in the noiseless

(7.22)

clc

Zé“ ({Et }Lc) _

case.

We now move to our main point. In the case of AMP with structured (Fourier or Hadamard)
operators instead of i.i.d matrices, the state evolution analysis cannot be made. Hence we
experimentally compare the performances between AMP with structured operators and i.i.d
matrices. The comparison is shown in Fig. 7.4 which presents theoretical results from the state
evolution and experimental ones obtained by running AMP on finite size signals. On Fig. 7.3,
we show the phase transition lines obtained by state evolution analysis in the (a, p) plane,
and we added markers showing the position of instances actually recovered by the algorithm
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Chapter 7. Approximate message-passing with spatially-coupled structured operators

with spatially-coupled structured operators in the noiseless case A = 0. It appears that with
structured operators, AMP is still able to decode really close to the optimal threshold as with
random i.i.d matrices.

7.2.1 Homogeneous structured operators

Let us first concentrate on AMP with homogeneous (or full) structured operators. The first
observation is that the state evolution does not correctly describe the evolution of the M SE for
AMP with full structured operators (inset Fig. 7.4). It is perhaps not surprising, given that AMP
has been derived for i.i.d matrices. The difference is small, but clear: E! decreases faster with
structured operators than with i.i.d matrices. However, despite this slight difference in the
dynamical behavior of the algorithm, the phase transitions and the final MSE performances
for both approaches appear to be extremely close. As seen in Fig. 7.3, for small p, we cannot
distinguish the actual phase transition with structured operators from the one predicted by
state evolution. Thus, the state evolution analysis remains a good predictive tool of the AMP
performances with structured operators.

7.2.2 Spatially-coupled structured operators

For spatially-coupled operators, the conclusions are similar (main plot on Fig. 7.4). Again, E! in
each of the blocks of the signal, induced by the spatially-coupled structure of the measurement
matrix, decreases faster with structured operators than with random i.i.d matrices. But our
empirical results are consistent (see Fig. 7.3) with the hypothesis that the proposed scheme,
using spatially-coupled Fourier/Hadamard operators, achieves correct reconstruction as
soon as @ > p when N is large. Indeed, we observe that the gap to the M AP threshold (the
optimal threshold in the noiseless case) a,p(p) = p decreases as the signal size increases upon
optimization of the spatially-coupled operator structure. The results in Fig. 7.3 and Fig. 7.4 are
obtained with spatially-coupled matrices of the ensemble: (L, =8,L, = L+ 1, w € {1,2}, Ve
[0.2,0.5], Bseed = [1.2,1.6]). While these parameters do not quite saturate the bound a = p
(which is only possible for L, — oo [34,108,110], see sec. 5.115), they do achieve near optimal
performances. This, as well as the substantial cut in running time (Fig. 7.5) with respect to
AMP with i.i.d matrices and the possibility to work with very large systems without saturating
the memory strongly supports the advantages of the proposed implementation of AMP.

7.3 Conclusion

We have presented a large empirical study using structured Fourier and Hadamard operators
in sparse linear estimation. We have shown that combining these operators with a spatial
coupling strategy allows to get very close to the information-theoretical limits. We have tested
our algorithm for noiseless compressed sensing of real and complex signals. The resulting
algorithm is more efficient than Fig. 5.5 both in terms of memory and running time. This
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allows us to deal with signal sizes as high as 10° and a measurement rate a ~ p on a personal
laptop using MATLAB, and achieve perfect reconstruction in about a minute.
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Approximate message-passing for
compressive imaging

In the present chapter, we focus on two distincts applications of the approximate message-
passing algorithm to compressive imaging. The first one is the reconstruction of sub-sampled
natural images which have a sparse discrete gradient, while the second one focuses on the
reconstruction of point like objects, and thus directly sparse in the pixel domain, measured by
fluorescence microscopy technique.

8.1 Reconstruction of natural images in the compressive regime by
"total-variation-minimization"-like approximate message-passing

Total variation (TV) and the associated gradient-optimization-based algorithms have been
the long-standing state-of-the-art approach to the reconstruction of images from compressive
measurements. For signals well-modeled by i.i.d priors, many recent works have presented
optimal, or near optimal reconstruction algorithms built instead from a statistical framework.
Here, we present a method for incorporating a TV-like structured prior in the image domain to
allow for M M SE image recovery using the approximate message-passing algorithm.

In gradient-optimization-based methods for image reconstruction, instead of searching for a
sparse signal in the pixel domain as in (8.2), we seek for a signal with a sparse discrete gradient.
This kind of signals are supposed to represent well natural images which are piecewise constant
or smooth. Specific algorithms to tackle image reconstruction in the compressive regime
have been designed on the optimization side. For example the TV-AL3 [137] is very robust
to noise and reduction of the measurement rate but is also fast. On the probabilistic side,
the phase transitions for TV were investigated and a method, TV-AMP [138], was proposed.
Furthermore, [139] proposed a structured prior in conjunction with the co-sparse model
and developed the GrAMPA algorithm based on the approximate message-passing algorithm.
Finally, some recent work have proposed a joint prior defined over nearest-neighbors for 1-d
signals in SS-AMP [140]. Motivated by the very good performances of both [140] and [139], we
develop here an approximate message-passing algorithm for 2-d piecewise smooth signals
reconstruction in the compressive regime.
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The methodology presented here is closely related to the GrAMPA algorithm [139] as we will
work also with the co-sparse model, defined in the next section, and AMP. The differences
with [139] are essentially coming from the learning procedure of the noise that we use which
allows for better reconstruction results, and the fact that we use a Gauss-Bernoulli prior for the
dual variables (that represent the differences between neighboring pixels), whereas GrAMPA
uses the SNIPE prior, the limiting distribution of the Gauss-Bernoulli one when the variance
of the Gaussian part goes to infinity. As we will see, this prior does not improve on the Gauss-
Bernoulli one, they give similar results. The improvement with respect to GrAMPA really
comes from the noise learning which acts as a kind of annealing.

We will show through intensive numerical experiments that when we push the TV-AL3 algo-
rithm (considered as the state-of-the-art optimization algorithm) to its limits by optimizing all
of its parameters, it gives almost exactly the same reconstruction results than our implementa-
tion which requires way less tuning. We will observe the same when using the SNIPE prior
of GrAMPA in our implementation in conjunction with the noise learning. The results are so
close that it suggests that we are reaching the limits of classical reconstruction methods based
on first neighbors interactions.

8.1.1 Proposed model

We consider the model (3.18) where now s is the reshaped image of size N (the original image
being of size Vv'N x v/N). In order to mimic the total-variation-minimization idea that enforces
neighbors pixels to have identical or closeby values, we naturally take a Gauss-Bernoulli prior
over the differences of the pixel values:

Pyslo®) o< [ [(1—p)8(si—s)+pA (si—s10,0%)] (8.1)
(ij)eEE

where E := {(ij) : i neighbor to j in the picture} is the set of pairs of pixels that are neighbors
in the original image. This natural extension to the bi-dimensionnal case of [140] suffers
from convergence issues due to the short loops in the associated factor graph (a grid) that are
created by these two-pixels dependent prior terms. A natural idea to face this problem is to use
new auxilliary variables. Defining {d;; := x; — x; : (i j) € E} as the differences variables, refered
as dualvariables, and x := [s,d] as the concatenation of the vectorized original image and the
vector of dual variables, we now get back a factorized prior where the s;’s are independent
with uniform prior and the Gauss-Bernoulli prior is over the dual variables:

N
Pyxlo®, P oc [] [A-p)d(dij)+pA (dijlo,0%)] []%(si1.9) 8.2)
(ij)eE i=1

where % (s;|.%) is a uniform distribution over the set . From now on when the index i of
the x component is such that if i < N it correponds to an image pixel variable, else it is a dual
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Figure 8.1 — The pixel i with its four closest neighbors, but when considering i in the operator
F construction (8.5), only the interaction with its right neighbor f; (i) and down one f;(i)
are taken into account not to consider twice each interactions. This choice is arbitrary and
considering for example the left and up interactions would be the same, one just needs to
design properly the mapping functions f which encode the dependency structure between
the image pixels and allow to design the difference matrix D in (8.5).

variable. Thus the prior can be re-written as:

Py ( 2 NEl Iy |2
oxlo®, ) o< [T Pylxilo®,#) (8.3)
i=1
N+|E|
o« [T [ M%)+ > N) [ - p)6(x) + pA (x:10,0%)]]  (8.4)
i=1

and the linear constraints {d; j— (si—58j) =0} jeE are enforced through an extension of the
original linear system (3.18) that becomes:

Yma | _| Fmn  Owmyg sv1 |, S
011 Dg,n —Lige |\ diga 0£11

oy=Fx+& (8.5)

where the dimension of each vector or matrix has been indicated to avoid confusions and
where the tilde stands for these new extended objects. F is the original operator, 0 ; is a matrix
full of zeros of dimensions a x b and I, , is the identity matrix if size a x a. D is the "difference”
matrix which is the concatenation of smaller matrices constructed as follows. In the present
case we consider for each pixel its four closest neighbors (its left/right and up/down ones
on the image). D := [D,,D,4]7 is the concatenation of D, which is made of zeros everywhere
except on the diagonal where there are 1’s, and —1’s on the {(i, f;(i)) : i € {1,..., N}, f; (i) # 0}
elements where f; (i) outputs the index (in the vectorized form of x) of the right neighbor of
the i*" pixel if it actually has a neighbor, 0 else (it is the same for constructing D thanks to the
mapping f;(i)), see Fig. 8.1. This new system to be solved is refered as the co-sparse model.
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8.1.2 The Hadamard operator and the denoisers

Images are large signals so being able to deal with very large matrices with O(N?) elements
is an issue in itself. We can thus use fast Hadamard-based operators of the form Fig. 5.4, see
chap. 7 for a full study of their reconstruction abalities. Because of the fact that each Hadamard
mode except the first one (which is a line of ones) have exactly zero mean, the system (8.5)
would be invariant by a constant shift in the signal components without this mode. To break
this symmetry we enforce the first mode to be present which fixes the mean of the signal, the
other ones being selected totally randomly. This issue was never present in the other problems
treated in this thesis because the prior was directly on the signal components whereas here,
its on the differences (the prior is uniform over the pixels): the prior is invariant by a constant
shift in the values of two neighbors and thus of the overall signal.

Once F is designed (as well as FT,F?, (F?)T required by AMP, see Fig. 5.5), it is trivial to imple-
ment F (and BT, F*, (F*)T). Fis also fast and does not generate memory issues because all its
parts (except F which is already a fast Hadamard-based operator) are highly sparse.

Now the co-sparse model (8.5) to solve is well defined with a factorized prior (8.2), we can use
AMP, Fig. 5.5. Despite the extended measurement matrix F is sparse and the derivation of AMP
in sec. 4.3.3 is based on the high density of the matrix, nothing prevents us to use it anyway
and as we will see, it gives very good results. From the definition of the denoising functions
(4.115), (4.116) and using the prior (8.4), we obtain:

= R) = [ dxii Pl 1A (i i, ) (8.6)
= R 1(i < N) + fy, 52, R) 1Gi > N)) (8.7)
fu (52, Ry) = f ;32 Po(xilo?, PN (i1 Riy £2) — fu, (52, Ri)? ©.8)
=340 < N) + f, (25, R) I(i > N) (8.9)

where the explicit form of f;, and f,, in this Gauss-Bernoulli case are obtained through the
construction of sec. 4.3.6:

1 m2? + Ro?

f,. (22 R) = 8.10
fai( ) zi(22,R) 22+ (8.10)
- 1 m?Z*+3222mR+322%)0%+ (R2+32%)0* .
2 _ 2 2
Ja 2R = —rs 57107 - fa, %R 8.11)
) A (m|R,2?)
z;(Z%,R) = +1 (8.12)

N (mIR,22 + 02)

where we have used that the set & = R and thus just replaced the uniform distribution in the
prior by 1. We could enforce positive values for the pixels, but it complicates the denoising
functions expressions and seems to gives exactly the same final results anyway.
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8.1.3 The learning equations

The hyperparameters A := [A;, A4] need to be learned, where the noise associated to the pu'"
measurement is Ay, := Agl(u < M) + Agl(u > M). A, is the true noise variance associated to the
measure, A is the artificial noise variance associated to the dual variables which measure
the level of relaxation of the constraints that define them: at A; = 0, the dual variables must
exactly fulfill their definition, at finite value of A4, these linear constraints are relaxed. We
decide to keep p free being the control parameter of how smooth the final reconstructed
picture is. Furthermore 2 can be learned but it appears empirically that fixing its value to
0(1073) is sufficient and does not change the performances. For learning A, we will use the
expectation maximization learning of sec. 4.3.8 optimizing the Bethe free energy. The learning
of the noise is obtained by optimizing (4.202). For the moment we consider that there is a
unique noise parameter A. The only part FAo dependent on it in (4.202) can be rewritten as:

N+|E|

Fu=X; " Fuian)® _
Yu= i 2 tlog|a+ > Fﬁivi
i

A

1M+|E|

Fp = (8.13)

2 7

where (a;, v;) are the posterior mean and variance of x;. Then by optimizing it we obtain the
fixed point equation for A:

OFs _, (8.14)
oA
M+IEI | N+E| 2 N+E| -1
N ; F(j’“_ Z Fuia; —(A+ Z Fﬁivi) =0 (8.15)
l l

A possible solution is to equate the two terms inside the sum for each component, which gives
different solutions A, for each u. We define the auxiliary functions:

N+[E|
Xu= (yu_ Z Fuia;
1

gu:=%(xﬁ+xu\/xi+4®u) (8.17)

reminding the definition of ©, = Zﬁ.v

(8.16)

*lE| Ff”. v; (4.190) at the fixed point. The solutions cancel-
ing each term inside (8.15) are given by the second order equations:

2_,2 20 —
B~ Xl = XuOu =0 (8.18)
which exact solution is simply:
Au=8u (8.19)

Then we would average over these (the positive solutions are selected among the two possible
ones) to get a single parameter A. But now we remember that we need to consider two
different noise parameters {A;, A4}: the noise learning is not the same for the pixels and the
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dual variables. To consider this, the average for the two different noise levels are performed
over the proper sets of variables. We get the fixed point equations to which we add the time:

t+1 1 M t
AL = 1\_/1#; g (8.20)
1 M+|E|
A2+1 _ Z g[t (8.21)
|El =R+
where gj, is given by (8.17) with y}, = (J7u —Z?H'E' F’yiaf), 0, = Z?H'E' F’ﬁi v! where (a, v!) are

the AMP posterior estimates at time ¢. In the implementation, these learnings are weakly
damped.

It appears that this learning is essential for the perfomances of the algorithm. It is the main
difference with the GrAMPA implementation [139]. Their prior model, refered as the SNIPE
prior is different as well but as we will show in the experiments, it does not change the
perfomances of AMP: the improvement in our implementation really comes from this noise
learning.

8.1.4 Numerical experiments

We now present results of a serie of intensive numerical experiments. We have selected
classical test 512 x 512 images, see Fig. 8.2. For each of them, we have compared the results
obtained with the best TV-optimization-based algorithm, namely TV-AL3 [137] and our AMP
implementation refered as DC-AMP for dual-constraints AMP. For each measurement rate, we
have scanned different noise levels. For each point, 5 instances with different measurement
operators and noise realizations have been reconstructed by each algorithm and the result is
the averaged normalize mean square error NSNR (the MSE rescaled by the £, norm of the
picture) in decibels. For TV-AL3 that depends on two slack parameters (see [137] for the details),
we have optimized them for each point (for every images and for all measurement rates). The
same has been done for the unique free parameter of DC-AMP, the smoothness parameter
p- So these results represent the optimal reconstruction performances of both algorithms.
Furthermore, the SNIPE prior have also been implemented in our code for comparison with
the Gauss-Bernoulli one and its free w parameter, which is the equivalent of p for the Gauss-
Bernoulli prior have also been optimized for each point, see [139] for details on this prior.

Looking at all the results and tables, it is striking how close are the performances. There are vir-
tually no differences. This suggests strongly that there exist some bound for the performances
of such methods based on gradient optimization. The two priors in AMP appear to give almost
the same results as it can be sees from the figures at a = 0.05. This similarity remains true
at higher measurement rates. When the GrAMPA implementation have been tested with the
optimized value of w as well, it appeared to always give worst results by at least one or two
decibels than what presented here. This must be due to our noise learning, not present in
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their implementation. Furthermore, when we do not use this learning, we get similar results
as GrAMPA with our implementation which is normal as the two algorithms are supposed to
solve the same problem (8.5). In terms of running time, all algorithms are equivalent despite a
small advantage for TV-AL3.

An important remark is that we have tried our implementation also with further interactions,
including the 8 first-neighbors in the prior model instead of 4. It appears that it worsen the
results by reconstructing too smooth solutions.

8.1.5 Concluding remarks

We have presented an AMP implementation for the reconstruction of natural images based on
the co-sparse model, with a Gauss-Bernoulli prior on dual variables representing the differ-
ences between pixels. It appears that its optimal performances after optimization of its single
free parameter are perfectly equivalent to the ones of the state-of-the-art TV-optimization
algorithms which require more parameters to be tuned to get similar results. Furthermore, it
seems that our results are weakly sensitive to the prior used with AMP and that Gauss-Bernoulli
or its infinite variance limit give similar results. The two main points observed here are that 7)
the proposed algorithm get better performances that those of the similar GrAMPA algorithm
due to a noise learning that exactly minimizes the Bethe free energy at each step and which is
essential to reach the best performances and ii) it seems that we are reaching some bound on
the perfomances of reconstruction algorithms for natural images in the compressive regime
that are based on gradient-based models.

It would be of great interest to study further the fundamental reasons behind this limit.
Furthermore, when trying to learn the p parameter, it seems to enter in conflict with the
noise learning. This issue must be fixed to get a parameter-free algorithm with the best
performances.
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Figure 8.2 — Images used for the comparisons between TV-AL3 and our AMP implementation
refered as DC-AMP for dual constraints AMP. Top, left to right: Lena, Baboon, Barbara. Bottom,
left to right: Cameraman and Peppers
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Figure 8.3 — Comparison of the final reconstruction results in NSNR as a function of the noise
level in dB between TV-AL3 and DC-AMP for different measurement rates a for the Lena
picture.
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a=0.05| «a=0.10 | «=0.20 ‘ =030 | «a=0.40 | «=0.50

ISNR =00 dB

TVAL3 Optimal -19.74 -22.51 -25.71 -27.80 -29.56 -31.13

DC-AMP Optimal -19.33 -22.65 -25.59 -27.87 -29.64 -31.32
ISNR =40 dB

TVAL3 Optimal -19.88 -22.48 -25.68 -27.82 -29.51 -31.06

DC-AMP Optimal -19.33 -22.65 -25.57 -27.83 -29.58 -31.23
ISNR =30dB

TVAL3 Optimal -19.66 -22.40 -25.46 -27.46 -28.97 -30.34

DC-AMP Optimal -19.29 -22.58 -25.34 -27.41 -29.03 -30.46
ISNR =25 dB

TVAL3 Optimal -19.75 -22.31 -25.11 -26.81 -28.13 -29.25

DC-AMP Optimal -19.22 -21.90 -24.93 -26.71 -28.07 -29.24
ISNR =20 dB

TVAL3 Optimal -19.53 -21.78 -24.15 -25.56 -26.63 -27.46

DC-AMP Optimal -19.05 -21.36 -24.01 -25.50 -26.54 -27.46
ISNR=15dB

TVAL3 Optimal -18.91 -20.71 -22.63 -23.77 -24.60 -25.25

DC-AMP Optimal -18.43 -20.40 -22.48 -23.70 -24.53 -25.27
ISNR=10dB

TVAL3 Optimal -17.64 -19.08 -20.69 -21.64 -22.40 -22.91

DC-AMP Optimal -17.10 -19.09 -20.61 -21.62 -22.20 -22.75
ISNR=5dB

TVAL3 Optimal -15.98 -17.34 -18.54 -19.61 -20.05 -20.55

DC-AMP Optimal -15.53 -17.65 -19.02 -19.63 -20.13 -20.42
ISNR=0dB

TVAL3 Optimal -13.59 -15.14 -16.37 -17.13 -17.96 -18.26

DC-AMP Optimal -14.05 -15.90 -17.28 -18.03 -18.45 -18.72

Table 8.1 — Table of the final reconstruction results in NSNR as a function of the noise level in
dB between TV-AL3 and DC-AMP for different measurement rates « for the Lena picture.

178



8.1. Reconstruction of natural images in the compressive regime by
"total-variation-minimization"-like approximate message-passing

barbara Image
barbara (512x512)
© barbara (512x512), o = 0.05 0=0.10
10 T T T T T T T
—— TVAL3 ——TVAL3
—+—DC-AMP-GB* . .
° —e—DC-AMP-SNIP*|q o DC-AMP ||
10 10k il
g ———, g r—e—.
= z
o 20 o 20 8
Z z
172} [%2}
7z b4
30 -30 —
40 40 4
© A SN AR N SR I ‘ ‘ | ‘ ‘ ‘ ‘
5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
0=0.20 0=0.30
10 T T T 10 T T T
——TVAL3 ——TVAL3
. * DC-AMP’ | ol * DC-AMP’ ||
10+ g 10 g
s AM o 1\
3 z
o 201 1 @ 20 A ad
4 4
(2] (2]
4 4
30 -30
40 . 40 .
. | | ‘ ‘ | L | . ‘ ‘ | L | ‘ |
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
0=0.40 o0=0.50
10 T T T T T T T 10 T T T T T
——TVAL3’ —TVALS
ol * DC-AMP’ ok * DC-AMP’
10 - 10 4
o ¢ [
z z
c ’\‘\‘\’\0\,__._'—’ o 20\__’_‘
b4 » P4
(%] [%2]
z P4 ’
30 — 30 —
a0l 40
0 ‘ ‘ ‘ ‘ ‘ ‘ ‘ o ‘ ‘ ‘ ‘ | ‘ |
[} 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
Input SNR (dB) Input SNR (dB)

Figure 8.4 — Comparison of the final reconstruction results in NSNR as a function of the noise
level in dB between TV-AL3 and DC-AMP for different measurement rates « for the Barbara
picture.
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a=0.05| «a=0.10 | «=0.20 ‘ =030 | «a=0.40 | «=0.50

ISNR =00 dB

TVAL3 Optimal -15.31 -16.27 -17.80 -19.70 -22.00 -24.63

DC-AMP Optimal -15.25 -16.22 -17.94 -20.05 -22.54 -25.41
ISNR =40 dB

TVAL3 Optimal -15.38 -16.26 -17.81 -19.69 -21.99 -24.59

DC-AMP Optimal -15.25 -16.22 -17.94 -20.03 -22.51 -25.37
ISNR =30dB

TVAL3 Optimal -15.28 -16.26 -17.77 -19.62 -21.83 -24.28

DC-AMP Optimal -15.23 -16.21 -17.91 -19.95 -22.33 -25.00
ISNR =25 dB

TVAL3 Optimal -15.35 -16.24 -17.69 -19.45 -21.49 -23.58

DC-AMP Optimal -15.22 -16.19 -17.84 -19.78 -21.95 -24.32
ISNR =20 dB

TVAL3 Optimal -15.23 -16.16 -17.44 -18.97 -20.67 -22.31

DC-AMP Optimal -15.14 -16.11 -17.63 -19.31 -21.07 -22.86
ISNR=15dB

TVAL3 Optimal -15.09 -15.91 -16.79 -17.93 -19.13 -20.29

DC-AMP Optimal -14.94 -15.88 -17.13 -18.33 -19.55 -20.75
ISNR=10dB

TVAL3 Optimal -14.36 -15.34 -16.20 -16.66 -17.27 -17.79

DC-AMP Optimal -14.46 -15.42 -16.32 -16.91 -17.53 -18.23
ISNR=5dB

TVAL3 Optimal -13.38 -14.45 -15.34 -15.81 -16.10 -16.40

DC-AMP Optimal -13.80 -14.80 -15.58 -15.98 -16.25 -16.52
ISNR=0dB

TVAL3 Optimal -11.98 -12.90 -13.28 -14.39 -14.98 -15.23

DC-AMP Optimal -12.45 -13.77 -14.69 -15.16 -15.37 -15.59

Table 8.2 — Table of the final reconstruction results in NSNR as a function of the noise level in
dB between TV-AL3 and DC-AMP for different measurement rates « for the Barbara picture.
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Figure 8.5 — Comparison of the final reconstruction results in NSNR as a function of the noise
level in dB between TV-AL3 and DC-AMP for different measurement rates a for the Baboon
picture.
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a=0.05| «a=0.10 | «=0.20 ‘ =030 | «a=0.40 | «=0.50

ISNR =00 dB

TVAL3 Optimal -15.94 -17.28 -19.65 -21.74 -23.75 -25.79

DC-AMP Optimal -16.18 -17.50 -19.76 -21.63 -23.74 -25.85
ISNR =40 dB

TVAL3 Optimal -15.93 -17.26 -19.65 -21.75 -23.74 -25.78

DC-AMP Optimal -16.18 -17.50 -19.75 -21.63 -23.71 -25.84
ISNR =30dB

TVAL3 Optimal -15.92 -17.24 -19.64 -21.69 -23.67 -25.67

DC-AMP Optimal -16.18 -17.49 -19.74 -21.57 -23.64 -25.71
ISNR =25 dB

TVAL3 Optimal -15.88 -17.24 -19.58 -21.60 -23.53 -25.38

DC-AMP Optimal -16.17 -17.48 -19.70 -21.49 -23.48 -25.39
ISNR =20 dB

TVAL3 Optimal -15.88 -17.18 -19.45 -21.34 -23.08 -24.65

DC-AMP Optimal -16.15 -17.44 -19.60 -21.30 -23.32 -24.70
ISNR=15dB

TVAL3 Optimal -15.76 -16.99 -19.05 -20.63 -21.95 -23.15

DC-AMP Optimal -16.06 -17.30 -19.28 -20.89 -22.15 -23.27
ISNR=10dB

TVAL3 Optimal -15.44 -16.44 -18.00 -19.21 -20.15 -21.06

DC-AMP Optimal -15.82 -16.93 -18.46 -19.53 -20.24 -21.13
ISNR=5dB

TVAL3 Optimal -14.92 -15.66 -16.66 -17.49 -18.14 -18.70

DC-AMP Optimal -15.22 -15.93 -16.70 -17.42 -17.93 -18.40
ISNR=0dB

TVAL3 Optimal -14.29 -14.93 -15.61 -16.13 -16.39 -16.80

DC-AMP Optimal -14.48 -15.14 -15.69 -16.13 -16.53 -16.93

Table 8.3 — Comparison of the final reconstruction results in NSNR as a function of the noise
level in dB between TV-AL3 and DC-AMP for different measurement rates a for the Baboon
picture.
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Figure 8.6 — Comparison of the final reconstruction results in NSNR as a function of the
noise level in dB between TV-AL3 and DC-AMP for different measurement rates a for the

Cameraman picture.
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a=0.05| «a=0.10 | «=0.20 ‘ =030 | «a=0.40 | «=0.50

ISNR =00 dB

TVAL3 Optimal -21.43 -25.02 -29.11 -32.42 -35.12 -37.67

DC-AMP Optimal -21.65 -25.10 -29.50 -33.35 -36.18 -38.50
ISNR =40 dB

TVAL3 Optimal -21.52 -25.09 -29.09 -32.24 -34.91 -37.27

DC-AMP Optimal -21.64 -25.07 -29.44 -33.16 -35.81 -37.88
ISNR =30dB

TVAL3 Optimal -21.50 -24.83 -28.66 -31.28 -33.17 -34.67

DC-AMP Optimal -21.54 -24.85 -28.84 -31.65 -33.57 -35.03
ISNR =25 dB

TVAL3 Optimal -21.51 -24.60 -27.77 -29.66 -31.15 -32.15

DC-AMP Optimal -21.37 -24.33 -27.73 -29.78 -31.25 -32.28
ISNR =20 dB

TVAL3 Optimal -20.99 -23.75 -26.02 -27.72 -28.62 -29.52

DC-AMP Optimal -20.85 -23.21 -25.98 -27.47 -28.62 -29.41
ISNR=15dB

TVAL3 Optimal -19.97 -22.06 -24.05 -25.28 -26.14 -26.82

DC-AMP Optimal -19.71 -21.87 -24.00 -25.08 -26.01 -26.64
ISNR=10dB

TVAL3 Optimal -18.09 -19.69 -21.87 -22.75 -23.53 -24.04

DC-AMP Optimal -17.59 -20.17 -21.96 -22.69 -23.43 -23.84
ISNR=5dB

TVAL3 Optimal -16.40 -18.00 -19.47 -20.29 -21.01 -21.54

DC-AMP Optimal -16.48 -18.15 -19.99 -20.90 -21.38 -21.85
ISNR=0dB

TVAL3 Optimal -14.56 -15.62 -17.41 -17.98 -18.34 -19.08

DC-AMP Optimal -13.77 -16.03 -17.51 -18.40 -19.13 -19.61

Table 8.4 — Comparison of the final reconstruction results in NSNR as a function of the noise
level in dB between TV-AL3 and DC-AMP for different measurement rates « for the Camera-
man picture.
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Figure 8.7 — Comparison of the final reconstruction results in NSNR as a function of the noise
level in dB between TV-AL3 and DC-AMP for different measurement rates a for the Peppers
picture.
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a=0.05| «a=0.10 | «=0.20 ‘ =030 | «a=0.40 | «=0.50

ISNR =00 dB

TVAL3 Optimal -21.45 -24.22 -26.32 -27.59 -28.65 -29.68

DC-AMP Optimal -21.25 -23.74 -26.24 -27.55 -28.65 -29.84
ISNR =40 dB

TVAL3 Optimal -21.48 -24.21 -26.34 -27.56 -28.61 -29.65

DC-AMP Optimal -21.23 -23.73 -26.22 -27.52 -28.61 -29.79
ISNR =30dB

TVAL3 Optimal -21.43 -24.08 -26.12 -27.38 -28.34 -29.26

DC-AMP Optimal -21.20 -23.76 -26.07 -27.30 -28.29 -29.34
ISNR =25 dB

TVAL3 Optimal -21.35 -23.92 -25.74 -26.99 -27.82 -28.56

DC-AMP Optimal -21.07 -23.81 -25.76 -26.90 -27.79 -28.64
ISNR =20 dB

TVAL3 Optimal -21.14 -23.37 -25.06 -26.10 -26.90 -27.42

DC-AMP Optimal -20.79 -22.94 -25.05 -26.05 -26.80 -27.44
ISNR=15dB

TVAL3 Optimal -20.42 -22.30 -23.81 -24.70 -25.36 -25.86

DC-AMP Optimal -20.09 -21.93 -23.79 -24.66 -25.30 -25.88
ISNR=10dB

TVAL3 Optimal -18.56 -20.59 -22.01 -22.89 -23.51 -23.96

DC-AMP Optimal -18.32 -20.48 -22.11 -22.92 -23.46 -23.95
ISNR=5dB

TVAL3 Optimal -16.61 -18.37 -19.80 -20.84 -21.33 -21.74

DC-AMP Optimal -17.02 -18.74 -20.43 -21.17 -21.65 -21.94
ISNR=0dB

TVAL3 Optimal -14.11 -15.86 -16.19 -18.32 -18.94 -19.61

DC-AMP Optimal -14.29 -16.55 -18.35 -19.18 -19.84 -20.35

Table 8.5 — Comparison of the final reconstruction results in NSNR as a function of the noise
level in dB between TV-AL3 and DC-AMP for different measurement rates «a for the Peppers
picture.
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Figure 8.8 — Image taken from [141]. The experimental setup for compressive measurements of
the fluorescent beads. A random selection of 2-d binary {0, 1} (illumination or not) Hadamard
patterns generated by a laser beam and a digital micromirror device DMD are successively pro-
jected onto the sample of interest. For each pattern, the beads that are illuminated are excited.
These then emit light by fluorescence. Each measure (one per Hadamard bi-dimensional
pattern) corresponds to perform the sum of all the resulting photons by converging all this
emitted light on a single point, which intensity is measured by the objective that outputs a
single scalar value y, proportional to the number of photons received.

8.2 Image reconstruction in compressive fluorescence microscopy

We now present an application of approximate message-passing inference to image recon-
struction in fluoresence microscopy. The present work is part of an ongoing collaboration
with Vincent Studer, Makhlad Chahid and Maxime Dahan who performed the experimental
part of [141]. All the data analysed in sec. 8.2.7 has been generated by them.

8.2.1 Introduction

For the next, we call a measure (or measurement) the process of measuring the overall light
intensity emitted by the beads after the excitation by one single 2-d Hadamard pattern thanks
to the setup Fig. 8.8, and an acquisition the full process of getting M different measures: one
can try to reconstruct the image of the beads from one vector of M measurements y obtained
thanks to one acquisition.

In the present problem, the aim is to locate fluorescent point-like beads on a plane (thus the
signal is directly sparse in the pixel domain) thanks to compressive measurements i.e. from
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M < N measurements, where N is the number of pixels of the image to reconstruct.

Fluorescence microscopy has a great potential, especially in biological applications. Unfor-
tunatly measurements may be costly in time making a single acquisition very long and thus
compressed sensing is highly relevant here. As the image of the beads is sparse as seen from
Fig. 8.10, compressed sensing theoretically allows to reconstruct it from far fewer measure-
ments than usual methods and thus to drastically speed up the acquisition. If acquisitions
were fast enough thanks to compressed sensing, one could think of observing the dynamical
behavior of small objects such as proteins and cells. This would require that their typical evo-
lution time scale would be smaller than the acquisition time. Indeed, in order to reconstruct
an image from an acquisition, it is essential that the measured system does not evolve from
one measurement to the next or they would be incoherent and reconstruction impossible.

For example, even at very low temperatures (not even speaking of biologically relevant tem-
peratures), a protein tertiary structure may evolve due to the thermal noise, and if one aim at
oberving it in a particular configuration, fast acquisitions processes are essential or it will have
time enough to relax to a new configuration during the acquisition.

Compressed sensing could also allow to increase the spatial resolution of the images from a
computational point of view. As the number of pixels N fixes the maximum spatial resolu-
tion for the location of the beads and the classical sensing procedures require a number of
measures that scale with N, an increase in resolution cost many more measures whereas with
compressed sensing, only O(p N) measurements are required, and thus the resolution for very
sparse images with p <« 1 can be improved at low cost.

8.2.2 Experimental setup and algorithmic setting

The signal processing problem treated in this chapter is the reconstruction of fluorescent
beads randomly placed on a plane. The experimental setup of Fig. 8.8 is used for obtaining
the compressive measurements of the beads: a random selection of M 2-d binary {0, 1} (il-
luminated or not) Hadamard patterns successively generated by a laser beam and a digital
micromirror device are projected onto the plane where the beads are. For each pattern, the
beads that are illuminated absorbe this light and then emit it back by fluorescence. The sum
of all the resulting photons is performed by converging all this emitted light on a single point
measured by an accurate intensity detector that output a scalar y, for each measurement,
pefl,...,M}. We refer to [141] for a detailed description of the experimental setup. A random
2-d Hadamard pattern is represented at the center of Fig. 8.9 and its projection on a biological
sample is on the right part.

In the present setting, we assume that the linear model describing this experimental setup
is given by (3.18). Indeed the 2-d Hadamard transform H,, of a matrix x of size v'N x v/N is
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Figure 8.9 — Image taken from [141]. The left part is a biological sample, the center one
is a typical randomly selected 2-d Hadamard pattern (or mode) used for the compressive
measurements of the fluorescent beads and the right one is the same pattern projected onto
the biological sample: the lighter points are the ones that are excited.

defined in function of the Hadamard matrix H as:

VN,VN
Hpq(X);j = (HHX)T),; = kZ Hix HjuXuk (8.22)
U
This operator can be easily written as a single matrix by rasterizing each 2-d mode made of
V/N lines of size V'N (see Fig. 8.9) into one line of size N of F. Doing this for all the M modes
and considering the properly rasterized signal vector x which is now of size N, we get back the
system (3.18).

But for the algorithm implementation, we want to use the fast Hadamard transform and thus
the form (8.22) of the operator H,,; instead of its matrix representation as we are working with
large data sets. Thus the operator H,,(x) which outputs the same vector as the direct matrix
product Fx (which thus can be directly used in Fig. 5.5 without having to change anything)
but that is constructed using the fast Hadamard transform is implemented by the following
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pseudo-code:

H,;|input: x of size N, sets of 1-d Hadamard modes indices (I, I»)

1) "Derasterize" x to make it of size VN x VN
2) Apply the 2-d fast Hadamard transform: p=FT(FT(x)7)
3) Rasterize p to make it of size N

4) Rescale the result to take into account the {0, 1} nature of the measurement

1 N
operator while the FT operatoris {-1,1}: z= 3 (p + Z xi)
i

M
5) Select the proper M firsts modes : u = [z(\/ﬁ(ll(i) -1+ Ig(i))] ;

output : u of size M (8.23)

where FT is the usual fast Hadamard transform. The required backward operator construction
is related to what has been presented in sec. 7.1.3 and is implemented here as:

H2T d input: y of size M, sets of 1-d Hadamard mode indices (I3, 12))

M
1) Create a vector with the M firsts 1-d mode indices : v = [\/ﬁ(h M-+ L.
]

2) Define f of size N such that: f,, =y; Vie{l,...,M}, fy=0Vk¢gv
3) Derasterize f to make it of size VN x VN

4) Apply the 2-d fast Hadamard transform : p= FT(FT(HT)

5) Rasterize p to make it of size N

6)Rescale the result to take into account the {0, 1} nature of the measurement
1 M
operator while the FT operator is {—1,1} : u= LA Y Vu
U
output: u of size N (8.24)

The modes-indices sets (I3, I») are selected by the experimentalists and define the scrambled
sub-sampled 2-d Hadamard transform used for acquisition (they contain respectively the M
{i} and {j} indices selected when using (8.22), with i, j € {1,..., VN}). 8192 modes were selected
for the data used in sec. 8.2.7. Only a sub-set of them can be selected for the reconstruction
tests, changing M in the previous operators. The fast implementation of the homogeneous
approximate message-passing algorithm Fig. 5.5 (with L= N, L. = L, = 1, B = 1) is thus defined
replacing the forward operator O, (5.117) by the fast operator H,; and the backward one O;
(5.119) by HzT a The two others operators (5.116), (5.118) are also defined repectively by H,4
and H2T 4 @s 0 or 1 are invariant by the square operation. Let us now discuss a proposal for the
denoisers that appear to have very good performances in the present problem.
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8.2.3 A proposal of denoisers for the reconstruction of point-like objects mea-
sured by compressive fluorescence microscopy

In order to perform inference of the beads locations thanks to the approximate message-
passing algorithm Fig. 4.6, we propose here an exponential prior with approximate Gaussian
sparsity for designing the denoisers following the procedure given in sec. 4.3.6. The exponential
part approximates the discrete Poisson distribution associated with the number of informative
photons emitted by the actual beads. This law is typical of sources which light emission is due
to desexcitation processes, such as in fluorescence. The full prior that we assume factorizable
over the pixels is thus given by:

N N
Po(x16) = [ Po(xi10) = [ [ pAe™10x; > 0) + A (xi1m, 0?)| (8.25)

where 8 := [A,p, m, o?]. p is the density of pixels of the picture on which beads are standing and
I(x; > 0) enforces the pixels to have positive values. Of course this model is an approximation of
the true signal generating process, but it appears empirically to reach very good performances.
More complex prior models including correlations between pixels could be considered but
this cannot be done with AMP, at least in its canonical form Fig. 4.6 which requires that the
prior is factorizable over some subsets of signal components. Nevertheless, we will see in

sec. 8.2.6 how to include "a posteriori" some effective interaction between closeby pixels.

In the present context, we consider the measurement noise variance A — 0 as the background
photon noise is already included into the Gaussian part of the prior. We could think also of
using a strictly sparse prior replacing the Gaussian by a Dirac distribution and letting the
noise variance have a finite value instead, but it appears empirically that it gives worst results
than this approximate sparsity prior. This may come from the fact that the learning rules of
the Gaussian parameters (m, o2) are different that of the noise variance A and there are two
instead of one. This remark is actually quite general, and we observed empirically in many
situations that approximate sparsity without measurement noise gets better results than a
sparse prior with noise.

8.2.4 Optimal Bayesian decision for the beads locations

A great advantage of the Bayesian framework with respect to convex optimization procedures
is that it allows to directly estimate the probability that a pixel supports a bead or not, i.e. if
this pixel is informative or belongs to the background noise. The posterior "noise" probability
P(x; € &) for a pixel x; to be pure noise (denoted by ./ in reference to the Gaussian part for
the noise in the prior) is proportional to the prior probability of belonging to the background
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noise re-weighted by the AMP Gaussian field:

P(x;€ N10,53,R;) = fdxm/ (xilm,0%) N (xi|R;, 25) (8.26)

(2%, Ri16)

222, Ri18) = [ daioh (xi1Ri, 2%) Polil6) 8.27)
where Z(Z?, R;10) is the posterior partition function of pixel i, Py is given by (8.25) and (Zf, R;})
are the usual moments controlling the Gaussian AMP field summarizing the likelihood con-

straints on x;. The (Z?, R;) values are iteratively computed by AMP Fig. 4.6. This expression is
analytical and using (8.25), (8.26) it becomes:

-1
, n(Z2+0?) 2As2-2R)+ ”;;Rif AZ2—R;
P(x;ie /10,25,R) = |1+ pA\| ————e 22749 erfe | ——n— (8.28)
2 e

After convergence of the algorithm, in order to obtain the final estimate X; for each pixel,

we thus cancel all the final AMP posterior pixels estimates a; which final posterior noise
probability is more than 0.5. Doing this we keep only the supposed informative pixels from
the AMP point of view:

%i=al 1(P(x; e A10',(ZH% R) <0.5) (8.29)

where ? is the final time step. This kind of decisions cannot be taken with ¢;-minimization
based solvers as they are not probabilistic algorithms, and arbitrary thresholding functions
mustbe applied at the end or the results are very poor in this kind of highly noisy problems.
In the experiments of sec. 8.2.7, the thresholding function applied to the ¢;-minimization
based solvers final estimates is such that we keep only the pixels that have an amplitude
approximately 4 times higher than the mean of the recovered overall picture, we cancel
the other ones. This value of 4 has been selected empirically to obtain the best possible
match between the reconstructed and original pictures in the high measurement rate regime
(M = 8192 measurements in the results of sec. 8.2.7). Despite being probably suboptimal for
other measurement rates, this thresholding function appears to output results close to the best
ones at any rate, i.e. that are obtained when the optimization of this thresholding function is
performed for every measurement rate and ¢;-minimization solver independently.

8.2.5 Thelearning equations

In order to find the optimal values of the free parameters of the prior (8.25), we use the expec-
tation maximization strategy discussed in sec. 4.3.8. In the present case, all the quantities can
be simply obtained directly from the posterior estimates and noise probability. Appropriate
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recursions that are very stable numerically and have simple interpretations are given by:

N

1
pt*l = NZ[I(P(xi eN10",(ZH% RN <0.5) (8.30)
l
-1
t+1 1 laélf“p'l t 1
A0+ = a =— (8.31)
|a§upp | i LSUPP- < agupp. >
1 laiwzsel
t+1 _ t At
m - |at | Z A noise =<,/ (8.32)
noise 4
where al,,,, = [a] : P(x; € A107,(2))% R}) < 0.5] are the posterior estimates of the estimated
support pixels of the beads at time 7, afwise = [af :P(x; € 0", (Zf)z,Rf) > 0.5)] are the pos-

terior estimates of the noise pixels (that are not in the support) at time ¢. The variance of the
Gaussian could be learned as well in the same way but it appears empirically that fixing its
value is more efficient. All these equalities are just coming from the very definitions of the
different quantities. For example, the parameter A in the exponential distribution must be
equal to the inverse of the mean of this distribution, and we naturally take only into account
the values of the pixels that are considered in the support as the exponential is here to model
the beads.

8.2.6 Improvement using small first neighbor mean field interactions between
pixels

It appears empirically that using a small first neighbor mean field interaction between pixels
improve the results and allows AMP to recover perfectly the beads locations at smaller mea-
surement rates. The trick is empirically done by adding to the moment R i‘“ controling the
AMP field felt by the pixel x; at time ¢ + 1 a perturbation eh!*! where ¢ is a small € 0(10™")
auxiliary parameter and & l?“ is the mean field that takes into account the (up to) 4 x;’s neigh-
bors states. It is defined as an extension of the so-called bilateral denoiser in statistical image
processing and is defined as:

Y jeaial w!, u(P(xj eN10",(Z0)2,RY < 0.5)

J ]
% jeoi W, u(P(xj e N10",(E)?% RY) < 0.5)

t+1 _
i =

(8.33)

where the weight given to the neighbor pixel x; of pixel x; is a Gaussian proportional to their
posterior estimates difference, i.e. it gives higher weight to similar pixels:

wfj = JV(aﬂa},ai,) (8.34)

This field thus weakly shifts the AMP field of the i'" pixel to higher values when its neighbors
are considered being part of the support: R/*! = R*! + ¢h!*1. This mean field thus mimics in
some sense the behavior of the algorithm discussed in sec. 8.1 but without changing the prior
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that remains fully factorizable over the pixels. It appears empirically that the improvement
thanks to this strategy is only very weakly dependent on the g2, parameter and we take a
uniform weight 02, — oo for the results presented in the next section.

8.2.7 Reconstruction results on experimental data

We now present some results which compare the reconstruction performances of AMP and
of two state-of-the-art ¢;-minimization based solvers (NESTA [52] and fast iterative hard
thresholding [80]) and where the Bayesian optimal and heuristic thresholding functions
discussed in sec. 8.2.4 are applied to the final reconstructions made with AMP and the ¢;-
minimization based solvers respectively. Furthermore, each reconstructed support pixel is
"highlighted" a posteriori by giving a positive value to its closest neighbors as well. The data
used here has been obtained by the authors of [141] using the experimental setup described
in Fig. 8.8.

A first remark is that independently of the algorithm used or the measurement rate «, there
are always artefacts appearing on the up-left corner (two beads are always missing in the
reconstruction) and for the positions of some beads as well. This must come from the ex-
perimental data set used here rather than the algorithms, as even at the higher rate a, there
remain these errors. So it is considered that these systematic errors are actually not errors for
the algorithmic reconstructions.

The results Fig. 8.10-Fig. 8.15 all show a clear advantage for AMP: its reconstruction and
location of the beads is perfect (up to these systematic data-dependent errors) until M =512
whereas comparably good results (yet not perfect, whereas the AMP results are) are obtained
with NESTA only for M = 4096 or with FastIHT at M = 8192. So the gain with AMP is substantial,
and the location is way more accurate. Furthermore, the speed of convergence of AMP is
always 2 to 10 times faster than the convex optimization solvers used here. For M < 512
approximatively, the AMP performances start to worsen continuously, and actual beads
disappear while new "fake" ones start to appear as seen on the last figure Fig. 8.15.

An important remark is that when the previously discussed "TV-like" AMP algorithm of sec. 8.1
have been tried on the data, it appeared that the reconstruction performances were not
comparable with the AMP implementation presented here. This is due to the point-like nature
of the beads: the gradient-minimizing prior of sec. 8.1.1 tends to smoothen too much the
background and makes totally disappear the beads for low measurement rates, whereas the
present specifically designed prior (8.25) does consider the precense of such ponctual objects.

8.2.8 Concluding remarks and open questions

We have studied how the AMP algorithm can be used for reconstruction of sparse images in
the pixel domain measured by fluoresence microscopy in the compressive regime. This study
is a proof-of-concept, which naturally extended the work of [141] where convex optimization
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is used for the reconstruction. A natural continuation is to try the algorithm on real biological
samples, where the beads are put inside membranes of cells for example as in [141]. Furthe-
more, in the data set used for the present results, the beads were strongly excited and thus
emitted a lot of photons. The question of wether the reconstruction by AMP is robust to a net
lowering of the beads emission intensity is of great interest as stronger excitations means a
longer exposition time of the sample to the light field, and thus an overall longer acquisition
time. Another natural idea would be to try spatial coupling combined with Hadamard patterns
as in chap. 7. But as the noise is high (typically a relative intensity of O(1072/10~3) with respect
to the beads intensity in the present experiments), it is probable that there is no first order
transition and thus that this strategy does not improve the performances as discussed in
chap. 6. Nevertheless, the results are very encouraging and AMP seems to be a good option in
this context.
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AMP M=8192

original

Fast IHT M=8192 NESTA M=8192

Figure 8.10 — Comparison of the reconstruction results of the 3 algorithms used here: AMP,
NESTA and Fast Iterative Hard Thresholding with the original picture. The number of mea-
surements is here M = 8192, a = 0.125.

original AMP M=4096

NESTA M=4096

Figure 8.11 — Same as Fig. 8.10 with M = 4096, @ = 0.0625.
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AMP M=2048

original

Fast IHT M=2048

NESTA M=2048

Figure 8.12 — Same as Fig. 8.10 with M =2048, a = 0.031.

original AMP M=1024

NESTA M=1024

Fast IHT M=1024

Figure 8.13 — Same as Fig. 8.10 with M = 1024, a = 0.016.
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AMP M=512

original

Fast IHT M=512 NESTA M=512

Figure 8.14 — Same as Fig. 8.10 with M =512, a = 0.0078. This «a is the limit of "perfect" beads
location using the AMP algorithm.

original AMP M=400

Fast IHT M=400 NESTA M=400

100

150

200

250

Figure 8.15 — Same as Fig. 8.10 with M = 400, a = 0.0061. We observe a continuous worsening
of the AMP results.

198



199






Approximate message-passing de-
coder and capacity-achieving sparse
superposition codes

We study the approximate message-passing decoder for sparse superposition coding over
the additive white Gaussian noise channel. While this coding scheme asymptotically reaches
the Shannon capacity, we show that the AMP iterative decoder is limited by the BP phase
transition, similar to what happens in low density parity check LDPC codes. We present and
study two solutions to this problem, that both allow to reach the Shannon capacity: i) anon
constant power allocation and i i) the use of spatially-coupled codes. We also present extensive
simulations that suggest that spatial coupling is more robust and allows for better correction
at finite code lengths. Finally, we show empirically that the use of a fast Hadamard-based
operator allows for an efficient reconstruction, both in terms of computational time and
memory allocation, and the ability to deal with very large signals.

9.1 Introduction

The error correction scheme called sparse superposition codes has originally been introduced
and studied in [142-144] by Barron and Joseph who proved the scheme to be capacity achieving
over the additive white Gaussian noise AWGN channel under maximum-a-posteriori M AP
decoding. In [142-144], an iterative decoder called adaptive successive decoder was presented,
which was later improved in [145, 146] by soft thresholding methods. The idea is to decode a
sparse vector with a special block structure over the AWGN channel, represented in Fig. 9.1.
With these decoders together with the use of power allocation, the scheme was proved to be
capacity achieving in a proper limit. However, finite blocklength performances were far from
ideal. In fact, it seemed that the asymptotic results could be reproduced at any reasonable
finite lengths.

We propose instead an approximate message-passing decoder for sparse superposition codes.
We will show that this decoder have much better performances. In fact it allows better decoding
than the iterative successive decoder at any reasonable finite length, and this even without
power allocation. We present two modifications of sparse superposition codes that allow
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AMP to be asymptotically capacity achieving as well, while retaining good finite block length
properties. The first one is the addition of power allocation to sparse superposition codes as
done for the iterative successive decoder, and the second one, which is specific to the message-
passing decoder, is the use of spatial coupling which appears to be even more promising.

We also present extensive numerical simulations and a study of a practical scheme with
Hadamard operators. The overall scheme is computationally efficient and allows to practically
reach near-to-capacity transmission rates with low error floors.

9.1.1 Related works

The phenomenology of these codes under AMP decoding, in particular the sharp BP phase
transition happening before the optimal threshold, has many similarities with what appears
in LDPC codes [147]. It is not a priori trivial because LDPC are codes over finite fields, the
sparse superposition codes scheme works in the continuous framework and LDPC codes
are decoded by loopy belief propagation whereas sparse superposition codes are decoded
by AMP, a Gaussian approximation of loopy BB, see sec. 4.3.3. However, they arise due to a
deep connection to compressed sensing where these phenomena (phase transition, spatial
coupling, ...) are well known [34, 35,110, 119] as discussed in sec. 5.1.1, and we shall make use
of this connection extensively.

As we will see, the AMP algorithm is naturally applied to sparse superposition codes as this
scheme can be interpreted as a compressed sensing problem with structured sparsity. This
scheme is actually the first example of error correction of a signal that is directly mapped to
a compressed sensing problem. In the chap. 10, the approach is different as it is the noise
that is reconstructed. The state evolution technique [104] is unfortunatly not rigorous for the
present AMP approach because of the structured sparsity of the signal, but in spite of that, we
conjecture that it is exact.

Note that reconstruction of structured signals is a new trend in compressed sensing theory
that aims at going beyond simple sparsity by introducing more complex structures in the
vector that is to be reconstructed. Other examples include group sparsity or tree structure in
the wavelet coefficients in image reconstruction [28].

A recent work of Rush, Greig and Venkataramanan [148] also studied AMP decoding in super-
position codes combined with power allocation. Using the same technics as in [104], they
proove rigorously that sparse superposition codes under AMP deconding is capacity-achieving
if a proper power allocation is used. This strengthen the claim that AMP is the tool of choice in
the present problem. We will see, however, that spatial coupling leads to even better decoding
results at finite size.
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9.1.2 Main contributions of the present study
The main original results of the present study are listed below.

» A detailed derivation of the AMP decoder for sparse superposition codes for a generic power
allocation. The derivation is self-contained and starts all the way from the canonical loopy BP
equations, see sec. 4.3.3.

 An analysis of the performance of the AMP decoder from the state evolution recursions. It
is done in full generality with and without power allocation, and with and without spatial
coupling. It is shown in particular that AMBP, for simple sparse superposition codes, suffers
from a phenomenon similar to those of BP with LDPC codes: there exist a sharp BP transition
different from the optimum one of the code itself beyond which the decoder performance
suddenly drops.

» An analysis of the optimum performance of sparse superposition codes using the non-
rigorous replica method. This leads in particular to a single-letter formulation of the MMSE
estimate which we conjecture to be exact. The connection and consistency with the results
coming from the state evolution approach is also underlined, see sec. 5.4.

« The large section limit for the behavior of AMP is studied, and we compute its limit rate, the
asymptotic BP threshold R, < C where C is the Shannon capacity of the channel. Studying
as well the optimal threshold in this limit, we reconfirm using the replica method that these
codes are Shannon capacity achieving.

» We also show that, with a proper power allocation, the BP threshold that was blocking the
AMP decoder disappears so that AMP becomes asymptotically capacity achieving over the
AWGN in the large section limit.

« Building on the connection with compressed sensing [34, 35, 110] we also show that the use
of spatial coupling [109] for sparse superposition codes is an alternative way to obtain capacity
achieving performances with AMP.

» We present an extensive numerical study at finite blocklength, showing that despite improve-
ments of the scheme thanks to power allocation, a properly designed spatially-coupled coding
matrix seems to allow better performances and robustness to noise for decoding over finite
size signals.

» Furthermore we discuss a more practical scheme where the random coding operators are
replaced by fast ones based on an Hadamard construction, see chap. 7. We show that this
allows a close to linear time algorithm able to deal with very large signals, yet performing very
well at large rate for finite signals. We study the efficiency of these operators combined with
sparse superposition codes with or without spatial coupling.

Finally, we note that this work differs from the mainstream of existing literature. While a
large part of the existing coding theory literature provides theorems, part of this work, that
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noisy output decoding .

y=g+&[|2F,y [ *

€PT —

Figure 9.1 — Sending information through the AWGN channel with superposition codes: the
message X, created such that it has only a single non zero element in each of its L sections,
is first coded by a linear transform, y = Fx. The resulting codeword is then sent through the
AWGN channel that adds an i.i.d Gaussian noise & with zero mean and a given variance A to
each components. The receptor gets the corrupted codeword y and must estimate X as close
as possible from x from the knowledge of F and y. Perfect decoding happens if X = x.

using the replica method, is based on statistical physics methods that are conjectured to give
exact results. While many results obtained with these methods on a variety of problems have
indeed been proven later on, a general proof that these methods are rigorous is not known
yet. Note, however, that the state evolution technique has been turned into a rigorous tool
under control in many similar cases [104, 149]. The present approach does not verify the
assumptions required for the proofs to be valid because of the structured sparsity of the signal,
but nevertheless we conjecture that the analysis remains exact. We thus expect that both the
replica and state evolution analyzes are exact and believe it is only a matter of time before they
are fully proven.

9.2 Sparse superposition codes

Suppose you want to send a generic message s made of L symbols through an AWGN channel,
where each symbol belongs to an alphabet composed of B letters : s :=[s;: s; € {1, ..., B}]ZL:I-
Starting from a standard binary representation of s, it is of course trivial to encode it in this
form.

An alternative and highly sparse representation is given by the sparse superposition codes
scheme: the representation x of this message s is made of L sections of size B, where only a
uniquevalue is # 0 in each section at the location corresponding to the original symbol. We
will consider each non zero value to be positive as it can be interpreted as an input energy
in the channel. Thus if the i’ component of the original message s is the k' symbol of the
alphabet, the i‘" section of x contains only zeros, except at the position k where there is a
positive value (which amplitude depends on the power allocation).

As an example, in the simplest setting where the power allocationis c; =1V [ €{1,..., L} (where
c; is the positive constant appearing in the I/ section), if s = [a, ¢, b, ¢], where the alphabet has
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only three symbols {a, b, c}, then its sparse representation x is made of four sections which are
x = [[100],[001], [010], [001]]. The I*" section of x will be denoted x; := [x;];c; where [ is both
the set of indices corresponding to the 1-d components of x in the I section or the index of
the section depending on the context.

In sparse superposition codes, x is then encoded through a linear transform by application of
an operator F of dimension M x N to obtain a codeword ¥ of dimension M, y = Fx which is
then sent through the Gaussian noisy channel and the receiver gets a corrupted version of it.
This is summarized in Fig. 9.1.

The dimension of the coding operator F is linked to the section size B and the coding (or trans-
mission) rate in bits per-channel use R. Defining K := log, (B') as the number of informative
bits carried by the signal x made of L sections of size B (i.e. its entropy (3.34) considering that
all the messages are equiprobable, see sec. 3.5), we have:

R:=K/M 9.1

= Llog,(B)/(aN) 9.2)
=log,(B)/(Ba) 9.3)

< a:=M/N =log,(B)/(RB) 9.4)

In what follows, we will concentrate on i.i.d Gaussian F elements with 0 mean and variance vg
in order to be able to obtain analytical results. We always fix to 1 the total power sent through
the channel P := ||y |§ =< ¥? >= 1 by a proper rescaling of the variance of the elements of F.
The only relevant parameter is thus the signal-to-noise ratio:

snr:=P/A=1/A (9.5)

where A is the variance of the Gaussian noise of the AGWN channel. It allows to define the
Shannon capacity C =log, (1 + snr)/2 of the channel (3.91), see sec. 3.7.1 for its derivation.

The transmitted codeword ¥y is corrupted through the model (3.18) by the AWGN channel.
Let us now turn our attention to the decoding task. It is essentially a sparse linear estimation
problem where we know y and need to estimate a sparse solution of y = Fx + &. However the
problem is different from the canonical compressed sensing problem [32] in that the elements
of x are strongly correlated by the constraint that only a single element in each section is
non-zero, see Fig. 9.2. We thus prefer to think about the problem as a multidimensional one:
each section /€ {1,2,...,L} made of B 1-d variables in x is interpreted as a single B-d variable
for which we have a strong prior information: it is zero in all dimensions but one where there
is a fixed positive known value. Given its length, we thus know the vector must point in only
one direction of the hypercube of dimension B. In this new setting, instead of dealing with a
N-d vector x with elements {xi}ﬁv , we deal with a L-d vector x which elements {xl}lL are B-d
sections.

In this framework, the decoding problem becomes exactly of the kind considered in the
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A
1 B components

L sections

Noisy output Y Coding operator F Sparse signal X Noise
M scalars random or Hadamard N scalars M scalars
M x N matrix of scalars L non-zero

B-dim vectors

L components

Noisy output Y Coding operator F Signal X Noise
M scalars random or Hadamard L B-dim vectors M scalars
M x L matrix of B-dim vectors

Figure 9.2 — Up : Representation of the estimation problem associated to the decoding of the
sparse signal over the AWGN channel. All 1-d variables in the same section x; = [x;];¢; are
strongly correlated due to the hard constraint that only one of them can be positive (or 1 in
this example). Down : Reinterpreting the same problem in terms of B-d variables. Now, the
matrix elements of the previous figure are concatenated to form B-d vectors {F; := [Fyil e}
that are applied (using the usual scalar product for vectors) on the associated B-d vectors
representing the new components of the signal, the sections. In this new setting, all the
sections are uncorrelated.

Bayesian approach to compressed sensing, see sec. 3.6.1 and for example [2, 34, 35,89,117].
We can thus directly apply these techniques to the present problem. From now on, we always
consider that the true snr is accessible to the channel user, and thus can be used in the
algorithm.

We will be interested in two error estimators, the MSE E and the section error rate SER. They
are defined respectively as the M SE of the 1-d variables and the fraction of wrongly decoded
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likelihood
P(y,|F,x) x e B (W= Flpxi)?

L (x, )

prior
Pi(x)=13"'iel:2; #0,2;, = )
«only one non zero component,
that has the proper value »

Figure 9.3 — Factor graph associated to the sparse superposition codes. It is a bipartite graph
where the variable estimates {xl}lL are represented by circles, the constraints (or factors) by
squares. The variables are constrained by the M likelihood factors that enforce the system
y = Fx to be fulfilled up to Gaussian fluctuations due to the Gaussian noise of the AWGN
channel. The prior constraints enforce each section to have only one non-zero component,
that must be the value fixed by the power allocation. In the homogeneous operator case, the
variables are connected to all the likelihood factors and vice versa and in the spatially-coupled
case, only to a finite fraction that depends on the spatial coupling ensemble, see Fig. 5.4. The
factor-to-node 71 (x;) and node-to-factor my,(x;) cavity messages are represented. They
should stand on the same edge as they depend on the same variable but we put them on
distinct edges for readibility purpose.

sections:
1N 5
E:= N;(xi - %) (9.6)
1 L
SER:= ZZu(xl #X)) 9.7)
I

where [ (A) is the indicator function of the event A which is one if A happens to be true, zero
elseand X:= [ﬁl]lL = [fc,-]f.v is the final estimate of the signal by the decoder.
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9.3 Approximate message-passing decoder for superposition codes

The only problem-dependent objects in the AMP Fig. 5.5 are the denoising functions {fy,, fc,}.
Let us derive them for any power allocation {c; > O}f. Here, the prior that matches the signal
distribution by enforcing the constraint of having only one known value c; > 0 per section is:

B B-1
Y sxi—c) [] 6(xp (9.8)
i€l jel:j#i

1 1
Py =

The denoisers which generic expressions are given by (4.115) and (4.116) are easily derived.
We obtain the posterior average a; and variance vl.[ of x; at step t of the algorithm:

exp ( cy; (cy —2Rf)
ta_ £\2 oty I ISHE )
a; = fa, ((Zli) ’Rli) =€ B ¢, (c;,—2RY) ©.9)
i\ j
Y, €XP (_ 2(27)? )
v = fo(Z])%R)) = al(c;, - a)) (9.10)

where 2, R;, are the AMP fields of the section /; to which the i’ 1-d component of the signal
belongs to. Combined with Fig. 5.5, we thus get the full AMP algorithm for sparse superposition
codes with associated graphical model given by Fig. 9.3.

9.3.1 The fast Hadamard-based coding operator

In the present study, we use spatially-coupled operators constructed as in Fig. 7.1. Fig. 9.4
shows that when the signal sparsity increases, i.e. when the section size B increases, using
Hadamard-based operators becomes quickly equivalent to using random i.i.d Gaussian ones
in terms of performances (as observed in chap. 7). For the figure, we have fixed the snr = 100
and then plotted the distance in dB to the BP threshold Rpp(snr = 100, B) at which the decoder
starts to decode perfectly with Hadamard-based or random i.i.d Gaussian operators. We
remind that Rpp is defined as the highest rate until which AMP decoding is optimal without
the need of non constant power allocation or spatial coupling. It appears that at low section
size, it is advantageous to use random operators but as B increases, structured operators
quickly match their performances. The BP threshold is predicted by the state evolution
analysis presented in Sec. 9.4.
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T T T T T

-©-Hadamard L=22

2.5 -©-Random L=2% -

T

dist to RBP in dB
(@) ]

1L i
0.5+ |
G\e\a
0 1 4 © S =
2 4 8 16 32 64 128

section size B

Figure 9.4 — Comparison between the distance in dB to the asymptotic BP threshold Rgp(snr =
100, B) at which the AMP decoder with homogeneous Hadamard-based coding operators
(blue) or random i.i.d Gaussian ones (red) starts to reach an SER < 107>, which essentially
means perfect decoding for most of the instances. This is done for a fixed number of sections
L =28 and snr = 100. Each point have been averaged over 100 random instances. The BP
threshold Rpp(snr = 100, B) is obtained by state evolution analysis for each B. Decoding
with Hadamard-based operators works poorly when the signal density increases (i.e. when B
decreases), but matches quickly the random matrix performances as it decreases. Decoding
with random Gaussian i.i.d matrices has a performance that is close to constant as a function
of B at fixed L as it should (the relevant signal size is L).

9.4 State evolution analysis for random i.i.d homogeneous opera-
tors with constant power allocation

As usual, for the state evolution analysis we consider the case of an i.i.d Gausian matrix F,
such that the recursions obtained in sec. 5.3 are valid. Here we consider the matrix to be
homogeneous and a constant power allocation. We will use the state evolution to predict the
results with the Hadamard operator as well, as we have shown in chap. 7 that the analysis
derived in the random i.i.d case is a good predictive tool of the behavior of the AMP decoder
with structured operators, despite not perfect nor rigorous.
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Figure 9.5 - Up : The state evolution prediction (solid lines) of the SER’ compared to the actual
one of the algorithm on single instances for snr = 15, different rates and a section size B =4 (to
be compared to the BP threshold at Rgp(snr =15, B =4) = 1.55). The matrix is i.i.d Gaussian
and we consider a constant power allocation {¢; = l}lL. The state evolution is computed by
monte carlo with a sample size of 107 and the signal size for AMP is L = 2!3. Down : The same
as the upper plot with snr = 15, different rates R (one above and one below Rgp) but with a
larger section size B = 64. The BP threshold is here Rgp(snr = 15, B = 64) = 1.47. We consider
different signal sizes L and homogeneous Hadamard-based or purely random i.i.d Gaussian
operators. The state evolution is computed by monte carlo with a sample size of 10° as B is
larger and thus the monte carlo computation requires more time. The finite size curves stop
without reaching a noise floor because the recovery is actually perfect and the final SER =0
which is due to the finite size effects. The same happens for the theoretical curves that reach
0 due to finite numerical precision. We observe that when the signal size L is big (and thus
that we must use the Hadamard operator), the algorithm behavior follows the theoretical
predictions closely.
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Figure 9.6 — The state evolution prediction of the section error rate SER? (black curves),
compared to the actual one of the AMP decoder for snr = 7/100, a section size B = 64, different
rates R (one above and one below the BP threshold Rgp(snr = 7,B = 64) = 1.275, Rgp(snr =
100, B = 64) = 1.625), different signal sizes L in the homogeneous Hadamard-based or purely
random i.i.d Gaussian operator case with constant power allocation {c; = l}lL. The state
evolution is computed by monte carlo with a sample size of 10°.

We define /1 (E") := 2*1(E")/log(B) as this expression will be more convenient. X1 (E?)
is given by (5.74) where we use (9.4) to express a in function of the rate. Starting from (5.73),
using (5.75) and the prior (9.8) for sparse superposition codes, we get:

Bl = % f D2 ([fayy €12, 2) — 112 + (B - 1) fu,, (B2, 2%) (9.11)
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where we define:

> _logmy Bzl ViogB)(z-2;) -
fo,G22):=|1+e = ) e = (9.12)
1<j<B:j#i
<2 log®) | VIoBB(z;72) B-2 VIog(B) (2 —2)) -
fa;;, &% 2):= |1+e T+ ) e = (9.13)
1<ks=B:k#i,j

Under the constant power allocation assumption, the quantity fg,; (f;,) can be interpreted
as the asymptotic AMP posterior probability estimate of the i’ component (j component)
to be the 1 given that it is indeed the 1 in the signal (given that it is actually the i’ component
that is the 1 in the signal). In this approach, there is a one to one correspondance from the
value of the M SE to the SER thanks to the mapping:

SER'™! :f@zu(aje 2,000 BY: fa;, (E7H%,2) > fo, (B2, 2) 9.14)

From this equation, we can exactly predict the asymptotic L — co evolution in time of the
algorithm, such as in Fig. 9.5 and Fig. 9.6. The state evolution on these plots represent the
iteration of (9.14), (combined with (9.11), (5.74)) for different experimental settings (snr, R, B)
using homogeneous Hadamard-based or random i.i.d Gaussian matrices. (9.14) and (9.11)
are computed at each time step by monte carlo technique. We observe that for the snr =
15/100, B = 64 cases, the experimental and theoretical curves stop at some iteration without
reaching a noise floor. For the experimental curves, this is due to the fact that in order to
observe an SER € O(e), there must be at least L = 1/€ sections which is not the case for signals
of reasonnable sizes, when the asymptotic SER is very small. This finite size effect is actually
in favor of the reconstruction performances. In fact, when the rate is below the BP threshold,
the decoding is usually perfect and is found to reach with high probability SER = 0. The black
asymptotic curves should anyway reach a finite error floor but they do not because it is so
low that the sample size used in the monte carlo computation sould be way too large to deal
with by the same argument. But on Fig. 9.5, for smaller B = 4 the error floor is higher than for
B =64 and thus we can see it numerically.

Another observation, natural from the definition of the state evolution as an asymptotic
analysis, is that the theoretical and experimental results match better for larger signals. At
rate R > Rpp (green or black experimental curves and associated theoretical ones), we see that
the AMP decoder does not reconstruct the signal and converges to an high SER solution well
predicted by the state evolution. On the contrary, below the threshold, the reconstruction
works fine up to an error floor dependent on the parameters (B, snr, R). We also observe as in
chap. 7 that the state evolution predicts well the final performances of AMP with Hadamard-
based operators.
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9.5 State evolution analysis for spatially-coupled i.i.d operators or
with power allocation

Thanks to the spatial-coupling we can asymptotically reach the optimal rate. The total rate is
a function of the rate of the blocks. From (5.114) combined with (9.4) we deduce it:
LcRrest Rseed

R= — R <R snr, B 9.15
(L — D Ropog + Roosy LeLy—co rest opt!( ) ( )

where R;.;; can be asymptotically as large as the Bayes optimal rate R, (snr, B) defined as
the highest rate until which the superposition codes scheme allows to decode, see sec. 5.1.1.
Let us now derive the state evolution recursions in the spatially-coupled operator case. As in
the homogeneous case, defining the rescaled 2" := X+, /log(B), from (5.174), (5.175) and
(5.176), we obtain the following state evolution for the M SE E, inside the block ¢ in the L — co
limit:

EM = % f D2 ([ far, (ELN2,2) = 117 + (B - 1) fo,, (EETH2,2)%) (9.16)
L, a ] -1/2
SEH((EL ) =\ /log(B) | B rre 9.17)
[12612) 8 Zr'Lc/snr+Bfo Jre EL

where the f, functions (9.12), (9.13) are defined in the previous section and where the mapping
to the SER!*! per block is given by:

SER!*! :f@zn(aje{2,...,3}:fam((igﬂ)z,z) > fa (EE2,2)) Y cefl,..., L} (9.18)

Thanks to this analysis, we can now predict the asymptotic SER per block in the signal estimate
by the AMP decoder. Fig. 9.7 shows a comparison of the SER per block {SERE}%C predicted by
state evolution (black curves) with the actual SER per block of the superposition codes with
the AMP decoder combined with an Hadamard-based spatially-coupled operator on a single
instance. The discrepancies between the theoretical and experimental curves come from
the fact that state evolution is derived for random i.i.d Gaussian matrices, but the final error
using these Hadamard operators is the same as predicted by state evolution as observed in the
snr = 7 case. In the high snr regime, the curves stop for the same reasons as the Fig. 9.6 of the
previous section and it means that the decoding was perfect. As noted in chap. 7, structured
operators converge faster to the predicted final error than purely i.i.d matrices as predicted by
the state evolution.

9.5.1 State evolution for power allocated signals

We now observe that we can trivially obtain the state evolution for any power allocation of the
signal encoded with a random i.i.d Gaussian matrix from the previous analysis, thanks to the
transformation of Fig. 9.8: starting from an homogeneous matrix and a given power allocated
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Figure 9.7 - The state evolution prediction of the section error rate {SER 5}%024 for each of the
four induced block of the signal (see Fig. 7.1) as a function of time (black curves), compared
to the actual error of the algorithm for snr = 7/100, different rates R, a section size B =
32, different signal size L values with a spatially-coupled Hadamard-based operator. The
operator is drawn from the ensemble (L. =4,L, =5, w =2,v/J = 0.6, R, Bseed = 1.5). The power
allocation is constant. The state evolution is computed by monte carlo with a sample size of
10°. The finite size curves at high snr stop without reaching a noise floor because the recovery
is actually perfect due to the finite size effects, the same happens for the theoretical curves due
to finite numerical precision. In the low snr = 7 case, the error floor (different in each block) is
well predicted by state evolution.
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LB LB/G LB/G LB/G

1|LB/G
M 1 ~—| a b* | ¢ /

C 1

Figure 9.8 — The figure shows how to convert a system with any power allocated signal encoded
through an homogeneous operator with elements of variance 1/L into an equivalent system
with constant power allocation encoded by a structured operator. The values on the matrix
represent the variance of the elements of the matrix (we drop here the rescaling by 1/L), the
values on the signal represent the non zero values of the sections that belong to a given group:
here the signal is decomposed into G = 3 groups, and all the sections inside the first group
have a non zero value equal to a, and so on. The transformation is done by structuring the
operator into block-columns, with as many blocks as different values in the power allocation,
or groups: if a column of the original matrix acts on a component of a section where the non
zero value is u, then this column variance is multiplied by #? in the new structured operator
(such that the elements of this column are multiplied by u). The different sizes of the matrix
blocks and signal groups are represented.

signal, we convert the system into a structured matrix with a constant power allocated signal.

Suppose the signal is decomposed into G groups, where inside the group g, the power alloca-
tion is the same for all the sections belonging to this group and equals ¢g. Now one must create
a structured operator starting from the original homogeneous one, decomposing it into blocks
with LB/G columns and multiply all the elements of the block-column g by ¢g, as shown in
Fig. 9.8. The system with this new operator acting on a constant power allocated signal is
totally equivalent to the original system and we have the state evolution of this new system
from the previous analysis. Using (9.17) in the present setting, one has to be careful with the
value of a, defined as the number of lines over the number of columns of the block-line r
(which is unique). Here there is a unique value that equals M/(NN/G) = Ga where « is defined
as the original measurement rate (9.4). Given that, L. = G we finally obtain:

1 } -
By = & [ @a( i (B2 - 1P 4 (B 1) f (G512 619
w2 -1/2
il’+1 Et/ G/ — 1 B B 8 920
g ({ g}g) v 0g(B) 1/snr+B/GZSG,,C§,,Et, -

The square cé appears because multiplying the matrix elements by ¢ multiply their variance
by its square.
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T —atthe optimal threshold snr=30, R=1.775

0.3 —at the optimal threshold snr=65, R=2.355
—at the optimal threshold snr=100, R=2.68
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Figure 9.9 — The Bethe free entropy (or potential) ®(SER) for B = 2, different rates and snr.
The maxima of the curves correspond to the typical SER which are fixed points of the state
evolution equations (9.14) for a given set of parameters (R, B, snr). The global maximum is
the (exponentially) most probable SER solution, i.e. the equilibrium state refered also as
the optimal SER. The curves are obtained by numerical integration of (9.21). The optimal
threshold R, (B, snr) is defined as the rate where the high and low error maxima have same
height (i.e. same probability), see pink, blue and red curves. The BP threshold Rgp (B, snr) is
the rate at which the metastable state a high error that blocks the convergence of AMP appears,
see green curve. The plot illustrates how the gap at the optimal threshold between the two
maxima increases with the snr. snr = 100 : Here for rates larger than R > 2.68, the optimal SER
jumps from a low value to a large O(1) one (pink curve). This defines the maximum possible
rate (to compare here to C = 3.3291) below which acceptable performance can be obtained
with AMP combined with spatial coupling or non constant power allocation. For R < 2.68, the
SER is much lower (and decay with R). The AMP decoder Fig. 5.5 allows to perform an ascent
of this function. As long as the maximum is unique (i.e. for R < 1.955, see green curve), it will
be able to achieve the predicted optimal performance with no need of spatial coupling or non
constant power allocation in the large size limit, as in the case of the brown curve.

9.6 Replica analysis and phase diagram

Let us now compute the asymptotic L — oo free entropy by the replica method. This potential
of the SER is derived in the constant power allocation case. We are more interested in this case
as we will show later with Fig. 9.16 that anyway, the most efficient reconstruction scheme is
with constant power allocation combined with spatial coupling. Pluging the prior (9.8) in the
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general free entropy expression under the matching prior condition (5.48), we directly obtain:

log, (B)

Op(E) = -

1-BE
(10g(1/snr+ BE) + )

1/snr+ BE
log®) | VicgBz1 B logs) | iogB)z;
+ f Pzlog

e25(E)? () 4 Z e 25(B)? 2(E) 9.21)

i=2
where E is the MSE and £(E)? := log(B)X(E)? together with (5.49). Going from this expression
to ®p(SER) is possible thanks to (9.14) at the fixed point.

As discussed in sec. 5.1.1, the SER values associated with the maxima of this potential corre-
spond to fixed points of the state evolution equations (9.14). The information brought by this
analysis that is not explicitly included in the state evolution analysis is the identification of the
phase in which the system is (easy/hard/impossible inference) for a given set of parameters
(R, B,snr). In particular, the hard phase can only be identified knowing where is situated the
global maxima. This infomation cannot be extracted from the state evolution: in the hard
phase, (9.14) will converge to a local maxima that depends on its initialization, but without
telling which of the two is the global one. The state evolution can thus identify the appearance
of the hard phase at the BP transition, when the second fixed point appear but it cannot
identify the optimal transition as it requires to know the relative height of the maxima.

An example of this potential (9.21) in the (B = 2,snr = 100) case for various R is shown on
Fig.9.9. As discussed in sec. 5.1.1, the AMP algorithm follows a dynamic that can be interpreted
as a gradient ascent of this free entropy, which starts the ascent from an high error state, i.e. a
random guess for the signal estimate. The brown curve thus corresponds to an easy case as the
global maximum is unique and corresponds to a low error state. The green curve corresponds
to the BP threshold, which marks the appearance of the hard inference phase. For higher
rate, the problem is to reach the global maximum despite the high error metastable state: it
is achieved using spatial coupling. The pink curve is the optimal transition which marks the
entrance in the impossible inference phase. Below this rate, the AMP algorithm combined
with spatial coupling or well designed power allocation is theoretically able to decode.

The blue and red curves also correspond to optimal transitions at higher noise levels and
we notice that as the snr decreases the relative height between the maxima decreases and
the basin of attraction of the maxima tends to be more flat. This explains why it is easier
to decode finite size signals closer to the optimal threshold with spatial coupling for larger
snr: as the basin of attraction of the equilibrium has a more pronounced gradient and the
global maximum is higher, the dynamic climbs more easily to the maximum. The solutions
associated to the maxima of this potential are exponentially more probable than the other
ones (the probability of any state is proportional to the exponential of its free entropy times
the system size) but at finite size, the factors gained thanks to an higher maximum can help a
lot the algorithm convergence. For example let us assume that we transmit information at a
rate Rpp < R < R,p; which is such that the difference in the free entropy of the equilibrium
and metastable states is A® > 0. Furthemore the system size is L. It implies that the ratio of the

217



Chapter 9. Approximate message-passing decoder and capacity-achieving sparse
superposition codes

probability P, of the equilibrium state over the metastable state’s one Pperq. iS Peq./ Pmeta. ¢
exp (LA®). If the difference A® — Ad/7 is divided by 7 > 0 because we increase the rate to get
closer to R, or because the snr decreases, the system size must be multiplied by 7 as well to
keep this ratio constant, thus this A® does matter at small finite size.

Furthermore, the SER gap separating the high and low error states decreases as well with the
snr which implies that the error floor of the decoding increases. At some value of snr, there
are no more two maxima for any rate and the transition becomes continuous as we observed
in chap. 6.

9.6.1 Large section limit of the superposition codes by analogy with the random
energy model

In order to get the asymptotic behavior in the section size of this potential, we need to compute
the asymptotic value I :=limp_., I of the integral I that appears in (9.21). We shall drop the
dependency of £ in E to avoid confusions and compute:

log®) , v/log®)zy B _log®) | v/Iog(B)z;
Ip :z/@Zlog e 232 T+ Z e 2?2 z (9.22)
i=2
=K (2)
= E,{log(Kp(2)} (9.23)

We shall adopt here the vocabulary of statistical mechanics [24]: this is formally a problem
of computing the average of the logarithm of a partition function Kz(z) of a system with B
(disordered) states. Indeed, one can re-write (9.23) as:

Ig = log(B) f@ log(eb;m @Zl+ie@Z[) (9.24)
i=2
- log(B) f @zlog(zl(zl)+12({z,}l 2)) 9.25)
where:
Fi(a) = exp(loi(zB) @m) 9.26)
Zo (tzidiss) = i (@) 9.27)

In fact Z;, is formally known as a random energy model in the statistical physics literature
[24, 150], a statistical physics model where i.i.d energy levels are drawn from some given
distribution. This analogy can be further refined by writing the energy as u; = —/log(B)z;
and by denoting £ as the temperature. In this case, a standard result [24, 150, 151] is

 The asymptotic limit for large B of _# :=logy(Z,) exists, and is concentrated (i.e. it does not
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depend on the disorder z realization).
e Itisequalto ¢ =v2/Z1(£<1/v2)+(1/(2£%)+1) I(£ > 1/V2).

We can thus now obtain the value of the integral by comparing Z; and Z» and keeping only
the dominant term. First let us consider the case where £ < 1/v/2 and B is large:

z

logp (Z1 + Z2) =logy(Z1) +logy (1 + gz) (9.28)
1

log(B) IogB)z log(B)v2
~logy(Z) + exp| 08B _ viogBlz log(B)v2 9.29)
log(B) 52 5 5
~logy(Z1) (9.30)
JIog(B
o lim 8- L, 1 f 9z | 088 | VIogB)z 9.31)
B—oo log(B) 2322 log(B) 32 z
_ ! 9.32)
252 '

using (9.25) and where logy, is the base B logarithm. If, however, $>1/v2andBis large, then:

Z

logy (Z) + Z2) = logg(Z2) +logy (1 + j) (9.33)
2

log(B) +/log(B)z;1 log(B)

~log,(Z 0 A ~- 5 _log(B)| (9.34

08822 {oem) P ( sz 7T s o5z o8] (90

~logy(Z2) (9.35)

o lim - L, (9.36)

B—colog(B) 252 252 '
This leads to:
, Iz 1 (. N
ggr;olog(m _En(z<1/\/§)+n(z>1/\/§) 9.37)

From these results combined with (9.21), we now can give the asymptotic value of the potential:

. (Dp(E)
$(E):= lim (log(B)) (9.38)
-1 (1 (1/snr + BE) +i) + (1 L) (9.39)
= “2Rlog) | BT Usnr+ BE) X\ 252(m) '
where (5.49) with (9.4) implies:
$2(E) = Rlog(2)(1/snr + BE) (9.40)

We define E := BE. Let us now look at the extrema of this potential. We see that we have to
distinghish between the high error case E>1/v2sothat E>1/ (2Rlog(2)) — 1/snr) and the
low error one (£ < 1/v/2, so that E < 1/(2Rlog(2)) — 1/snr).
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In the high error case, the derivative d ;¢ (E) of the potential is zero when:

1 1 I/snr+1 |
2Rlog(2) \1/snr+E  (1/snr+E)2)

(9.41)

which happens when E = 1. Therefore, if both the condition £ = 1 and E > 1/(2Rlog(2)) —1/snr
are met, there is a stable extremum of the replica potential at E = 1. The existence of this
high-error extremum thus requires 1/(2Rlog(2)) — 1/snr < 1, and we thus define the critical
rate beyond which the state at £ = 1 is stable:

RS (snr) := [(1/snr + 1)21og(2)] 9.42)

Since we initilize the recursion at E = 1 when we attempt to reconstruct the signal with AMP,
we see that R, (snr) is a crucial limit for the reconstruction ability by message-passing.

In the low error case, the derivative of the potential is zero when:

1 1 1/snr+1 B 1 1
2Rlog(2) \1/snr+ E (1/snr+E)2)  2Rlog(2) (1/snr + E)2

(9.43)

which happens when E = 0. Hence, there is another extremum with zero error. Let us deter-
mine which of these two is dominant. We have:

(E=0) = ! (log(1/snr) +snr) + ST (9.44)
PE=0)= 2Rlog(2) & 2Rlog(2) '
1
_ 0g, (snr) (9.45)
2R
- log,(1/snr+1)
E=1)=—"7"——7"—+1 9.46
o( ) R (9.46)
The perfect reconstruction extremum is dominant as long as:
log, (snr) > 2R —log, (1 + 1/snr) (9.47)
or equivalently when:
1
R< 5 log, (1+snr)=C (9.48)

where we recognize the expression of the Shannon capacity (3.91). As discussed in sec. 5.1.1,
the optimal transition of the code is defined as the rate where the two maxima have same
height, i.e. at R = C: these results are thus confirming that, at large value of B, the correct
Bayes optimal value of the section error rate tends to zero and to a perfect reconstruction, at
least as long as the rate remains below the Shannon capacity after which, of course, this could
not be true anymore. This confirms, using the replica method, the results by [142, 143] that
these codes are capacity achieving.
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9.6.2 Alternative derivation of the large section limit via the replica method

We now re-derive the results of the previous section, that the superposition codes are capacity
achieving, using the replica method to compute I :=limp_.o, I that appears in (9.21). The
computation is performed at fixed £ which plays again the role of a temperature. The replica
method is appropriate because we have to average the logarithm of the partition function
(9.23) over the disorder E,{log (Kg(2z))}, here the Gaussian i.i.d vector z. Starting from (9.23),
we can re-write Kp as:

v/1og(B B v/1og(B)z;
Kg(z) := exp (log(B) og( 2! Z ( log(B) 0g~( )Z) (9.49)
252 - 2z
B
=Yex ( (log(B)(l 2811) - \/log(B)zi)) (9.50)
B (7
::Zexp(—M) (9.51)
7 >

Meanwhile Z given by (5.2) is the full (random) partition function of the overall signal, Kp can
be interpreted as the partition function of one single section of size B. An important difference
with the random energy model (9.27) of the previous section is that here there is a favored
section state distinct from the other ones (noted state 1), corresponding to the actual state of
the section in the original signal. It has been treated apart in the previous section but we kept
it here in the "energy states" {hi}?. From the statistics of z; we get the one of h;:

~ N (20,1) (9.52)
(1-26;,1)log(B)

=>hj~N (hi ,log(B) (9.53)

The average of Kp with respect to z can thus be replaced by the average over h, the vector
of independent energy states (independent because the {zi}f are). We use again the replica
trick for computing I = Ep{log (K (h))} as B diverges. We thus need the average replicated

partition function as in the section sec. 5.2:

I:= lim Ey{logKp(h)} (9.54)
B—oo
En{K?} -1
= lim lim ——8"__ (9.55)
B—oon—0 n
B,..,.B 1
[Eh{Kg}:[Eh{ > exp(—g(hil+...+h,~n))} (9.56)
i1y.0in

. B,..B B _E n N
=Eny 2 [lexp|-= 205, (9.57)

il;-uin ]
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B,..B B j n

=2, H[Eh,«{exp( > ,la)} (9.58)
yin | a
B,...B lo (B) B (n,n

=3 exp zgi2 YUY 60,6850, — (- 26]1)251,“ 9.59)
1ye0in j \ab
B,...B IOg(B) n,n B n

:,-Zi exp|— = %} —;;5,-,,-u(1—25j,1) (9.60)
B,...B 1 B) [mn n

=3 e[ BB N ne2Y 6 (9.61)
iy 252 \o3 a

We now define new macroscopic order parameters:

Gab:=90i,i, ¥V (a,b) (9.62)
mg:=06;1Va (9.63)

The first one indicates if two replicas are in the same state or not, the second one if a given
replica is in the favored state 1. As in sec. 5.2, we replace the microscopic sums over the single
replica states by sums over the macroscopic replica order parameters (9.62), (9.63) which
become the new variables. The definitions of these must be fulfilled so the sums are restricted
over the subspace matching the order parameters definitions (9.62), (9.63). In the sec. 5.2, this
condition was enforced by the introduction of Dirac delta functions in the integral through
(5.30), here it is simpler because we are in a discrete case. We deduce from (9.61):

log(B) (%
252

En{Kj}=)_ exp
q,m

Z Gab +2Z Mq—n+252sq m)) (9.64)
a,b

where we have introduced the entropy associated to these new order parameters: sqm ‘=
Sq,m/log(B) where Sqm is the logarithm of the number of microscopic configurations (or
states) of the replicas compatible with q and m definitions at the same time, where q :=
[Gab] ZZ and m:= [m,]]}. We use as before the replica symmetric ansatz where each replica is
considered equivalent:

dab=q+ 1 =q)bap ¥ (a,b) (9.65)
mg=mVY a (9.66)

It allows to simplify the average replicated partition function:

Dg+2m+ 2=
EnlK} = Y exp nlog(B) (n-Dg+2m wSam ] (9.67)
o 252 |
:T(‘c,],m)
=: ) exp(nlog(B)I(q, m)) (9.68)

q,m
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Looking at (9.62), (9.63), there are a priori four different possible ansatz, corresponding to
four different macroscopic states of the section: (g =m=0),(g=m=1),(g=0,m=1) and
(g = 1, m = 0) but actually, only three possibilities remain as the state (g = 0, m = 1) has no
meaning: the replicas cannot be all in different states (g = 0) and all in the favored one (m = 1)
at the same time. Thus it remains:

e (g = m=0): all the replicas are in different states but none of them are in the favored one 1.
e (g =m=1): all the replicas are in the favored state 1.
* (g =1,m=0): all the replicas are in the same state, which is not the favored one.

The last ansatz can be forgotten as the computation shows that it always leads to lower free
entropy than the two other ansatz. This is understandable as there should be a symmetry
among all the "wrong" states (different from 1) as none of them is special with respect to the
other ones, so the replicated system should not choose a particular one spontaneously. It
leaves two ansatz. The previous sum }_ ,,, is performed by the saddle point method as B — oo,
assuming as previously (see sec. 5.2) the commutativity of the limits in (9.55). From (9.55),
the "section free entropy density" I/log(B) associated to each state is thus I (g*, m*) where
(g*, m") is choosen among the two possible ansatz. The integral I is thus:

I=log(B) Jnax [I(g",m")] (9.69)
q*’m*

Let’s compute the value of I for the two remaining ansatz as n — 0 in order to find the

maximum:
(q" =m* =0)= sp0=1log((B—1)")/1og(B) = n (9.70)
=>I(Elg*=m"=0)~1 (9.71)
(" =m*"=1)= s, =log(1)/log(B) =0 9.72)
= I(Elg* =m* =1) = 2Z(E)H ™" (9.73)

where 2(E)? is given by (9.40). From these results combined with (9.21), defining E = BE, the
rescaled potential (p(E) and the function g(E) as:

E):=—————log(1/snr+ E) + ———— 9.74

8= Rog | O8O 6.7
e ©p(Elg*,m")

¢(Elg",m”):= Blggo—log(B) (9.75)

=g(E)+I(Elq",m") (9.76)
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we get the final potential of the sparse superposition codes in the large section size limit:

Po(E):=p(Elq" =m" =0)=g(E) +1 9.77)
¢1(E) := ¢p(Elg* = m* =1) = g(B) + (2log2)R(1/snr + B)) ™" (9.78)
¢(E) = max (¢po(E), ¢1(B)) (9.79)

where the actual potential (/)(E) for a given error E, rate R and snr is the maximum of the two
ansatz-dependent potentials. These two potentials give the statistical weight of two different
regimes (or pure states) (24, 81] that have respectively a probability o exp(Llog(B)gbO(E)) and
o exp(Llog(B)¢: (E)).

The belief propagation transition

The BP transition Rpp is defined as the rate until which AMP without spatial-coupling or
power allocation is Bayes optimal, see the green curve on Fig. 9.9. It corresponds to the lowest
rate for which there exist two maxima of the Bethe free entropy. So to find it we equate the free
entropies of the two pure states (9.77), (9.78):

$o(E) = p1(E) (9.80)
= R.(F) = [(1/snr+ E)2log(2)] ! (9.81)

R.(E) is the critical line until which it exists only one maximum and thus one state, or equiva-
lently where appears the second maximum. Above it R > R, (but before the static transition)
there are two distincts maxima. As in the previous section, a particular role is played by
the value F = 1 in which AMP is initialized on real reconstructions. So R.(E = 1) gives the
asymptotic B — oo BP transition:

R?P(snr) =R.(1)=[(1/snr+ 1)210g(2)]_1 (9.82)

we find back (9.42). Above R > R3},(snr), we are in the hard or impossible phase, below it is
the easy regime. The formula (9.81) can be interpreted the other way around: we consider a

practical situation where the rate is fixed above the critical one R > R%OP (at fixed snr) and we

are in the hard phase such that there are two maxima. From (9.81) we can define the critical
E.(R) = max([ZRlog(Z)] 1 _1/snr, 0), where the free entropy expression changes for a given
rate:

E<Ec= ¢1(E) > ¢o(E) (9.83)
E>E.= ¢1(E) < ¢po(E) (9.84)

Thus we can write the potential at fixed rate as:

HE) = po(E)N(E > Ec) + p1(B)I(E < E) (9.85)
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From the fixed point equations of the potential:

L. 0b1(E -

E<E.> P _ oL E-o (9.86)
OF

- E ~

E>EC:>6¢:;é):O:>E=1 (9.87)

we see that in the hard phase, it coexists asymptotically two maxima such that the first
corresponds to a perfect reconstruction, the other to the metastable failure state: we can
identify ¢ (E) as the free entropy corresponding to the perfect reconstruction state, ¢ (E) to
the failure one. But when does the hard phase stop and the impossible one starts, i.e. where is
the optimal transition?

The optimal transition

The Bayes optimal rate is defined as the rate where the two distinct maxima have same height,
which means they have the same statistical weight:

HE=0=¢E=1) (9.88)
> E=0=¢y(E=1) (9.89)
= log(1/snr) =log(1/snr+1) — 2R,y 10g(2) (9.90)
= Ropt = %log2(1+snr) =C 9.91)

where we recognize the Shannon capacity (3.91). The optimal transition of the superposition
codes scheme is thus asymptotically given by the capacity and between Ry, and C is the hard
phase.

9.6.3 Results from the replica analysis

From this analysis, we can extract the phase diagram of the superposition codes scheme.
Fig. 9.10 presents phase diagrams for different snr values. The blue curve is the BP transition
extracted from the potential (9.21) which marks the end of optimality of the AMP decoder
without spatial coupling or proper power allocation, while the red curve is the optimal transi-
tion: the highest rate until decoding is theoretically possible. The black dashed curve is the
asymptotic BP transition (9.42).

A first observation is that the BP transition is converging quite slowly to its asymptotic value
compared to the optimal one that converges faster to the capacity, which is good. We also
note that the section size where start the transitions (and thus marks the appearance of the
hard regime where the AMP decoder without spatial coupling is not Bayes optimal anymore)
gets larger as the snr decreases. When the snr is not too large, we see that the optimal and
BP transitions almost coincide at small B values, such as for B =16 at snr =7 and B = 4 for
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Figure 9.10 — All the points are computed from the Bethe free entropy (9.21) where the integral
is computed by monte carlo. These are the phase diagrams of the superposition codes for
different snr, where the x axis is the section size B, the y axis is the distance to the capacity
C in dB. The blue and red curves are respectively the BP and optimal transitions. The black
dashed line is the asymptotic value B — oo of the BP threshold R?P(snr) (9.42).
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Figure 9.11 — All the blue points are computed by replica method from the potential (9.21)
where the integral is computed by monte carlo. Upper plots : These plots show how fast the
optimal transition R,;(B|snr) is approaching the capacity. We plot the difference C(snr) —
Rop¢(Blsnr) as a function of B in double logarithmic scale. The lines are guides for the eyes,
and should not be taken as serious fits. They strongly suggest, however, a power law behavior.
Lower plots : We did the same for Rgp(B|snr). We plot the difference Rgp(B|snr) — R?P (snr)
as a function of B in double logarithmic scale, where RF), (snr) is the asymptotic BP transition
computed by replica method, see (9.42). In every cases, we observe a behavior quite well
predicted by a power law as well. The lines are again guides for the eyes, and the very low
values of the exponents suggest a very slow logarithmic behavior.

snr = 15. Below this section size value, there are no more sharp phase transitions as only one
maximum exists in the potential (9.21) and the dedoder, even without spatial coupling, is
optimal at any rate: the SER increases continuously with the rate. As the snr increases, the
curves split sooner until they remain different V B such as in the snr = 100 case. See Fig. 9.12
and Fig. 9.13 for more details on the achievable values of the SER.

Fig. 9.11 gives details on the scalings of the convergence of the first order transitions to their
asymptotic values. It seems that the rate of convergence of both transitions can be well
approximated by power laws. On Fig. 9.11 we present the differences between the points of
Fig. 9.10 and their asymptotic B — oo values which are the capacity C for the optimal transition
(as shown in the two previous sections) and By}, (9.42) for the BP transition. It appears that
the scaling exponents amplitude tend to increase with the snr.

Fig. 9.12 represents how the optimal SER evolves at fixed rate R = 1.3 and snr = 15 as a
function of the section size B (upper plot) and at fixed rate R = 1.3 and B = 2 as a function of
the snr (lower plot). The observations are similar: in both cases, the curves seems to be well
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Figure 9.12 — On these plots we show how the optimal SER changes when B or the snr increase
according to the replica theory (9.21). Both curves are plots at fixed rate R = 1.3 and are in
double logarithmic scale. The red curve is function of B at fixed snr = 15, the blue one at fixed
B =2 as a function of the snr. The best linear fit is on top of the curves (Cste is a constant).

approximated by power laws with exponents given on the plots. The points are extracted from
the replica potential (9.21).

Fig. 9.13 quantifies the optimal performances asymptotically attainable by the decoder, ob-
tained from the state evolution analysis by initializing the recursion (9.11) at E*=° = 0 and
using (9.14). We plot the base 10 logarithm of the SER corresponding to the lower SER maxi-
mum of the potential (9.21) as a function of the rate and the section size B (again the state
evolution and replica analyzes are equivalent to determine the fixed points as shown in 5.4). In
high noise regimes, the depicted SER is always reachable by AMP without the need of spatial
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Figure 9.13 — On this plot, we show the logarithm in base 10 of the section error rate cor-
responding to the lowest SER maximum of the replica potential (9.21) in the (R, B) plane
for different snr values. The values are obtained from the state evolution recursion (9.14)
starting from the solution (i.e. with an initial error equal to 0). The recursions (9.11), (9.14)
are computed by monte carlo with a sample size of 5B x 10°. The black squares correspond
to points where the computed value is SER = 0 which actually means a value that is lower to
(5 x 10%)~! with high probability. The solid pink curve on the two lower plots correspond to
the optimal rates R, (B, snr) as in Fig. 9.10. In the two upper plots that correspond to high
noise regimes, there is no transition at all (the AMP decoder is thus always Bayes optimal,
at least for these manageable section sizes B) and the optimal SER is a smooth increasing
function of the rate R at fixed B and decreasing function of B at fixed R. The SER values in
the two lower plots corresponding to low noise regimes matche the optimal SER as long as
itis for a rate R < R, (B, snr) lower than the optimal one. For higher rates, the maximum of
the potential corresponding to the plotted SER values is not the global maximum and thus
cannot be reached, even with spatial coupling that works asymptotically until the optimal rate.
For B smaller than 4 (resp. 2) on the snr =7 (resp. snr = 15) plot, there is no sharp transition
and the represented SER value is the optimal one and can be reached by AMP without spatial
coupling, as in the high noise regime.

coupling as there are no sharp transitions. For lower noise regimes, the plotted SER matches
the optimal one as long as R < R,(B, snr) where the optimal transitions correspond to the
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solid pink curves. When there is no optimal transition (for a B before that the pink line starts),
the SER is the optimal one and AMP can always reach it. The upper plot of Fig. 9.12 is a cut in
the snr = 15 plot.

9.7 Optimality of the approximate message-passing decoder with a
proper power allocation

In this section, we shall discuss a particular power allocation that allows AMP to be capacity
achieving in the large size L > 1 limit, without the need for spatial coupling. We shall work
again in the large section size B > 1 limit as well.

We first divide the system into G groups, see Fig. 9.8. For our analysis, each of these groups
has to be large enough and must contain many sections, each of these sections being itself
large so that 1 < B <« Lg, 1 <« G < L where Lg:= L/G is the number of sections per group.
Now, in each of these groups, we use a different power allocation: the non zero values of the
sections inside the group g are all equal to cg. This is precisly the case which we have studied
in Sec. 9.5.1, so we can apply the corresponding state evolution in a straightforward manner.

Our claim is that we can use the following power allocation:
_Ceg

2
cg=76Vg€{l,...,G} (9.92)

where C = %log2 (1+snr) is the Shannon capacity. We choose Z such that the power of the
signal equals one:

18,
. ; =1 (9.93)

With this definition, we have:

2% (1-2720)

7% = — (9.94)
G(1-2"%)
It will be useful to know the following identity:
~ 2Cg
e %“ C¢ =T 575¢ (9.95)

Now, we want to show that, if we have decoded all the sections before the section g at time ¢,
then we will be able to decode section g as well. If we can show this, then starting from g =1
we will have a succession of decoding until all is decoded, and we would have shown that this
power allocation works. In this situation, using (9.20) and the expression of the rate R (9.3), we
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allocation
have for the section g:
- 1/snr+&s-
(2?1)2 = Rlog(2) —zgl] (9.96)
C%
g
with:
18,
Eg = I—Ech (9.97)
g

where we have used (9.93) with our assumption of having already decoded until g —1 included
attime t: Eg, = BEét, =0(g = §). (9.97) is the average (rescaled by B) M SE if all has been decoded
until g included: it is given by the initial total rescaled MSE E*=° = 1 from which we have to
remove what has been already decoded. We now ask if the group g can be decoded as well.
The evolution of the error in this group is given by (9.19) and we have seen in sec. 9.6.1, that the
condition for a perfect decoding in the large B limit is simply that ié < 1/2 which remains true
per group as the only coupling with the other groups in the state evolution (9.19) is through
the "temperature” iz.,. We thus need the following to be satisfied (as long as R < C):

1/snr+&g 1
Rlog2) | ————| <3 (9.98)
Cq 2

If this condition is satisfied, there is no local BP transition to block the AMP reconstruction in
the group &, then the decoder will move to the next group, etc. We thus need this condition
to be correct V g € {1,...,G}. Let us perform the large G limit (remembering that g/G stays
however finite). Using (9.94) we have:

_2Cg

9 277G
% ="% (9.99)
G(1-2"%) 2
-G 25 (9.100)
275 (1-272€)
G(1-2"%) _zce 9101
= G .
(1-2-2€)
_2C(g-1)
G
~G—— (l0g(2)2C/G+ O(1/G? 9.102
(I—Z_ZC)( g(2) ( )) ( )
2Clog(2) 2~ 6
. ctlog ¢
- 1—2-2C +0(1/G) (9.103)

Now, we note from (3.91) that the snr can be written as snr = 22¢ —1 = lg,zz_czc so plugging (9.95)
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inside (9.97) we have:

9-2C ] _2_26(571)
l/snr+&g 1 = 1_2_2C+1— T (9.104)
_ 2C(g-1)
G
= T (9.105)
Therefore to leading order, we have using (9.103) that:
1/snr+&g 1 1 (9.106)
c2 " 2Clog(2) '

so that the condition (9.98) becomes for large G:

Rlog(2) R 1
e (9.107)
2Clog(2) 2C 2
or equivalently, R < C. This shows that, with proper power allocation and as long as R < C,
a local minimum asymptotically cannot exist in the potential, or equivalently, that the AMP
decoder cannot be stuck in such a spurious minimum: it will reach the solution with perfect
reconstruction SER = 0.

9.8 Numerical experiments for finite size signals

We now present a number of numerical experiments testing the performance and behavior of
the AMP decoder in different practical scenarios with finite size signals. The first experiment
Fig. 9.14 quantifies the influence of the finite size effects over the superposition codes scheme
with spatially-coupled Hadamard-based operators, decoded by AMP. For each plot, we fix
the snr and the alphabet size B and repeat 10* decoding experiments per point with each
time a different signal with constant power allocation and operator drawn from the ensemble
(Le=16,L, =17,w =2,v/] = 0.4, R, Bseea = 1.8). The curves present the empirical block error
rate (blue and yellow curves) which is the fraction of instances that have not been perfectly
decoded, i.e. such that the final SER > 0, and the average SER (red and purple curves). This
is done for two different sizes L = 28 and L = 2!'. When the curves stop, it means that the
empirical block error rate (and thus the section error rate as well) is actually 0. In reality it
should reach a noise floor < 107 but does not because of the same reasons explained in
sec. 9.4. The dashed lines are the BP transition Rgp(snr, B) and optimal transition R, (snr, B)
extracted respectively from the state evolution analysis and potential (9.21) and the solid black
line is the capacity C(snr). Thanks to the fact that at large enough section size B, the gap
between the BP transition and capacity is consequent, it leaves room for the spatially-coupled
AMP decoder to beat the transition, allowing to decode at R > Rgp as in LDPC codes. For small
section size B, the gap is too small to get real improvement over the full operators. We also
note the previsible fact that as the signal size L increases, the results are improving: one can
decode closer to the asymptotic transitions and reach a lower error floor. For B = 256, the
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Figure 9.14 — On this plot, we show the empirical block error rate and average section error
rate of the superposition codes using the AMP decoder combined with spatially-coupled
Hadamard-based operators for two different snr, signal sizes L and section sizes B. The block
error rate is the fraction of the 10* random instances we ran for each point that have not
been perfectly reconstructed, i.e. in these instances at least one section has not been well
recontructed and the final SER > 0. The SER has been averaged over the 10* random instances.
The convergence criterion is that the mean change in the variables estimates between two
consecutive iterations § < 1078 and the maximum number of iterations is £, = 3000. The
upper plots are for snr = 100, the lower for snr = 15 (notice the different x axes). The first
dashed black line is the BP transition obtained by state evolution analysis, the second one
is the optimal transition obtained by the replica method from the Bethe free entropy (9.21)
and the solid black line is the capacity. In the (snr = 100, B = 256) case, the optimal transition
is so close to the capacity that we plot a single line. For such sizes, the block error rate is 0
for rates lower than the lowest represented one. The spatially-coupled operators used for the
experiments are drawn from the ensemble (L. =16,L, =17, w =2,v/J = 0.4, R, Bseea = 1.8).

sharp phase transition between the phases where decoding is possible and impossible by AMP
with spatial coupling is clear and gets sharper as L increases.

The next experiment Fig. 9.15 is the phase diagram for superposition codes at fixed snr = 15
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like on Fig. 9.10 but where we added on top finite size results. The asymptotic rates that
can be reached are shown as a function of B (blue line for the BP transition, red one for the
optimal rate). The solid black line is the capacity. Comparing the black and yellow curves, it is
clear that even without spatial coupling or power allocation, AMP outperforms the iterative
successive decoder of [142] for practical B values. With the Hadamard-based spatially-coupled
AMP algorithm, this is true for any B and is even more pronounced (brown curve). The green
(pink) curve shows that the homogeneous (spatially-coupled) Hadamard-based operator has
very good performances for reasonably large signals, corresponding here to a blocklength
M < 64000 (the blocklength is the size of the transmitted codeword ¥).

Finally, the last experiment Fig. 9.16 is a comparison of the efficiency of the AMP decoder com-
bined with spatial coupling or an optimized power allocation coming from [148]. We repeated
their experiments and also compared the results to a spatial coupling strategy. Comparing
the results with Hadamard-based operators, given by the red and yellow curves for power
allocation and spatial coupling respectively, it is clear that spatial coupling (despite being not
optimized at each rate as it is done for the power allocation) greatly outperforms an optimized
power allocation scheme.

In addition, we see that our red curve corresponding to the optimized power allocation
homogeneously outperforms the results of [148] with exactly the same parameters, given by
the blue curve. As we have numerically shown that Hadamard-based operators gets same
final performances as random ones as used in [148] (see chap. 7 and Fig. 9.4), the difference in
performances must come from the AMP implementation: in our decoder that we denote by
on-line decoder, there is no need of pre-processing computations but in the decoder of [148]
denoted by off-line, quantities need to be computed in advance.

The advantage of spatial coupling over power allocation is independent of the decoder and
the fact that we use Hadamard-based operators, as it outperforms the red curve as well which
is also obtained with our on-line decoder and Hadamard-based operators. This is true at any
rate except at very high values where spatial coupling does not decode at all, meanwhile the
very first components of the signal are found by power allocation strategy as their power is
very large. But it is not a really useful regime as only a small part of the signal is decoded
anyway. The green points show that a mixed strategy of spatial coupling with optimized power
allocation does not perform well compared to individual strategies. This is easily understood
from the Fig. 9.8: a power allocation modifies the spatial coupling and worsen its original
design. In addition we notice that at low rates, a power allocation strategy performs worst
than constant power allocation as the very last components with very low power are rarely
decoded.

9.9 Concluding remarks

We have fully derived and studied the approximate message-passing decoder, combined with
spatial coupling or power allocation, for the sparse superposition error correction scheme
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Figure 9.15 — Phase diagram and experimental results for superposition codes at finite size
L for snr = 15 compared to the asymptotic results. The solid black line is the capacity which
bounds the performance of any reconstruction algorithm for this snr, the blue line is the
BP transition Rgp(snr = 15, B) obtained by state evolution analysis and the red line is the
Bayesian optimal transition R, (snr = 15, B) obtained by from the potential (9.21). The yellow,
black and brown curves are results of the following experiment (exp 1): decode 10* random
instances and identify the empirical transition curve between a phase where the empirical
probability P (SER > 107!) <1073 (below the line) from a phase where P (SER>1071) > 1073
(more than 9 instances have failed over the 10% ones). The green and pink curves are the
result of the second protocol (exp 2) which is a relaxed version of exp 1 with 10> random
instances and P (SER >107') < 107! below the line, P(SER >10"!) = 10~! above. Note that
in our experiments SER < 10~! essentially means SER = 0 at these sizes. The yellow curve
compares our results with the iterative successive decoder (black curve) of [142,143] where the
number of sections L = 100. Note that these data, taken from [142, 143], have been generated
with an exponential power allocation rather than the constant one we used. Compared with
the yellow curve (AMP with the same value of L) the better quality of AMP reconstruction
is clear. The green and pink curves are here to show the efficiency of the Hadamard-based
operators with AMP with (pink curve) or without (green curve) spatial coupling. For the
experimental results, the maximum number of iterations of the algorithm is arbitrarily fixed to
tmax = 500. The parameters used for the spatially-coupled operators are (L, =16, L, =17, w =
2, \/7 =0.3, R, Bseed = 1.2).
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over the additive white Gaussian noise channel. Links have been established between the
present problem and compressed sensing with structured sparsity.

On the theoretical side, we have computed the potential of the scheme thanks to the heuristic
replica method and have shown that the scheme is capacity achieving in a proper limit. The
analysis shows that there exist a sharp phase transition blocking the decoding by message-
passing before the capacity but that the optimal Bayesian decoder obtained by combining
message-passing to spatial coupling or power allocation can reach the capacity as the section
size of the signal increases. We have also derived the state evolution recursions associated
to the message-passing decoder, with or without spatial coupling and power allocation. The
optimal performances have been studied and it appeared that the error decrease and the rates
of convergence of the various transitions to their asymptotic values follow power laws.

On the more practical and experimental side, we have presented an efficient and capacity
achieving solver based on spatially-coupled fast Hadamard-based operators. It allows to
deal with very large instances and performs as well as random coding operators. Intensive
numerical experiments have shown that a well designed spatial coupling performs way better
than an optimized power allocation of the signal, both in terms of reconstruction error and
robustness to noise. Finite size performances of the decoder under spatial coupling have been
studied and it appeared that even for small signals, spatial coupling allows to obtain very good
perfomances. In addition, we have shown that the message-passing decoder without spatial
coupling beats the iterative successive decoder of Barron and Joseph for any manageable size
and that its performances with spatial coupling are way better for any section size.

The scheme should be now compared in a more systematic way to other state-of-the-art
error correction schemes over the additive white Gaussian noise channel. On the application
side, from the structure of the reconstructed signal itself in superpostion codes, we can also
interpret the problem as a structured group testing problem where one is looking for the only
individual that has some property (for example infected) in each group, the sections of the
signal.
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Figure 9.16 — The average section error rate SER in logarithmic scale as a function of the
rate R for different settings, all at fixed (snr =15, B =512, L = 1024). The black dashed curve
identifies the BP transition, the highest rate until which AMP can asymptotically perform
well without spatial coupling or non constant power allocation, the black solid line is the
Shannon capacity. Blue curve : It corresponds to the results of Fig. 3 of [148]: the points are
averaged over 103 instances of random experiments using i.i.d Gaussian matrices and an
optimized power allocation scheme where the parameters defining the power allocation are
optimized for each rates. The values of the parameters and the associated power allocation
scheme can be found in [148]. The denomination off-line AMP refers to the AMP decoder
update rules of [148] that are different than ours and require an off-line pre-processing part as
opposed to our procedure where all the quantities are computed on-line without any need of
pre-processing. Red curve : We reproduced exactly the same experiment (with same power
allocation scheme and parameters) as for the blue curve with two important differences:
i) we used our on-line AMP decoder instead of their off-line implementation and ii) we
used an Hadamard-based homogeneous operator instead of a random i.i.d Gaussian one.
In addition, we runned 10? instances instead of 10° as we obtained an average SER equals
to 0 for the two first points. Purple curve : This experiment with 10* instances per point is
with an Hadamard-based homogeneous operator with on-line AMP decoding of constant
power allocated signals. As it should, the decoder does not work anymore for R > Rpp. Yellow
curve : The points of this experiment have been averaged over 10* instances. In this setting,
we used our on-line AMP decoder and generated the signals with constant power allocation.
We replaced the homogeneous operator by a spatially-coupled Hadamard-based operator,
described in Fig. 7.1. The parameters defining the ensemble from which the operator is
randomly generated are fixed once for all for the all experimental curve, as oposed to the
power allocation curves where parameters have been optimized for each point. The ensemble
is here given by (L. =16,L, =17, w =2,v/] = 0.4, R, Bseeqa = 1.4). Green crosses : These points
have been averaged over 10* instances. We used the same spatially-coupled Hadamard-based
operator ensemble as for the yellow curve for decoding power allocated signals with same
power allocation scheme as the blue and red curves. When the purple and yellow curves fall, it
means that the points values are 0. The codeword size for all these curves is between 5 x 10% to
9107, 237






[{1] Robust error correction for real-

valued signals via message-passing
decoding and spatial coupling

In the previous chapter we studied error correction over the additive white Gaussian noise
channel. Some sparse discrete signal was encoded using a linear transform to get a real
codeword sent through the channel. But let us imagine now that the noisy channel is even
less reliable than the AWGN one as it adds gross Gaussian distributed errors in addition of the
background AWGN. Is it possible anyway to send information reliably through such channel?
The real transmitted signal in this new model can be interpreted as the codeword of another
coding scheme for the AWGN. So if we manage to correct these gross errors, we come back to
the original AWGN channel error correction problem and sparse superposition codes (or any
other scheme for the AWGN) can be used afterwards.

As for the sparse superposition codes scheme, we will use the approximate message-passing
algorithm as an efficient decoder. We will show that the error correction and its robustness
towards noise can be enhanced considerably thanks to spatially-coupled coding matrices. We
discuss the performances in the large signal limit using previous results on state evolution, as
well as for finite size signals through numerical simulations. Even for relatively small sizes, the
approach proposed here outperforms convex-relaxation-based decoders.

10.1 Introduction

Although information is discrete in the classical coding theory, there are situations of interest
where one should consider real-valued signals, such as scrambling of discrete time analog
signals for privacy [152], network [153, 154] or jointed source and channel coding [155], or in
the impulse noise cancellation in orthogonal frequency division multiplexing systems [156].
We consider here a real channel model which adds gross errors on a fraction of elements and
a small noise on all of them. The real signal could also be interpreted as the codeword of a
previous error correction scheme, and the full error correction becomes the concatenation of
two distinct schemes: the first for the background noise, on top of which we use the present
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scheme to correct the gross errors.

To perform error correction for such real signals, a compressed sensing based scheme has
been proposed by Donoho and Huo [157] and Candes and Tao [158]. Here we reconsider
this problem taking full advantage of the approximate message-passing decoder and spatial
coupling coding design.

The problem is easily stated. One is given a real-valued signal s, and a channel that adds gross
errors to a fraction of elements. Is there a way to encode the signal such that these errors can
be corrected? Can this approach still be used when the channel is in addition adding a small
AWGN to all elements (a situation arguably much closer to some real channels [157,159,160])?
The method proposed in [157-159] is to first multiply the signal s by a random matrix in order
to create a codeword of larger dimension, and then to use the classical compressed sensing
approach, based on convex-relaxation decoding, in order to correct the errors of transmission.

In the present chapter, we replace the convex-relaxation decoding by the AMP decoder that
uses the available prior information about the error statistical properties [34,90] as opposed
to convex optimization based solvers, see sec. 3.4.3. This provides a significant improvement
in performances. Then we consider an approximately sparse channel where, in addition to
the gross errors on a fraction of elements, there is a small AWGN over all components. We
will show that the performances of the AMP decoder are stable under this additional noise, as
already discussed in chap. 6. Finally we will use spatially-coupled measurement matrices in
the decoding, which allow to further enhance the possibility for error correction (and up to its
information theoretical limit in the case of strictly sparse noise).

10.2 Compressed sensing based error correction

Consider a real-valued vector of information s € RV, encode this vector by a full-rank real M x N
matrix A, with y := M/N > 1 being the encoding rate (the redundancy or "over-sampling"
introduced in the code), so that the codeword is y = As € RM. The aim is to recover s lowering
as much as possible the encoding rate. Since A is full rank, one can recover the original signal
s from y multiplying it by the pseudo-inverse of A. The codeword is then sent through a noisy
channel and gives rise to the corrupted codeword ¥ = y + e where e is i.i.d with a distribution:

M
Pe) =[][pA(eil0,1+€) + (1 p)A(e;l0,€)] (10.1)

1

where 0 < p < 1. So the noise distribution is of the approximate sparsity form studied in chap. 6.
We thus have a fraction p of elements with gross (variance 1 +¢€) errors, the rest having small
(variance €) amplitudes. One then considers a full rank "parity-check"-like matrix F such
that FA = 0. We construct such a pair of matrices by first choosing a R x M matrix F with i.i.d
Gaussian distributed elements of zero mean and variance 1/ M (or variance specified by the
seeding matrix, see Fig. 5.4), the kernel of F is then the range of the encoding matrix A. Note
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that [158, 159] take A as the random matrix, but here we choose the opposite in order to be
able to implement the spatially-coupled decoding. One must have R < M — N for the couple
(F,A) to exist, and in order to minimize the encoding rate y, we take from nowon R:= M — N.
The application of F to the corrupted codeword y results in the real-valued vector h given by:

h=F(y+e) (10.2)
=F(As+e) (10.3)
=Fe (10.4)

where h has dimension R and e is an approximately sparse vector of dimension M. This is a
compressed sensing problem (3.18) similar to what have been studied in chap. 6: reconstruct
the approximately sparse M-d error vector e given R of its linear projections (measurements)
h. In the context of compressed sensing F is the measurement matrix.

Let us first review the possibility of this error-correction scheme when the error e is exactly
sparse, i.e. € = 0. Using an intractable ¢y minimization, the gross error e in (10.4) can be
found exactly as longas R = M — N > Mp. So error correction in real-valued signals corrupted
by strictly sparse gross noise is possible (but hard, see sec. 5.1.1) for encoding rates y >
Yopt = 1/(1 - p). Popular tractable ¢, -minimization, as used in [158, 159], recovers the error
e exactly when M — N = aprM, where apr is the Donoho-Tanner measurement rate [161],
see sec. 5.1.1, or equivalently when the encoding rate is larger than y = ypr = 1/(1 —apr).
These two transitions are depicted in Fig. 10.1 and one can see that yp7 is considerably larger
than y,),. A first step to improvement is to decode with an approximate message-passing
approach.

10.2.1 Performance of the approximate message-passing decoder

As we fall exactly under the setting studied in the chap. 6, the posterior estimates of the noise
components are directly given by the AMP decoder Fig. 5.5 with the operators definitions
(5.116), (5.117), (5.118), (5.119) together with the denoisers (6.4), (6.5) where their parameters
are given in the present case by:

wy=p (10.5)
oi=1+e (10.6)
wy=1- p (10.7)
oi=¢ (10.8)

When parameters p, €,y are fixed whereas M — oo and F is an homogeneous random i.i.d
matrix, the evolution of the AMP algorithm can be described exactly using the state evolution
given by (6.12) with initialization E=0 = Varp,(e;) = p +e.
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Figure 10.1 — Phase diagram showing the encoding rate y = M/ N necessary to perform error
correction over a channel with noise described by (10.1), plotted as a function of the noise
sparsity p, zoom in the inset. The black (top) curve ypr depicts the limit of performance of
the ¢;-minimization approach for € = 0, i.e. when the noise is strictly sparse. The blue (2nd
from top) curve shows the limit of performance of the Bayesian approximate message-passing
approach for € = 0. Note that up to about ¢ < 107° this curve does not change visibly, see
Fig. 6.5. The green (bottom) curve, given by y,,: = 1/(1 — p), depicts the lowest possible
encoding rate for which exact decoding is possible for € = 0. Above the red (3rd from top)
line, error correction with MSE comparable to € = 107% is possible with the Bayes optimal
estimation of the error vector. These two rates Y, can be reached in the limit of large signal
size using the spatially-coupled Bayesian AMP approach.
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State evolution for homogeneous matrices

The state evolution analysis of the Bayesian AMP for Gauss-Bernoulli noise e (that is, with
€ = 0) has been considered in great details in [34,35]. In that case AMP reconstructs perfectly
the solution in a region larger than the ¢;-minimization and up to the spinodal transition
app, see sec. 5.1.1. In the notation of the present problem, this leads exact decoding for
considerably lower encoding rates: the resulting ygp = 1/(1 — app) is shown in blue in Fig. 10.1
(where it is denoted y 4p7p). The advantage with respect to the ¢;-minimization decoding is
clear. For a fraction of p = 0.1 of gross elements, for instance, the improvement goes from a
necessary coding rate ypr = 1.490 for ¢;-minimization based decoders to ygp = 1.262 with
AMP decoding with homogeneous matrices.

As already discussed in sec. 3.4.3, nevertheless, the ¢; performance is independent of the
distribution of the gross error, whereas the Bayesian AMP uses it. The properties of the channel
are, however, often well known, in which case the improvement depicted if Fig. 10.1 is indeed
achievable.

To assess how robust are these results towards approximately sparse noisy channels (nonzero
value of € in (10.1)) we use the state evolution analysis that was performed in chap. 6. It was
shown that for about € < 107° and a > ap the AMP algorithm leads to reconstruction with
MSE comparable to €, see Fig. 6.4. This shows that the AMP approach is actually very robust
to such noise.

State evolution for spatially-coupled matrices

Despite the advantage of the AMP-based decoding over the ¢;-minimization, it is still not
asymptotically optimal since ygp > yop+, and one ideally aims to perform error correction with
smallest possible encoding rates. In order to do so, we use a spatially-coupled measurement
matrix F. In the present framework of error correction of real-valued signals, the spatial
coupling can be implemented by first constructing the matrix F of the form Fig. 5.4, then
determining the encoding matrix A as the null space of the matrix F.

The state evolution for these spatially-coupled matrices is given by (6.19), (6.20). The results
are shown again in Fig. 10.1 in green (lower-most) curve for € = 0 and in red (3rd from top)
curve for € = 1078, The conclusion is that with a properly spatially-coupled matrix F, one can
perform error correction using AMP down to these very low encoding rates.

10.3 Numerical tests and finite size study

The asymptotic guarantees given in the last sections are encouraging, but evaluating analyti-
cally finite M corrections is intrinsically more difficult and hence we withdraw to numerical
verifications of the achievable encoding rates for sizes relevant for practical applications.
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Figure 10.2 — Robustness to noise of the error correction of real signals of size N = 256. We
compare the performances of the AMP-based and ¢; decoders, using € = 1078 and homoge-
neous Gaussian i.i.d matrices F. The figure shows the probability density (estimated over 500
instances) of the robustness ratio (10.9), called p;4.4; in [159] at different values of the encod-
ing rate y and gross noise sparsity p. For coding rate y = 2 and gross noise sparsity p = 0.1,
both methods (AMP in red and ¢, in black) are giving values close to one. However AMP is
better: on average it gives 1.12 versus 1.36 for ¢;, which empirical distribution has larger tails
than the one of AMP. Furthermore, AMP still performs very well when the fraction of gross
errors is doubled (blue curve, with p = 0.2) or when the coding rate y is lower (green curve,
with y = 1.5). In both cases, the ¢;-based reconstruction gives poor results, an average value
Pideal = 37.1 for (p = 0.2,y = 2), versus 1.30 for AMP, and p;geq; = 18.3 for (p = 0.1,y = 1.5)
versus 1.20 for AMP.

For numerical verifications, we use a randomly generated N-d Gaussian signal s with zero
mean and unit variance (the algorithm is not using this information) and a channel noise
distributed according to (10.1), information that we know and use in the algorithm. We use
the Bayesian AMP algorithm to estimate the error €. As already discussed, for exactly sparse
channel € = 0, the exact reconstruction of e is possible and hence s can be recovered exactly.
For an approximately sparse channel with € > 0, we use the AMP estimate of the error é to
compute the estimate of Ax and finally use the pseudoinverse of A to estimate the signal X. We
compare to the ¢; decoding approach (including the performances-improving reprojection
step) as developed in [158, 159].

The data for N = 256 are shown in Fig. 10.2 where the performance of the AMP decoding is
compared to the ¢;-based decoding of [159]. Following [159] we introduce an estimator of the
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10.4. Discussion

robustness to noise called p;4.4; as the ratio of the M SE of the reconstructed signal X with the
MSE of the "ideal" reconstruction X;4.,;, Wwhere the pseudoinverse of A is applied to y that
was corrupted only by the small AWGN without gross errors at all:

Pideal := M (10.9)

[IXidear —Sll2

Fig. 10.2 depicts the histogram of p;;.4; over 500 random instances of the problem. We find
that in all the cases we have tried with AMP (which were all in the favorable region of the
asymptotic phase diagram, the easy phase above the BP transition), the robustness estimator
Qideal 1S Very close to unity, even at these relatively small sizes. Moreover the robustness
estimator of AMP was always on average closer to unity than the one based on ¢; estimation
and the distribution more peaked, thus demonstrating the advantage of the Bayesian AMP
reconstruction in terms of performance, and noise robustness. Another important point is
that the probability of an unsuccessful reconstruction is decaying exponentially fast when the
system size increases. It is also decaying faster as y increases (see Fig. 10.3, inset).

We also applied spatial coupling by choosing the matrix F as described in Fig. 5.4 drawn from
the ensemble (L, = L, = 10, w =3, vJ = V0.2, @ peq = 0.22) and varying a;.s;. While such
parameters are far from the limit L — oo, w — oo, w/L — 0 in which the optimal performance
is guaranteed, we still obtain a considerable improvement in the achievable encoding rate,
as shown in Fig. 10.3. In Fig. 10.4 we give a more visual illustration of the performance of the
spatially-coupled AMP decoder for N =4096. For gross error sparsity p = 0.1 and small error
variance € = 10~® we were able to perform reliable transmission at coding rate y = 1.256. This
has to be compared with the original approach of [159] which only allows, even for an infinite
size system and in absence of small noise, an asymptotic ypr(p =0.1) = 1.5.

10.4 Discussion

We have studied an error-correction scheme based on AMP for real channels that corrupt
a fraction of the codeword by gross errors. It appeared that this scheme is highly robust to
an additional AWGN. Spatial coupling allows to reach close to optimal results. Nevertheless,
an important question remains: how to properly optimize the spatial coupling on finite size
systems? Furthermore, the present scheme can be combined with the structured operators
developed in chap. 7 in order to work with very large signals. It would be also interesting
to study the combined use of the present strategy with sparse superposition codes for joint
source-channel coding problems.
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Chapter 10. Robust error correction for real-valued signals via message-passing
decoding and spatial coupling
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Figure 10.3 — Success rates of the decoding over 500 instances for different signal sizes N
with noise parameters p = 0.1, € = 1075, both with spatially-coupled matrices F (SC) and
homogeneous random Gaussian i.i.d ones, as a function of the coding rate y. The vertical lines
represent the limiting asymptotic coding rate for AMP with homogeneous (y app) and seeding
matrices (yop) respectively. The maximum number of iterations in these simulations is set to
1000. An instance is considered successful if the final mean square error of the reconstructed
signal is less than 10~°. The inner plot shows the empirical probability of failure over these
instances for three different values of encoding rate y. It decays exponentially with the signal
size and the decay exponent-amplitude increases with the coding rate.

Frror estimation
é

AMP error correction fi error correction No error-correction

Figure 10.4 — Ilustration of the error correction scheme with the spatially-coupled AMP
approach and the ¢;-based method of [159], applied to the benchmark Lena picture. The
original 256 x 256 image is decomposed in patches of size N = 642. The noisy channel is given
by (10.1) using p = 0.1, € = 10~ and the coding rate is y = 1.256 (to be compared with Yopt(p =
0.1,¢ = 1075) = 1.184) is used together with a spatially-coupled matrix F with parameters
(Le=L, =10, w=3,vVJ =v0.2, @speq = 0.22, &es; = 0.1830). While error correction is close
to perfect with AMP, the results are as poor as no error correction at all with an ¢, convex
optimization solver.
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