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He deals the cards as a meditation
And those he plays never suspect

He doesn’t play for the money he wins
He don’t play for respect

He deals the cards to find the answer
The sacred geometry of chance

The hidden law of a probable outcome
The numbers lead a dance

Shape of my heart, Sting - 1993
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Résumé en francais

Ce manuscrit contient le travail que j’ai effectué pendant mon doctorat a I’Ecole Normale Supérieure
de Paris, principalement sous la direction du Pr.Florent Krzakala. Le coeur de ce texte est con-
stitué d’une introduction et de trois parties, qui proposent une approche analytique rigoureuse a la
théorie de I'apprentissage automatique supervisé en grande dimension sous ’hypothése de données
aléatoires. Ce résumé, dont la version en anglais, plus complete, peut étre trouvée apres la table
des matieres sous la forme d’un avant-propos, suppose que le lecteur posseéde des notions de proba-
bilités en grandes dimensions, de théorie des verres de spins ainsi que de 'apprentissage statistique
supervisé. Le lecteur ne possédant pas ces notions peut se référer a l'introduction (Chapitre 1, en
anglais), puis revenir a ce résumé.

Organisation du manuscrit et apercu des contributions

Le chapitre 1 propose une introduction courte a l'apprentissage automatique ainsi qu’a la théorie
de 'apprentissage statistique, qui permet de mieux motiver le besoin d’approches basées sur les
probabilités en grandes dimensions et la physique mathématique, ainsi que de proposer un point
de vue cohérent pour ces themes. Nous donnons ensuite un apercu de la physique statistique des
milieux désordonnés ainsi que des outils analytiques non rigoureux qui sont utilisés dans ce domaine,
tel que la méthode de la cavité et la méthode des répliques, ou bien des relaxations asymptotiques de
I’algorithme de propagation de convictions. Ceci nous ameéne naturellement aux pendants rigoureux
de ces méthodes, qui peuvent étre globalement comprises comme des procédures de découplage de
mesures de probabilités compliquées, de maniere a les décomposer en des produits de mesures plus
simples pour lesquelles les résultats de concentration sont plus faciles a établir et, d’un point de vue
pratique, qui peuvent étre simulées en un temps et avec des ressources raisonnables. Apres avoir
fourni une description bréve des résultats existants sur des modeéles de données i.i.d. Gaussiennes,
nous soulignons les difficultés principales qui apparaissent lorsque 'on tente de pousser la théorie
plus proche des scénarios réalistes, des algorithmes qui constituent I’état de I'art, et des résultats
correspondant venant de la physique statistique :

e les données structurées menent naturellement & des probléemes non séparables, la ot de nom-
breuses preuves existentes ne sont valables que pour des problemes séparables,

e les algorithmes d’agggrégation de prédicteurs, machines & comités et problemes multiclasses
nécessitent des méthodes de preuves qui donnent les distributions asymptotiques jointes d’un
nombre fini d’estimateurs, plutét que d’un seul,

e tous les problemes sont a température zéro, aus ens de la physique statistique, ce qui empeche
I'utilisation d’identités simplificatrices issues de la Bayes-optimalité tel que I'identité de Nishi-
mori,



e les prédictions existantes issues de la physique statistique montrent que les résultats
d’asymptotiques exactes pour les algorithmes de passage de messages approximés peuvent
étre obtenus pour des modeles bien plus complexes que les modeles linéaires généralisés, en
particulier pour des modéles multicouches & poids aléatoires ou d’a priori génératifs,

e sous réserve que ’on puisse obtenir des prédictions asymptotiquement exactes sur les modeles
présentant des données structurées, a quel point ces résultats peuvent étre utilisés sur des
données réelles 7

La section 1.7 présente ensuite un apercu des outils mathématiques principaux qui seront utilisés
dans ce manuscrit, notamment les inégalités de comparaison Gaussienne et les méthodes de con-
ditionnement itératif Gaussien dans le contexte de I’étude des algorithmes de passage de message
approximé (AMP). Nous illustrons aussi ces techniques sur des problémes simples, de maniére a
fournir une intuition claire sur les résultats qui sont présentés pour des modeles plus complexes dans
les chapitres qui suivent. Les raisons principales qui sous-tendent le succes des approches proposées
en vue des objectifs présentés ci-avant sont les suivantes :

e les modeles non-séparables peuvent étre traités en utilisant des inégalités de comparaison
Gaussiennes dans le cas convexe ainsi qu’'une décomposition du proleme appropriée a ’aide
de multilicateurs de Lagrange. Cette approche échoue, en revanche, pour les ensembles
d’estimateurs,

o lesitérations AMP peuvent étre étudiées rigoureusement avec a la fois des effets non-séparables
et des estimateurs matriciels, mais pour caractériser une solution précise, il faut réaliser un
controle de la trajectoire de l'itération vers cette solution,

o les itérations AMP peuvent étre construites et leurs trajectoires controlées précisément dans
le cas convexe de maniere systématique,

e en ce qui concerne les problemes de dynamique, le schéma de conditionnement itératif au
coeur des preuves reliées aux algorithmes AMP peut étre étendus aux cas multicouches et
aux problemes composites impliquant plusieurs matrices aléatoires, des perturbations de rang
faibles, entre autres,

o des modeles de référence exactement solvables (au sens de la physique statistique, voir le
chapitre 1) dont les courbes d’apprentissage correspondent exactement a des scenarios réalistes
peuvent étre définis a partir de données Gaussiennes corrélées.

Ce manuscrit s’articule autour de ces idées, commengant par les résultats les plus généraux, avant
de les utiliser dans des cas plus spécifiques correspondant & une famille de problémes convexes qui
définissent des estimateurs utilisés en apprentissage supervisé.

A cet égard, la Partie I est focalisée sur la dynamique en grandes dimensions des algorithmes AMP
pour une classe de modeles large ainsi que sur I'application des idées de conditionnement Gaussien
itératif pour ’étude des algorithmes de descentes de gradients stochastiques. Nous commencons,
dans les chapitres 2 et 3, avec des résultats publiés dans ’article

[110]  C. GERBELOT AND R. BERTHIER, Graph-based approximate message passing iterations,
arXiv preprint arXiv:2109.11905, (2021)



actuellement en revue. Ce travail étend les preuves d’équations d’évolution d’état (state evolu-
tion (SE) equations) de [11, 28, 12] & des itérations AMP composites en les indexant sur un graphe
orienté pouvant étre étendu arbitrairement pourvu que des conditions structurelles simples soient
vérifiées. Nous prouvons que toute itération AMP pouvant étre indéxée sur un tel graphe admet
des équations SE rigoureuses, et nous donnons la forme de ces équations. Le graphe orienté peut
étre composé arbitrairement pour fournir de nouvelles itérations AMP ainsi que leurs équations
SE, atteignant une flexibilité proche de celle des approches heuristiques basées sur des équations de
type Thouless-Anderson-Palmer (TAP) pour les probléemes multicouhces, notamment [194, , 13],
qui sont rendues rigoureuses par notre résultat. Nous montrons aussi comment des extensions ren-
contrées souvent dans les problemes d’inférence, comme les modeles plantés, des matrices spikées
ou encore du couplage spatial, peuvent étre inclues dans notre approche.

Une premiere application de ces résultats est proposée dans les chapitres 4 et 5, ou nous étudions les
dynamiques d’algorithmes AMP multicouches (MLAMP), initialement proposés dans [155], lorsque
les matrices Gaussiennes denses de mélange sont remplacées par des matrices de convolutions
aléatoires. Ces chapitres sont basés sur la publication, acceptée dans Advances in Neural Infor-
mation Processing Systems (NeurIPS) 2022,

[70] M. DaNIELS, C. GERBELOT, F. KRZAKALA, AND L. ZDEBOROVA, Multi-layer state evolu-
tion under random convolutional design, arXiv preprint arXiv:2205.13503, (2022)

La méthode de preuve repose sur 'incorporation de l'itération AMP avec les matrices convolu-
tionnelles au sein d’une itération plus large possédant des matrices denses pour laquelle la preuve
rigoureuse des équations d’évolution d’états peut étre conduite. La structure convolutionnelle est
conservée en ’encodant dans des non-linéaritées circulantes de l'itération plus large, maintenant
définie avec des variables a valeurs matricielles.

Dans le chapitre 6, nous continuons la discussion démarrée dans la section 1.7 de I'introduction qui
présente la dynamique en grandes dimensions des méthodes de descente de gradient. Nous montrons
que le conditionnement itératif Gaussien utilisé pour les preuves d’AMP de notre contribution [110]
peut étre utilisé pour prouver les équations de théorie dynamique & champ moyen (dynamical mean
field theory (DMFT)), adaptées a la descente de gradient stochastique dans [198], et récemment
prouvées dans un cadre plus restreint en utilisant une itération AMP & mémoire dans [50]. La
contribution principale de ce travail est de montrer que 'incorporation implicite de la descente de
gradient stochastique dans une itération de type AMP peut étre évitée, fournissant ainsi une preuve
compléetement explicite dans laquelle I'apparition des noyaux de corrélations a deux temps de la
dynamique DMFT de fait en suivant un raisonnement de récurrence. Nos résultats bénéficient aussi
de la généralité des lemmes intermédiaires prouvés dans notre contribution précédente [I10]. Ce
chapitre est basé sur la publication suivante, actuellement en revue,

[111] C. GERBELOT, E. TROIANI, F. MIGNACCO, F. KRZAKALA, AND L. ZDEBOROVA, Rigorous
dynamical mean field theory for stochastic gradient descent methods, arXiv preprint arXiv:2210.06591,
(2022)



Nous avancons alors vers la Partie II qui concerne des modeéles exactement solvables pour
I’apprentissage supervisé avec des transformations de prédicteurs réalistes ainsi que des modeéles de
données structurées. Nous commencgons par ’analyse d’'un modele convexe linéaire généralisé avec
une matrice de design présentant une structure corrélée par blocs, dans les chapitres 7 et 8, basés
sur les résultats proposés dans la publication

[176]  B. Loureiro, C. GErRBELOT, H. Cul, S. GoLpT, F. KRZAKALA, M. MEZARD, AND
L. ZDEBOROVA, Learning curves of generic features maps for realistic datasets with a teacher-
student model, Advances in Neural Information Processing Systems, 34 (2021), pp. 18137-18151

La structure corrélée par blocs de la matrice de données représente des transformations de prédicteurs
différentes pour le modele génératif planté et le modele d’apprentissage. La méthode de preuve est
basée sur le cadre des inégalités de comparaisons Gaussiennes proposé dans [281, , 571, et ob-
tient des formules qui correspondent aux prédictions effectuées a 1’aide de la méthode des répliques.
Nous montrons alors empiriquement que, pour une classe large de transformation de prédicteurs,
le modele Gaussien synthétique dont les matrices de covariance sont les mémes que les matrices de
covariance empiriques du jeu de données réel capture exactement les courbes d’apprentissage réelles
pour les taches de regressions, ce qui nous ameéne a la conjecture dite “d’équivalence Gaussienne”
(Gaussian equivalence conjecture) pour ces modeles. La conjecture ne semble pas tenir aussi bien
pour les problemes de classification, ce qui motive le besoin d’un modele de référence supplémentaire.

Nous nous tournons donc vers 1’étude de problemes de classification multiclasse dans les chapitres
9 and 10, que nous modélisons par ’apprentissage d’un nombre fini d’hyperplans séparateurs d’une
mixture de Gaussiennes arbitraire en utilisant un modele linéaire généralisé convexe. Ces résultats
ont été publiés dans l'article

[178]  B. LOUREIRO, G. SICURO, C. GERBELOT, A. PAcco, F. KRZAKALA, AND L. ZDEBOROVA,
Learning gaussian miztures with generalized linear models: Precise asymptotics in high-dimensions,
Advances in Neural Information Processing Systems, 34 (2021), pp. 10144-10157

La méthode de preuve utilise une trajectoire convergente [29, 22] d’une itération AMP construite
spécifiquement pour la résolution de ce probleme. Cette construction repose sur une représentation
de la classification de la mixture de Gaussiennes corrélées comme un probleme d’optimisation
couplé en espace [151, ] sur une variable matricielle, et présentant des effets non-séparables.
Les équations rigoureuses d’évolution d’état de cette itération AMP sont établis avec les résultats
de note contribution précédente [110]. Les résultats rigoureux sont une fois de plus en accord avec les
prédictions obtenues par des calculs de répliques. Les simulations montrent alors que, pour des jeux
de données simples comme MNIST ou Fashion-MNIST, les courbes d’apprentissages exactes pour
des taches de classification peuvent étre obtenues exactement en utilisant un modele synthétique de
mixture de Gaussiennes dont les moyennes et les covariances sont estimées empiriquement a partir
du jeu de données réel. Pour des données plus structurées ou des taches plus complexes, le nombre
de composants de la mixture de Gaussienne peut étre augmenté pour amener la prédiction proposée
par les formules obtenues pour le modele synthétique plus proche de la courbe réelle.

Motivés par 'importance des méthodes d’agrégation d’estimateurs en apprentissage automatique
ainsi que des informations que ces méthodes peuvent donner sur les réseaux de neurones [72], nous



nous tournons aux chapitres 11 and 12 vers 'apprentissage d’ensembles de prédicteurs, chacun
desquels est défini par un modele convex linéaire généralisé avec un modele de données Gaussi-
ennes corrélées par blocs similaire a celui proposé précédemment dans notre contribution [176]. Ces
résultats sont basés sur la publication

[177]  B. LOUREIRO, C. GERBELOT, M. REFINETTI, G. SICURO, AND F. KRZAKALA, Fluctua-
tions, bias, variance & ensemble of learners: Exact asymptotics for convex losses in high-dimension,
International Conference on Machine Learning (ICML), (2022)

La preuve repose sur une itération AMP a variables matricielles et & non-linéarités non-séparables
pour laquelle nous utilisons le méme contréle de trajectoire que dans nos études précédentes des
problémes de classification multitdches [178], et ou la validité des équations d’évolution d’état est
guarantie par les résultats de notre contribution [110]. Ici encore, nous observons que les prédictions
obtenues par les méthodes de répliques sont correctes. Nous utilisons ces formules pour étudier les ef-
fets de 'agrégation de prédicteurs, notamment en terme de réduction de variance et de régularisation
implicite, sur des taches usuelles comme la régression logistique ou ’apprentissage avec des car-
actéristiques aléatoires [233], ainsi que I'alignement des prédicteurs.

Enfin, la partie III présente des résultats publiés dans les articles

[108]  C. GERBELOT, A. ABBARA, AND F. KRZAKALA, Asymptotic errors for high-dimensional
convexr penalized linear regression beyond gaussian matrices, in Conference on Learning Theory,
PMLR, 2020, pp. 1682-1713

[109] C. GERBELOT, A. ABBARA, AND F. KRZAKALA, Asymptotic errors for teacher-student
convex generalized linear models (or: How to prove kabashima’s replica formula), arXiv preprint
arXiv:2006.06581, (2020)

L’apparition du second dans IEFEE Transactions on Information Theory est prévue. Ces résultats
sont des preuves de formules de répliques qui ont été obtenues par Y. Kabashima [138, , ] dans
le cas de modeéles convexes linéaires généralisés pour lesquels la matrices de données est invariante par
rotations a gauche et a droite, et dont les valeurs singulieres sont issues i.i.d. d’une distribution arbi-
traire & support compact. Le résultat du deuxiéme article [109] est plus général que celui du premier
[108], qui n’est donc pas reproduit dans cette these. Le lecteur intéressé peut néanmoins consulter
larticle [108] pour des formules plus simples ainsi que des exemples d’applications supplémentaires,
notamment concernant l'acquisition compressée. La méthode de preuve est basée sur la construc-
tion de trajectoires convergentes de l'algorithme de passage de message approximé vectoriel a deux
couches (2-MLVAMP) [212, 97], qui propose des équations d’évolution d’état rigoureuses pour des
itérations optimisant des modeles linéaires généralisés convexes dont les matrices de données sont
invariantes par rotations & gauche et a droite, et dont les valeurs singulieres sont issues i.i.d. d’une
distribution arbitraire a support compact. Etant donnée la structure des algorithmes de passage de
message approximé vectoriel, ’étude des trajectoires est différente de celles menées précedemment
pour des itération d’AMP classiques (& matrices denses Gaussiennes ou sub-Gaussiennes) : nous
reformulons I’algorithme de passage de message approximé vectoriel a deux couches en un systéme
dynamique, pour lequel nous déterminons une fonction de Lyapunov adaptée au probleme, en util-
isant des résultats de théorie du controle optimal, et plus particulierement des systeme dynamiques
sous contraintes intégrales quadratiques [166]. Nos résultats prouvent des guaranties de convergence



algorithmique pour des problemes suffisemment fortement convexes, et ces guaranties ne dépendent
pas de la haute dimensionalité du probleme. Sous une hypothese de concentration, nous montrons
qu'un prolongement analytique du résultat peut étre mené afin d’étendre la validité de la formule
de réplique a tout probléeme convexe. Nous proposons des simulations pour la formule de répliques
prouvées sur une grande variété de problémes ainsi que pour les guaranties de convergence algorith-
miques de 2-MLVAMP.

Nous proposons finalement une conclusion ainsi que des persepctives de travaux futurs, notam-
ment en ce qui concerne les problemes non-convexes, les résultats d’universalités ainsi que les taux
de convergence de taille finies dans le chapitre IV.



Some notations and abbreviations

r,x,X scalar, vector, matrix

(o)) inner product

N set of natural numbers

R real numbers

S;r set of semi positive definite matrices

ST’ set of positive definite matrices

[ norm

|1l 7 Frobenius norm

[[-1lop operator norm

a.s. almost surely

w.h.p. with high probability

of subdifferential operator of a (convex) function f

zer(A) zeroes of an operator A

ker(M) the null-space of a matrix M

Tr(M) trace of the matrix M

E mathematical expectation

Ex expectation with respect to a single random variable X
E[X|Y] conditional expectation of X given Y’

Xy conditional distribution of X given Y

o(X', X2, ..., X") sigma-algebra generated by the random variables X', X2, ..., X'
by Lebesgue measure, mean of a random vector

T~p the random variable z is distributed according to p

P Y the random variable x has the same distribution as y

Eif convergence in probability

22, almost sure convergence

Lik, convergence in the Plk sense (will be used for informal statements)
X, ; Y, for two sequences of random variables X,,,Y,, X, — Y, Lo

I, identity matrix of dimension d

F will usually denote a Hilbert space

X input space of a given function or operator, almost always euclidian
Prox, s proximal operator of a convex function f with parameter
My Moreau envelope of a convex function f with parameter v
span(M) the subspace spanned by the columns of M

P, PJM the orthogonal projector on span(M) and the orthogonal projector on its complement
N(p,X%) the Gaussian distribution with mean p and covariance X

10



ft, Ft
div(f)
Js

SE
AMP
GLM
MLAMP
VAMP

vector valued, matrix valued functions
divergence of a differentiable function f
Jacobian of a differentiable function f
Hessian of a twice differentiable function f
state evolution

approximate message passing

generalized linear model

multilayer approximate message passing
vector approximate message passing

11
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Foreword

This manuscript contains the work I did during my PhD at Ecole Normale Supérieure de Paris,
mainly under the supervision of Pr. Florent Krzakala. The main body of the text consists in an
introduction and three parts, which propose a rigorous analytical approach to the theory of high-
dimensional supervised machine learning with random data. This summary assumes the reader is
familiar with the field of high-dimensional probability, spin glass theory and supervised machine
learning. The reader unfamiliar with these topics may go through the introduction (Chapter 1),
and come back to this summary.

Organization of the manuscript and overview of contributions

Chapter 1 proposes a short introduction to machine learning and statistical learning theory, in order
to better motivate the need for approaches rooted in high-dimensional probability and mathematical
physics, as well as put them into perspective. We then give an overview of statistical physics of
disordered systems along with a few of the non-rigorous tools used in this field, such as the cavity and
replica method, or asymptotic relaxations of the belief-propagation algorithm. This naturally leads
us to the rigorous counterparts of those methods, which can be broadly understood as decoupling
procedures for complex probability measures, in order to decompose them into simple product
measures for which concentration results are easier to establish and, on a more practical side,
numerical evaluation becomes tractable and efficient. After providing a brief description of existing
results with i.i.d. Gaussian data, we highlight the main difficulties of bringing theory closer to
realistic scenarios, state of the art algorithms and the predictions from statistical physics :

e structured data naturally leads to non-separable problems, whereas a number of existing proof
methods dealt with separable ones,

e ensembling algorithms, committee machines and multiclass problems require proofs that give
the joint asymptotic distribution of finitely many estimators, rather than single ones,

o all problems are, in the statistical physics sense, at zero temperature, which impedes simpli-
fications given by Bayes-optimality such as the Nishimori identity,

 existing predictions in statistical physics show that exact asymptotics of approximate message
passing algorithms may be obtained far beyond generalized linear models, in particular for
multilayer problems with random weights or generative priors

e provided one can obtain the exact asymptotics for models with structured data, can we quan-
tify how realistic they are ?
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Section 1.7 then provides a glimpse of the main mathematical tools that will be used in this
manuscript, namely convex Gaussian comparison inequalities and most importantly, iterative Gaus-
sian conditioning in the context of approximate message passing algorithms. We also illustrate those
techniques on simple problems, in order to provide intuition on the results that will be obtained on
more complex models. The main reasons for which the goals listed above may be reached can be
summarized as follows :

e mnon-separable models can be handled using convex Gaussian comparison inequalities and
appropriate problem decompositions, but they break down for matrix-valued estimators,

o AMP iterations can be rigorously studied with both non-separable effects and matrix-valued
iterates, but to study a given estimator one needs to design an iteration converging to this
estimator,

o appropriate design and control of the trajectories of AMP iterations may be achieved system-
atically in the convex case,

e regarding dynamics, the iterative conditioning scheme at the heart of AMP proofs can be
extended to multilayer or composite problems involving several random matrices, low-rank
perturbations and more,

e benchmark, exactly solvable models that exactly match learning curves obtained on realistic
scenarios can be designed with synthetic correlated Gaussian data.

The manuscript is articulated around those ideas, starting with the most general results, before
specializing them to the family of convex problems defining estimators found in supervised learning.

In this regard, Part I focuses on the high-dimensional dynamics of AMP iterations for a wide
range of models and application of iterative Gaussian conditioning ideas to the study of stochastic
gradient descent. We start, in Chapter 2 and Chapter 3, with results that were published in the
preprint

[110]  C. GERBELOT AND R. BERTHIER, Graph-based approzimate message passing iterations,
arXiv preprint arXiv:2109.11905, (2021)

currently under review. This work extends the proofs of state evolution (SE) equations from
[11, 28, 12] to composite AMP iterations by indexing them on an oriented graph and proving
that any AMP iteration supported by such a graph admits rigorous SE equations. The graph may
be composed arbitrarily to provide new AMP iterations and their SE equations, matching the flex-
ibility of heuristic approaches based on TAP equations for multilayer problems, e.g. [194, , 13],
which are made rigorous by our result. We show how many of the refinements often encountered in
inference problems, such as planted models, spiked matrices or spatial coupling, can be accounted
for in our framework.

A first application of those results is proposed in Chapter 4 and 5, where we study the dynamics of
multilayer approximate message passing (MLAMP) [185] when the random, dense Gaussian matri-
ces are replaced with random convolutional ones. It is based on the preprint, currently under review,

[70] M. DaNIELS, C. GERBELOT, F. KRZAKALA, AND L. ZDEBOROVA, Multi-layer state evolu-
tion under random convolutional design, arXiv preprint arXiv:2205.13503, (2022)
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The proof method relies on an embedding of the AMP iteration with convolutional matrices into a
larger, matrix-valued one with dense Gaussian matrices where the convolutions are accounted for by
designing appropriate circulant non-linearities. In Chapter 6, we continue the discussion started in
section 1.7 of the introduction regarding the high-dimensional dynamics of gradient descent meth-
ods. We show that the Gaussian iterative conditioning ideas used for the AMP proof in [110] can
be used to prove dynamical mean field theory (DMFT) equations, adapted to gradient descent in
[198], and recently proven under a more restrictive setup using AMP iterations with memory in [50].
The main contribution is to show that the implicit embedding of gradient descent into an AMP
iteration of [56] may be avoided, providing a completely explicit proof were memory kernels of the
DMEFT prediction build up along the induction. Our result also benefits from the generality of the
intermediate lemmas of [110]. This Chapter is based on the following work accepted at Advances
in Neural Information Processing Systems (NeurIPS) 2022,

[111]  C. GERBELOT, E. TROIANI, F. MIGNACCO, F. KRZAKALA, AND L. ZDEBOROVA, Rigorous

dynamical mean field theory for stochastic gradient descent methods, arXiv preprint arXiv:2210.06591,
(2022)

We then move to Part II that is concerned with exactly solvable models for supervised learning
with realistic feature maps and data models. We start with the analysis of a Gaussian covariate
convex generalized linear model, in Chapter 7 and 8 proposed in the published paper

[176]  B. Loureiro, C. GERBELOT, H. Cul, S. GoLDT, F. KRZAKALA, M. MEZARD, AND
L. ZDEBOROVA, Learning curves of generic features maps for realistic datasets with a teacher-
student model, Advances in Neural Information Processing Systems, 34 (2021), pp. 18137-18151

where the design matrix has a block covariance structure, representing different feature maps for
the teacher and student model. The proof method is based on the convex Gaussian comparison
inequalities framework of [281, , 57], and matches the replica prediction performed by coauthors.
We empirically show that, for a wide range of feature maps, the synthetic Gaussian model with
matching covariances exactly captures realistic learning curves for regression tasks, leading to the
so called Gaussian equivalent conjecture for those models. The conjecture does not seem to hold as
well for classification tasks, prompting the need for another benchmark model.

We thus turn to the study of a multiclass classification problem in Chapter 9 and 10, modelled
by the task of learning a finite number of separating hyperplanes of a Gaussian mixture using a
matrix-valued convex generalized linear model. The results have been publihsed in the paper

[178]  B. LOUREIRO, G. SICURO, C. GERBELOT, A. PAcco, F. KRZAKALA, AND L. ZDEBOROVA,

Learning gaussian miztures with generalized linear models: Precise asymptotics in high-dimensions,
Advances in Neural Information Processing Systems, 34 (2021), pp. 10144-10157

The proof method uses a converging trajectory [29, 22] of a carefully designed AMP iteration,
involving a representation of the correlated Gaussian mixture as a matrix-valued, spatially coupled
[154, | problem with non-separable effects. The rigorous state evolution equations are established
using our previous results from [I 10]. The proof result matches the replica computation performed
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by coauthors. Simulations then show that, for simple datasets such as MNIST or Fashion-MNIST,
the exact learning curves of classification tasks may be predicted using a synthetic Gaussian mix-
ture model where the means and covariances of each cluster is estimated from the data. For more
structured tasks, augmenting the number of clusters makes the prediction more accurate.
Motivated by the importance of ensembling methods in machine learning and the insight they pro-
vide for neural networks [72], we turn in Chapter 11 and 12 to learning an ensemble of predictors,
each of which is defined according to a Gaussian covariate model similar to the one of [176]. The
results are based on the published paper

[177] B. LOUREIRO, C. GERBELOT, M. REFINETTI, G. SICURO, AND F. KRZAKALA, Fluctua-
tions, bias, variance & ensemble of learners: Exact asymptotics for convex losses in high-dimension,
International Conference on Machine Learning (ICML), (2022)

The proof is based on a non-separable, matrix-valued AMP iteration for which we use the same
trajectory control as in our previous study [178], and [1 10] for the rigorous state evolution equations.
Once again, the proof matches the replica prediction performed by coauthors. We use the formulas
to study the effect of ensembling on usual tasks such as logistic regression, random feature learning
and the alignment of different learners.

Finally, Part III presents results published in the papers

[108]  C. GERBELOT, A. ABBARA, AND F. KRZAKALA, Asymptotic errors for high-dimensional
convex penalized linear regression beyond gaussian matrices, in Conference on Learning Theory,
PMLR, 2020, pp. 1682-1713

[109] C. GERBELOT, A. ABBARA, AND F. KRZAKALA, Asymptotic errors for teacher-student
convez generalized linear models (or: How to prove kabashima’s replica formula), arXiv preprint
arXiv:2006.06581, (2020)

the second of which is currently in review. These results are proofs of replica formulas that were
obtained by Y. Kabashima [138, , ], for the specific case of convex generalized linear models,
where the design matrix is left- and right-rotationally invariant with a spectrum sampled i.i.d. from
an arbitrary distribution with compact support. The result of the second paper [109] is more general
than the first one [108], thus the latter is not reproduced here. The reader may nevertheless consult
the paper [10%] for simpler formulas and more examples of applications. The proof method is based
on the construction of converging trajectories of the 2-layer vector approximate message passing
(VAMP) algorithm [242, 97] which proposes rigorous state evolution equations for iterations solv-
ing generalized linear models with rotationally invariant matrices. Due to the structure of VAMP
algorithms, the study of trajectories is different from those of the AMP sequences discussed before
: we reformulate 2-layer VAMP as a dynamical system, for which we find an appropriate Lyapunov
function, using results from control theory [166]. Our result provides algorithmic convergence guar-
antees for sufficiently strongly convex problems that do not depend on the high-dimensional nature
of the problem. We provide numerical simulations for both the proven replica formula on a variety
of generalized linear models and the algorithmic convergence of 2-layer VAMP.

We conclude with a brief discussion on future directions and the bibliography in Chapter V.
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Remark For the papers [105, , ], the author was the main contributor to all aspects of the
work (writing, simulations, figures, technical statements and proofs). For the papers [170, , ,

] the author’s contributions were the technical statements/results and related rigorous proofs of
formulas obtained using the replica method, which were part of the litterature for [70], and were
performed by collaborators B. Loureiro, G. Sicuro and H. Cui for [170, , 177]. The author also
contributed to the writing of non-technical statements and discussions of those papers. The proofs
of the technical results are constructive in that the replica results are not required in advance.
Nevertheless, having access to the replica prediction was helpful to understand how the problems
could be decomposed to fit the rigorous frameworks of convex Gaussian comparison inequalities
and approximate message passing iterations. The replica computations are not reproduced in this
thesis and can be found in the original papers, along with simplifications that were used in specific
cases for examples and figures. In [70], M. Daniels presented discussions and related works for deep
generative models that are not reproduced in this thesis. The interested reader may consult the
original paper for further details.

Work not included in this thesis We did not include the following preprint under review

[65]  E. CORNACCHIA, F. MiGNAccO, R. VEIGA, C. GERBELOT, B. LOUREIRO, AND L. ZDE-
BOROVA, Learning curves for the multi-class teacher-student perceptron, arXiv preprint, (2022)

which provides a proof of the replica formula for the convex multiclass perceptron. The author
only provided the rigorous proof and did not contribute to the main body of the paper outside
of the technical statement. The proof is also based on a converging trajectory of a matrix-valued
AMP algorithm and constitutes a simpler instance of the proofs from the aforementioned works
[178, 177]. Tt extends the Bayes-optimal results of [15] proven using the Guerra interpolation to the
zero-temperature, convex case.



Chapter 1

Introduction

Although machine learning is now an established field with firm theoretical grounding in opti-
mization, probability and statistics, the recent empirical success of deep learning often challenges
the usual knowledge of statistical learning theory. From self-driving cars to numerical solvers for
high-dimensional systems of partial differential equations, the possibilities offered by the variety
of methods encompassed by artificial intelligence go well beyond problem-specific combinations of
statistical estimators. This has prompted a surge of interest into new theoretical approaches to
bridge the gap between the fast paced empirical progress and slower paced theoretical one. The
goal of this chapter is to briefly present the core concepts in machine learning, statistical physics
and probability that motivate the family of problems investigated in the present work as well as the
theoretical approach that is chosen. Naturally, the presentation is far from exhaustive and pointers
to appropriate references are provided throughout.

1.1 Artificial intelligence

One way to approach the field of artificial intelligence is through the formalization of physiological
concepts. For instance learning to perform a given task from examples, defining notions of similarity
to organize a set of unknown objects into groups or adapting a behaviour to an environment for an
organism to thrive. The mathematical formulation of these notions leads to the three main method-
ologies of modern machine learning, see e.g. [200], respectively : supervised learning, unsupervised
learning and reinforcement learning. In supervised learning, one seeks to reconstruct a function,
or probability distribution, the output of which we observe through a given set of samples, the
training set. Unsupervised learning consists in defining a notion of similarity in order to separate
a given set of elements into groups where members of each group approximately have the same
measure of similarity. Reinforcement learning relies on the optimization of a reward function with
a sequence of decisions based on a time varying interaction with an unknown environment. Those
three problems have close ties to existing fields with extensive litterature. Statistical inference [292]
and signal processing [1 5] are both concerned with the reconstruction of quantities (codes, images,
...) based on available measurements, while kernel density estimation in nonparametric statistics
[293] can be used on a non-labeled dataset to estimate the underlying density that generated the
samples. Finally, the optimization of a desired outcome from a time-dependent process is at the
core of control theory [116]. We may therefore wonder what makes machine learning different, and
more precisely, given the variety of theoretical results in the existing fields discussed above, what
technical challenges are brought by the practical goals of artificial intelligence.

22
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A first difficulty is the absence or lack of knowledge about the ground truth operating behind
either labels, data points or the environment. Indeed, while in control theory one seeks to optimize
a strategy given a known system, reinforcement learning adds the process of discovering the envi-
ronment. A second difficulty comes from the high-dimensional nature of the problem, brought by
the increasing amount of available data for a number of tasks and large number of parameters in
state-of-the-art models. Classical statistics result for instance, where the number of predictors is
usually assumed to be much smaller than the number of data points, are known to break down when
the dimension becomes comparable or larger than the number of samples [292]. Finally, machine
learning aspires to be ”intelligent” : not only do we want to solve the aforementioned problems, but
we want the methods to adapt to whatever structure is present in each instance, without having to
manually tailor them to those structures. For instance any high-dimensional problem intrinsically
depending on a latent space of lower dimension should be identified as such by the algorithm, which
would then learn an optimal approximation of the target function on this latent space.

1.2 Supervised learning

Let us now focus on supervised learning, which will be the motivation for the problems considered
in this work. Our main reference for this part is [200].

1.2.1 Empirical risk minimization

Consider a given set of n points (x1,...,%,) in R% labeled according to a hidden joint density
p*(x,y). The set (x1,...,Xp,y), where the vector y € R™ contains the available labels, is referred
to as the training set. The goal is to find a candidate function f : R? — R belonging to a chosen
candidate functional space F in order to best reproduce the joint density p*(x,y). To do so, the
usual approach is to minimize an error measure defined by a cost function C : R?> — R, leading to
the following optimization problem over the expected risk

fe I Exgyepr [C(F()9)]- (1.1)

However, since we only have access to a finite set of realisations of p*, the expected risk is replaced
by the empirical risk, leading to

Femt LS ot (1.2)
=1

fer n“

which, assuming the samples are drawn independently, should be a logical proxy for problem (1.1)
according to the law of large numbers. The difference in performance between the estimators
obtained from the expected and empirical risk is the generalization error, i.e. the ability of a
model trained on a finite number of samples to predict new labels reliably. The complexity of the
probability distribution p* and dimensionality of the problem will govern how well the empirical
risk approximates the expected one for a given number of samples. We can thus expect that these
quantities will directly appear in theoretical predictions for the performance of a given estimator.
Then, the expressivity of the functional space F, that is the variety of functions it can express,
also plays a key role. A typical example of this is polynomial regression of a sinusoidal function in
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one dimension, see e.g. [10]. On the one hand, if no limitations are placed on the degree of the
polynomial, any finite set of pairs (x,y) sampled from the ground-truth can be interpolated by the
corresponding Lagrange polynomial, which can vary greatly for different realisations of the dataset,
even if it captures complex behavior on a single dataset : the estimator is overfitting the dataset.
On the other hand, if we restrict the candidate functional space to linear or quadratic functions, the
model will be too simple and present a high bias with respect to the ground truth. This dilemma
is referred to as the bias-variance tradeoff in machine learning. The common approach is then to
choose a fairly expressive set of functions and add a regularization term to the problem (1.2) by
constraining the norm of f :

R 1 N

€ inf =Y C(f(x),y:;)+ A 1.3
Fepmt 3 CUbau) + A (13)
where X is a positive scalar parameter. For a concrete example, if F is a Sobolev space, the
regularization term will constrain the total variation of higher order derivatives and impose a degree
of smoothness depending on the value of A. The main practical challenges of supervised learning
can thus be summarized as follows

e the choice of the candidate functional space F
o the choice of the loss function (and regularisation)
o the choice of the optimization algorithm to solve problem (1.3)

The main theoretical challenge is to have mathematical justifications for these choices.

1.2.2 Choosing the candidate functional space

The appropriate transformation of data can lead to drastic simplification of a problem. For instance,
consider a 2-dimensional task of separating datapoints distributed according to two noisy concentric
circles. Parametrizing the boundary between the two sets for classification purposes can seem
difficult when adopting a naive approach. A simple change of parametrization from the initial
(w1, 22) to polar-like coordinates (x2,v/2x122, 23) leads to a linear boundary [265]. In this example
however, the human eye spots the circular geometry of the data, which may be much harder to do
in high-dimension, with structures that go well beyond concentric circles !

Linear models Following the statistics litterature, e.g. [292], the most common estimators are
linear ones, parametrized by a weight vector denoted w € R%. Concatenating the samples (X1, ..., X;,)
into a design matric X € R™*?  the optimization problem defining a linear estimator then reads

inf ! zn: C(w'xi,yi) + Ar(w) (1.4)
=1

weRd N P

where the the function 7 : R — R is typically a norm, and we consider any intercept as included in
the dimension of the input space d, without loss of generality. Although linear models have weak
expressive power, they are both simple to implement and to analyze theoretically. In the case of
convex cost and regularization functions, they form the family of generalized linear models (GLM),
the basis of many machine learning algorithms such aas least-squares regression or max-margin
classification. Finding an appropriate functional space can then be seen as finding a mapping
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¢ : R — RP, that should be tailored to each problem instance. Such mappings are often referred
to as feature maps in the machine learning litterature, leading to the formulation :

weRP

1 n
inf — To(xi), vi) + A 1.
B, 3O 00k + M) (15)
where 7 is now defined on R?. Refining linear models then resides in finding the good feature map.

Kernel methods The originally predominent method to choose feature maps were kernel methods
[258, |, which is a form of non-parametric regression. The idea is to use a reproducing kernel
Hilbert space (RKHS) [10], as the candidate functional space, and use its reproducing property to
find a tractable form of the optimization problem now defined over a potentially infinite dimensional
feature space. The target RKHS is defined by a reproducing kernel, i.e. a bilinear symmetric function
K : X xX — R, and is composed of all linear combinations of the functions K(x;,.) supported
by the points in X along with the pointwise limits of the corresponding Cauchy sequences. The
reproducing property then states that for any function f in the RKHS, its value at any point
x; can be expressed through the inner product f(x;) = (f, Kx,)r. Provided the cost function is
increasing in || f|| , which is easily enforced with the regularisation, an orthogonal decomposition
shows that the predictor can be expressed as a linear combination of the kernel functions supported
by the points in the dataset, i.e. there exists a vector a € R" such that f =377 ; o; K(x;,.). The
optimization problem (1.3) can then be expressed as

: 1 & T
aléllgn - ; C((Ka),,y:) + Ar(a’ Ka) (1.6)

effectively reducing the search to an n—dimensional linear regression, where the kernel matriz
K € R™" is defined by K;; = K(x;,x;) for any 1 < 4,j < n, and is positive definite, see e.g.
[265]. This result is called the representer theorem and spawns a wide range of models which can
be analyzed theoretically using functional analysis combined with the framework of linear models.
Reproducing kernels can then be manually tailored depending on the different tasks at hand, rang-

k
ing from polynomial kernels K(x,x') = (1 +xTx ) for vector-valued data to the Fisher score of

probabilistic models for strings (sentences, DNA sequences, etc ...). Despite their elegance, firm
theoretical grounding and apparent limitless expressive power, kernel methods are not adaptative :
each reproducing kernel has to be chosen manually and tuned for each problem, and linear combi-
nations or products of usual kernels hardly solve this issue. Finding a correct basis to decompose a
function on is also a long standing problem in harmonic analysis, with Fourier and wavelet decom-
positions [185] being the most widely used examples in statistics, signal processing and machine
learning. As is the caase with kernel methods, Fourier or wavelet decompositions still rely on a fixed
set of basis functions. Although adaptative methods using wavelet decompositions can achieve im-
pressive performance on complex tasks such as image recognition [52], the family of feature maps
now holding the state of the art in close to all applied fields are neural networks.

Neural networks Inspired by biological neurons, the perceptron was proposed by Rosenblatt
[215] as a model of information storage in the brain. It is simply defined as a sigmoidal activation
function, a hyperbolic tangent for instance, taking as input a scalar product.

J(x) = o(w'x) (L.7)
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where w € R? are the trainable parameters of the model. Compositions of linear combinations of
perceptrons led to the the multilayer perceptron (MLP), the first deep learning model, along with

its gradient-based optimization [219], with the notable application of document recognition [157].
Neural networks keep breaking benchmarks on tasks of increasing complexity in computer vision
[150], natural language processing [201], etc ..., and routinely solve NP-hard problems for reasons

that are still unclear. A neural network with L layers is thus a parametric model with parameters
Wi, ..., W, where, for any 1 <i < L, W; € R%*"-1 with ng = d, the input dimension.

fx)=0r(Wror_1 (Wp_1..00 (Wix))) (1.8)

From an approximation point of view, multilayer perceptrons are known to be able to approxi-
mate any continuous functions, when sufficiently wide, under mild conditions [69, 20], while being
completely parametric. The empirical risk minimization problem now reads

n

inf % Y- Clon (Wron 1 (Wi o1 (Wixi)) ) + Ar (Wi, Wa) - (19)

which can be optimized explicitly using gradient based methods. Empirically, neural networks seem
to adapt and learn automatically the appropriate representation from data, and therefore solve the
problem of finding the appropriate basis change we are looking for. An entire bestiary of network
architectures now exists [ 19], with a variety of practical tricks to improve generalization, trainability
or interpretability. One can naively interpret the success of deep learning with the fact that neural
networks are a heavily parametrized and completely tunable way to represent arbitrary functions.
However, this intuition does not answer the questions of choosing the aactivation functions, the
width and depth, how to regularize, etc ... Finding the appropriate functional analysis framework
to describe neural networks and their adaptative properties is an active research topic, see e.g.
[234, , 16, ] and is beyond the scope of this thesis. As advocated by approaches inspired by
statistical physics, we will focus on simpler models that capture some of the empirical behaviours of
neural networks, and that can be studied exactly. But for now, let us continue with our description
of supervised learning.

1.2.3 Loss functions and optimization

Supervised learning tasks are usually separated into two types : regression and classification. Re-
gression aims at reconstructing a function with continuous output, while classification is concerned
with finding a discrete valued function that best separates object into groups labeled by the output
of the function. For regression, the square loss appears as a natural choice : the further away we
are from the available output, the larger the cost. For classification however, the cost should be the
same for all predictions falling into the wrong class, and zero for the correct ones. This prompts
the use of the 0 — 1 loss, whose discontinuity makes it difficult to optimize. The most widely used
method is to use convex surrogates, such as the hinge or logistic losses, which approximate the 0 —1
behaviour in a smoother manner and benefit from the optimization guarantees of convexity [244].
Once a convex objective is formulated, a wide variety of optimization algorithms can provably reach
the estimator of interest in polynomial time, such as gradient descent [212, 19] or proximal based
methods [50, ]. We will give more background on proximal operators later on, as they will play
a key role in some of our results. As mentioned above, a kernel regression problem can be reduced
to a linear model, thus, once a convex loss and regularisation are chosen, methods from convex
optimization also apply to kernel methods. For neural networks however, the objective function is
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highly non-convex and the number of parameters can be quite large. The methods of choice for
deep learning are stochastic gradient descent (backpropagation in deep learning) [219] along with a
variety of landscape and data adaptative variants [37, ]. Theoretical guarantees for non-convex
landscapes are much harder to obtain that for convex ones, and consitute an active research topic
in optimization [134]. Controlling high-dimensional trajectories of a certain class of algorithms will
turn out to be crucial in this thesis, and we will also study algorithmic convergence properties
that do not depend on the dimensionality of the problem. While exact asymptotics for stochastic
gradient descent methods that do not depend on convexity will also be proven, we will not study
converging trajectories in non-convex settings.

1.3 Statistical learning theory

The goal of statistical learning theory [18, | is to provide robust bounds to estimate the per-
formance of a given estimator f defined by (1.3) for a given task. Robustness is at the heart of
the approach, in order for the predictions to hold in a wide range of practical cases which may in-
volve complex underlying functions or data distributions. The aforementioned bias-variance tradeoff
can be formalized by introducing the Bayes error, i.e. the minimum achievable error for a given
cost function if we assume the distribution p*(x,y) is known, leading to the Bayesian decision
[Bayes(x") = inf,E[C(z,y)[x = x'|. Defining the cost Ry = E[C(f(x,y))], the excess risk for an
estimator f can then be decomposed as

‘R 7~ Btpayes

= ’Rf —}gger’ +

inf — . 1.1
flg}— Rf RfBayes ( 0)

E1q Es

The term FE; represents the error coming from the approximation of the expected risk by the em-
pirical risk, and will become larger as overfitting becomes predominent. The term Es represents
the approximation error, that is the ability of the candidate functional class F to approximate the
Bayesian decision fg. We thus recover the dilemma of expressivity described in section 1.2.1. The-
oretical analysis of the approximation error often involves the decomposition of the target function
on a suitable basis of the candidate functional space, for instance spherical harmonics if we assume
the data points to have bounded norm, enabling direct comparisons of the coefficients. This usually
gives rates of approximation mainly depending on regularity assumptions of the underlying truth
(smoothness, etc ...). The litterature on function approximation is quite extensive, notably in nu-
merical methods for partial differential equations, harmonic analysis and non-parametric statistics,
and approximation error proofs are often based on related methods. Bounding the generalization
error term FEj is more characteristic of machine learning, and rests on the notion of uniform bounds,
i.e. the convergence of the empirical risk to the expected one over all functions in the class. Such
control may be achieved using the Rademacher complexity, which represents the ability of a given
function class to fit random noise, and reads

2 n
Rx(f) = Exq blelgln ;mf(xz')] (1.11)

where the o0;’s are i.i.d. Rademacher variables and x is the data distribution. We give an example
from [18] for d =1
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Theorem 1. For all § > 0, with probability at least 1 — o

VieF E[fmy)] < LY flany) + %&(fﬂw (1.12)
=1

3

n

The game of bounding the generalization error then consists in accounting for higher dimen-
sionality d, and explicit evaluation of the Rademacher complexity using structural assumptions on
the functional class F, see e.g. [22]. Uniform bounds in statistical learning theory can also be
understood from the point of view of upper and lower bounds of random processes, which we will
use for a family of Gaussian processes, which are presented in [258] in a common, succinct and
elegant way in chapter 7 and 8 of [288]. Although these bounds are robust and adaptable to a wide
range of machine learning problems, it can be difficult to control the tightness of the bound or more
intuitively, how far the actual behaviour of an estimator actually is from the upper bound. Also, the
bounds are agnostic to the data distribution and taking the supremum over the functional class, i.e.
considering the worst possible function, may not be the most representative way of what happens
on average. Furthermore, in modern applications both the number of samples and the dimension of
the feature space are very large. Indeed, for a polynomial kernel of degree k on an original feature
space of dimension d, the new feature space is of dimension (dzk), while modern neural networks can
have sevral thousands (even millions) of parameters [150, |. It may therefore be interesting to
consider simpler benchmark problems, with explicit data distributions, ground truth and candidate
functional spaces, where exact solutions can be obtained using stronger statements in concentration
of measure and large deviation theory. This is precisely what has been done in statistical physics
for over a century.

1.4 Statistical physics of disordered systems

This section is largely based on the lecture notes [155]. Long before machine learning, extracting
meaningful quantities from a large number of interacting random variables has been at the heart
of statistical physics for over a century. Models in statistical physics aim at understanding the be-
haviour of macroscopic physical systems composed of many microscopic particles through a reduced
number of scalars, often called order parameters. The study of magnetism in solids [295] brought
early versions of notions commonly used in machine learning such as the mean field approximation,
for example. Considering the average number of particles in physical systems, typically Avogadro’s
number of 6.022e23, the application of natural laws from classical, quantum or relativistic mechan-
ics to each individual particle appears unrealistic. Particles are thus described by ensembles, i.e.
probability distributions describing the likeliness for the system to be in a given state.

Equilibrium statistical physics In equilibrium statistical physics, the most commonly used
description is the Boltzmann probability distribution defined over a set of n particles (wy, ..., wy),
where n will be assumed very large. The particles interact according to the potential, or Hamiltonian
H :R™ — R at an inverse temperature 3, leading to the joint distribution of particles

1 (T
P (W1, wy) = exp PHUwitizy, n) (1.13)

The partition function Z,(B8) = [yn €xp —BH{wi}izs,. H dw; plays a key role in statistical physics,

log(zn)

in particular in the form of the free energy ®, , which is closely related to the moment



CHAPTER 1. INTRODUCTION 29

generating function of the Boltzmann measure. Note that, by taking the zero temperature limit
in Eq.(1.13), the problem reduces to finding the ground state of the Hamiltonian. The Boltzmann
measure formulation thus contains both the sampling and optimization approaches to estimation,
depending on the chosen value of . This will be discussed further in the next section. One of
the simplest examples is the Curie-Weiss ferromagnet [295], where a systems of d random variables
(81, ..., $n) (spins) taking values in {—1,+1}" interact according to the potential

1
Hin (81505 8n) = ™ Z 5185 — thi (1.14)

1<i,j<n i

The goal in this problem is to find the asymptotic value of the average magnetisation § = % S si,
when the number of particles diverges. A fully rigorous combinatorics argument then shows that,
in the high-dimensional limit, the free energy converges to the optimal value of the one-dimensional
optimization problem

nangO ®,, = sup ¢(m) (1.15)
where ¢(m) = H(m)+ %ﬁmQ + Shm (1.16)
and H(m):—lzmlog<1zm>—(1_2m>10g (1—2m> (1.17)

whose zero-gradient condition reads
m = tanh(S(m + h)) (1.18)

. This leads to a large deviation principle for § which shows that, if equation (1.18) has a unique
solution m*, then 5 converges with high probability to m*. This example illustrates the intuition
at the heart of statistical physics : to understand the behaviour of a complex, high-dimensional
system with an asymptotically exact relation involving only low dimensional quantities and simple
functions. Models admitting asymptotic characterizations of this flavour are called ezactly solvable,
and the related low dimensional equations form the mean field description of these systems. An
entire bestiary of exactly solvable models can be found in the statistical physics litterature, going well
beyond the equilibirum Boltzmann measure, notably out-of-equilibrium problems and disordered
systems, which we will now describe.

Disordered systems Disordered systems are sets of particles whose interactions are parametrized
by additional random variables. A notable example are spin glasses, originally models to under-
stand magnetism in solids. The simplest instance is the random field Ising model, for which the
Hamiltonian reads
Hn(sl, ...,Sn) = —— Z SZ‘Sj — Zhisi (1.19)
2n @ ,
1<i,9<n 7
where the h is a vector with i.i.d. AM(0,A) elements. In similar fashion to the Curie-Weiss model,
the average magnetisation obeys a large deviation principle governed by the fixed point equation

m = E [tanh(8 (b +m))] (1.20)

Beyond the actual phenomenology of the model, introducing the disorder h leads to a key technical
difference : the rigorous combinatorics argument leading to the solution of the Curie-Weiss model
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does not go through for the random field Ising model. Various non-rigorous methods were developed
in theoretical physics to tackle problems involving disordered Hamiltonians, notably the replica
method [196]. Based on the identity log Z = lim,,_¢ Znn_l, the replica method allows to compute
the moments of a Boltzmann measure by decoupling the powers in the integral defining Z™ using
field-theoretic arguments and heuristic central-limit like results. The final step of taking the limit
n — 0 is also heuristic. The replica method was famously used by recent Nobel Prize recipient
Giorgio Parisi [225, 220] to study the landscape of the Sherrrington-Kirkpatrick Hamiltonian [266],
defined by the optimization problem

sup s As (1.21)
se{—1,+1}»

where A is an element of the Gaussian orthogonal ensemble GOE(n). The variational principle
governing the set of solutions to this problem is far more complicated than that of the Curie-Weiss
or random field Ising model, and still motivates research to this day [279, , ]. Replicas and
other theoretical physics inspired methods, although originally meant for spin glasses, have been
successfully applied to a variety of problems such as coding theory, combinatorial optimization and
more recently, machine learning [215, , , ]. The reader familiar with the probabilistic
approach to machine learning will recognize some of the concepts inherent to statistical physics :
approximating a distribution with a simpler one for optimization and tractability purposes is one
of the main goals of variational inference [290], where the term mean field is often used as well. A
common relative to those fields can be found in the belief-propagation [100, ] algorithm, which
is mainly known as an iterative marginalization procedure exploiting the conditional independence
structure of probability distributions supported by graphical models. The intermediate, partially
integrated marginals that are transmitted in the algorithm are often called messages. An early
instance can be found in physics, once again in a model to study magnetism in solids, in the
theory of superlattices [35]. A limitation of belief-propagation is the restriction of its exactness and
convergence to tree graphical models, and generalizations of the algorithm to loopy graphs have been
the subject of intense scrutiny both in statistical physics [195] and machine learning, see e.g. [299]
and references therein for the machine learning part. For disordered systems, the asymptotic analysis
of belief propagation and the approximation of complex probability distributions by locally tree-
like graphs has led to the so-called cavity method and Thouless-Anderson-Palmer (TAP) equations
[196], which reduce the problem of computing a complex partition function to solving a set of
scalar, non-linear equations. The intuition underlying those methods is once again a heuristic form
of concentration of measure : messages in the BP algorithm, or consistency conditions of individual
marginals can lead to simple, asymptotically exact low-dimensional descriptions in the large system
limit. Spin glasses have thus provided a true cornucopia [8] of methods to obtain large deviation
principles and concentration results on a priori intractable problems. Since these results are heuristic
but in most cases extensively verified through simulation and surprisingly robust, it appears quite
natural to attempt to understand the mathematical reasons operating behind them.

The rigorous approach : high-dimensional probability The description of statistical physics
given above highlights the value of its insights for probability theory : a wide range of a priori highly
non-trivial probability distributions exhibit large deviations principles and concentration properties
that enable to characterize new phenomena in probability theory and random geometry, for instance
the asymptotic volume of the intersection of a discrete cube {—1,+1}? with a number p = ad of
ii.d. random half-spaces [102]. An entire branch of probability theory is therefore devoted to
the rigorous mathematical study of spin-glass like systems [279, ], and has given birth to an
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extensive mathematical toolbox whose main purpose can be summarized in the following way : for
a given probability measure involving a large number of interacting, high-dimensional particles, find
a decomposition as a product measure of simple components, typically independent, parametrized
by a finite set of low-dimensional parameters, that captures the exact asymptotic behaviour of the
original measure. Once this decomposition is found, it becomes much easier to study concentration
properties using existing results for independent random variables, see e.g. [17, ]. Concentration
of measure [160] and large deviations [280] are thus omnipresent in this field, with ties to extrema
of random processes [161], random matrices [7] and applied mathematics, notably in optimization
[117] and sampling [119]. The need to make predictions obtained with statistical physics methods
rigorous and ground them in concrete mathematical concepts is particularly relevant for machine
learning, where robustness holds a central place. The litterature on rigorous results inspired by
statistical physics thus extends to the machine learning setup, joining high-dimensional statistics
and applied probability. This thesis is a contribution to this field, and proves results in the context
of the statistical physics approach to supervised learning, which we now describe.

1.5 Statistical physics of supervised learning

The benefit of the statistical physics methodology, along with the corresponding rigorous mathe-
matics, is quite clear : obtaining an exact description in terms of simple distributions allows to
compute all the quantities a statistician would be interested in : reconstruction error, confidence
intervals, rates, etc ... The typical framework studied in this field is the teacher-student scenario,
see, e.g., [300] where the performance of a given learning method (the student) is studied in the
recovery of a given generative model (the teacher). The usual formulation is that of probabilistic
inference : consider a ground truth vector wo € R? ditributed according to a probability den-
sity po.w(wo). We then observe an output of n observations y € R" from a transition probability
Do,y = Poy(¥|Wo), which may include other sources of randomness such as noise. The goal is to
reconstruct the ground truth vector wy and transition probability pg,. The minimum mean squared
error estimator (MMSE) then reads, using Bayes rule

= Elwly] = s [ oW (31w)du(w) (122)

where p is the Lebesgue measure on R%. Here we assume that the probability distributions defining
the ground truth are known, which means we may study the actual MMSE : this is the Bayes-
optimal scenario. It is particularly relevant for signal processing, or to evaluate fundamental limits
of inference such as recovery thresholds from noisy measurements. Indeed, for square integrable
random variables, the conditional expectation represents the best possible approximation in 5 norm
of a random variable given the sigma-algebra of the observed one. In the non-Bayes optimal scenario,
the ground truth distributions are not available, and we postulate a model p; (W), p1,,(y|w) to
estimate wg with

W= Elwly = 5o [ wpra(wpy 31w)du(w) (1.23

Z(y
where y is observed. To recover the optimization problems usually found in supervised learning,
consider the postulated densities

Piw X exp(=fr(w))  puy(y|w) o exp(=SL(w,y)) (1.24)
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where L,r are usually positive functions, and 3 a positive scalar parameter. We thus recover a
Boltzmann measure

Wi = E[wly] = Z(ly) [, wexp(=Br(w)) exp(~BL(w,y))du(w) (1.25)

As mentioned in section 1.2.1, the transition probability corresponding to supervised learning will
depend on a design matrix X € R"*? through the product Xw for linear models. Here, by linear
model, we also mean with respect to a feature map such as a kernel or a learnt neural network. The
estimator then reads

g = Efwly] = s [ wesn(=8 (L(Xw.y) + r(w))di(w) (1.26)

In order for this model to be exactly solvable, an assumption on the design matrix should be
made, the most classical one being i.i.d. normal elements with variance é. The Boltzmann density
ﬁw exp(—f (L(Xw,y) + r(w)))w may then be studied using tools from disordered systems, in
the proportional limit n,d — oo with n/d = « for finite values of «, leading to asymptotically exact,
closed form expressions for key quantities such as the average mean-squared error éHW - W0||§ or
the average test error between the output of the postulated model with respect to the ground truth
on a fresh data sample. At strictly positive temperatures, i.e. finite 3, the problem of estimating
W boils down to the evalutation of a posterior mean, for which the belief-propagation algorithm
is particularly suited. Although the graph representing the Boltzmann distribution Eq.(1.26) is
dense, the corresponding BP equations can be simplified in the high-dimensional limit, showing
that the messages are asymptotically Gaussian in the case of independent elements (not necessarily
identically distributed), with appropriately scaled variance, leading to the family of approximate
message passing algorithms [280, ]. These algorithms have then been sucessfully used in statis-
tical inference with random design, notably starting with the LASSO [83, 84, 85]. AMP iterations
and the related proofs will be one of the central subjects of the work that follows, thus we postpone
further background to the next sections. Assuming the minimum of the cost L(Xw,y) + r(w) is
well-defined, we may take the § — 400 limit and use Laplace’s approximation to recover the setup
of empirical risk minimization :

li o inf L(X 1.2
Gim W €inf - L(Xw,y) +7(w) (1.27)
which is indeed the typical supervised learning setup for a linear model. Now that the link between
statistical physics and empricial risk minimization has been provided, we will put aside the prob-
abilistic formulation of supervised learning leading to Boltzmann-like measures and focus on the
high-dimensional optimization problem :

we inf  L(Xw,y)+r(w) (1.28)
weRd
such that y = fo(Xwy), (1.29)

where fy : R” — R represents a label generating function, which may include additional sources of
randomness such as noise, and is generally separable across lines. In the case where the functions
L,r are convex, the minimization problem (1.28) represents the class of convexr generalized linear
models, the building block of modern machine learning. These estimators include the most basic
and most widely used models in statistics and machine learning, notably the ridge regression,
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logistic regression and the LASSO. One can also consider the ensembling of a finite number K of
predictors, which represents the simplest instance of a neural network, for which the optimization
problem becomes

We inf L(XW, W 1.30
wit o LEXW.y)+7(W) (1.30)
such that y = fo(XWy) (1.31)

where W0 is now in R¥”*X | and fj is typically a function of the form fo(XWj); = qb(% Zszl W x;)
for some function ¢ : R — R representing the action of fy on each sample. Numerous works
characterized the asymptotic properties of such estimators for different instances of Eq.(1.28) in
the case where X has i.i.d. N(O0, é) elements, see [29, , 82, , ] for instance, and the
related works sections of subsequent chapters for more references. Although these results led to a
better understanding of some important building blocks, the restriction to i.i.d. Gaussian matrices
drastically limits their practical usage, notably from the point of view of feature maps, which are
fundamental to understand realistic machine learning scenarios.

1.6 Goal of the present work and technical challenges

How can we add realisic structure to models of empirical risk minimization while keeping exactly
solvable problems ? A natural extension to the i.i.d. Gaussian design case is to add a covariance
matrix ¥ € R4 which can represent the covariance operator of a given kernel, learnt features from
a neural network or simply the original data. The simplest instance of exactly solvable empirical
risk minimization is ridge regression with linear ground truth, which reads

N 1 A2\ 2
w e ngﬂgd 5”3’ — Xwl| + ?HWHQ (1.32)
where y =Xwg+e€ (1.33)

where the ground truth wg, and noise vector € have i.i.d. centered subgaussian coordinates with
respective variance 79, Ag and are mutually independent and independent from the design matrix
X. Further assume that the dimensions n,d go to infinity with a finite ratio a. In particular, the

squared elements of wy and € are subexponential and we may apply Bernstein’s inequality [287] to
obtain
Liwoll3 s lel3 -2 A (1.34)
d 2 d—o0 n 2 n—oo '

For strictly positive Ag, the solution is unique and reads
W= (XTX + XIy) ' Xy (1.35)

Let X = USV' be the singular value decomposition of X, where U € Q,,V € Qg4 are orthogonal
matrices, and S € R™*? contains the singular values of X. Using the orthogonality of the matrices
U, V and the expression for the response vector y, we may rewrite the solution as

—1 —1
W=V ((STS +doly)  STSVTwy+ (STS+ Aly) STUTG) (1.36)
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The average mean-squared error can then be written
. 2
W —woll; =

}
d
1 T 1T T T 1Tt
y s S+)\21d) sTs—1,|V w0+(s S+>\21d) STU e

-1 -1
(( STS+A21d) STS—Id> VTw0+(STS+AQId) STUT<—:> (1.37)

Assuming the eigenvalues and eigenvectors of X verify the required conditions for the quadratic
forms to concentrate, see [73] and references therein, using the distributional assumptions on wy
and €, we may expect a result of the form

1 w.h.p. ApgA 2
7” ~ H2 h.p E [ 01STS + 70 2‘| (138)

(AsTs + A2)?

where A\gTg = AxTx is a random variable distributed according to the limiting spectral density
limg_yo0o é Zglzl (A —Ax7x ;). The study of sample covariance matrices X T X and more specifically
their eigenvalue distributions is the core objective of random matrix theory, which is one way to study
random design machine learning problems. In particular, the limiting spectral density of Gaussian
covariate matrices of the form ZXZ" where Z has i.i.d. Gaussian elements with variance é and
Y e Sj{* is positive definite, with a spectral density that converges to a distribution with compact
support has been the subject of intense srcutiny since the seminal work of Marcenko and Pastur [189].
The concentration properties of related quadratic forms appearing in ridge regression problems have
been studied in [123, , 78] among others. The problem of ridge regression presented above is
solved using tools from random matrix theory in [78], where the MSE and average test error are
expressed in terms of the Stieltjes transform of X. Further derivations, using the replica method,
and comparisons with real data scenarios are given in [15], showing that adding a covariance matrix
to the initial i.i.d. Gaussian design is meaningful and gives insight into realistic scenarios. Note that
here, we have only provided an expression for a single observable of the estimator W, rather than
a complete description of its asymptotic distribution in terms of simpler, decoupled components.
We will show how to do so on all models studied in the subsequent chapters, notably revisiting the
present ridge-regression with arbitrary bounded covariance in part II and III.

The problem of moving beyond the ridge regression setting is that there is no closed form for the
estimator w. Indeed, the optimality condition of problem (1.28) reads, for differentiable loss and
regularisation,

XVL(XW,y) + Vr(#) = 0. (1.39)

Which does not seem, at first sight, solvable using tools from random matrix theory. One of the great
benefits of the replica method is that non-linearities going beyond ridge regression can be treated
straighforwardly, see e.g. [154, 13, | among other examples which will be given throughout this
manuscript. In that sense, what are the corresponding rigorous mathematical tools that enable
to study the asymptotic behaviour of optimization problems beyond ridge regression ? Let us
briefly describe four of these methods. The first one is the Guerra-Toninelli interpolation which
is based on building an interpolating path between the initial Hamiltonian and the decoupled one
initially obtained from the replica prediction. Although this method is quite powerful and has
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led to groundbreaking results on complex models such as the Sherrington-Kirkpatrick hamiltonian
[279, 221], it appears restricted to the Bayes-optimal setting for inference problems [18]. Adaptations
of this method have been applied to various inference problems but, to the best of our knowledge, no
results for empirical risk minimization have been obtained. Another method is the cavity method,
which has been described in section 1.4 from the theoretical physics viewpoint and can be made
rigorous on various models. It rests on the comparison of a system with n particles to a system with
n+ 1 particles, which leads to self-consistent equations in the large n limit. Here again this method
has been applied sucessfully to Bayes-optimal problems [163] but also to convex generalized linear
models [89]. Extending the results of this method to non-separable problems however, notably those
obtained by introducing covariance matrices, is not always straightforward. This leads us to the two
methods that will be discussed and used in this thesis. The first one is based on convex Gaussian
comparison inequalities, in the form which appeared in the study of penalized linear regression
[273, ]. The second one is based on iterative Gaussian conditioning arguments, in the form that
initially appeared in the context of the rigorous study of approximate message-passing algorithms
[28, 12]. Now that enough context and motivation has been given, showing the importance of the
high-dimensional asymptotics approach to machine learning along with the main technical challenges
that the current endeavor brings, we dive into the mathematics that are necessary to move forward.

1.7 Overview of the technical tools

The purpose of this section is to provide insights into the core technical tools that underly the
results presented in this thesis. We start with notions in concentration of measures and convex
analysis that will be used repeatedly in the following chapters, before presenting convex Gaussian
comparison inequalities, and illustrating their use on a simple example. We will then move to
Gaussian iterative conditioning, which enables to obtain asymptotically exact decoupled models for
optimization algorithms involving random matrices, and describe how they can be used to study
convex generalized linear estimators. We stress that this section is not meant to be exhaustive :
several notions will not be reminded (subdifferentials, conjugate of a convex function, subgaussian
random variables, ...), and intermediate steps that do not carry significant importance will not be
detailed. The material presented here is intended to provide the core objects and proof ideas that we
will build upon, and why they ultimately allow us to reach our goals. Complete and fully rigorous
proofs on more complex models will be given in the subsequent chapters.

1.7.1 Elements of concentration of measure

As is common in disordered systems and statistics, we will mainly consider Gaussian design matrices
with different variations for their covariance structures. Most of the other quantities, such as noise
or ground truth vectors will be assumed to have fast decaying tails, typically subGaussian random
variables. The different functions involved such as loss, regularization or observables describing the
performance of an estimator such as the mean-squared error, will be assumed to be pseudo-Lipschitz

[25, 57

Definition 1 (Pseudo-Lipschitz function). For k € N* and any N,m,q € N* where k,q do not
depend on N,m, a function ® : RNX9 — R™%4 js said to be pseudo-Lipschitz of order k if there
exists a constant L, independent on N, m such that for any x,y € RN*4,

1®(x) — B(¥)|l <l -\ Ly lle ‘“) Ix — yll
7 <L(”<m) (V%) VN (1.40)
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For a scalar (or low-dimensional) valued observable of iterates of an algorithm or an estimator,
we will typically have m = 1, arbitrary N (which will ultimately be taken to infinity) and ¢ < +o0,
while an update function of an algorithm will usually have artbitrary m = N and ¢ < oco. The
parameter ¢ is introduced such that our framework is fit to deal with the ensembling of a finite
number of predictors or any embedding that requires a matrix valued variable, as will often be
the case. The definition of pseudo-Lipschitz function originally proposed in [28], which studies the
dynamics of a class of approximate message passing algorithms, does not include the scaling by
vm, /N of definition 1, where the property is defined for ¢ = 1 as

k— k—
|80~ @(x)ll, < L (1+ [clls™ + lyl15™) I — v, (141)

All concentration statements in [25] are presented for separable functions, and the following propo-
sition is a consequence of their lemma 5, whose proof is based on a truncature argument.

Proposition 1 (Concentration of separable, pseudo-Lipschitz function [25]). Let z € R™ be a
random vector with i.i.d. coordinates from a distribution p, with bounded k-th moments. Then, for
any pseudo-Lipschitz function ¢ : R — R

n—oo

lim 3" (=) < Ely(:)] (1.42)
=1

However, since we will consider non-separable functions, we will follow the framework of [37]
which includes the scaling in the definition for ¢ = 1. Combined with the Gaussian-Poincaré
inequality, definition 1 allows to prove the concentration of non-linear transforms for Gaussian
random vectors quite straightforwardly. Let’s look at a simple example to better understand the
procedure.

Proposition 2 (Gaussian Poincaré inequality [17]). Let z € R™ be a N(0, I,) random vector. Then
for any continuous, weakly differentiable p:

Varlp(2)] < o ||V (2) 3] (1.43)

We then have the following concentration result, a straightforward extension to ¢ > 1 of lemma
C.8 from [37]

Lemma 1. Let Z ~ N(0, k®Iy) where k € S has bounded operator norm. Let @y : RNV*7 — R be
a sequence of random functions, independent of Z, such that P(Ex) — 1 as N — oo, where Ey is the
event that ®n is pseudo-Lipschitz of (deterministic) order k with (deterministic) pseudo-Lipschitz

constant L. Then ®n(Z) L E[®N(Z)].

Proof. First, it is straightforward to see that
dn(Z) = Dn(ZKr"?) = Dy (Z) (1.44)

where Z € RV*? is an i.i.d. standard normal matrix, and ®y = ®x(.k'/2). Since %l is bounded

(1)7/;27 ||K||];I/,2) Since q is

finite and independent on N, m, ®x can be considered as a pseudo-Lipschitz function acting on

for all N, ® is also pseudo-Lipschitz of order k, with constant L max(| ||



CHAPTER 1. INTRODUCTION 37

a vector of size Nq with i.i.d. standard normal components. Under £y, using the definition of
pseudo-Lipschitz functions and proposition 2:

12 1 k—1\ 2 12
Bz [IVen (@] < 5Bz (1+2(muzu2) ) < 50 (1.45)

for a constant C'(k) that only depends on k. Then for any e > 0, there exists a constant ¢ > 0,
independent of N, such that:

P{|®n(Z) — Ez[®n(Z)]| > €} <E{P{|®N(Z) — Ez[®n(Z)]| > e}ley } + P(EN)

VarlOn(E)] | ps,

L2C(k)
Nqe?

N

< +P(Ex) (1.46)

where the second and third line are obtained by applying Chebyshev’s inequality and proposition 2
with the variance bound evaluated at Eq.(1.45). O

The cost of the generality of this result is a weak control over the rate at which the concentration
happens : we will give little interest to finite size rates in this thesis, and will generally prefer
asymptotic statements. For Lipschitz functions of i.i.d. Gaussian random vectors, (not necessarily
separable), usual Gaussian concentration results give an exponential tail, see e.g. [17], while [251]
also provides an exponential tail for separable, pseudo-Lipschitz functions of order 2 and subgaussian
inputs. Note that the proof of lemma 1 is valid for any distribution verifying a log-Sobolev inequality.
A benefit of including the scaling in the definition of the pseudo-Lipschitz function is that it does
not require writing the dimension explicitly each time, which will be useful in tedious derivations.
However, it may not be obvious to check this property each time. Machine learning losses and
regularisations are usually pseudo-Lipschitz of order 2, with losses being separable. In this regard,
it is useful to note that for a scalar, pseudo-Lipschitz of order 2 function % : R — R, the function
L3 1 4(.) is pseudo-Lipschitz of order 2 in the sense of definition 1. The mean-squared error
1w — woll3 of instance, is pseudo-Lipschitz of order 2. Further useful results about Lipschitz
functions are contained in appendix Graph-AMP and Gordon.

For a given estimator or any related quantity on which we wish to prove statements regarding its
asymptotic distribution, we will write it in terms of the concentration of pseudo-Lipschitz observ-
ables of this quantity. Owing to the definition of pseudo-Lipschitz functions, two random matrices
X,Z € R™4 will have the same behaviour in the Plk sense if we can control their higher order
moments and the quantity \/LNHX — Z||» converges to zero with high probability. For comparison,
proving the convergence of the empirical distribution of an estimator can be done by studying the
convergence of the empirical mean of bounded continuous functions of this estimator towards an
expectation over a mean-field model. Convergence in the pseudo-Lipschitz sense is thus a similar
statement but can be adapted to non-separable functions and includes non bounded observables

commonly used in machine learning such as the mean squared error. In informal statements, we

will sometimes denote —- - the fact that two random variables asymptotically have the same

n,d—00
behaviour.
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1.7.2 Elements of convex analysis

In this paragraph, we introduce functions that appear in convex analysis and will be used repeatedly
in all the proofs regarding convex empirical risk minimization. Indeed, we will see that the cost
functions and estimators defined by convex generalized linear models can be expressed using well
defined objects with convenient regularity properties, the Moreau envelope and proximal operator
[25, 224]. All the results presented here can be found in [25].

Definition 2 (Moreau envelope and proximal operator). Consider a proper, closed, lower semicon-
tinuous convex function f: R* — R. Its Moreau envelope is defined by the optimization problem

. 1 2
Y0, Mo = min { £(2) + ol 2l (1.47)
and its prorimal operator

1
Vy>0, proz,;(x)=argmin {f(z) + —|lx— zHg} (1.48)
zeRd 2y

Owing to the convexity of f, the strong convexity and supercoercivity of the quadratic term, the
optimization problem defining the Moreau envelope has a unique solution [25]. Thus the proximal
operator is the unique point realizing the minimum of the Moreau envelope:

2

M) = (prox, 00) + 5 [x = prox o) (1.49)

Moreau envelopes have the same set of minimizers as the original function and are continuously
differentiable on their domain, with derivatives:

1
VM p(x) = ;(X — prox, ¢(x)) (1.50)
2./\/l (x) = —LHX — prox (X)H2 (1.51)
or 272 Tl '

They can be understood as a smoothed version of the original function f, which may be non-
differentiable, such as the /1 norm in machine learning, while the proximity operator can be un-
derstood as a projection on the level sets of the function f. Indeed, replacing f with the indicator
function of an ensemble recovers the othogonal projector on this ensemble. The expression for the
gradient Eq.(1.50) shows that the proximal operator with parameter 7 is also equivalent to taking a
gradient step with step-size 7 on the Moreau envelope with parameter 7. Furthermore, the optimal-
ity condition of the optimization problem Eq.(1.48) gives the following alternate characterization of
proximity operators

prox, r(x) = (Id+~0f)" " (x) (1.52)
where 0f is the subdifferential of f. This formulation is the resolvent of the subdifferential operator
of f. This shows, in turn, the following equivalence

prox.(x) =x <=  x & zer(df) (1.53)

Additionally, proximal operators are firmly non-expansive, i.e.

I

Vy >0, Vx,yedX, Hproxﬁ{f(x) — prox., ¢(y) ) < (x — y,prox, s(x) — prox, ;(y)), (1.54)
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which is a useful property to control the trajectories of proximal based optimization algorithms.
These properties motivate the use of these operators to optimize convex functions in stable and
efficient fashion, and proximal algorithms are one of the cornerstones of convex optimization, see
e.g. [0, |, with the simplest instance being the proximal-point algorithm

t+1

x' T = proxyf(xt) (1.55)

We will further discuss related algorithms in part I11. Thus, even if they are defined with optimization
problems, we will consider a problem to be solved once we have reached expressions involving the
Moreau envelopes and proximal operators of sums of independent random variables/vectors/low-
rank matrices. For example, the proximity operators of quadratic form reads

1
f(x):ixTAx—i—bTx—i—c A €S},b,ceR?
prox, ¢(x) = (YA + I;)"! (x —4b) (1.56)

and the proximal operator for the 1 norm is an element-wise application of the soft-thresholding
operator

Vi<i<n [prox,y”'nl(x)L = sign(z;)max (0, |z;| — 7). (1.57)

More generally, proximal operators of usual convex functions (logistic loss, log-barrier, hinge loss,
...) are straightforward to compute and stable to evaluate numerically.

1.7.3 Gaussian comparison inequalities

We now turn to the description of a first method that can be used to decouple the measure implied
by equation (1.28). Recall that by decoupling, we mean replacing the random (with extensive
dimensions) matrix X by simpler, independent objects. We start by introducing a comparison
inequality for Gaussian random processes indexed on compact sets [121, |:

Proposition 3. (Gordon’s inequality [1°1, /) Let Dy C R™ and Dy C R™ be two compact
sets. Let (X (W, V))(uv)eDuxDy and (Y (W, V))(uv)eDuxD, be two centered Gaussian processes with
continuous sample paths. Assume that

E[X(u,v)?)] =E[Y(u,v)?] forall (u,v)€ Dyx Dy
\% E[Y(u,v)Y(u,Vv)] forall u€ Dy,v,v € Dy
EY(u,v)Y(U,V')] forall u,u’ € Dy,v,v' € Dy s.t.u#u

Then for allt € R

P (min max Y (u,v) < t) <P <min max X (u,v) < t> (1.58)
UEDu VEDV UEDu VGDV

The inequality is rather intuitive : the fluctuations of Gaussian processes are governed by their

covariance functions, and comparing the covariances leads to comparisons on their maxima and

minima. It can then be used to obtain tight inequalitites on convex-concave minmax problems

282, 281].
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Corollary 1. (Conver Gaussian minmaz theorem [273, , 281]) Let Dy C R™ and Dy C R™ be

two compact sets and let Q) : Dyx Dy — R denote a continuous function. Let G € R™*™ < N(0,1),
g ~N(0,1,) and h ~ N(0,1,,) be independent standard Gaussian vectors. Define the functions

{C*(G) = minyep, Maxyep, v Gu + Q(u, v)
L*(g, h) = minyep, maxvep, ||[vllg"u+[[uh’v + Q(u,v)
Then we have:

o ForallteR
B(C*(G) < 1) < 2P(L*(g,h) < 1)

o If Dy, Dy are convex sets and Q) is convex-concave, then for allt € R

B(C*(G) > t) > 2P (L*(g,h) > 1)

In particular, for all u € R, t > 0,
P(ICH(G) — ul > ) < 2P (|L*(g.h) — | > 1) (1.59)

This corollary, obtained by verifying the covariance conditions of proposition 3 for the Gaussian
processes defining C(G), L(g,h) allows to study the concentration properties of convex-concave
problems involving a dense random matrix by means of a simpler problem involving only two
independent random vectors. In what follows, we will present a variant of the core derivation of
the result from [281] which studies convex penalized generalized regression. Several technical steps
are not reproduced, and pointers to the original paper will be given for their proofs and the full
set of assumptions. We focus instead on the actual ”algebra” that corollary 1 enables, and where
ommited steps can be made rigorous for intuitive reasons.

An example : convex penalized regression

Consider the following regression problem

1
w =argmin — {L(y — Aw) + r(w)} (1.60)
weRrd @
where y = Awg + € (1.61)

where L, r are convex functions, A € R"*? has i.i.d. N'(0,1/d) elements, € ~ N'(0, AL,) and wy is
sampled i.i.d. from a subgaussian distribution. Omitting the % scaling for now, we may equivalently
wirte the optimization problem as

min L(y — Aw) + r(w)
= min L(A(wo—w)+€)+r(w)
= min L(e — VdAe) + r(wo + Vde)
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where in the last lign we introduced the variable e = W\*/ZILVO, Reformulating the problem with an

auxiliary variable z = € — v/dAe, we can rewrite the objective cost with the corresponding Lagrange
multiplier A

min  L(z) + r(wo + Vde) s.t.z=e—VdAe

\Z

= min max L(z) 4 r(e + Vde) + AT (z —€e+ \/aAe)
Under appropriate growth conditions on the functions L, r (see assumption 1(b) from [251]), the
compactness requirements to apply corollary 1 can be met (along with the convexity-concavity re-
quirements which are straightforwardly verified), and we way now write the corresponding decoupled
optimization problem:

min max IAll,gTe + |lellshA + L(z) + r(wo 4+ Vde) + AT (z — €) (1.62)

where g € R? and h € R" are independent vectors with i.i.d. standard normal coordinates. Intro-
ducing the convex conjugate of 7 with dual variable i, r(wo++v/de) = max,{u” (wo+v/de)—r*(p)},
which gives, reintroducing the scaling by %:

1
minmax > ([Al,g"e + ell,h" X+ L(z) + A (z — ) + u” (wo + Ve) — (1))
'z 1

Here, due to the fact that g,h may be negative, the problem is not convex-concave anymore.
However, it is shown in [281] that, since this optimization problem is equivalent to a convex one,

we may invert the order of minimization as if strong duality appplied. Then, letting o = ||e|, =
‘ W—W(

Vd

we reach

5 and performing the optimization step on e which is now a linear optimization problem,
maxmln——HH)\HQg—l—\/gp,H hT)\—I— L( )+ EAT (Z—G)—F}[,LTWQ - 1’r*(u).
Ap .z d d d d

letting 8 = %H/\H2 (the problem is now convex so we may invert the order of minimization) and
performing the linear optimization on A gives the equivalent problem:

B 1 1 1
max min — + + —|loh+2z —€|,+=L(z) + wWo — =T
wsomin — g+l + | I+ SL6@) + SuTwo o)
We then introduce the following representation of the norm [|t||, = inf;~0 § + HtHQ , reaching
max | wmin ~002 4 B L (D sg ol + btz — el + g(2) + w0 — £ (1)
B,1,72>0 0,z,71>0 2 2 d 2719 21

Completing the squares in p and wy, inverting the sign in front of g (centered Gaussian) for
convenience yields:

2

ol Bl = o = (Pwo ot pg) | ~xb(u-gg)+ Zlwal}  (163)
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which gives

. QT 67—1 B T T )
max min ——2 + 21 4 Polwo + —2 |lw
Birs20a,m >0 2 5 T g8 Wot 2da” oll3

1 1
+dmzin{2€1|]z—e—ah||§+g(z)} - dmﬂin{;2

Using the definition of Moreau envelopes and expression for Moreau envelopes of conjugate pairs
(see [25] or the proofs for chapter 7):

T 2
i (Zwo + g) +f*(u)}
2

. ars  pr . af? g 1 1 ( Ba >
_Z2 P, 2E M- h)+ -Ma [ahed
Juax, min ="+ 5 T g8 81 gMaeoletah) +uMe o (wot Tre
Assuming the loss and regularization functions f, g are separable and pseudo-Lipschitz of order 2,

the following pointwise convergence occurs when n,d — oo with n/d =~ > 0 for finite ~:

QT BTl O‘BQ T 1 1 Ba a.s.
"3 T T a8 8t gMasolet o)+ gMeyo (Wot Tre ) R

ary, B af? Ba
-+ — 4+ — E T h E a —
Uniform convergence can be proven using the convexity assumption, leading to the convergence of
the extremum as well. In the high-dimensional proportional limit, the optimal cost function thus
reduces to the scalar optimization problem.

. ary,  pr of? Ba
Mmax min ——= + T + oy +1E |:M7,'glg(.)(€ + ah)] +E {M%f(.) (wo + ng)} (1.64)
The replica method, when applied to the same problem, gives the same result [12]. Using the differ-

entiability results for Moreau envelopes presented in section 1.7.2, we can write the self-consistent
system of non-linear equations, involving the proximal operators of f, g, solving the optimization
problem (1.64). Once again using the properties of Moreau envelopes, the optimization problem
(1.64) can be shown to be strictly convex-concave [251], proving the uniqueness of the optimal
quarduplet o*, 8%, 7{, 75. Corollary 3 then gives the following result

lim <[ — wo|| % (1.65)
d—oo d

Using a stronger version of corollary 1 [204, 57, |, one can actually prove a statement regarding
the asymptotic distribution of w. Recall that the proximal operator is the unique solution to the
minimization problem defining the Moreau envelope. In the case presented here, for any pseudo-
Lipschitz function of order 2 ¢y : R — R

R R, Brar
lim P ;¢(’wz) =E lTﬂ (pl“oxigf(.) (wo + = g))} (1.66)

n,d—00 2

where wg ~ py, and g ~ N(0,1). The result thus becomes very concrete : the estimator is asymptot-
ically distributed as the ground truth wg with an added noise 8 :f*
of the regularisation is applied. In the case of an ¢ penalty, we see that the soft-thresholding oper-
ator will put to zero coefficients that are smaller than a value uniquely prescribed by the solution

g, to which the proximal operator
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of the scalar optimization problem (1.64), on a noisy vector centred arount the ground-truth. The
Gordon comparison theorem approach allows to straightforwardly turn the study of the asymptotic
mean-squared error into a scalar optimization problem obtained by simplifying a decoupled problem
with convenient convex optimization results. Moreover, several of the intermediate technical steps,
such as verifying the compactness of the feasibility set or inverting the order of minimization when
the problem presents negative weighted norms, remain similar for a variety of convex problems
going beyond generalized regression. This makes this framework quite appealing, and we will use
this approach in chapter 7 to study a more complex model.

Three main hurdles can be found to this approach : although we obtain the asymptotic value
of the mean squared error, we do not obtain a full characterisation of asymptotic distribution of
w. In [204], further inequalities are proven to obtain the full characterization of the asymptotic
distribution of the LASSO with i.i.d. Gaussian matrices as discussed above, along with the finite
size rates. The approach is quite tedious, and we will sketch in chapter 7 how to use it for a more
complex problem. The other issue is that, for matrix valued estimators, the optimization problem
involving the dense random matrix G € R"*? cannot be decoupled in the same form as in corollary
1. This prevents the Gordon approach to be used for ensembling or multiclass problems, which are
formulated in terms of a (low-rank) matrix estimator. Finally, we mentioned in the introduction that
the dynamics of several descent algorithms would be of interest, for which the Gordon approach
is not well-suited. We thus turn to the method that we will use the most : iterative Gaussian
conditioning.

1.7.4 Iterative Gaussian conditioning

The method that we will now present arose in the rigorous study of approximate message passing
algorithms, notably [28, 412], and rests on a fundamental property of the Gaussian distribution :
orthogonality and independence are equivalent for Gaussian random variables, and independence
can be entirely characterized by their covariance matrices. Thus, in the Gaussian case, computing
conditional expectations that are initially defined as orthogonal projections on an infinite dimen-
sional space, becomes possible with finite dimensional projections. Intuitively, consider an n x d
random matrix A with i.i.d. standard normal entries and a deterministic d-dimensional vector w.
We can then decompose A as

AL AP, + APL (1.67)
where A is an independent copy of A, Py = ﬁ‘x”z is the orthogonal projector on x and Pi =1;—P«.
Xll2

A more generic statement can be found in [28] :

Lemma 2 (Gaussian matrices under linear constraints). Consider an n x d random matriz A with
i.i.d. standard normal elements, and deterministic matrices Q € R>F M € R™ ¥, such that the

-1 -1
projectors Py = M (MTM) MT and Pq = Q (QTQ> Q' onto the subspaces spanned by
the columns of Q and M exist. Then the conditional distribution of A given the random variables
AQ,A™™ may be written

Alpqa™™m = PMA + APq — PAPq + Py AP (1.68)

where Pi/[ =1, — P, PJQ =1;—Pq, and A is an independent copy of A.
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As an example, let us study the dynamics of the gradient descent corresponding to the mini-

mization problem

w e inf  f(Aw) (1.69)
weRd

We will start with a sample splitting assumption, and then move to the generic case.

Gradient descent with sample splitting We start with sample splitting, i.e. a new batch of
data is used at each iteration:

vte N* witt = wl — ~1(AY)TVE(Alw!) (1.70)

where, for any ¢ € N, A? € R"*? is a matrix with i.i.d. Gaussian elements and variance 1/d indepen-
dent on all other {A’}Z 2t 7t € R is a scalar step-size and f is a twice differentiable, deterministic
function with pseudo-Lipschitz gradient VI : R™ — R". We also assume that f is separable, with an
elementwise operation f. The iteration is initialized with w® € R?, a random vector independent
on A with i.i.d. subGaussian elements. Finally, assume that, when the dimensions of the problem
are taken to infinity, we do so with finite ratio @ = n/d. Starting at ¢ = 0, we condition equation
(1.70) on (the sigma algebra generated by) w’, A°w?, and obtain

- T
wl\wo’Aowo =w’—~0 (AOPWO + ADPi‘VD) VE(A'w?) (1.71)
1 T -
=Wl —atwl (A%W) | VEATW) - o P ATVRA) (1.72)
2

Owing to the sample splitting assumption, the vector A*w? has i.i.d. entries distributed according
to NV(0, éHWOHE). We can then write

1

2
w0113

11
L
allwoll; d

(AOWO)T VF(A'w0) = (AOWO)T VE(A'w0) (1.73)

The term % (AOWO)T VE(A%W?) is a scalar valued, pseudo-Lipschitz function of A%w°, and the

subgaussian assumption on w" ensures that the quantity éHwOH; converges almost surely to a

finite, deterministic quantity. We can thus use lemma 1, the continuous mapping theorem (in the
form of Slutsky’s lemma), and Stein’s lemma to show that

1

2
w112

(A%") " V(A W) £ o [(=")] (1.74)

where 20 ~ N (0, p%) and we introduced p° = limg_;o0 éHWOHg. Turning to the part orthogonal to
w and using the fact that the projector Py is of rank 1, the elements of A have variance é and

HWOHS is of order d, lemma 21 shows that
1 1 X7 0..0 A0\T 0.0\ 2

ﬁHPWOA VE(A'wO) — (A%)TVF(A'w )H2 ~0 (1.75)

where (A%)TVf(A%w?) is a vector with i.i.d elements distributed as N(0, éHVf(AOWO)H;). Once

again, the function éHVf (AOWO)Hg is scalar valued and pseudo-Lipschitz, thus lemma 1 and the
continuous mapping theorem show that, for any pseudo-Lipschitz function ¢ : R — R of order 2,

) = E [p(u0)] (1.76)

(]

d
é > v((PrATVE(A W)
=1
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where u® ~ N(0,79) and we have introduced 79 = limy, 400 éHVf(AOwO)H; = aE [(f'(2°))?]. Using
these results, we may now lift the conditioning and use the definition of pseudo-Lipschitz function
to recover the scalar equation describing the high-dimensional behaviour of w!. A straightforward
induction shows that, for any ¢ € N, the quantity %Hthg is almost surely bounded, and the same
conditioning argument can be applied along the sample splitting assumption to reach the following
theorem

Theorem 2. (High-dimensional dynamics of gradient descent with sample splitting) Consider the
iteration Eq. (1.70) with its set of assumptions described above. Define the following discrete-time

one-dimensional stochastic process, initialized with a subgaussian random variable w° with variance
0.
P

Wil = (1 —~taRE [f”(zt)D W'+ At (1.77)

where 2t ~ N(0,p') and ut ~ N(0,7%) are independent, and p* = E [(w?)?], 78 = aE [(f'(z%))?].
Then, for any t € N and any pseudo-Lipschitz function of order 2 ¢ : R — R | the following holds

d
S w(w!) == E [p(w")] (1.78)
=1

SHN

We have obtained a full description of the asymptotic distribution of w! in terms of a scalar
equation. The sample splitting assumption however, is unrealistic. Let us move to the generic case
that corresponds to the usual gradient descent.

Gradient descent without sample splitting The proof becomes much more complicated with-
out the sample splitting assumption, and the full result along with its proof, which recovers a result
known as dynamical mean-field theory in physics, will be given in chapter 6, in which we also dis-
cuss the related litterature, both in theoretical physics and mathematics. Here we will only do the
first few steps, to give a flavour of the problem, and to motivate the introduction of a stochastic
correction at each time step, leading to approximate message passing algorithms. Let us rewrite the
dynamics without the sample splitting assumption in the following way

vitl = —4'ATm! (1.79)
m' = Vf(r!) (1.80)
t
r'=A) vk (1.81)
k=0
where v = w!—w!"!l and w™! = 0. Then v = w?, assumed to be independent from A and sampled

i.i.d. from a sub-gaussian distribution. Let’s try to use Gaussian conditioning to decompose the
different contributions at each time step, and see if concentration of measure allows to simplify
independent terms. Starting at ¢ = O:

v0=w! (1.82)
r’ = Av? ~ N0, éHWOHEI") (1.83)

vl = —7?ATVI(O) (1.84)
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0 is assumed to be independent of the rest, we can consider the whole proof as done con-

Since v
ditioned on the distribution of v°. Focusing on v!, conditioning on r’ and using the Gaussian

conditioning lemma 2

vl = vl av0 (1.85)
=" (Alav0) " VE(°) (1.86)
~ T
—° (APy + APL) VER) (1.87)
0(yO\T ~
— _fyOVH(‘;H)QATVf(rO) —PPLATVE(Y) (1.88)
Vo2
0(+0\T _
= 0 V” (EH)Q VE(rY) — 1 "PLATVE() (1.89)
Volla

using similar arguments as before (see e.g. the chapter 2), we will reach a similar statement as for
the first step of the gradient descent with sample splitting. Moving to r!, we condition on (the
sigma algebra generated by) v!,r° to reach

I“l’rO,vl = rl|Av0,ATmO
=A (vo + vl) ‘AVOVATmO
= AV + A|AV07ATm0V1
= AV" + (PooA + APy — Py APy + Pho AP ) V!
= AV? + (PmoAPl0 + APy + PL,APY ) v!
= AV? + APov! + PLOAPL V! + P L0 AP

Il I2

We will show that the term I; constitutes an additive Gaussian process with correlation across all
time steps, while the term I» will build up a memory kernel. Starting with I;:

0Tyl
I 25 AVO + AVO% + AP v (1.96)
m,d—00 IvOll3

0 v! and we remind that the notation N informally denotes

n,d—00
that two random variables asymptotically give the same value for any pseudo-Lipschitz function of

order 2. It is straightforward to check that this term converges to a Gaussian process with cross
correlations equal to the inner product of successive iterates w (recall that the v are the increments
in w). The term I can be rewritten

where A is independent on A, v°, r

I, = m° ((mO)TmO) (m®)TAPLv! (1.97)
— —m" ((m - 710 ) PLv! (1.98)
(1.99)

where, using the result for v at Eq.(1.89), we have that

(VHTPLv — 5 (40)2 [Hw H] (1.100)

n,d—o0
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which leads to, using the definition of m® and Eq.(1.83),

I, —2% 5 m%0 = 1 VE(r?) (1.101)
n,d—oo

which is the first term of a memory kernel. We will show in chapter 6 how to continue this proof
using an induction. The curious reader may have a look at Theorem 9 from chapter 6, and see that
the full result is somewhat impractical. In the introduction, we mentioned approximate message
passing algorithms : we will now show how a stochastic correction at each time step may define an
iteration with much simpler dynamics, while retaining all the relevant information for a wide family
of problems.

1.7.5 Approximate message-passing

As discussed in subsection 1.4, AMP iterations first originate in statistical physics as Gaussian
relaxation of belief-propagation on dense graphs, see e.g. [154], and their derivation is usually
presented by formulating an inference problem as a factor graph and simplifying the messages in
the high-dimensional limit using heuristic arguments. The set of non-linear equations describing the
dynamics of messages in this limit is called state evolution equations, and have been the subject of
mathematical proofs, notably by Erwin Bolthausen [11], and subsequently in [25, , 37]. Our proof
in chapters 2 and 3 is based on similar ideas. The main benefit of these equations is that they track
the exact asymptotic distribution of the iterates of the algorithm with a simple Markovian recursion
at each time step, and this without any sample splitting assumption. From the mathematical point
of view, if one is willing to forget about the physical intuition, AMP iterations can thus be seen
as a family of sequence with an "appropriate” correction that considerably simplifies the dynamics
without losing relevant information. We stress that this is not the standard way of presenting AMP
iterations, but it is more in tune with the results presented in this thesis.

Recall the equation (1.89) we had for v! on the first step of the natural gradient descent

1 ovO(r%)" 0 opLl AT 0
Vi = —y TE VE(r”) — v PoA VE([r") (1.102)
2
where we have seen that the term —+° Vo(ro); V£(rY) converges in the pseudo-Lipschitz sense to a
vOll2

previous iterate vV with asymptotically deterministic prefactor —°E [f” (zﬂ)} where the distribu-
tion of 2 may be evaluated from the previous iteration. The second term is simply an additive
independent Gaussian. The idea is thus to remove, at each time step, a term of the form bfv! that
cancels the first part, the so-called Onsager correction. This way, we only keep the information that
is "new”. Note that the conditional expectation elegantly captures this intuition : at each iteration,
we only keep the part that is not measurable according to the o-algebra generated by previous
iterates. We now move to the proof of state evolution equations for the simplest instance of an
AMP iteration, in the form it originally took to generate solutions of the Sherrington-Kirkpatrick
problem at high-temperature in [11, 12].

Let G € GOE(n), {f'},.y a sequence of separable, pseudo-Lipschitz functions of order 2. The
iterates x’ then take the form

x'™ = Am’ — pym’™! (1.103)
m' = f;(x") (1.104)
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with initialization at x° € R”, for instance with i.i.d. subGaussian coordinates.
Lo et
b = ~div (<) (1.105)

Definition 3 (state evolution iterates). The state evolution iterates are composed of one infinite-
dimensional array (K*"), >0 of scalars. This array is generated as follows. Define the first state

evolution iterate
=E [(f(")] (1.106)

Recursively, once k°7,0 < 5,7 < t are defined for some t > 1, take 2° = 20 and (2!,...,2") € Rt a
centered Gaussian vector of covariance (K*")sr<¢. We then define new state evolution iterates

Ht+1,s+1 _ ﬁs+1,t+1 ) [fs(zs)ft(zt)} ’ s e {O, - ,t} .

The following property then holds for the AMP iteration (1.103)-(1.104).

0

Theorem 3. Define, as above, 2° = 2% and (2',...,2") € R! a centered Gaussian vector of covari-

ance (K*")sr<t. Then for any pseudo-Lipschitz function ® : RI™t — R of order 2,

ln 0 1 ALY 0,1 t
2@((){,){,...,){)1)E{@(w,z,...,z)}.

n &
Define the o-algebra &, = o(x!,x?, ..., x"). We then have :

x* g, = Alg,m’ — bym'™? (1.107)

because m?, m'~!, b* are G;-measurable.
A straightforward induction shows that conditioning on &; is equivalent to conditioning on the
gaussian space generated by Am°, Am', ..., Am’~!. We may then apply lemma 2 for a symmetric

matrix (GOE(n)), to obtain :
A|6t =K [A|6 ] + Pt( ) (1.108)
— A — Py, APy, | + Py, APy, (1.109)

where M;_; = [m0|...\mt_1] and A is an independent copy of A. Using this on symmetric AMP
iteration, we get :

x"|g, = (A~ Py, APy, , + Py, APy, )m' — bm'! (1.110)
= (A~ (Id—Pwm, ,)A(Id— Py, ,))m' + Py, APy, m'—bm'! (1.111)

= (APn, , + Py, (AP, )m' + Py, APy, m' - bm'™! (1.112)

= APy, ,m'+Py, APy m'+Py,  Amf — bm' (1.113)

The proof of the state evolutione equations is then done by induction, so we assume (after proving

the initialization), that Theorem 3 is true up to time t. Assuming M; 1 has full rank (we will

handle rigorously the existence of projectors in the proofs of chapter 3), we may define oy as the
~1

coefficients of the projection of m’ onto the columns of M;_1, a! = (Mtt 1Mt,1> M, ;m?, which

gives:

xg, = AM; 1oy + Py, APy, m' + Py, Amf — bm'™. (1.114)
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Using the definition of the symmetric AMP iteration, we have AM;_; = X;_1 + [0|M;_2] B; where
X;—1 = [x!]...]x!] and By is a diagonal matrix containing the Onsager terms up to time ¢. Then:

xg, = (Xi—1 + [0|M;_2] By) o + Py, APy, m'+ Py, Am’ —bym'™! (1.115)
=X, 10 + Py, APy, m'+ [0|M;_o] Byoy + Py, , Am! — bm'™* (1.116)
I 12

The term I; in the above expression is a combination of previous terms with an additional new
Gaussian one, coming from the independent copy A. Checking the covariance of this term matches
the state evolution equation for ¢ + 1. The term Iy cancels out in the high-dimensional limit, which
is the main benefit of the Onsager correction. Let us sketch out how to cancel Io. We shall focus
on the term

A=Py, ,Am| (1.117)
=M;_ (M M;_1)"'ML | Am} (1.118)
=M, (ML M, ) HAM,_)Tm’, (1.119)

Then (AM;_1)7 = (X;_1 — [0|M;_2] B;)T so that
Ik
(AM;1)"mf = (X{; - B} [0[M; ] ")m’ = X[ m", (1.120)

Note that here, we have used an orthogonal decomposition of random vectors as if they were
deterministic. Here however, using the induction hypothesis we can precisely write down what
projections converge to, and deterministic limits are obtained for projection coefficients due to
concentration of measure. In the case of AMP iterations, inner products of iterates essentially
converge to their covariances due to the state evolution equations. For the proof of the DMFT
equations however, we will see in chapter 6 that one must pay extra attention to the deterministic
limits of projection coefficients. Back to the AMP sketch of proof, we obtain

A=M; (M M) X m

=M;1 Mt 1Mi—1)” 1X£1(mt—mﬁ)

= M1 (M My ) 7 X (FA () — Mol
T M, )X () - M)

1.121
1.122

( (1.121)
( (1.122)
(M (1.123)
— M (~ (1.124)

where we have made the % appear to highlight the two averaged inner-products of pseudo-Lipschitze
functions. We will now use the induction hypothesis to simplify these terms,

(1.125)
L5 ol (al?)
E[2! (zg)]
2 |EES ) (1.126)
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which, using Stein’s lemma yields

w1 B[ ()] K1t

1 1( (1)

ﬁXtT_lft(Xt) L EQ,tE['fj .(Z )] = b “2'5 (1.127)
ket E] /(Z(t))] Rt

Then, the state evolution equations also give that

—m® m" =~ Ky (1.128)
n
and therefore
(mO)Tmtfl
1 1 INT L t—1 1
Lx7 gty £ Ly, | (@) m = oM/ m'! (1.129)
(mt~1)7m?!
We can deal in a similar way with the term %X;—_ll\/lt_lat, such that
Lo npt=1at 2 Lagr
Ext—lM o = EMt_l [O’Mt,Q] Btat (1130)
and finally
1
A= (Mo (M M) 7N (G XE (16 - M) (1.131)
Plk — _
s M (M M) M (b = [0]M ] B (1.132)
€ span(M;_)
Ik —
— by~ — [0|M; o] By, (1.133)

where the last line is obtained by explicitly writing the projection coefficients again. This is precisely
the part needed to cancel I, concluding the sketch of proof. The benefit of this proof method is
that it directly gives the asymptotic equivalent of the distribution of each iterate, and the iterative
projection argument can be extended to matrix-valued variables [135] and non-separaable non-
linearities [37]. There are many more AMP iterations in the litterature, which we will discuss in the
next chapter, where we will present an extension of a similar proof to problems that may involve
several random matrices, in particular multilayer models [194, 188], and beyond.

Converging trajectories Now that we have presented the main dynamical tools to analyze the
high-dimensional asymptotics, how do we use them to obtain resuls on a given estimator ? The idea
is to design an AMP iteration whose fixed point matches the optimality condition of the optimization
problem defining the estimator of interest, which, for strictly convex feasible problems, is enough
to characterize the unique solution of the problem. This proof idea was pioneered in [29, 582] for
the LASSO and unregularized logistic regression with i.i.d. Gaussian data, and in parts Il and
[T we will build upon this method to study problems with generic convex loss and regularization,
structured data and ensembles of estimators.
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Adding a planted model In all the derivations presented above, we have neglected the presence
of a teacher model that depends on a product Aw* for a given ground-truth w*. As we will see
in the next chapters, any low-rank perturbation such as a spike in the matrix A or a dependency
of a non-linearity on the teacher output Aw* can be accounted for by introducing additional order
parameters and further conditioning arguments. We make this quantitative for a wide range of cases
We can also deal with such dependencies with further orthogonal decompositions and Lagrange
multipliers on the cost function of interest, which we will do in part II when studying convex
problems, where strong duality allows to freeze cumbersome order parameters and optimize on the
remaining variables.



Part 1

High-dimensional dynamics :
graph-based AMP iterations
and first order methods
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Chapter 2

Graph-based AMP iterations

This chapter presents the results of a joint work with R. Berthier, published in [I10]. In the
introduction, we sketched the main steps of proof for SE equations of AMP iterations based on iter-
ative conditioning, which becomes quite tedious when all the steps are made rigorous. The papers
[28, , 37] use this proof method to rigorously obtain the SE equations for the symmetric AMP
iteration Eq.(1.103-1.103), and the asymmetric AMP iteration originally obtained in [83, ) ]
for the probabilistic formulation of generalized linear models, respectively for separable functions
and vector-valued iterates; block-separable functions and matrix valued iterates; and non-separable
functions with matrix-valued iterates. However, many new AMP iterations along with their SE
equations were heuristically derived for problems going well-beyond generalized linear models, no-
tably in [194, , 13] where composite iterations involving a finite number of different random
matrices are proposed to evaluate marginals from Hopfield models, multilayer neural networks with
random weights and low-rank matrix estimation with deep generative priors. Here we propose to
index AMP iterations on an oriented graph which may be composed arbitrarily, provided a cer-
tain structure is respected. We then prove SE equations for any AMP iteration indexed on such a
graph, using an embedding argument based on a symmetric iteration with matrix-valued iterates
and non-separable update functions, for which we prove the SE equations using the iterative condi-
tioning scheme of Erwin Bolthausen. Extensions of the main theorem, such as spatial coupling or
low-rank perturbations of the Gaussian random matrices, are finally proposed along with examples
of applications.

AMP algorithms are iterative equations solving inference problems involving high-dimensional
random variables with random interactions [33, ]. For the typical case in which AMP iterations
were initially studied, the interactions involve an i.i.d. Gaussian matrix. These algorithms are
inspired from Bolthausen’s iterative solution of the celebrated Thouless-Anderson-Palmer (TAP)
equations of spin glass theory [196, 12, 13]. However, they are usually derived as heuristic relaxations
of the belief propagation equations [227] on dense factor graphs in a manner often encountered in
the context of statistical physics of disordered systems. A central property of AMP iterations is
that the distribution of their outputs can be tracked rigorously in the high-dimensional limit by
low-dimensional equations called state evolution (SE). This property can be seen as similar to the
concept of density evolution from coding theory [2413], but in the case of dense factor graphs.

In recent years, the growing interest in high-dimensional inference and learning problems has mo-
tivated the introduction of approximate-message passing algorithms as solutions to many inference

93
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problems, and as analytical tools—thanks to the SE equations—to study the statistical properties
of learned estimators, notably starting with the LASSO [28, , 83]. A number of extensions were
then proposed for inference problems of growing complexity: generalized linear modelling and robust
m-estimators [210, 82, 300], low-rank matrix reconstruction [211, 165], principal component analysis
(PCA) [75, 164], inference in deep multilayer networks with random weights [1 58], matrix-valued
inference problems [15] or matrix recovery under generative priors [11], among others. Interestingly,
AMP algorithms can be composed with one another to solve inference problems obtained by com-
bining factor graphs, as demonstrated in [I11], where each part of the factor graph represents an
elaborate prior and inference process. This demonstrates the adaptability of such iterations, even
more so as the state evolution equations are shown to hold, often heuristically, for these composite
structures.

Contributions. As the diversity of inference problems and AMP iterations increases, it is im-
portant to identify a common structure underlying the known AMP algorithms. Such a partial
unification was done in [135, 37]: symmetric and asymmetric AMP iterations are treated in a com-
mon framework. However, these results do not apply to the more recent AMP iterations designed
for more complex problems presenting multilayered structures or ones obtained by combining factor
graphs.

Our first contribution is to show how AMP algorithms are naturally indexed by a graph that
determines its form. Seeing AMP algorithms as supported by this graph helps understanding
the iterations, especially the multi-layer ones, in a unified way. In this regard, we hope that our
framework will be used as a tool to generate new AMP iterations. Roughly speaking, the graph
underlying the AMP iteration represents the interaction of the high-dimensional variables of the
associated inference problem. However, this graph is not the factor graph representing the inference
problem that sometimes appears in the derivation of AMP equations, see [153] for example. The
factor graph is microscopic, in the sense that it disappears when taking the dense limit leading to
the AMP equations. On the contrary, the graph that we consider here is macroscopic: it structures
the AMP iteration itself. It is insensitive to the underlying inference problem that has generated the
AMP equation; for instance, it can be used in both Bayes optimal or non-Bayes optimal scenarios.

The second contribution of this chapter is to use the graph framework to show that all graph-
based AMP iterations admit a rigorous SE description. This generalizes the previous works of
[28, , 37] on SE to more complex iterations. Using our result, writing and proving the state
evolution equations is reduced to the identification of a specific structure in the AMP iteration,
instead of heuristically deriving or reproducing the rigorous proof entirely for problems of increasing
complexity. In particular, it gives a theoretical grounding for the analysis of AMP on recent multi-
layer structures [188, 15, 14]. Related to [185], this chapter proves that AMP algorithms are a
rigorously grounded approach to understanding multi-layer neural networks, albeit only when the
weights are random and when we perform inference with an AMP algorithm. Still, in a context
where theory struggles to explain the behavior of multi-layered neural networks, it is interesting to
see that this particular case can be rigorously studied, even for deep architectures.

We illustrate the flexibility of our framework by applying it to diverse inference problems men-
tioned above, notably multilayer generalized linear estimation problems and low-rank matrix re-
covery with deep generative priors. We also show how our results can be extended to handle
matrix-valued variables, combined with the spatial coupling framework introduced in [153, 1,
and how low-rank perturbations such as spikes in the random matrices or additional dependencies
of the non-linearities on linear observations change the state evolution equations.
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Related work. There is a rich literature of proofs of state evolution equations, notably starting
with Bolthausen’s iterative scheme [12, 13] based on Gaussian conditioning. The technique was
then adapted and extended to the case of a more generic AMP iteration related to the LASSO
problem in [28], where it is mentioned that Gaussian conditioning methods also appear in [79]
to tackle fundamental random convex geometry problems. The analysis was then extended to
matrix-valued variables with block-separable non-linearities in [135] and for vector-valued variables
with non-separable non-linearities in [37], which also show that symmetric AMP and asymmetric
AMP can be treated in the same framework. Our proof is partly based on the same iterative
Gaussian conditioning method but is additionally combined with an embedding specific to the
graph framework. To the best of our knowledge, the latter part of the proof is novel.

Another line of work—called VAMP (vector approximate message passing) algorithms—handles
rotationnally invariant matrices [212] with generic spectrum. This family of VAMP iterations is ob-
tained using a Gaussian parametrization of ezpectation propagation [202, |, a variational inference
algorithm based on iterative moment-matching between a chosen form of probability distribution
(e.g., Gaussian nodes on a factor graph) and a target distribution observed through empirical data.
These iterations also verify SE equations proven with a similar conditioning method [275, 1,
handling a different kind of randomness than i.i.d. Gaussian matrices. The SE proof for VAMP
iterations was then extended to multilayer inference problems and their matrix-valued counterparts
in [97, ]. In these works, the conditioning method is applied in a sequential manner to each layer
of the problem, making it specific to multilayer inference problems. On the contrary, our proof
method is not restricted to sequential multilayer estimation as mentioned in the contributions, and
does not rely on iterating through the graph. However, our proof does not apply to all rotationnally
invariant matrices. We handle mostly Gaussian or GOE matrices, with extensions to correlated
Gaussian matrices, products of Gaussian matrices and spatially coupled Gaussian matrices. This is
discussed in greater detail in Sections 2.2 and 2.3.

Outline of the chapter. The chapter is organised as follows: we start by presenting the in-
dexation of AMP iterations by an oriented graph in Section 2.1. Several conceptual examples are
provided. We present the state evolution equations on any graph-supported AMP iteration in Sec-
tion 2.2, along with its proof, which constitutes the main technical contribution of this chapter.
We then move to applications to inference problems in Section 2.3 and conclude on related open
problems in Section 2.4. All proofs of auxiliary results are deferred to the Appendix.

Notations. We adopt similar notations to those of [37]. Differences are mainly due to the matrix
variables framework.

We denote scalars with lowercase letters, vectors with bold lowercase letters and matrices with
bold uppercase ones. Inner products are denoted by brackets (., .}, and the canonical inner products
are chosen for vectors and matrices, i.e., (x,y) =x'y, (X,Y) = Tr (XTY>. The associated norms
are respectively denoted ||.||, and ||.|| » for the Frobenius norm.

For two random variables X and Y, and a o-algebra &, we use X|g 2 ¥ to mean that for any
integrable function ¢ and any G-measurable bounded random variable Z, E [¢(X)Z] = E [¢(Y)Z].
For two sequences of random variables X,,, Y,, we write X, é Y,, when their difference converges
in probability to 0, i.e., X,, — Y, Zoo.

We use Iy to denote the N x N identity matrix, and Oy the N x N matrix with zero entries.
We use 0,in(Q) and 0,4, (Q) = [|Q]] op 1O denote the minimum and maximum singular values of
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a given matrix Q. For two matrices Q and P with the same number of rows, we denote their
horizontal concatenation with [P|Q]. The orthogonal projector onto the range of a given matrix M
is denoted Py, and let Pl{-/[ =1-Pm.

Let S(;r denote the space of positive semi-definite matrices of size ¢ X ¢q. For any matrix k € S(;r
and a random matrix Z € RV*9 we write Z ~ N(0, &k ® Iy) if Z is a matrix with jointly Gaussian
entries such that for any 1 < 4,5 < ¢, E[ZY(Z7)"] = k; Iy, where Z¢,Z7 denote the i-th and j-th
columns of Z. The i-th line of the matrix Z is denoted Z;.

If f:RNX9 5 RNX4 js an function and i € {1,... N}, we write f; : RV>*? — R? the component
of f generating the i-th line of its image, i.e., if X € RV,

f1(X)
FX)=| : |eRVx.
In(X)

We write EC?)JZ the ¢ x ¢ Jacobian containing the derivatives of f; with respect to (w.r.t.) the i-th
line X; € R%:

S R
) il iq
’ 0(fi(X))q 9(fi(X))q

0X1 8Xiq

2.1 Graph-based AMP iterations

We start by defining the class of graphs indexing AMP iterations.

Definition 4 (graph notions). A finite directed graph—also simply called graph in the following—
is a pair G = (V,E) where V' is a finite set, called the vertex set, and is a subset of V XV,
called the edge set. This definition of graphs uses directed edges and allows loops.

A graph G = (V, E) is said to be symmetric if for all v,w € E, (v,w) € E if and only if
(w,v) €

The degree degv of a node v € V is the number of edges of which it is the end-node. In
symmetric graphs, it is also the number of edges of which v is the starting-node.

Graph notations. Given a symmetric graph G = (V, ﬁ), the following notations are useful. We
sometimes write v — w to mean that € = (v,w) is an edge of the graph. We say that v is the
starting-node of @ and w the end-node of @. We denote ‘¢ = (w,v) € the symmetric edge
of €. If € is a loop, then & = @. We write € — €’ as a shorthand to say that the end-node of

2 € F is the starting-node of €' € E. Note that for any € € ﬁ, T 7.

Iteration. We now fix a symmetric finite directed graph G = (V,ﬁ). We associate an AMP
iteration supported by the graph G as follows.

e The variables X% of the AMP iteration are indexed by the iteration number ¢ € N and the
oriented edges of the graph s ﬁ
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Xt? € R"w

x% € R™

« All variables associated to edges €@ = (v,w) with end-node w € V have a same dimension
ny € Ny, ie., x% € R™. We define N = Z(v weB Mo the sum of the dimensions of all
variables.

o Matrices of the AMP iteration are also indexed by the edges of the graph. If = (v,w) € ﬁ,

A5 € R™*™. These matrices must satisfy the symmetry condition A, ,) = A(vav). In

particular, this implies that matrices A,y € R™ "™ associated to loops (v,v) € £ must be
symmetric.

A—

€

Ac=A

ol

o Non-linearities of the AMP iteration are also indexed by the edges of the graph (and possibly
by the iteration number ¢). If t > 0 and € = (v, w) € E, ft ((X%),)_h _, _>) is a function
e’':e €

(v,w)
of all the variables of the edges whose end-node is the starting-node v of €, as denoted by
the condition €’ — €. It is a function from (R™)d8v to R™,

Once these parameters (Az)_ _z and (f%)

- 5 are given, we can choose an arbitrary initial

t20,¢¢
condition xo? € R™ for all oriented edges € € ﬁ of the graph. We define recursively the AMP
>

iterates (X%)@o,?eﬁ’ by the iteration: for all ¢ > 0, = E,

xtg{l =Aom5 —bpLmi?t (2.2)

e
m = fo ((Xtﬁ)%%ﬁ%) ’ (2:3)
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where b% is the so-called Onsager term

1 0fy
too_ = € t
o=yt x4 ((X?’>?/:?'—>?) cR. (24)
The above partial derivative makes sense as e - ?, thus x« is a variable of ft_e> Note that in

(2.2), the Onsager term multiplies the vector mfgl indexed by the symmetric edge ‘c of €.

Let us derive some simple particular cases of this framework, first to recover the classical asym-
metric and symmetric AMP iterations, and second to cover multi-layer AMP iterations.

Asymmetric AMP. The asymmetric AMP iteration appeared first in the literature to solve the
compressed sensing problem [33] and then more generally to tackle generalized linear estimation,
see, e.g., [240, , 82]. Tt corresponds to a simple underlying graph composed of two nodes and
two symmetric directed edges between them.

7t Az t
o
T e
In this case, the graph AMP equations (2.2)-(2.3) give
X%rl = A?mt? — bt?mfgl ,
mty = 7t ()
X1 = ATm — bem'3! (25)
mi — 1L (xL,) .
The corresponding state evolution (SE) property was proved in [28] for the separable case and in

[37] in the non-separable case. Note that the time indices proposed here are different from the
ones appearing in these works. The time index convention adopted here generalizes better to more
elaborate graphs. We show how to recover the usual time indices in Appendix 3.1.

Symmetric AMP. The symmetric AMP iteration is central to our discussion as we show that all
graph AMP iterations can be reduced to this case (with matrix-valued iterates, as detailed below).

It is already known that the asymmetric case can be reduced to this case [135]. The symmetric AMP

iteration appears, e.g., when solving the low-rank matrix recovery problem [211, 75], or community

detection in graphs [74]. It corresponds to the degenerate graph with only one node and one loop.
X'

Io
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Recall that & = € as @ is a loop. In this case, the graph AMP equations (2.2)-(2.3) give

X%rl = A—>m%> — b%m%l ,

€
(2.6)
mb = 4 (x5 |
Here, as there is a single edge ?, the indexes are superfluous and could be dropped. For these
equations, the SE property was proved in [135] for the separable case and in [37] in the non-separable

case. Note that the results of [135] allow matrix-valued variables.

Multi-layer AMP. The multi-layer AMP iteration appears when considering inference problems
through a multi-layer random neural network, see [188]. They correspond to a line graph whose
length [ is the number of layers.

t Az

f_) ei Xi_l> f_> €3 Xi_g
_>
€
t & : j
5 oaL Ja 2 AL o

x 1= A;gmia2 - bt6—2>m , (2.7)

Note that the non-linearities now take several variables as inputs when there are several incoming
edges at a node.

Spiked matrix model under generative multi-layer priors. Of course, the structures de-
scribed above can be combined to tackle new AMP iterations. For instance, the paper [15] studies
the recovery of noisy symmetric rank-1 matrix when the spike comes from a known multi-layer
generative prior. The associated AMP iteration corresponds to the following graph, where the loop
corresponds to the spike recovery and the other edges correspond to multi-layer prior on the spike.
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ry Ad

1 XI;_{ f_)

t+1 _ to gt t—1
Xt —Ae—1>me—l> b€—1>m1 ,

Lt _ gt toot

mi; = /b, (xtxd) (2.8)

2.2 State evolution for graph-based AMP iterations

In this section, we start by presenting the most straightforward form of our result, and show
afterwards how several refinements can be added.

2.2.1 Main theorem

AMP algorithms admit a state evolution description under two major assumptions: that the interac-
tions matrices A are sufficiently random—in our case Gaussian or GOE—and that the dimensions
n = (ny)yev of all the variables converge to infinity with fixed ratios.

Assumptions. We make the following assumptions:

(A1) The matrices (A?)?ef are random and independent, up to the symmetry condition A« =
A%. Moreover, if (v,w) € E is not a loop in G, i.e., v # w, then A(,,, has independent
centered Gaussian entries with variance 1/N. If (v,v) € ﬁ is a loop in G, then A(,,) has
independent entries (up to the symmetry A(,,) = A(Tv’v)), centered Gaussian with variance
2/N on the diagonal and variance 1/N off the diagonal.

(A2) For all v € V, n, — oo and n,/N converges to a well-defined limit 4, € [0, 1]. We denote by
n — oo the limit under this scaling.

(A3) For all t € N and e e ﬁ, the non-linearity f% is pseudo-Lipschitz of finite order, uniformly
with respect to the problem dimensions n = (n,)ycy (see Definition 1 in Appendix 3.5).
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(A4) For all @

Hz/\/N converges to a finite constant as n — oco.

(A5) For all € € E, the following limit exists and is finite:

dim o (72 () e 2) 22 (K2) )

(A6) Let (ke)zcp be an array of bounded non-negative reals and Z—- ~ N(0, k1, ) independent
random variables for all €. For all € € E , for any ¢t € Ny, the following limit exists and is

finite: )
Ji B (12 (%) o) 2 ((22)m0))]-

(A7) Consider any array of 2 x 2 positive definite matrices (S+)zcp and the collection of random
Varlables (Z—, Z?) N(0,S» ®1,,)) defined independently for each edge €. Then for any
@ € E and s,t > 0, the following limit exists and is finite:

i L8[ (o) £ (2 )]

Remark on the assumptions. In the literature, the random matrices A, ., of AMP iterations
are often scaled with variances 1/n,,. To recover the desired scaling, it is sufficient to rescale the
non-linearity on which a given matrix acts with the corresponding aspect ratio dy,.

Definition 5 (State evolution iterates). The state evolution iterates are composed of one infinite-

dimensional array (ns?’r)mw of real values for each edge e € E These arrays are generated as
follows. Define the first state evolution iterates

L1 _ L0 0 H2 -
wg = Jim 5 (%) o), 7 E.
Recursively, once (ns_e’f)s <t 2R 0Te defined for some t > 1, define independently for each =
E, 7% =xY% and (Z,...,Z%) a centered Gaussian random vector of covariance (KX )r st ® In,, -

We then define new state evolution iterates

RO = N = im fE [<fﬁ(( e')?';?’—@)’f%((Zt?’)?/:?’—@)ﬂ

TZ—}OO

for all sE{l,...,t},?Eﬁ.

Theorem 4. Assume (A1)-(A7). Define, as above, independently for each € = (v,w) € ﬁ,
7% = x% and (Z%,...,ZY) a centered Gaussian random vector of covariance (KZ)rs<t © I,

Then for any sequence of uniformly (in n) pseudo-Lipschitz function ® : ROADN 5, R,

® ((X%)ogsgt,?eﬁ) ~E {(I) <(Z%)0<5<t7?63)}
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2.2.2 Reduction of graph-based AMP iterations to the matrix-valued, non-
separable symmetric case

The core strategy in the proof of Theorem 4 is to reduce the graph AMP iteration (2.2)-(2.4) into
a symmetric AMP iteration with matrix-valued iteration, i.e., an iteration of the form

Xt—l—l — AMt o Mt—l(bt)T c RNXq’ (29)
M! = f{(XH) c RVx7 (2.10)
1 X oft
by =—) (X € R7¥7, (2.11)
N = 0X;

Here, A is a N x N GOE matrix, the iterates Xt, M! are N x ¢ matrices, and f! : RV*X9 — RVN*4 are
non-separable non-linearities. A rigorous SE description for this iteration is established in Appendix
3.2; it is an extension of the results of [135, 37].

In this section, we show that the graph AMP iteration (2.2)-(2.4) can be formulated as a sym-
metric AMP iteration (2.9)-(2.11) with matrix iterates. In Appendix 3.2.2, this reduction is used
to show that Theorem 4 follows from its equivalent on symmetric iterations.

Let g = |E|, @1,..., € be the loops of G and ?H—la <€l+1, ey @m, € m be the other edges of
the graph. Define
0
X?l
*
0
X?L
0 X% N
X0 = S e RVX0,
—
€141
* XY

0

where * denotes entries whose values do not matter for what follows. Let A be a N x N GOE
matrix such that

A~

1

A * Az

—
€1+1
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Finally, define the non-linearities f; : RV*¢ — RNX4 ag

X?l
>k
X?l
t X211 2.12
d xi, ., (2.12)
* X5
Xe.,
Y (x2)z2s2,)
0
I% ()
= " 0 f(tgurl( )
5,60 0
0 e ()
15 ()

Lemma 3. Define X°, A and f! as above. Then the iterates Xt of the symmetric AMP iteration
(2.9)-(2.11) are of the form

X = X?Hrl ‘ c RNXq ,

X
€l+1

¢
* x

X

€m

where X% denote the iterates of the graph-AMP iteration (2.2)-(2.4).

Proof. We proceed by induction. Assume that X! and X*~! are indeed of this form and we show
the claim for X!, We use equations (2.9)-(2.11) to compute X'*!; we start by computing the
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Onsager term b, = va 1 g)f( (X!) € R?%4, From the formula for f!, we compute
aft
Tr asz (...)
0
afL
. 1 Tr ax?i (...)
N 0 Ty grtien (.
€41
0 Tr %( ) 0
By (o
bL,
€1
0
b,
= 0 bl
0 bl 0
2 141

Then we can now compute

First,
Ao, ft?l ()
¢
AM = Az, fo, () t
* A7z+1 0 f<€l+1
A<€H~1 * ft?l+1( ) 0
Az [y, ((X%)? ;ge—;>
. N
= A‘?lft?l (')
Az f%,, ()
* e 141 f<€1+1( )

64
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Second,
50 bl
510 b,
M~ 'b, = @ t—1 ! ¢
. (1] fez+1(') tO b<?l+1
f?1+1(') 0 ?]+1 0

t t—1
b?l+1 i ()

0 bl 5t ()

N
ely1” €141

Thus, combining the above equations, we obtain
Xt+1 — AM — Mtflb;r
As fl ()= b F51()

.. *
- A fh ()= b F51 ()
A fl ()=t FE1 ()
Xt+1
*
= X%-tll
t+1
* X?H»l
This proves the induction. ]

2.2.3 Useful extensions

Here we present several refinements of Theorem 4 that can be obtained in a straightforward fashion
and appear often in statistical inference problems.

Matrix-valued variables. The variables xz, m+ initially defined as vectors can be extended
to matrices with a finite number of columns, and the non-linearities f% are then matrix-valued
functions of matrix-valued variables.

e n, € N5y is now the number of lines of the variables coming in node v € V. The definition
N = Z(uw)eﬁ n,, remains the same.

e Let g» € Nyg be the number of columns of X%). We assume that, for all € € E, 92 = q%,
and the ¢ remain constant, independently of n — oo.
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o The initial condition becomes X?U w) € R™¥9w.w) | for all edges € = (v, w).

« Non-linearities f; indexed by the edge €@ = (v, w) € E, f(t,u w)((x%,)?,:?,_)?) are now func-

tions from x—/_,o»R™ X492’ to R™*ww),

The AMP iterates are then recursively defined with:

x4 = Aomb —mi ' (bL)T e RMwxee (2.13)
t t
m3 = fo ((X?/>?/;?'—>?) ’ (2.14)

where each Onsager term is now a matrix given by:

1,1

kb= lim 1S ) g, 2) SO ) e p) €RITE . Tk,

1
ROV = IV < lim SB[ ((Z) e 2) e (Zh)ee2)] € RIPXE
for all 1<s<t,?€ﬁ.

where the Gaussian fields generalize straightforwardly to Z% ~ N(0, nt_éf ®1I,,) € R"*% for each
edge. Using these generalized definitions, the above statement of Theorem 4 and its proof can be
adapted easily. We give examples throughout Section 2.3.

Additional random variables in the non-linearities. Many inference problems are formulated
with a “planted” signal, i.e., a ground truth signal parametrizing the function the statistician tries
to reconstruct, sometimes called teacher in statistical physics. This often leads to the dependence
of certain non-linearities on additional random variables. As long as they appropriately concentrate
and are independent on the rest of the problem, they can be treated in straightforward fashion
with an additional average in the SE equations as done in [135], where the summability is reduced
to second-order moments conditions due to the separability of the update functions. However it
is not always straightforward to isolate the independent contribution in the teacher which is often
generated using the matrices found in the AMP algorithm, effectively introducing a correlation
between the matrices and non-linearities. In appendix 3.4, we propose a generic way to deal with
such dependencies with two additional results in the form of Lemmas 15 and Lemma 16. These two
lemmas may be combined at will to deal with a wide range of perturbations relevant to inference
problems. We now give an example of graph to which we apply those results, recovering the full SE
equations of [18%, 14]: consider any instance of the family of AMP iterations presented in Section
2.1, indexed on a given oriented graph G = (V, E), i.e.

xteJrl = A?mt? - bt?mfgl , (2.15)
t 7t ¢
mb = 75 (%), o) (2.16)
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where, in the notation of Lemma 3, for any symmetric edge € from the set {?1, - ?l}, A? =
A + Hvevy, Exnd fL() = f%g) Furthermore, for any asymmetric edge € from the set
{Cir1, 0 €m), Ae = Ay and fL() = fY(p2(Aowz),.). The following lemma then gives
the SE equations for this iteration:

Lemma 4. Assume that (A1)-(A7) are verified. Further assume that, for any € € B, \;—NHV?HF

and ﬁHW?HF converge to finite constants as N — co. For any symmetric edge € from the set
{?1, e ?l}, define the following SE recursion:

1
0, L1 _ 1 0.((,0 0 T 20 ((,0 0
por v = Y P(Heve tx%) o D e (ove + %) o) (2.17)
1
+1_ T
pit = lim B [(v2) (0o + 2 g o) (2.18)
1
t+1,5+1 +1,t+1 . T
REVT = RV = lim ZE | (ver + ) geno) e (Heve +25) L, L, )]
se{0,...,t}. (2.19)
where (ZL,,...,Z%) is a centered Gaussian random vector of covariance (k%) s<t ® Ly, Then,

or any sequence oj uniyorim mn SEUAO-LIPScnitz Juncilion . wo— N
for any seq f uniformly (in n) pseudo-Lipschitz function ® : RUTD™M — R

® ((X%)Ksét,?eﬁsym) ~E {(I) (Oﬁ?v? + Z%)Ogsgt,?eﬁsym)} (2.20)

For any asymmetric edge e from the set {?Hl, e ?m}, define the following SE recursion :

0. ~0 : 0 T £0, ( (40
ve,vo ke = ple(xe)eene) () ,2) (2.21)
1
1 : T -1 N
V%{ = A}gnoo NE [W?f%) (QO?(ZW?), (ZW?,pW?/V%, + ngu%, + Z%,)?/:?/H?H (2.22)
N ¢
1 f%
~t+1 9 -+ €1 —1 t ~1 t
ve =g E l [ 02wy s P2 <¢?(ZW?)’ (ZW?'pW?f Vo T Wi+ Z?’)?f:?q?ﬂ
(2.23)
&%ﬂ,sﬂ _ R;}—l,t—&—l _
. 1 -1 N -1 1\ "
dim, | (5 (otowe): (ol v weiy £ Z) ) = wonihod)
—1 N -1 1
(£ (02 (2wa): (2woipal Vo + Wil + 25, ) ) —weap Lt (2.24)
where (Zl?, cee Z%) is a centered Gaussian random vector of covariance (n%f)r,sgt ®1I,,. Then,
for any sequence of uniformly (in n) pseudo-Lipschitz function ® : ROADw R
P 1 ~
(I) ((X%>O<S<t7?€ﬁasym) = E |:(I) ((Zw?pw? V% + W%’/% + Z%)Ogsgty?eﬁasym)} (225)

Note the dependence on w¢ of the SE quantities indexed by ¢, which comes from evaluating

the matrix products defining the terms in m?, m?. In the AMP litterature, non-linearities often take
the form fL(.) = f'(p2(Agw2),.), i.e. with a dependence on the random matrix of the opposite
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edge. This only changes the arrows in Wy i.e.

0
0
0
W = 0w, , (2.26)
Wi, 0
0 0 wo
we 0

and the corresponding arrows in the SE equations above. It is indeed what is observed in, e.g.
[240, , 11]. Examples are given throughout Section 2.3.

Structured and correlated matrices. Products of Gaussian matrices can be considered by
choosing identities as non-linearities on given edges of the graph. This was done heuristically in
[188] to study structured inference problems. Gaussian matrices with generic covariances can also be
considered, i.e., A = ZX'/? where Z is an i.i.d. N(o0, é) matrix and ¥ € R4 is a positive definite
matrix. Indeed, the covariance matrix can be absorbed in the non-linearity as a non-separable
component. Depending on the non-linearity, expressions may simplify as functions of the spectral
distribution of ¥. Examples are given in Section 2.3.5.

Spatial coupling. Spatial coupling was introduced and studied in [153, , , 80] as a mean
to reach information theoretic limits in compressed sensing. The idea is to write the state evolution
equations when the random matrices have a block structure of the form

A A ... Ay
Ay A ... Ay

each A;; € RV*% has iid. N(0,Z%) entries and N;/N,d;/d are constant aspect ratios, where
>iNi = N and }_;d; = d. The proof of SE equations with this kind of matrices was proposed in
[135] and relies on a matrix-valued symmetric AMP iteration similar to the one used in our proof,
with a family of non-linearities acting on blocks of variables, with a separable effect on each block.
Since our proof extends the matrix-valued, symmetric AMP iteration to the fully non-separable case,
the same ideas can be applied to our framework to include spatially coupled matrices on each edge
of the oriented graph presented in the previous section (with the added possibility of non-separable

effects on each block). We now give an example in Section 2.3.6.

2.3 Applications to inference problems

In this section we illustrate our main theorem by showing how several AMP iterations established
heuristically in the literature are included in our framework, in particular [188, 15, 14 |, and
how straightforward generalizations can be considered. We adopt an optimization viewpoint for
each problem, omitting the probabilistic inference formulation at the origin of these iterations for
simplicity.
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2.3.1 A building block: AMP for generalized linear models

We start with a known AMP iteration for which the state evolution equations were already proven,
and build upon the intuition it gives to present more elaborate iterations. Consider the task of
optimizing a penalized cost functions of the form

%X € min g(Ax,y) + f(x) (2.27)
x€Rd
where the vector of labels y is typically assumed to be generated from another process as

y = ¢(Axo),

with xo € R? generated from a given distribution Px, independent from the matrix A, A € RAxd
is a matrix with i.i.d. IN(0, é) elements, and ¢ a given function. The goal is then to reconstruct
the vector xg. This formulation is at the basis of many of the fundamental estimation methods
in machine learning: least-squares, LASSO, logistic regression, etc. Approximate-message passing
algorithms were proposed for this task, notably in [83, 25, , , ], and take the generic
form of the asymmetric AMP iteration (2.5) where A5 = A. Intuitively, the functions fL,, fL
each correspond to one of the functions g, f from (2.27) and respectively output an estimate of the
quantities AX,x. As prescribed by the form of the generative model, we expect the update function
associated to the loss g(.,y) to be correlated with the matrix A, thus preventing a direct application
of the SE equations of Theorem 4, and requiring the results of Lemmad.

2.3.2 Multilayer generalized linear estimation

Consider now the problem of recovering a vector x¢ from a more complex generative model involving
a multilayer neural network with random weights:

Yy =¢L(ALdr—1 (Ar—1(...41(A1x0)))

where one has access to the final output y and would like to reconstruct the intermediate ones and
input xg. For each layer 1 <[ < L the matrix A; € RN+1XM hags i.i.d. N(0, N%) with N1 /Ny = §;.
The idea is to solve this sequentially using asymmetric AMP iterations similar to the one presented
in the previous section. This approach was originally proposed in [155] under the name multilayer
AMP (MLAMP). For any 1 <1 < L+ 1, define

x; = ¢—1(A_191—2(..91(A1%0))),
such that x;41 = ¢(Ayx;) and xXp41 =Yy

The intuition is the following : each x; is then estimated using the asymmetric AMP corresponding
to the problem
%, = argmin g;(A;x,y;) + fi(x)
x€RM

the output of which is used to estimate the next, i.e., y; = X;41, whose statistical properties are given
by the SE equations. The complete derivation of the iteration involves writing the belief-propagation
(BP) equations on the factor graph corresponding to the multilayer inference problem, capturing
all the interactions between the different iterates. These SE equations were derived heuristically in
[188] for Bayes-optimal inference, and this paper proves them in the generic case.
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2.3.3 Spiked matrix with generative prior

In the same spirit as the composition of generalized linear models defining MLAMP, different tasks
can be composed to obtain richer instances of inference problems. For instance in [15], the recon-
struction of a low-rank matrix under a generative prior is considered using an AMP iteration. A
rank-one matrix is observed, blurred by Gaussian noise:

Y = \/§V0V8— + W

where W € GOE(N), and the vector vo € RY is assumed to be generated from a multilayer neural
network with random weights

vo = ¢L(ALdr—1 (AL—1(..-¢1(A1x0)))

for a given ground truth vector xo € R™ matrices {A; € RNM+1*N}, ;1 and non-linearities
{#1}1<i<- The AMP iteration to estimate vg from Y was first proposed in [241, 75], and takes
the form of a symmetric AMP (2.6). Similarly to MLAMP, the output of this iteration can then
be used as input, leading to the AMP iteration proposed in [I1], which corresponds to the AMP
iteration (2.8). This paper proves the state evolution equations for this iteration.

2.3.4 An example with matrix-valued variables

Matrix valued variables are encountered in scenarios such as committee machines [15] or multiclass
learning problems [ 75], or more generically when a finite ensemble of predictors is learned. Consider
the matrix-valued extension of the generalized linear estimation problem Eq.(2.27).

X € argmin g(AX,Y) + f(X)
XeRN*q

where Y = ¢(AX)y))

where X € RV*9 and ¢ € N is kept finite. The SE equations for the asymmetric AMP with matrix
valued-variables are included in the result of [135]. This can be directly generalized to a multilayer
matrix inference problem by considering a generative model of the form

Y = ¢r(Ardr—1 (Ap—1(..-¢1(A1X0)))

and successive application of the matrix-valued asymmetric AMP as proposed for MLAMP in
Section 2.3.2. The state evolution equations for this problem is included in our framework using
the results from Section 2.2.3.

2.3.5 An example with structured random matrices

Consider a generalized linear inference task where the data is now represented by a Gaussian matrix
with a covariance ¥ # I;. This can be dealt with using the non-separable framework. Assuming
the covariance matrix is full-rank, we can equivalently work with the variable X = »!/2x, and solve

arg min g(A%,y) + f(=7V%%).

where A is now ana i.i.d. Gaussian matrix. This will modify the update function associated to
f, becoming f (2_1/ 2)), which is non-separable, even if the function f is initially assumed to be
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separable. The validity of the SE equations for this case follows from the results of [37]. This
manipulation can also be done on any layer of MLAMP, for a given set of covariance matrices
34,..., 21 associated to each random matrix Aq,..., Ay, with vector or matrix-valued variables.
The validity of the SE equations in this case follows from the results of this paper. In the convex
GLM case (2-layer), the fixed point of the state evolution equations with a generic covariance gives
the same result as (a particular case of) the exact asymptotics recently proposed in [176] to study
different feature maps in generalized linear models.

2.3.6 An example of spatial coupling with non-separable non-linearities

Here we briefly describe an inference problem recently studied in [178] that can be solved using
spatial coupling on a non-separable AMP iteration. Consider the problem of classifying a high-
dimensional Gaussian mixture with a finite number K of clusters, described by the joint density

K
P(xly) =Y yemiN(py,, i)
k=1

where x € R? is a sample, y € R¥ is a binary label vector, {m;};, are the cluster probabilities such
that Zﬁil e = 1, {p 1<k<x are the means and {Xj }1<r<x are positive definite covariances, using
a convex generalized linear model, i.e.,

X € argmin g(AX,Y) + f(X)
XeRdxK

where Y € RV*K ig the concatenated matrix of one-hot encoded labels. The matrix A representing
N samples of the Gaussian mixture can be written as a block diagonal matrix
7,31/

A — Z>35'/? c RNxKd
ZKEKI/Q

where the Z; € RVeX4 gre ii.d. N(o0, %) independent matrices, with N the number of samples
coming from each cluster. This type of matrix can be embedded into an AMP iteration using the
spatial coupling technique to handle the block structure and the non-separable framework to deal
with the covariances on each block. The validity of the SE equations for the combination of spatial
coupling and non-separable effects is proven by this paper. This is also an example where the teacher
distribution is independent of the Gaussian matrices that will appear in the AMP iteration, as the
multinomial distribution prescribing cluster membership is independent of the Gaussian cloud of
each cluster.

2.4 Perspectives

We have shown that AMP algorithms can be unified in an intuitive way by means of an ori-
ented graph, and that this representation leads to a modular, effective and extended proof of state
evolution equations. Several problems follow from the results presented here.
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Connecting back to the factor graph. We do not relate our proposed graphical representation
of the AMP iterations with the factor graphs of the probabilistic inference problems that generated
them. Understanding this relation would clarify the statistical inference problems that can be solved
using AMP iterations. The applications that motivated this paper use our framework with only
very simple graphs—Iline graphs, sometimes with a loop. However, the framework accepts much
more complicated graphs, potentially with more loops. In future work, we hope to explore the new
statistical problems and AMP iterations that can be analyzed using these graphs.

Rotationally invariant matrices. As shown in [212, 97, , 95], the Gaussian conditioning
method at the core of AMP proofs can be reproduced with right rotationally invariant matrices
with generic spectrum. Extending the results of the present paper to this family of matrices requires
finding the appropriate form of the graph iteration and is an open problem.

Universality and finite size corrections. State evolution proofs are amenable to both finite
size analysis [251, | and universality proofs [27, 62]. Although both problems were tackled in
simpler settings in these papers, their techniques could be combined with the embedding proposed in
the proof of Theorem 4 to prove finite size rates and universality properties for any graph supported

AMP.



Chapter 3

Proofs for the Graph-based AMP
iterations

3.1 Changing time indices

Here we show how the time index convention usually encountered in earlier instances of the asym-
metric AMP iteration can be recovered from the one used in this proof. Consider two successive
iterations of the asymmetric AMP (2.5):

t+1 _ t_ gt o t-1 t_ =1 pt—1_ t—2
X5 =Apmy —bpme T, Xp=Apmo b =7,

mly = i (xk) | mizt =yt ()

3.1)
41 _ ATt | t AT o t—1  gt—1_ -2 (3.
X<g —A?m% b?m? s X%—A?m? —b? m? N
— L (xt t—1 _ pt—1 (-1
mi = fL (x4) mi = o (x5)

which requires initializing both x—- and x«, and updates them simultaneously at each iteration.
We see that to evaluate xt+1 (resp. Xff ), we only need the previous value of XEE (resp. x%) and

x—2t-1 (resp. xfgl). Thus only half of the iterates can be computed, independently of the other
half, using the following formulae (setting the other update functions to zero):

2t+1 AT 2 b2<€tm2_et;1 ’
it — i (x%) ,
X% = A?m%_l — b2_t>_1m2<€t_2 , (3:2)
-1 _ f2t 1( 2t— 1)
which only requires one value at initialization and at each iteration. The usual time indices found
in , e.g., [37] are then recovered with the following mapping:
Q‘Etﬂ — uit!
x2—6f> =v'
f ‘2€t( ) =9:(.)
2 =el)

Note that this simplification is speciﬁc to the graph structure underlying the asymmetric AMP
iteration.

73
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3.2 Matrix-valued symmetric AMP iterations with non-separable
non-linearities

3.2.1 State evolution description

In this section, we present the state evolution equations for a symmetric AMP iteration with non-
separable non-linearities and matrix-valued variables. This is an extension of the results of [135, 37].
This result underlies the proof of state evolution equations for graph-based AMP iterations.

Consider an initial (deterministic) matrix X? € RV*? and a sequence of deterministic functions
{ft: RNV*q — RN*a}, . For the reader’s convenience, we recall here the symmetric AMP iteration
(2.9)-(2.11).

Symmetric AMP iteration. Let X° € RVX4 and define recursively,

X+ = AM! — M H(bh) T e RVx7, (3.3)
Mt — ft(Xt) c Rqu7
1 X ot
bt — NZTQ(XU € RIX (3.5)
=1 v

where b’ is the Onsager correction term. We now list the necessary assumptions.

Assumptions.

(B1) A € RV is a GOE(N) matrix, ie., A = G + G for G € R¥*VN with ii.d. entries
Gij ~N(0,1/(2N)).

(B2) For each t € N, ft : RV*4 — RN*4 is pseudo-Lipschitz of order k, uniformly in N.
(B3) || X°|,./V'N converges to a finite constant as N — oo.

(B4) The following limit exists and is finite:

Jim LX) FO(X°) € Rex (3.6)

(B5) For any t € N and any & € S, the following limit exists and is finite:
. 1
Jim B [0X0)T(Z)] e R (3.7)
where Z € RVX4 Z ~ N (0,k ®@ Iy).

(B6) For any s,t € Nyg and any k € Siz, the following limit exists and is finite:

Jim E[£(2)7 (2] e R (33
where (Z°,Zt) € (RVX9)2 (Z%, Zt) ~ N(0,k ® Iy).

Under these assumptions, we define the state evolution iteration related to the AMP iteration (3.3)-
(3.5).
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Definition 6 (state evolution iterates). The state evolution iterates are composed of one infinite-
dimensional array (K*"), s>0 of real matrices. This array is generated as follows. Define the first
state evolution iterate

11 _ i L 050\ T 2050
kot = lim (X)X (3.9)
Recursively, once k57,0 < s,r < t are defined for some t > 1, take Z° = X% and (Z*,...,Z") €
(R™*9) g centered Gaussian vector of covariance (K*")s ,<t@In. We then define new state evolution
iterates 1
K,t+1’5+1 — K,S+1’t+1 — lim —F [fS(ZS)Tft(Zt)} , s € {07 o ,t} )
N—oo N

The following property then holds for the AMP iteration (3.3)-(3.5).

Theorem 5. Assume (B1)-(BG6). Define, as above, Z° = X° and (Z*,...,Z) € (RN*9)! g centered
Gaussian vector of covariance (K*")s,y<; @ In. Then for any sequence ®y : (RVX0)HH1 5 R of
pseudo-Lipschitz functions,

oy (X0, X1, X) ZE oy (2°.2',....2")] .

Given the above result, we can expect the Onsager correction b’ to verify

N ¢
e 21 Ofi oyt axq
b = “E L:1 372 )] € RI¥4. (3.10)

where Z' ~ N(0, k¢4 ®I,). In fact, similarly to [37], Theorem 5 can be shown to hold for the AMP
iteration ((3.3)-(3.5)) with any estimator b? satisfying

Lt~ 0 W10 crt—1 oty P 1 Nafit t x
bY(XO, MY, ML X = DB (3T (2| e R (3.11)
i=1 Y

. The state evolution actually hold for the AMP Eq.(2.9-2.11) with any estimator by converging
in probability to the expectation on the r.h.s. of Eq.((3.10)). This is formalized in the following
corollary:

Theorem 6. Consider the AMP iteration
X = AM! — M 1b/ e RV*4 (3.12)
M = f{(X?) e RVx4 (3.13)

initialized with X° as Eq. (2.9-2.11), and where Bt(XO,MO, ...,Mt_l,Xt) is an estimator of bt.
Under the set of assumptions (A1-A6), and provided the estimator by verifies

» 0 g0 crtel oty P 1 Nafti t x
By(X0, MO, ., ML X == |37 7H (2| € R7. (3.14)
i=1 Y

then for any t € N

lim LHXHI—XMH 20, lim ——

N*OO\/N F N—)oo\/N

and the iterates Mt,Xt verify the state evolution equations.

Mt — MtHF ~ 0 (3.15)

The proof of this corollary is also provided in Appendix 3.3.
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3.2.2 Application: proof of Theorem 4

In Section 2.2.2, we have seen that the graph AMP iteration (2.2)-(2.4) can be rewritten as a
symmetric AMP iteration of the form (2.9)-(2.11). Here, we check that applying Theorem 5 on the
symmetric iteration after performing the reduction indeed gives Theorem 4.

Define the state evolution iterates as in Definition 6. Here, due to the expression (2.12) of the
non-linearities, the state evolution iterates are diagonal:

2
1 172, (%) 22m2,)| 0
kb1 = Jim < (3.16)
2
0 7%, (%22,
and
Ef% ()T f% (..) 0
K,t+1’s+1 S-I—l t+1 __ lim i
N—>ooN
0 Efe (.)7fE (.2)

Let Z' € RNV*? be the variable from Definition 6. Decompose
¢
2?1 *
Z' =
* ngm

where va w) € R™ . The dlagonal structure of the state evolution iterates means that Z and Z%,

are independent when € 7é . We thus find that

s,t
K'E)1 0
Ks,t —
s,t
0 Ke

m

where the n_f are those defined in Section 2.2 and the variables Z? are the same as those defined
in Section 2. 2
These elements show that Theorem 4 follows from the application of Theorem 5

3.3 Proof of Theorem 5

Once the concentration lemmas of Appendix 3.5 are established for matrix valued-variables, the
proof follows closely that of [37]. We include the main steps (with minor changes) for completeness
nonetheless.

As an intermediate step, we introduce the following AMP iteration initialized with X° € RV*¢ .

X = AM! —ML(bY) T € RV*4 (3.17)
M! = LX) e RV*¢ (3.18)

71@ [Z L ] € R, (3.19)
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where the Onsager term has been replaced by the expectation in Eq.(3.10) using the state evolution
recursion, i.e., Zt € RVX9 ~ N(0, ke ® Iy).

We denote this recursion with the shorthand {X*, M| ff, X°}. The following lemma is an analog of
Theorem 5 for the iteration (3.17)-(3.19).

Lemma 5. Define, as above, Z° = X° and (Z',...,Z") € (RN*9)! a centered Gaussian vector of
kLl L gl

covariance | .. |®Iy. Then for any sequence ®y : (RN*9)!*1 - R of pseudo-Lipschitz
t,1 tt
K, ’ o .. '{I )

functions, the iterates of (3.17)-(3.19) satisfy
Dy (XO,Xl,...,Xt) LR [@N (zo,zl,...,zt)} .

3.3.1 Proof outline and intermediate lemmas

The main idea is to analyze an iteration that behaves well under Gaussian conditioning and that
asymptotically approximates (3.17)-(3.19).

Matrix LoAMP. We consider the following iteration, a matrix-valued version of the LoAMP

iteration introduced in [37]. The sequence of functions f! and initialization X are the same as for
the AMP orbit {X! M¢|ft, X°}. Initialize Q° = f°(X"), and recursively define

H™ =P§,_ APS, Q' +Hi1a! e RV*Y, (3.20)

Q' = fi(H") eRNx, (3.21)

where at each step, the matrices Q;_1, a’, H;_1 are defined as

Q1 =[Q%Q"..1Q"Y] erM, (3.22)
a'=(Q/,9,1)7'9] Q" eR, (3.23)
Hoo = [H B2 [HY] e RV, (3.24)

Po, , = ©:1(Q] 19 1)7'Q/ , is the orthogonal projector on the subspace spanned by the
columns of Q;_1, and Pétil =Iy—-Pg, ,.

We denote this recursion with the shorthand {H?, Q*|f*,X°}. The inverse (Q, ;Q;_1)~! in the pro-
jector may not always be properly defined if Q,_ is either rank-deficient or has vanishing singular
values. We thus introduce the following assumption as in [37], which ensures the proper definition
of the projector.

Assumption 1 (Non-degeneracy). We say that the LoAMP iterates satisfy the non-degeneracy
assumption if :

o almost surely, for allt and all N > t, Q¢ 1 has full column rank.

o for allt, there exists some constant ¢, > 0—independent of N—such that almost surely, there
exists Ny (random) such that, for N > Ny, omin(Qi—1)/VN = ¢ > 0.

We now study the LoAMP iteration, starting with the non-degenerate case.
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The non-degenerate case. The following lemma gives the distribution of the Long-AMP iterates
when conditioned on the previous ones.

Lemma 6. Consider the LoAMP iteration {H', Q?| f;, X°} and assume it satisfies the non-degeneracy
assumption. For any t € N, let &; be the o-algebra generated by the collection of random variables
H! H?, ... H!. Then

H't|g, < ng APS Q'+ Mo (3.25)

where A is a copy of A independent of S;.

The next lemma characterizes the high-dimensional geometry and distribution of the LoAMP
iterates, notably that they verify the state evolution equations.

Lemma 7. Consider the LoAMP recursion {H', Qt| f;, X"} and suppose it satisfies the non-degeneracy
assumption. Then

a) for all0 < s,7 <t
%(Hsﬁ-l)THr—&-l é_, %(QS)TQT e quq7 (3.26)

b) for any t € N, for any sequence of uniformly order-k pseudo-Lipschitz functions {¢n :
(RN ¥9)+2 - R),

Oy (X0, HY, .., HIM) L oy (X0, Z, .., Z1H1)] (3.27)

where
(Z', .., ZY) ~ N(0, (k%) g et @ Iiy) (3.28)

The next two lemmas show that the iterates of the Long-AMP recursion are arbitrary close to
those of the original symmetric AMP in the high-dimensional limit.

Lemma 8. For each iteration t of the LoAMP iteration {H!, Qt|ft, X}, consider the recursion
oft
0Z;
Q' = f'(H") (3.30)

I:It-i-l — AQt . Qt—l(bt)T where bt N [ (Zt)] c R2*4 (329)

where we take H! = AQ° and Zt ~ N(O K ® In)with K. defined by the state evolution. Then

for anyt € N, = HHt+1 Ht“H L)
F N—oco

Lemma 9. Consider the symmetric AMP iteration {X', M!|f;,X°} and the LongAMP iteration
{H, Q| f;, X°}. Suppose that LongAMP satisfies the non-degeneracy assumption. Then for any
teN,

]Ht“ . Xt“H P L0 and

1
ﬁ’ F N—ooco ﬁ‘

Combining the previous results, and assuming the non-degeneracy is verified, Lemma 5 holds

Qo] e

true.
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Relaxing the non-degeneracy hypothesis This paragraph shows how the non-degeneracy
assumption is relaxed using a perturbative argument as done in [37]. Define the randomly perturbed
functions

e = f1() +€Y? (3.32)

where Y* € RVX4 is a matrix with i.i.d. N(0, 1) entries independent of the original matrix A. We
denote Y the set of random matrices (Y°, Y1, ..., Y!) € (RV*a)i+1,

Lemma 10. The AMP iteration defined with the functions fly and initialized with XO verifies As-
sumptions (B4) — (B6). Furthermore, define the associated state evolution iteration {k*|ft,, X°},
initialized with

M=l (X)) (2 (X)) (3.33)

and

1
s+1,t+1 _ 1: - s 6,8\ T gt [
RSV = lim B | (f(2°) T Sy (2] (3.34)

where (Z',...,Z") ~ N(0, (k*")S <, ® In) and the expectations are taken w.r.t. Z%,...,Z5" but
not on Y. Then the state evolution {k%*|ft, X } is almost surely non-random.

Lemma 11. Denote Q 1 the N X tq matriz associated with the LOAMP iterates
{HY ! QY £, XO}. Assume € > 0. Then for N > t, the matriz QLY almost surely has full

column-rank. Furthermore, there exists a constant c., independent of n, such that, almost surely,
there exists Ny (random) such that, for N > Ny, O'mm(Q 1)/VN = cpe > 0.

The next two lemmas show uniform convergence of the perturbed state evolution averages to
the original one when the perturbation vanishes.

Lemma 12. Let {®y : RVXM 5 RI%9} v be a sequence of uniformly pseudo-Lipschitz functions
of order k. Let K,k be two tq X tq covariance matrices and Z ~ N(0,k @ Iy), Z ~ N(0,& @ Iy).
Then

lim sup E[®x(Z)] — E[®x(Z)] =0. (3.35)

R—K N>1

Lemma 13. For any s,t > 1, k3! 7 K5t
€E—r

This last lemma shows that the iterates of the AMP orbit defined with the randomly perturbed
functions (3.32), denoted {X¢Y: MY fL, X9}, is arbitrarily close to the original AMP orbit
{X!, M| ft, X°) when the perturbation is taken to zero.

Lemma 14. Consider the symmetric AMP orbit defined by {X*, M!|ft, X"} and the corresponding
perturbed orbit defined by {X Yt MY £, X0}, Assume that, for some t € N. Then there eist
functions hi(e), hj(€), independent of N, such that

lim he(e) = hm hi(e) =0 (3.36)

e—0 —0

and for all € < 1, with high probability,
VEMMW—NHL<M@, (3.37)

]X“ﬁﬂfxww < hyle). (3.38)

F

75

Combining these lemmas, we now prove Lemma 5
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3.3.2 Proof of Lemma 5 and Theorem 5
Theorem 5 follows from Lemma 5 similarly to the proof of Corollary 2 from [37].
Proof of Lemma 5. The lemmas presented in the previous section ensure the following:

e Lemma 11 and 5 ensure the AMP iteration defined with randomly perturbed functions verifies
the non-degeneracy assumptions and the perturbed state evolution equations, i.e.,

Oy (XO,XE’I,...,XEY’t) g [@N (Ze’O,Ze’l,...,Ze’t)} .

for any sequence of pseudo-Lispchitz functions @, where (ZE’O, Zet o, Z%") are defined as
in Bq.(3.33).

e We have shown that the perturbed state evolution converges to the original one for vanishing
perturbations, i.e.,

— 0
e—0

sup |E oy (20.2".....2)] ~E [0y (20,27, . 2!)]

using Lemma 12 and 13.

o Lemma 14 ensures the AMP orbit {X<Y! MY:!|f, X%} uniformly approximates the
{Xt, M| ft, X%} one.

In light of these results, consider the following decomposition: for any n > 0:
P (\@w (XO,Xl, Xt) ) [@N (XO, VAN zf)” > n)

P (]@N (XO,Xl, Xt) — By (XO,X“J, XYt)‘ > ”)

3
+P <‘c1>N (XO,Xval, ...,X€Y’t) “E [@N (XO,ZG’l, zt)” > g)
4P (]E [cpN (XO,ZE’l,...,ZE’t)] ) [@N (Xo,zl,...,zt)” > g)

Starting with the first term of the r.h.s., the pseudo-Lipschitz property and the triangle inequality
give

@n (X0, X1, .. Xt) — Py (XO, XeY’l,... XY <

B OH [IX75 " S HX” X7

L<1+2 +Z n(i-1)/2 Z N 1/2)2 —"
X5 X7 - XG’UFXE”H { ||X”H HX“ X7
<L(1+2 k—1)/2 Z (k—1)/2 = Z (k—1)/2 >Z =

X0 X7 — X[ IIX”H RSE H
<L(1+2 (k—1)/2 Z nk—1)/2 +2Z (k= 1/2)2 VN =

L(l +20k1 ¢ Z hi(e)"1 +2 Z cf;;) Z hi(e) w.h.p.

i=1 =1 =1
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where we used assumption (B3) for the convergence of ||Xo| »/v/N to a finite constant, the well-
defined state evolution of the perturbed orbit {XY:!, MY:!| fL,, X9} for convergence of ||X¢|| /v N
to finite constants Cey; and Lemma 14 to replace the differences HX” — XlH 5 by the functions
hi(e) with high probability. This gives, for any 1 > 0:

lim lim sup P (‘@N (XU, X!, Xt) Dy (XO,XEYJ, ...,XGY»t)‘ > ”) =0 (3.39)
=0 N_oo 3
The state evolution for the perturbed AMP then gives
liy lim sup P <]<I>N (XO,XEYJ, XﬁYﬁt) _E [@N (XO, AL zeit)] ] > g) =0 (3.40)
and Lemma 12 guarantees:
lim P (’E [@N (XU, ZYLl zeth)] ) [@N (XO, VAN zt)H > g) —0 (3.41)
for all N. From this we deduce
P (‘@N (XU,Xl, Xt) ) [@N (XO, VAN zt)H > 77) 0 (3.42)
which is the desired result. O

We now turn to the proof of Theorem 6.

Proof of Theorem 6. The property is verified at t = 0 straightforwardly from the initial conditions
: X0 = X% and M? = M? = f(XY).

Consider now that Corollary 6 is verified up to time t—1. Then, using the pseudo-Lipschitz property:
rt tH — 1 Hf (Xt) _ f (Xt)H < |14+ HXtHI;_l 4 HXtHI}C«:l HXt B XtHF
F NI ! P n=1/2 " pE-1)/2 VN

(3.43)

1
VN
k-1
X! verifies a well-defined state evolution using Theorem 5, thus limy_eo Wig/? < C; for a given

bounded constants C;. To bound HXtHF /V'N, we can write:
Tt Tt t ot Tt wt
o P R Seh. S PN P L
VN VN S VN VN
where the large n limit of the first term of the r.h.s. is bounded and the second term vanishes from
the induction hypothesis, which gives HXt — XtHF / VN ——— 0. Combining these steps, we get

n——+oo

(3.44)

HMt — MtHF/\/N — 0. Moving to X+, we write :

n—-+00
\;NHXtH _ Xt+1HF < HAHOP\;NHNU _ MtHF + \;NHMtlgtT _ MtqthHF
< ||A\|Op\/1N U V[ ;N SIS ¥ S V S Ve
S It Ll R U i
< ||AHOP1N M- M|+ jﬁ N M|+ jNHi)Z —o | M 4s)
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and handle each quantity using similar arguments as before: the quantities |[M'~!||./v/N and ||b¢||
are bounded for large n using the state evolution from Theorem 5, the quantities HMt - MtHF /VN

and “Mt_l - Mt_lHF /V'N vanish for large n using the first part of this proof and the induction

=

hypothesis. The operator norm of A may be bounded using Proposition (5). This proves the
induction and concludes the proof of Theorem 6. ]
3.3.3 Proof of intermediate lemmas

Those proofs which are too close to the ones appearing in [37] are not reminded.

Proof of Lemma 6. Recall the o-algebra &; = o(H', H?, ..., H!). The LongAMP iteration verifies:

H'"!' = (Id - Pg, ,)APg, Q'+ H; 1! (3.46)
=AQ| —Pg, ,AQ| +Hi 1 (3.47)
where QY = Qt th We now show by an induction that conditioning on &; is equivalent to

conditioning on the linear observations AQY, AQ', ..., AQ!, and thus to conditioning on AQ;_;.
Consider the first iteration which initializes the induction:

H'=AQ° (3.48)

thus H! is 0(AQ)-measurable. Suppose now that H;_1 is 0(AQ;_1)-measurable. The LongAMP
iteration then gives, remembering that Qlt| = PQt_th :

oI — AQt _ AQﬂ _ PQtflAQti + %tflat (3.49)

o(AQ;_1)-measurable

where the highlighted term is 0(A Q;_1)— measurable by definition of Q|t| and the induction hypoth-
esis. This gives that H; is 0(AQ)-measurable. We can now condition on the linear observation
A Q; 1 at each iteration. We thus have:

d
H'ts, = Als, Q| —Po, ,AQ| +H; 1! (3.50)

which amounts to condition the Gaussian space generated by the entries of A on its subspace defined
by the linear combinations AQ; ;. Conditioning in Gaussian spaces amounts to doing orthogonal
projections, which gives

Als, =E[A|&;] + Py(A) (3.51)
as shown in [28],[135], where A is a copy of A, independent of &; and P; is the projector onto the
subspace {A € RV*NAQ, 1 =0,A=AT}:

E[A|&/]=A -Pg, APg, , (3.52)

Pi(A) =Pg, AP, (3.53)

where A is an independent copy of A. Replacing in the original LongAMP iteration, we get :
H'"'s, 2P5 APS Q'+ Hi 1o (3.54)
where we used PJQ- E[A|&]P Qt . =0. O

Proof of Lemma 7. We proceed by induction over t. Let S; be the property at time ¢.
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Initialization.
a) We have H' = AQC. Then:
1 1
7H1TH1:7A OTA 0
S(H)TH! = 1 (AQ")(AQ")
P o1 5TA0
= (Q)'Q (3.55)
using Lemma 21. We then define k! L +(Q%) Q.
b) We want to show that @y (X, H') ~= E [y (X, Z")]] where Z' ~ N(0, x"1), where
L 3ovTao _ L (00T 400
= 5@Q)7Q° = £ (F'(XY) X (3.56)
For any sequence {®x}yen of order k pseudo-Lipschitz function

|n (X0, AQ%) — E[@n(2")], < [|n(AQ") — @n (2", + e (2!) — Elon(Z)]],

1AQL\ " (1z ) A -z
- (H<m2> +(m> Uw e @) —EeE],
(3.57)

0 k-1 1 k—1 0_rl
where the large n limit of <HAQ\/NH2) + <”Z\/NH) being bounded, HAQ\/NZ L nisoo 0

and | ®n(Z") — E[®n(ZY)]|, —> 0 follow from Lemmas 1 and 21 .

Induction. Here we assume that Sy, S1, ..., S;_1 are verified, and we prove S;.

a) Consider the case s < t. Since H**! and (Q*, Q") are &; measurable, using the conditioning
lemma, we have :

(EHTHT —(Q)'Q) e, £ (<H8+1>THt+1| s —(Q)Q)
=\ YT (Pg, AP, Q' +H,1a') — (Q°)'Q
= (H*") P, AQ + (H")"Hi1a' - (Q)'Q (3.58)

We thus have :

((Hs+1)THt+1 _ (QS)TQt) |6t

’ Hs+1 TPL AQLH

NH Hs+1 TH{, 10( _ (Qs TQtH (3'59)

Starting with the term

( H)TPS, QLH HSH)TAQ’iHF (3.60)

¥ - x|
. . . 1 +1 1 t i
the induction ensires that WHHS H I WHQ J_H 7 concentrate to finite values. Furthermore,

HPJQt_IHSHHF < ||[H**Y| ., so according to Lemma 21, the first term on the right-hand-side
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will concentrate to zero.
Moving to the second term, since s < t, Pg, /Q°* = Q®. Then:

NH (H)TH, ol — (QF) TQtH % () T3, ol — (Pgt_lQS)erHF
= ST et - @) e el ie ) el
= ] E T e (@) e,
< T @)@ el (3.61)

Here we consider s < t thus s+ 1 < t. Hence the induction hypothesis includes the concentra-
tion properties of H**! and a;. We then have limy_; oo %H HAYTH, 1 —(Q°) Qs HF —0

and ||oy || has a finite and well-defined limit using the non-degeneracy assumption. Indeed:

lelly = |(@L1Qi-1) el Q|,
1
< Nic%QtTlet (3.62)

using the induction hypothesis, lim,— o0 %Q; 1Qt is finite. This proves the property for
s < t. Now consider the case s =t¢. We then have:

(=l ) 1= (Fres e - )

R (A ey R T

We then have

Lps AQll = LAQL]l - tPe AQLlL L tat]l  sey
where we used
AU £ Flaufy and GPe AQif o (3.65)

which follows from Lemma 21 and the independence of A. The second term then reads

(PQt 1AQ1) Hira! (QJ_)TAPQt i1 (3.66)

From the induction hypothesis, we know that a! has finite norm when N — oco. Moreover,
1L t ¢ t ¢ 1 1 t
|PS, Hirad|| | < [Hira||p and QL < [|Q7 5 Also el Hillp and o ]Q1
converge to finite constants, again according to the induction hypothesis. Using Lemma 21,

we get

1 p
&I (( 5, AQL) ’Ht_lat) ——0 (3.67)
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Finally the third term can be decomposed

frcsef |} = () s
= Tr((a') H,_ Hi-10)
= Tr((a")" (%;r—lﬂt—l - QtT,th_1) o)+ Tr((at)TQtT,lgt_lat)
<Ml - ol lleully + 1Qe- 1l (3.68)

Using the induction hypothesis and the non-degeneracy assumption, limy_ ||atH p is a fi-

nite constant, and %Hﬂllﬁtﬂ — QtT_l Qt*lHF ﬁ 0. Furthermore, by definition of ay,
Qi 10 = ”

Grouping all the terms, we get
v (= 1o e 2 sl + el - sl
=0 (3.69)
Using the conditioning lemma :

N (XO,Hl,...,Ht,HtH) s, < Dy (XO,Hl,...,Ht,Pgt PS5, Q' +Hi 1a)
—dy (XO, H' . H' AQ| — Py, AQ' + %Hat) (3.70)

Let @y (AQtL — Po, ,AQ! + ’Ht_lat> — Dy (XO, H! . H' AQ| - Py, AQ! + ’Ht_lat)
as a shorthand. Then, from the pseudo-Lipschitz property:

@ (AQY ~ Po, ,AQ| +H, 1a') — @y (AQL + H, 1)

< InC(ko)(1+ (”’%‘F) +Z(|!HS||F)k 1

() () (e e

where C(k,t) is a constant depending only on k and t. The induction hypothesis ensures that

[P SV A -
TN + D=1 (W) converges to a finite constant. Furthermore,

751l < 51l e, (872

which, using Proposition 5 and the induction hypothesis, converges to a finite constant. Also,
using the fact that rank(Pg, ,) < tq with ¢, ¢ finite, and the independence of A, Lemma 21
gives

‘Pgt IAQLH L 50. (3.73)

F n—oo

1
v
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Ultimately, we obtain
" (KOt A O N 2 & (Aot t
Dy (AQJ_ —Po, \AQ| +H 1 ) = oy (AQJ_ +Hi1a )
P ’ ~
~ oy (AQY +H; 1a') (3.74)

where af = limy oy which are finite matrices, and af € R¥“*9, We write :
t —00 I t

(i)
(3.75)
(af)e
where V1 < i < ¢, (af); € R?*9. Then
’ ~ P / A *
(IJN (AQi + ’Ht_lozt’*) ~ (I)N (AQﬂ_ + Ht_lat’ )
2 (X0, H!, ..., H!, AQ! + H;_1ab*) (3.76)

Using Lemma 1, there exists thl ~ N(O,n'fl ® Iy) independent of &;, where ntfl =

limpy—eo (Q%) TQY, such that:
(X0, HY, .., H, AQY + H,1ab*) 2= Eyg [o(X" |, B!, 20+ Hy 0t

t
LR [@N(XO, VAR AN S zi(atv*)i)] (3.77)
=1

We now need to match the covariance matrices defined by the prescription of Z!*! we obtained
with the ones from the state evolution. Let ZI+ = Z'! + ! Zi(ab*);) € R?*%. We then
write Z!T1 ~ N(0, kT @ Iy) where k71 = limy_, oo & (Z!T1) TZ!1. Then, using the
isometry proved above and remembering that, for any 1 <i < t, Qt = f{(H?):

1 1 1
N(zt—i—l)—rzt—kl ; N(Ht+1)THt+1 ; N(Qt)TQt njoo I{t+1’t+1 (378)
similarly, for s > 2:
s 1o p 1 p 1, . P s
KS = N(Z )th+1 —~ N(H )THt+1 —~ N(Q l)TQt m K ;t+1 (379)
and for s = 1:
s 1 p 1 p 1 P
KS = N(Zl)TZtJrl —~ N(HI)THtJrI —~ N(QO)TQt m nl’t+1 (380)

O

Proof of Lemma 8. This lemma is proven by induction.

Initialization. The first iterates read H' = AQP and H! = AQO. This concludes the initializa-
tion.
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Induction. Assume the proposition is true up to time t. Define the (¢+1)gx (t+1)gq block-diagonal
matrix By = diag (Oyxq, b', ..., bt) and H;_ 1 = [I:II\I:I2\|I:F} We then have :

Ht+1 = PétflAPJQtfl Qt + %tflat
= AQ, —Pg, [ AQ, +H_10! (3.81)
and
ﬂt+1 — AQt _ Qtfl(bt)—r
= AQ| +AQ| - Q" '(b") '
where AQT‘ = AQt—l(QtTA Qt—l)ilgj—th
—AQ, o (3.82)

which gives
H' —H*' =Pg,  AQ| — Q" '(b) +AQ; 10" —H; 10 (3.83)
using the definition of iteration (3.29), we have:

AQi 1 =Hi 1+ [OnwglQ.1Q72] BL, (3.84)

A N | _
ittt — PQHAQi o Qt—l(bt—l)T + [Onxql Qi) BtT_lat + (’H oyt 1) ol
=09 1(Q] 19:1-1) '] JAQ| — Q" (b1) " + [Onxg|Qi—2] B 1o
+(H T -H) ot (3.85)
and

Qo] [ A=(AQ; )"
= ((ﬂt,1 + [0N><q|gt72] B:))T
— ',ittT_l + B [Ong| Qs 2] (3.86)

since QY = PJQtith, it holds that:

QL AQ!L = (H,_, +B,[0ng| Q2] P5,_, Q'
= L, PS5, Q' (3.87)
which in turn gives:
HIT! — HIF! S Qt—l(QtT—1 Qtfl)_lﬂ:qu - Qt_l(bt_l)T + [0nxq| Qi—2] BtT—lat
+ (?:Ltfl — ’Ht’l) o
= Q- 1(Q11Qi1) "1 1QL — QDT 4 [Ong|Qi2] BL 0!
(R Al b @@l Q) (B - M) QL (389)



CHAPTER 3. PROOFS FOR THE GRAPH-BASED AMP ITERATIONS 88

We now study the limiting behaviour of this quantity, starting with:

C=09;1(2 19 1) "H QL — Q' (™) + [0n4glQi2] B (3.89)
We have :
Q. =Q' - Q]
=Q' -9 1oy (3.90)
and :

C=9 1(Q 12 1) "M 1(Q' - Q1) — Q' (BT + [0y Q2] B! (3.91)
Using Lemma 17, the state evolution, and the concentration properties of pseudo-Lipschitz

functions Lemma 1, we get, forall 1 <j<t—1land 1 <7< ¢:
1

FET ) L[ @) @)

— K, ,E H]div fj(Zj)]

L @) )T (3.92)
and for j =0:
LT o P o[l it 0
DT FX0) £ B (2 (X0
=0 (3.93)
which in turn gives
1 1 1
N('Hlth) =N {Hllm‘Ht}T fi(HY) ~ N(Qt—l)TQtfl(btfl)T (3.94)
and
LT L 17 [o 1 t-13] P 1 o7 T
SH1Qir = 5 [HH] QA fe (HTY] == 0108 |Qi-2]By (3.95)
Furthermore, note that
1 1
Q 1(Q/1Qi1)"H, Q) = Qt—l(ﬁgz——l Qt—l)_IN'HtTAQtL (3.96)

where the limit lim N—)oo(%Q;rfl Q; 1)~ ! is well-defined owing to the non-degeneracy assumption.
We can then write :

C 20 1(Q1 12 1) 10 QU ()T = [0ng|Qso] Bl 1ah) (3.97)
- Qtil(btfl)T + [Onxq| Qt—2] Bttlat
= Qtfl(QtT—l Qtfl)_lgg——l (Qt_l(bt_l)T — [Onxq|Qi—2] B;r—lat) (3.98)

€ span(Q; 1)
— QT + [0nxqlQi—2] B 1
=0 (3.99)
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At this point, we have :

HHM | < \/%HCHF 4 ;NH(QH ~H, 1) a
+ 9 1(9) 191 1)} (ﬂtfl — Ht—l)T Qs (3.100)
Where
()], O Rt

As previously discussed, HatH 7 has a finite limit, and according to the induction hypothesis,

- —’HHHF ﬁo. Then

1 .
\/N|]Qt_1<gjlgt_1>1 (Fir - HH)T Ql

R e [ B
(3.102)

where 5 (|Q; 1/ p[|Q'|| - converges to a finite limit due to the state evolution proved above. This
t
ultimately shows that

1 A
- Hit! Ht“HF NL> 0 (3.103)
—00

and concludes the induction. O
Proof of Lemma 9. This one is another induction. Let S; be the statement f 1QF — M| . —> 0

1 t+1 _ yt+1

Initialization. We have Q° = f0(X%) = M" and H! = AQ%, X! = AM.

Induction We assume S;_; is true, and we prove S;. We have
Tl = o - s

IR X - X
<Lt(1—|—<\/NF> +<\/NF) TF (3.104)

which goes to zero as n goes to infinity from the induction hypothesis. We then prove that

HHtH Xt+1H 0
F N—oo

IfIt—I—l X+l — AQt Qt—l(bt)T —_ AM? —I—Mt_l(bt)T (3'105)

and

B L AR X

NS

using Proposition 5, [|A[,, —> 2. Using the induction hypothesis, \FHQt M| . —>N_>

0, \;—NHQ’Fl — Mt*IHF ﬁ) O, and 6| is finite. This concludes the induction step. O
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1,1 ,.1,2
Proof of Lemma 10. In this proof, we will consider the 2¢ x 2¢ covariance matrix K = [2172 2272]

and two matrices Z',Z? € (RV*9)? following the distribution N (0,k ® Iy) , and we study the
corresponding state evolution when the perturbed functions fl, are considered. We drop the €
exponent on the covariance matrices since we are just studying the well-definiteness of the perturbed
SE as an induction. The link with the original SE will be studied in subsequent lemmas.

Ba | ((29) 1hy(2)] =Bz |

+ iy | (12 TY

(fs(ZS)Tft(Zt): + €y []:t](fs(zs))TYt]

1
+ GQN(YS)TYt

+ Bz (2] Y

=Bz | (7°(2) (2
62

N

+ %EZ [ft(zt)]T Y3 + (YS)TYt

e the first term does not depend on the perturbation and is deterministic. Using assumptions
(A6), this quantity has a finite limit.

e second term is a ¢ X ¢ matrix where each element have zero mean and variance

var [+ (2 [7@)7Y]) )] = IEL @06 < & (3.107

Using the Gaussian tail and the Borel-Cantelli lemma, this term converges almost surely to
Zero.

e the third term is treated in the same way as the second one

e the last term follows from the strong law of large numbers:

]- a.s.
lim —(Y*)TY! 2 TgxqOsmt (3.108)

N—o0

Putting things together, we get, almost surely:
. 1 ) 1
Jim By | (7 (29) fiy ()] = lim B | (7 @) 12)] + Clobis (3.100)

Verifying the initialization assumptions (A4-A5) is very similar to the previous steps, thus we
directly give the result. The initialization reads:

Jim (R (XO) T (X0) = Jim (X)) T F(X0) + Ty (3.110)
Jim B[ (XO)T iy (29)] = Jim R [(X)T f(2)] (3.111)

It follows straightforwardly from these equations and a short induction that the resulting state
evolution is almost surely non-random. O
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Proof of Lemma 11. By definition, for any t € N :
QMY = Q' +¢Y! (3.112)

Then
QiY,t _ Péj‘fl ft(HeY,t) + EPLilet (3.113)

with the parallel term a linear combination of the previous ones. Denote F; the o-algebra generated
by HYL . HY! Y . Y1 Since Y! is generated independently of F;, each column j of Q€Y
obeys the distribution:

(Q)jlz ~ N(Pgey (ff(HY));, P gy ) (3.114)
the variance of which is almost surely non-zero whenever N > tq. Thus, when N > tg, the matrix
Q;_1 has full column rank. We now need to control the minimal singular value of Q; 1. Following
[28], Lemma 9, we only need to check that, for any column j, almost surely, for N sufficiently large,
there exists a constant ¢, > 0 such that:

Yty 2
NH QL ]H > (3.115)
which follows in almost identical fashion to [37], Lemma 9 using the moments of a N —tq chi-square
variable, instead of IV — ¢ in the original proof, which extends straightforwardly since ¢ is kept
finite. O
Proof of Lemma 12. This result is proven for ¢ = 1 in [37] and the proof for the case of finite,
integer ¢ is identical. O

Proof of Lemma 13. This lemma is proven by induction.

Initialization. From equation (3.110), it holds that

Ki, =Kii+¢ — Ky (3.116)

Induction. Let t be a non-negative integer. Assume that, for any r, s < ¢, k[** = k™°. Then:

KU = i B (Zy) Ty (Zly)] (3.117)

N—o0

where Z5y, Zly are n x ¢ Gaussian random matrices whose distributions are specified by k%%, kb!

and k%! which are ¢ x ¢ deterministic matrices. Then, from equation (3.109), we have

1 1 ¢ e
rETHIH = 1&1100 NEZ {N(fs(z N fi(Z t)] + LgxgOs=t (3.118)

From Lemma 18, the function (Z*, Z') — + fs(Z*) " f,(Z) is uniformly pseudo-Lipschitz. Moreover,
from the induction hypothesis, we have :

lim k5! = k> (3.119)

e—0
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thus, using the uniform convergence Lemma 12, we get :

U | 1
lim lim - [f(Z9) (2] = lim CE[f(Z) fi(2")] = ot (3.120)
S,8 st
where (Z°,Z') ~N(0,k ® I,,) and k = lzt757 :t,t]. This shows that
K.,i‘f‘l,t"r‘l 0 K,S"r].,t"rl (3121)

which concludes the induction. Similar reasoning proves the convergence of correlations with the
initial vector

kUL gl (3.122)
e—0
O
Proof of Lemma 1/. This Lemma is proven by induction.
Initialization.
1 €Y,0 ol _ -0 0 0 0
el el = o poc= L],

Using the bound from Lemma 4, there exists an absolute constant C’Y independent of N such that,
with high probability:

€ 0

v, < oxe (3.124)

Note that Cy is the same for all Y!. We thus choose h{(¢) = C'ye. Then

XYL X1HF <A < 2Cye (3.125)

1 € 0
vl oyl Yl
using the bound on the operator norm of GOE matrices Proposition 5, and we can choose hg(e) =
2Cye.

Induction Assume the property is verified up to time ¢, i.e., the functions hg(€), hj(€), ..., hy—1(€),
h;_,(€) exist and are known. We now need to show hy(e), h}(€) exist. By definition of the iteration:

MYt _ tH _ L
F

N

Y (XY) = (x|

7

MX% FUX) x|

. k—1 k—1 ‘
<Lt1+|MYwF LAY SRS S e
b VN VN VN VN F

Y, k—1 k—1
(o (B (50

XeY,t XeY,t _ Xt k-1
<Ly |1+ Cey(k) + (H I + ” ”F> hi—1(€) + Cye

VN VN
< Ly (1 + Coy (k) + 2820y (k)F 1 + z’f—th_—f(e)) hi_1(€) + Cye
(3.126)
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XeY,t
where we used the state evolution of the perturbed AMP orbit to show that % has a finite
limit and Hélder’s inequality. We can thus choose

Ri(e) = Ly (1 + Coy (k) + 2820y (k)F 1 + 2k_2hf:11(e)> hi_1(€) + Cye (3.127)
which goes to zero when € goes to zero. Then

\/1NHXEY’H—1 _ Xt+1HF < ||A]| _ MtHF + \;NHMeY,t—l(biy)T _ Mt_l(bt)TH

Op\/lﬁHMey,t i
< 2}12(6) + \;NHMEY,tl(bEY)T . Mtfl(bt) H

< 20(0) + = MYt o

v = o

F
(3.128)
and
t 1 8th t
.- [= (v x5,
Off ort
gE[NZZI azl(z) F] (3.129)

where Z' ~ N(0,k¢; ® I,,). Since the function f* : RN*¢ 5 RNX4¢ js pseudo-Lipschitz of order
k, the components f! : RNVX4 — R are pseudo-Lipschitz of order k as well. So are the functions
g RN*4 — R for 1 < j < ¢ generating each component of f/(Z') € R? and their RY — R
restrictions to the i — th line of Z!. Then

o], < 3 3 ama (8] 1,201, (130

where max; {EHVZt (ZY) H } is bounded using the pseudo-Lipschitz property and a similar argu-
ment to the proof of lemma 1 Let C; be this upper bound, then

Z M) T M) T, < a0+

by — thF (3.131)

Using the same decomposition as before

R O e N [
< (H_1(€) + Covan) by — b, (3.132)
The definition of the Onsager correction terms gives
[pby = b1, = HE Uf i a;{é,t(zwt ] - H% ft ] (3.133)
i=1 04y -1 P
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where ZY:t = Z(Ké?{)lm where Z € RV*9 is an i.i.d. standard normal matrix. Similarly Z! =
Z(mm)l/ 2. Using the positive definiteness of K¢t along with Lemma 17, we can write, keeping in
mind that the perturbation €Y doesn’t change the derivatives in the Onsager correction:

Y bt” H { (ZeYt) ft(ZeY,t)] _(,{t,t)—lE {;(Zt)'l'ft(zt)}
< H(K’e’Y) tt H E[ (ZeYt) ft(ZEY7t):|+

(G

F

B[y @Y s@ Y] -8 | g ra]|

The function RV*9 — RI%9, Z — Z' f1(Z) is pseudo-Lipschitz of order k 4+ 1. Moreover, from
Lemma 8, k'%, — kbt Thus using Lemma 12, we get
€E—r

~ 1
lim H [ (ZY) ft(zeth)] _E [N(zf)Tft(zt) ~0 (3.134)
F
and Lemma 13 gives lim._,o H(l-@?{)*l - (mt,t)*lHF = 0, which concludes the induction. O

3.4 Low-rank perturbations and projections

As mentioned in Section 2.2.3, AMP iterations associated to inference problems often present non-
trivial dependencies between the non-linearities and the random matrices of the corresponding
graph. These dependencies typically take the form of low-rank linear perturbations, or an additional
argument in the non-linearities composed of a non-linear transform involving the random matrices
of the graph, see the examples of Section 2.3. In this appendix, we propose a generic way of dealing
with these dependencies by leveraging on the matrix-valued iteration Eq.(2.9-2.11), in the form of
two lemmas.

3.4.1 Additive low-rank perturbation

Lemma 15. Let Vo € RVXY be a given matriz such that the quantity ﬁHVOHF converges to a
finite constant as N — oo. Define the matriz

" 1
A=A+ NVOVJ e RNV, (3.135)

consider the AMP iteration initialized with X° € RN>4

X = AM! - M (b T e RV*4, (3.136)

M = ft(Xt) e RV*4, (3.137)
o t

bf = J; = (X} € R7%7, (3.138)

« 0X,
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and the following state evolution recursion, initialized with py = Ogxq,

po, K11 = lim L (Vo + X0 O (Voprg + X°) (3.139)
s+1 __ : - s s s
pett = lim NE (Vo) f* (Vou® + Z°))| (3.140)
1
RIS = gt = Jim B (Vo' + Z) T f{(Vop! + 21| . s€{0,...,1). (3.141)
—00

where (Z1,...,Z") ~ N (0, (K )gret @ IN). Assume (B1)—(B6) and that for anyt € N, any 1 <

t
N, the derivative gfl is pseudo-Lipschitz of order k. Then for any sequence ¢ : (RN*0)IH1 5 R

of pseudo-Lipschitz functzons

ON (XO,Xl, Xt> LE [¢N (VOMU L Z0 Vou! + 7, ... Vou! + zt)] (3.142)

Proof of Lemma 15. The proof follows a similar argument to that of Lemma 3.4 from [74]. Consider
the following iteration

Sttt = AM! — !~ 1(b!)T c RVx4, (3.143)
M' = f1{(Vou! + SY) c RVx4, (3.144)

1ot
N &= 08,
initialized with S° = X% — V. Under assumptions (B1) — (B6), the iterates S! obey the state

evolution equations Eq.(3.139) owing to Theorem 5. We now prove the following statement by
induction.

) € RI¥9. (3.145)

VteN \;NHXt—st—VoutHF N (3.146)

N—oo

The statement is true at t = 0 owing to the initialization of the sequences. Assume the statement
is true up to time t. We can then write

Xt+1 o St+1 . Voﬂt+1 — AMt o Mt—l(bt) AMt ~ t l(bt)T o VOILH_I (3147)
1

_ tisety | pt t t = T et (xet) t+1

= A (/X = (Vo +S))+NV0VOf(X) Vou

+ (ft—1<V0u,t—1 + St—l) o ft—l(Xt—l))) (Bt)'l' + ft—l(Xt—l)(Bt o bt)T (3.148)

The triangle inequality then gives

LHXtH _giHl _ VOMtHH ‘AHop

o < AL o) - (Vout 18

VoV ft (Xt) . VOHt+1

* 7wl
H](ft (Vo™ 871 = X)) (6T

F

\ﬁHft LX) (bt — bt)THF (3.149)
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and, owing to the pseudo-Lipschitz property

el - (ot )], <

XY (Vo s S\ X Vet )
L(“(#) () o

(3.150)

Vout+St
where the state evolution verified by iteration Eq.(3.143) ensures that [vor'=sty. is bounded with
Xt -vout-st, p

VN N—oo

high probability. The induction hypothesis then gives that

%]l

with the previous statement ensures that N is also bounded with high probability. Combining

0, which, together

this with proposition 5 shows that

t t t t t P
\ﬁuAu(m PN = 1 (Vou' +87) ||, == 0. (3.151)
Then
Vo~ 1
VV t(Vou! +8t) — Voultt <7”°FfVTtxt—t+1 152

F

where ||V0|| »/V/N is bounded with high probability by assumption. Since the function V{ f*(.) is
pseudo-Lipschitz, we can use the induction hypothesis and SE equations together with the definition
of p! show that the r.h.s. goes to zero with high probability. The third term of the sum in the
r.h.s. of Eq.(3.149) can be bounded in similar fashion to the first one using the pseudo-Lipschitz
property, the induction hypothesis and the boundedness of the norm of the Onsager term b?, which
can be expressed as a pseudo-Lipschitz function of S using the SE property of iteration Eq.(3.143)
and Lemma 17. The last term then verifies

o, < o i,

75 <75l
where ﬁ“ fioxtt H p is bounded w.h.p. owing to the induction hypothesis, pseudo-Lipschitz
property of =1 and the SE equations of iteration Eq.(3.143), and the difference in Onsager terms

verifies
HBt_th al afzt(v t+St) 8ft Xt
F s, OH x|
< su of; (Vou! + 8" — i (X" (3.154)
S Sy || oSt K ox; |, ‘

where we remind that f!: RV*% — R? and is therefore a low-dimensional observable, for which the
pseudo-Lipschitz assumption implies that there exists a constant L such that

- Xt“ o H VONtJFStH ! ||Xt— VONt_StH
bl —bl|| <L|[1+ L L 4 (B _—_—F X 3.155
H HF ( < VN VN VN ( )

which converges to zero with high probability for large N using the induction hypthesis and the SE
equations of iteration (3.143). This concludes the induction and proves the statement Eq.(3.146).
The proof of Lemma 15 follows immediately from the pseudo-Lipschitz property, the property
Eq.(3.146) and the SE equations of iteration Eq.(3.143). O




CHAPTER 3. PROOFS FOR THE GRAPH-BASED AMP ITERATIONS 97

3.4.2 Dependence on an additional linear observation

Lemma 16. Let Wy € RV*4 be a matriz such that %HWOTWOHF converges to a finite constant

as N — oo, and a given pseudo-Lipschitz function ¢ : RNX4 — RN . Consider the AMP iteration
initialized with X° € RN*4

X = AM! - M (b T e RV*4, (3.156)

M’ = ft( (AWo) ,X") e RN, (3.157)
8ft ¢ x

Z © (AW() , X" € RI*Y, (3.158)

where the functions ft : RVN*@t) 5 RNX4 gre pseudo-Lipschitz. Consider the following state
evolution recursion, initialized with v°,0° = Ogxq>
1
V000 k= S PO(XO) XY (3.159)

1
t+1 : t 1.t ~t t
14 = ]\;lm NE [VVO f ((p(ZWO), ZWOPVVOV —+ VVOI/ +7Z )} (3.160)

. 1 [ aft 1 N
p'tl = lim = [Z T o (0(Zwo), Zwopw,v' + Woi' +Z") (3.161)

N—oo N
Hjt—&—l,s—i—l — s+1,t+1 —

-
hm E[ (fs ( (Zw,), Zwop;\}ous + Woo® + ZS) - Wopg‘}ol/sﬂ)

(7" (#(Zwo). Zwopi, v + Woi' + 2°) ~ Wopgd, v |
(3.162)

where the notation 0Zw,, , denotes a derivatives w.r.t. the argument of v, pw, = %WOTWO,
and Zw, ~ N(0, pw, @ Iy) is independent from the (Z',...,Z') ~ N (O, () gret @ IN>. Assume

t
(B1) — (B6) and that for anyt € N, any 1 < ¢ < N, the derivative ggg is pseudo-Lipschitz of order
k. Then for any sequence ¢ : (RVX0)H1 ]R of pseudo-Lipschitz functions

on (X0, X1, X") K (o (Zwopw,v° + Wob + Z°, ..., Zw, pig, v + Wob' +Z1)| (3.163)

Proof of lemma 16. Consider the following iteration

St = AM! — !~ (b!) T e RV*4, (3.164)
=/ ( (AW0), AWopiy v' + Woir' +S') — Wopyy v+ eRN¥ (3.165)

off ' x
Z ( (AW(), AW pyy, v’ + W' + S') e R74 (3.166)

where A is a copy of A independent on Zyy,. Under assumptions (B1) — (B6) and conditionally
on AW, the iterates S’ obey the state evolution equations Eq.(3.159) where the Zw, are replaced
by fixed AWy, owing to Theorem 5. For any ¢, the composition of f! and ¢ is pseudo-Lipschitz
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of order k, and owing to Lemma 21, ﬁHAWO — Zw,ll ﬁ 0. Using the pseudo-Lipschitz

property, the assumption on Wy to bound the norms of ﬁAWO and ﬁwo w.h.p., and Lemma 1,

we obtain that iteration Eq.(3.164) verifies the SE equations Eq.(3.159), where the expectations are
taken w.r.t. Zw, and all the Z°® for 0 < s <t. We now prove the following statement by induction

VteN — AWp, vt = W' =8| L0 (3.167)

F N—co

1 ¢
7wIx
The property is true at ¢ = 0 owing to the initialization of both sequences. Assume the property is
verified up to time ¢. Then, denoting the increment A! = X* — AWOp;\}OVt — Wyt — 8t

A= AM! — ML(bH T — (Al\?ﬁ — mt—l(Bt)T) — AWpyy V' — Wop't! (3.168)

Consider then the iteration Eq.(3.156), where we condition on the value of AW at each iteration.
A straightforward induction starting from the initialization then shows that, for any ¢t € N

XTXW A|AW0 ft(SO (AWy) >X1|£AW0>

¢ T
— " (e (AW0), X[y, < Zaf (AWo) , X{aw, )) (3.169)

Using the same lemma from [28, | used in the proof of Lemma 6, we may write
Ajaw, = A — Pw,APw, + Py, APy, (3.170)
= APw, + Pw,A — Pw,APw, + Py, APy, (3.171)

where A is an independent copy of A and Pw, = W (WTWJ ) 1WT = LWOpQ‘} W/ is
always well-defined for n > ¢. We can then lift the conditioning by considering the distribution of
AW (which is stralghtforward since there is no correlation between A and Wy) in all subsequent
expressions. The increment Eq.(3.168) becomes

(APw, + PWOA ~ Pw,APw, + Py, AP, ) M' - M (b)) " — (AM' — ' ~'(b")")
— AWpy v — W't (3.172)

where we chose the matrix A coming from the decomposition of A to define the iteration Eq.(3.164),
and

Al = APw, ' (9(AW), X') + Pw, A" (p(AW(), X') — Pw,APw, ' (p(AW,), X')

+ PRy, APy, /' (9(AW), X") — f'7! (o(AW,), X'~1) (b!) T — AWpyy ! — Wit

—A (ft (gp(AWg),AWopﬁ}out + Wyt + st) Wopw, v t+1)

+ (£ (P(AW0), AWopg v~ + Wit =t 4 8'71) — Wopy ') (Bt)T (3.173)
= APw, [ (SO(AWO)7 Xt) — AWpy v + Pw,Af* (@(Awo)a Xt) — W' — Wopyy, v (b)) "
— 1 (p(AW), XY ()T 4 1 (o (AW), AWt v+ Wit 51 (b))

A ( Iz (@(AWU), AW opy V' + Woit + st) - Wopgvout“) + Py, APy, f! (gp(AWo), Xt>

— Pw,APw, [’ (2(AW,),X") (3.174)
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where, the second equality is only a reorganization of the terms. We now study the asymptotic
behaviour of each component of the previous sum. We have

AP (). X) - AW 1], <

Al

1
Wo /' (0(AW), X") =1 (3.175)

F

op\ﬁH 0PWo [
:

where [|A[|,, is bounded w.h.p. owing to lemma 5 and \/LNHWOpﬁ}O

p is bounded w.h.p. by

assumption. Then, using the pseudo-Lipschitz property, the induction hypothesis and Lemma 1, it
holds that

\/%Hft (¢(AWO, Xt)) —f (w(ZWO), Zw, oy, V' + Wod' + St) HF LN (3.176)

N—oo

The triangle inequality then gives

Hjlvwgft (o(AW,), X1) = w1+ ‘ Lwy f (0(Zwo). Zw, o, V! + Wbt +81) = vt x
F F
fn oll fot (AW, X)) = 1 (2(Zwo), Zw, g v + Woir' +81) | (3.177)

Using the definition of u!*!, the assumption on Wy and Eq.(3.176), we conclude that, with high
probability

\;NHAPWOft (o(AW(), X") — AWopy v+ | (3.178)

F N—oco

The term

ft—l( (AW)), AWOPW ot 1—|—W pt=1 4 St—l) (Bt>T . ft—l (go(AWo),Xt_l) (bt)T

1
el
\FH(ft 1( (AWo), AW o3l /1 + Wt~ St—l) gt (sO(AWO)?Xt—l)) (Bt)T

+ 5

is similar to the third term of Eq.(3.149) in the proof of Lemma 15 and converges to zero with high
probability for large N using similar arguments. Then, letting

F

F
- 1( (AW,), Xt~ 1) (bt bt)H (3.179)

= A (' (p(AW0), AW pyy, v' + Wi + 8') = Wopy v 1) = Py, APy, ' (0(AW,), X')
(3.180)

the defintion of P‘LNO =1 - Pw, and the triangle inequality yield

Ll < Al P (AWl X) - Wogd ],
+ HA op\/1>Hft ( (AWy), AWOPW v+ Wodh + St) - f (SO(AWO)’Xt)"F

+ = [Pw AP, 7 (tawo). X1, (3.181)
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where the first term converges to zero w.h.p. using the same argument as the one used for
Eq.(3.175). For the second term, the operator norm of A is bounded w.h.p. using Lemma 5,
and the diffence goes to zero w.h.p. using the pseudo-Lipschitz property, the induction hypothesis
and the SE equations Eq.(3.159) of iteration Eq.(3.164). Finally, since Pw, has finite rank and

\/LNHP%Voft (go(AWO),Xt)HF is bounded w.h.p. using the induction hypothesis and SE equations

of iteration Eq.(3.164),the last term goes to zero w.h.p. using Lemma 21.
Moving to the term Pw, A f* (p(AW(), X") — Woo'™ — Wopy v (b!) T, which we denote Ab, we
may write

Pw,Af' (£(AW)), X') fﬁwop J(AW() T f* (o (AW(), X!) (3.182)

since the function AW, X! — (AW) " f! (¢ (AW), X") is pseudo-Lipschitz, Lemma 21 and the
induction hypothesis give

1
t tY _ LT u —1 ¢ St Qt
| w1 (. )~ 228 (o ) gt = Wt )], 2
(3.183)
where the SE equations for iteration Eq.(3.164) yield
1 _ N p
Nz;l;voft (SD (ZWO) ) ZWopV\}OVt + WOVt + St) —~
1 _ N
~E Ziwo ' (¢ (Zwy) , Zowy o, v + Woir' +21)] (3.184)
An application of Lemma 17 and the chain rule gives
1 E ZT t 7 7 -1 .t ~ 1 Zt
N { wo (‘P( Wo)» Zwopw, V' + Wol' + )} =
N
1 of 1 ¢ ~t t
NPWOE ; 0Zw,,i, ¢ (90(ZW0)’ ZWoPWoV + Wob' + Z )
N
Lo of} -1t ot t
+ym E [ > 8ZZZ' (@(ZWO), Zw,pw, V' + W' +7Z ) (3.185)

The SE equations of iteration Eq.(3.164) and the pseudo-Lipschitz assumptions on the Jacobians
of the f! then show that

oft
Z ( (Zw, ), Zowo oy, V' + Wob' + Z1) | (3.186)
which, combined with the definition of &, shows that
1 P ~ N\ T
~E Ziwo ' (¢ (Zw,)  Zwopw, V' + Woi' +2')| = pw, """ + v (B') (3.187)

combining this with Eq.(3.182) and Eq.(3.183), a straightforward application of the triangle in-
equality allows to show that

\FHAt | o (3.188)
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The only remaining term in A’ is Pyw,APw, f* (¢(AWy), X"). Expanding the projectors, we obtain

\/%HPWOAPWO]C ( (AWy), Xt)H fHNWOp WOA WOP\R}OW ft (CP(AWQ),Xt) )
< o Woor, | Wa awo 5 W3 1 (tawo). 1) ow, (3.189)

Lemma 21 then shows that %HWS—AWOHF N—P——> 0, and the other terms are bounded w.h.p. We
— 00

have now treated all the terms in A?, and the triangle inequality gives

HNHF EZZ.? 0. (3.190)

which concludes the induction. Combining this with the pseudo-Lipschitz property and the SE
equations to ensure all iterates have bounded scaled norms, we conclude the proof of Lemma 16. [

Application to graph-based AMP iterations : proof of Lemma 4 Consider the AMP
iteration (2.15)-(2.16).To obtain the SE equations for this iteration, we follow a similar argument
as the proof of Theorem 4 and embed the iteration indexed on the graph G = (V, E) into a large,
symmetric iteration of the form of that of Lemma 15 and Lemma 16. We may then write the N x N
GOE matrix corresponding to the symmetric AMP iteration

>
ol

>>
I

s
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where, using the definition of each A?, we may write

Agl
*
A?z
= * A?H*l
Aglﬂ *
* * A?m
A?m *
%V?lv—%n
0
%V?ZVT?Z
0 0
_|_
0 0
0 0 0
0 0

where the second term gives the form of the matrix V from Lemma 15, i.e.

Vo = (3.191)

o O
o O
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Furthermore, we may write the update function of the symmetric AMP iteration as

€1
*
X2,
f i (3.192)
X81+1
* X?m
X(gm
L ((2)ee e,
0
5 () i
_ 0 £ G
£t
Fo () 0
0 0 ()
() 0
X?l
*
X2,
— 1t | & (AWYy), e " (3.193)
€ 1+1
ES X?m
X(Em
where
0
0
0
W, = 0w, (3.194)
W 0
0 0 we
W 0
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and the function ® contains the functions p—

0
0
0
i) A?HlWEzH =
A(?H—lw €141
0 Az, we,
Ae we
0
0
0
(p?l-u (A?le?wl)
@?LJA (A?HIW(EHI)
0 vz, (Az, wz )
v, (Ag, we )
(3.195)

Under the condition that the matrices Vo, W and the function ® verify the assumptions of Lemma
15 and Lemma 16, we may use those results to obtain the SE equations for the iteration Eq.(2.15)-
(2.16). Evaluating the matrix products defining the parameters u!,vf, &' then leads to the SE
equations of Lemma 4.

3.5 Useful definitions and probability lemmas

In this section, we compile useful definitions and lemmas that appear throughout the proof. Most
of those results are finite-width matrix generalizations of those appearing in [37] and some are the
same.

Proposition 4. (Norm of matrices with Gaussian entries [255]) Let Y be an M x N random matriz
with independent N(0,1) entries. Then, for any t > 0, we have:

P([Yp<C(VM+VN +1)) >1 - 2exp(—2) (3.196)

where C is an absolute constant.

Proposition 5. (Operator norm of GOE(N) [/7])
Consider a sequence of matrices A ~ GOE(N). Then ||Al|,, — 2 almost surely as N — oo.

Proposition 6. (Gaussian Poincaré inequality []7])
Let Z € RN be a N(0,1Iy) random vector. Then for any continuous, weakly differentiable o, there
exists a constant ¢ > 0 such that:

Varlp(2)] < cE[|[Ve(2)] (3.197)

The next result is a matrix version of Gaussian integration by parts, or Stein’s lemma.
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2
Lemma 17. (Stein’s lemma, matriz version) Let (Z1,Zs2) € (RNX‘I> be two N(0, Kk ® 1) random

vectors, where k € R20)*(2q)

K = [’“1 "121 (3.198)
K12 K22

Consider an almost everywhere differentiable function f : RV*? — RNX4. For any Z € RN*? we
can write:

Z, ..., Ing n@] [ H@),..12Z)
f = .. | = (3.199)
an,...,an fn(z) _f?%(z)avfg(z)
Then
N [0h(Z2)]
T k
E|[(Z1)" f(Zo)] = k15 (g 5z D (3.200)
where af’“(ZQ) € R9%? is the Jacobian containing the partial derivatives of fi w.r.t. the line Zy € RY.
Proof.

E [((Z1) ki frj(Z2)]

M=

E[(Z1)f(Z2)] =

v

B
Il
—

t”12

I afk] .
> E[Z,Z7)] [a(z i (zg)] since (Z1,Z2) ~ N(0,k ® Iy)
=1

a2
(K12)i (ZE[a];kZiQ ])l
(ZE[angk DT) (3.201)

ij

£
Il
—

M@

~

1

MQ

=1

~ ~ |

where the second step is obtained by iteratively conditioning on the entries of Zs and applying one
dimensional Gaussiaan integration by parts, see e.g. [288] Lemma 7.2.5. O

Definition 7 (pseudo-Lipschitz function). For k € N* and any N,m € N*, a function ® : RN*9 —
R™*4 4s said to be pseudo-Lipschitz of order k if there exists a constant L such that for any X,y €

RNXq’
[2(x) — 2(y)|l I\ ylE Y Ix =y
Jm F<L<1+<\/NF) +<\/NF> >\/NF (8:202)

A family of pseudo-Lipschitz functions is said to be uniformly pseudo-Lipschitz if all functions
of the family are pseudo-Lipschitz with the same order k and the same constant L. We now remind
useful properties of pseudo-Lipschitz functions from [37].

Lemma 18. Let k be any positive integer. Consider two sequences f : RY — RN N > 1 and
g: RN 5 RN N > 1 of uniformly pseudo-Lipschitz functions of order k. The sequence of functions
Oy : RV xRN = RN > 1 such that ®n(x,y) = (f(x),9(y)) is uniformly pseudo-Lipschitz of
order 2k.
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Lemma 19. Let t,s and k be any three positive integers. Consider a sequence (in N) of x1,X2, ..., Xs €
RN such that ﬁ”x]H < ¢j for some constant c; independent of N, for j =1,...,s and a sequence

of order-k uniformly pseudo-Lipschitz functions pxn : (RV)HS — R. The sequence of functions
ON(.) = on(.yX1,X2, ..., Xs) @5 also uniformly pseudo-Lipschitz of order k.

Lemma 20. Let t be any positive integer. Consider a sequence of uniformly pseudo-Lipschitz
functions on : (RV) — R of order k. The sequence of functions ®y : (RY)! — R such that
Py (x1,X2, -, Xy = Efpn (X1, s Xe-1,%¢ + Z)], in which Z ~ N(0,aly) and a < 0, is also uni-
formly pseudo-Lipschitz of order k.

We now state a result on Gaussian concentration of matrix-valued pseudo-Lipschitz functions.
This is an extension to the matrix case (of finite width) of Lemma C.8 from [37].
The next lemmas are matrix generalizations of the ones used in [37].

Lemma 21. Consider a sequence of matrices A ~ GOE(N) and two sequences of non-random
matrices, U,V € RNX4 sych that the columns of U and V verify ||U’H2 = HV’H2 = V/N. Under
this hypothesis, define the finite quantity G = limy_, %UTU, the limiting Gram matriz of the
columns of U. We then have:

P
a) %VTAU m quq and L

NHVTAUH BN}

F N—oco

b) Let P € RY*N be a sequence of non-random projection matrices such that there exists a
constant t that satisfies, for all N, k=rank(P )< t. Then %HPAUH%J NL> 0.
—00

¢) There exists a sequence of random matrices Z € RN*9, such that | AU — Z|3 NL> 0
—00
where Z ~ N(0,G @ In).
d) +(AU)TAU 2 ,a.

N—oo

Proof. In this proof, the i-th line of a given matrix Z is denoted Z; and its j-th column Z7.

a) For any 1 < 1,5 < ¢, the i-th element of the j-th column verifies:

1 ) 1 ) .
—(VTAU) = —(V)TAU/
N Ji = 5 (V)
1 1 . .
= N(V’)THUJ + N(VZ)THTUJ (3.203)

where H is a matrix with iid. N(0,5) elements. The random variable £ (V*)"HU/ is
centered Gaussian with variance

1 VS
N2 g: (VR (U] 5 S ol !2]\‘;3 lo oN 0 (3.204)
1

which shows that %(VZ‘)THUj converges in probability to zero. A similar argument shows
that %(V’)THTUj also converges in probability to zero. The union bound then immediately

gives that %(VTAU)z NL> 0. Thus each element of the finite size ¢ x ¢ matrix V' AU
—00

goes to zero. Since ¢ is finite, the union bound then gives the desired result on the Frobenius
norm.
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b) For any 1 <i < ¢:

1 ; 1 ;

—(PAU)' = —(PAU" 3.205

L (PAU) = - (PAT) (3.20)
Now let vi, ..., v be an orthogonal basis of the image of P, such that ||vy|| = ... = ||vk]| = VN,

and V € RY*! the matrix of concatenated v. Note that k can depend on N, but k is uniformly
bounded by t. Then, using point (a) and the fact that ¢ and k are finite for all N:

1 2 1 T P

~IPAUl; = < |[VTAU| 0 3.206

SIPAUE =+ S (3.200)
This proves point (b).

¢) The matrix AU is a RV*4 correlated Gaussian matrix. For any two columns U, U™, the vec-
tor (AUl, AU™) is a Gaussian vector with zero mean, whose covariance matrix has elements:

E|(AU') (AUm)Tf ) [(AUZ)Z, (aU™),|

’L N N
zﬁznggmﬂ
k=1 k=1

:E[ZHfH?UZ m o+ HEH), UL UY + HLHY UL U + HLH), UL U

kK
1
= <5ij > ULUR + UﬁU;”) (3.207)
k
which gives the block
1 1
l mN\T| _ = i\ T1m Crtlrmn T
E[(AU') (AU™) ]_N(U) Uiy + - U'(U™) (3.208)
and the covariance matrix
NNTym
. [ l TIN + %Ul(Ul)T (U )NU Iy + %Ul(Um)T (3.200)
Oy + LumUuhT Iy + Lumum)T
and in turn the following covariance matrix for the joint law of the ¢ vectors AU!, ..., AUY.
ul(uh’ ul(ug’
1 1 e e e
Y= NUTU @Iy + 5 Ui(u-hHT uiu) T ui(uthT
uyuh’ Uq(u9)’
1 1~ -
- NUTU @Iy + NUUT (3.210)

where U € RN is the vector of vertically concatenated columns of U. Now consider two
independent N(0,Iy,) vectors Z!,Z? and V € RN the vector of vertically concatenated
columns of AU. We can write that the quantity:

H\? -(#UTUe IN>1/2 A
VN

Z (3.211)
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is distributed as

(FUTU e 1022 + (LOUT) 222 - (JUTU I 22|
| RO 4 \LZNWHUUTZQHQ
(3.212)

where the last convergence follows from the fact that %GTZQ is a centered Gaussian random
12

variable with variance HUH2 /N? = q/N, where q is kept finite. This concludes the proof of

point (c).

The function ® : RN*4 5 R, X — %XTX is pseudo-Lipschitz of order 2. A straightforward
calculation shows that, for any Z ~ N(0,G ® I), we have E[¢(Z)] = G. Then :

B (|®(AU) - E[@(2)]]|- > ¢) < P(|9(AU) — $(2) | > ¢) + P (|9(Z) - E[@(Z)}HF(> ) |
3.213

the second term on the right-hand side vanishes as N — oo using the Gaussian concentration
of matrix-valued pseudo-Lipschitz functions Lemma 1, and the first term vanishes using the
definition of pseudo-Lipschitz function and the statement (c) proven above. This concludes
the proof of statement (d).

O]



Chapter 4

Multi-layer State Evolution Under
Random Convolutional Design

The results presented in this chapter were published in [70].

Motivated by the multilayer iteration -MLAMP- proposed in [1 58], we seek further models of deep
neural networks with random weights for which marginals can be computed using AMP iterations,
and for which SE equations can be made rigorous using the framework proposed in Chapters 2 and
3. We show that the MLAMP iteration corresponding to multilayer neural networks with random
convolutional matrices, which we define in 4.1, admit rigorous SE equations that exactly match
those of the usual case with dense matrices, up to a rescaling. Further discussions on the litterature
of generative models in deep learning, computational benefits of random convolutional matrices over
dense ones and future directions can be found in the original paper [70].

In a typical signal recovery problem, one seeks to recover a data signal xg given access to measure-
ments yo = Gg(zp), where the parameters 6 of the signal model are known. In many problems, it is
natural to view the measurement generation process as a composition of simple forward operators,
or ‘layers.” In this work, we are concerned with multi-layer signal models of the form

Go(h) = W WMsB (W@ B (WBh)))). (4.1)

where W e R™M-1X" are linear sensing matrices and where cb(l)(z) are separable, possibly non-
linear channel functions. In the L = 1 case, this signal model naturally generalizes problems such
as phase retrieval ¢(z) = |z| or compressive sensing ¢(z) = z, and for multi-layer models L > 1,
Gp(h) may be viewed as a deep neural network.

Recently, convolutional Generative Neural Networks (GNNs) have shown promise as generaliza-
tions of sparsity priors for a variety of signal processing applications [11]. Motivated by this success,
we take interest in a variant of the recovery problem (4.1) in which some of the sensing matrices
WO may be multi-channel convolutional (MCC) matrices, having a certain block-sparse circulant
structure which captures the convolutional layers used by many modern generative neural network
architectures [112, 143].

In this work, we develop an asymptotic analysis of the performance of an Approximate Message
Passing (AMP) algorithm [33] for recovery from multichannel convolutional signal models. This
family of algorithms originates in statistical physics [195, | and allows to compute the marginals
of an elaborate posterior distribution defined by an inference problem involving dense random

109
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Sparse Compressive Sensing (¢ = P = 1024)

AMP lterates for p = 0.25 (¢ = P = 1024)

) -2
o —4 4
¢ 2
= g
S 0] == p=02 5 )
—>— p=05
—81 —— p=0.75
X MCC AMP —8
_10/ = Dense SE
0.0 0.2 0.4 0.6 0.8 1.0 0 20 40 60
5 - Measurement Ratio AMP lteration

Figure 4.1: Agreement between the performance of the AMP algorithm run with random multi-
channel convolutional matrices and its state evolution as proven in this paper. (left) Compressive
sensing yo = Wxg + ¢ for noise ¢; ~ N(0,107%) and signal prior zo ~ pN(0,1) + (1 — p)é(z),
where W € RP9%P4 has varying aspect ratio 3 = D/P. Crosses correspond to AMP evaluations for
W ~ MCC(D, P, q, k) according to Definition 9, averaged over 10 independent trials. Lines show
the state evolution predictions when W;; ~ N (0,1/Pgq). The system size is P = 1024, ¢ = 1024,
k = 3, where 8 and D = P vary. While our theorem treats the limit P,D — oo, ¢,k = O(1), we
observe strong empirical agreement even when ¢ ~ P. (right) AMP iterates at p = 0.25 and  near
the recovery transition.

matrices. A number of AMP iterations have been proposed for various inference problems, such as
compressed sensing [33], low-rank matrix recovery [241] or generalized linear modeling [210]. More
recently, composite AMP iterations (ML-AMP) have been proposed to study multilayer inference
problems [188, 13]. Here we consider the ML-AMP proposed in [188] to compute marginals of a
multilayer generalized linear model, however the usual dense Gaussian matrices will be replaced by
random convolutional ones. A major benefit of AMP lies in the fact that the asymptotic distribution
of their iterates can be exactly determined by a low-dimensional recursion: the state evolution
equations. This enables to obtain precise theoretical results for the reconstruction performance of
the proposed algorithm. Another benefit of such iterations is their low computational complexity,
as they only involve matrix-multiplication and, in the separable case, pointwise non-linearities.

Previous works on AMP suggest that the state evolution is not readily applicable to our setting
because its derivation requires strong independence assumptions on the coordinates of the {W(l)}
which are violated by structured multi-channel convolution matrices. Despite this, we use AMP for
our setting and rigorously prove its state evolution. Our main contributions are:

1. We rigorously prove state evolution equations for models of the form (4.1), where weights are
allowed to be either i.i.d. Gaussian or random structured MCC matrices, as in Definition 9.

2. For separable channel functions ¢() and separable signal priors, we show that the original
ML-AMP of [185] used with dense Gaussian matrices or random convolutional ones admits
the same state evolution equations, up to a rescaling. Multi-layer MCC signal models can
therefore simulate dense signal models while making use of fast structured matrix operations
for convolutions.



CHAPTER 4. MULTI-LAYER SE UNDER RANDOM CONVOLUTIONS 111

3. The core of our proof shows how an AMP iteration involving random convolutional matrices
may be reduced to another one with dense Gaussian matrices. We first show that random
convolutional matrices are equivalent, through permutation matrices, to dense Gaussian ones
with a (sparse) block-circulant structure. We then show how the block-circulant structure
can be embedded in a new, matrix-valued, multilayer AMP with dense Gaussian matrices,
the state evolution equations of which are proven using the results of [110], with techniques
involving spatially coupled matrices [157, ].

4. We validate our theory numerically and observe close agreement between convolutional AMP
iterations and its state evolution predictions, as shown in Figure 4.1 and in Section 4.3. Our
code can be used as a general purpose library to build compositional models and evaluate
AMP and its state evolution. We make this code publically available on Github.

Further discussion on related works can be found in the original paper [70].

4.1 Definition of the problem

4.1.1 Multi-channel Convolutional Matrices

We consider block structured signal vectors € RP? of the form = = [¢®]2 | and we refer to
the blocks (¥ € RY as ‘channels. For any vector of dimension d, we denote by Py € R%¥*? the
cyclic coordinate permutation matrix of order d, whose coordinates are (e;, Pge;) = 1[i = j + 1].
For a block-structured vector z € RY4, we denote by Ppqg € RP4*Pa the block cyclic permutation
matrix satisfying (Pp,x)® = z0+) for 1 < i < P, and (Pp,z)) = (V). Similarly, we denote
by S;; € RP9*P4 the swap permutation matrix which exchanges blocks 1, j: [Si7j:c](i) = 20,
[Si,jx](j) =z and [Si7jx](k) =) for k # i,j. Last, given a vector w € R¥ for k < ¢, denote by
Zero-Pad, ;(w) the vector whose first k coordinates are w, and whose other coordinates are zero.

Zero—Padq,k(w):[wl wo ... wrp 0 ... O}GR‘].

We define the following ensemble for random multi-channel convolution matrices.

Definition 8 (Gaussian i.i.d. Convolution). Let ¢ > k be integers. The convolutional ensemble
C(q, k) contains random circulant matrices C' € R9*? whose first row is given by Cy = Ze'r’o—pad%k[w]

where w € R¥ has i.i.d. Gaussian coordinates w; ~ N(0,1/k). The remaining rows C; are deter-
mined by circulant structure, ie. C; = P;_lze'r'o—pad%k[w].

Random multi-channel convolutions are block-dense matrices with independent C(q, k) blocks.

Definition 9 (Multi-channel Gaussian i.i.d. Convolution). Let D,P > 1 and q > k > 1 be
integers. The random multi-channel convolution ensemble M(D, P, k,q) contains random block
matrices M € RPI*P4 of the form

Cip Ci2 ... Cip
M:i Ca1
VP | :
CDJ CD,P

where each C; j ~ C(q, k) is sampled independently.


https://github.com/mdnls/conv-ml-amp
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Figure 4.2: MCC matrices operate on Pq dimensional input data, composed of ¢g-dimensional signals
for each of P separate channels. The ¢-th output channel is a linear combination of convolutional fea-
tures extracted from input channels, where k is the convolutional filter size: y(®) = 2 j=1..P Cij2\0).
Blue boxes show linear dependencies between signal coordinates.

Fig. 4.2 gives a graphical explanation of the link between these matrices and the convolutional
layers. The parameter P (D) is the number of input (output) channels, ¢ is the dimension of the
input and k the filter size.

4.1.2 Multi-layer AMP

In this section, we define a class of probabilistic graphical models (PGMs) that captures the inference
problems of interest, and we state the Multi-layer Approximate Message Passing (ML-AMP) [155]
iterations, which can be used for inference on these PGMs. We consider the following signal model.

Definition 10 (Multi-layer Signal Model). Let {W®Y, <1 be matrices of dimension WO €
R™M-1X™ - [et {¢él)(2)}1gl<L be scalar channel functions qbg) : R — R for which z is the esti-

mation quantity and ¢ represents channel noise. We write d)él)(z) for vectors z € R™-1 to indicate

the coordinatewise application of V). The multi-layer GLM signal model is given by
1 2 L
y =0l (WP WA oW Ha))).
We assume x € R" follows a known separable prior, x; ~ Px(z) i.i.d., and that { ~ N(0,1).

The full estimation quantities of the model are the coordinates of the vectors {h(l)}lglgL,
{z(l)}KKL, which are related by

yu = o0 (=) 2D = > wion (4.2)
hz(l) _ ¢52)(Z(2)) z,(f) _ ZW}S?)h?)’
hl('Lfl) _ ¢éL)(Z(L)) ZiL) _ ZWL(nL)ﬂfi

i
and the corresponding conditional probabilities, which define the factor nodes of the underlying
PGM, are given by

PO | 2) :/dge*%@a(h—qsg(z)).
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To compute the posterior marginals, ML-AMP iteratively updates the parameters of independent 1D
Gaussian approximations to each marginal. Each coordinate h(l) (t) has corresponding parameters

{Agl) (t),BZ»(l) (t)} and each z,g)( t) has corresponding {Vu(l)( t), ,S)( t)}, where t > 1 indexes the ML-
AMP iterations. The recursive relationship between these parameters is defined in terms of scalar
denoising functions, h® and ¢®, which compute posterior averages of the estimation quantities
given their prior parameters.

In general, these denoising functions can be chosen (up to regularity assumptions) to adjust
ML-AMP’s performance in applied settings, such as in [192], and in these cases the denoisers may
be nonseparable vector valued functions. However, in the separable, Bayes-optimal regime where
P, (z) and PY(h | z) are known, the optimal denoisers are given by,

z(l ( ) _ 8 log Z(l+1)(AZ( )7 (l) V(l+1) (H‘l)) (4.3)
f’( >=a ”<t+1>
_ l l 1 l 1 l l
(t) g ( )

Z(l)(A,B,V,w) =

1 (z —w)?
) _ ARz )
(h | z)exp <Bh 2Ah 5 > dhdz

where 2 < L < L — 1, t > 2 and the prior parameters on the right hand side are taken at iteration
t > 2. The corresponding ML-AMP iterations are given by,

! ! l
V) = 2wl e () =L WO -V Wele -1 (@
l l l 2
AP0 == WPl ) (1) Z (1) + AV (0).
m
For the boundary cases t = 1, [ = 1, and [ = L, the iterations (4.3), (4.4) are modified as follows.
1. At t = 1, we initialize BY ~ Pg) and w,(f) ~ PUSQ, where P](Bl), PU(,ZO) are the distributions
1 0 0

of the signal model parameters (4.2) when z; ~ Px. We take (Al(l))_1 = Var(Bi(l)) and
v = Var(w(l))
poo= )

2. At [ =1, the denoiser g( )( t) = 0, log ZW(y, Vu(l),wf})), where

(N2
Dy [ 2) exp< W) 5

20y, v 1) =
s 6

i \/7

3. At [ = L, the denoiser hX)(¢) = 0 log Z(F) (AEL), Bi(L)), where

2" gty = / Px (h) exp (B}Ph - ;Afﬁh?) dh.

4.2 Main result

We now state our main technical result, starting with the set of required assumptions.
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(A1) for any 1 < I < L, the function ¢! is continuous and there exists a polynomial b of finite
order such that, for any z € R, [¢"(z)| < [0 (z)]

(A2) for any 1 < [ < L, the matrix WO is sampled from the ensemble M(D', Pk ¢b) where
Pl I _ Dl—lql—l

(A3) the iteration 4.4 is initialized with a random vector independent of the mixing matrices veri-
fying %th”% < 400 almost surely

(A4) for any 1 <1 < L, Dy, P, — oo with constant ratio 8; = D;/P;, with finite ¢;.
Under these assumptions, we may define the following state evolution recursion
Definition 11 (State Evolution). Consider the following recursion,

(1) = —BOEO[B,g(m Y, b, 7 — m®, )] (45)
m=D(t +1) = E(Z)[h A=Y (=Y b, 1 — m b)), (4.6)

where 7O is the second moment of P(lg, where the right hand side parameters are taken at time t,

and the expectations ED are taken with respect to
PO(w, z,h,b) = PY(W | 2) N (250,70 = mO) N (w; 0, mO) N (b D, -1y,

At t = 1, the state evolution is initialized at ) = 0 and (#)~! = 7). At the boundaries
I =1, L, the expectations are modified analogously to the ML-AMP iterations as described by [158].
We then have the following asymptotic characterization of the iterates from the convolutional ML-
AMP algorithm

Theorem 7. Under the set of assumptions (A1)-(A4), for any sequences of uniformly pseudo-
Lipschitz functions ¥ Y of order k, for any 1 <1< L and any t € N, the following holds

LS 0) 2B [ (20) (4.7)
Diq = '
L% 0 2B (02 (2'))] (4.8)
Pa = '

where ZL(t) ~ N (0, kM(t)), ZH(t) ~ N(0,&(t)) are independent random variables.

4.2.1 Proof Sketch

The proof of Theorem 7, which is given in Appendix 5.1, has two key steps. First, we construct
permutation matrices U, U such that for W ~ MCC(D, P, q, k), the matrix W =UWUT is a block
matrix whose blocks either have i.i.d. Gaussian elements or are zero valued, and has a block-circulant
structure. The effect of the permutation is that entries of W which are correlated due to circulant
structure of W are relocated to different blocks. Once these permutation matrices are defined,
we define a new, matrix-valued AMP iteration involving the dense Gaussian matrices obtained
from the permutations, and whose non-linearities account for the block-circulant structures and the
permutation matrices. The state evolution of this new iteration is proven using the results of [ 10)].
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This provides an explicit example of how the aforementioned results can be used to obtain rigorous,
non Bayes-optimal SE equations on a composite AMP iteration. The separability assumption is
key in showing that the AMP iterates obtained with the convolutional matrices can be ezactly
embedded in a larger one. Note that this is a stronger result than proving SE equations for an
algorithm that computes marginals of a random convolutional posterior: we show the SE equations
are the same as in the dense case. We finally invoke the Nishimori conditions, see e.g. [151], to
simplify the generic, non Bayes-optimal SE equations to the Bayes-optimal ones.

The idea of embedding a non-separable effect such as a block-circulant structure or different
variances in a mixing matrix is the core idea in the proofs of SE equations for spatially coupled
systems, notably as done in [135, 80]. We note that in the numerical experiments shown at Figure
4.1, the parameter ¢, considered finite in the proof, is actually comparable to the number of channel,
considered to be extensive. Empirically we observe that this does not hinder the validity of the
result, something that was also observed in the spatial coupling literature, e.g. [154], where large
number of different blocks in spatially coupled matrices were considered, with convincing numerical
agreement.

The existence of permutations matrices verifying the property described above is formalized in
the following lemma:

Lemma 22 (Permutation Lemma). Let W ~ M(D, P, k,q) be a multi-channel convolution matriz.
There exist row and column permutation matrices U € RPP1 U7 € RP1*Pa gych that W = UWUT
s a block-convolutional matrix with dense, Gaussian i.i.d. blocks. That is,

VORI .
A1) A2) Ak)
1
W= — A®) Ak)
vk
AQ 4B A®) AW

where each A®) € RPP 1 < s <k has i.i.d. N(0,1/P) coordinates.

Proof. Consider the elements of the matrix M which are non-zero and sampled i.i.d. as opposed to
exact copies of other variables. They are positioned on the first line of each block of size g x ¢, and
thus the indexing for their lines and columns can be written as M,441,4+c Where a, b, ¢ are integers
suchthat 0 <a <D —-1,0<b<< P—1and 1< ¢c<k. The integers a,b describe the position of
the ¢ x g block the variable is in, and ¢ describes, for each block, the position in the initial random
Gaussian vector of size k that is zero-padded and circulated to generate the block. The goal is to
find the mapping that groups these variables into k dense blocks of extensive size D x P. To do
so, one can use the following bijection M77QP+B = Myg+1,bg+c Where v = a+1, « = ¢ — 1 and
8 = b+ 1. By doing this, ¢ becomes the block index and a, b become the position in the dense block.
This mapping can be represented by left and right permutation matrices which also prescribe the
permutation for the rest of the elements of M. A graphical sketch of this coordinate permutation
is shown in Figure 4.3. O
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[z wn 212 W12 Z13 w13 i [ 211 zi2 zi3 |wnn wiz wis i
Z11 wi Z12 W12 Z13 w13 221 222 %23 | W21 W22 W23
w11 211 | W12 Z12 | W13 213 231 232 Z33 | W31 W32 W33
221 w21 Z22 W22 Z23 w23 241 242 243 | W41 W42 W43
Z21 w21 Z22 W22 223 W23 Z11 212 213 | W11 w12 W13
w21 221 | W2 222 | W23 223 Z21 %22 223 | W21 W22 W23
Z31 w31 Z32 W32 Z33  Ws3 Z31 232 %33 | W31 W32 W33
231 W31 232 W32 233 W33 241 242 R43 | W41 W42 W43
w31 231 | W32 232 | W33 233 w1 Wiz w13 211 *12 213
Z41 W41 242 W42 243 W43 W21 W22 W23 Z21  Z22 %23
Z41 W4 242 W42 243 W43 w31 W32 W33 Z31  Z32 233
L wa1 241 | W42 Z42 | W43 243 | L W41 W42 W43 Z41 242 243

Figure 4.3: A sketch of the permutation lemma applied to matrix W ~ MCC(4,3,3,2). Left: W
before permutation. Right: after permutation, UWUT.

4.3 Numerical Experiments

In this section, we compare state evolution predictions from Theorem 7 with a numerical imple-
mentation of the ML-AMP algorithm described in Section 4.1.2.

Our first experiment, shown in Figure 4.1, is a noisy compressive sensing task under a sparsity
prior Px(x) = pN(2;0,1)+(1—p)d(z), where p is the expected fraction of nonzero components of .
Measuremements are generated yo = Wxo-+n for noise n ~ N'(0,107%), where W ~ MCC(D, P, q, k).
We show recovery performance at sparsity levels p € {0.25,0.5,0.75} as the measurement ratio
f = D/ P varies, averaged over 10 independent AMP iterates. Additionally, we show convergence of
the (averaged) AMP iterates for sparsity p = 0.25 at a range of 3 near the recovery threshold. We
observe strong agreement between AMP empirical performance and the state evolution prediction.
The system sizes are P = 1024, ¢ = 1024, with D = SP varying.

In Figure 4.4, we show two examples of L = 2,3,4 layer models following Equation (4.2). In
both, the output channel [ = 1 generates noisy, compressive linear measurements y = z(1) + ¢ for
G ~ N(0,0?%) and for dense couplings Wi(jl) ~ N(0,1/nM). Layers 2 < I < 4 use MCC couplings
wh ~ MCC(Dy, Py, q, k), where ¢P, = n; and D; = P, = qn;—1. Channel functions {gb(l)} vary
across the two experiments. The input prior is Px(z) = N (x;0,1) and model has ¢ = 10 channels,
filter size k = 3, noise level 02 = 10, input dimension n&) = 5000, layerwise aspect ratios B =2
and ) =1 for 2 < < L. The channel aspect ratio 3(!) varies in each experiment.

We compare the state evolution equations to empirical AMP results in two cases. In the left
panel, we show multilayer models with identity channel functions, and in the right panel, we show
models with ReLU channel functions. The latter model captures a simple but accurate example of
a convolutional generative neural network.
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Figure 4.4: ML-AMP compressive sensing recovery under multichannel convolutional designs
(crossed) and the corresponding state evolution for the corresponding fully connected model (lined).
Left: For 2 < [ < L, the channel functions are ¢(!)(z) = z + ¢ where ¢; ~ N(0,02). Right: For
2 <1 < L, the channel functions are ¢(!)(z) = max(z, 0) where the maximum is applied coordinate-

wise.



Chapter 5

Proofs for the multi-layer random
convolutional model

5.1 Proof of the main theorem

The proof of the main theorem is presented in this section. We start with a generic result on a
family of AMP iterations including the (non Bayes-optimal) MLAMP one, using the framework of
[110], from which we remind the required notions.

5.1.1 State evolution for generic multilayer AMP iterations with matrix valued
variables and dense Gaussian matrices

In the notations of [110], consider the AMP iteration indexed by the following directed graph
G = (V, ﬁ), where the set of vertices is denoted V' = {vg,v1,...,vr}, and the set of edges ﬁ =
{?1, . ?l, ?1, . <?L}. For any edge ?l, the corresponding matrix A?z has dimensions R™*™-1
with A¢ = AI@U’ and the variables x5, € R™*% x¢ € R™-1*7 for some finite ¢ € N, with
N = Zlel ny. Finally, we define the non-linearities of the iteration by specifying the variables they
are acting on as follows:

to. x Xq ot t ¢
J f?l : R™M0X9 — R™0 q,X%l — f?l (Xg),
o forany 2 <1< L, ft?z D (RU-1%9)2 — Ru-1Xq (xt?l ,X%l) — fil(x%lil,xf— )s

o forany 1 <1< L —1, f}%l : (RUX4)3 — RUX4, (X’%l,xlzE ) ff_l(A—> wo x5 xL )

I+1

o fL :(RPX9)2 R"LXQ,X%L — f%L (A?LW?L,X%)

where wo ..., wo ~are low-rank matrices respectively in R™0*? ... R":-1*% whose rows are sam-
pled i.i.d. from subgaussian probability distributions in R%. The graph indexing the iteration then

reads:

118
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er, €L ey,
t  _ rt t t
mb = fo, (<, x)
L AT ot t—1t \T
xe o = Agmg —mo (b))

and Onsager terms, for the right oriented edges

_ ¢
| ofh
bty = L3 9% () e mo.
€1 N ; 8x<€l7i €] e —e
and left oriented edges
¢
1 <L Of%,,;
t €1,? t gxq
be = N Zl Ix (Aezw?w (x%g)%i %EH?) e R9*9,
1= 1y

We now make the following assumptions

(A1) The matrices (A7) 7 are random and independent, up to the symmetry condition A¢ =
ec
AIe>. Moreover A~ has independent centered Gaussian entries with variance 1/N.
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(A2) For all 1 <1< L, nj — oo and n;/N converges to a well-defined limit ¢; € [0, 1]. We denote
by n — oo the limit under this scaling.

(A3) For all t € N and e ﬁ, the non-linearity f% is pseudo-Lipschitz of finite order, uniformly
with respect to the problem dimensions (n;)o<i<r,

(A4) For all = E, the lines of x%),w? are sampled from subgaussian probability distributions
in RY.

(A5) For all € € E, the following limit exists and is finite:

nhi%o% (e (%) mz) T (%) o o))

(A6) Let (ke)wcp be an array of bounded non-negative reals and Z- ~ N(0, k21, ) independent
random variables for all €. For all @ € E , for any t € Ny, the following limit exists and is

finite: 1
i (12 (62 ) £ (@) )]

(A7) Consider any array of 2 x 2 positive definite matrices (S )z cp and the collection of random
variables (Z—, Z’?) ~ N(0,S» ®1,,)) defined independently for each edge €. Then for any
¢ € F and s,t > 0, the following limit exists and is finite:

pLGS %E Kf* ((Z‘%’)?’:?'ﬁ?) fe ((Ztﬁﬁﬁﬁ%m '

Under these assumptions, we define the following state evolution recursion:

e fori=1
W = dim w2 (kL ), kb = im0 (kL )T (k) (5.2)
?I_N—)OON ?1 ?1 <€17 ?_N—>OON ?1 <€1 €1 <€1
1
S N T gt -t ¢
A= i Aol g (v, 25| 52
ST ettt gy iIEI 3 (wo b + 2L ) —wo pl vt ’
?1 - €>1 - N—+o0o €1 €1 eq €1 e1pw—e>1 ?1
t ot t 1t
(f?1 (W?1V<€1 + Z?l) W Pw— V?l) (54)
P k' = lim ifo z x% | xY Tfo z x%  x? (5.5)
EE ?1_nﬁoo]\f e \Zwo X X, e \Bwe e R, .
1 [ G
St o L €1, -1t t St t
= B |3 gt (B ey Ve, 4 B w4 25) | 69)
=1 e1” 1

T
S ~S S
+ Z?1 ? W?2V%2 + Z?Q)
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o forany 2<I< L -1

1 1
0. _ 1 T £0. (0 L1 _ 0, (0 VT £0. (40
V?l - ]\}1_1;[(1)0 NW?lf?l (X?l)’ K/?l - ]\;I_I}'éo N ?l (X?l) f?l (X?l) (58)
1
1 T gt -1 ¢ t ot t
vy = N1—1>m+oo ~<E |wo f2, (zvv?l_lpw_gl11/?[_1 +Z2%,  wWo e + Z?lﬂ (5.9)
s+1,4+1 _  t+1,s4+1 .
K2, =Ky = NLHEOO (5.10)

t 1 t t .t ¢ 1l
I2, < wo,  Pwy, Vo, T Zo, W Ve + Z%l) W2, Pwo Vo) > (5.11)
T
S0 11 1 0. 0 0 0
D, ke = nan§O Nf<g (ZW—g ,x?l,x%l“) fe, (ZW? ’X7z’x?z+1> (5.12)

! N—oo N 1 3 zvi’ gp%l ! o ! "
(5.13)
st1,t+1 N T
e - nl—>Holo NE [f%l (Zw_ﬁ' 1 Iwa pw?zy%l T Z%l’w?lﬂy%lﬂz%z“)
t t ¢
fe, (zW? s Bw Pwy Vo, Lo W P €l+1>] (5.14)
e for I=L
W = dim —wh O L), k= lim — % (kL )T (kL) (5.15)
?L_N—N)ON ? ?L <€L7 ?L_N—) N? ?L er ?L

€L C4S L—1 €r—1’
S+1,t+1 — t+1,8+1 — hm (5 17)
€L €L N—+o0

Z
€L-—1
-1 ~ 1
ft?L ( W Pwe, 1V%L T Z%LA’W?LV%L +ZE€L> _Weprlﬁ v > (5.18)
T
~0 1,1 _ 0
Ve e, = nlgrQlQ Nf?L (ZW?L’X?L) f%L (ZW?L) (5.19)
1 1L ofL
Ll s €L -1 ¢ t
ve o = J\;gnoo NE[Z 5 L - (ZW?L’ZW?LpW?L v + Z?L)} (5.20)
=1 W?va’ 806 L
1 T
s+1,t+1 4. -1
R = i B, (2w, o, o0 v, + B, )
-1
o N Z%L” (5.21)

where, for any 1 <1 < L, the symbol 0z, ;, p» denotes the partial derivative w.r.t. the argument
of o=, (Zl?7 ..., Z%) is a centered Gaussian random vector with covariance (k%) < ® I, (and
similarly for left-oriented edges), and zw-, is distributed according to N(0, py,_, ).
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Theorem 8. Assume (A1)-(A7). Define, as above, independently for each €5, ZO_e)l = XO?Z and
(Zl?l, el Z%l) a centered Gaussian random vector of covariance (mr_c}sl)mgt ®1,, ,. Then for any

sequence of uniformly (in n) pseudo-Lipschitz function ® : (RM-1*t41D0)2 L R for any 1 <1< L

P
P (x% ) , (x‘% - ) ~
1/ 0<s<t I=1/0<s<t

-1 s s ~S s
E[@( (Zw—e’lpw?l V?l + Z?171)0<5<t’ (W?l 1V<€ 1 + Z<€l1)0<8<t:|

In summary, at each time step, the variables associated with right oriented edges x, asymp-
totically behave as the sum of the ground truth w-, reweighted by a ¢ x ¢ matrix coefficient D+
and a nj—; X ¢ random matrix with i.i.d. lines Z-, with ¢ x ¢ covariance k¢, determined by the
function associated to the corresponding left-oriented arrow f% . Similarly, the variables associated
with left oriented edges x¢- asymptotically behave as the sum of the linear response to the ground
truth Zwy, (asymptotic equivalent of Ao w—, ) reweighted by a ¢ x ¢ matrix coefficient v, and a

ny X q random matrix with i.i.d. lines Z« %, with ¢ X g covariance k-, determined by the function
associated to the corresponding right-oriented arrow f%l

Proof. This result is a special case of Lemma 2 from [I10], with a perturbation where only the
left-oriented edges involve an additional dependence on A-w—. The required conditions are the
same as in [110], barring the subgaussian assumption (A3) which ensures the scaled norm of the
X%, w— are finite with high-probability as n — oc. O

5.1.2 State evolution for multilayer AMP iterations with random convolutional
matrices

The following lemma proves the state evolution equations for a multilayer AMP iteration where
the dense Gaussian matrices are replaced with random convolutional ones (MCC from Def.9) with
variance %, with a vector valued variables, i.e. =1, and separables non-linearities. We choose
the variance as % to follow the notations of [I10] for more convenience, recovering the variances
of iteration Eq.(4.4) is a straightforward rescaling as done in [37] and will be discussed in the next
section. Assume ¢ = 1 and that, for any t € N and 1 <1 < L, the functions ft?l, f}%l are separable
in all their arguments, i.e there exists scalar valued, pseudo-Lipschitz functions J%l :R? 5 R, O'%l :

R3 — R (where 0%1 ‘R — R,O‘%L : R? — R) such that:

fori=1,forany 1 <i< ng:

Fo, (x5 )i = 0% (2% )

forany 1 <I< L—1,forany 1 <7< ng:
¢ ¢ ¢ ot ot ¢
f<gl (A oW ’X?Z’X?zﬂ)i = 0%, ((Aawa)mx?l’i,m?lﬂ’i)
forany 2 <1< L, 1 <i<n_:
t t ¢ _ ot t ¢
f?l (X?l v Xe i 72, (aj?z 1 Z’I?M>

for I=L, any 1 < i < np:

1
f%L(A?LW? x5 )i:O'%L((A—) we )i rh )

Define the following scalar SE equations
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o forl=1:
1,1
1/%1 = oE [wgla%l(az%l)} , kg = 0oE {a?l(x% )U%)l($(<]€1)}
t+1 . ¢
V?Jrl ooE [w?la?l (w? Ve, + Z?l)

_ s ~S s o -1 s+1
R 1 —fe 1 B (0?1 (w?l R - Z(?1) We 1 Puwg V?l )
t t 1 i+l
(0?1 (wﬁlwg + Z@l) — W, Puy Vo, )

ool .
t+1 _ 511}3{61»’ (ZW?I Zw— p;le)lz/t?l + 7z we, Ve + ZL )]

. €
8zw<g1,747 P !

s+1,t4+1 s —1 s S ~S s
K, =0nhE {O‘%l (zw?l  Zwg, Puy VR, + Z?l,w?zwgz + Z<€2>

O'<t_ (Zw—> ,Zw?lpw_e,l +Z—> wg, V(— + Z(— >:|

€1
o forany 2 <I<L-1
8] €]

v = 5nl_lE{w;>la%l (% )}, ,Ql_ev} = 6p, ,E |:0_0_) (2% )% (L )}

t+1 _ t -1 t t ot ¢
=0p,_,E {waa?l (Zw?l Pus Vo, Tt Z% L we Ve + Zc )]

Lt+1 t+1,5+1
/@ﬁr’+ = g =

~0 1,1 0 0
Vephe, = 5nlE[U<€l (Zw? ey x<?z+1> (Zw? ’I—> x<€l+1)}
t
fop
At+1 e, 1
_ —
Ve 5mE{8z o 4, P (zw?z Fwg Pug Ve +Z?l e“'ly?l“ %”J]
ey’
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(5.22)
(5.23)

(5.24)

(5.25)

(5.26)

(5.27)

(5.28)

(5.29)

(5.30)

(5.31)

(5.32)

(5.33)

(5.34)
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e for 1=L
1,1
V%L = 6nL1E{w?ZU%L (QS‘%L):|, K, = 6, L E O‘%)L(.Z‘%L)O'O?L (x%L)} (5.35)

t -1 t t ~t t
e T n-a e {w?LU?L <Zw?L—1pw?L1y?L—1 + Z?L—l’w?Lw?L T Z<€L>}

REFLIHL Lt
er er

s -1 s s ~S s . —1 s+1
5nL1E{ (U?L (Zw?Llpw?L_IV?Ll + Z?Lilﬂw?ngL + Z?L> WL Pwe Vo )

‘L

(U%L (zw_e,Llpgl?Lll/%Ll + Z%L,yw?L ﬁ%L + Z%L) - w?Lpl_Uie)L 1/%311) ] 5.38)

ﬁ%L, ml?’lL = 5nLIE[a<OEL (Z“’?L , x%L) O‘%L (zw_e)L> ] (5.39)
¢

ﬁgj =6, E L%EZ% (Zw—gL , zw_e)Lp;;L V%L + Z%L) ] (5.40)

H‘;‘Ll,tﬂ =0, E [J%L (zw?L , zW?Lp;ie)L V%L + Z%L)

O'%L (zw?L  Zwp p;;L V%L + Z%L) } (5.41)

Lemma 23. Under the assumptions of section 5.1.2, define, as above, independently for each 71,

Z%l = 2% and (Zl?l, .. .,Zt?l) a centered Gaussian random vector of covariance (H%Sl)r,sgt (and
similarly for left-oriented edges). Then for any 1 <1 < L, for any sequence of uniformly (in n)
pseudo-Lipschitz function ®; : (RM-1x0+1))2 4 R

P
d (xs—>) (X‘?—) ~
€1)o<s<t’ " €1)o<s<t, e, 1€ E

-1 s S ~S s
%
E {(I)< ('Z“’?z Pus V2, + Z?l)ogsgtfaeﬁ ’ (w S Ve T Z%l*1>0<s<t )]

Proof. Consider the following iteration, corresponding to the algorithm presented in the previous
section Eq.(5.1) with ¢ = 1 indexed on the same graph as above, but where the matrices A, are

replaced with random convolutional ones, denoted A?l such that

Veek A?l ~ M(Dz,, Pz, k2,02, (5.42)

€ e €

where A3, € RP?:77%P2,9%, " and we remind that we chose variances of 1/N. Since we assume
that ¢ = 1, thus the Onsager terms are scalars, which we denote with lowercase letters bt?. The
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corresponding iteration then reads:

t+1 _ A to gt o t—1
Xe_f _Ae—fme_l) b€_1>m1 ’

t+1 _ A t gt t—1
X —Ae—2>me—2> be—2>m2 ,

“ (5.43)

m";& = f% (A?LW?L,Xe—Z)

Then, according to Lemma 22, for any 1 < [ < L, there exists a pair of orthogonal matrices
U, € RD?zq?zXD?qu’z’V?l e RP7920P2,92, guch that Ay, = U?ZA?ZVI@I and Ay, =

€1

i1 42,
|:(PP—>l,q?l) Q?l} , where Q7 € RP%%P2,92, is composed of g, blocks of size D, x Py
i=1

€ €1 e

denoted Qj?l, verifying
e forany 1 <j < k—, Qj? has iid. N(0, %) elements
o for any k- < j < g2, all elements of Qj? are zero.

In the preceding definition of A?l, Q-—, is understood as a vector of size RP292 with elements in
RP? | such that the permutation matrix Pp 4 shifts blocks of size Do x P, yielding

(1) (2) (k<)
Q?l Q?{l - Q 1 (ko)
Q7 Q7 - QY
As= QY q¥ G (5.44)
QF Q3 - Q7 ?
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The iteration then reads

t o gt A T to oot
mg = f& U?IAEHV?IW?NXS—{,XE) ,
t+1 _ A T ¢t gt . t—1
X = U?QA?QV?Qma be—2>m =
to_ gt t ot
mg; = [ (xe—f,x%) ,

(5.45)

t+1 _ A T omt. _ ptoni—l
X =Uz, Ag, Vo my be-gm& ,
t,_ gt t ¢
mg; = f2. (X?L_I’Xa) ’
t+1 _ AT UL mb — pt il
xe =V, Ay Uy mg b&me_g ,

Since we will not be making any change of variable on the w- , we will keep the A@l notation for
the quantities related to the planted model. Define, for any 1 <! < L and any ¢t € N:

1L = _v©h

X?L - ?ZX?Z X?z - V?lx?z

~t _ T t ~t _ T t
2, = Vemy  mg =Usme

rt

f?g eq €2 1 1

L (Ao wo,, %5 %) = UL fL (A5 w—,, Uz 2L Vo %l
& g2 Wy Xgdh X TR ea Wy Yeatesr ¥V Eshes
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Using the orthogonality of the permutation matrices U, V2, the iteration may be rewritten

B R G S e |
X = Ao my b6—1>m1 )
<t _ Ft (st
my = fo (X5),
st+l _ AT =t gt 1
X —A?lm?1 bﬁme_f ,
nt = fL (Ao wo % %
a —Ja\BeWen e Rg ) o
St+l X et gt =t
X5 —A?2m8—2> be—2>m§ ,
St ft (gt ot
ml; = /b, (%575 .
St _ AT o=t gt a1
Xg —A?mg bgﬁl—) s

(5.46)

Recall, for any 1 <1 < L, the dimensions A, € RP#72,%P2,9%, and f%l() € R7:7%:. Consider
then

o () = z (547

where, for any 1 < k < g2, (ft?l)(k)() € R2. The product A?lf%l(...) € RP?:7%: then reads,
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using the circulant structure of A@l

@ Q?i’ @) @l (k) | 0
1 2 e 2
Q3 Q7 Qz; (/%) )
QY Q¥ ... Q% : : (5.48)
(~t_>)(wl)( )
€
Q% Qf Ql? Q|
i—1 5 72,
~[((Preyaz) 2 P ] (5.49)
— ae
- (=24 +1) l
= [ Q% (L) (L) (5.50)
j=1 n=1

where the notation |.] 4, denotes the modulo g, i.e. the remainder of the euclidian division by
qo,- Now define

=i 5 7t \(ge)) k2, P kg Xqo
(Pp?z"Z?z) {(f?z)( ),..(f?l) l } _ e R & e 712, e RP2192,%9%,  (5.51)

L) =

and the matrix Q, € RP?:97P2,92; ig a dense Gaussian matrix with i.i.d. elements. Then

) S QY () L) L Q) () U e T L)

l

c RP= 12, %12,

where each ... is an identical copy of the first Do, x g, block, for a total of k-, blocks. This
means the D g, output of the product A?lf%l(...) may be rewritten as a D, X g, matrix
(copied k—, times) resulting from the product of a dense Gaussian matrix with i.i.d. elements and a
matrix valued function Ft?l which verifies the same regularity conditions as ft?l. Note that, owing
to the separability assumption, we may use any permutation of the ( f%l)(i), 1 <@ < ge, and will
thus drop the permutations to write

[(f%l)(l) . (f%l)(q?z)r?l c RP? ke, %42,

N _ P
5, () = Sk, € R" 72,472, (5.52)

[Op?l .. .OP?ZLZI
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i A T 5 Pz a2 T
Similarly, for products of the form (A?z) f?l() € R "¢, we may write:

_ k - T
Q¥ Q¥ Q™
(k=) ~ \(1)
n Qe (Fe) ()
QY Q¥ ... Q7 : :
: : . (~<t_)(q—gl)( )
k
Q2 Q@ .. Q@7 Q)|

~[((Presoe) " [ @20 00@E T @)

Then, using once again the separability assumption, we may define:

o] 1 ¢ pPe o,

c RP=,92, %12,
[()D_e,l .. 'OD?J

such that the term Q%ZF%Z() also contains k-, copies of a Py,

129

(5.53)

(5.54)

(5.55)

X g, block containing the g,

blocks of size P2, of the original Py g, vector A%l fgl() The iterates of the sequences defined
by Eq.(5.46) may then be rewritten as a subset of the lines of the following matrix valued iteration,

ie.:

er, L ’
Tt+l _ AT ot ot o~ t—1
X = Qo mg —bgme,

(5.56)
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where each W, contains k-, copies of the initial w, reorganised into matrices as described above.
The dimensions of the variables are Note that at this point we have almost reached an iteration
verifying the structure of that appearing in Theorem 8, except the Onsager term isn’t, a priori, the
correct one. Consider the following iteration, where we replaced the original, scalar Onsager terms
with the correct, matrix-valued ones:

(5.57)

(5.58)

where, for any € € ﬁ and any t € N for the right oriented edges

ni—1 aﬁ't
1 < x
bl = — L ( t—>) € R7Z:%9%,
G N & 0Xegy, 1 e
and left oriented edges
¢
1 X &/
bl — — e & W (Xt ) c RI%, X%,
“TN S OX N T it s

Using the separability assumption, we can simplify this expression. To take a concrete example,
consider F%2 (Xi—{, X%) Let’s start with the dimensions. Recall

it St S
f?z (X?l ) X?Q

where

X

L,) ERI% = VT fh (U b, Vo, %L ) 5.59)
5. € RP?1971 = RP?2972 and %l € RP727972 (5.60)



CHAPTER 5. PROOFS FOR THE MULTI-LAYER RANDOM CONVOLUTIONS 131

using the separability assumption, we may write

V1<i< Pg,qe, (5.61
(1, (Ve Vost)), =, (0030), (Vo)) Gon
And
£ (K, Xi) €270 ow
where XL R77207:7%7%; and XL € R77207279, (5.64)
ke
L it (1) (gb(D 2t() it (a2 (gblae) Jblae) |72
Fie)z (X%l,ng) = |:(f?l) (X?1 ’X%Q )'”(f?l) : (X?1 ’X%2 ) i=1 (5.65)
OP?Q(q?Q*k?Q)Xq?Q
t,(q= _t, qe
_ [(?f%z)(l)(igf)i%i(?)---(ﬁ%l)(q?l)(izgf l),x?(j?l))} ‘_12 (5.66)

where each 5(%(;) € R722922 . Recall that, for any 1 < i < Pk, Fie)ﬂ. : R%?2 — RY?2, Then, for any
1<k l<ge,

P2, g [t
1 ‘2.2 JgF% . ~ ~
t — ek (<t ¢
(b?z)k,z N ; oXe, .y (X%, X%,) (5.67)
Pzyae, giat. \(k)
1 &7 8(9*2 ) t,(k) ~t,(k)
=5 o (xp %)) (5.68)
NoZ D CORRR
17 o 0 W
_ T ot (k) _t, _t,
- N Z:ZI aigi)va(ga) (U?lxe_{ , Vo, Xe ) (5.69)
1 ~t,(1 ~t,(l
= T (V%Qj(g%)(k) (U?IXZ_IS ) Vg, >) V?Q) S (5.70)
1 ~ ~
= NTr (j(gt?Z) (U@lxte_{,V?ZX%) Okl (5.71)
1 Pz,ae,
=N Zl (o), ((U?li%)i, (V?Qig)i) Ok (5.72)

where we wrote j(gt? ) the N x N Jacobian matrix of the function (gt_e,z)(k) : RN — RN, Using
2

[37] corollary 2, the Onsager term can be replaced by any estimator based on the asymptotically
Gaussian iterates converging, in the high-dimensional limit, to the correct expectation. Using the
permutation invariance of the Gaussian distribution, we can therefore replace each element of the
matrix the Onsager term with

1 P2,a2,
Pogo, ; ("), (%), (%)) o (5.73)

which amounts to 3
b, =%, 10, xau, (5.74)
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We therefore obtain an exact reformulation of the initial MLAMP iteration with convolutional
matrices in terms of a subset (first line of size Po, X ¢, for right oriented edges and D3, x g, for
left-oriented variables) of the variables of a matrix-valued iteration with dense Gaussian matrices
verifying the SE equations. Isolating the aforementioned first lines, recalling that the SE equations
prescribes i.i.d. lines in the asymptotically Gaussian fields, we recover that, for any 1 <[ < L, the
variable x4 € RP?0971 g composed of g, copies of block of size Po, with i.i.d. Gaussian elements
distributed according to the SE equations (5.1.2). The distribution of the variables associated to
left-oriented edges is obtained similarly. Note that, from a finite size point of view, the effect
of Dz , Py, is different from that of gz, : the former results in subGaussian concentration i.e.
exponential in the dimension, while the latter only represents copies (and not i.i.d. samples), and
thus only has an averaging effect. This is observed in simulations. O

5.1.3 Bayes-optimal MLAMP with random convolutional matrices

In this section, we specialize the equations obtained in the previous section to the Bayes-optimal
MLAMP iteration of the main body of the paper. Several functions are reminded for convenience.
Consider the MLAMP iteration outlined in section 4.1.2. The scalar updates described in Eq.(4.4)
can be rewritten as vector-valued updates as follows, for any ¢t € N, and any 0 <[ < L:

W) = WOnO @) - vO)g®(t — 1) (5.75)
BO() = (WO) ' g0(r) ~ VO (1)), (5.76)

To define the update functions and terms VO, VU the following partition functions were in-
troduced.

o forli=1

7(sz(1))2
=) <y, V(l),w(l) Nori /dZP(Szln ylz)e 2@ (5.77)
T

o forany 2<I<L—1:

=z (A(z—1)7B(z—1)’ V(l),w(l)) -
(z—w®)?

/ dhdzP) (h|z)e—2 A"V HHHBITh T (5.78)
o forl=1
20 AW By — / dh Py (h)e~3A® R +B"h (5.79)

We then define the layer-dependent, time-dependent, scalar update functions f®-t, f(O:t

V (B,w) € R?
= d,log2W (3, VI (1), w)
= Qlog2" (AD(@), B,V (1),w) 2<I< L
= 9plogz(+D (AU)(t— 1), B, V(¢ ,w) 1<I<L—1

=
=
=
—
s
I
Q
T
]
/¢S]
N
=
_l’_
=
—
3
-
|
—_
~—
oy
~—
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and their corresponding separable, vector valued counterparts f O £ which leads to the following
iteration

w(l)(t) — W(l)f:(l),t(B(l),t—l’ w(l+1),t—1) _ V(l)(t)f(l),t—l(B(l—l),t—l’ w(l),t—l) (5.84)

BO(t) — (W(Z))T FO(BU-DE Dty O () FOL RO 1)1y (5.85)

where the Onsager terms V() and VOt reduce to, using the separability of the update functions,
ni—1

vt = Z Op fOH(BWATE DT (5.86)

Z B fOHBYII! WDy = a0t (5.87)

We now show that the update functions defined above are Lipschitz continuous and increasing,
thus ensuring that the integrals are well defined through positivity of the parameters V, V.

Lemma 24. For any 1 <1< L, and any t € N, the functions fOt FOt gre Lipschitz continuous
in B,w. Furthermore, the functions fOt, fOt qre respectively decreasing in w and increasing in
B. As a consequence, the variance terms AWt and VIOt gre strictly positive.

Proof. Recall the partition function, omitting the layer index since all regularity assumptions are
the same for all layers and time indices,

Z(A,B,V,w) :=

1oy (2—w)

\/W /P(h | z) exp
recalling p(h|z) = [ p(§)6(h — fe(2))dE, integrating in h yields

Zz— W 2
Z(A,B,V,w) = £) exp (Bfg(z) - %Afg(z)Q - (2‘/)> d¢ dz (5.89)

dhd

Starting with f, we can straightforwardly verify the conditions to apply the dominated convergence
theorem and differentiate under the integral to obtain

Opf(B,w) = d%log (Z2(A, B,V,w))
1 (z — w)?

1
- E v Pefe e (dez) - GAL()? - W) d dzx

1 2 (z-w)?
/P(f) exp <Bf5(z) - §Af5(z) - 2V> d§ dz—

Ly (2—w)? ’
(/ P(&) fe(z) exp (Bfg(z) — g Afe(2)" - 2v> dgdz> ) >0 (5.90)

where the positivity comes from the Cauchy-Schwarz inequality and positivity of the term

2
P(&)exp (Bfg(z) - %Afg(z)Q (22{}’) ) Turning to f, we complete the square in the variable h to
obtain

exp (£ Z—w
Z(A,B,V,w) = 55?2;) /P(g) exp <_f21 (fg(@ _ i>2> exp (—(2‘/)2> dedz  (5.91)
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and differentiating under the integral yields
f(B,w) = 0,log (Z(A, B,V,w)) (5.92)

2 zw
(bt Mmtsee ),

where the term (

J P@exp( -4 (e-5)°) exp(f%)ds

A
(f P() exp (**(fg( )75)2) exp(77<zg“j)2> de dz
forward to verify using the polynomial bound assumption on the activation functions and the inverse
exponential factors. O

tion with density . The Lipschitz property is straight-

In the Bayes-optimal MLAMP, see [155], the planted vectors w— 2, are chosen as independently
distributed as the asymptotic SE representation of the output of the previous layer, and are therefore
Lipschitz transforms of subGaussian random variables, and thus are also subgaussian. Using the
permuation invariance of the Gaussian distribution, the quantities zo, = A?l remain Gaussian.
We can therefore apply the result of Lemma 23 to this iteration and obtain that iterates of Eq.(4.4)
verify the SE equations from Lemma 23 with the corresponding update functions. Furthermore, in
the Bayes optimal case, the Nishimori conditions, see e.g. [151], allow to only keep the parameters
ve,, V4, to describe the distribution of of the iterates, recovering the equations of Theorem 7.
Finally, the rescaling of the variances to go from the factors d; to the 5; of the main can be done
by rescaling each non-linearity f%l by /N/n;—1 (and similary for the f}%l with /N/n;) as done in

[135, 37].



Chapter 6

Asymptotics of stochastic gradient
descent

The results presented in this chapter are unpublished and part of a work currently in preparation.

We prove closed-form equations for the exact high-dimensional asymptotics of a family of first
order gradient-based methods, learning an estimator (e.g. M-estimator, shallow neural network,
...) from observations on Gaussian data with empirical risk minimization. This includes widely
used algorithms such as stochastic gradient descent (SGD) or Nesterov acceleration. We show
that the obtained equations match those resulting from the discretization of dynamical mean-field
theory (DMFT) equations from statistical physics when applied to gradient flow. Our proof method
has the benefit of being quite streamlined, notably with respect to previous literature which often
involves a rather high level of technicality. Notably, we give an explicit description of how memory
kernels build up in the effective dynamics, and include non-separable update functions, allowing
datasets with non-identity covariance matrices. Finally, we provide numerical implementations of
the equations for SGD with varying batch-sizes and learning rates.

6.1 Introduction

Stochastic gradient descent methods are one of the cornerstones of optimization and thus, modern
machine-learning. Notably, stochastic gradient descent and its variants have become the method of
choice for the optimization of large deep learning architectures, see e.g. [157, , ]. Gradient
based dynamics are, however, not restricted to the field of machine learning and computational
mathematics, as they are also at the center of out-of-equilibrium statistical mechanics through the
notion of Langevin dynamics, see e.g. [196]. Obtaining an exact understanding of these procedures
has been a long-standing problem, notably for spin glasses where a significant set of results has
been obtained, first using heuristic, theoretical physics [265, , 07, 68] methods and then rigorous
probability theory [11, 35, 56, ]. In theoretical physics, the effective dynamics describing the high-
dimensional behavior of gradient flow is called dynamical mean-field theory (DMFT), in reference
to the reduction of a system of strongly correlated degrees of freedom to low-dimensional order
parameters whose evolution can be tracked analytically by a set of self-consistent equations. In
the continuous time limit, those equations take the form of a stochastic integro-differential system
involving memory kernels and additive Gaussian processes, whose parameters are all related to the
form of the gradient, temperature (of the thermal noise), or other characteristics of the original

135
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system. In recent years, DMFT equations have been used by physicists to study a wide variety of

high-dimensional disordered dynamical systems (see, e.g., [1 54, , , ]), including constraint
satisfaction and learning problems [, , , ) ) ].
While the recent work of [56] provides game-changing progress into the rigorous establishment

of the DMFT, it does not account for stochasticity of the gradient descent algorithms and their
proof is limited to the data matrix to be random, with i.i.d. centered subgaussian entries. In the
present work we remove these two limitations and establish the DMFT equations for a broad class
of stochastic algorithms (including SGD, various momentum methods or Langevin algorithms), and
for a broader class of data (including Gaussian with a rather generic covariance).

Theoretical physics works on DMFT aim to describe the continuous time dynamics, because the
physical dynamics simply is continuous. When gradient based methods are used as algorithms they
are always run in discrete time and thus for algorithmic purposes analysis of the discrete dynamics
is of larger interest. In previous theoretical physics works the DMFT is always presented for the
continuous (flow) limit of the dynamics. In this paper we prove that the discrete DMFT equations
provide exact asymptotic analysis for the discrete gradient descent methods as well. This has been
noticed empirically in [198]. While a larger part of [50] is devoted to proving the continuous-time
equations, they also establish the discrete time DMFT. In the present paper we will only consider the
discrete version because (a) our main motivation is analysis of actual algorithms, (b) the exactness
of the discrete DMFT is not discussed in the literature and we thus want to rectify that.

Our proof of dynamical mean-field theory equations applies to a wide range of supervised learning
problems, where an estimator is learned using stochastic gradient descent on a cost function defined
by empirical risk minimization. In this regard, consider the following optimization problem

we inf L(Xw,y)+ F(w) (6.1)
weRdxq
where y = ®¢ (Xw™), (6.2)

where X € R"*? is the design matrix, the observed labels y € R"™ are generated according to a
ground truth parametrized by a continuous, separable function ®( : R"*? — R™ and ground-truth
vector w* € R%*%, and the loss and regularization £, F are differentiable functions. The number of
samples n and dimension of the inputs d will be taken to infinity (the high-dimensional limit), while
the number of weight vectors ¢ will remain finite. We will consider a generic family of discrete-time
dynamics in Theorem 9, which includes stochastic gradient descent methods widely used in practice:
a candidate W is estimated using gradient descent by producing the following sequence of iterates

wit! = w o (XTVLI(XW, y) + VF(w')) (6.3)

where ! is the scalar learning rate, and the time-dependent gradient represents potential modi-
fications of the gradient descent, for instance mini-batch sampling with batch-size being a finite
fraction of d in the high-dimensional limit.

Our main result is an asymptotically (i.e. in the high-dimensional limit) exact characterization
of the distribution of the iterates w' and preactivations Xw' at each time step, in the weak sense.
In particular, our results encompass the following special cases:

1. an exact asymptotic characterization of discrete-time (multi-pass) stochastic gradient descent
with mini-batch sizes proportional to the data dimension;
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2. a data matrix X with any positive definite covariance ¥ € R4*? with bounded spectral norm;
3. a finite number ¢ of learners;

4. time dependent update functions which may include stochastic effects such as mini-batch
sampling, learning rate schedules and thermal noise (i.e., Langevin equation), and any differ-
entiable regularization;

5. momentum methods such as Polyak’s heavy ball and Nesterov accelerated gradient.

6.2 Related works

Rigorous proofs of dynamical mean-field theory equations first appeared in the context of spin glasses
in the works [11, 35], who applied large deviation theory to the paths generated by the Langevin
dynamics corresponding to the Hamiltonians of the Sherrington-Kirkpatrick and spherical p-spin
models.

More recently, [56] proposed a different proof for the DMFT of the high-dimensional asymptotics
of first order flows for the empirical risk minimization problem (6.2). This new approach was
based on an approximate message passing (AMP) iteration with memory, building upon an implicit
mapping between the AMP iterates and the discretized gradient flow, and using the high-dimensional
concentration properties of AMP iterations, the state evolution (SE) equations. Our proof instead is
based on iterative Gaussian conditioning, and as a consequence is simpler and more direct. Iterative
Gaussian conditioning is a technique introduced in the study of SE equations for AMP iterations
[28, , 42, 37, ]. In AMP iterations, the so-called Onsager correction applied at each time step
drastically simplifies the high-dimensional effective dynamics, leading to a Markovian Gaussian
process. Since gradient descent has no Onsager correction, one key aspect of the proof is to show
how the dynamics may be decomposed and reformulated into asymptotically tractable memory
terms and additive Gaussian processes. As a result, our proof is completely explicit and we provide
intuition on how the different terms appear in subsections 6.4.1 before moving to the general case
in Appendix 6.6.

Our proof technique based on the iterative conditioning has important benefits as it becomes
straightforward to account for additional stochastic effects that are independent on the design
matrix, notably mini-batch sampling or thermal noise, as well as potential momentum terms. Addi-
tionally, we allow non-separable, time-dependent update functions, which enables to handle design
matrices with arbitrary well-conditioned covariance and bounded spectral norm. We do not study
the continuous time limit, provided in [50] for gradient flow on separable cost functions. Notably,
they prove the existence and uniqueness of the solution to the stochastic integro-differential system
describing the high-dimensional gradient flow dynamics under suitable conditions. They also benefit
from the universality results for AMP iterations, [27, (2], allowing design matrices with independent
sub-Gaussian entries and identity covariance.

Finally, it is interesting to note that, although methods from theoretical physics are often not
rigorous, a direct parallel can be drawn between our proof and derivation of the dynamical cavity
method as formulated in [172], [196] and references therein for earlier appearances. Indeed, the
dynamical cavity method relies on a orthogonal decomposition of the samples and iterates along
a chosen direction, resulting in approximately independent Gaussian terms with different scalings.
As a low dimensional projection, the term aligned with the chosen direction is of finite order, while
the orthogonal component contains a number of directions proportional to the dimension and thus
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remains of extensive order. A Taylor expansion then allows to simplify the dynamics and obtain
the DMFT equations with some algebra. In the present rigorous proof, we also perform orthogonal
decompositions, but in the direction of previous iterates. For a finite number of iterations and
width ¢ of the iterates, the component resulting from this projection is also of low-order, while
the orthogonal component remains extensive. The proof, done by induction, then boils down to a
precise control of the correlations of the different terms and concentration of various inner products
appearing due to the projections using the induction hypothesis.

6.3 Main result

Our main result characterizes the high-dimensional dynamics of a family of iterations that includes
gradient descent iteration Eq. (6.3), and takes the generic form

vitl = h! ({Vk};:()) + X Tgt(rh) (6.4)
rf =X zt: vk (6.5)
k=0

The update functions g, h® will belong to the regularity class of pseudo-Lipschitz functions, which
will also be used to characterize the (weak) convergence of random matrices (of finite width) in the
rest of the paper. This family of functions is commonly used in the AMP literature, see e.g. [37],
and is reminded in Appendix 6.5. Note that, when considering a planted model as in Eq. (6.2)
and the corresponding gradient based dynamics will involve a sequence of functions g’ implicitly
depending on the data matrix X through the observed labels y. Following [70], this additional
dependence can be dealt with by considering an augmented variable [w|w,] and a corresponding
update function involving the gradient step on wq, which is made possible by the validity of the
result for matrix-valued variables of finite width. It can also be dealt with using an orthogonal
decomposition in the direction of w,, see e.g. [110], however we will use the former formulation to
avoid redundant derivations.

6.3.1 Examples of algorithms belonging to the considered family

Stochastic gradient-descent Consider the following stochastic gradient-descent dynamics with
constant step-size y
1

witl = wl — ~ <bXTst O VL(Xw') + VF(wt)> : (6.6)
where s' € R” is a random vector with i.i.d. elements sampled at each time step according to a
Bernoulli distribution with parameter b, and ® is the Hadamard product. Now define the increment
variable v = w! — w!~! such that, for any ¢ € N, w! = Z};:o v with the convention v~! = 0; the
preactivation term r! = Xw! € R"*9, such that the stochastic gradient-descent iteration may be
rewritten

¢
vitl = 4 VF (Z vt> —1XTst o vL(rh) (6.7)
k=0
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which fits the form of Eq. (6.4-6.5) by choosing g'(r!) = —vs' ® VL(r!), h(w!) = —yVF(w?!).
Notice that our characterization requires that the size of the training mini batch is a finite fraction
of the full dataset.

Langevin algorithm The discretized Langevin algorithm amounts to adding independent Gaus-
sian noise to the gradient descent, leading to the following iteration

witl =wl —~ (XTSt © VL(Xw') + VF(Wt)) + V7! (6.9)

where z'! € R¢ has i.i.d. standard normal elements and is independent from all other problem
parameters and z! for all ¢ # t. It is then straightforward to redefine the function hf(w') =
—yVF(wt) + VTz!, which will simply lead to an additive noise with variance T' at each time step
in the Gaussian process u’ of the field v**! in Corollary 2. This modification is also observed when
discretizing the DMFT equations obtained from theoretical physics methods [195].

Polyak momentum Polyak momentum [236] (or heavy-ball method) reads
witl =wl — 4 (XTVE(th) + VF(wt)) +p (wt - Wt_l) (6.10)

with gradient step size o and momentum parameter 5. Using the same intermediate variables
as those introduced for the reformulation of the stochastic gradient-descent iteration Eq.(6.6) into
dynamics of the form of Eq. (6.4-6.5), we obtain

t

vt = —AVF() vl — 4 XTVL(r!) + vt (6.11)
k=0
t
' =XY v (6.12)
k=0

which fits the form of Eq. (6.4-6.5) by choosing g’(r') = —yVL(r!), and
t
h({VF} )= =y VF(Sovh) + oV,

Nesterov accelerated gradient Nesterov accelerated gradient [213] is defined as an iteration of
three sequences parametrized by stepsizes 7,~%, v, ! and initialized with w, z°, taking the form

yt — Wt + Tt(zt o Wt) (6.13)
wil =yt — ! (XTVL(Xy') + VF(y")) (6.14)
2 =gt +pt (v —2') - of (XTVL(Xy') + VF(y")) (6.15)

Defining the variables u‘*? = wit! — w! € R @'t =zt — 2t € RY vl = [uf|i!] € R>2 xt =
[wh|z!] = 35 o vF € R>*2 vt = X 301 vF, we may fit these equations to the form of Eq. (6.4-6.5)
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by defining

ht . RdXQ(t+1) — Rde (616)

t t t t t

K\ k|—T | p(1—1")
v — A% A% 6.17
{ }k:O L;) l 7t ] ‘kgo pt(rt — 1)H ( )

t ¢ k 1 — Tt t k 1 — Tt
+ |—Y'VF Z v ot | —a'VF Z \% ot (6.18)
k=0 k=0

g i R™? — RV (6.19)

' — [—'ytVE <rt [1 ;ftD |—alve (rt [1 ;ﬂ )1 (6.20)

The details of this mapping are given in Appendix 6.7.

6.3.2 Statement of the main theorem

We now state the required assumptions for our main result to hold.

Assumptions
(A1) the dimensions of the problem n,d go to infinity with finite ratio n/d = «;
(A2) the matrix X has iid. N(0,2) elements;

(A3) for any t € N, the functions gt : R"*? — R™¥¢ h? : R4 — R9*9 are pseudo-Lipschitz
continuous of order £ (in their arguments), and may involve random effects (accounted for by
random variables, not considered as arguments) independent of the matrix X, initialization w"
and ground truth w*. If these functions contain said additional random effects, the pseudo-
Lipschitz property is assumed to be verified with high probability as the dimensions go to
infinity;

(A4) the columns of the initalization w’ and planted model w* are drawn from distributions in
R? verifying dimension-free log-Sobolev inequalities and are independent of other random
parameters of the dynamics;

(A5) for any time t € N, for any arguments verifying a dimension-free log-Sobolev inequality, the
inner products of the expectations of the functions g%, g’ and h® h', for any ¢t € N, for any
0 < s < t, converge with high probability to finite constants.

The last condition is a short reformulation of the stability conditions (A5-A7) of [37, 110]. The log-
Sobolev assumption may be replaced with slower decaying distributions (e.g. subGaussian) if more
regular, for instance separable and/or Lipschitz, are used. We keep the log-Sobolev assumption for
simplicity and clarity of presentation in the non-separable case. Our main result is presented in the
following theorem:
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Theorem 9. (High-dimensional dynamics of gradient-based methods) Consider the following dis-
crete time stochastic process

t
1 = g'rt 4 b <{y } )+29’f (t, k) +u’ € RI* (6.21)
¢
= Z VP e R4 (6.22)
n —Zg FYRg(t, k) + w' € R™*4 (6.23)
1L [o6!
m = axq
Ry(t,s) = lim d;E auzl eR (6.24)
BT 1 & -agf t gXxq
Ry(t,s) = dl;rglo y ;E Pt m)| eR (6.25)
1< [dgt
t: : - 7 (ot gxq
I = lim d;E ) (n )1 €R (6.26)
Colt,s) = lim “E {(et)Teﬂ € RI*¢ (6.27)
A d—oo d '
1
Cylt,5) = lim ~E [g*(n") &' ()| € R (6.28)
d—oo d
initialized with 1° = v°, where ut,w! have i.i.d. lines in R which are Gaussian processes with

covariances Cg’t,C’ ) Conszder the iteration Eq. (6./-6.5). Then, under assumptions (Al1)-(A5),
for any t € N, and any pseudo-Lipschitz functions U : R9<4t+) 5 R gnd & : R"*% — R:

T(wl, ..., wh) AL ) [\11(00, ...,Ht)} ; and
n,d— oo (6 29)

B0, .. i) WP @0, ')

n,d— oo

The following corollary gives the high-dimensional dynamics for the SGD iteration described
at Eq.(6.6) with separable functions. Assume that the loss function £ and regularization F are
separable with the respective component-wise scalar functions [, f, and that £ is twice differentiable.
The non-linearities g’, h® are then also separable with component-wise functions g*(rt) = —vstl’(r?)

and hf(w') = —yf'(w'). Since the variables v, n', respectively in R%*? and R™*4,

Corollary 2. Consider the SGD iteration of Eq.(6.6) and assume that the loss function L is twice
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differentiable. Consider the following discrete-time stochastic process
t—1

VT =T — 4 f/(0") + D Ry(t, k)0" + u € R (6.30)
k=0
t
0" => v eR? (6.31)
k=0

t—1
n' = —y Z Ry(t,k)s1'(n*) + w! € RY (6.32)

k=0

a6t

=K RI*4 .
Ry(t, s) l W] € (6.33)
t al, t X
Ry(t,s) = —anE |s o (n")]| € R?*4 (6.34)
I = —ayE [ ()] € R (6.35)
T

Colt,s) = E [95 (#) } € RIX4 (6.36)
Cy(t, 5) = ay?E [s°s' (n*)l (o) T] € R7*¥ (6.37)

initialized with v = v, where u', w' are Gaussian processes in R? with covariances Cy(s,t), Co(s,t).

Then, under assumptions (Al)-(A5), for any t € N, and any pseudo-Lipschitz functions 1 :
RIEHD) 5 R and ¢ : R — R:

d

Y (W) P [0, 6] (6.38)
i=1 ’

% DOt ) S B [6(nf, )] (6.39)
=1 ’

We remind that, to obtain the correlation with a planted vector w* as in problem 6.2, we may
use the same mapping from section 4.1 from [50].

6.4 Proof

In the next two subsections, we provide intuition on our proof method. Subsection 6.4.1 gives
the exact asymptotic characterization of a gradient descent iteration with no regularization and a
sample splitting assumption, where a fresh data matrix is sampled at each time step. This drastically
simplifies the analysis and gives a simple result. We then move to the generic case, proving Theorem
9 using an induction on the variables rf, u’*!. The full induction step for r’ is given in the main
text, while the induction step on u!*!, similar in spirit, is deferred to Appendix 6.6. Notations and
useful lemmas are gathered in Appendix 6.5. We note that gradient-descent with sample-splitting

was recently studied in [58] using Gaussian comparison inequalities.

6.4.1 A first example: gradient descent with sample splitting

Under the sample splitting assumption, the gradient descent iteration reads (for ¢ = 1):

Vie N* witt = wl —A1(AY) TVE(Alw!) (6.40)
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where, for any ¢t € N, At € R™*¢ is a matrix with i.i.d. Gaussian elements and variance 1/d
independent on all other {A’}Z Lt vt € R is a scalar step-size and f is a twice differentiable,
deterministic function with pseudo-Lipschitz gradient Vf : R® — R". We also assume that f is
separable, with an elementwise operation f. The iteration is initialized with w® € R?, a random
vector independent on A with i.i.d. subGaussian elements. Starting at ¢ = 0, we condition equation
(6.40) on (the sigma algebra generated by) w’, Aw?, and obtain, using lemma 2:

~ T
W0 a0wo = W0 =1 (A°Pyo + A%PLo) VE(AW) (6.41)
1 T )
=Wl —atwio (A%W0) VEATW) — o P ATVRA) (6.42)
2

Owing to the sample splitting assumption, the vector Aw? has i.i.d. entries distributed according
to N(0, éHWOHS)' We can then write

1

2
WOl

11
L
alwllzd

(AOWO)T VE(A'w) = (AOWO)T VE(A'wO) (6.43)

The term % (AOWO)T VE(A’wY) is a scalar valued, pseudo-Lipschitz function of A%w?, and the

subgaussian assumption on w" ensures that the quantity éHWOHE converges almost surely to a

finite, deterministic quantity. We can thus use lemma 1, the continuous mapping theorem (in the
form of Slutsky’s lemma), and Stein’s lemma to show that

1

2
WOl

(A%W") " VE(A W) £ aE [(2")] (6.44)

where 20 ~ N (0, p%) and we introduced p° = limg ;o0 é”woﬂg. Turning to the part orthogonal to
w' and using the fact that the projector Pyo is of rank 1, the elements of A have variance é and

HWUH§ is of order d, lemma 21 shows that

1 1 X7 0.0 AONT 0.0\ £
WHPWOA VE(A'W) — (A)TVE(A'w )H2 ~0 (6.45)
where (A?)TVf(A%w?) is a vector with i.i.d elements distributed as N(0, éHVf(AOWO)Hg). Once

again, the function 1||Vf (AOWO)Hg is scalar valued and pseudo-Lipschitz, thus lemma 1 and the
continuous mapping theorem show that, for any pseudo-Lipschitz function ¢ : R — R of order 2,

i ¥((PLATVE(A W) ) LR [0 ()] (6.46)
=1

1

ISHN

where u® ~ N(0, 79) and we have introduced 79 = lim,, 400 éHVf(AOWO)H; = aE [(f'(2°))?]. Using
these results, we may now lift the conditioning and use the definition of pseudo-Lipschitz function
to recover the scalar equation describing the high-dimensional behaviour of w!. A straightforward
induction shows that, for any ¢ € N, the quantity éHthg is almost surely bounded, and the same
conditioning argument can be applied along the sample splitting assumption to reach the following
theorem
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Figure 6.1: Gradient descent with sample splitting where f’(z) = tanh(z) Due to the regularity of
the update function and sample splitting assumption, the concentration is very fast and . almost
perfect matching is obtained between the theoretical and empirical curves with low dimensions
(n=50,d=100) and no averaging.

Theorem 10. (High-dimensional dynamics of gradient descent with sample splitting) Consider the
iteration Eq. (6.40) with its set of assumptions described above. Define the following discrete-time

one-dimensional stochastic process, initialized with a subgaussian random variable w° with variance

PO

Wit = (1 —+'aE [f”(zt)D wh + 4t (6.47)

where pt = E [(w')?], 78 = o [(f'(2"))?]. 2%, u! are independent normal random variables with zero

mean and respective variances pt,tt. Then, for any t € N and any pseudo-Lipschitz function of

order 2 ¢ : R — R , the following holds

d
lim % > wlw)) "LV E [y (6.48)
=1

d—o0

We have obtained a full description of the asymptotic distribution of w! in terms of a scalar
equation. The sample splitting assumption however, is unrealistic. Let us move to the generic case
that corresponds to the usual gradient descent.

6.4.2 The general case

Without the sample splitting assumption, the iterates x* and the design matrix X are correlated
at each time step and thus there is no simple concentration towards a markovian model. We need
to account for the correlation beyond the previous time step, leading to the appearance of memory
kernels. Recall the dynamics (6.4-6.5), where we introduce an additional intermediate variable
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m' = g(r)
t
v+l = hi( Vk}k—o) + X m! (6.49)
m' = g'(r!) (6.50)
t
r'=X) v (6.51)
k=0

The proof is done by induction on ¢.

Initialization At initialization, we have

vl =w’~ P, by definition v® =" (6.52)
1

0 = Xv0 2, n° ~ N(0,Cy(0,0) ®I,) where Cy(0,0) = lim ~E [(VO)TVO} (6.53)
n,d—o0 d—oo d

Where the second line is a direct consequence of the independence of the initialization with the data
matrix and the continuous mapping theorem. Note that

n° = w® ~ N(0,Cy(0,0) ® I,) (6.54)
Let’s do the step for v'.
v =h" (v*) 4+ X m" (6.55)

conditioning on the o—algebra &% = o (vo7 rO) and using Lemma 2, we obtain

vlgo = h°(v?) + (X|go) " m° (6.56)
=h°(*) + (PyoX" + PLHX") m’ (6.57)
—1 ~
= b))+ v (V) V) (vX) g’ (%) + PHX T m” (6.58)
Plk 1 11
P RO 0 (O] L)) + (6.59
n,d— 00 d d
_ 1~ [0g)
P hO(v0) + v0 (C(0,0)) " Cy(0,0)= Y E [ gg (n°)| +u° (6.60)
n,d—o0 d -1 (9771
% h(v%) + vOr° + u’ (6.61)
n,d—00

where Cy(0,0) = limg o0 3E [2°(n°) Tg%(n%)], u® ~ N(0,C4(0,0) @ 1) and we remind I =

0 ~
limgoo 3 S0 E {gffo (770)]. The convergence of the term P5,X"m° to u® comes from lemma

21 while the appearance of I'? is due to Stein’s lemma 17. This concludes the initialization.

Induction Assume that Theorem 9 is verified up to time ¢, i.e. for all iterates up to r'=! vt. We

prove the property for rt, vi+!,
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We shall condition on the o-algebra generated by v°, ..., v, r? ... ,r'~! denoted &'. A short in-
duction and application of the Doob-Dynkin Lemma show that this o-algebra is the same as that

generated by v¥, X Tm°, .., X Tm! ! Xw?, ... Xw!~! where we remind that w® = S _ov0 with
0

w? = v0., We define the matrices
M, 1 =[] |m' | Wy = [w0w! | (6.62)

Starting with r!, we may write

t
rl|er = (X > vk> |t (6.63)
k=0

=11+ X[gev' (6.64)
=r'"' 4 (P, X+ XPw, , — Pm,  XPw, , + Py, XPy, ) V' (6.65)
=ity (PMHXP%Vt_l + XPw, , + Pﬁ/It_IXP%Vt_l) vt (6.66)

(6.67)

where X is a copy of X independent on &°.
At this point, we introduce an assumption guaranteeing the projectors are well-defined, in similar
fashion to [37, 110]. It will be relaxed at the end of the proof, in Appendix 6.6.1.

Non-degeneracy assumption We say that the iteration SGD satisfies the non-degeneracy as-
sumption if :

e almost surely, for all ¢t and all N > ¢, M;_1, W;_1 have full column rank.

o for all t, there exists some constant cpss,cwy > O—independent of n—such that almost
surely, there exists ng (random) such that, for n > ng, omin(Mi—1)/VN = ey > 0 and
Umin(Wt—l)/V N > Cw,t > 0.

Let’s look at each term separately, starting with
-1
XPw, V' =XW, 1 (WL, W, 1) WLV (6.68)
= [r0|r1|...]rt*1} ot (6.69)

where

1 —1
= (vvtT 1WH) W/ v (6.70)
which is a low-dimensional (tg x ¢) pseudo-Lipschitz function of v%,...,vf. Thus, owing to the
induction hypothesis, non-degeneracy assumption and lemma, o’ converges to a determinstic limit
al* € R'%4 representing the coefficients of the projection of the columns of v onto the subspace
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spanned by the columns of W;_1. Using the induction hypothesis and non-degeneracy assumption,

we also have

1 -1
ot = lim <d®f_19t—1) —e/ (Ht_et—l)

n—00 d
P . 1 -1 _
~ lim E l(dejl@t*) g@ll (gt — o 1)]

where we defined the matrix ®;_; = {00|01...\0t_1] We may then write

t—1
t Pl k tx*
XPw, ,vi —— Zn ay,
n,d—o0 =0

where each a}?* € R7%7 and n* € R™"*7 are defined in Theorem 9.

Moving to the next term,

-1
Pu,  XPyy, v =M, 1 (ML M, 1) M/ XPg, v

1 11
=M;_ (dMg——1Mt1> gMZ—AXP%thth

where, using the definition of iteration Eq. (6.4-6.5)

LT Lot L1 o0 T S Lo N
th—1XPWt,1V =7 {V —h°(v")]..[v' —=h ({V }kzo) \%
1 t—1 17
-l {vl OO B V] P, v

and

1 0/.0 ¢ 1 fo T ¢
vl = h°®O)|..[vi —h ({v }k:()) Pw, v =
1 B t—1 77T 1 -7
=~ {vl—ho(vo)\...]vt—ht 1({v’f}k0)] W, (dWLWt_l) awj_lvt

Using the induction hypothesis and pseudo-Lipschitz convergence lemma 1,

LT 4 co/00 et N by
2 [v [ R S| R A
1 t—2 T
- lroeo +ul e Y O R(E— 1L k) +u T Oy
k=0
1 = ! 1 T
== lrﬂaoy...\rt—let—l +5 0" R(t - 1,k)] O+ LB T
k=0

e span(®;_ ;)

and

(6.71)

(6.72)

(6.73)

(6.74)

(6.75)

(6.76)

(6.77)

(6.78)

(6.79)

(6.80)

(6.81)
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where we also have

1
~©/ 10,1 = O4yxtq whop. (6.82)

1 P
*WtTith_l —~ d

d
We thus reach

1 T
y V! = 0w v! — b (w! ]! L
t—2 T
- [F000+u0| IO+ > T O R (- 1,k) + 1] (at—et—l) (6.83)
k=0
Lrt 10700 ¢ il t—1y]" ¢ P
and p [v —h'(w’)|...][vi = h"H(w )} Pw, v/ =~
1 t—2 T
y lroeo +ul| T Y T OF R (- 1,k) + ut_1] (6.84)
k=0
LT Lo (e pi
©r1 (50,01) -0, (6t -0 (6.85)

which, when combined, leads to

%MLXP%VH% ~ :l [ 0. |ut~ 1}T (et - at—l) - 5 [u0|...yut—1rP@t_1 (et - at—l) (6.86)
é gE Hu0|...|ut_1}—r (Ot - Gt_l)} - éIE Huo\...|ut_1}—r @tl} o (6.87)

Now, remembering the equation defining 6° for any 0 < s < ¢, we may use Stein’s lemma 17 to
obtain

1 1 s—1 d ags
Vo< rs<t g(uT)TGS(uO,ul,...,uS_l) L ggCg Z:: [ ]
p s—1
~ » Cy(i,7)Ry(s,1) (6.88)
i=0
Letting C,; be the tq x tq covariance matrix of the lines of [u’]...[u!~!] € R¥*! for any ¢, we can
write
89t
1 ! ]
=[] = C,, (6.89)
o0t
i X E [au}
J
RG(tv 0)
= Cg,t = C!]theyt (690)

Ry(t,t —1)



CHAPTER 6. ASYMPTOTICS OF STOCHASTIC GRADIENT DESCENT 149

R@(t, 0)
where we defined the tg x ¢ matrix Rg; = .
Ry(t,t —1)
Similarly, for any 0 < s <¢
80 1
Rt
1 1T s P d 003
; [0 ju ] 6" = Cyy | ET E {8%11] — C,.Ry (6.91)
0
L 0 -

where the zeroes come from the fact that 6% is not an algebraic function of the u! for [ > s, which
is coherent with the causality from the physics approach, even though the Gaussian process u! is

correlated across all 0 < [ <t — 1. Also, due to the induction hypothesis
1 P
QMLMt_l ~ C,, (6.92)
We then have, using the non-degeneracy assumption

Plk

P, , XPyw, vi —5 (6.93)
n,d—o0
1 -1 .
M, (dM?_lMtl) Cyu (Rog — Ros1 — [Roo[Ro |-/ Roy1] o) (6.94)
Plk *
= Mt (Roy ~Ror1 — [RogRoa|- Ry 1] o) (6.95)

Combining this with the induction hypothesis and lemma 1 and 21 , we may write

t—1
Plk *
rl|g o ey rRa M (Re,t —Rys1 — [Roo/Roa|--|Ros—1] &” ) (6.96)
k=0
-+ XPWt71V
t—2
mZg n)Re(t —1,1) + “+Z<Zg Ry(k,1') + )d,f;*
=0
+ M1 (Roy —Rog1 — [Roo[Roa|[Ros 1] o) + XPy, ,v! (6.97)

where we used lemma 21 to remove the projector Pl%/[F1 in the term PI%,IF 1XP$VF 1vt. Recalling
the definition of m® = g*(r®), the induction hypothesis gives, for any 0 < s < ¢,

s—1
M; 1Ry, n—> Zg DRy (s,1) (6.98)

All memory terms associated to Ry ¢ for s <t — 1 thus simplify in Eq.(6.97), leading to

t—1 t—1
rl|g SN Z g¥ (" Ry (t, k) + Z wra t* + Wt @f (6.99)
n,d—00 =0 =0
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-
where &' ~ N(0,Cy, ® I,), and Cy, = limg_,o0 & (P%Vtilvt) (P%vt,lvt)- We thus recover the
correct memory term. We are left with checking that the Gaussian process term has the right
covariance. Define

t—1
wh =Y Wy + W+ & (6.100)
k=0
Which is indeed a Gaussian random vector (with elements in R?). To check that this is the correct
covariance, we start by noticing that, for any s < ¢ Theorem 9 states that:
1

8(wS)th = 8(wS)TWH + g(WS)TVt (6.101)
Plk Lo o\Tot

Then, using the induction hypothesis and the fact that @! is independent from any w®,Vs < t:

1 sTt_ltil s\T,.s t,x 1 s\ T, t—1
gI[-z,[(w) w}_dg_:ola[(w) w*| af +gE[(w) W' (6.103)
t—1
=" Cy(s,k)ay* + Co(s,t — 1) (6.104)
k=0
1 -1
% W)W (WEWia) WL+ Cols,t— 1) (6.105)
1
=2 (Pw,_,w®) " v+ Cy(s,t — 1) (6.106)
1
PIE L~ (w*) TV + Cy(s,t — 1) (6.107)
n,d—oo d
We then check for s = ¢, noticing that
1 1 T
g(wt)th =3 (wt*1 + vt) (Wtfl + vt) (6.108)
1
—E Gyt~ 1, = 1)+ < (V)T (w4 ) (6.109)
n,d—00 d
1 t\T 1 tilkt t—1 tTtilkt t—1 t
gE[(w) w}:gIE (;w o) +w +w> (Zw ap +w —i—w) (6.110)
=0 k=0
t—1 t—1
= Cy(t—1,t—1)+ () Cok, Ko™ +23 " Co(t — 1, k)ay™ + Coy (6.111)
k,k'=0 k=0
LN }(w’tfl)thf1 + E (Pw vt)—r (PW Vt) + = (Pl Vt)T (Pl Vt) (6.112)
nd—oo d d t=1 t—1 d Wi Wi
1
+ 2gw2—_1vt (6.113)
Pk Lo o\ (el
md(w +v) (W) (6.114)

We thus recover the correct covariance and the statement is proven for r!. The rest of the proof
consists in completing the induction on u'*!, in similar fashion to what has been presented for r,
and relaxing the non-degeneracy assumption using an existing argument from [37, ]. The detail
is given in appendix 6.6.



CHAPTER 6. ASYMPTOTICS OF STOCHASTIC GRADIENT DESCENT 151

6.5 Useful definitions and probability results

Here we reproduce some definitions and useful intermediate lemmas from [28, | without proof.

Notations We adopt the same notations as in [110]. We introduce the folowing notion of conver-
gence to lighten notations.

Definition 12 (pseudo-Lipschitz convergence). We say that the sequence of random matrices X,, €

R¥X4 converges in the pseudo-Lipschitz sense of order k to Z € R4 and denote X, % Z if,
n,a—r o0

for any sequence of uniformly pseudo-Lipschitz functions ¢, : R¥9 — R of order k, the following

holds .
dim [6,(Xn) = ¢a(Z)] "= 0 (6.115)

where both n,d — oo with fixed ratio o, and q remains finite.

Definition 1 shows that, if for all k (HX””F>k (HZHI )k are bounded and the following holds
’ \/& ’ \/E g
w.h.p.

—Z||g — 0, we have pseudo-Lipschitz convergence of order k of X,, towards Z. It
n,d

)

751X
is also straightforward to show that pseudo-Lipschitz convergence is stable under addition and
multiplication by deterministic matrices. Note that, when separable test functions ¢, are used,
pseudo-Lipschitz convergence is equivalent to convergence in the Wasserstein space of order k [289].
We now state the necessary assumptions for our main result to hold.

6.6 Proof of Theorem 9

This appendix provides the details for the second part of the induction proving Theorem 9, the first
part of which we presented in section 6.4.2. At this point we completed the induction step for the
variable r*. Moving to vi*!, we now need to condition on &! but also on r! for which we just proved
the statement, which amounts to conditioning on the values of v¥, X m?, ..., X Tm?!

Xw?, ..., Wt We will then perform orthogonal decomposition on the subspaces spanned by the
matrices

M, 1 = [’ [ |m' ] Wy = [wOw!]. W' W] (6.116)
where M;_; € R"*% and W, € R** We obtain

Vi gt = ht({vk}zzo) + Xt e’ (6.117)
= ht({vk}zzo) + (XTPu, , + Pw, X'~ Pw X Py, , + PHX Py, ) m’ (6.118)
= ht({vk}zzo) +X Py, m' +Pw, X Py, m'+ P, X Py, m' (6.119)

As before, we treat each term separately, starting with
X Py, m! =X"M,_; (MtT_lMt,l)_l M, m’ (6.120)
_ [vl — RO(wO).. v — ht_l({vk}::lo))} gt (6.121)

= Z( 1 —ni({v }fo))> i (6.122)
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where
t T -1 T t
g = (Mt_lMt—1> M;_;m (6.123)
LogT oy
= EMt—lMt_l ﬁMt_lm (6124)
2 g ¢ gl (6125)

with deterministic 8%*, where we used the non-degeneracy assumption and the induction hypothesis,
in similar fashion to the claim for a**. And

Pw, X Pyj,_ m' =W, (W/ Wt)_ W/ X Py, m' (6.126)
— W, (WIWty [rol...\r} Py, m' (6.127)

Using a similar argument as in the proof for r!, we may use the induction hypothesis and non-
degeneracy assumption to write the limiting behaviour of the projectors to obtain

1 0. |et 7t PM mt 2 2 WO |w! TPI%& . m' (6.128)
n t—1 d t

= % [w0|...\wt}—r m'’ — é [w0|...\wt}TPMt_lmt (6.129)
~ %E Hwo\...wr mt} - %E Hw%..]wtth_l] Bl (6.130)

where, for any 0 < s < ¢, Stein’s lemma gives

B[] = Le 78 (1 ()] = LG 8 [0 )] waan
1=0 7j=1

From the definition of i in Theorem 9, the dependence on w?! in 1! is the identity. We may then
write

zn: E ldn{(nt)] =1 (6.132)

We now define Cg; the (t+1)gx (t+1)q covariance matrix of the lines of [w]...|w!™!w?] € R™*(+1)a)
and

LB | )]

R, = € Rt+Naxq (6.133)

o]

1B [ )

and write

1 T
EE Hw0|...|wt_1] mt} =Cy:Ry (6.134)
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and, for any 0 < s <t

a ?zlE[

1<

’ 1 n
m j=1E{

dg;

0
(%J].

g3
j=1E {aws_]l(ﬁs)
J

dgs
dn;

(ns)}

: (ns)]

|

= CG,th,s

153

(6.135)

0

L 0 -

where the zeroes come from the fact that n° is not an algebraic function of the w! for I > s which
is, again, coherent with notions of causality. We thus reach the following equality

1 T 1 T
“E Hwoy..\wt} mt] ) Hwolmlwt} MH} Bl (6.136)
n n
= Cys Ry — [Ryo[Ry]-[Ry 1] B) (6.137)
Also, due to the induction hypothesis
1
~WIW, ~ Cy (6.138)
which leads to
Pw,X Py,  m' m Wi (R, — [Ryo[Ry1|-[ Ry 1] 8) (6.139)
Combining these results leads to
Vo ___>ht +Z VR { z}’f )) gt (6.140)
Gtr =0 k :
+ Wi (Rys — [Rgo[Rga|-[Rgy 1] B7) + X PRy, om'  (6.141)

where we used Lemma 21 to remove the projector P%Vt in the term PW 1XTPMt 1mt. We now

use the induction hypothesis to write

i—1 t—1 k—1

k+1 ki k wt  Plk kk l k *,t
> (v - ni(wh)) By mZ(GF —i—ZQR(k,Z)—i—u)ﬁk (6.142)
k=0 k=0 1=0

and to write
W - kk = IR y
¢ R0/ Ry.1 |- [Ry-1] B —2 Z OFTF + > 0'Ry(k,1) | B; (6.143)
1=0

where we remind that, for any s < ¢, the elements of the last g x ¢ block of Ry s are all zeroes, and
thus w! does not appear in this sum. We reach

t—1
VIt et —2 s (W) + 0T + Z 0" R
7 n,d—oo

(1, k) +Zuk5 +X Py, m' (6.144)
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Owing to lemma 21

X TPy, m' %, gt (6.145)
n,d—o00

where @t € R has i.i.d. Gaussian lines with covariance

1
lim —

m,t n,d—oo N

.
(Pir,_,m') Pgy,_,m’ (6.146)

and is independent from all other random parameters of the problem. We recover a additive
Gaussian process term

t—1
u' = uFpt + i (6.147)
k=0

To check it has the correct covariance profile, we evaluate, for any s < ¢

éﬂz () Tu] = ,th () Tut] (6.148)
= c_giﬂ*vt (6.149)
~ é(ms)TMtfl (MtT—lMt—l)_l M/_;m’ (6.150)
_ é(mS)Tmt (6.151)
L e[ () g () (6.152)
and for s = ¢
Le [w)Tw] = 3 3 (057 2 [fm) T 83 + L [(a) & (6.153)
d k=0k'=0 d d
e é(mt)TMt,l (Mj_lMt,l)_lletT_lmt + éthﬁHmt (6.154)
_ %(mt)Tmt (6.155)
£k [ )T )] (6.156)

which concludes the induction.

6.6.1 Relaxing the non-degeneracy assumption

The non-degeneracy assumption is relaxed using the same method as in [37, ]. We can define
an auxiliary, randomly perturbed iteration with

N t
Vit =n! ({vk}k()) + X Tgl(#h) (6.157)

t
P =X> ¥ (6.158)
k=0
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initialized with the same vq as the original dynamics Eq.(6.4)-(6.5), and where the update functions

are defined as
ft ok ot [ fak)t ¢
h ({v }k:()) —h ({v }k:()) +eYh (6.159)

g'() = g/ (i) + eY! (6.160)

where, at each time step, Y§ € R¥? and Y% € R™ 9 have i.i.d. standard normal elements and
are independent from one another and from all other parameters from the problems. Since n,d
are much larger than tq by assumption, standard results on Gaussian matrices [23%] show that the
Gram matrices being inverted in the projectors are almost surely full rank with smallest eigenvalue
bounded away from 0 when n,d go to infinity. We thus have the rigorous system of equations for
the perturbed iteration. Using inductions, one can then show that the iterates of the perturbed
iterations uniformly converge to the original ones when taking € to zero. Similarly, uniform conver-
gence of the asymptotic Gaussian model of the perturbed iteration towards the one of the original
iteration can be shown. Taking the limits on both sides concludes the proof. Since the procedure
and technical steps are almost identical to those presented in [37, |, we do not reproduce them
here.

6.7 Detailed mapping for Nesterov acceleration

Recall the equations for Nesterov accelerated gradient

vt = wt +rt(z! — wh) (6.161)
Wil =yt _ ot (XTVC(th) + VF(yt)) (6.162)
2 =gt ot (yt _ zt) _ ot (XTVE(th) + VF(yt)> (6.163)

Replacing y* using its definition leads to
witl = wl 4+ 7l(z! — wt) -~ (XTVL(X (Wt + (2" — wt))) + VF(w' 4 7! (2" — wt)))
Ztl = gt 4 Mt (Wt + Tt(zt _ wt) _ Zt)
—a (XTVE (X (wt + (2" — wt))) + VF (wt + 72" - wt)))

Define the variables ut! = wit! — wt € R? @'l = z!*! — 7! € R vl = [u!]d!] € R>*2 x! =
[wt|z!] = 3i_, v € R?¥*2. Using these variables, we may write

t t]
trot oty E|—T
T(z" — W) Zv [Tt

k=0

¢ 1 ]
X (wt + (2" — wt)> = (X ka> l ;tT
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Defining r! = X 31 _, v¥, we obtain

o[ ] g ]

—A'VF (I;)v [ D | — a'VF (; vF ll Tft] )] (6.165)

+le e ([ ] atve ( ll ;fm (6.166)

=Xk (6.167)

~+

which fits the form of Eq. (6.4-6.5) by defining

Bt - REX2(t+1) _, pdx2 (6.168)

{Vk}zzo - Lz_%"k [_jl PG Kl - Tt)H (6.169)
—'VF (zt: VP ll ;TtD | —a'VF <zt: v [1 ;Tt] )] (6.170)

k=0
g i R™? - RV (6.171)

)] e




Part 11

Exact asymptotics for convex models :
feature maps, ensembling
and multiclass problems
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Chapter 7

Learning curves of generic features
maps for realistic datasets with a
Gaussian covariate model

The results in this chapter are based on the paper [170].

Teacher-student models provide a framework in which the typical-case performance of high-
dimensional supervised learning can be described in closed form. The assumptions of Gaussian
i.i.d. input data underlying the canonical teacher-student model may, however, be perceived as too
restrictive to capture the behaviour of realistic data sets. In this paper, we introduce a Gaussian
covariate generalisation of the model where the teacher and student can act on different spaces,
generated with fixed, but generic feature maps. While still solvable in a closed form, this general-
ization is able to capture the learning curves for a broad range of realistic data sets, thus redeeming
the potential of the teacher-student framework. Our contribution is then two-fold: First, we prove
a rigorous formula for the asymptotic training loss and generalisation error. Second, we present
a number of situations where the learning curve of the model captures the one of a realistic data
set learned with kernel regression and classification, with out-of-the-box feature maps such as ran-
dom projections or scattering transforms, or with pre-learned ones - such as the features learned
by training multi-layer neural networks. We discuss both the power and the limitations of the
framework.

7.1 Introduction

Teacher-student models are a popular framework to study the high-dimensional asymptotic perfor-
mance of learning problems with synthetic data, and have been the subject of intense investigations

spanning three decades [203, , 94, 83, 90, , 32]. In the wake of understanding the limitations
of classical statistical learning approaches [301, 30, 33], this direction is witnessing a renewal of
interest [190, , 33, 53, 12, |. However, this framework is often assuming the input data to be

Gaussian i.i.d., which is arguably too simplistic to be able to capture properties of realistic data. In
this paper, we redeem this line of work by defining a Gaussian covariate model where the teacher
and student act on different Gaussian correlated spaces with arbitrary covariance. We derive a
rigorous asymptotic solution of this model generalizing the formulas found in the above mentioned
classical works.

158
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We then put forward a theory, supported by universality arguments and numerical experiments,
that this model captures learning curves, i.e. the dependence of the training and test errors on the
number of samples, for a generic class of feature maps applied to realistic datasets. These maps can
be deterministic, random, or even learnt from the data. This analysis thus gives a unified framework
to describe the learning curves of, for example, kernel regression and classification, the analysis of

feature maps — random projections [239], neural tangent kernels [130], scattering transforms [9] —
as well as the analysis of transfer learning performance on data generated by generative adversarial
networks [120]. We also discuss limits of applicability of our results, by showing concrete situations

where the learning curves of the Gaussian covariate model differ from the actual ones.

Model definition — The Gaussian covariate teacher-student model is defined via two vectors
u € RP and v € R%, with correlation matrices ¥ € RP*P Q) € R¥*? and ® € RP*?, from which we
draw n independent samples:

n
[’;"M] € RPH i;d./v<o, l;’T ;};D p=1,m. (7.1)

The labels y* are generated by a teacher function that is only using the vectors u*:

LT
(Vﬁ ’

where fo : R — R is a function that may include randomness such as, for instance, an additive

Gaussian noise, and 6y € R? is a vector of teacher-weights with finite norm which can be either

random or deterministic. Learning is performed by the student with weights w via empirical risk

minimization that has access only to the features v*:

& w ' v* )
W = arg min g S +r(w) | (7.3)
weR? “;1 ( \/g

where r and g are proper, convex, lower-semicontinuous functions of w € R? (e.g. g can be a logistic
or a square loss and r a £, (p=1,2) regularization). The key quantities we want to compute in this
model are the averaged training and generalisation errors for the estimator w,

= wT,v,u ~ | 7 U—nreww ’u’—nrewo()
) et A2 o

where g is the loss function in eq. (7.3), f is a prediction function (e.g. f = sign for a classification
task), § is a performance measure (e.g. §(9,y) = (§ — y)? for regression or §(7,y) = P(j # y) for
classification) and (Upew, Unew) is & fresh sample from the joint distribution of u and v.

Our two main technical contributions are:

S|

Etrain. (w) =

(C1) In Theorems 11 & 12, we give a rigorous closed-form characterisation of the properties of
the estimator w for the Gaussian covariate model (7.1), and the corresponding training and gen-
eralisation errors in the high-dimensional limit. We prove our result using Gaussian comparison
inequalities [121];

(C2) We show how the same expression can be obtained using the replica method from statistical
physics [196]. This is of additional interest given the wide range of applications of the replica
approach in machine learning and computer science [195]. In particular, this allows to put on a
rigorous basis many results previously derived with the replica method.
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Figure 7.1: Left: Given a data set {*}}}_, teacher u = ¢,(z) and student maps v = ¢,(x), we
assume [u, v] to be jointly Gaussian random variables and apply the results of the Gaussian covariate
model (7.1). Right: Illustration on real data, here ridge regression on even vs odd MNIST digits,
with regularisation A=1072. Full line is theory, points are simulations. We show the performance
with no feature map (blue), random feature map with o = erf & Gaussian projection (orange), the
scattering transform with parameters J = 3,L = 8 [J] (green), and of the limiting kernel of the
random map [296] (red). The covariance 2 is empirically estimated from the full data set, while
the other quantities appearing in the Theorem 11 are expressed directly as a function of the labels,
see Section 7.2.4. Simulations are averaged over 10 independent runs.

Towards realistic data — In the second part of our paper, we argue that the above Gaussian
covariate model (7.1) is generic enough to capture the learning behaviour of a broad range of realistic
data. Let {m“}zzl denote a data set with n independent samples on X C RP. Based on this input,
the features u, v are given by (potentially) elaborated transformations of , i.e.

u=p(x)cR” and v=¢p,(x)cR? (7.5)

for given centred feature maps ¢, : X — R? and ¢, : X — R?, see Fig. 7.1. Uncentered features
can be taken into account by shifting the covariances, but we focus on the centred case to lighten
notation.

The Gaussian covariate model (7.1) is exact in the case where x are Gaussian variables and
the feature maps (¢, ¢,) preserve the Gaussianity, for example linear features. In particular, this
is the case for uw = v = ¢, which is the widely-studied vanilla teacher-student model [103]. The
interest of the model (7.1) is that it also captures a range of cases in which the feature maps ¢,
and ¢, are deterministic, or even learnt from the data. The covariance matrices ¥, ®, and 2 then
represent different aspects of the data-generative process and learning model. The student (7.3)
then corresponds to the last layer of the learning model. These observation can be distilled into the
following conjecture:

Conjecture 1. (Gaussian equivalent model) For a wide class of data distributions {*}}}_;, and
features maps u = ¢, (x),v = ¢ (x), the generalisation and training errors of estimator (7.3) are
asymptotically captured by the equivalent Gaussian model (7.1), where [u, v] are jointly Gaussian
variables, and thus by the closed-form expressions of Theorem 11.

The second part of our main contributions are:
(C3) In Sec. 7.2.3 we show that the theoretical predictions from (C1) captures the learning curves in
non-trivial cases, e.g. when input data are generated using a trained generative adversarial network,
while extracting both the feature maps from a neural network trained on real data.
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(C4) In Sec. 7.2.4, we show empirically that for ridge regression the asymptotic formula of Theo-
rem 11 can be applied directly to real data sets, even though the Gaussian hypothesis is not satisfied.
This universality-like property is a consequence of Theorem 13 and is illustrated in Fig. 7.1 (right)
where the real learning curve of several features maps learning the odd-versus-even digit task on
MNIST is compared to the theoretical prediction.

Related work — Rigorous results for teacher-student models: The Gaussian covariate model
(7.1) contains the vanilla teacher-student model as a special case where one takes u and v identical,
with unique covariance matrix €2. This special case has been extensively studied in the statistical
physics community using the heuristic replica method [103, , , , 91]. Many recent rigorous
results for such models can be rederived as a special case of our formula, e.g. refs. [190, , )

, 53, , , 12, , 57]. Numerous of these results are based on the same proof technique as
we employed here: the Gordon’s Gaussian min-max inequalities [121, , ]. The asymptotic
analysis of kernel ridge regression [15], of margin-based classification [129] also follow from our
theorem. Other examples include models of the double descent phenomenon [205]. Closer to our
work is the recent work of [76] on the random feature model. For ridge regression, there are also
precise predictions thanks to random matrix theory [75, , , , , 21, |. A related set
of results was obtained in [105] for orthogonal random matrix models. The main technical novelty
of our proof is the handling of a generic loss and regularisation, not only ridge, representing convex
empirical risk minimization, for both classification and regression, with the generic correlation
structure of the model (7.1).

Gaussian equivalence: A similar Gaussian conjecture has been discussed in a series of recent
works, and some authors proved partial results in this direction [125, 190, 208, 106, , 116, 76, 128|.
Ref. [116] analyses a special case of the Gaussian model (corresponding to ¢, = id here), and proves
a Gaussian equivalence theorem (GET) for feature maps ¢, given by single-layer neural networks
with fixed weights. They also show that for Gaussian data  ~ N(0,1p), feature maps of the form
v = o(Wex) (with some technical restriction on the weights) led to the jointly-Gaussian property
for the two scalars (v - w,u - 0g) for almost any vector w. However, their stringent assumptions on
random teacher weights limited the scope of applications to unrealistic label models. A related line
of work discussed similar universality through the lens of random matrix theory [92, , . In
particular, Seddik et al. [261] showed that, in our notations, vectors [u, v] obtained from Gaussian
inputs & ~ N(0,Ip) with Lipschitz feature maps satisfy a concentration property. In this case,
again, one can expect the two scalars (v - w,u - 0g) to be jointly Gaussian with high-probability
on w. Remarkably, in the case of random feature maps, [125] could go beyond this central-limit-
like behavior and established the universality of the Gaussian covariate model (7.1) for the actual
learned weights w.

7.2 Main technical result

Our main technical result is a closed-form expression for the asymptotic training and generalisation
errors (7.4) of the Gaussian covariate model introduced above. We start by presenting our result
in the most relevant setting for the applications of interest in Section 11.3, which is the case of
the /5 regularization. Next, we briefly present our result in larger generality, which includes non-
asymptotic results for non-separable losses and regularizations.

We start by defining key quantities that we will use to characterize the estimator w. Let
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0= STdiag(wi)S be the spectral decomposition of €. Let:

_LoTwe, er 6=

p - d 0 0 ? - \/ﬁ

and define the joint empirical density fig between (w;, 6;):

zd: S(w —w;)o(0 — 6;). (7.7)

Q.M—‘

Note that ® "y is the projection of the teacher weights on the student space, and therefore 6 is the
rotated projection on the basis of the student covariance, rescaled by the teacher variance. Together
with the student eigenvalues w;, these are relevant statistics of the model, encoded here in the joint
distribution fi4.

Assumptions — Consider the high-dimensional limit in which the number of samples n and the
dimensions p, d go to infinity with fixed ratios:

azg, and fyzg. (7.8)
Assume that the covariance matrices W, §2 are positive-definite and that the Schur complement of the
block covariance in equation (7.1) is positive semi-definite. Additionally, the spectral distributions
of the matrices ®, ¥ and () converge to distributions such that the limiting joint distribution p is
well-defined, and their maximum singular values are bounded with high probability as n,p,d — oco.
Finally, regularity assumptions are made on the loss and regularization functions mainly to ensure
feasibility of the minimization problem. We assume that the cost function F + g is coercive, i.e.
lim||w||2_>+oo(F+g)('w) = 400 and that the following scaling condition holds : for alln,d € N, z € R"
and any constant ¢ > 0, there exist a finite, positive constant C, such that, for any standard normal
random vectors h € R? and g € R™:

1 1
zlly < ev/n = sg;z )Hw||2 < Cy/n, gE [F(h)] < 400, EE [9(g)] < 400 (7.9)
xedg(z

The relevance of these assumptions in a supervised machine learning context is discussed in Ap-
pendix 8.1. We are now in a position to state our result.

Theorem 11. (Closed-form asymptotics for {y reqularization) In the asymptotic limit defined above,
the training and generalisation errors (7.4) of the estimator @ € RY solving the empirical risk
minimisation problem in eq. (7.3) with la regularization r(w) = 3||wl|3 verify:

R P m* . m*2
Etrain. (W) = Es hn0,1) [g (PTOJUV*g(.,fO(\/,Bs)) (ﬁs /- p h) »fo(\fps))]

Egen. (W) —— Eq ) [ (FOV), fo(v)) ] (7.10)

where prox stands for the proximal operator defined as

1

57~ 2)%} (7.11)

provy g4 (@) = arg min{g(z,y) +
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and where (v, \) are jointly Gaussian scalar variables:

(W, \) ~ N (0, [ﬂf* m:D , (7.12)

q

and the overlap parameters (V*,q*, m*) are prescribed by the unique fized point of the following set
of self-consistent equations:

V = Eg iy |57 — 801~ Eq oo L (Vsm, @)
m 02 « m
m = TE o 5y T PEshen0,1) [ng(V m, q) =25 fo(V.m, q) (7.13)
2202, 1 5,2 . o -
1=E(,g)~p {W} i = %Eq ponon) [( Ls+y/a— "2 h—fy(V,m,q))

where we defined the scalar random functions fq(V,m,q) = proxvg(.7f0(\/ﬁs))(,0_1/2m8+\/q — p~tm?2h)
and fo(V,m,h) = prozjvg(_ fo(\/ﬁs))(pflﬂms + v q— p~tm?2h) as the first derivative of the proximal

operator.

3> <

Proof: This result is a consequence of Theorem 12, whose proof can be found in the chapter 8.

The parameters of the model (8¢, 2, ®, ¥) only appear trough p, eq. (7.6), and the asymptotic
limit u of the joint distribution eq. (7.7) and ( fo, f.q, A). One can easily iterate the above equations
to find their fixed point, and extract (¢*, m*) which appear in the expressions for the training and
generalisation errors (Efain, Egen)s see eq. (7.4). Note that (¢*, m*) have an intuitive interpretation
in terms of the estimator w € R%:

*

q

SH N

ATy A m* = ~
w ' Q, \ﬁ o P (7.14)
Or in words: m* is the correlation between the estimator projected in the teacher space, while
q* is the reweighted norm of the estimator by the covariance ). The parameter V* also has a
concrete interpretation : it parametrizes the deformation that must be applied to a Gaussian field
specified by the solution of the fixed point equations to obtain the asymptotic behaviour of z. It
prescribes the degree of non-linearity given to the linear output by the chosen loss function. This
is coherent with the robust regression viewpoint, where one introduces non-square losses to deal
with the potential non-linearity of the generative model. v plays a similar role for the estimator
w through the proximal operator of the regularisation, see Theorem 14 and 15 in the Appendix.
Two cases are of particular relevance for the experiments that follow. The first is the case of ridge
regression, in which fy(x) = f () and both the loss g and the performance measure § are taken to
be the mean-squared error mse(y, ) = %(y —9)2, and the asymptotic errors are given by the simple
closed-form expression:

g*
Egen = P+ ¢ —2m*, * = ﬁ , (7.15)
The second case of interest is the one of a binary classification task, for which fy(z) = f(x) = sign(z),

and we choose the performance measure to be the classification error §(y,3) = Py # gj) In the
same notation as before, the asymptotic generalisation error in this case reads:

1 i/ m"
Eqen = — cos (\/W) , (7.16)
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while the training error £f,;, depends on the choice of g - which we will take to be the logistic loss

9(y,z) =log (1 + e *¥) in all of the binary classification experiments.

As mentioned above, this paper includes stronger technical results including finite size corrections
and precise characterization of the distribution of the estimator w, for generic, non-separable loss
and regularization ¢ and r. This type of distributional statement is encountered for special cases of
the model in related works such as [204, 57, 208]. Define V € R™ ¢ as the matrix of concatenated
samples used by the student. Informally, in high-dimension, the estimator @ and 2z = idVﬁJ
roughly behave as non-linear transforms of Gaussian random variables centered around the teacher
vector @ (or its projection on the covariance spaces) as follows:

. B prox 1, ., _ . rox [ m* . m*)2
U72910$Hnwﬂ<vjmt+v¢myz =£%@ A q_<p)h

VP

where s,h ~ N(0,1,) and g ~ N(0,1;) are random vectors independent of the other quantities,
t=0"12070y, y = f, (\/ps), and (V*, V*, ¢*, ¢*, m*,m*) is the unique solution to the fixed point
equations presented in Lemma 36 of Chapter 8. Those fixed point equations are the generalization
of (7.13) to generic, non-separable loss function and regularization. The formal concentration of
measure result can then be stated in the following way:

Theorem 12. (Non-asymptotic version, generic loss and regularization) Under Assumption (8.1),
consider any optimal solution W to 7.3. Then, there exist constants C,c,c > 0 such that, for any
Lipschitz function ¢1 : R4 — R, and separable, pseudo-Lipschitz function ¢o : R — R and any

0<e<d:
) R e (N RN CH) O RE

Note that in this form, the dimensions n,p, d still appear explicitly, as we are characterizing
the convergence of the estimator’s distribution for large but finite dimension. The clearer, one-
dimensional statements are recovered by taking the n,p,d — oo limit with separable functions and
an {9 regularization. Other simplified formulas can also be obtained from our general result in the
case of an /1 penalty, but since this breaks rotational invariance, they do look more involved than the
fy case. From Theorem 12, one can deduce the expressions of a number of observables, represented
by the test functions ¢1, ¢2, characterizing the performance of w, for instance the training and
generalization error. A more detailed statement, along with the proof, is given in Chapter 8.

We now discuss how the theorems above are applied to characterise the learning curves for
a range of concrete cases. We present a number of cases — some rather surprising — for which
Conjecture 1 seems valid, and point out some where it is not. An out-of-the-box iterator for all
the cases studied hereafter is provided in the GitHub repository for this manuscript at https:
//github.com/IdePHICS/GCMProject.

7.2.1 Random kitchen sink with Gaussian data

If we choose random feature maps ¢ (x) = o (Fx) for a random matrix F and a chosen scalar
function o acting component-wise, we obtain the random kitchen sink model [239]. This model has
seen a surge of interest recently, and a sharp asymptotic analysis was provided in the particular
case of uncorrelated Gaussian data © ~ N(0,Ip) and ¢, () = @ in [190, 125] for ridge regression
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and generalised by [100, | for generic convex losses. Both results can be framed as a Gaussian
covariate model with:

T

FF
U =1, d=rFT, §2::ﬂ31d1§-¥h%4:i*4—Hsz (7.17)

where 1; € R? is the all-one vector and the constants (kq, k1, kx) are related to the non-linearity o:

ko= E.onvon [0(2)],  wi=E. v [20(2)], k= \/EZNN(o,n [0(2)%] =K —rKT. (7.18)

In this case, the averages over p in eq. (7.13) can be directly expressed in terms of the Stieltjes
transform associated with the spectral density of FF . Note, however, that our present framework
can accommodate more involved random sinks models, such as when the teacher features are also
a random feature model or multi-layer random architectures.

7.2.2 Kernel methods with Gaussian data

Another direct application of our formalism is to kernel methods. Kernel methods admit a dual
representation in terms of optimization over feature space [257]. The connection is given by Mercer’s
theorem, which provides an eigen-decomposition of the kernel and of the target function in the
feature basis, effectively mapping kernel regression to a teacher-student problem on feature space.
The classical way of studying the performance of kernel methods [272, 55] is then to directly analyse
the performance of convex learning in this space. In our notation, the teacher and student feature
maps are equal, and we thus set p = d, ¥ = & = Q = diag(w;) where w; are the eigenvalues of the
kernel and we take the teacher weights @y to be the decomposition of the target function in the
kernel feature basis.

There are many results in classical learning theory on this problem for the case of ridge regression
(where the teacher is usually called ”the source” and the eigenvalues of the kernel matrix the
"capacity”, see e.g. [272, ]). However, these are worst case approaches, where no assumption
is made on the true distribution of the data. In contrast, here we follow a typical case analysis,
assuming Gaussianity in feature space. Through Theorem 11, this allows us to go beyond the
restriction of the ridge loss. An example for logistic loss is in Fig. 7.2.

For the particular case of kernel ridge regression, Th. 11 provides a rigorous proof of the formula
conjectured in [15]. Hard-margin Support Vector Machines (SVMs) have also been studied using
the heuristic replica method from statistical physics in [77, |. In our framework, this corresponds
to the hinge loss g(x,y) = max(0,1 — yz) when A — 07. Our theorem thus puts also these works
on rigorous grounds, and extends them to more general losses and regularization.

7.2.3 GAN-generated data and learned teachers

To approach more realistic data sets, we now consider the case in which the input data x € X is
given by a generative neural network @ = G(z), where z is a Gaussian i.i.d. latent vector. Therefore,
the covariates [u, v] are the result of the following Markov chain:

zx € X ucRP, zoxeX—»veRh (7.19)
g Pt g Ps

With a model for the covariates, the missing ingredient is the teacher weights 8y € RP, which
determine the label assignment: y = fo(u'6g). In the experiments that follow, we fit the teacher
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weights from the original data set in which the generative model G was trained. Different choices for
the fitting yield different teacher weights, and the quality of label assignment can be accessed by the
performance of the fit on the test set. The set (v, @,, G, 00) defines the data generative process.
For predicting the learning curves from the iterative eqs. (7.13) we need to sample from the spectral
measure 4, which amounts to estimating the population covariances (¥, ®, ). This is done from the
generative process in eq. (7.19) with a Monte Carlo sampling algorithm. This pipeline is explained
in detail in Appendix of the original paper. An open source implementation of the algorithms used
in the experiments is available online at https://github.com/IdePHICS/GCMProject.

—

§ —— Epoch=0 —— Epoch =50 g & 0.31
@ 041 Epoch=5 —— Epoch = 200 0.4
c < ¥ i
S S Ve, JT. 7 02
E 4‘_6 02 o ° . ° ° °
90.2 Py
= uL:-) —— Real data 0.14
g 0 —— GAN
S ©

o9 ©00 %0770 0 1o

0.6

("]

A 3 0.31
©0.41 a
2 £ 0.2
C
go2 © 0.1
+ s}

0.0 . . . . . . 0.0 T " 0+ . '

0.00 025 0.50 0.75 1.00 1.25 1.50 1.75 2.00 0 1000 2000 -10 0 10
sample complexity = n/d samples samples

Figure 7.3: Left: generalisation classification error (top) and (unregularised) training loss (bottom)
vs the sample complexity o« = n/d for logistic regression on a learned feature map trained on
dcGAN-generated CIFAR10-like images labelled by a teacher fully-connected neural network (see
Appendix of the original paper), with vanishing ¢, regularisation. The different curves compare
featured maps at different epochs of training. The theoretical predictions based on the Gaussian
covariate model (full lines) are in very good agreement with the actual performance (points). Right:
Test classification error (top) and (unregularised) training loss, (bottom) for logistic regression
as a function of the number of samples n for an animal vs not-animal binary classification task
with £5 regularization A = 1072, comparing real CIFAR10 grey-scale images (blue) with dcGAN-
generated CIFAR10-like gray-scale images (red). The real-data learning curve was estimated, just
as in Figs. 7.4 from the population covariances on the full data set, and it is not in agreement with
the theory in this case. On the very right we depict the histograms of the variable %UT@ for
a fixed number of samples n = 2d = 2048 and the respective theoretical predictions (solid line).
Simulations are averaged over 10 independent runs.

Fig. 7.3 shows an example of the learning curves resulting from the pipeline discussed above in a
logistic regression task on data generated by a GAN trained on CIFAR10 images. More concretely,
we used a pre-trained five-layer deep convolutional GAN (dcGAN) from [237], which maps 100
dimensional i.i.d. Gaussian noise into k& = 32 x 32 x 3 realistic looking CIFARI10-like images:
G:z e R 5 g ¢ R32X32X3 To generate labels, we trained a simple fully-connected four-layer
neural network on the real CIFAR10 data set, on a odd (y = +1) vs. even (y = —1) task, achieving
~ T75% classification accuracy on the test set. The teacher weights 8y € RP were taken from the
last layer of the network, and the teacher feature map ¢, from the three previous layers. For the
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student model, we trained a completely independent fully connected 3-layer neural network on the
dcGAN-generated CIFAR10-like images and took snapshots of the feature maps ¢’ induced by the
2-first layers during the first i € {0, 5, 50,200} epochs of training. Finally, once (G, ¢y, %, 6p) have
been fixed, we estimated the covariances (¥, ®,2) with a Monte Carlo algorithm. Details of the
architectures used and of the training procedure can be found in the Appendix of the original paper.

Logistic regression

S
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Figure 7.2: Learning in kernel space: Teacher and
student live in the same (Hilbert) feature space
v =u € R? with d > n, and the performance only
depends on the relative decay between the student
spectrum w; = d i~2 (the capacity) and the teacher
weights in feature space 62,w; = d i~ (the source).
Top: a task with sign teacher (in kernel space), fit-
ted with a max-margin support vector machine (lo-
gistic regression with vanishing regularisation [2410]).
Bottom: a task with linear teacher (in kernel space)
fitted via kernel ridge regression with vanishing reg-
ularisation. Points are simulation that matches the
theory (lines). Simulations are averaged over 10 in-
dependent runs.

space, i.e. that y* =

Fig. 7.3 depicts the resulting learning
curves obtained by training the last layer of
the student. Interestingly, the performance of
the feature map at epoch 0 (random initiali-
sation) beats the performance of the learned
features during early phases of training in this
experiment. Another interesting behaviour
is given by the separability threshold of the
learned features, i.e. the number of sam-
ples for which the training loss becomes larger
than 0 in logistic regression. At epoch 50 the
learned features are separable at lower sample
complexity « = n/d than at epoch 200 - even
though in the later the training and generali-
sation performances are better.

7.2.4 Learning from real data sets

Applying teacher/students to a real
data set — Given that the learning curves
of realistic-looking inputs can be captured by
the Gaussian covariate model, it is fair to ask
whether the same might be true for real data
sets. To test this idea, we first need to cast
the real data set into the teacher-student for-
malism, and then compute the covariance ma-
trices 2, ¥, ® and teacher vector 6y required
by model (7.1).

Let {m“,y“}zt:‘“l denote a real data set,
e.g. MNIST or Fashion-MNIST for concrete-
ness, where nyot = 7 x 104, &# € RP with
D = 784. Without loss of generality, we can
assume the data is centred. To generate the
teacher, let u* = ¢,(x*) € RP be a feature
map such that data is invertible in feature

OOT u# for some teacher weights 89 € RP, which should be computed from

the samples. Similarly, let v* = ¢, (") € R? be a feature map we are interested in studying. Then,
we can estimate the population covariances (¥, ®, Q) empirically from the entire data set as:

Ntot uuuyT

v =
pn=1

b —

ntOt le

Ntot ’U/u’U‘LLT

Ntot

Ntot vuvﬂT

Q=
pn=1

(7.20)

)
TNtot
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At this point, we have all we need to run the self-consistent equations (7.13). The issue with this
approach is that there is not a unique teacher map ¢, and teacher vector 8y that fit the true labels.
However, we can show that all interpolating linear teachers are equivalent:

Theorem 13. (Universality of linear teachers) For any teacher feature map ,, and for any 0y that
interpolates the data so that y* = BS—U“ Yu, the asymptotic predictions of model (7.1) are equivalent.

Proof. Tt follows from the fact that the teacher weights and covariances only appear in eq. (7.13)
through p = %08—‘1!90 and the projection ®'8y. Using the estimation (7.20) and the assumption

that it exists y* = 98— u#, one can write these quantities directly from the labels y*:

1 Ntot 1 Ntot
= (y")?, o'y = — Z yHot . (7.21)
Ntot =1 Ntot, =1
For linear interpolating teachers, results are thus independent of the choice of the teacher. ]

Although this result might seen surprising at first sight, it is quite intuitive. Indeed, the informa-
tion about the teacher model only enters the Gaussian covariate model (7.1) through the statistics

of u"@y. For a linear teacher fy(x) = x, this is precisely given by the labels.

—— epochs=0
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—— epochs=50

—— epochs=200

0.00
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Figure 7.4: Test and training mean-squared errors
egs. (7.15) as a function of the number of samples
n for ridge regression. The Fashion-MNIST data
set, with vanishing regularisation A = 1075, In
this plot, the student feature map ¢, is a 3-layer
fully-connected neural network with d = 2352 hid-
den neurons trained on the full data set with the
square loss. Different curves correspond to the
feature map obtained at different stages of train-
ing. Simulations are averaged over 10 indepen-
dent runs. Further details on the simulations are
described in the original paper.

Ridge Regression with linear teachers —

We now test the prediction of model (7.1)
on real data sets, and show that it is surpris-
ingly effective in predicting the learning curves,
at least for the ridge regression task. We have
trained a 3-layer fully connected neural net-
work with ReLLU activations on the full Fashion-
MNIST data set to distinguish clothing used
above vs. below the waist. The student feature
map ¢, : R™ — R? is obtained by removing
the last layer, see the original paper for a de-
tailed description. In Fig. 7.4 we show the test
and training errors of the ridge estimator on a
sub-sample of n < nyy on the Fashion-MNIST
images. We observe remarkable agreement be-
tween the learning curve obtained from sim-
ulations and the theoretical prediction by the
matching Gaussian covariate model. Note that
for the square loss and for A < 1, the worst per-
formance peak is located at the point in which
the linear system becomes invertible. Curiously,
Fig. 7.4 shows that the fully-connected network
progressively learns a low-rank representation of
the data as training proceeds. This can be di-
rectly verified by counting the number of zero
eigenvalues of €2, which go from a full-rank ma-

trix to a matrix of rank 380 after 200 epochs of training.
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Fig. 7.1 (right) shows a similar experiment on the MNIST data set, but for different out-of-
the-box feature maps, such as random features and the scattering transform [52], and we chose the
number of random features d = 1953 to match the number of features from the scattering transform.
Note the characteristic double-descent behaviour [217, , 30], and the accurate prediction of the
peak where the interpolation transition occurs.

Why is the Gaussian model so effective for describing learning with data that are not Gaussian?
The point is that ridge regression is sensitive only to second order statistics, and not to the full
distribution of the data. It is a classical property (see the appendix of the original paper or the
derivation for least-square in the introduction) that the training and generalisation errors are only a
function of the spectrum of the empirical and population covariances, and of their products. Random
matrix theory teaches us that such quantities are very robust, and their asymptotic behaviour is

universal for a broad class of distributions of [u,v] [17, , 91, |. The asymptotic behavior of
kernel matrices has indeed been the subject of intense scrutiny [92, 63, , , 90, 261]. Indeed, a
universality result akin to Theorem 13 was noted in [133] in the specific case of kernel methods. We

thus expect the validity of model (7.1) for ridge regression, with a linear teacher, to go way beyond
the Gaussian assumption.

Beyond ridge regression — The same strategy fails beyond ridge regression and mean-squared
test error. This suggests a limit in the application of model (7.1) to real (non-Gaussian) data to
the universal linear teacher. To illustrate this, consider the setting of Figs. 7.4, and compare the
model predictions for the binary classification error instead of the ¢ one. There is a clear mismatch
between the simulated performance and prediction given by the theory due to the fact that the
classification error does not depends only on the first two moments.

We present an additional experiment in Fig. 7.3. We compare the learning curves of logistic
regression on a classification task on the real CIFAR10 images with the real labels versus the one
on dcGAN-generated CIFAR10-like images and teacher generated labels from Sec. 7.2.3. While the
Gaussian theory captures well the behaviour of the later, it fails on the former. A histogram of the
distribution of the product ' for a fixed number of samples illustrates well the deviation from
the prediction of the theory with the real case, in particular on the tails of the distribution. The
difference between GAN generated data (that fits the Gaussian theory) and real data is clear. Given
that for classification problems there exists a number of choices of "sign” teachers and feature maps
that give the exact same labels as in the data set, an interesting open question is: s there a teacher
that allows to reproduce the learning curves more accurately? This question is left for future works.



Chapter 8

Proofs for the Gaussian covariate
model

This section presents the core technical result of this paper in its full generality, along with the
required assumptions and its complete proof. For technical reasons, variables different than the
ones appearing in the replica calculation are introduced. The proof is nonetheless presented in a
self-contained way and the relation with the replica variables are given in section 8.3 , eq.(8.204). We
start by reminding the formulation of the problem. Consider the matrices U € R™*P of concatenated
vectors u used by the teacher and V € R"*? the corresponding one for the student. The estimator
may now be defined using potentially non-separable functions:

W = arg min {g (\}EVW,y) + r(w)} , (8.1)

weRd

where the function g : R®™ — R. The training and generalization errors are reminded as:

Eveain (W) = %E {g (\}ng,y) LT (w)] (8.2)
Egen(W) Z E[§(f (View W), thew )| = B [§ (F(v L), Fo(ulen80) )] - (83)

Intuitively, the variables u/, 0 and VneWW will play a key role in the analysis. Given an instance

new

of 8y and w, the tuple ( 7 u!..0o, > 7Y W) is a bivariate Gaussian with covariance:

new

1gT L (T T
1 (pTeT 1T : :
\/LTp(<1> 6y)'w JV Qw
We thus define the following overlaps, that will play a fundamental role in the analysis:
p= 193\1}90 m= L(choo)Tw q= Lo ow X = 105@9*1@90. (8.5)
D ’ Vdp ’ d ’ d

Note that here, we will not introduce the spectral decomposition 7.7 as it will not simplify the
expressions as in the Iy case. The representations are mathematically equivalent nonetheless. Our
main result is that the distribution of the estimator W can be exactly computed in the weak sense
from the solution to six scalar fixed point equations with a unique solution.

170
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8.1

Necessary assumptions

We start with a list of the necessary assumptions for the most generic version of the result to hold.
We also briefly discuss how they are relevant in a supervised machine learning context.

(A1)

(A2)

(A3)

(A4)

(A5)
(A6)

(A7)

The vector 6 is pulled from any given distribution pg, € RP (this includes deterministic
vectors with bounded norm), and is independent of the matrices U and V. Additionally, the
signal is non-vanishing and has finite squared norm, i.e. the following holds almost surely:

6, 6o
pli_}r&O <E < 400 (8.6)
The covariance matrices verify:
(T, Q) esfTxsft, Q-0'v '0o=0 (8.7)

The spectral distributions of the matrices ®, ¥ and 2 converge to distributions such that
the overlaps defined by equation (8.5) are well-defined. Additionally, the maximum singular
values of the covariance matrices are bounded with high probability when n,p,d — oc.

The functions F and ¢ are proper, lower semi-continuous, convex functions. Additionally, we
assume that the cost function F + g is coercive, i.e.:
lim  (F+g)(w) = +oo (8.8)
[wlly—+o00

and that the following scaling condition holds : for all n,d € N,z € R” and any constant
¢ > 0, there exist finite, positive constants C7,Csy,Cs, such that, for any standard normal
random vectors h € R? and g € R™:

1 1
Izlly < evn = sup )HXIIQ <Cwn,  JEFM)] <too,  —Elg(g)] < +oo  (8.9)
X€dg(z

The random elements of the function fy are independent of the matrices U and V. Additionally
the following limit exists and is finite

1
lim E |~ fo(U6))" fo(UBo)| < +o0

n—o0

When we send the dimensions n, p, d to infinity, they grow with finite ratios a« = n/d, v = p/d.

Additional assumptions for linear finite sample size rates : the teacher vector 8y has
sub-Gaussian one dimensional marginals. The functions F, g, ¢1, ¢2 are pseudo-Lipschitz of
finite order. The eigenvalues of the covariance matrices are bounded with probability one.

Additional assumptions for exponential finite sample size rates: all of the above, and
the loss function g is separable and pseudo-Lipschitz of order 2, the regularisation is either a
ridge or a Lipschitz function, the functions ¢1, ¢o are respectively separable, pseudo-Lipschitz
of order 2, and a square or Lipschitz function.
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The first assumption (A1) ensures that the teacher distribution is non-vanishing. The positive
definiteness in (A2) means the covariance matrices of the blocks U and V are well-specified. Note
that the cross-correlation matrix ¢ can have singular values equal to zero. The assumption about the
limiting spectral distribution is essentially a summability condition which is immediately verified if
the limiting spectral distributions have compact support, a common case. The scaling assumptions
from (A3) are natural as they imply that non-diverging inputs result in non-diverging outputs in
the functions f and g, as well as the sub-differentials. Similar scaling assumptions are encountered
in proofs such as [281]. They also allow to show Gaussian concentration of Moreau envelopes, as we
will see in Lemma 29. The coercivity assumption is verified in most common machine learning setups
: any convex loss with ridge regularisation, or any convex loss that is bounded below with a coercive
regularisation (LASSO, elastic-net,...), see Corollary 11.15 from [25]. Assumption (A4) is a classical
assumption of teacher-student setups, where any correlation between the teacher and the student is
modeled by the covariance matrices and not by the label generating function fy. The summability
condition ensures generalization error is well-defined for squared performance measures. Finally,
(A5) is the typical high-dimensional limit used in statistical physics of learning, random matrix
theory and a large recent body of work in high-dimensional statistical learning.

8.2 Main theorem

First, let’s define quantities and a scalar optimization problem that will be used to state the asymp-
totic behaviour of (7.2-7.3):

Definition 13. (Scalar potentials/replica free energy) Define the following functions of the scalar
variables 71 > 0,79 > 0,k > 0,7 > 0,v,m:

1 m
£g(7’17 K, M, 7]) = ;E [MEQ(-,Y) <\/ﬁs + T]h>‘| s (810)
1
EF(T% nv, Kj) = gE |:M:72F(Q—1/2.) (77_72(Vt + Hg))] 5
where s,h ~ N(0,1,) and g ~ N(0,1;) are random vectors independent of the other quantities,

t=0"12070y, y = fo (v/ps), and M denotes the Moreau envelope of a target function.
From these quantities define the following potential:

2
E(t1, 10, Ky M, v, m) = % _ % S+ A — %m?
_ %( X + K2 4+ aly(m, &, m,n) + LE(T2,1,V,K) . (8.11)
2

Under Assumption (8.1), the previously defined quantities all admit finite limits when n,p,d — oo.

Proof: This follows directly from Lemma 29.
The next lemma characterizes important properties of the "potential” function £(7, 12, k, 0, v, m):

Lemma 25. (Geometry and minimizers of £) The function E(T1, T2, k,n, v, m) is jointly convex in
(m,n, 1) and jointly concave in (v, k,T2), and the optimization problem

[nin max E(ry, 72, K, 1, v,1m) (8.12)

has a unique solution (17,74, k*,n*, v*,m*) on dom(E).
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Proof: see Appendix 8.2.3. The optimality condition of problem (8.12) yields the set of self-
consistent fixed point equations given in Lemma 36 of Chapter 8. Finally, define the following
variables:

* 971/2 . (77* *t * ) _ . m* hl . 1
w prox%F(Q,l/Q_) = (v't+Kr'g) ), z* proxn*g( 9 \/ﬁs—kn (8.13)

where prox denotes the proximal operator. With these definitions, we can now state our main result:

Theorem 14. (Training loss and generalisation error) Under Assumption (8.1), there exist con-
stants C,c,c > 0 such that, for any optimal solution W to (7.3), the training loss and generalisation
error defined by equation verify, for any 0 < e < c':

(|5tra1n( ) 5ram‘ ) < 6%e—cne ’ (8'14)
P (|Egen(W) = Bug [a(fo(w), F(€)]]| > €) < 692 —

where £

ain 1S defined as follows:

Efuin= B9 (z", )] + B [F ()], (8.15)

and the random variables (w, &) are jointly Gaussian with covariance

P m *\ 2 (m*)Q
(w7£)~N<07 [m* . D ="+ o (8.16)

Proof: see Appendix 8.2.4. Note that the regularisation may be removed to evaluate the training
loss. A more generic result, aiming directly at the estimator w, can also be stated:

Theorem 15. Under Assumption (8.1), for any optimal solution W to (7.3), denote z = ﬁVvAv.

Then, there exist constants C,c,c > 0 such that, for any Lipschitz function ¢1 : R* = R, and
separable, pseudo-Lipschitz function ¢o : R™ — R and any 0 < e < c':

(o) —E o ()] 5 ) <« et (8.17)
Vd Vd €

P (bQ(i) —E |¢o i >e) < %e_cn€4. (8.18)
Vn Vn €

Proof: see Appendix 8.2.4. Concentration still holds for a larger class of functions ¢1 2, but
exponential rates are lost. This is discussed in Appendix 8.1.

8.2.1 Theoretical toolbox

Here we remind a few known results that are used throughout the proof. We also provide proofs of
useful, straightforward consequences of theses results that do not appear explicitly in the literature
for completeness.
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A Gaussian comparison theorem

We start with the Convex Gaussian Min-max Theorem, as presented in [281], which is a tight
version of an inequality initially derived in [121].

Theorem 16. (CGMT) Let G € R™*™ be an i.i.d. standard normal matriz and g € R™, h € R"
two i.i.d. standard normal vectors independent of one another. Let Sy, Su be two compact sets such
that Sw C R™ and Sy C R™. Consider the two following optimization problems for any continuous

P on Sy X Sy ¢

C(G) := mi G 1

(G) Inin maxu w +1h(w,u), (8.19)

C(g,h) := min max [w|,g" u+|[uf,h"w+¢(w,u) (8.20)
WGSWUGSL\

then the following holds:

1. For all c € R:
P(C(G) < ¢) < 2P(C(g. h) < ¢)

2. Further assume that Sw, Sy are convex sets and v is convex-concave on Sy X Sy. Then, for
all ce R,
P(C(G) > ¢) < 2P(C(g,h) > ¢)

In particular, for all p € Rt > 0,P(|C(G) — | > t) < 2P(|C(g, h) — p| > 1).

Following [2581], we will say that any reformulation of a target problem matching the form of
(8.19) is an acceptable primary optimization problem (PO), and the corresponding form (8.20) is
an acceptable auxiliary problem (AO). The main idea of this approach is to study the asymptotic
properties of the (PO) by studying the simpler (AO).

Proximal operators and Moreau envelopes : differentials and useful functions

Here we remind the definition and some important properties of Moreau envelopes and proximal
operators, key elements of convex analysis. Other properties will be used throughout the proof but
at less crucial stages, thus we don’t remind them explicitly. Our main reference for these properties
will be [25].

Consider a closed, proper function f such that dom(f)C R™. Its Moreau envelope and proximal
operator are respectively defined by :

. 1 9 . 1 )
M:¢(x) = min z) + —|x —z|[5}, prox,y(x)=argmin{f(z) + —|x —z 8.21
)= _min () + 5l al3) ) = amgmin{f(a) + 5 < —al) (520

As reminded in [281], the Moreau envelope is jointly convex in (7,x) and differentiable almost
everywhere, with gradients:

1
VxMrp(x) = ;(X — prox, ¢(x)) (8.22)
2/\/l (x) = —LHX — prox (X)H2 (8.23)
or 272 Tl
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We remind that prox, ;(x) is the unique point which solves the strongly convex optimization problem
defining the Moreau envelope, i.e.:

1 2
M () = f(prox,(x)) + o—||x = prox,s(x), (8.24)
We also remind the definition of order k pseudo-Lipschitz function.

Definition 14. Pseudo-Lipschitz function For k € N* and any n,m € N*, a function ¢ : R™ — R™
is called a pseudo-Lipschitz of order k if there exists a constant L(k) such that for any x,y € R,

o) = 6() 1 < LK) (14 (xllo)* " + (lyll) ) I = vl (8.25)

We now give some further properties that will be helpful throughout the proof.

Lemma 26. (Moreau envelope of pseudo-Lipschitz function) Consider a proper, lower-semicontinuous,
convez, pseudo-Lipschitz function f : R™ — R of order k. Then its Moreau envelope is also pseudo-
Lipschitz of order k.

Proof of Lemma 26: For any x,y in dom(f), we have, using the pseudo-Lipschitz property:

e () = oo, o] < 20 (14 (forosss 09, ) " + (o], ) )
Jprox s (x) = prox, s (v)]
< Lk) (14 (ell)* " + Iyl ) x = v, (8.26)

where the second line follows immediately with the same constant L(k) owing to the firm-
nonexpansiveness of the proximal operator. Furthermore

2

] R T

{04 (orox () + 0 (prose (7)) (x = prox () = y + prox,(v) )|

< 7|0f (prox, 1 (%)) + f (prox,;(v))| || (x = prox. p(x) = y + prox.;(v)) (8.27)
due to the pseudo-Lipschitz property, one has
k—1
81 (prox, ;(x)) < L(k) (1 +2pros. () ) (8.28)
This, along with the firm-nonexpansiveness of Id — prox, concludes the proof. O

Lemma 27. (Useful functions) For any x € R",7 > 0,0 € R and any proper, convex lower semi-
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continuous function f, define the following functions:

hi :R—R
0 — prrofo(.)(Gx) (8.29)
hQ R—=>R
1 2
T ﬁHX - profo(.)(X)HZ (8.30)
h3 :R—R
P
T pro:vi(.)(—) (8.31)
T T 2
hy:R—R
2
T HX — proa:Tf(x)H2 (8.32)
hy is nondecreasing, and hs, hs, hy are nonincreasing.
Proof of Lemma 27 For any 6,0 € R:
(0 — 0)(h1(0) — hi(0)) = (6x — bx) T (profo(,)(ex) — prox, f(.)(éx))
-2
> ’ prox, ¢ )(0x) — prox.,.f(')(HX)H2
=0 (8.33)

where the inequality comes from the firm non-expansiveness of the proximal operator. Thus h; is
nondecreasing.
Since the Moreau envelope M ¢(x) is convex in 7, we have, for any 7,7 in Ry

0 0
(r=7) (oMo = oMeg(x)) 20, = (=) (alf) ~halr) 20 (830
which implies that ho is non-increasing.

Using the Moreau decomposition, see e.g. [25], we have:

X X
X — <x — TPIOX j* ()) Prox sx (>
T \T = \T

which is a nonincreasing function of 7. Since f is convex, we can restart this short process with the
conjugate of f to obtain the desired result. Thus hs is nonincreasing and (7 —7)(hg(7) —h3(7)) < 0.
Moving to h4, proving that it is nonincreasing is equivalent to proving that the following function
is increasing

1 2

hQ(T) = —F

2
272 = ‘ (8.35)

2

2

hs(T) = prox, (x)" (2x — Prox, ¢ (x)) (8.36)

using the Moreau decomposition again

hs(1) = (x ~ TProx = (i))T (x + TPIOX s+ (j)) (8.37)
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then, for any 7,7 in Ry 4:

2
2

(r = 7)(ha(r) = hs(7)) = (7 = 7) (%2

proxysx { = prox s { —
T T T T

separating the cases 7 < 7 and 7 > 7, and using the result on hs then gives the desired result. [
The following inequality is similar to one that appeared in one-dimensional form in [231].

2
) (8.38)

2

Lemma 28. (A useful inequality) For any proper, lower semi-continuous convex function f, any
x,X in dom(f), and any v,5 € Ry, the following holds:

(prox;yf(i) — proxvf(x))—r <); - % — % (; — i) (pro:r;yf(fc) + pro:rvf(x))>
> (22 + 217> H (proxw(fc) - proch(x)) Hz (8.39)

Proof of Lemma 28 : the subdifferential of a proper convex function is a monotone operator,
thus:

-
(proxﬁf(fc) - proxvf(x)) (8f(prox;yf(>~()) - 8f(prox7f(x))) >0 (8.40)
additionally, prox, ;(x) = (Id + ~0f) ! (x), hence:
- x x 1 B 1
8f(proxw(x)) — Of (prox, ¢(x)) = <ﬁ — g — gprox;y(x) + 7proch(x))
x x 1 . 1 1/1 1 .
=575 gproxﬁ(x) + §proch(x) ~3 (’y - 7) (proxw(x) + proxvf(x)>
1/1 1 -
+ 3 (’NY - ’Y) (proxw(x) + proch(x))
x x 1/1 1 N 1 1 N
= (’Ny i <’~Y - 7) (proxw(x) + prox,yf(x))> - (2? + 27> (prox;yf(x) — prox,yf(x)>
(8.41)
which gives the desired inequality. O

Useful concentration of measure elements
We begin by reminding the Gaussian-Poincaré inequality, see e.g. [17].

Proposition 7. (Gaussian Poincaré inequality)
Let g € R™ be a N(0,1,) random vector. Then for any continuous, weakly differentiable @, there
exists a constant c such that:

Varlp(g)] < ¢ B[ Vo(e)]] (8.42)

We now use this previous result to show Gaussian concentration of Moreau envelopes of appro-
priately scaled convex functions.

Lemma 29. (Gaussian concentration of Moreau envelopes)

Consider a proper, convex function f : R™ — R wverifying the scaling conditions of Assumptions 8.1
and let g € R™ be a standard normal random vector. Then, for any parameter T > 0 and any € > 0,
there exists a constant ¢ such that the following holds:

P <‘71LMTf(.)(g) -E {1/\4#(.)(%)} ' > 6) <~ (8.43)

n nr2e2
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Proof of Lemma 29:

We start by showing that the Moreau envelope of a proper, convex function f : R — R veri-
fying the scaling conditions of Assumptions 8.1 is integrable with respect to the Gaussian measure.
Using the convexity of the optimization problem defining the Moreau envelope, and the fact that f
is proper, there exists zg € R™ and a finite constant IC such that :

1 1 1 2
— < — - i
Mgy (8) < (o) + 5 0 — gl
1 2
< R — .
<K+ - llzo — gll5 (8.44)

where the second line is integrable under a multivariate Gaussian measure. Then, using Proposition
7, we get:

1 c 2
Var [nMTf(.)(g)] < 5B U(Vz/\/lff(.)(g)HQ] (8.45)
c 1 2
= EE [ - (z - pI‘OXTf(g)> 2] (8.46)
Using Proposition 12.27 and Corollary 4.3 from [25], g — z — prox, ¢(g) is firmly non-expansive
and:
2
Hg - proxTJc(g)H2 < (glg — prox,;(g)) which implies (8.47)
2
Hg — prOXTf(g)H2 < |gl3 using the Cauchy-Schwarz inequality (8.48)
then
1 c 9 c
Var | Mepy(®)] < —5E [lel] = -5 (8.9
Chebyshev’s inequality then gives, for any ¢ > 0:
P<‘1M (2) EFM ()H>)< ¢ (8.50)
— —-E |- >e|l < — )
A rO\8 n T8 nr2e
[

Gaussian concentration of pseudo-Lipschitz functions of finite order can also be proven using the
Gaussian Poincaré inequality to yield a bound similar to the one obtained for Moreau envelopes.
We thus give the result without proof:

Lemma 30. (Concentration of pseudo-Lipschitz functions) Consider a pseudo-Lipschitz function
of finite order k, f : R" — R. Then for any vector g ~ N(0,1,) and any € > 0, there ezists a
constant C(k) > 0 such that

Pl -e[rE)|>) < ER0®) (8.51)

We now cite an exponential concentration lemma for separable, pseudo-Lipschitz functions of
order 2, taken from [180].
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Lemma 31. (Lemma B.5 from [150]) Consider a separable, pseudo-Lipschitz function of order 2,
f:R™ — R. Then for any vector g ~ N(0,1,) and any € > 0, there exists constants C,c,c’ > 0

such that )

1
P <‘nf(g) —-E {nf(g)] ’ > c’e) < Ce (8.52)
where it is understood that f(g) = >~ f(g:).
8.2.2 Determining a candidate primary problem, auxiliary problem and its so-
lution.

We start with a reformulation of the problem (7.2-7.3) in order to obtain an acceptable primary
problem in the framework of Theorem 16. Partitioning the Gaussian distribution, we can rewrite
the matrices U and V in the following way, introducing the standard normal vector:

[{j € RPH o N(0,Tp4q) (8.53)

We can then rewrite the vectors u, v and matrices U,V as:

u=0"2a U=AU/? (8.54)

/2

1/2 1
v==30T0 12, 4 (Q - (I)T\I/_1<I>> b, V=AU 204 B (Q - (I)T\I/_1<I>) (8.55)

where the matrices A and B have independent standard normal entries and are independent of 8.
The learning problem then becomes equivalent to :

1
Generate labels according to:  y = fy (\/ﬁAlPl/zOo) (8.56)

- . 1 ~1/2 Ta—1a4) /2
Learn according to: argming ﬁ AT d+ B (Q— OB <I>> w,y | + F(w) (8.57)

We are then interested in the optimal cost of the following problem
1

min p [g (\}& <A\IJ‘1/2<I> +B (Q — <I’T‘11_1(I>> 1/2> w, y> + F(W):| (8.58)

Introducing the auxiliary variable z:

min g (\}g (A\I/l/2<1> +B(2- <I>T\I/1t1>)1/2> w, y) +F(w) (8.59)
< ming (z,y) + F(w)
s.t.z = L (A\Ill/Qtl) +B (Q - CDT\II*1<I>> 1/2) w (8.60)
Vd

Introducing the corresponding Lagrange multiplier A € R™ and using strong duality, the problem is
equivalent to :

1/2
min max )\T\}g (A\Il_l/2<1> +B (Q — <I>T\Il_1<1>) / ) w— Az +g(z,y) + F(w) (8.61)

W7z A
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In the remainder of the proof, the preceding cost function will be denoted
1 1/2
C(w, 2) = max ATW (A\pl/2<1> + B (Q - @Txlrlcb) / ) w—Xz+g(z,y)+F(w) (862

such that the problem reads miny , C(w,z). Theorem 16 requires working with compact feasibility
sets. Adopting similar approaches to the ones from [281, 76], the next lemma shows that the
optimization problem (8.61) can be equivalently recast as one over compact sets.

Lemma 32. (Compactness of feasibility set) Let w*,z*, X* be optimal in (8.61). Then there exists
positive constants Cy,C, and C such that

P (W[l < CwVd) —== 1, P (2", < Cav/in) = L P(JA", < Cavin) =1 (863)

Proof of Lemma 32: consider the initial minimisation problem:

W = argmin g (\}aVW, y) + F(w) (8.64)

weERd
From assumption (A3), the cost function g+ F is coercive, proper and lower semi-continuous. Since
it is proper, there exists wo € R? such that g (%VW, y) + F(w) € R. The coercivity implies that
there exists 17 €]0, +-00[ such that, for every w € R? satisfying ||w — wol| =1, ¢ (ﬁVW, y) +F(w) >
g (ﬁVWo,y) + F(wp). Let S = {w € R|||lw — wq|| < n}. Then SNR? # () and S is compact.

Then, there exists w* € S such that g (ﬁVW*,)f) + F(w*) = infwes g (ﬁVw,y) + F(w) <

g (ﬁVWo,y) + f(wo). Thus ¢ (ﬁ]}w*,y) + F(w*) € inf ycpa g (%Vw,y) + F(w) and the set
of minimisers is bounded. Closure is immediately checked by considering a sequence of minimisers
converging to w*.

We conclude that the set of minimisers of problem (8.64) is a non-empy compact set. Then there
exists a constant C, independent of the dimension d, such that:

|wll, < CwVd (8.65)

Now consider the equivalent formulation of problem (8.64):

. 1
minmax A ——

W,Z A \/g

Its optimality condition reads :

Vw — Az +g(z,y) + F(w) (8.66)

V)\ : \}EVW = Z, Vz A€ 69(Z7Y)a vW : \}gv—l—)\ € 8F(W) (867)

The optimality condition in A gives:

1
2l < | 55V Il
Vd gy
1 ( ~1/2 Tg-1 1/2)
<= (A 20+ B(Q-0TU 1o [w|
H\/E ( ) o
1 2 |1
< w2 ||—=A4 +”Q—<I>T\1/—1c1> —B ]w (8.68
| o7z, * I v M )
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According to assumption (A2), the operator norms of the matrices involving the covariance matrices
are bounded with high probability and using known results on random matrices, see e.g. [287], the
operator norms of %A and ﬁB are bounded by finite constants with high probability when the
dimensions go to infinity. Thus there exists a constant C, also independent of d such that:

P (|zll, < Czv/n) —= 1 (8.69)

Finally, the scaling condition from assumption (A3) directly shows that there exists a constant C
such that »
P(IAll, < Cavi) —s 1 (8.70)

This concludes the proof of Lemma 32. O

Defining the sets Sy = {w € RY|||w|, < CwVd},S, = {z € R"|||z||, < Cpy/n} and Sy = {X €
R"|||All; < Cxy/n}, the optimization problem can now be reduced to:

1/2
welin o max )\T\}g (Aq/—l/2<1> +B(Q-o v o) / ) w—Az+g(zy)+F(w) (871)
The rest of this section can then be summarized by the following lemma, the proof of which shows
how to find an acceptable (PO) for problem (8.71), the corresponding (AO) and how to reduce
the (AO) to a scalar optimization problem. At this point we will assume the teacher vector 6 is
deterministic, and relax this assumption in paragraph 8.2.5. For this reason we do not add it to the
initial list of assumptions in section 8.1.

Lemma 33. (Scalar equivalent problem) In the framework of Theorem 16, acceptable (AO)s of
problem (8.71) can be reduced to the following scalar optimization problems

For 0y ¢ Ker(®") : max mnin En(T1, T2y Ky My v, M) (8.72)
R,V, T2 M,N,T1
For 6y € Ker(®") : max 15171111 EX(T1,Ta, Ky 1) (8.73)
R, T2 sT1
where
2
En(7-177—27’i7777y7m) = % - % —|—me— %m?
- L(VV + kO 2g) T (v + KOV 2g) — kg (EUZ - 91/2) m\/jv
272d 1¥112
1 m 1 n —1/9~
+ g./\/l%g(wy) (\/ﬁs + 171’1) + gM%F(Q_l/z.) (7_2 (I/Q 1/2V + Hg)) 5 (8.74)
0 o2 kT 1 1 U] N 2 T
gn(Tl’ T2, K, 7/) = —7 + 7 + 8/\/1‘%19(7),)(77}1) + gM%f(Q—l/z.)(gI{g) — ﬁl@ g g (875)
and .
AY, 1
»=0-"Y =870, p=-6]06, (8.76)
pp p

Proof of Lemma 33: We need to find an i.i.d. Gaussian matrix independent from the rest of
the problem in order to use Theorem 16. We thus decompose the mixing matrix A by taking
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conditional expectations w.r.t. y, which amounts to conditioning on a linear subset of the Gaussian
space generated by A. Dropping the feasibility sets for confort of notation in the following lines:

1 1/2
. T B ~1/2 _&To-1
%glm}%x)\ 7 ((]E [Aly] + A-E[Aly])) ¥~ /o + B (Q o' <I>) ) w

~A'z+4g(z,y) + F(w) (8.77)

< minmax AT\}a( (E [A]AW'/260| + A~ E [4]A0'/20,] ) w~'/20

+B (Q - @Txr1<1>)1/2 >w ~ Az +g(z,y) + F(w) (8.78)

Conditioning in Gaussian spaces amounts to doing orthogonal projections. Denoting 0y = ¥1/20,
and A a copy of A independent of y, the minimisation problem then becomes:

. 1 ~ _ _ 1/2
Igglm?xﬂﬁ ((AP(;O+AP30)\I/ 204 B (0-oTu0) )W—ATZ+g(z,y)+F(w)

(8.79)
<= minmax ATiAPé 20w + AT APL 20w + AT B (Q - @T\y—1q>)1/2 w
wz X d % Vd % Vd
“Alz+ 9(z,y) + F(w) (8.80)
~T
1 0, ~ 1 1/2
< minmax AT — 120w+ AT L APL g 120w 4 AT B <Q —oTw <1>)
d 9 d
v oo, v Vi
“Az4+ 9(z,y) + F(w) (8.81)

where we used Péo = 00002 and s = . Knowing that A, B are independent standard Gaussian

A%
[160]]; ||90||2
matrices, and mdependent from Ay, fo, we can rewrite the problem as :

BT
min Inax AT —s dw + /\T—ZEl/ZW Az+ z,y)+ F(w 8.82

where ¥ = @T\p—l/QPgO\IJ—l/% +Q-0TU 1P = Q- U/2P; UT/2P, and Z is a standard
Gaussian matrix independent of Ay, fo. Recall p = %93 W, from the main text. Replacing with
the expression of 8 and letting v = &' @, we have

7600, @
N=0— 06 0 Y20,4, U~ —Q- w (8.83)
H@oH o0
coT
—o- (8.84)
pp
The problem then becomes
v' T i T
mlnmax)\ 757“, + A —=ZY*w - AX'z+g(z,y) + F(w) (8.85)

W VBT T

Two cases must now be considered, 8y ¢ Ker(¢") and 8y € Ker(¢'). Another possible case is
® = 0pxq, however it leads to the same steps as the case g € Ker(®").
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Case 1: 6) ¢ Ker(®")

It is tempting to invert the matrix /2 to make the change of variable w, = %Y2w and con-
tinue the calculation. However there is no guarantee that ¥ is invertible : it is only semi-positive
definite. Taking identities everywhere gives for examples Pg; which is non-invertible. We thus
introduce an additional variable:

1
min max }\T—sv—w + A7

S VAN AN MR

~'|' 1
—=Zp =Nz +g(z,y) + F(w)+pu' (22w —p) (880

Here the minimisation on f and ¢ is linked by the bilinear form ATsv'w. We wish to separate

them in order for the Moreau envelopes to appear later on in simple fashion. To do so, we introduce
the orthogonal decomposition of w on the direction of v:

T
w = (P:,—FP%,)W: V~V;,\7+Pf~;w
¥ 12
T
= %V—FWL wherew 1 v
19112
_ mvd V4+w, wherem=-—-‘v'w (8.87)
%13 Ve

where the parameter m corresponds to the one defined in (8.5). This gives the following, after
introducing the scalar Lagrange multiplier v € R to enforce the constraint w; 1 ¥v. Note that
several methods can be used to express the orthogonality constraint, as in e.g. [7(], but the one
chosen here allows to complete the proof and match the replica prediction. Reintroducing the
normalization, we then have the equivalent form for (8.58):

1
min max —
m,w,,z,p A,[,L,V d

1 m/dp _
AT g +AT—=Zm - A"z +g(z,y)+F (v + WL>
NG Vi 19112

—|—uT (EI/Q (m d \~/—|—WL> —p) —V{/TWL

112
19112

(8.88)

A follow-up of the previous equations shows that the feasibility set now reads :
Smw | zp Ay :{m eRw, eR L zeR"  peRIAER, peRYLveER]

2
||WL||2

m? + < Cw, llzlly < Cav/, [IPlly < Omaa(EY?)Cw Vd, ||AIl; < Cxx/ﬁ}

(8.89)

where the boundedness of ||p||, follows immediately from the assumptions on the covariance ma-
trices and Lemma 32. We denote Sp = {p € R%|||p|l, < Cp} for some constant Cp = Tpaz(Z2) Oy

The set Sp x Sy is compact and the matrix Z is independent of all other random quantities of
the problem, thus problem (8.88) is an acceptable (PO). We can now write the auxiliary optimiza-
tion problem (AO) corresponding to the primary one (8.88), dropping the feasibility sets again for
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convenience:

1[ T T T -
min  max = | AT 1ts + —|IAl.g"p + ploh' ' A—AX'z+g(z,y)+F V+w,
i s 5 N INLeTR e, v F (T

+u' (21/2 ( " Hd v+ L) —p) - uvaL} (8.90)
Vil2

We now turn to the simplification of this problem.

The variable A only appears in linear terms, we can thus directly optimize over its direction,
introducing the positive scalar variable x = ||A||,/V/d:

. 1
min max — /ngp + K
m,w | ,Z,p KK,V d

m
—Vds+ |p|l,h — Vdz
V. Ipll,

tu (21/2< T ||Cé ““) _p> S
Vila

The previous expression may not be convex-concave because of the term |p||,h. However, it was
shown in [281] that the order of the min and max can still be inverted in this case, because of the
convexity of the original problem. As the proof would be very similar, we do not reproduce it.
Inverting the max-min order and performing the linear optimization on p with 1 = ||p||,/V/d:

+g(z,Y)+F<mr‘7+ J.)
2 %115

(8.91)

+
2

1 d d
+d[9(27}’)+F<\/;\7+W )—i—uTEl/Z( ~+WJ_>—I/X~’TWJ_

19112 19113

max min |+ rgll, + —s—l—nh—z
A

Ry MW | 2,7

} (8.92)

I3

using the following representation of the norm, as in [251], for any vector ¢, ||t|, = min;~o § + 5*:

2
. kK N2 Ui 2
Sl 5 el el gl H b
1 my/d my/dp _ -
+7 {g(z,y) +F <‘ ”2pv+w ) +u'nl? ( o v+ WL> - VVTWL:| }
2 2
(8.93)

performing the minimisation over z and recognizing the Moreau envelope of g(.,y):

: kT nre 1 m n 2
s, i {55 My (WS * ﬁh) " analt t el

1
+[F< ~dp{/_I_W )_I_MTEUQ <m~d ~+WJ_>_V{ITWJ_
d 19113 19113

} (8.94)
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At this point we have a convex-concave problem. Inverting the min-max order, p appears in a well
defined strictly convex least-square problem.

LoEm_m 1 m YT 4+ X v
X i o T P aMaey <\/ﬁs+’7h> —av WLJFdF( TR

1 7 9 T2 [ MVAp_
+ -—max< ———||u+ K +u X ——5V+w 8.95
7 m { o 114+ ri8lla + 1 2 1 (8.95)
Solving it:
my/dp
mﬁx{““”g”ﬁ“wm( I ””)}
2
d
p*:ﬁ21/2< — \~/+WL> — Kg
n 1¥115
7 2
with optimal cost 2— »1/2 ( \7+WJ_> — kg B2 ( —‘FWJ_) (8.96)
U 9115 5 19113

remembering that ¥ = Q — vv ' /(pp) and w, L ¥, the optimal cost of this least-square problem
simplifies to:

my/d, 2
C>k = E HQI/Q (2\7 + WL)
2n 19113

2

2
- md) T21/2< ’ Vci v+wL> (8.97)
p

VI3

The (AO) then reads :
1 2
mo i (70 L (;; " nh> St ety

Kv,mam,w 0T | 2 2 d

2

+1F< dp v+ ¢> 0L/2 <m~ d {/—}—wl) - ngzW <m dp +wL> } (8.98)
d\ |3 2n d I4lE . @ [

We now need to solve in w,;. To do so, we can replace F with its convex conjugate and solve
the least-square problem in w . This will lead to a Moreau envelope of F* in the introduced dual
variable, which can be linked to the Moreau envelope of F by Moreau decomposition. Intuitively, it

\/>

%115
m,w | . However, we would like to have an explicit follow-up of the variables we optimize on, as we

had for the Moreau envelpe of g which is defined with z, so we prefer to introduce a slack variable
_ mVdpg
L

in terms of the original variable w. Note that the feasibility set on w’ is almost surely compact.

is natural to think that the corresponding primal variable will be v+ w, = w for any feasible

P+ w | with corresponding dual parameter n to show that the (AO) can be reformulated

. kTt nmy 1 m 1 , 1 Ty To 2
o b2 h _F _ = _ e
"glr’l,%)fn m,wrf,lg},n,ﬁ 2 2 + dM 9(-y) <\/ﬁs + " ) + d (W) dn 2')7 P
dp ? d 1
v T K m
—d\N’TWJ_-i-QCl’Qlﬂ( +wL> —dgTZl/2< VG w >+dnT< 2p\7+wL)
2n 913 5 1¥115 1¥115

(8.99)
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Isolating the terms depending on w, , we get a strictly convex least-square problem, remembering
that Q € S5

. kT nra 1 m 1 n Lo, mm? TMykK2 _
o e - h _F B £
nfg%)fnm,w?g},n,n 5 5 —l—d./\/l (Y)<\/ﬁs+n >+d (w') TV 5 7 +n T ||2
2
T12m7~VT 72 | o1/2 [ MmVdp K Ts1/2 L T
sV H~”%v—gv wits QY (II E v+m> - —8 E/WL—F&'O w,  (8.100)
2
. kT mmy 1 m 1 N 1L g, mm? Tmy/Ka _
I A AT 7 e h - _ - _ 2
mnmwann 22 +dM$9<-vy)<ﬁs+" >+dF(W) a" e T R
2
1 dp
HgTzl/2m\/;V+ [ T2 Ql/2< +WL> _w] (ﬁgl/2g_n+yv)} (8.101)
[ alw 19113 2

2
The quantity g' /2w is a Gaussian random variable with variance HEl/ 2w J_H2 = WI(Q -

2
v /(pp))wyL =w, Qw, = HQ1/2WJ_H2 using the expression of ¥ and the orthogonality of w, with

respect to v. We can thus change ¥'/2 for Q'/2 in front of w | combined with g. The least-square
problem, its solution and optimal cost then read:

2
T2 112 <m dp ) T 1/2 -
min — || V+w —w, (kY g—n+vv (8.102)
Wi 2n 19115 2 ( )
* N ~— my/dp _
wi=_0 1 (;@Ql/2g o+ W) R (8.103)
2
T Vd
with optimal cost — /a (ﬁQl/2g -n+ V\?) ot (/sQlﬂg -n+ V\?) + TV GT (ﬁQl/Zg -n+ W)
n
27 ¥l
(8.104)
replacing in the (AO) and simplifying :
. kT onma 1 m 1 7, mm?
= — - =4 - M- —
A, w5y T aM ey <\/,5 o p

(21/2 91/2) W\HF* 2;72d (an/Qg —n+ w)T -1

Another strictly convex least-square problem appears on 7, the solution and optimal value of which
read

n = —%Qw’ + (kQY2g + v¥) (8.106)
with optimal cost ;;}—de’TQW’ —w' T (kQY2g +07) (8.107)

At this point we have expressed feasible solutions of 1, w | as functions of the remaining variables.
For any feasible solution in those variables, w and w’ are the same. Replacing in the (AO) and a
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completion of squares leads to

in L _ N2 om0 120 T =1 (% 1/2
max min — 5 + muy/y 20 p 2T2d(l/v+i<;Q g) Q (vv+ kQg)
T (21/2 Q1/2) 7. Fw) + 2012w 0-1/2¢ 2 1
- V—l—mln (w') + (V + Kg)) (8.108)
19113 2 ™ 2

Recognizing the Moreau envelope of f and introducing the variable w = Q/2w’ = Q2w it follows:

hax %H%—%—me 7—2lﬁ——2nd(yv+ﬁ91/2 ) TQ v + QY 2g)
K\, T2 M,1,T1 p T
T (v1/2 _ o1/2\ ™M ”Y~ m 1 n 1.
(E Q ) & H2 +dM—g( ) <ﬁs+77h "f‘dM%F(Q—l/Z‘) ™ (VQ v—|—/<;g>

(8.109)

where the Moreau envelopes of f and g are respectively defined w.r.t. the variables w” and z. At
this point we have reduced the initial high-dimensional minimisation problem (8.90) to a scalar
problem over six parameters. Another follow-up of the feasibility set shows that there exist positive
constants Ci,, Cy, C, independent of n,p,d such that 0 <« < Cy, 0 <n < O, and 0 <m < Cpy,.

Case 2: 6y € Ker(®') In this case, the min-max problem (8.85) becomes:
1
. T L 701/2¢ _ \T
rvr‘llglm)f\ix)\ \/gZQ w—Xz+g(z,y)+ f(w) (8.110)
Since § is positive definite, we can define w = Q2w and write the equivalent problem:
1
. T S~ 3T —-1/24
I?Vglmfx)\ —\/;iZw Az+g(z,y)+ f(Q W) (8.111)

where the compactness of the feasibility set is preserved almost surely from the almost sure bound-
edness of the eigenvalues of (2. We can thus write the corresponding auxiliary optimization problem,
reintroducing the normalization by d:

min o ~ {H,\HQ[g w+\|wHQ\th>\ ATz 4 g(z,y) + F(Q Ww)] (8.112)

)

introducing the convex conjugate of f with dual parameter n:

Hlln max —

min ma; [HMQ[g w+\|wﬂ|2th>\ Az +g(zy)+n'Q° 1/2v~v—f*(n)} (8.113)

We then define the scalar quantities k = ”\)}%2 and n = ”3%2 and perform the linear optimization on
A, W, giving the equivalent:
1
_ 1/2 ‘ _ _ 2

min max Hng Q||+ \fllnh zlly + ~9(z.y) f (n) (8.114)

Using the square root trick with parameters 71, 7o:
_@_iH 91/2’ ml 2 1 1
7-1>I(I)1;I}7>0 T2>07"I};>0 2 2’7'2d "8~ ‘ Tt 27' dHn ZH2 + dg(z’Y) df (n)

(8.115)
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performing the optimizations on z, 7 and recognizing the Moreau envelopes, the problem becomes:

nTe KT, 1 1
WS n e T Ty g Miten () = G Moz gz (n8) (8:116)
- e mm 1 1 Moy = 25T
i, g t g T MR ) g Mooz (D Re) = 5 GRe 8
(8.117)
This concludes the proof of Lemma 33. O

8.2.3 Study of the scalar equivalent problem : geometry and asymptotics.

Here we study the geometry, solutions and asymptotics of the scalar optimization problem (8.109).
We will focus on the case 8y ¢ Ker(® ") as the other case simply shows that no learning is performed
(see the remark at the end of this section). The following lemma characterizes the continuity and
geometry of the cost function &,.

Lemma 34. (Geometry of &,) Recall the function:

EnlTL T2t 1 1) = % B % Yy 27727% - %(W +r0%g) T (v + kO 7g)
T (i i) Mg 1 m 1 (” 12 )
$1/2 _Q ) . ) .
( ) ezt aM e \ 50T g Marene (v + rg)

(8.118)

Then &, (11, T2, kK, n, v, m) is continuous on its domain, jointly convez in (m,n, 1) and jointly concave
in (K,v,T2).

Proof of Lemma 3/ : E,(71,7T2, kK, M, v, m) is a linear combination of linear and quadratic terms
with Moreau envelopes, which are all continuous on their domain. Remembering the formulation

2
KTL T2 T2 M T (w12 _qi2y"VT o
En(T1, T2, Ky, v,m) = — — — +mv\/y— —— — K X Q
) = Ty, e )i
L m 1 —1/2 (& 1/2
oMoy (\/ﬁs—l—nh)—d/\/lrnzf*(m/z_) (2712 (vo + 5OM%g))  (8.119)

and using the properties of Moreau envelopes, Mlg(”y) (%s + nh) is jointly convex in (k, 71, m,n)
as a composition of convex functions of those arguments. The same applies for

Mz gz (2712 (v¥ + 02'/%g)) (8.120)

jointly convex in (72,7, v, k) and its opposite is jointly concave in those parameters. The remaining
terms being linear in 7, 79, v, we conclude that &, (71, 72, k,n, v, m) is jointly concave in (v, 72) and
convex in 71 whatever the values of (k,n, m). Going back to equation (8.93), we can write

2
En(T1,72, K, v,m) = mgxgnég%—%—fllw ngll + 5~ H s+nh—z

2

+H( )+f<H‘/CTv+w>+uT21/2< ‘/CTGJFWL)—VGTWL

V2 19113

(8.121)
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The squared term in m,n,z can be written as

2 2

m 77 Z
—s+nh—z h——
|\/ﬁ n 7’1\[ T1

which is the perspective function with parameter 71 of a function jointly convex in (z, m,n). Thus

m/dp ..

TE v —l—WJ_) is a composition of

a convex function with a linear one, thus it is jointly convex in (m,w, ). The remaining terms in
T1,m, m are linear. Since minimisation on convex sets preserves convexity, minimizing with respect
to z,w will lead to a jointly convex function in (71,7, m). Similarly, the term —g51||p + /fg||§
is jointly concave in 79, Kk, i, and maximizing over p will result in a jointly concave function in
(12,v, k). We conclude that &, (71, 72, K, 1, v, m) is jointly convex in (71, m,n) and jointly concave in
(K, v, T2). O

K
— 8.122
27‘1d 2d ( )

2 2

it is jointly convex in (71,2, m,n). Furthermore, the term f(

The next lemma then characterizes the infinite dimensional limit of the scalar optimization problem
(8.109), along with the consistency of its optimal value.

Lemma 35. (Asymptotics of &,) Recall the following quantities:

wherey = fo(\/pps), s ~ N(0,1L,) (8.123)

1
‘CQ(Tla K, m, 77) n [M 1 g( ’y (:}%S + ﬁh)

1
Ly(mo,m,v, k) = =E MﬂF(Q—I/Q ) <77 (VQ_l/QV + Hg))} where v =®' (8.124)
d T2 ’ T2
1
X =50, 207126, (8.125)
1
p=-6] 16, (8.126)
p
and the potential:
2
K m
5(7-1/7-27 R, 1, V, m) l - @ + mu\f’y - 27 - i(VQX + ’%2) + Oéﬁg(Tl, mean) + EF(7-27777 v, '%)
2 2 2n p 279
(8.127)
Then:
max min &,(11, T2, K, N, v, M) — P max min E(11, 72, Kyn, v, M) (8.128)
K,V, T2 M,1N,T1 n,p,d—o00  K,V,T2 M,1,T1

and E(T1, T2, K, M, v, m) is continuously differentiable on its domain, jointly convex in (m,n, 1) and
jointly concave in (K,v,T2).

Proof of Lemma 35: The strong law of large numbers, see e.g. [38] gives dg g H 1.

Additionally, using assumption (A2) on the summability of 6y and (A3) on the boundedness of the
spectrum of the covariance matrices, the quantity x = limg_, dOOT PO1d TG, exists and is finite.
Since 0 ¢ Ker(® ") and using the non-vanishing signal hypothesis, the quantity py = limg_,« é\?TV

exists, is finite and strictly positive. Then kg ' (21/ 2_ Qb 2) i ‘”fv is a centered Gaussian random
2
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variable with variance verifying:

Var [Hg (212 - 0'/2) VAR 1 < i0%,, (12— al?) &

Kk ||V||§
2
2,52 1/2 _o1/2\ MY

= K20%,, (B2 - Q1) . (8.129)

Using lemma 32, k and m are finitely bounded independently of the dimension d. v, 0maz (21/ 2_ql 2)
are finite. Thus there exists a finite constant C' such that the standard deviation of

T (sV2 - 1f?) T ”7 ; (8.130)
2

is smaller than v/C / V. Then, for any € > 0:

(s

(21/2 Q1/2) m\f

> o) <2 (1W0.0] > a/0)

w1z
1 1e%d
L Ve ) (8.131)
E\f d 27r 2 C
using the Gaussian tail. The Borel-Cantelli lemma and summability of this tail gives
T (zV2-ql?2) VG e (8.132)
[vllz  dee
Concentration of the Moreau envelopes of both f and g follows directly from lemma 29.
We thus have the pointwise convergence:
En(T1, T2y KyM,y v, M) —r E(11, 72, Kyn, v, M) (8.133)

n,p,d—00

Since pointwise convergence preserves convexity, £(71, 72, K, 1, v, m) is jointly convex in (m,n, )
and jointly concave in (k, v, 12).
Now recall the expression of £

KT T Ty m
8(7_177_27 R, M, V, m) -1 - ﬂ + myﬁ - 2 - i(sz + ’%2) + Ckﬁg(’]’l, ’k‘:’mvn) + £f<7_27777 v, ’%)
2 2 2n p 279
(8.134)
The feasibility sets of k,7n,m are compact from Lemma 32 and the subsequent follow-up of the
feasibility sets. Then, using Proposition 12.32 from [25], for fixed (72, k,n, v, m), we have:
lim M ™ b ) = inf g 8.135
7'141)1200 g %g(.,y) %S g a g zlenR” 92, y) ( ' )

which is a finite quantity since g(.,y) is a proper, convex function verifying the scaling assumptions
8.1. Then, since k > 0, we have:

lim &,(m, 12, kN, v,m) = 400 (8.136)

T1—+00
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Similarly, for fixed (71, k,n,v,m) and noting that composing f with the positive definite matrix
Q~1/2 does not change its convexity, or it being proper and lower semi-continuous, we get:

1
im d/\/l 2 /2 ( - (v 1/2v+fig)) = ~1(0a) (8.137)
which is also a bounded quantity from the scaling assumptions made on f. Since S > 0, we then
have:

lim &,(m,72,k,n,v,m)=—00 (8.138)

T2 —>+00

Finally, the limit lim,_, o &, (71, T2, k,n,v,m) needs to be checked for both +00 and —oo since
there is no restriction on the sign of v. From the definition of the Moreau envelope, we can write:

1 n 1/2 ) 1/2 2
“Mon - L (v V 0 — (vt 8.139
M@z (TQ (1/ v—|—/-@g) df( d) 277 o (1/ v—I—/ﬁg) , ( )
Thus, for any fixed (11,72, m, k,n):
Eulrima,momvm) < T 5 g (89220 TV Ty v (s
2 2 19113 DY/
1
+2/(00) (8.140)
which immediately gives lim, o, &, = —oco. Turning to the other limit, remembering that &, is
continuously differentiable on its domain, we have:
o€ 1
67;(7'1,7'2, Ky 1, VM) = ma/y — QVTQ_I/QPTOX%f(Q—l/z) <;72 (VQ_I/QV + mg)) (8.141)

Thus lim, 4 9&n(mm2 k) o Since &n is continuously differentiable in v on [0, +oo], and

from the short argument led above, we have shown

lim &,(m, 72, K,n,v,m) =—00 (8.142)
[v]| =400
Using similar arguments as in the proof of Lemma 32, we can now reduce the feasibility set of
T1,To, v to a compact one. Then, using the fact that convergence of convex functions on compact
sets implies uniform convergence [(], we obtain

max min &,(71, T2, K, N, v, M) — 2 max min E(T1, T2, Ky, v, M) (8.143)
K,V,T2 Mm,N,T1 n,p,d——4oco K,V,T2 M,1,T1
which is the desired result. OJ

At this point, it is necessary to characterize the set of solutions of the asymptotic minimisation
problem (8.12). We start with the explicit form of the optimality condition associated to any
solution.
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Lemma 36. (Fized point equations) The zero-gradient condition of the optimization problem (8.12)
prescribes the following set of fixed point equations for any feasible solution:

1
0,{ LT = gE [ngTOQIJTWQf(Ql/Z_) (;’2 (VQ*1/2\~/ + lig)):| (8144)
1o [T _1/2-

0, myA = B [VTO 2o 1) <77_72 (v 125+ ng)ﬂ (8.145)
) “E |nT ®s+nh

T2 =a— 77 - 1— ProTrL g o) %s +n (8.146)

L m M o-1/24 n ~1/2¢ ?
Oy ﬁ;E [ T—Q(VQ 123 4 kg) — ProTa fo-1/2) (72 (VQ 125 4 Iig)) , =
2

m o 2 2 nrz | T2m

/ - - itz 27 14
2T2(VX+I€) muy/y — K11 + 5 +277p (8.147)

(8.148)

nm

S \T
‘v —a—E h— —) prozn
Om = VY [(np p)

&rl:—

1
2 n

2
] (8.149)

This set of equations can be converted to the replica notations using the table (8.204).

Proof of Lemma 56: Using arguments similar to the ones in the proof of Lemma 29, Moreau en-
velopes and their derivatives verify the necessary conditions of the dominated convergence theorem.
Additionally, uniform convergence of the sequence of derivatives can be verified in a straightforward
manner as all involved functions are firmly non-expansive and integrated w.r.t. Gaussian measures.
We can therefore invert the limits and derivatives, and invert expectations and derivatives. We can
now write explicitly the optimality condition for the scalar problem (8.127), using the expressions
for derivatives of Moreau envelopes from Appendix 8.2.1. Some algebra and replacing with pre-
scriptions obtained from each partial derivative leads to the set of equations above. ]

Remark : Here we see that the potential function (8.127) can be further studied using the fixed
point equations (36) and the relation (8.24). For any optimal (71, 79, k, 7, v, m), it holds that

S(Th T2, R, 1, V, m)
1 m
= aaE [g (pI'OXllg(.’y) <\/ﬁs + nh) ,y)

Finally, we give a strict-convexity and strict-concavity property of the asymptotic potential £ which
will be helpful to prove Lemma 25.

1 —1/2 Ui —1/2~
+2E [f (Q / Prox.s pio-1/2) <T2 (v /29 + ng)
(8.150)

Lemma 37. (Strict convezity and strict concavity near minimisers) Consider the asymptotic poten-
tial function E(t1, 712, k,n,v,m). Then for any fized (n,m, 1) in their feasibility sets, the function

To, Ky v — E(T1, T2, Ky M, Vy, M) (8.151)
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is jointly strictly concave in (1o, K, V).
Additionally, consider the set Sa,.., defined by:

1
Sau,TQ = {7'1,7'2,/1, NV, m ‘ mﬁ — aE

11
Llg ’
2dn l

~T—1/2 n -1/24 )}
Q - Q
v proz%f(g 1/2) (7_2 (V v+ ng) ,

2 2
n 1/2 > _n 1 m }
— (v~ = -4+ —— 8.152
’7'2(1/ V+Hg) j 2+2np ( :

pTOI%f(Q—l/Q.) <

then for any fized 9, k,v in Sp, ., the function (n,m,m1) — E(11, T2, k,n,v,m) is jointly strictly
convex in (n,m, ) on Sy

v,TQ

Proof of Lemma 37: We will use the following first order characterization of strictly convex
functions: f is strictly convex <= (x —y|Vf(x) — Vi(y)) > 0 Vx # y € dom(f). To simplify
notations, we will write, for any fixed (m,n, 1)

(V€)= ((0:€,0,E,05,E) (11, T2, K, 0, v, m)), (8.153)

as the i-th component of the gradient of £(71, 72, k,n, v, m) with respect to (k,v,72) for any fixed
(m,n, 1) in the feasibility set. Then for any distinct triplets (k, v, 2), (k, 7, 72) and fixed (n, m, 1)
in the feasibility set, determining the partial derivatives of £ in similar fashion as is implied in the
proof of Lemma 36, we have:

((k,v,72) — (, ) (Véiwirs — VEro7)

U, T
= s Mg (& 1 proxay gy (s~ e s 0]

2)
E
n T
+ _ _ LS Fo —
(pI‘OX L r(Q— 1/2 ( > pI‘OX%f(Q 1/2.) (7,:2 rg)) <I'2 ro
Ty — T2 n U
+ 277d (prox%f(QuzJ (7_21'2> + prOX%f(quzl) (@I‘Q)) )

11 2 ’
< (k- R)aﬁg (E Mrl — PIOXzig( ) (rl)H2 - Hr1 T PIOXzLg(y) (rl)sz

(e

where the last line follows from the inequality in Lemma 28, and we defined the shorthands,
r, = %s +nh, ro = vQ V2% + kg, Ty = 90 /2v + Rg. Using Lemma 27, the first term of

ProXn rin-1/2 (nr2)—pr0}(n Q-1/2 <?I~‘2) i
Zi@2)\ 7, iy (712 )|,

(8.154)

the r.h.s of the last inequality is also negative as an increment of a nonincreasing function. Thus,
both expectations are taken on negative functions. If those functions are not zero almost every-
where with respect to the Lebesgue measure, then the result will be strictly negative. Moreover, the
functional taking each operator T to its resolvent (Id + T)~! is a bijection on the set of non-trivial,
maximally monotone operators, see e.g. [25] Proposition 23.21 and the subsequent discussion. The
subdifferential of a proper, closed, convex function being maximally monotone, for two different
parameters the corresponding proximal operator cannot be equal almost everywhere. The previ-
ously studied increment ((k,v,79) — (7,7, 7)) (VErwr — VErs5) is therefore strictly negative,
giving the desired strict concavity in (k, v, 72). Restricting ourselves to the set Sp,, -, the increment
in (m,n,7) can be written similarly. Note that Id — prox will appear in the expressions instead
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of prox. The appropriate terms can then be brought to the form of the inequality from Lemma
28 using Moreau’s decomposition. Using the definitions of the set Sy, , and the increments from
Lemma 27, a similar argument as the previous one can be carried out. The lemma is proved. [

What is now left to do is link the properties of the scalar optimization problem (8.12) to the
original learning problem (7.3) using the tight inequalities from Theorem 16.

Remark: in the case 8y € Ker(®7), the cost function £2 will uniformly converge to the following
potential:
T kT

+ 20— L4+ 2B [Ma
n

2 2 279 "

1 U
9(-y) (nh)} + gE [Mgf(ﬂl/z)(ﬁﬁg) (8.155)

As we will see in the next section, this will lead to estimators solely based on noise.

8.2.4 Back to the original problem : proof of Theorem 14 and 15

We begin this part by considering that the ”necessary assumptions for exponential rates” from
the set of assumptions 8.1 are verified. In the end we will discuss how relaxing these assumptions
modifies the convergence speed. We closely follow the analysis introduced in [204] and further
developed in [57]. The main difference resides in checking the concentration properties of generic
Moreau envelopes depending on the regularity of the target function instead of specific instances
such as the LASSO. Since the dimensions n,p,d are linked by multiplicative constants, we can
express the rates with any of the three. Recall the original reformulation of the problem defining
the student.

1 1/2
: T ~1/2 _aTo-1 _
max min 9(z,y) + f(w)+ A (\/& (A\I/ o+ B (Q o' <I>) ) w z) (8.156)

Introducing the variable w = Q2w it can be equivalently written, since Q is almost surely invertible
and the problem is convex concave with a closed convex feasibility set on w, z.
- —1/2 T( 1 —1/2 Ta-1a)72) o0-1/2«
minmax ¢g(z,y) + f(Q /W) + A’ | —= ( AU <I>+B(Q—<I> v <I)) Q5 —z
Wz A Vd
(8.157)

Recall the equivalent scalar auxiliary problem at finite dimension &, and its asymptotic counterpart
€ both defined on the same variables as the original problem W,z through the Moreau envelopes of
g and r:

_ k1 _nn om0 2
5(7—177_27/{77% I/,m) - ) 92 —|—’I7’LV\/’7 277 P 27_2 (V X+K )+a£g(7—1’ﬁ7m?n)+‘C‘f(7_27nvyv ’L{)
(8.158)
2
En(T1, T2, KM v, M) = % - % + muy/y — %m? - 277_7?@\7 + k2g) T (uv + KOV 2g)
gl (2 i)™ L m 1 (a2
Kg (E Q ) H\N’||§v+dM7lg("y) ﬁs—l—nh +dM%F(Q—1/2.) p (yQ v+/{g>

(8.159)
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Recall the variables:

~ % T]* * * % m* .
W = DProx ,* -~ — (v t + K , z* = prox .« S + h 8160
PrOX ;g 12 (7 g)) proxyy <\/ﬁ 7 ) (8.160)

Denote (71,75, k*,n*,v*,m*) the unique solution to the optimization problem (8.12) and £* the
corresponding optimal cost. £* defines a strongly convex optimization problem (due to the Moreau
envelopes) on W, z whose solution is given by Eq.(8.160). Similarly, denote (77 ,,, 73 ,,, k5, s Vi, M7,
any solution to the optimization problem on &, and & the corresponding optimal value. Finally, we
write Ey,(W,z) the cost function of the optimization problem on W,z defined by & for any optimal
solution (77 ,,, 73 ., Ky, s Vs Ty, ), SUCh that:

& =min E, (W, z) (8.161)
W,z

*

By the definition of Moreau envelopes, we have that E,(W,z) is 574— strongly convex in z and
1,n

275771 strongly convex in w. The following lemma ensures that these strong convexity constants are

non-zero for any finite n.

Lemma 38. Consider the finite size scalar optimization problem

max min &,(71, 72, K, 1, V, M) (8.162)
57,/77—2 m7"777—1
where the feasibility set of (11,72, k,n,v,m) is compact and 11 > 0,75 > 0. Then any optimal values
K*, T3 verify:
K*#0 19 »0 (8.163)

Proof of Lemma 38: from the analysis carried out in the proof of Lemma 35, the feasibility set
of the optimization problem is compact. Suppose £* = 0. Then the value of m minimizing the cost
function is —oo, which contradicts the compactness of the feasibility set. A similar argument holds
for 7. ]

The next lemma characterizes the speed of convergence of the optimal value of the finite dimen-
sional scalar optimization problem to its asymptotic counterpart, which has a unique solution in
T1, T2, K, N, ¥, m. The intuition is that, using the strong convexity of the auxiliary problems, we can
show that the solution in W,z to the finite size problem & converges to the solution w*,z* of the
asymptotic problem £*, with convergence rates governed by those of the finite size cost towards its
asymptotic counterpart.

Lemma 39. For any € > 0, there exist constants C, ¢,y such that:
* * C 7CTL€2
P(|& —E*| = ve) < —exp (8.164)
€
which is equivalent to

P ( min £, (W,z) — &*

W,z

C
> ’ye) < — exp e’ (8.165)
€
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Proof of Lemma 39: for any fixed (11, 72, k, v,17,m), we can determine the rates of convergence
of all the random quantities in &,. The linear terms involving égTV are sub-Gaussian with sub-
Gaussian norm bounded by C'/d for some constant C' > 0. Thus we can find constants, C,c > 0
such that, for any ¢ > 0 :

2

P <‘(11gT\7 > e) < Ce e (8.166)
The term involving v7 Qv is deterministic in this setting. We will see in section 8.2.5 how a random
0, affects the convergence rates. The term involving éng is a weighted sum of sub-exponential
random variables, the tail of which can be determined using Bernstein’s inequality, see e.g. [285]
Corollary 2.8.3, which gives a sub-Gaussian tail for small deviations and a sub-exponential tail for
large deviations. Parametrizing the deviation e with a scalar variable ¢/, we thus get the following
bound : for any € > 0, there exists constants C, ¢, > 0 such that:

2

1
P <’dng - 1‘ > c’e) < Ce ¢ (8.167)

Since, in this case, we assume that the eigenvalues of the covariance matrices are bounded with
probability one, multiplications by these matrices do not change these two previous rates. The
remaining convergence rates that need to be determined are those of the Moreau envelopes. By
assumption, the function g is separable, and pseudo-Lipschitz of order two. Moreover, the argu-
ment %s + nh is an ii.d. Gaussian random vector with finite variance. The Moreau envelope

éMLF(Qfl/Q.) (% (VQ_1/2\7+ mg)) is therefore a sum of pseudo-Lipschitz functions of order 2
T2

of scalar Gaussian random variables. Using the concentration Lemma 31, we can find constants
C, ¢,y > 0 such that, for any € > 0, the following holds:

1 m 1 m
P < OéﬁM‘%g(_,y) <\/ﬁs + T]h) —E [an/\/lr;g(.7y) <\/ﬁs + 77h>

For the second Moreau envelope, the argument % (VQ_I/ ¥+ /ﬁg) is not separable. If the regu-

2

(8.168)

2 76) < Oe—C’VLE

larization is a square, it is the concentration will reduce to that of the terms %gTV and éng. If
the regularization is a Lipschitz function, then the Moreau envelope is also Lipschitz from Lemma
26. Furthermore, since the eigenvalues of the covariance matrix €} are bounded with probability
one, the composition with the deterministic term vQ'/2v does not change the Lipschitz property.
Gaussian concentration of Lipschitz functions then gives an exponential decay independent of the
magnitude of the deviation. Taking the loosest bound, which is the one obtained with the square
penalty, we obtain that, for any € > 0, there exist constants C, ¢,y > 0 such that the event

1 n 1/ 1 n 1/9~
{‘dM:;F(Ql/z) (7_2 (VQ 1/2V + :‘ig)) —E |:dM:I2F(Ql/2) (7_2 (VQ 1/2V + Hg)>:| ’ = ’Yé}
(8.169)
has probability at most C'e™* <, Combining these bounds gives the exponential rate for the con-

vergence of &, to £ for any fixed (11, 72, Kk, 7,1, m). An e-net argument can then be used to obtain
the bound on the minmax values. O

Ty

The next lemma shows that the function FE, evaluated at w*,z* is close to the optimal value
.
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Lemma 40. For any € > 0, there exist constants C, ¢,y such that:
P (|E,(W*,z%) — £*| > ve) < Ce (8.170)

Proof of Lemma /0: this Lemma can be proved in similar fashion to [204] Theorem B.1. using
the strong convexity in w and z of E,(W,z) along with Gordon’s Lemma. We leave the detail of
this part to a longer version of this paper.

Lemma 41. For any € > 0, there exists constants v,c,C > 0 such that the event

*

1 5
(W, z) € R"", = min( i 200 |(W,z) — (W*,2%)||2 > € and min E, (W, 2) < E,(W*,2*) + ye
W,z

d 27'fm7 20
(8.171)
has probability at most %6_0”52.
This lemma can be proven using the same arguments as in [201] Appendix B, Theorem B.1.

Intuitively, if two values of a strongly convex function are arbitrarily close, then the corresponding
points are arbitrarily close. Note that we are normalizing the norm of a vector of size (n + d) with
d, which are proportional. This shows that any solution outside the ball centered around w*, z* is
sub-optimal. Now define the set:

Dgige = {w ceR%zcR":

W w* Z z*

w20 (G| = e -2l ()] )

(8.172)
where ¢ is either a square or a Lipschitz function, and ¢s is a separable, pseudo-Lipschitz function
of order 2. Using the same arguments as in the proof of Lemma 40 and the assumptions on ¢1, ¢a,
Gaussian concentration will give sub-exponential rates for the event (W*,z*) € Dy 5. A similar
argument to the proof of Lemma B.3 from [57] then shows that a distance of € in Dg 5 results in
a distance of €2 in the event (8.171), leading to the following result:

Lemma 42. For any € > 0, there exists constants y,c,C > 0 such that the event
3(w,z) € R (W*,2") € Dy 4 and min E, (W, 2) < E,(W*,2%) + e (8.173)
W,Z

has probability at most 6%6_6”54.
which proves Theorem 15 using the fact that W,z are minimizers of the initial cost function.

Theorem 14 is a consequence of Theorem 15.

If the restriction on f, g, ¢1, ¢2 are relaxed to any pseudo-Lipschitz functions of finite orders, the
exponential rates involving them are lost and become linear following Lemma 29.

8.2.5 Relaxing the deterministic teacher assumption

The entirety of the previous proof has been done with a deterministic vector 8y. Now, if 6 is
assumed to be a random vector independent of all other quantities, as prescribed in the set of
assumptions 8.1, we can "freeze” the variable 8y by conditioning on it. The whole proof can then
be understood as studying the value of the cost conditioned on the value of 8. Note that, in the
Gaussian case, correlations between the teacher and student are expressed through the covariance
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matrices, thus leaving the possibility to parametrise the teacher with a vector 8y indeed indepen-
dent of all the rest. To lift the conditioning in the end, one only needs to average out on the
distribution of 6y, the summability conditions of which are prescribed in the set of assumptions 8.1.
Thus, random teacher vectors can be treated simply by taking an additional expectation in the ex-
pressions of Theorem 15, provided 6y is independent of the matrices A, B and the randomness in fj.

As mentioned at the end of the previous section, the finite size rates will be determined by the
assumptions made on the teacher vector and decay of the eigenvalues of the covariance matrices.
We do not investigate in detail the limiting assumptions under which exponential rates still hold
regarding the randomness of the teacher or tails of the eigenvalue distributions of covariance matri-
ces.

8.2.6 The ’vanilla’ teacher-student scenario

In this section, we give the explicit forms of the fixed points equations and optimal asymptotic
estimators in the case where the teacher and the student are sampled from the same distribution,
ie. Q=& =WV =X where ¥ is a positive definite matrix with sub-Gaussian eigenvalue decay.
This setup was rigorously studied in [57] for the LASSO and heuristically in [129] for the ridge
regularized logistic regression. In this case, the fixed point equations become

1 n
n=-E [ngroxTng FE-1/2) (TQ (vs/20, + ﬁg))} (8.174)
1 _ n
my/y = EE vy 1/2prox%f(z—1/2.) (7_2 (V21/200 + ng))} (8.175)
K Ko m
—a—sp— 2ZFEI|n" . - h 8.176
T2 aﬁn - [ PIOXTi (v (\/584-77 > ( )
2 m2 _ IE n 21/29 ’ 17
n° + 7 =3 pI'OX%f(E—l/Q.) ?2 (V o+ Hg) ) (8.177)
K m S T m
v =a—E|(—h—- — TOX 71 —s +nh 8.178
VY n l(np \/ﬁ) PIOX2Lg(.y) (\/ﬁ N > ( )

2

2
2 « m m
T = E]E |:H\/ﬁs + 77h — pI'OX%g(.’y) <\/ﬁs + 77h> ] (8179)

and the asymptotic optimal estimators read:

* = n1/2 . 1 (5120, + K " = prox.
W prox%f@fl/z.)(ﬁ* (v 0t+K'g), z prOXTl*g(.’y)

(ﬁs + n*h) (8.180)

8.3 Equivalence with the replica prediction

In this Appendix, we show that the rigorous result of Theorem 15 can be used to prove the replica
prediction in the case of a separable loss, a ridge penalty. For simplicity, we restrict ourselves to
the case of random teacher weights with 8y ~ N(0,1,). We provide an exact analytical matching
between the replica prediction and the one obtained with Gordon’s theorem. We start by an explicit
derivation of the form presented in Corollary 11 from the main result (13.15).
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8.3.1 Solution for separable loss and ridge regularization

Replacing F with a ridge penalty, we can go back to step (8.98) of the main proof and finish the
calculation without inverting the matrix 2. The assumption on the invertibility of 2 can thus be

-1
dropped in the case of {5 regularization. Letting G = ( 2Q + A1) , we get
7

K 2 1
5(7'1,7'2,/{,77,7/,7’”) = ;_1 - 77;—2 _|_m1/\/’§—;—?27m7+aﬁ]}2 lMgg(.7y) <\T/nﬁs+nh>‘|
L oopT T L o 1/2v01/2
— 57700 2GP 0y — ok Tr (226012 (8.181)

using Lemma 29 with a separable function, the expectation over the Moreau envelope converges to:

1 m m

where s and h are standard normal random variables and y = fy(y/ps). The corresponding opti-
mality conditions then reads:

(8.182)

2
1
9 LRI, [(ms + nh — proxn ¢ (ms + nh)) ] - m}Tr (Ql/zGQUQ) =0 (8.183)

ok 2 27 VP NI d

;V N éuaoqﬂaqﬂoo =0 (8.184)
8‘32 : —g - ;”p; T ;”7: (Ql/Qqﬂao)T G20257 9, + ;;Tr (0292) -0 (8.185)
;:n CUNY — %m + aE [fl\jﬁ(j;%s +nh — ProXri () (:;%s + nh) )] =0 (8.186)
8817 : —% + ngj + aE %h (\7;%5 +nh — Proxri g ) (\T/r%s + nh))}

- ;Tj; (91/2<1>T90)T G202 7T e, — T;:;Tr((}292) =0 (8.187)

2
0 kK K m m
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simplifying these equations using Stein’s lemma, we get:

0 7 1 1 D) -1

— L =T Q2 <Q I ) Q'/2 1

5= r< LS el (8.189)

8 T2 -1 T

alj m\f u00<I> ZQ + A2y ' 6 (8190)

9 o m2 L o ror2aTa N (T2 - 124 T 1 T2 2

o = (Q o 00) (nQ—|— )\QId) (Q o 90) + ok Tr((nQ 1 A21d> 02)
(8.191)

0 m m m

- RAVEES f ( [Spr0X29(~,f0(ﬁ$)) (ﬁ + nh) - ﬁE lprox £ (. fo(y/55)) <\/ﬁ8 + nh) >
(8.192)

0 T s+ nh 8.193

an PIOX o gy | 5t (8.193)

0 m m 2

L2
P K = (ﬁ) aoE {(\/ﬁs +nh — PIOX L £ (. /ps) <\/ﬁs + 17h>> ] (8.194)

8.3.2 Matching with Replica equations

In this section, we show that the fixed point equations obtained from the asymptotic optimality
condition of the scalar minimization problem 11 match the ones obtained using the replica method.

In what follows we will use the same notations as in [106], and an explicit, clear match with the
notations from the proof of the main theorem will be shown. The replica computation, similar to
the one from [100], leads to the following fixed point equations, in the replica notations:
1 ~ -1
V=-Tc(ANVIL+Q) Q 8.195
ST (W + ) (8.195)
1 N, 5 -2
= ]STr (42 + 20T 0)2 (AVI, + ) (8.196)
1 1
m= LMy {qﬂﬁ (AW, +9) ] (8.197)
AW
N m m?
V = ak V dy Z, <y, — P ) 9 [y, V/4E, V)] (8.198)
Vi
= V dy Z, <y, P — ) (Y, V&, V) ] (8.199)
Q m m?
m=—K / dy 8wZO Yy ——=P— — f Y, q§7 Vv 8.200
where fy(y,w,V) = —0,Myyy,)(w) and 2y is given by:
d:c .
Zo(y,w,V) = —av(@-w) O(x 8.201

In particular we have:

0,20 (y,w,V) = \/;%e;v(zmz (93‘—/‘”) 5y — fOx)) (8.202)
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To be explicit with the notation, let’s open the equations up. Take for instance the one for m.
Opening all the integrals:

"= 55“52/ | ¢2<pd——m/q>

) fg(?], \[{, )

a

_) fofo(@), Ve, V)
(8.203)

where in (a) we integrated over y explicitly. A direct comparison between the two sets of equations
suggests the following mapping to navigate between the replica derivation and the proof using
Gaussian comparison theorems. We denote replica quantities with Rep indices:

2

VRep — E’ VRep — B’ qRep — 772 + mi
K n p
Qrep <= K7, MEep <> m, Mpep < V (8.204)
with these notations, we get :
9 v Z by @a s n) o) (8.205)
ok d 24 '
)
= L e I) ‘o' ® 2
5 = A d r(VE+ Aolq) ™ ) (8.206)
1 .
88 tg = —Tr((aQ + 2 ®)QVQ + Aolg) ~2) (8.207)
T2

5 TO mn s+ m’ h
% orox o | —= [ m
ﬁp Vg(..fo(\/ps)) \/ﬁ q P

m / m m?2
—;E [prOXVg(.,fo(ﬁs» (\/ﬁs e h)]) (8.208)
o) , m m?2

o v (1 —E [prOXVgc,fo(ﬁs)) (\/ﬁs /- ph)]) (8.209)
2

o o m / m2 m / m?

The first three equations match the replica prediction, the last three can be exactly matched
using the following change of variable and Gaussian integration:

1/2
= _ T s P LAY .
= é (p_mQ) (\/@ 5) (8.211)

9 L_alfn
om _\ﬁV




Chapter 9

Learning Gaussian mixtures with
convex generalized linear models

The results in this chapter are based oon the publication [I78]. Generalised linear models for
multi-class classification problems are one of the fundamental building blocks of modern machine
learning tasks. In this manuscript, we characterise the learning of a mixture of K Gaussians with
generic means and covariances via empirical risk minimisation (ERM) with any convex loss and
regularisation. In particular, we prove exact asymptotics characterising the ERM estimator in
high-dimensions, extending several previous results about Gaussian mixture classification in the
literature. We exemplify our result in two tasks of interest in statistical learning: a) classification
for a mixture with sparse means, where we study the efficiency of ¢; penalty with respect to ¢3; b)
max-margin multi-class classification, where we characterise the phase transition on the existence
of the multi-class logistic maximum likelihood estimator for K > 2. Finally, we discuss how our
theory can be applied beyond the scope of synthetic data, showing that in different cases Gaussian
mixtures capture closely the learning curve of classification tasks in real data sets.

9.1 Introduction

A recurring observation in modern deep learning practice is that neural networks often defy the
standard wisdom of classical statistical theory. For instance, deep neural networks typically achieve
good generalisation performances at a regime in which it interpolates the data, a fact at odds
with the intuitive bias-variance trade-off picture stemming from classical theory [105, , 31].
Surprisingly, many of the “exotic” behaviours encountered in deep neural networks have recently
been shown to be shared by models as simple as overparametrised linear classifiers [125, 31], e.g.,
the aforementioned benign over-fitting [21]. Therefore, understanding the generalisation properties
of simple models in high-dimensions has proven to be a fertile ground for elucidating some of the
challenging statistical questions posed by modern machine learning practice [190, , , ,

) ) ) ) ]'

In this manuscript, we pursue this enterprise in the context of a commonly used model for high-
dimensional classification problems: the Gaussian mixture. Indeed, it has been recently argued that
the features learned by deep neural networks trained on the cross-entropy loss “collapse” in a mixture
of well-separated clusters, with the last layer acting as a simple linear classifier [223]. Another
observation put forward in [262] is that data obtained using generative adversarial networks behave
as Gaussian mixtures. Here, we derive an exact asymptotic formula characterising the performance

202
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of generalised linear classifiers trained on K Gaussian clusters with generic covariances and means.
Our formula is valid for any convex loss and penalty, encompassing popular tasks in the machine
learning literature such as ridge regression, basis pursuit, cross-entropy minimisation and max-
margin estimation. This allow us to answer relevant questions for statistical learning, such as: what
is the separability threshold for K-clustered data? How does regularisation affects estimation? Can
different penalties help when the means are sparse? We also extend the observation of [262] showing
that the learning curves of binary classification tasks on real data are indeed well captured by our
asymptotic analysis.

Model definition We consider learning from a d-dimensional mixture of K Gaussian clusters
Crejk)- The data set is obtained by sampling n pairs (x”, y”)ye[n} € RK jdentically and indepen-
dently. We adopt the one-hot encoded representation of the labels, i.e., if x¥ € Ci, then y” = e,
kth basis vector of R, We will denote the matrix of concatenated samples X € R¥™. The mixture
density then reads:

K
P(x,y) = ZykpkN(X|uk72k)> (9.1)
k=1
where N (x|p,X) is the multivariate normal distribution with mean g and covariance matrix X.
The matrix of concatenated means is denoted M € R¥>*K_ In Eq. (9.1), V&, pp = P(y = ;) > 0,
py, € R and Iy € R4 is positive-definite. We will consider the estimator obtained by minimising
the following empirical risk:

V

zi: (y 7‘7‘\;& + b) + Ar(W), (9.2)

(W*b*)= argmin R(W,b), (9.3)
WEREXd beREK

where W € RE*? and b € RX are the weights and bias to be learned, ¢ is a convex loss function,
and r is a regularisation function whose strength is tuned by the parameter A > 0. For example the
loss function ¢ can represent the composition of a cross-entropy loss with a softmax thresholding
on the linear part of Eq. (9.2). We will characterise the distribution of the estimator (W*, b*), and
we will evaluate the average training loss defined as

Zz( W\;gy +b*>, (9.4)

as well as the average training error ¢; and generalisation error €4, defined as the misclassification
rates:

Sl s (5 ]t £ (Vo))

where (x"°V, y"“V) is a new unseen data point sampled from the distribution in Eq. (9.1). In the
previous equations, we have used the function y: R — RX | so that §;(x) = I(max, z, = =3).
The main contributions in this manuscript are the following:

(C1) In Sec. 9.2 and Chapter 10 we prove closed-form equations characterizing the asymptotic
distribution of the matrix of weights W* € RX*4_ enabling the exact computation of key quantities
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such as the training and generalisation error. Our proof method solves shortcomings of previous ap-
proaches by introducing a novel approximate message-passing sequence, building on recent advances
in this framework, that is of independent interest.

(C2) In Sec. 9.3.1 we study the problem of classifying an anisotropic mixture with sparse means,
where the strong or weak directions in the data are correlated with the non-zero components of the
mean as in [31]. We study how learning the sparsity with an ¢; penalty improves the classification
performance.

(C3) In Sec. 9.3.2 we study the performance of the cross-entropy estimator in the limit of vanishing
regularisation A — 07 for K Gaussian clusters as a function of the sample complexity o = n/d; we
show that a phase transition takes place at a certain value aj between a regime of complete
separability of the data and a regime in which the correct classification of almost all points in the
data set is not possible. We also investigate the effect of A > 0 regularisation on the generalisation
error, comparing the K > 2 case with the results given in the literature for K =2 [197, ]
(C4) In Sec. 9.3.3 we investigate the applicability of our formula beyond the Gaussian assumption
by applying it to classification tasks on real data. We show that for different tasks and losses, it
closely captures the real learning curves, even when data is mapped through a non-linear feature
map. This further shows that Gaussian mixtures are a good surrogate model for investigating real
classification tasks, as put forward in [262].

Relation to previous work The analysis of Gaussian mixture models in the high-dimensional
regime has been the subject of many recent works. Exact asymptotics has been derived for the
binary classification case with diagonal covariances in [73, 182] for the logistic loss and in [78, 145]
for the square loss, both with f2 penalty. A similar analysis has been performed in [267] for the
hard-margin SVM. These works were generalised to generic convex losses and fo penalty in [197],
where it has been also shown that the regularisation term can play an important role in reaching
Bayes-optimal performances. Hinge regression with 1 penalty and diagonal covariance was treated
in [169]. Recently, these asymptotic results were generalised to the case in which both clusters
share the same covariance in [291], and finite rate bounds were given in [59, 5] in the case of sub-
Gaussian mixtures. Asymptotic results for the multiclass problem with diagonal covariance were
derived in [283] for the restricted case of the square loss with /5 penalty. Our result unifies all the
aforementioned asymptotic formulas, and extends them to the general case of a multiclass problem
with generic covariances and arbitrary convex losses and penalties.

From a technical standpoint, in [73, , , , , , ] the authors use convex Gaussian
comparison inequalities, see e.g. [231, ], to prove their result. In particular, the proof given in
[283] for the multiclass problem harnesses the geometry of least-squares, and it is then stressed that
this method breaks down for multiclass problems in which the risk does not factorise over the K
clusters (as for the cross-entropy, for example). We solve this problem using an innovative proof
technique which has an interest in its own. Our approach is to capture the effect of non-linearity and
generic covariances via the rigorous study of an approximate message-passing (AMP) sequence, a
family of iterations that admit closed-form asymptotics at each step called state evolution equations
[28]. Our proof relies on several refinements of AMP methods to handle the full complexity of the
problem, notably spatial coupling with matrix valued variables [153, 80, ] and non-separable
update functions [37], via a multi-layer approach to AMP [135].

The sparse Gaussian mixture model analysed in Section 9.3.1 is closely related to the rare/weak
features model introduced in [31] and widely studied in the context of sparse linear discriminant
analysis [130, , , |. It was recently revisited in [54, 59] in the context of ERM with max-
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margin classifiers. Here, we consider a correlated variation of the model and study the benefit of
using a sparsity inducing ¢; penalty.

The separability transition is a classical topic [(0, | that has recently witnessed a renewal of
interest thanks to its connection to overparametrization. It was studied in [53] in the context
of uncorrelated Gaussian data, in [106] in the random features model and in [73, | for binary
Gaussian mixtures.

Recently, [133, 15, ] showed that the performance of different regression tasks on real data are
well-captured by a teacher-student Gaussian model in high-dimensions for ridge regression, but
this turned not to be true for non-linear problems such as logistic classification [170]. Authors of

[262] showed instead that data from generative adversarial networks behave like Gaussian mixtures,
motivating the modeling of such mixture for real-data in the present paper.

9.2 Technical results

Our main technical result is an exact asymptotic characterization of the distribution of the esti-
mator W*. Informally, the estimator W* and the quantity W*X/v/d behave asymptotically as
non-linear transforms of multivariate Gaussian distributions. These transforms are directly linked
to the proximal operators [224, 25] associated to the loss and regularisation functions, summarizing
the effect of the cost function landscape on the estimator. The parameters of these Gaussian distri-
butions and proximals can then be computed from the fixed point of a self-contained set of equations.
We start by presenting the most generic form of our result in a concentration of measure-like state-
ment in Theorem 17, and discuss an intuitive interpretation of the different quantities involved.
Theorem 18 then states how the training and generalisation errors can be computed. All results
presented in the experiments section can be obtained from Theorem 17. In Corollary 3 we discuss a
particular case where explicit simplifications can be obtained. But first, let’s summarise the required
assumptions for our result to hold.

(A1) The functions ¢ (as a function of its second argument) and r are proper, closed, lower semi-
continuous convex functions. We assume additionally that either the cost function ((y, eX) + r(e)
is strictly convex, or that ¢(y, e) is strictly convex in its second argument and r is the ¢; norm. We
also assume that the cost function ¢(y, eX) + r(e) is coercive.
(A2) The covariance matrices are positive definite and their spectral norms are bounded (with
probability one).
(A3) The mean vectors p, are distributed according to some density P, (M) such that the following
quantity is finite

Vd E [HMTMHF} < +oo, (9.5)

where || ® ||p denotes the Frobenius norm.

(A4) The number of samples n and dimension d both go to infinity with fixed ratio o = n/a, called
hereafter the sample complexity. The number of clusters K is finite.

(A5) The fixed point of the set of self-consistent equations Eq.(9.8) exists and is unique.

As specified by assumption (A1), our proof does not apply to any convex problem. We discuss
this assumption further in Appendix 10.4. We also comment on the existence and uniqueness of
the solution to the set of self consistent equations Eq.(9.8) in Appendix 10.4. Before proceeding
further, let us specify a useful notation. Suppose that the matrix G = (G;)r € RE*? is given,
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Theorem 17 (Concentration properties of the estimator). Let ErelK] ™~ N(0,1Ik) be collection of
K -dimensional standard normal vectors independent of other quantities. Let also be {2y} a set of K
matrices, 2y, € REXA with i.i.d. standard normal entries, independent of other quantities. Under
the set of assumptions (A1-A5), for any pseudo-Lispchitz functions of finite order ¢; : REXd —

R, g9 : REX" 5 R the estimator W* and the matriz Z* = ﬁW*X verify:

$1(W*) —L— Bz [61(G)] $2(Z*) —L— E¢ [¢2(H)] | (9.6)

n,d—+oo n,d—+o00

where we have introduced the proximal for the loss:

h, =Vi/? Prox (V%) eRE,  wp=Mi+b+Q)/%,, (9.7)

(e, V}/ %)

and H € REX" js obtained by concatenating each hy, ppn times. We have also introduced the
matriz prozimal G € REx4:

G=A?0 Prox (A20B), A'=Y V0%, BEZ(ukth—i—Ek@\/Qk@Ek).
k k

r(A%QO)

The collection of parameters (Qk,Mk,Vk,Qk,ﬁlk,vk)ke[K] is given by the fized point of the fol-
lowing self-consistent equations:

Q= éEE[GEkGT] Qk = OépkEg [fkf];r}
. 1

V= —aprQy, *Ee [kaT] (9.8)
1y, = appEe [fy]

where £}, = V,;l(hk — wy,), and the vector b* is such that 3, prEe [Vif] = 0 holds.

The purpose of this statement is to have an asymptotically exact description of the distribution
of the estimator, where the dimensions going to infinity are effectively summarized as averages over
simple, independent distributions. Those distributions are parametrised by the set of finite-size
parameters (Qg, My, Vi, Qk, my, Vk) ke|k) that can be exactly evaluated and have a clear interpre-

tation. Indeed, the parameters (My, my) and (Qg, Qk) respectively represent means and covariances
of multivariate Gaussians (combined with the original gy, %), and the (Vy, V},) parametrise the
deformations that should be applied to these Gaussians to obtain the distribution of W*, Z*. The
distribution is characterized in a weak sense with concentration of pseudo-Lipschitz (i.e., sufficiently
regular) functions, whose definition is reminded in the Chapter 10. From this result one can work
out a number of properties of the weights W*, e.g., training and generalisation error, but also
hypothesis tests as done in [77] for the LASSO. Due to the generality of the statement, no direct
simplification is possible. However, we will see that in certain specific cases all quantities can be
greatly simplified. This is notably the case for diagonal covariance matrices and separable estima-
tors and observables ¢1, ¢2, where the sums over high-dimensional Gaussians concentrate explicitly
to one-dimensional expectations. For instance the results of [283, | can be recovered as special
cases of the present work. Theorem 17 then allows to obtain the asymptotic values of the generali-
sation error, of the training loss and of the training error. Their explicit expression is given in the
following Theorem.
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Theorem 18 (generalisation error and training loss). In the hypotheses of Theorem 17, the training
loss, the training error and the generalisation error are given by

K K K

o=y prBell(er,hy)l, e =1-23 pBelie(hr)], e =1-) pEe[gr(wr)]. (9.9)
k=1 k=1 k=1

The case of ridge regularisation and diagonal 3; The general formulas given above can be
remarkably simplified under some assumptions about the choice of the regularisation and about the
structure of the covariance matrices ¥j. This is the case for instance for the ridge regularisation
r(W) = |W|%/2 and jointly diagonalizable covariances. In this case, Theorem 17 simplifies as
follows.

Corollary 3. Under the hypotheses of Theorem 17, let us further assume that a ridge requlari-

sation is adopted, r(W) = |W|2%/2, and that the covariance matrices Xy, have a common set of
orthonormal eigenvectors {v;}¢,, so that, for each X = Y%, oFv;v]. Let us also introduce,
in the d — +oo limit, the joint distribution for the K-dimensional vectors o = (o', ... ,O’K) and
— (1 K

r = (,U, Ry )7

1 s T d—+

22 [L 00" = a)o(u* = Vi vi) === p(o. p). (9.10)

i=1 k=1

Then, the first three saddle point equations in eqs. (9.8) take the form

A\ -2 ;o A
Qi =Eop |oF ()\IK +35, O'KVk) (Zm/ et mm], + K UHQk)} ;
A —1
My = Eq 0 | 1fF ()\IK + 3K, UKV;C> K ,ﬁmn} , (9.11)

Vi =Eq,, |0 ()\IK +YK a“vk)_l} :

Narrative of the proof The proof is detailed in Chapter 10. It overcomes problems that existing
methods, notably convex Gaussian comparison inequalities [283], have yet to be adapted to. The first
main technical difficulty resides in the estimator of interest being a matrix learned with non-linear
functions. This makes it impossible to decompose the problem on each row of the estimator, which
must be characterized in a probabilistic sense directly as a matrix. The second main difficulty is
brought by the mixture of arbitrary covariances. Intuitively, the covariances correlate the estimator
with the individual clusters, and therefore the correlation function cannot be represented by a
single quantity. In our proof, these points are handled using the AMP and related state-evolution
techniques [12, 28, 29, |. The main idea of the proof is to express the estimator W* as the limit of
a convergent sequence whose structure enables the decomposition of all correlations and distributions
in closed form. AMP iterations can handle matrix valued variables [15, ], correlations in block-
structure [135], non-separable functions [188, 37] and compositions of the previous three, leaving
a large choice of possibilities in their design. We thus reformulate the problem in a way that
makes the interaction between the estimator and each cluster explicit, effectively introducing a
block structure to the problem, and isolate the overlaps with the means {p;}. We then design a
matrix-valued sequence that obeys the update rule of an AMP sequence, in order to benefit from its
exact asymptotics, and whose fixed point condition matches the optimality condition of the ERM
problem, Eq. (9.2). Our proof builds on the spatial coupling framework in the AMP literature
[154, 135], which shows that the effect of random matrices defined with non-identically distributed
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blocks can be embedded in an AMP iteration while explicitly keeping the effect of each block. The
non-linearities are then obtained by a block decomposition of the proximal operators defined on sets
of matrices, acting on different variables of the AMP sequence and representing the effect of each
cluster. The convergence analysis is made possible by the convexity of the problem: the sequence is
defined with proximal operators of convex functions which are roughly contractions, and results in
converging sequences when combined with the high-dimensional properties of the iteration. It is also
interesting to note that the replica method, although heuristic, yet again gives the correct prediction
without any hindering from the aforementioned main difficulties, as detailed in the Appendix of the
original paper.

Universality AMP-type proofs are amenable to both finite sample size analysis and universality
proofs. For instance, in [251] it is shown that simpler instances of AMP for the LASSO exhibit
exponential concentration in the system size, and the i.i.d. Gaussian assumption can be relaxed to
independently sampled sub-Gaussian distributions, as shown in [27, 62]. Although these results do
not formally encompass our case, their proof method contains most of the required technicalities,
and it should be possible to prove similar results in the present setting. Indeed, recent results
in [262] suggest that the formula of Theorem 17 and 18 should be universal for all mixtures of
concentrated distribution in high-dimension, not only Gaussian ones. As we discuss Sec. 9.3.3, even
real data learning curves are empirically found to follow the behavior of the mixture of Gaussians.

9.3 Results on synthetic and real datasets

In this section we exemplify how Theorem 17 can be employed to compute quantities of interest
in different empirical risk minimisation tasks in high-dimensions. In all cases discussed below,
egs. (9.8) have been solved numerically. A repository with a polished version of the code we used
to solve the equations is available on GitHub.

9.3.1 Correlated sparse mixtures

As a first example, consider a binary classification problem in which the most relevant features live
in a subspace of R%, and can be either weaker or stronger with respect to the irrelevant features.
This problem can be modelled with a Gaussian mixture model with sparse means, and where the
strong/weak directions of the covariance matrix are correlated with the non-zero components of the
means. Mathematically, we consider a data set with n independent samples (x”,3") € R% x {—1,1}
drawn from a Gaussian mixture x” ~ N (y”u,X) with diagonal covariance 3;; = 0;d;; which is
correlated with the sparse means:

d
P(N‘a O') = H {PN(M|07 1)501‘7A1 + (1 - p)éﬂi706017A2} (9'12)
i=1

where p > 0 is the fraction of non-zero entries in p. This model is closely related to the rare/weak
features model introduced by Donoho and Jin in [81]. Indeed, in the case Ay = Ay = A the
signal-to-noise ratio of the model is proportional to p/ VA, with p and A=/2 playing the roles of
the parameters € and pg setting the "rareness” and ”strength” of the features in [21].

The formulas given in Theorem 17 simplify considerably for this model (see Appendix of the
original paper), and therefore can be readily used to characterise the learning performance of dif-
ferent losses and penalties. For instance, one fundamental question we can address is when learning
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Figure 9.1: (Left) Two-dimensional projection of the Gaussian mixture introduced via Eq. (9.12)
in which the sparse directions of the means are correlated with the weak/strong directions in the
data. (Right) Fraction of non-zero elements of the lasso estimator (top) and optimal regularisation
strength (bottom) as a function of the sample complexity o = n/a for different anisotropy ratios and
fixed sparsity p = 0.1. Note that for A;/As < 1 and for low « the optimal error is achieved for

vanishing regularisation, which corresponds to the basis pursuit algorithm [61].

a sparse solution with the ¢; regularization is advantageous over the usual ¢». Figure 9.2 compares
the learning curves computed from Theorem 17 for the lasso and ridge estimators, with optimal
regularisation strength A*(a) = argmin €4(c, A) at fixed sparsity p = 0.1. We can see that lasso
performs considerably better than ridge in the regime where A /Ay < 1, while it achieves a similar
performance when A;/Ay 2 1. This is quite intuitive: the sparse directions are uninformative, and
therefore learning the relevant features is better when they are stronger. Figure 9.1 (right) shows
how the sparsity of the learned estimator W* and the optimal regularisation A* depends on the
sample complexity o = n/d. Interestingly, for A;/Ay = 0.1 or lower there is a region of small «
in which basis pursuit (A = 07) [(1] is optimal, and the sparsity of the estimator has a curious
non-monotonic behaviour with «.

9.3.2 Separability transition for the cross-entropy loss

We now consider the problem of classifying points of K Gaussian clusters using a cross-entropy loss

Zyk In —p— Z e (9.13)
k=1 rK=1

Using the results of Theorem 18, we estimate the dependence of the generalisation error €, on the
sample complexity « and on the regularisation A\. We assume Gaussian means p;, ~ N (0,15/d) and
diagonal covariances ), = ¥ = Al,. Finally, we adopt a ridge penalty, 7(W) = [[W||%/2, and we
focus on the case of balanced clusters, i.e., pp = 1/K for the sake of simplicity.

Separability transition In Fig. 9.3 (left top) we plot the generalisation error e, as function
of o for 2 < K < 5 and A = 1074 The smooth curve is obtained solving the fixed point
equations in Theorem 17 and plugging the results in the formulas in Theorem 18. The results
of numerical experiments are obtained averaging over 10? instances of the problem solved using
the LogisticRegression module in the Scikit-learn package [229]. An excellent agreement is
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Figure 9.2: Learning curves for the sparse mixture model defined via Eq. (9.12) at fixed sparsity
p = 0.1, comparing the performance of the ridge (blue) and the lasso (orange) estimators at optimal
regularisation strength A\* and for different anisotropy ratio Aj/Ag (here A; = 0.1 and we vary
Ay). Full lines denote the theoretical prediction, and dots denote finite instance simulations with
d = 1000 using the ElasticNet module in the Scikit-learn package [229]. Above a certain sample
complexity «, we can identify two regimes: a) a A; /Ay < 1 regime in which the ¢; penalty improves
significantly over ¢9; b) a A1/Ay 2 1 regime in which the performance is similar. Interestingly, even
though the generalisation error of lasso is considerably better in a), the training loss (i.e. the mse
on the labels) is higher, & vice-versa in b).
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Figure 9.3: Classification of K Gaussian clusters in d dimensions, having Gaussian means and
¥, = X = Al; with A = 1/2. In all presented cases, a quadratic regularisation has been adopted.
Numerical experiments have been performed using d = 10%. (Left) Generalisation error ¢, (top)
and training error € (bottom) as function of a at A = 10~%. Theoretical predictions (full lines) are
compared with the results of numerical experiments (dots). Dash-dotted lines of the corresponding
color represent, for comparison, the Bayes-optimal error. The results of numerical experiments are
in agreement with the theoretical predictions in all cases. (Center) Separability transition o as a
function of K in the same setting for different values of A. (Right) Dependence of the generalisation
error on the regularization A for K = 3 and A = 1/2 in the balanced case, p = /K.
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observed. For each pair (K,A) and for vanishing regularisation A — 0% we observe a double-
descent-like behaviour in the generalisation error. Indeed, the cusp o (A) in the generalisation
error corresponds to the point in which the cross-entropy estimator ceases to perfectly interpo-
late the data, revealing the existence of a separability transition of the type discussed in [53] for
Gaussian i.i.d. data. As stressed therein, a phase of perfect separability of the data points cor-
responds to a regime in which the maximum-likelihood estimate does not exist with probability
one. This is visible, in the same figure (left bottom), from the training error ¢; that is identically
zero for a < o, and strictly positive otherwise. Our result extends the observations in [73, 1,
where an analytic expression for a3 has been given in the case of for K = 2, u; = —p, Gaus-
sian vector, generalising the classical result of Cover [66]. The separability transition point aj
decreases with A and increases with K, showing that for larger K it is easier to separate the dif-
ferent clusters: this intuitively follows from the fact that, at fixed o and A, each cluster is given
by @d/K points, i.e., fewer for increasing K and therefore easier to classify, see Fig. 9.3 (center).

The role of regularisation In Fig. 9.3 (right) 5 0.42 \/ 0.17

we compare the performances of the cross-entropy ® ~ 1| o1

loss with respect to the Bayes-optimal error (de- %0‘40 a=3 | g1s|__ musr
tailed in the appendix of the original paper) for B 38 05wl — §a=-Mll:\11IST
different strength A of the regularisation, assuming g

all identical diagonal covariances X = X = Aly. 0.36 \—/— o3

In the case of balanced clusters (i.e., py = 1/K for regllﬁ;isation 10? 10_3re;3;isé}t‘i’;

all k) it is observed that the generalisation error
approaches the Bayes-optimal error for A\ — +oc.
The same phenomenology has been observed in
[78, | in the K = 2 case with opposite means
and generic loss, and in [283] for K > 2 for
the square loss. Using the concentration results
of Section 9.2, we investigated the robustness of
this result in the case of balanced clusters but
with different covariances and various losses. First,
we considered two opposite balanced clusters with
21 = Alld and 22 = AQIQ’ Al 75 AQ, and we
estimated the generalisation error at fixed sample
complexity as function of A\ € [107%,10?] using ridge regression. As shown in Fig. 9.4 (left), the
regularisation strength optimising the error is finite, and in particular depends on the sample com-
plexity. This situation is closer to what is observed in real problems with balanced data analysed
using logistic regression. Indeed, using the covariances from real data sets such as MNIST or
Fashion-MNIST yields a similar behaviour, see Fig. 9.4 (right), with an optimal A that is found to
be finite.

Figure 9.4: (Left.) Generalisation error ob-
tained using ridge regression in the case of two
balanced Gaussian clusters having 3; = %OId
and Yo = WIOId as function of A for different
values of the sample complexity «. (Right)
Generalisation error ¢, as a function of \ at
fixed « in the binary classification of MNIST
and in the FashionMNIST via logistic regres-

sion (see Sec. 9.3.3 for details).

9.3.3 Binary classification with real data

A recent line of works has reported that the asymptotic learning curves of simple regression tasks
on real data sets can be well approximated by a surrogate Gaussian model matching the first
two moments of the data [15, , |. However, this analysis was fundamentally restricted to
least-squares regression, and considerable deviation from the Gaussian model was observed for
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Figure 9.5: Generalisation error and training loss for the binary classification using the logistic
loss on MNIST with A = 0.05 (left) and on Fashion-MNIST with A = 1 (right). The results
are compared with synthetic data produced from the corresponding Gaussian mixture, and the
theoretical prediction.

classification tasks [176]. Authors of [262] have shown that realistic-looking data from trained
generative adversarial networks behave like Gaussian mixtures. Here, we pursue these observations
and investigate whether Theorem 18 can be used to capture the learning curves of classification
tasks on two popular data sets: MNIST [158] and Fashion-MNIST [298]. Our goal is to compare
the performances of some classification tasks on them with the predictions provided by the theory
for the Gaussian mixture model.

Both data sets consist of ny; = 7 x 10 images ®* € RY, d = 784. Each image %" is associated
to a label g# = {0,1,...,9} specifying the type of represented digit (in the case of MNIST) or item
(in the case of Fashion-MNIST). In both cases, we divided the database into two balanced classes
(even vs odd digits for MNIST, clothes vs accessories for Fashion-MNIST), relabelling the elements
%* with y* € {—1,1} depending on their class, and we selected n < nyot elements to perform the
training, leaving the others for the test of the performances. We adopted a logistic loss with ¢
regularisation. First, we performed logistic regression on the training real data set, then we tested
the learned estimators on the remaining ni,s — n images. At the same time, for each class k of
the training set, we empirically estimated the corresponding mean g, € R? and covariance matrix
3, € R¥™4 We then assumed that the classification problem on the real database corresponds
to a Gaussian mixture model of K = 2 clusters with means {p, }rc[2) and covariances {3} rea-
Under this assumption, we computed the generalisation error and the training loss predicted by the
theory inserting the empirical means and covariances in our general formulas. The results are given
in Fig. 9.5, showing a good agreement between the theoretical prediction and the results obtained
on MNIST and Fashion-MNIST. In Fig. 9.5 we also plot, as reference, the results of a classification
task performed on synthetic data, obtained generating a genuine Gaussian mixture with the means
and covariances of the real data set.

Interestingly, this construction can also be used to analyse the learning curves of classification
problems with non-linear feature maps [170], e.g. random features [235]. In this case, we first apply
to our data set a feature map x* = erf(Fx*), where F € RP*? has i.i.d. Gaussian entries and the
erf function is applied component wise. The classification task is then performed on the new data
set {(x”,9")}veln), the new data points x” living in a p-dimensional space. We denote v = r/d. We
repeat the analysis described above in this new setting. Our results are in Fig. 9.6 for different
values of 7. Once again, the generalisation error and the training loss are shown to be in a good
agreement with both the theoretical prediction and the synthetic data sets obtained plugging in our
formulas the real data means and the real data covariance matrices.
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Figure 9.6: Generalisation error and training loss for the binary classification using the logistic on
MNIST at A = 0.05 (left) and on Fashion-MNIST at A = 1 (right) in the random feature setting,
for different values of «, ratio between the number of parameters and the dimensionality of the
data. The results are compared with synthetic data produced with the same v, and the theoretical
prediction.



Chapter 10

Proofs for the Gaussian mixture

This appendix presents the proof of the main technical result, Theorem 17. Throughout the whole
proof, we assume that the set of conditions from Sec. 9.2 is verified.

10.1 Required background

In this Section, we give an overview of the main concepts and tools on approximate message passing
algorithms which will be required for the proof.

We start with some definitions that commonly appear in the approximate message-passing lit-
erature, see e.g. [28, , 37]. The main regularity class of functions we will use is that of pseudo-
Lipschitz functions, which roughly amounts to functions with polynomially bounded first derivatives.
We include the required scaling w.r.t. the dimensions in the definition for convenience.

Definition 15 (Pseudo-Lipschitz function). For k, K € N* and anyn,m € N*, a function ¢p: R™*K —
R™*K s called a pseudo-Lipschitz of order k if there exists a constant L(k, K) such that for any
X,y € RnXK}

p(x) — d(¥)p e\ (Il ’f) Ix - ylp
NG gL(k,K)(H(\/ﬁ) +<\/ﬁ> Tn (10.1)

where ||| denotes the Frobenius norm. Since K will be kept finite, it can be absorbed in any of
the constants.

For example, the function f: R"” — R, x %HXH% is pseudo-Lipshitz of order 2.

Moreau envelopes and Bregman proximal operators — In our proof, we will also frequently
use the notions of Moreau envelopes and proximal operators, see e.g. [2241, 25]. These elements of
convex analysis are often encountered in recent works on high-dimensional asymptotics of convex
problems, and more detailed analysis of their properties can be found for example in [281, ].
For the sake of brevity, we will only sketch the main properties of such mathematical objects,
referring to the cited literature for further details. In this proof, we will mainly use proximal
operators acting on sets of real matrices endowed with their canonical scalar product. Furthermore,
proximals will be defined with matrix valued parameters in the following way: for a given convex
function f: R™X — R, a given matrix X € R¥*X and a given symmetric positive definite matrix

214
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V € REXE with bounded spectral norm, we will consider operators of the type

i‘rerdriizr(l {f(T) + %tr ((T - X)V (T - X)T)} (10.2)

This operator can either be written as a standard proximal operator by factoring the matrix V!
in the arguments of the trace:

Prox (XV~1/2)y1/2 ¢ pixK (10.3)
f(eV1/2)

or as a Bregman proximal operator [24] defined with the Bregman distance induced by the strictly
convex, coercive function (for positive definite V)

1
X — §tr(XV_1XT) (10.4)
which justifies the use of the Bregman resolvent

arg min {f(T) + %m« ((T-x)v'(T - X)T)} — (1d+ 0f (o) V)" (X) (10.5)
TeRde

Many of the usual or similar properties to that of standard proximal operators (i.e. firm non-
expansiveness, link with Moreau/Bregman envelopes,...) hold for Bregman proximal operators
defined with the function (10.4), see e.g. [24, 26]. In particular, we will be using the equivalent
notion to firmly nonexpansive operators for Bregman proximity operators, called D-firm operators.
Consider the Bregman proximal defined with a differentiable, strictly convex, coercive function
g: X — R, where X is a given input Hilbert space. Let T be the associated Bregman proximal of
a given convex function f: X — R, i.e., for any x € X

T(x) = argmin { f(x) + Dy(x,y)} (10.6)
yeX

Then T is D-firm, meaning it verifies
(Tx =Ty, Vyg(Tx) = Vg(Ty)) < (Tx — Ty, Vg(x) — Vg(y)) (10.7)

for any x,y in X.

Gaussian concentration — Gaussian concentration properties are at the root of this proof.
Such properties are reviewed in more detail, for example, in [37, .

Notations — For any set of matrices {Aj, € R™*d% }ke[ K] we will use the following notation:
Ay

_ K oy )X (X i)

= [Ap; € RiZn=1 k=1 (10.8)

Ak
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where the terms denoted by (%) will be zero most of the time.
For a given function ¢: R™>*K — R>*K we write :

¢'(X)
pX)=| : | eRME (10.9)
¢"(X)
where each ¢': R”K — RE . We then write the K x K Jacobian
91(X) . 9¢1(X)
X1 X i
a 7 J J
8;’2 (X) = : : e REXE (10.10)
9% (X) . 9% (X)
X1 XK

For a given matrix Q € REXK we write Z € R™% ~ N(0,Q ® I,,) to denote that the lines of
Z are sampled i.i.d. from N(0,Q). Note that this is equivalent to saying that Z = 7ZQ'/? where

~ P
Z € R™X is an ii.d. standard normal random matrix. The notation ~ denotes convergence in
probability.

Approximate message-passing — Approximate message-passing algorithms are a statistical
physics inspired family of iterations which can be used to solve high dimensional inference problems
[300]. One of the central objects in such algorithms are the so called state evolution equations, a low-
dimensional recursion equations which allow to exactly compute the high dimensional distribution
of the iterates of the sequence. In this proof we will use a specific form of matrix-valued approximate
message-passing iteration with non-separable non-linearities. In its full generality, the validity of
the state evolution equations in this case is an extension of the works of [135, 37] included in [110].
Consider a sequence Gaussian matrices A (n) € R"*? with i.i.d. Gaussian entries, A;;(n) ~ N(0, 1/d).
For each n,d € N, consider two sequences of pseudo-Lipschitz functions

{hy : RVK SRRy {e : RUK 5 RO oy (10.11)
initialized on u® € R¥¥ in such a way that the limit
0
lim dH ) Teo(u )HF (10.12)
exists and it is finite, and recursively define:
= AThy(vh) — e;(u')(h}) " (10.13)
vl = Ae;(u') — h,g,l(vt_l)(egT (10.14)

where the dimension of the iterates are ut € R¥ K and vt € R® X, The terms in brackets are
defined as:

Z gil c REXK / Z glef c REXK (10.15)

We define now the state evolution recursion on two sequences of matrices {Qy s }sr>0 and {Qy s }sr>1
initialized with Qg = limg_, éeo(uO)Teo(uO):

! A A
Qrirs = Querr = lim ~F [eu(2°) Ter (2] € R (10.16)

. . 1
Q101 = Qurrons = Jim —F [h(2°) Thy(2)] € R (10.17)
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where (Z()’ R Ztil) ~ N(07 {Qr,s}Oér,sét—l ® In)7 (le R Zt) ~ N(07 {Qr,s}lér,sit ® Id) Then
the following holds

Theorem 19. In the setting of the previous paragraph, for any sequence of pseudo-Lipschitz func-
tions ¢y, : (RME x RXEYE 3 R for n,d — +o0:

Gn(u’,v0,ul, vt .. viTuh) LE {gbn (uo, VANVAN/ AR o) Zt)} (10.18)
where (ZO’ R Zt_l) ~ N(O, {Qr,s}ogr,sgt—l ® In)v (217 R Zt) ~ N(O, {Qr,s}lgr,sgt b2y In)

Spatial coupling As a final premise to our proof, we give the intuition on how to handle a specific
form of block random matrix in an AMP sequence. Consider the iteration (10.13), but this time
with a Gaussian matrix defined as:

A= , e R Kd (10.19)
Ak

where A, € R™*? and Zﬁ(zl ni = n, which leads to the following form for the products between
matrices and non-linearities:

Ai'—hl’t(vt) Alel,t(ut)
ATh ( t) A;—hgﬂg(vt) Agegﬂg(ut)
t\V ) = . .

€ REE  Aey(uy) = c RK (10.20)

A}h}gt(vt) AKeKt(ut)

where the blocks hy, ;(v!) € R"*K e, ,(u;) € R*K may depend on their full arguments or only the
corresponding blocks depending on their separability. This iteration can be embedded as a subset
of the iterates of a larger sequence defined with the full version of the matrix A and non-linearities
defined as:

2 2
e : RKdXK — ]RKdXK

e]_,t (.)
ey (@ 0
generates 2(0) (0) e REdxK? (10.21)
(0)
L eK7t (.)
ht SRnXK2 —>RnXK2
hy (o)
h2 o 0
generates +(®) ( ) e R K? (10.22)
(0) '
i h (o)

The original iteration is recovered on the block diagonal of the variables of the iteration. This new
setting, however, introduces a richer correlation structure, since each block will be described by a
different K x K covariance according to the state evolution equations. Formally, the new covariance
will be a K2 x K? block diagonal matrix. Also, the shape of the Onsager term changes from a matrix
of size K x K to one of size K? x K? with a K x (K x K) block diagonal structure.
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10.2 Reformulation of the problem

We start by reformulating problem (9.2) in a way that can be treated efficiently using an AMP
iteration. With respect to the main part of this paper, we will consider the estimator W € R4*K
instead of RE*4, The normalized (so that the cost does not diverge with the dimension) problem
(9.2) then reads:

1 1
i (LY, —XW +b W 10.23
WER%%eRKd< < v )*“ >> (10-23)

where we have introduced the function L : R®*K x R"*K — R acting as

1 n Wx¥
Y, XW+b) =30 (yV, +b), 10.24
(v LA (10-24)

the matrix Y € R™X of concatenated one-hot encoded labels, and the matrix of concatenated
means M € RE*? (in the main we took the transpose M € R?¥X). Until further notice, we will
drop the scaling % for convenience and study the problem

1
i LIY,—XW-+b W 10.25
el L (Y SXW b ) (W) (1025)

We will write Ly, the application of £ on each row of a sub-block in R™* X Without loss of generality,
we can assume that the samples are grouped by clusters in the data matrix, giving the following
form for X € R"*¢  separating the mean part YM and centered Gaussian part :

X =YM + Z% € R4 (10.26)
where we have introduced the block-diagonal matrix Z and the Kd x d full-column-rank matrix 3

Z, 2}/2

1/2
Z (0) c R4 3= 2 c REdxd, (10.27)

N
|

Zi Sk

Here (Z1,...,Zg) € RM*% x ... x R™*4 are independent, i.i.d. standard normal matrices.
The product between the data matrix and the weights W € R4*X then reads:
1/2
Y MW +Z,3%"W
XW = YMW + ZXW = : € RK (10.28)
Y MW + Z W
where each Y, € R™*4 is a ny copy of the same label vector. Defining now W = W, observe

that _ -
W=3XW — W=X"W, (10.29)

where

24—

K —1
(Z zk> =T (10.30)
k=1
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is the pseudo-inverse of the matrix 3. The optimization problem (9.2) is thus equivalent to

1 - -
inf L Y, MW + ZW,b>+r STW 10.31
WERK?KZ (VMW + —=ZWeb )+ 1 (W) (10.31)
beR

Introducing the order parameter M = \}MW € REXK we reformulate Eq.(10.31) as a constrained

optimization problem :

inf L YM+ZW>+r StwW 10.32
Mkazlk(k W) 1 (SHW) (10.32)
1 -
st. —MXIXtTW =M
Vd

whose Lagrangian form, with dual parameters M e RExK , reads

1 -
inf su LY M+—Z W)+r STW) + tr (MT (M— ME*W)). 10.33
M, Wb Mpkz:l k( F Nz ( ) Vd ( )

This is a proper, closed, convex, strictly feasible optimization problem, thus strong duality holds

and we can invert the order of the inf-sup to focus on the minimization problem in W for fixed
M, M, b:

/1 - . -
inf L|(—=ZW | +7W 10.34
wlih L (72W) + 709 1039
where we defined the loss term
L:R™5 SR
1 - . K 1 - K 1 - (10.35a)
—7ZW — Ly (YkM + Zka) = 14 (|:YkM + Zka:| )
idlial> va 22 AW,
and the regularisation term
P REDHE SR
- - . - 10.35b
W r (BFW) + b (MT (M - \}amzﬁw)) ( )

where ZTW = YK | E,i/QWk and Z = [Zk] ', € R Ed g aniid. standard normal block diagonal
matrix as in Eq. (10.27).

10.3 Finding the AMP sequence

We now need to find an AMP iteration relating to W that solve the optimization problem in
Eq. (10.34). Although this section is not written as a formal proof, all steps are rigorous. The aim
is to give the reader the core intuition on how the AMP iteration is found, otherwise the solution
may feel “parachuted”. The reader uninterested in the underlying intuition may directly skip to the
next section. In order to find the appropriate sequence two key points must be considered :

o the fixed point of the sequence has to match the optimality condition of Eq. (10.34);
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o the update rule of the sequence should have the form Eq. (10.13) for the state evolution
equations to hold.

These two points completely determine the form of the iteration. In the subsequent derivation, we
absorb the scaling ﬁ in the matrix Z, such that the Z; € R™*? have i.i.d. N(0,1/d) elements.

Resolvent of the loss term — Going back to problem Eq. (10.34), its optimality condition will
look like :

z] 0Ly (Z1 W)
Z; (0) 0Ly (Z3yWo2))

Z'OL(ZW) + 0F(W) = 0 «— 0

' +0F(W) =0 (10.36)
Z}| |0Lk(ZxWi))

where each Zj € R™*? and the subdifferential of L is separable across blocks of size nj X d,
and 07(W) € REK?K  Following the intuition of spatial coupling, we introduce the full matrix
Z € R™HKd with ii.d. N(0,1/d) entries. The optimality condition can then be written on the
diagonal of a Kd x K? matrix:

OL1(Z; W)

4T 0L (ZaW3)  (0)

+ ) =0 (10.37)

where 07(W)}, represents the k-th block of the subdifferential of 7 which is non-separable across the
blocks of W. To make the resolvents /proximals appear, we add the argument of the subdifferentials
on both sides weighted by a (symmetric) positive definite matrix S, € RE*X which will be used to
allow for Onsager correction while respecting the fixed point condition. Using the notation defined
in section 10.1
[zgaik(zkwk)r( + [af(W)}K =0
k=1 k=1

K

< [Z;aik(z,&wk) + ZngVNVkS,QI} + [8?(‘7\7)} = [Z;kakslzl}K

o (10.38)

k=1 k=1

for a given set of positive definite matrices {Sk}ke[K]- Again, the reason for introducing different
S on each block is to match the expected structure of the Onsager term. We can introduce the
resolvent, formally Bregman resolvent/proximal operator:

Uy, = OL(ZeWi)Sk + Ze Wi <= Z W, =R g (Up) (10.39)
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where
R; g (Ux) = (Id+ 0Lk(e)Sk) " (Uy)
— argmin {Ek(T) ot (T - UYs; (T - Uk)T)}
TGRnkXK 2

= argmin {Lk(T) + %tr ((T — (YM + Uk))Slzl(T — (Yi:M + Uk))T)} - Y, M.
TEeR™ kXK
(10.40)

In the previous expressions 0L, € R™*K and V, € REXK_ The following formulation of the
optimality condition is reached:

[Zl—lg—Ukzslzl} Z{:I + [af(W)k} szl = [Z;—Riksk (Uk)slzl} kK:1
K ~ K
— (2] (Up =Ry, 6, (UN)) S|~ +[0F(W)] =0 (10.41)

Resolvent of the regularization term Determining the block decomposition of the subdiffer-
ential of the regularization term is less simple. We would like a block expression in the flavour
of:

o~ 1K < a1k < A 11K
OFW] + WS = (WS (10.42)
At this point it becomes clear that we cannot consider the resolvent as acting on W € REdxK
otherwise there could be only one S € RE*X and there would be a mismatch with the expected
form of the Onsager terms. As specified by the definitions Eq.(10.35), the subdifferential of 7 is
acting on the whole block diagonal matrix [Wk]szl, by way of summation due to the action of the
pseudo-inverse . We can thus consider its proximal acting on R>*5* as [W;W,..Wg] (note
that we could have also worked directly with a block diagonal matrix in RF4*K 2). Proceeding in
this way, we can directly write our expression as an application parametrized by another set of

positive definite matrices {Sy} ke[K]-
U= (d+07(e)8) (W) W =R, 4(0) (10.43)

where

R, s(0) = (1d+07(+)8) " (0)
. 1 . . (10.44)
= Tazﬁilig {’I“(T) + itr ((T -U)S T - U)T>}

where § € RE**K? plock diagonal, and U € R¥*K ®. This would lead to the equivalent optimality
condition for the regularization part:

(10.45)

a1 f a1 ooa-1]i a-11%
US' =R s(0)S! «— [0:S;']

_ Q-1

-1 [Rﬁsvk(U)Sk‘ Lc:1
We now need to figure out the block structure of this resolvent since we want to spread it across a
block diagonal matrix. Let C = Zle 3, so that 7 = C1X T, and the blocks Tj, € R¥>*K are
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the solution to the minimization problem

K
r(C7 3B T+ e (T~ 087 (T -0

min
{Th} ke x| ERIXE)K el

~ 1
+ tr (MT (M — ME*T)) 10.46
7 (10.46)
Let T = C! Zle Z],lg/ 2Tk € R¥™K and the equivalent reformulation as a constraint optimization
problem:

- 1 ~ A~ N N 1 -
min =~ r(T)+ =tr ((T=U)S™HT-U")) +tr (MT (M — MT)) 10.47
po () ((T—U)s( )) 7 (10.47)
TERdXK

K
st. T=Cc'Y 5T,
k=1
This is a feasible convex problem under convex constraint with a strongly convex term, it thus has
a unique solution and strong duality holds. Introducing the Lagrange multiplier A € R¥>*X | we get
the equivalent representation:

K
min max r(T)+ Z tr ((Tk - Ijk)glzl(Tk - ﬂk)T)

Tke[K] eRdXK )\GRdXK

< k=1
TeRdXK
. K . 1 .
i (AT (T -C ' Y 5Ty ) | +tr (MT <M - MT)) . (10.48)
= vd
The optimality condition for this problem reads:
~ 1
Op: Or(T)+A— —=M'm=0 10.49
or: (Tp—UpS;'=x’C'A  Vke K] (10.50)
K
on: T=c'Y 5’1, (10.51)
k=1
Using the gradient condition on T, we get
K
S =T - 0,8 = A (10.52)
k=1

K K
A=Y ST -00)8, = Y 5, TS - Y 5/°0,S; ! (10.53)
k=1 k=1 k=1

and prescribes the following form for T, as solution to the problem

K K

~ ~ A PN 1 ~

or(T) + 3. T8, - 3. 50,8, - —=MTM =0
k=1 k=1 \/3

R K A 1 A
= argminr(T) + - 3. 18T - (/0,8 '+ =M'M| T (10.54)
T 23 k=1 vd
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We then recover T from T = XT. Thus, defining the function
n: RIXK? _y RpdxK
- 1

K K

A ~ A ~ A A 1 ~ ~

U argminr(T) + = S T8, ' T - | Y =/°0,S, + =M M | T (10.55)
T 2 k=1 k=1 Vd

the block decomposition of the resolvent for the regularizer reads:
A 1 2 A
R, ¢, (0) =3,/*n(0) (10.56)

Matching the optimality condition with the AMP fixed point The global optimality
condition then reads:

K

2] (R, s, (U0 ~ Uy) s,;l}; = (04— Ry g, (O8] (10.57)
K

[Zka,s,k(ﬂ)}; = [Rik,sk(Uk)]kzl (10.58)

where both equations should be satisfied. We can now define update functions based on the previ-
ously obtained block decomposition. The fixed point of the matrix-valued AMP Eq.(10.13) reads:

Id + e(u)(h)" = Z h(v) (10.59)
Id + h(v)(e) " = Ze(u) (10.60)

Matching this fixed point with the optimality condition Eq.(10.57) suggests the following mapping;:

hy(Ug) = (Rik,sk(Ukz) - Uk) Syl Sk ={(e}),

) " . i (10.61)
er(U) = R; ¢, (US), Sk = —(hy) ™,

where we redefined U = US in (10.43), and the subscripts on the non-linearities are block indexes.

10.4 Proof of Theorem 17 using the AMP sequence

Following the analysis carried out in the previous section, define the following two sequences of
non-linearities, for fixed values of the parameters M, M, b and any u € R¥*K 2,v e R<K .

2 2
e : RKdXK N RKdXK

_elyt (u)
ey (u 0
. 2. (1) ( ) c REdxK? (10.62)
(0) E
i ex,: (u)
h; : RxE? _y grxK?
(hy (v1)
ho (v 0
v 2.t (V2) ( ) c R*E? (10.63)
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where Y}, € R™**K and

hkt . RnkXK N RnkXK

\ s (Rzk,vk,t (Vi) — Vk) (Vi

= <§§R$g}1{ {Ek(T) + %tr ((T — Vi) (Vi) (T = Vk:)T)} - Vk) (Via)™!

= (Proka(.(Vk’t)l/z)((YkM + Vi) (Vi) Y2 (V)Y = (YR M + vk)) (Vie)™b (10.64)

2
ek,t . RdXK N RdXK

R T 1\
u 2?2 argminr(T) + = Z 2, TV, T — <Z Ellg/Quk n MTM> T
TeRAXK 2 1 =1 \/g
1/2 Ot —
=52 n(u(V)™) (10.65)

where (Vy, Vt) € RK2XK2, are defined as the block diagonal matrices [Vk7t]k€[K] , [\Afk7t}k€[K] such
that

Vit = ((ere-1)) Vie = —((hiy)') (10.66)
using the notation from Eq. (10.15). Now define the following sequence, initialized with
u’, h~'=0,V, (10.67)
o1 ONT 0 O ++
such that dli)rgo gHeo(u ) eo(u )HF < 400 and Vg € Sj;
and recursively define
u™ = Z T Thy(vh) — ey(u’)(h)) " (10.68)
vi=Zey(u') —hy_ (v )(e)) T (10.69)

where Z € R™ %4 has ii.d. N(0,1/d) elements, and in the Jacobians defining V,V, we used the
notation from Eq. (10.10).

State evolution equations The results from section 10.3 show that the functions e’, h! are prox-
imals operators, and thus are Lipschitz continuous for all ¢ € N, along with their block restrictions.
Therefore the conditions of Theorem 19 are verified and we have the following lemma:

Lemma 43. Consider the sequence defined by Eq.(10.68), for any fived M, M, b. For any sequences
of pseudo-Lipschitz functions ¢, : RIXK* _y R, ¢2.1, : RXE? R, for any t € N*:

Sra(ul,. .. ul) 2 E [cbl,n(Hl(Ql,t)l/Q, - ,HK(QK,t)”?)} (10.70)

Gon(Vh, ..., Vi) 2 E [¢1,n(G1(Q1,t)1/2, o GK(QK,t)l/Q)} (10.71)

where the matrices Hy, € R>*E G € R XK gre independent matrices with i.3.d. standard normal
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elements, and at each time step t > 1

Q= dli}fj{loo éE [ek,t<{Hk(Qk,t)l/2(Vk,t)_l}kze[K])Tek,t({ch(Qk,t)l/z(vk,t)_l}ke[K])} (10.72)

c RKXK
Que = lim 3 b1 (Gu( Q1)) s (G(Quion) /2)] € REFK (10.73)
O
Vi = — lim 1% Ohy 4 (Gr(Qr)'?) c REXK (10.75)

’ d—+oo d = 8(Gk(Qk,t)1/2)i

where the sequence is initialized with Vo, eo, Qo0 = limg_y00 éHeo(uO)Teo(uO)HF.

Proof. Lemma 43 is a consequence of Theorem 19 whose assumptions have been verified in the
paragraph. O

Note that in Lemma 43, we have directly written the block decomposition of the state evolution
corresponding to the iteration Eq. (10.68), which involves the block diagonal matrices Qq, Qq, Vi, V¢
which are all in RE**K?, Using the notations introduced in section 10.1

N . 1K N . 1K
V=V V=V e=1Qlil, @=[Q

Also note that we do not use the full state evolution giving the correlations across all time steps,
but only use those at equal times t.

o (10.76)

Trajectories and fixed point of the AMP sequence Now that we have a sequence with state
evolution equations, the following two lemmas link the fixed points of this iteration to any optimal
solution of problem Eq.(10.34).

Lemma 44. Consider any fized point 'V, v, Q, Q of the state evolution equations from Lemma 435.
For any fized point u*,v* of iteration Eq.(10.68), the quantity

R,y (wV) = (Id+ 07(e) V1) (wV) (10.77)
is an optimal solution W* of problem Eq.( 10.34). Furthermore
R; y(v*) = (Id+ L(e)V)(v*) = ZW* (10.78)
where the block decompositions of each resolvents have been explicitly calculated in section 10.35.

Proof. Lemma 44 is a direct consequence of the analysis carried out in section 10.3. 0

At this point we know the fixed points of the AMP iteration correspond to the optimal solu-
tions of problem Eq.(10.34). Note that the resolvents/proximals linking the fixed point of the AMP
iteration with the solutions of Eq.(10.34) are Lipschitz continuous, making them acceptable trans-
forms for state evolution observables. However this does not guarantee that the optimal solution is
characterized by the fixed point of the state evolution equations. Indeed, we need to show that a
converging trajectory can be systematically found for any instance of the problem Eq.(10.34). This
is the purpose of the following lemma.
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Lemma 45. Consider iteration Eq.(10.68), where the parameters Q, Q V, V are initialized at any
fized pomt of the state evolution equations of Lemma 43. For any sequence initialized with Vo=V
and u® such that

lim leo( HTeg(u’) = Q (10.79)

d—oo d

the following holds

lim lim ‘ =0 lim lim ‘ =0 (10.80)
t—ro0 d%oo t—o00 d~>oo
Proof. The proof of Lemma 45 is deferred to subsection 10.5. O

Note that the G defined here is not the same as the G in the replica computation. Combining
the lemmas 43, 44 and 45 with the pseudo-Lipschitz property, we have reached the following lemma

Lemma 46. For any fized M,M,b, consider the fixed point (Q,Q,V,V) of the state evolution
equations from Lemma. /3. Then, for any sequences of pseudo-Lipschitz functions ¢1 p, RIXK? _y
R, ¢popn : RE 5 R, for n,d — oo

$1.0(W*) Z E [qﬁl,n (RW_1 (HQ1/2\7‘*1))} (10.81)
2.0 (ZW*) 2 E 62 (R7 v (GQ?))] (10.82)

where we remind that G = [Gk]szl JH = [Hk] =1 are block diagonal i.i.d. standard normal matrices

as in Lemma 43, and Q = [Qk]kK:1 Q= [Qk] Ly 0Te the K2 x K? block diagonal covariances.

Proof. Lemma 46 is a consequence of Lemmas 43,44,45 and applying the pseudo-Lipschitz property
along with the fact that the iterates of the AMP have bounded norm using the state evolution and
that the estimator also has bounded norm (feasibility assumption). Note that, for a generically
non-strictly convex problem, being close to the zero gradient condition does not guarantee being
close to the estimator. This is further discussed in Appendix 10.4. ]

Note that the resolvents are implicitly acting on the block diagonals of their arguments. At this
point we are quite close to Theorem 17(details for the exact matching will be given later), but we
are missing the equations on M, M, b.

Fixed point equations for M, M, b We drop the dependence on the bias term b as its solution
is very similar to the one for M, M. To obtain the equations for M, M, we go back to the complete
optimization problem

inf sup L(Y;M + Zka) +r (2+W)
M,W,b xp

+tr (MT (M — \}aMEWV)) (10.83)

where we can use strong duality to write the equivalent form
inf sup L(YyM + Z; W7}, W
g sup (VM + Zy, k)+7”( )

+ tr (MT (M - \}gMzﬂfv*)) (10.84)
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The gradients w.r.t. M, M then read:

~ 1 -
OM =M — —M=tW* 10.85
7 (10.85)
OM =M + I L(YM + ZW*) (10.86)

Uniform convergence of derivatives and conditions for the dominated convergence theorem are ver-
ified using similar arguments as in [1 76, Lemma 12]. We can thus invert limits and derivatives, and
expectations and derivatives. To facilitate taking the derivative dng, we use Lemma 46 (assuming
the normalized loss function is pseudo-Lipschitz, which is a very loose assumption verified by most
machine learning losses) to obtain, reintroducing the scaling 1/4

%L(YM +ZWH) éE [L(YM + R; (GQ'/?))] (10.87)

d—o0

Using the block decomposition from Eq.(10.40), the blocks (RE,V(GQ1/2>)k € R™*K are given by:

arg min {Lk(T) + %tr (T~ (VM + GyQY2)V (T — (VM + GkQ,i/z))T)} _vM

TERnkXK
(10.88)
Using a block diagonal representation, we can write:

CLOYM 4 R; (GQY) = SL(Ryv(YM + GQ'/%))
= éML,V(YM +GQY?)-
%tr ((RL,V(YM +GQY?) — (YM + GQV?) VIR v(YM + GQY?) — (YM + GQ1/2))T)
(10.89)
where we have introduced the Bregman-envelope [26] with respect to the distance Eq. (10.4)
ML v(YM+GQ'/?) =
min {L(T) + %tr ((T = (YM+ GQY?)V-HT — (YM + GQ1/2))T)} (10.90)
Then, using the state evolution equations from Lemma 43 and Stein’s lemma, we can write:
%L(YM +R;(GQY?)) = %ML,V(YM +GQY?) - %tr(VTQ) (10.91)
Taking the gradient w.r.t. M using the expression for the derivative of a Bregman envelope [20], we

get:
1
OML(YM + R y(GQ%) = YT (YM+GQY? - Rov(YM+GQY?)) V™ (10.92)
which prescribes, using Lemma 46

NS
M & YT (Rv(YM +GQY?) - YM + GQ'/2) V™! (10.93)
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For M, we use the block decomposition from Eq.(10.54), which simplifies the pseudo-inverse 3% in

Eq. (10.85) to give, using Lemma 46 again

p 1 A N

M ~ —Mn(HQY*V~! 10.94
7 n(HQ ) (10.94)

where the function 7 acts on the block diagonal and is defined by Eq.(10.55). Using those results

and the definition of W, the solution W* and the quantity XW* are characterized, in the pseudo-

Lipschitz sense of Theorem 17, by the fixed point of the system of equations (the first four equations

are meant for all 1 <k < K):

Q= lim E lex ({HL(QR) 2V ierm) Ter({HE(Q) 2V ieag)] € R (10.95)

d—+oo d

A 1

Qk = dEToo EE [hk(Ginm)Thk(Gin/z)} S RKXK (10.96)

d ) H.(0.)1/2

Vi lim }ZE ex({ k(QAk) }re(k)) ¢ REXK (10.97)
d=too d {3 O(H(Qx)2);

¢ LA [0hy(Gr(Qup)Y?) KxK

Vie=— lim =) El— ’ R** 10.

* dtoo d ; [ A(Gr(Qx)/2); < (10.98)
M = =B [Mn(HQV )] e RIX (10.99)
M = %YT (RLv(YM +GQ'2) — YM + GQ'/2) v~ € RFXK (10.100)

Using the explicit form of the different functions given in section 10.3 and Stein’s lemma for the
derivatives, these equations match those of Theorem 17. This completes the proof.

On the strict convexity assumption If the optimization problem defining W* is strictly con-
vex, there is only one minimizer and the provided proof is enough. Additionally it is shown in [284]
that for any loss function that is strictly convex in its argument and penalized with the ¢; norm,
provided the data is sampled from a continuous distribution, the solution is unique with probability
one regardless of the rank of the design matrix. Thus finding a point verifying the optimality con-
dition of (10.34) is also enough to complete the proof. For generic convex (non-strictly) problems
a more careful analysis could be performed in the same spirit as the one of [29]. Empirically the
result still holds.

On the uniqueness of the solution to the fixed point equations (10.95) It is possible
to reconstruct Bregman envelopes on problem (10.34) for the loss and regularization as we have
done for the loss in the previous section. We can then show that the fixed point equations (10.95)
are the optimality condition of a convex-concave problem involving both Bregman envelopes and
linear combinations of the order parameters. In the same spirit as [57, |, this problem should be
asymptotically strictly convex. This is supported by the simulations presented in the experiments
sections but left as an assumption in the main paper.

10.5 Proof of Lemma 45

This proof follows a similar argument to the one used to control the trajectory of the AMP studied
in [12]. Note that, because of the way the AMP is initialized using the fixed point of the state
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evolution equations, for any ¢ > 1 the following holds:

.1 T eo(agty] weP K2xK?
JimE le(u’)Te(u')] QeR (10.101)
1
lim —E [h(v) h(v))] 2" Q e RE*K (10.102)
d——+oo d

where

e(u') = (Id + 0?(0)\771)*1(&\7*1) h(v) = <(Id + 8£(0)V) (v') — vt> v (10.103)

then the limit we are looking for reads:

lim é”ut — ut_lHi = lim Q(Q — %tr((ut)—rut_l)

d—o0 d—o0
I S L A 1 T o t—1
dlggo gHV -V HF =2(Q - gtr((v ) v (10.104)

We thus need to study the correlation between successive iterates. At each time step, denote (Ct, Cy)
in RE**K? the correlation matrices between iterates at times t,t — 1 describing the Gaussian fields

respectively associated to uf, v’ i.e.,

lim 1tr(( HTu"t=C;  lim étr((vt)—rvt_l =C, (10.105)

d—oo d d—o00

we can then write the block diagonal Gaussian fields Zt, Z!=1, Z!, Z!=1 in RE*E? and in the fol-
lowing way

7t ~H(C)V2 +H (Q - C)Y? (10.106)
ZUN ~H(C)Y2+H(Q - C)Y? (10.107)
Z! ~ G(C)YV?2 + G (Q - Cy)'/? (10.108)
ZU ~ G(C)V?+ G (Q - ¢y 2 (10.109)

where the matrices H, H', H” are in RE¥XEK* G, G/, G” are in R"*5” and all have i.i.d. standard
normal elements. The recursion describing the evolution of these correlations then reads :

1 ~ "y A~ A ", oA A
Ci1 = JE [o(HE!? + H(Q - €)1/ Te(HE + H'(Q - C)1/2)] (10.110)
- 1 / 1"

Integrating out the independent Hl, H' first, we get
_ T
Cip1 = /RWKQ dp(H)I(H) I(H) (10.112)

where I(H) = [praxx2 al,u(H,)e(H(AZ;/2 +H'(Q — C)Y?). So C! is symmetric positive definite,
assuming the resolvents aren’t trivial. The same argument applied to C! shows it is also symmetric
positive definite. From [24], the operators

(Id+0r(e)V 1) (o) (Id+0L(e)V) (o) (10.113)
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are D-firm w.r.t. the Bregman distances induced by the differentiable, strictly convex functions
$tr(XVX ") and 2tr(XV~!XT) respectively. Recall

A,

e(u!) = (Id + 9F(e)V ") (V) h(v') = ((Id +oLe)v) (v - vt> vl (10114)

Then, using the definition of D-firm

A

(e(Z') — e(Z'71), (e(Z') — e(Z'™1)) V) < (e(Z") — e(Z'1), (2" - 21 V1V (10.115)

Adding the normalization by %, using the representation Eq.(10.106-10.109), taking expectations
and applying the matrix form of Stein’s lemma, see for example [110] Lemma 12, we get:

tr((Q — Cer1)V) < tr((Q — C,)V) (10.116)
Using a similar argument on h, we get
tr((Q — C)V) < tr((Q — C)V) (10.117)

and
tr(Cir1V) = tr(C V) (10.118)

thus the sequence tr(Cy,1V) is a bounded (above) monotone (increasing) sequence, and therefore
converges. Since V is positive definite and given the iteration defining Cy41 from C;, any fixed
point of this iteration is a fixed point of tr(CtV). Assuming there is only one fixed point to the
set of self-consistent equations Eq.(9.8) (see previous section), the proof is complete. (A similar
argument can be carried out on Ct)



Chapter 11

Fluctuations, Bias, Variance &
Ensemble of Learners:

Exact Asymptotics for Convex Losses
in High-Dimension

The results in this chatper are based on the publication [177]. From the sampling of data to
the initialisation of parameters, randomness is ubiquitous in modern Machine Learning practice.
Understanding the statistical fluctuations engendered by the different sources of randomness in
prediction is therefore key to understanding robust generalisation. In this manuscript we develop a
quantitative and rigorous theory for the study of fluctuations in an ensemble of generalised linear
models trained on different, but correlated, features in high-dimensions. In particular, we provide a
complete description of the asymptotic joint distribution of the empirical risk minimiser for generic
convex loss and regularisation in the high-dimensional limit. Our result encompasses a rich set of
classification and regression tasks, such as the lazy regime of overparametrised neural networks, or
equivalently the random features approximation of kernels. While allowing to study directly the
mitigating effect of ensembling (or bagging) on the bias-variance decomposition of the test error,
our analysis also helps disentangle the contribution of statistical fluctuations, and the singular role
played by the interpolation threshold that are at the roots of the “double-descent” phenomenon.

11.1 Introduction

Randomness is ubiquitous in Machine Learning. It is present in the data (e.g., noise in acquisition
and annotation), in commonly used statistical models (e.g., random features [233]), or in the algo-
rithms used to train them (e.g., in the choice of initialisation of weights of neural networks [210], or
when sampling a mini-batch in Stochastic Gradient Descent [10]). Strikingly, fluctuations associ-
ated to different sources of randomness can have a major impact in the generalisation performance
of a model. For instance, this is the case in least-squares regression with random features, where
it has been shown [104, 71, | that the variance associated with the random projections matrix
is responsible for poor generalisation near the interpolation peak [/, , 32]. As a consequence,
this double-descent behaviour can be mitigated by averaging over a large ensemble of learners, ef-
fectively suppressing this variance. Indeed, considering an ensemble (sometimes also refereed to as

231
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v

7

Figure 11.1: Pictorial representation of the model considered in the paper for K = 2. Two learners
with the same architecture (in gray) receive a correlated input generated from the same vector
x ~ N(04,I). The output § is an average of their outputs. While the study of an ensemble of
learners is already interesting per se, it is also pivotal to study the fluctuation between learners,
and the error steaming from the difference in the weights in random features and lazy training.

a committee [30]) of independent learners provide a natural framework to study the contribution
of the variance of prediction in the estimation accuracy. In this manuscript we leverage this idea
to provide an exact asymptotic characterisation of the statistics of fluctuations in empirical risk
minimisation with generic convex losses and penalties in high-dimensional models. We focus on the
case of synthetic datasets, and we apply our results to random feature learning in particular.

11.1.1 Setting

Let (x*, y*) € R4 x Y, u € [n] :== {1,...,n}, denote a labelled data set composed of n independent
samples from a joint density p(x,y) (e.g., Y = {—1,1} for a binary classification problem). In this
manuscript we are interested in studying an ensemble of K parametric predictors, each of them
depending on a vector of parameters wy, € RP, k € [K], and independently trained on the dataset
{(x*,y*)} uefn)- Note that even if the vectors of parameters {wy },c(x] are trained independently,
they correlate through the training data. Statistical fluctuations in the learnt parameters can then
arise for different reasons. For instance, a common practice is to initialise the parameters randomly
during optimisation, which will induce statistical variability between the different predictors. Al-
ternatively, each predictor could be trained on a subsample of the data, as it is commonly done
in bagging [51]. The statistical model can also be inherently stochastic, e.g., the random features
approximation for kernel methods [235]. Finally, the predictors could also be jointly trained, e.g.,
coupling them through the loss or penalty as it is done in boosting [251].

Our goal in this work is to provide a sharp characterisation of the statistical fluctuations of the
ensemble of parameters {Wk;}ke[K] in a particular, mathematically tractable, class of predictors:

generalised linear models,
7 7WI“1(X),...,7W1T<‘1K(X) (11.1)
VP VP
where u : R — RP, k € [K] is an ensemble of possibly correlated features and fiRE 5y

is an activation function. For most of this work, we discuss the case in which the predictors are
independently trained through regularised empirical risk minimisation:

9(x) =

1 & wuy,(xH) Ao
Wi =argmin |— » |yt —— | + =||w]| (11.2)
wekp nﬂz1 ( NG 27"
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with a convex loss function ¢: ) x R — R (e.g., the logistic loss) and ridge penalty whose strength
is given by A € RT. However, our analysis also includes the case in which the learners are jointly
trained with a generic convex penalty. This case will be further discussed in Sec. 11.4.

In what follows we will also concentrate in the random features case where ug(x) = ¢ (Fyx)
with ¢ : R — R an activation function acting component-wise and Fj, € RP*? a family of inde-
pendently sampled random matrices. Besides being an efficient approximation for kernels [235],
random features are often studied as a simple model for neural networks in the lazy and neural
tangent kernel regimes of deep neural networks [0, ], in which case the matrices Fy corre-
spond to different random initialisation of hidden-layer weights. Moreover, the random features
model displays some of the exotic behaviours of high-dimensional overparametrised models, such
as double-descent [191, | and benign overfitting [21], therefore providing an ideal playground to
study the interplay between fluctuations and overparametrisation. A broader class of features maps
is also discussed in Sec. 11.4.

To provide an exact characterisation of the statistics of the estimators in eq. (11.2), we shall
assume data is generated from a target

BTX +
y:fO ﬁ ) ONN(Odvad)7 peROv (113)
with fo: R — )Y and I; d-dimensional identity matrix. The dataset is then constructed generating
i.i.d. n vectors x* ~ N(04,14), po € [n].
An illustration summary of the setting considered here in given in Figure 11.1. Note that such
architecture can be interpreted as a two-layer tree neural network, also known in some contexts as
the tree-committee or parity machine [259].

Main contributions — The results in this manuscript can be listed as follows.

o We provide a sharp asymptotic characterisation of the joint statistics of the ensemble of empirical

risk minimisers {ty }re(x) in the high-dimensional limit where p,n — 400 with "/p kept constant,
for any convex loss and penalty. In particular, we show that the pre-activations {ﬁ)guk} ke[K] are
jointly Gaussian, with sufficient statistics obeying a set of explicit closed-form equations. Note
that the analysis of ensembling with non-square losses is out of the grasp of the most commonly
adopted theoretical tools (e.g., random matrix theory). Therefore, our proof method based on
recent progress on Approximate Message Passing techniques [135, 37, | is of independent interest.
Different versions of our theorem are discussed throughout the manuscript. First, in Sec. 11.2 for
the particular case of independently trained learners on random features (Theorem 20). Later, in
Sec. 11.4 for the general case of jointly trained learners on correlated Gaussian covariates (Theorem
21).

e We discuss the role played by fluctuations in the non-monotonic behaviour of the generalisation

performance of interpolators (a.k.a. double-descent behaviour). In particular —as discussed in
[104, 72] for the ridge case— the interpolation peak arises from the model overfitting the particular
realisation of the random weights. We show the test error can be decomposed €,(K = 1) = €, + ¢,
in terms of a fluctuation-free term €, and a fluctuation term de, responsible for the double-descent
behavior, see Fig. 11.2 for the case of max-margin classification.

e In the context of classification, we discuss how majority vote and score averaging, two popular
ensembling procedures, compare in terms of generalisation performance. More specifically, we show



CHAPTER 11. ENSEMBLING GAUSSIAN COVARIATE MODELS 234

| A=10"1
0.45 1 K=1
e 0.25 1
| — K=3
0.40 1 — K4
— K 5 0.20 A1
S 0.35
8
= 0.15 -
(5]
g 0.30 1
0.10 -
0.25 1
0.05
0.20 -
00 05 10 15 20 25 30 00 05 1.0 15 20 25 30
a~l=p/n at=p/n

Figure 11.2: Left. Test error for logistic regression with A = 10~ and different values of K as
function of P/n = 1/a with »/a = 2 and p = 1. Dots represent the average of the outcomes of 103
numerical experiments. Here we adopted ¢(z) = erf(z) and estimator f(v) = sign(>, v). Right.
Decomposition of the K = 1 test error ¢, = € + deq4 for the estimator (a), with 7/a = 2 and
A = 10"%. We plot also the contribution de, corresponding to the estimator (b): we numerically
observed that such decomposition coincides in the two cases. Note also the presence of a kink in

de4 at the interpolation transition.

that in the setting we study score averaging consistently outperforms the majority vote predictor.
However, for a large number of learners K > 1 these two predictors agree, see Fig. 11.5 (right).

e Finally, we discuss how ensembling can be used as a tool for uncertainty quantification. In
particular, we connect the correlation between two learners to the probability of disagreement,
and show that it decreases with overparametrisation, see Fig. 11.5 (center). We provide a full
characterisation of the joint probability density of the confidence score between two independent
learners, see Fig. 11.5 (left).

Related works — The idea of reducing the variance of a predictor by averaging over independent
learners is quite old in Machine Learning [124, , , ], and an early asymptotic analysis of
the regression case was given in [151]. In particular, a variety of methods to combine an ensemble
of learners appeared in the literature [216]. In a very inspiring work, [104] carried out an extensive
series of experiments in order to shed light on the generalisation properties of neural networks,
and reported many observations and empirical arguments about the role of the variance due to the
random initialisation of the weights in the double-descent curve using an ensemble of learners. This
was a major motivation for the present work. Closest to our setting is the work of [211, 71, ]
which disentangles the various sources of variance in the process of training deep neural networks.
Indeed, here we adopt the model defined by [71], and provide a rigorous justification of their results
for the case of ridge regression. A slightly finer decomposition of the variance in terms of the
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different sources of randomness in the problem was later proposed by [2]. [I71] show that such
decomposition is not unique, and can be more generally understood from the point of view of the
analysis of variance (ANOVA) framework. Interestingly, subsequent papers were able to identity a
series of triple (and more) descent, e.g., [72, 1, 60].

The Random Features (RF) model was introduced in the seminal work of [235] as an efficient
approximation for kernel methods. Drawing from early ideas of [111], [231] showed that the empirical
distribution of the Gram matrix of RF is asymptotically equivalent to a linear model with matched
second statistics, and characterised in this way memorisation with RF regression. The learning
problem was first analysed by [191], who provided an exact asymptotic characterisation of the
training and generalisation errors of RF regression. This analysis was later extended to generic
convex losses by [107] using the heuristic replica method, and later proved by [7(] using convex
Gaussian inequalities.

The aforementioned asymptotic equivalence between the RF model and a Gaussian model with

matched moments has been named the Gaussian Equivalence Principle (GEP) [115]. Rigorous
proofs in the memorisation and learning setting with square loss appeared in [231, |, and for
general convex penalties in [115, 128]. [115] and [178] provided extensive numerical evidence that

the GEP holds for more generic feature maps, including features stemming from trained neural
networks.

Most of the previously mentioned works deriving exact asymptotics for the RF model in the
proportional limit use either Random Matrix Theory techniques or Convex Gaussian inequalities.
While these tools have been recently used in many different contexts, they ultimately fall short
when considering an ensemble of predictors with generic convex loss and regularisation, along with
structured design matrices. Therefore, to prove the results herein we employ an Approximate

Message Passing (AMP) proof technique [28, 82], leveraging on recently introduced progresses in
[178, ] which enables to capture the full complexity of the problem and obtain the asymptotic
joint distribution of the ensemble of predictors. [162] studies ensembles of ordinary least-squares

learned from subsamples of a common data matrix, and shows its equivalence to an implicit ridge
regularization.

11.2 Learning with an ensemble of random features

In this section give a first formulation of our main result, namely the exact asymptotic characteri-
sation of the statistics of the ensembling estimator introduced in eq. (11.1). We prove that, in the
proportional high dimensional limit, the statistics of the arguments of the activation function in
eq. (11.1) is simply given by a multivariate Gaussian, whose covariance matrix we can completely
specify. This result holds for any convex loss, any convex regularisation, and for all models of gener-
ative networks uy: R — RP, as we will show in full generality in Sec. 11.4. However, for simplicity,
in this section and in the following we focus on the setting described in Sec. 11.1, in which the
statistician averages over an independent ensemble of random features, i.e., ug(x) = ¢(Frx). In
this case, our result can be formulated as follows:

Theorem 20 (Simplified version). Assume that in the high-dimensional limit where d,p,n — 400
with a == n/p and v = 4/p kept O(1) constants, the Wishart matriz FFT has a well-defined asymptotic
spectral distribution. Then in this limit, for any pseudo-Lispchitz function of order 2 ¢: RxRE — R,
we have

B¢

X,y)

AT AT
0 <y ; o W@gKﬂ B B e (folv), ma)], (11.4)
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where (v,mu) € REFL is a jointly Gaussian vector (v, mu) ~ N (0x 1, %) with covariance

1T
Y= (miK mQK), Q= (90— @)k + a1lk k, (11.5)
with 1x ¢ € REXE gnd 1 € RE are a matriz and a vector of ones respectively. The entries of X
are solutions of a set of self-consistent equations given in Corollary 5.

As discussed in the introduction, the asymptotic statistics of the single learner has been studied
in [107, 76, |. Their result amounts to the analysis of the estimator solving the empirical risk
minimisation problem in eq. (11.2) and it is recovered imposing K = 1 in the theorem above. For
K =1, (v,1) € R? is jointly Gaussian with zero mean and covariance ¥ = (/, 0 ).

However, such result is not enough to quantify the correlation between different learners, induced
by the training on the same dataset, which is required to compute, e.g., the test error associated
with an ensembling predictor as in eq. (11.1). For example, in the simple case where fo(u) = u and
f(v) = + Y1 U, the mean-squared error on the labels is given by €5 = E(x ) [(y—9(x))?] = p+(q0—
q1)K~! 4+ q1 — 2m, which crucially depends on the average correlation between two independent
learners' ¢; = %E[VAV{WQ] Our main result is precisely an exact asymptotic characterisation of
this correlation in the proportional limit of the previous theorem. Once m, qo and ¢; have been
determined, the generalisation error can be computed as

€9 = Bl [A (1, 9))] =55 By ) [A (fov), f()] (11.6)

for any error measure A: Y x Y — RT.
Suppose now that

F) = Jo (Il(zk:vk> (11.7)

for some fo: R — Y activation function of the single learner. In this case we can introduce the
random variable [ 4 lim K—+00 % >k tk- It is not difficult to see that the joint probability p(v, i) ~
N(04,3) where 3 = (/£ 7). This formally coincides with the joint distribution for the activation
fields for K =1 [107], but with go replaced by ¢1 < go. The smaller variance is due to the fact that
the fluctuations of the activation fields are averaged out by the ensembling process. The test error
in the K — +o00 limit is then

& = EuplAlfo(w), fo())], (11.8)
so that the fluctuation contribution to the test error for X = 1 can be defined as
Seg = E(, ) [A(fo(v), fo(p)] — . (11.9)

The term de, is by definition the contribution suppressed by ensembling and corresponds to the
ambiguity introduced by [152] for the square loss. This contribution expresses the variance in the
ensemble and it is responsible for the non-monotonic behaviour in the test error of interpolators,
also known as the double-descent behavior.

Note that since all learners are here assumed to be statistically equivalent, their pair-wise correlation is the same
on average. In the general case, discussed in Sec. 11.4, the correlation matrix Q € R¥*¥ can have a more complex
structure.



CHAPTER 11. ENSEMBLING GAUSSIAN COVARIATE MODELS 237

10!
A=10"°
— K=1 101 i
— K =2
K=4
K=6
104 K=38
o K =10 10°
: K — 400 0
g Kernel limit
5]
I
=
-1
10 1071 4
Y 1072
0.0 0.5 1.0 1.5 2.0 2.5
“t=p/n

Figure 11.3: Left. Test error for ridge regression with A = 1076 and different values of K as function
of P/n = 1/a with 7/a = 2 and p = 1. Dots represent the average of the outcomes of 50 numerical
experiments in which the parameters of the neurons are estimated using min(d, p) = 200. Here we
adopted ¢(z) = erf(x). Right. Decomposition of ¢, = €; + d¢4 in the K =1 case

11.3 Applications

We will consider now two relevant examples of separable losses, namely a ridge loss and a logistic loss.
In both cases, it is possible to derive the explicit expression of the training loss and generalisation
error in terms of the elements of the correlation matrix introduced above.

11.3.1 Ridge regression

If we assume fo(z) =z, f(v) = + 3" vk, and a quadratic loss of the type £(y,z) = 3(y — 2)?, it is

possible to write down simple recursive equations for m, gp and ¢; (see the appendix of the original
paper). Taking A(y,§) = (y — §)?, the generalisation error is easily computed as

q0 — q1 K _
= fq—2m 2T p g —2m = . (11.10)

€g=p+
Note that in this case the A — 0% limit gives the minimum /o-norm interpolator. In Fig. 11.3 we
compare our theoretical prediction with numerical results for A\ = 1076 and various values of K. It
is evident that the divergence of the generalisation error at @ = 1 is only due to the divergence of
o, whereas the contribution €;, which is independent on g, is smooth everywhere. Alongside with
the interpolation divergence, de; = go — ¢1 has an additional bump at ?/n = 4/n, which corresponds
to the “linear peak” discussed by [72].
In the plot we present also the so-called kernel limit, corresponding to the limit 7/p = a — 0 at
fixed 7/da. An explicit manipulation (see the appendix of the originaal paper) shows that ¢; = gy = ¢
in this limit. This implies that in the kernel limit elg‘ does not depend on K, being equal to
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Figure 11.4: Analytical estimation of the covariance parameters characterising the correlation with
the oracle m (left), the norm of the predictor in feature space gy and the correlation between
learners ¢ (right) (see eq. (11.5) for the definition) in a classification task using logistic loss with
ridge penalty with A = 10~ at fixed 7/d = 2 as function of P/n. In the inset, ratio ¢ /g, quantifying
the correlation between two learners. In all parameters the interpolation kink is clearly visible.

61; = p+ q — 2m. The generalisation error obtained in the kernel limit coincides with €; for p > n:
this is expected as in €, the fluctuations amongst learners are averaged out, effectively recovering
the cost obtained in the case of an infinite number of parameters.

11.3.2 Binary classification

Suppose now that we are considering a classification task, such that J = {—1,1}. For this task we
consider fo(z) = sign(x). A popular choice of loss in this classification task is the logistic loss,

Uy, x) =In(l+e "), (11.11)

although other choices, e.g, hinge loss, can be considered. Since both the logistic and hinge losses
depend only on the margin ywTu, the empirical risk minimiser for A — 0T in both cases give the
max-margin interpolator [217]. The explicit saddle-point equations associated to the logistic and
hinge loss can be found in the appendix of the original paper, but we will focus our attention on
the logistic case for the sake of brevity. For this choice of the loss, we obtained the values of m, qq
and ¢q; showed in Fig. 11.4. Using these values, a number of relevant questions can be addressed.
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Alignment of learners

Assuming that the predictor of the learner k is Ji(x) = sign(Wiux(x)), in Fig. 11.5 (center) we
estimate the probability that two learners give opposite classification. This is analytically given by

P[g1(x) # 92(x)] = Plpuipe < 0] = %arccos (Z;) . (11.12)
Note that by definition the ratio ¢i1/qo is a cosine similarity between two learners in the norm
induced by the feature space. Therefore, this provides an interesting interpretation of these suffi-
cient statistics in terms of the probability of disagreement. In particular, as illustrated in Fig. 11.5
(center) overparametrisation promotes agreement between the learners, therefore suppressing un-
certainty. More generally, ensembling can be used as a technique for uncertainty estimation [150].
In the context of logistic regression, the pre-activation to the sign function is often interpreted as
a confidence score. Indeed, introducing the logistic function ¢ (x) = (1 + exp(—p~ '/ >Wiug(x))) ™},
it expresses the confidence of the kth classifier in associating § = 1 to the input x. Therefore, it
is reasonable to ask how reliable is the logistic score as a confidence measure. For instance, what
is the variance of the confidence among different learners? This can be quantified by the joint
probability density p(e1,92) = Ex[d(¢p1 — p1(x))d(v2 — ¢2(x))], which can be readily computed
using our Theorem 20. Fig. 11.5 (left) shows one example at fixed »/n and vanishing A.

Ensemble predictors

In the previous two points, we discussed how ensembling can be used as a tool to quantify fluc-
tuations. However, ensembling methods are also used in practical settings in order to mitigate
fluctuations, e.g., [5!]. An important question in this context is: given an ensemble of predictors
{vAvk}ke[K}, what is the best way of combining them to produce a point estimate? In our setting,

this amounts to choosing the function f : RE — ). Let us consider two popular choices for the
estimator f in eq. (11.1) used in practice:

(a)  f(v)=sign <Z vk> : (11.13a)
k

(b)  f(v) =sign (Z Sign(vk)> . (11.13b)

k

In a sense, (a) provides an estimator based on the average of the output fields, whereas (b), which
corresponds to a majority rule if K is odd [121], is a function of the average of the estimators of
the single learners. For both choices of the estimator we use A(y,y) = 6y, to measure the test
error. In Fig. 11.5 (right) we compare the test error obtained using (a) and (b) for K = 3 with
vanishing regularisation A = 1074, It is observed that the estimator (a) has better performances
than the estimator (b). As previously discussed, in this case logistic regression is equivalent to
max-margin estimation, and in this case the error (a) can be intuitively understood in terms of a
robust max-margin estimation obtained by averaging the margins associated to different draws of
the random features. In the case (a) it is easy to show that the generalisation error takes the form

7T 7T

1 ( VEm ) Koo 1 (
Eg — — arccos — arccos
Vol — g1+ Kqr)

M) =, (11.14)
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Figure 11.5:  Left. Joint probability density of the confidence score ¢;(x) = (1 +

exp(—p /2wl (x)))~! of two learners for #/n ~ 0.13. Center. Probability that two learners
give discordant predictions using logistic regression as function of »/n = 1/a with 7/a = 2, p = 1, and
A = 107*. Right. Test error for logistic regression using the estimators in eq. (11.13) and K = 3,
with the same parameters. We adopted ¢(x) = erf(z). We observe that the test error obtained
using (a) is always smaller than the one obtained using (b). (Center and right) Dots represent the
average of the outcomes of 10? numerical experiments.

This formula is in agreement with numerical experiments, see Fig. 11.2 (left). Unfortunately, we
did not find a similar closed-form expression in case (b). However, we can observe that in the
K — 400 limit the generalisation error in case (a) coincides with the generalisation error in case
(b), see Fig. 11.2 (right). By comparing with the results in Fig. 11.5 (center), it is evident that the
benefit of ensembling in reducing the test error correlates with the tendency of learners to disagree,
i.e., for small values of r/n, as stressed by [152]. Finally, we observe a constant value of € beyond
the interpolation threshold, compatibly with the numerical results of [104].

11.4 The case of general loss and regularisation

In this Section we generalise our results in Sec. 11.2 relaxing the hypothesis on the loss, on the
regularisation and on the properties of the feature maps. In the general setting we are going
to consider, we denote Pg (y|z) the probabilistic law by which y is generated. For example, in
Sec. 11.2, Pyo(y|x) = d(y— fo(x)). In the treatment given here, we allow for more general cases (e.g.,
the presence of noise in the label generation). We make no assumptions on the generative networks
ug, so that the information about the first layer is contained in the following tensors,

= Ex x)® U(x)| € ® , 11.
Q= E.[JU U RPXP g REXK 1.15
b — E,[U(x)x70] € , 11.16
® = E, [U(x)xT0] € RP*K

O =& & c R gREXK, (11.17)

In the equations above, U(x) € RP*K is the matrix having as concatenated columns ug(x). We
aim at learning a rule as in eq. (11.1), adopting a general convex loss /: J) x RX — R, so that the
weights are estimated as

. 1 n R . WT m
W = argmin [~ > / (y“, dlag(U)) + Ar(W) (11.18)
WeRpxK [T p=1 \/}3
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where 7: RP*K — R is a convex regularisation, U* = U(x*) and W e RP*K matrix of the
concatenated columns {Wy}. Here, since the optimization problem defining the estimator may be
non strictly convex, the solution may not be unique. We then denote with W the unique least £o
norm solution of Eq.(11.18).

In the most general case, the statistical properties of W are captured by a finite set of finite-
dimensional order parameters, namely V, V,Q,Q € REXK and m,h € RE. These order parame-
ters satisfy a set of fixed-point equations. To avoid a proliferation of indices in our formulas, let us

introduce some notation. Let A = (A?}c,)k’]ke/[p[] K ERFP® REXEK he a tensor, and X = (X,i);ee[ﬁ}q,

Y = (Yk)zeb[v] Ky X, Y € RP*K two matrices. We will denote

= (Z A )k € REH (11.19a)

(XIAY)) : ZXI@AZJM k/)kk’ € REXK, (11.19b)
1j

(XIY) = (3o XiYe)e € RY, (11.19¢)
]

(X|A]Y) =Y XA Y] e R (11.194)
ijk

(XIY) =) X;YieR. (11.19¢)
ik

Given a second tensor B € RP*P @ REXK  we write

AB = i gV RPXP @ REXK 11.19f
lm rk'/kk
V'K
AoB:= (Y Al B0, € R @ RIXK (11.19g)
il
A OB = (AY,BY )i c RPXP g REXK, 11.19h
kk kk kk

We can now state our general result.

Theorem 21. Let us consider the random quantities € € RX and 2 € REXE with entries distributed

as N(0,1). Assume that in the high-dimensional limit where d, p,n — +00 with o :=="/p and v = d/p
kept ©(1) constants. Then in this limit, for any pseudo-Lispchitz functions of order 2 p: RxRE — R
and ¢: REXP 5 R, the estimator W verifies

Eyx) l#’ (y (W) )] /dyE(uM (ylv)e (y u)},
72 ( W\U ) /dyIEg ijo’ao)(p(yvh)}j (11.20)

@(W) = E= [¢(G)],

where U = U(x), (v, u) € R'E are jointly Gaussian random variables with zero mean and covari-
ance matrix

(v, 1) NN(01+K, (1\’3 “g)), (11.21)
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and we have introduced the proximals for the loss and the reqularisation:

u-wViu-w)
h := arg min [( )V2 ( ) + Uy, u)] ,

Ul(1,,® V) QU (11.22)
G::argm[}nl< I p’p®2 )0 2[U) —<B|U>—|—)\T(U)],

with w = QY%¢ and B = (1, @ ") © & + ((1,, ® Q) ©® Q)%E We have also introduced the

auxiliary function

B)ylr)de _ @-w?
e

Yyl 20 . 11.23
V2o ( )

and the scalar quantities wy = MTQ™Y/2¢ and oy == p—MTQ~'M. The order parameters satisfy
the saddle-point equations

2%y, p,0) =

V = —a/ dy E¢ [Zo(y,wo,ao)awf} ,
Yy
Q= a/y dyEe [2°(y,w0,00) 87 . (11.24)

«
m=— [ dyE¢|9,2°y,wo,00)f]|,
\ﬁ/y £[u (y,wo 0)}

and
A 1/2
V= 2E5<G‘D((1”’p®9)®9) ‘E>
p DQ
Q= ;EE«G\Q]G», (11.25)

1 A
M = WEE«(HG»

In the equation above we have introduced the short-hand notation f = V~'(h — w).

" ARk ! DARF
In the theorem above, for a tensor A € RP*P @ REXE  then [%]fjk — 8Q” : in the formula,

the contractions involve latin indices only. Egs. (11.24) are typically called channel equations,
because depend on the form of the loss /. Egs. (11.25), instead, are usually called prior equations,
because of their dependence on the prior, i.e., r. In the following Corollary, we specify their
expression for a ridge regularisation, r(W) = 3| W||2.

Corollary 4 (Ridge regularisation). In the hypotheses of Theorem 21, if (W) = 3||W|3, then the
prior equations are

1
V= 5<<QOA>)7
1 o )
Q= (%0 (A (A, @memT) o0+ (1,,2Q) o) A)), (11.26)
1 .
M = W«A (Ipp @M@ 1)) © O)).

In the equation above, we have used the auziliary tensor A = A(V;\, Q) = A\, @ Ix + (1,, ®
V) o Q) e RPXP @ REXK,
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11.4.1 The random feature case

Theorem 21 is given in a very general setting, and, in particular, no assumptions are made on the
features u;. We have anticipated in Sec. 11.2 that, in the case of random features, the structure
of the order parameters highly simplifies and the covariance matrix 3 is fully specified by only
three scalar order parameters for any K > 1. Here will adapt therefore Theorem 21 to the random
feature setting in Sec. 11.2, using the notation therein. The motivation of this section is to explicitly
present the self-consistent equations that are required to produce the results given in the paper.

Corollary 5. Assume that in the high-dimensional limit where d,p,n — 400 with a = "/p and v =
d/p kept O(1) constants, the Wishart matriz FFT has a well-defined asymptotic spectral distribution.
Then in this limit, for any pseudo-Lispchitz function of finite order ¢: R x REK — R, the estimator

W verifies A
. (y, «"VJ‘;»)] 2y B o (o). )], (11.27)

where (v, ) € REFL is a jointly Gaussian vector with covariance
p mill
() ~ N (0nci, (L5, "9F)) (11.28)

and Q = (qo — q1)Ix + 11k k. The collection of parameters (qo, g1, m) is obtained solving a set of
fized point equations involving the auxiliary variables (4o, ¢1,Mm,v,0), namely:

:—a/ dy E, [ ( p—q2>8 f] (11.29a)

B¢

x,Y)

2
= i/ dyE,, [@LZO (y ™ - m) f] , (11.29b)
VAN do do
2
Qo = a/ dy E., [ZO (y - m) f2] : (11.29¢)
q0 q0
2 2
q :a/ dyE,, . z0 y,mw+w P — m ffl, (11.29d)
hY qo + q1 qo + q1
v = Sff)%‘s (11.29¢)
SvU
2
S — KRy
\f N T 0s? o(s)ds, (11.29f)
2.2
_/ Qo +n;—s’us)m fx Sg(s)ds, (11.29¢g)
_ ( m2) m?2. (11.29h)

where w and W' are two correlated Gaussian random variables of zero mean and E[w?] = E[w"] = qo,
Elww'] = q1. Moreover, we have introduced the proximals

| Proxye @) —w L, Proxyg. @) - (11.30)
v ’ v ’ '

(z — w)?
2v

with

Prox,(y,e)(w) = arg min [ + {(y, x)] . (11.31)
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Finally, o(s) is the asymptotic spectral density of the features covariance matriz @ = Var(u) =
2

K31, + FFFT + k21, and the coefficients are given by ro = Ec[¢(C)], k1 = Ec[(o(C)], ks

E¢[¢%(C)] — #§ — T with ¢ ~ N(0,1).

The previous corollary recovers the results of [107], [76], and [178] when restricted to the K =1

case by marginalisation.



Chapter 12

Proofs for the ensembling

12.1 Proof of the main theorem

In this section we prove Theorem 21, from which all other analytical results in the paper can be
deduced. We start by reminding the learning problem defining the ensemble of estimators with a
few auxiliary notations, so that this part is self contained. The sketch of proof is one pioneered
in [29, 82] and is the following: the estimator W* is expressed as the limit of a carefully chosen
sequence, an approximate message-passing iteration [28, ], whose iterates can be asymptotically
exactly characterized using an auxiliary, closed form iteration, the state evolution equations. We
then show that converging trajectories of such an AMP iteration can be systematically found.

12.1.1 The learning problem

We start by reminding the definition of the problem. Consider the following generative model

1

Yy = Jo —X(]Wo,Eo 12.1

fol =Xowo. €0 (121)
where y € R", Xy ~ N(0,Zg0) € R™*4 wy € R?, €9 € R? is a noise vector and Zgg € R¥*? is a
positive definite matrix. The goal is to learn this generative model using an ensemble of predictors
W = [Wl‘Wz‘...|WK} € RP*K where each predictor wy, € RP, k € [1, K] is learned using a sample
dataset Xy € R™*P where, for any i € [1,n] and k € [0, K], we have:

E [x}(xf) ] = S (12.2)
where each sample is Gaussian and we denote :
Yoo o1 ... Yok
so [ 20 B Bk | p(Kprd)x(Kptd) (12.3)
YKo XK1 - XKK

The predictors interact with each sample dataset in a linear way, i.e. we will consider a generalized
linear model acting on the ensemble of products {Xywy} ?:1:

K

1

W* € argminL |y, —=Xpwy + 790(W) (12.4)
WeRpXK VP o1

245
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where L, rg are convex functions. We wish to determine the asymptotic properties of the estimator
W* in the limit where n,p,d — oo with fixed ratios & = n/p,y = d/p. We now list the necessary
assumptions for our main theorem to hold.

Assumptions —

e the functions £, ry are proper, closed, lower-semicontinuous, convex functions. The loss func-
tion L is pseudo-lipschitz of order 2 in both its arguments and the regularisation r( is pseudo-
Lipschitz of order 2. The cost function £(X.) 4+ r(.) is coercive.

o for any 1 < k < K, the matrix 3, € RP*P is symmetric and there exist strictly positive
constants kg, k1 such that ko < Apmin(Zk) < Anaz(Zk) < k1. We also assume that the matrix
3 is positive definite.

o their exists a positive constant C'y, such that Hfo(ﬁngo, eo)H2 < O, (H%XOWO’L + ||€0H2)

o the dimensions n, p, d grow linearly with finite ratios &« = n/p and v = d/p.

o the ground truth vector wy € R? and noise vector €y € R" are sampled from subgaussian
probability distributions independent from each other and from all other random quantities
of the learning problem.

The proof method we will employ involves expressing the estimator W* as the limit of a carefully
chosen sequence. In the case of non-strictly convex problems, the estimator may not be unique,
making it unclear what estimator is reached by the sequence (at best we know it belongs to the set
of zeroes of the subgradient of the cost function). We thus start with the following problem

W* € argmin L(y, {Xpwi ;) + ra, (W) (12.5)
WeRPXK
A
where, for any W € RP*K | ry (W) = ro(W) + ;HWH; (12.6)

i.e. we add a ridge regularisation to the initial problem to make it strongly convex. We will relax
this additional strong convexity constraint later on.

12.1.2 Asymptotics for the strongly convex problem

We now reformulate the minimization problem Eq.(12.5) to make it amenable to an approxi-
mate message-passing iteration (AMP). The key feature of this ensembling problem, outside of
the convexity which will be crucial to control the trajectories of the AMP iteration, is the fact
that each predictor only interacts linearly with each design sample, along with the correlation
structure of the overall dataset. We are effectively sampling n vectors of size (Kp + d) from

the Gaussian distribution with covariance 3, i.e. [X()’Xl’...‘XK} ~ N(0,%). We then write

{kak}i{zo = |:XOW0‘|XKWK} S RnX(KJrl), such that

W 0
(Xowo|..[Xawic| = [Xo|..| X | W = Z5!/2 [OO W] (12.7)
= 0 Wo ... 0 Kox K
where W = e R™P (12.8)
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and Z € R™*(KP+d) j5 4 random matrix with i.i.d. A/(0, 1) elements. Then, any sample {x()]xl "XK}
may be rewritten as

1/2
xo= 0% and  [xi|.[xx] = @TU a4 (0 - 0TU D) b (12.9)
1/2
Xo=AUY? and  [Xy|..|Xk]| = AU+ B (00 TU D) / (12.10)

where a € R4 b € RXP are vectors with i.i.d. standard normal components, A € R**?¢ B ¢
R™*EP are the corresponding design matrices, and the covariance matrices are given by ¥ = 3 €

R, & = [211]S15[Tnz...[ S| € RPKP and

211 212 ElK
Q- o1 X2 ... 3og c REPxKp (12.11)

The optimization problem may then be written, introducing the appropriate scalings

L Aw), \;ﬁ <A\111/2<I> +B(Q- <1>T\1:1<1>)1/2> W) +r(W)  (12.12)

W* € argmin £ (fO(\/g

WERKPXK
where we let wy = pl/ 2wy, its scaled norm pgw, = L||Wo 2 and we introduced the function
) P 0 d 2

r: REPXE R (12.13)
W = 7y, (W) (12.14)

. In order to isolate the contribution correlated with the teacher, we condition the design matrix A
on the teacher distribution y, we can write

A=E[Aly]+A-E[Aly] (12.15)
=E[A|]AWo] + A — E [A|AWy] (12.16)
= APy, + APy, (12.17)
where A is an independent copy of A, see [28] Lemma 11. The cost function then becomes

(®"wo) "

c (fo (\/ams) - \}5 Gm + APL U120 4 B (0 - cpw—lcp)l”) W) (W) (12.18)

where s = A”‘;"T(h € R" is an i.i.d. standard normal vector.
2

- 1/2
The term AP&;O\II*UQCIH—B <Q — CI)T\I/*1<I>> / can then be represented as a R™* %P Gaussian matrix
with covariance

ST VPPL U2+ 0 - T =0 — T U 2Py, U120 (12.19)
~ ~T T
-0 @ngfl/?woivv%\pflﬁ(b =0 - LZ (12.20)
[[Woll3 [[Woll3
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where we introduced ¢ = ®"wg € RX? and p. = %HCH%, reaching the cost function

( 1 ( c' cc' V2 ~
L fo(/Pwos),— | s +Z <Q — ~2> ) W) + (W) (12.21)

VP dpiw, %ol
Introducing m = \/l»WTC € RE.C = Q- ”~ H2 € REPXKP and the Lagrange multiplier v
associated to m, the optimization problem can equivalently be written
inf sup L | fo (\/pwoS) s m! 4 LZC1/2W +r(W)—v' (WTC— hdpm)
meRK WeRKPXK |, cpKk VORI D VP
(12.22)
We now look for an explicit expression of the matrix square root C'/2
O~12c(0-1/2c)T
C =02 (Id— o 5 S I A (12.23)
%ol
1/2 (pL 1/2 €113
=QY (Pé + HP@) QY2 where k=1- - 2 (12.24)
[[Woll3
= 02 (P + ViPs) (PE + ViPe) 012 (12.25)

where the positivity of k is ensured by the positive-definiteness of 3. The problem then becomes

m' /& 1 - - i
inf sup £ w0S) .S + YE7p.0V2W 4 —ZPLQV2W | 4 (W
s Sup (fo (V/Pw0S) e VP Nk (W)
T (WTC — \/dpm)

(12.26)
where Z is an independent copy of Z, see [28] Lemma 11. Then
T
fZP Q12w = VESC d (12.27)
VP VB HCHz
_ /rsS 12.28
p \//Tc (12.28)
.
gV (12.29)
pe

where § = Zﬁ is an ii.d. standard normal vector and pz = I%HéHg such that the optimization
2

problem becomes

m' 1/wfmT 1 - ~ ~ -
inf sup £ | fo (v/pwgS) , + 8 + —ZPFQ'PW | + (W) — v (W'e - /dpm
Inf su (mm )5 =t (W) - v ( Vdpm)

(12.30)
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Now let U = PéQl/ W, such that W = Q—1/2 <‘fcm + U> The equivalent problem in U reads

m' w/wim—r 1 - 1 fcm
. > = . /2 L, Tr1T A
g}gsgp/;(fo (V/PwoS) 5 8 o + 8 e + \/ﬁZU +7(Q +U|)-v U'c

(12.31)

Note that the constraint defining m automatically enforces the orthogonality constraint on U w.r.t.
¢. The following lemma characterizes properties of the feasibility sets of U, m, v.

Lemma 47. Consider the optimization problem Eq.(12.31). Then there exist constants Cy, Cm, Cy
such that

\7“UHF <Cu, [mfy <Cm, vl <G (12.32)

with high probability as n,p,d — c.

Proof. Consider the optimization problem defining W*

- ~ A ~ 112
W € argmin L(y, XW) + 7o(W) + 22| W| (12.33)
VVERKPXK 2 F

which, owing to the convexity of the cost function, verifies

1
(1 XW) (W) 2 W

) < ; (L(y,0) + 70(0)) (12:34)

The functions £ and 7y are assumed to be proper, thus their sum is bounded below for any value
of their arguments and we may write

y3 v

(L(y,0) +70(0)) (12.35)

The pseudo-Lipschitz assumption on £ and 7y then implies that there exist positive constants Cp
and Cf, such that

y5 v

< (0c (1+1vl)) + s (12.36)

1
Ce |1+ Cp||—
p(‘( "lva

where the second line follows from the scaling assumption on the teacher function fy. Hence

[ = B\H

<

2
Xowpl|| + Cfo
2

e%H)) +Cr, (12.37)

1)\2’
p 2

§ Cr <1+Cf0

N 2 Y02 a2
| [} D+ CaSlialt) + s, (12.38)
op

where [[e]|,,, denotes the operator norm of a given matrix, and we remind that A has i.i.d. A(0,1)
elements. By assumption the maximum singular value of ¥'/2 is bounded. The maximum singular
value of a random matrix with i.i.d. N(0, é) elements is bounded with high probability as n,p,d —
00, see e.g., [287]. Finally, wo and €y are sampled from subgaussian probability distributions,
thus their scaled norms are bounded with high probability as n,p,d — oo according to Bernstein’s
inequality, see e.g., [288]. An application of the union bound then leads to the following statement:
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< 12
there exists a constant Cyz; such that %HVVH2 < Oy, with high probability as n,p,d — oo. Now
using the definition of U

;HUH% = ;HPgQWWH; (12.39)
< [R¥l o 2, et

where the singular values of Pé and Q/2 are bounded with probability one. Therefore there exists
a constant Cy such that ﬁHUH < Cy with high probability as n,p,d — oco. Then, by definition

of m and the Cauchy-Schwarz inequality

Il < gl [ (12.41)
< 1012, Iwollf W] (12.42)

combining the results previously established on W and wg by the fact that the maximum singular
value of ® is bounded, there exists a positive constant Cyp, such that |ml|, < Cp with high
probability as n,p,d — oco. We finally turn to v. The optimality condition for m in problem
Eq.(12.22) gives
1 s’ sm' 1 ~
v=———— 3Ly, — + —ZCY?W* (12.43)
VAp /P < VPwo /P

The pseudo-Lipschtiz assumption on £ implies that we can find a constant Cy, such that

2
1 HSHg 2 sm " 1 1/24X
)3 = ——"—2C {1+ |yl3 + + —ZCV2W (12.44)
2 dp pw N )
the last bound then follows from similar arguments as those employed above. ]

The optimization problem Eq.(12.31) is convex and feasible. Furthermore, we may reduce the
feasibility sets of m, v to compact spaces, and the function of U is coercive and thus has bounded
lower level sets. Strong duality then implies we can invert the order of minimization to obtain the
equivalent problem

T T cm T

. . _ /YR I 5 ~1/2 V/7em TyrT =~
inf supinf £ | fo (v/pwoS) s +s + —ZU | +r(Q2 ~———+4+U|)-v U'¢c

m o, U ( (VPwo) VP Vhe /P ( pe )
(12.45)

and study the optimization problem in U at fixed m, v:
-1 -

inf L(—ZU)+7(U) (12.46)

UeRKPxK "\ /p
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where we defined the functions

L:R™>E LR (12.47)
\;ﬁZU — L (fo (\/PwrS) »8 m \/} + }U) (12.48)

7o REPE LR (12.49)
U — r(Q 2 <fcm + U)) —-v'UTe (12.50)

and the random matrix Z with i.i.d. A'(0,1) elements is independent from all other random quanti-
ties in the problem. The asymptotic properties of the unique solution to this optimization problem
can now be studied with a non-separable, matrix-valued approximate message passing iteration.
The AMP iteration solving problem Eq.(12.46) is given in the following lemma

Lemma 48. Consider the following AMP iteration

= Z Th(v!) — e (u) ()T (12.51)
vl =Zey(u) —hy_ (v 1) (e)) T (12.52)
where for any t € N
m' Yrm " m' yrm "
hy(v!) = (RL st(s +3 +v) — s + 3 +vi] ) (sH™ (12.53)
vV Prg \/176 v Pwo \/07‘:
o T o T
e(u) =R, g 1,8 (utét + Q2 TS 4+ ‘ﬁ:m > - ﬁ:m (12.54)
. ~1
and S'=((e')), 8" =-((n'))") (12.55)
Then the fized point (u™,v>°) of this iteration verifies
s T T
RT(Q_UQ_)SN u®§>® 4+ 02 T8 4 \ﬁ;m ) - ‘ﬁ;m —U (12.56)
yrm" m' _/Akm'

Rﬁ(y,.),sw(

+5 +v>®)—s S
vV Pwo v/ Pe v/ Pwo V Pe

where U* is the unique solution to the optimization problem Fq.(12.46).

= ZU* (12.57)

Proof. To find the correct form of the non-linearities in the AMP iteration, we match the optimality
condition of problem Eq.(12.46) with the generic form of the fixed point of the AMP iteration
Eq.(10.13). In the subsequent derivation, we absorb the scaling ﬁ in the matrix Z, such that

its elements are i.i.d. AN(0,1/d), and omit time indices for simplicity. Going back to problem
Eq. (12.46), its optimality condition reads :

Z"OL(ZU) 4 0r(U) =0 (12.58)

For any pair of K x K symmetric positive definite matrices S, S, this optimality condition is
equivalent to

Z" (0£(ZU)S +ZU) S~ + (07(U)S + U) §7' = 2T ZUS™" + US™! (12.59)
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where we added the same quantity on both sides of the equality. For the loss function, we can then
introduce the resolvent, formally D-resolvent:

v =0L(ZU)S +ZU < ZU =R;4(V) (12.60)
such that

R g(¥) = (Id+ 0L(e)S) ' (¥) = iregﬂgg {Z(T) + %tr ((T —¥)S7H(T - V)T)} (12.61)

Similarly for the regularisation, introduce

a=(Id+07(s)S) (U)  U=R,4(0) (12.62)

)

where S € REXK ig a positive definite matrix, and

R, §(¢) = (1d + 07(+)$) ' (¥) = argmin {f(T) tgtr((T 98T - v)T)} (12.63)

TeRKpxK

where S € RE*K ig a positive definite matrix, and ¥ € R¥ X The optimality condition Eq.(12.59)
may then be rewritten as:

(0))S~! (12.64)
ZR, 4(11) = Rz 4(V) (12.65)

where both equations should be satisfied. We can now define update functions based on the previ-
ously obtained block decomposition. The fixed point of the matrix-valued AMP Eq.(10.13), omitting
the time indices for simplicity, reads:

u+e(u)(h)" =Z h(v) (12.66)
v+h(v)(e)" = Ze(u) (12.67)

Matching this fixed point with the optimality condition Eq.(12.64) suggests the following mapping:

(12.68)

where we redefined @t = aS in (12.62). We are now left with the task of evaluating the resolvents
of L, 7 as expressions of the original functions £, r. Starting with the loss function, we get

m' Fm '
Rig(v) = arg‘c]’QanXilr(l {E <f0 (V/P#,o8) ,S\/M + g% + X) + %tr ((x —v)S7 (x — V))T}

(12.69)
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.
letting X = s\/";; + S zz;l + x, the problem is equivalent to
WO C

Ry s(v) = argmin{ £ (o (/7es) )

S(GRHXK
1 T T T T
+ —tr | (X — (s m_ gy +v)S7H(x — (s m +§\/'Wm +v)’ }
2 VP Ve VPwo NG
T T
—s 2 gV (12.70)
v/ P vq%
T T T e
=Ry, s(s o AL v)—s oy (12.71)
and the corresponding non-linearity will then be
T T T e T
h(v) = (Regs(s—m— +8Y 0 v) — (s 48V 4y ) )57 (12.72)
’ NIz Vpe Do P&

Moving to the regularization, the resolvent reads

o T
R; g(u) = argmin {7“ <Q_1/2 <\ﬁ;m + x)) —TxTQ 2 + %tr ((X WS (x - u)T) }
c

x€ERKpxK
(12.73)
letting X = \ﬁéfmT + x, we obtain
R; ¢(u) = argmin {r (9‘1/22) —v'xTQ Y% (12.74)
’ XERKPXK
1 em '\ . P P
e (o (s YV Vg5 = (g YOOy } _Vaem g g
2 pe pe pe
= argmin {7“ (9_1/25() (12.76)
XERKpxK
1 A cm' . . ém |
+atr <(>~< - (u + Q2 TS + m))s_l(i — (u + 0 V2eTS + \ﬁcm> )T> }
pe pe
(12.77)
T
_yoem (12.78)
pe
Ta, Vyem'\  Aém’
R, 1/2)5 | u+Q Per'S+ — (12.79)
v pe pe
Which gives the following non-linearity for the AMP iteration
A T Jyem’ Jyem’
e(u) = RT(Q,l/g 0.8 uS + QO Y2V 4+ — (12.80)
s Pe pe
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The following lemma then gives the exact asymptotics at each time step of the AMP iteration
solving problem Eq.(12.46) : its state evolution equations.

Lemma 49. Consider the AMP iteration Eq.(12.51-12.55). Assume it is initialized with u° such
that

limg_yeo éHeg(uO)
and any pair of seqeunces of uniformly pseudo-Lipschitz functions ¢1 p : REPXK gnd Pan R¥K
the following holds

Teo(uO)HF exists, a positive definite matriz So, andh_1 =0. Then for anyt € N,

b1 () 2 E 61, (G(Q)?)] (12.81)
don (V) 2 E [620 (H(Q)?)] (12.82)

where G € REPXE gnd H € R™K gre independent random matrices with i.i.d. standard normal
elements, and Qt, Q', VI, V! are given by the equations

.
1 ) o - o 'yle’nT 'YémT
Q- | <RT(Q_1/2.>,<W>1 (G<Qf>”2<vt> LTV VI ) o

s T T
(ermmm (G(Qtf/?(vt)—l+Q—1/2c:ﬂ<vt>—1+ﬁ;f“ )— e )] (12.83)

[ pe
Ar L m ' FRm " t—131/2 t—1\—1 !
:E[ R () —Id) | s +s +H(Q"™ A\ 12.84
Q= (( Ly v () )<\/m T THQ@™ )( ) ) (12.84)
m' Jyrkm"
Ry yvii() —Id) s +5 +H(Q!H2 ) (vi! —1} 12.85
(z:<y,>,v“() )(W N Q7 HY2 (v (12.85)
1 Ao A N _ N 'yémT
Vt:EE l(Qt) 1/2GTRT(Q*1/2.),(vz)—1 <G(Qt)1/2(Vt) 140 1/2CVT(Vt) 1+\fp~>]
(¢
(12.86)
Vt:_lE{(Qt‘l)_l/QHT (Regy vt () — 1d) (s ml fymmT—i—H(Qt_l)lﬂ
D " v/ Pwo Vpe
(th)l] (12.87)
Proof. Owing to the properties of Bregman proximity operators [24, 23], the update functions in

the AMP iteration Eq.(12.51-12.55) are Lipschitz continuous. Thus under the assumptions made
on the initialization, the assumptions of Theorem 19 are verified, which gives the desired result. [

Lemma 50. Consider iteration Eq.(12.51-12.55), where the parameters Q, Q,V,V are initialized
at any fixed point of the state evolution equations of Lemma 49. For any sequence initialized with
Vo =V and ugy such that

1
lim —ep(ug) ' ep(ug) = Q (12.88)
d—oo d
the following holds

1
=0 lim lim —Hvt—v =0 (12.89)

. . 1
lim lim —Hut —u*
F t—00 d—00 \/f)

t—00 p—00 \/Z)
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Proof. The proof of this lemma is identical to that of Lemma 7 from [175]. O]
Combining these results, we obtain the following asymptotic characterization of U*.

Lemma 51. For any fired m and v in their feasibility sets, let U* be the unique solution to the
optimization problem Eq.(12.46). Then, for any sequences (in the problem dimension) of pseudo-
Lipschitz functions of order 2 ¢y, : RV = R and ¢a,, : REPXE 5 R the following holds

S1m (U*) l%n( 20 ( GOV £ 0 2TV \chm ) _ ﬂZmTﬂ
(12.90)
2 <1ZU*> ~E lm ( (s ygVarm FHQUY) - WmT)]
"\ VP " m Ve \//Vo Ve
(12.91)

where G € REPXE gnd H € R™K qgre independent random matrices with i.i.d. standard normal
elements, and Q,Q, V,V are given by the fized point (assumed to be unique) of the following set of
self consistent equations

1 o . s T am T\ |
Q= JE{ (RT(QW_) oo <GQ1/2V‘1 L2 Tyl VIO ) _ Voem ) (12.92)

p P& P&
cm ém'
(erln.) ( e ) - )
v I Pe
(12.93)
R 1 T T T
Q= IE[ (Reowov() = 1d) (52— +5Y MR HQY2 | vl
P o NIz Vpe
T T
((Rﬁ(y,.w(.) - 1d) <s m L gvR HQ1/2> V—1> ] (12.94)
vV P¥o Ve
1 —-1/2T A1/2x; —1/2 \fcm
N 1 m' fmm
V=—E|Q'?HT [ (R )—1Id) (s +35 +HQY? | v 12.96
p [ (Regy.v () — 1d) T T (12.96)
Proof. Combining the results of the previous lemmas, this proof is close to that of Theorem 1.5 in

[29]. 0

Returning to the optimization problem on m, v in Eq.(12.45), the solution U*, at any dimension,
verifies the zero gradient conditions on m, v:

=0 = (U)'e=0 (12.97)

5 T mT T
] S\/YK 1/7,'£m 1 5
om=0 < + L /PwoS) , S + —ZU
<\/pw0 pe > (fo( pios) s o Ve iz )

<
_,_\/?9_1/28( U?(\fcm +U> (12.98)
C
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Using Lemma 51 while assuming the subgradients of L£,r are pseudo-Lipschitz (we discuss this
assumption in subsection 12.1.4), we obtain for m

~ T ~ T\ T
YR e o [GOV2VL £ 12e,Ty-1 4 YOO\ VM L (19,99
r(Q-1/2),V
p w pe pe
1| A1 /2 _ <1 Aem’
—= m=——E[e'R 15 ¢ |GQYV I+ VeV Y0 12.100
o ey (G0 12100
and for v
1 ] S\/YK i m' 'y/fmT A1/2
E{ + OL | fo (\/PweS) Rey yv(s +5 + HQ (12.101)
~T - _l_
+ */Zf’sz—l/?ar <Q—1/2 (Rr(ﬂl/g.)jv_l (GQl/QV‘l 0 2e TV 4 ﬁ;’“‘))) } —0
(12.102)
Using the definition of D-resolvents, this is equivalent to
1 S SR T m' ’y/imT A
p]E[( = + p~> (Id—Rﬁ(yr)’V (.)) <s - +8 N +HQ1/2> v! (12.103)
V FWo C VvV Fwo C
~T - _l_
+ \/ZC (Id— R, (q-1/2)v-1 (.)> (GQWV—l +Q 2TV \ﬁ;m ) V} =0 (12.104)
which simplifies to
-
1 ] SR m' _Jyrm’ A _
vl — _\ﬁpE[< E + po ) (Id—RC(yP),V(.)) <s - +5s N THQY?|V 1}
V FWo c w0 C
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which brings us to the following set of six self consistent equations

~ T T
QzlE{<RT(Q_1/2) ( GQU2VL 4 Q12 Ty-L 4 VI )- voem ) (12.106)
p IV pe pe
< T
R —-1/2 Q1/2V + Q- 1/2CV fcm — \ﬁcm
@)V pe pe
(12.107)
N
1 { m' _/rm’ 1/2 | v/—1
= “E| [ (R )—1Id) s + 8 +HQY? |V
Q ) (( £y () ) ( N N Q
m' V/YRm
(Regy.v() = 1d) <s +5 +HQ1/2 (12.108)
L lAa=1/2T 1/2%; 1/2 \ch
V:;E QPG R, g 1)y [GQVAVTH QT P T (12.109)

T

. 1 B 5 T ,
V= E [Q /27 ((Rﬁ(y,,)ﬁv(.) - Id) <s “;% +5 'ffpién +HQ1/2> A% 1)] (12.110)

1 R . . S |
m = ——E [éTRT(Q_l/z_)’Vl <GQ1/2V‘1 +Q 2TV \ﬁ;mﬂ (12.111)
T

-

T 1 S S\/YkK B m ~\/’Tf‘imT A1/2 -1

VT = ﬁpuz{( — ) (Id Rﬁ(y,,),v(.)) <s ——+3 e +HQ )V }
(12.112)

This set of equations then characterizes the asymptotic distribution of the estimator U* in the
sense of Lemma 51, with the optimal values of m and v. Using the definition of U* and ZU*,
along with the definition of the function r w.r.t. the original regularization function, a tedious
but straightforward calculation allows reconstruct the asymptotic properties of W* and of the set
{kaz}le given in the main text.

12.1.3 Relaxing the strong convexity constraint

Assuming the set of self consistent equations (12.106) have a unique fixed point regardless of the
strong convexity assumption, this solution defines a unique set of six order parameters for the Ao = 0
case. Furthermore, using Proposition 12, the unique estimator W*(\2) solving problem Eq.(12.5) for
strictly positive A2 converges to the least-norm solution to the convex (but not strongly) Eq.(12.4).
Thus, for any pseudo-Lipschitz observable of U*(\3), we have, one the one side a continuous function
of Ao with a unique continuous extension at Ao = 0, and on the other side a function of Ay prescribed
by the expectation taken w.r.t. the asymptotic Gaussian model parametrised by the state evolution
parameters which is defined for all positive values of \o. Since both functions match for any strictly
positive Ao, continuity implies they also match for A = 0 and we obtain the exact asymptotics of
the least ¢ norm solution of problem Eq.(12.4). Regarding the uniqueness of the solution to the
fixed point equations (12.106), it is shown in [176] that a similar set of equations, although for a
vector valued variable, i.e. no ensembling, the solution is unique even if the original problem is
not strictly convex. This is proven by showing that the fixed point equations are the solution of
a strictly convex problem. We expect this to be true here as well, and leave this part for a longer
version of this paper.
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12.1.4 A comment on non-pseudo-Lipschitz subgradients

Provided the subgradients in Eq.(12.97) are pseudo-Lipschitz continuous, the proof goes through.
However some convex functions commonly used in machine learning, such as the hinge loss or
the ¢; norm for the penalty, have non-pseudo-Lipschitz gradient. To circumvent this issue, one
can consider the optimization problem where both loss and regularization are replaced by their
Moreau envelopes with strictly positive parameters 71, 72, as is done in [57] for the LASSO. Moreau
envelopes are everywhere differentiable and have Lipschitz gradient for strictly positive values of
their parameter [25], thus the asymptotic characterization holds. One can then take the parameters
to zero, using the fact that the limit at zero in the parameters of Moreau envelopes is well defined
[25], recovering the original function. Since proximity operators are defined as strongly convex
problems, the sequence of problems defined by the proximal operator of a Moreau envelope with
decreasing parameter converges to the proximal operator of the original function when the parameter
is taken to zero. Finally, inverting the expectations on random quantities with the limit taking the
parameters of the Moreau envelopes to zero can be done by verifying the dominated convergence
theorem using the firm-nonexpansiveness of proximity operators and the corresponding bounds on
their norms, see [25] Chapter 4, Section 1. We leave the details of this part to a longer version of
this paper.

12.1.5 Toolbox

The required tools for this proof are the same as those given in section 10.1 of Chapter 10, with the
added following lemma :

A useful result from convex analysis Here we remind a result from [25] describing the limiting

behavior of regularized estimators for vanishing regularization.

Proposition 8. (Theorem 26.20 from [25]) Let f and h be proper, lower semi-continuous, convex
functions. Suppose that argmin f N dom(g) # 0 and that h is coercive and strictly convex. Then g
admits a unique minimizer Xo over argmin f and , for every € €]0,1[, the regularized problem

arg min f(x) + eh(x) (12.113)

admits a unique solution X.. If we assume further that h is uniformly convex on any closed ball of
the input space, then lim._,gx. = Xq.
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Chapter 13

How to prove Kabashima’s replica
formula

The results in this chapter are based on the paper [109]. Preliminary results on a simpler models
were published in [108] and are not reproduced since they are included in the more general statement
presented here. The reader curious to see how the formulas reduce on the simpler case of convex
penalized least-squares regression may consult the main theorem and discussion in [108].

There has been a recent surge of interest in the study of asymptotic reconstruction performance
in various cases of generalized linear estimation problems in the teacher-student setting, especially
for the case of i.i.d standard normal matrices. Here, we go beyond these matrices, and prove
an analytical formula for the reconstruction performance of convex generalized linear models with
rotationally-invariant data matrices with arbitrary bounded spectrum, rigorously confirming, un-
der suitable assumptions, a conjecture originally derived using the replica method from statistical
physics. The proof is achieved by leveraging on message passing algorithms and the statistical
properties of their iterates, allowing to characterize the asymptotic empirical distribution of the
estimator. For sufficiently strongly convex problems, we show that the two-layer vector approxi-
mate message passing algorithm (2-MLVAMP) converges, where the convergence analysis is done
by checking the stability of an equivalent dynamical system, which gives the result for such prob-
lems. We then show that, under a concentration assumption, an analytical continuation may be
carried out to extend the result to convex (non-strongly) problems. We illustrate our claim with
numerical examples on mainstream learning methods such as sparse logistic regression and linear
support vector classifiers, showing excellent agreement between moderate size simulation and the
asymptotic prediction.

13.1 Introduction

13.1.1 Background and motivation

In the modern era of statistics and machine learning, data analysis often requires solving high-
dimensional estimation problems with a very large number of parameters. Developing algorithms
for this task and understanding their limitations has become a major challenge. In this paper, we
consider this question in the framework of supervised learning under the teacher-student scenario:
(i) the data is synthetic and labels are generated by a “teacher”rule and (ii) training is done with
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a convex Generalized Linear Model (GLM) . Such problems are ubiquitous in machine learning,
statistics, communications, and signal processing.

The study of asymptotic (i.e. large-dimensional) reconstruction performance of generalized
linear estimation in the teacher-student setting has been the subject of a significant body of work

over the past few decades [203, , 94, 29, 90, 82, |, and is currently witnessing a renewal of
interest, especially for the case of identically and independently distributed (i.i.d.) standard normal
data matrices, see e.g. [271, , ]. The aim of this paper is to provide a general analytical

formula describing the reconstruction performance of such convex generalized linear models, but for
a broader class of more adaptable matrices.

The problem is defined as follows: we aim at reconstructing a given i.i.d. weight vector xo € RY
from outputs y € RM generated using a training set (f.)u=1,...,m and the “teacher” rule:

y = p(Fxg,wo) (13.1)

where ¢ is a proper, closed, continuous function and wg ~ N (0, Agld) is an i.i.d. noise vector. To
go beyond the Gaussian i.i.d. case tackled in a majority of theoretical works, we shall allow matrices
of arbitrary spectrum. We consider the data matrix F € RM*¥N  obtained by concatenating the
vectors of the training set, to be rotationally invariant: its singular value decomposition reads
F = UDV7” where U € RM*M v ¢ RN*N are uniformly sampled from the orthogonal groups
O(M) and O(N) respectively. D € RM*N contains the singular values of F on its diagonal. Our
analysis encompasses any singular value distribution with compact support. We place ourselves in
the so-called high-dimensional regime, so that M, N — oo while the ratio « = M /N is kept finite.
Our goal is to study the reconstruction performance of the generalized linear estimation method:

% € argmin {g(Fx,y) + f(x)} (13.2)
x€RN

where g and f are proper, closed, convex and separable functions. This type of procedure is an
instance of empirical risk minimizationa and is one of the building blocks of modern machine learn-
ing. It encompasses several mainstream methods such as logistic regression, the LASSO or linear
support vector machines. More precisely, the quantities of interest representing the reconstruction
performance are the mean squared error £ = E [%on - f(||§] for regression problems, and the

T
. Xa X . .
reconstruction angle 6, = arccos 7”%”0 =] for classification problems.
2 2

13.1.2 Main contributions

o We provide a set of equations characterizing the asymptotic statistical properties of the estimator
defined by problem (13.2) with data generated by (13.1) in the asymptotic setup, for separable,
convex losses and penalties (including for instance Logistic, Hinge, LASSO and Elastic net),
for rotationally invariant sequences of matrices F. For sufficiently strongly convex problems (in
the sense of Lemma 54), our assumptions are classical with respect to earlier work. To extend
the result to convex problems however, we require a concentration assumption that we discuss
further in section 13.3.

e By doing so, we give, under the aforementioned set of assumptions, a mathematically rigorous
proof, of a replica formula obtained heuristically through statistical physics for this problem,
notably by Y. Kabashima[l38]. This is a significant step beyond the setting of most rigorous
work on replica results, which assume matrices to be i.i.d. random Gaussian ones.
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e Our proof method builds on a detailed mapping between alternating directions descent methods
[50] from convex optimization and a set of algorithms called multi-layer vector approximate

message-passing algorithms [185, ]. This enables us to use convergence results from convex
analysis and dynamical systems to study the trajectories of vector approximate message-passing
algorithms.

e Beyond the high-dimensional result on the estimator defined by the GLM, our convergence
analysis provides a generic condition for the convergence of 2-layer MLVAMP, regardless of the
randomness of the design matrix and of the dimensions of the problem, for sufficiently strongly
convex problems.

13.1.3 Related work

The simplest case of the present question, when both f and g are quadratic functions, can be
mapped to a random matrix theory problem and solved rigorously, as in e.g. [125]. Handling
non-linearity is, however, more challenging. A long history of research tackles this difficulty in the
high-dimensional limit, especially in the statistical physics literature where this setup is common.
The usual analytical approach in statistical physics of learning [263, , 91] is a heuristic, non-
rigorous but very adaptable technique called the replica method [196, ]. In particular, it has
been applied on many variations of the present problem, and laid the foundation of a large number
of deep, non-trivial results in machine learning, signal processing and statistics, e.g. [103, , 39,

, , 3, , 93]. Among them, a generic formula for the present problem has been conjectured
by Y. Kabashima, providing sharp asymptotics for the reconstruction performance of the signal
X0 [ ]

Proving the validity of a replica prediction is a difficult task altogether. There has been recent
progress in the particular case of Gaussian data, where the matrix F is made of i.i.d. standard
Gaussian coefficients. In this case, the asymptotic performance of the LASSO was rigorously derived
in [28], and the existence of the logistic estimator discussed in [271]. A set of papers managed to
extend this study to a large set of convex losses g, using the so-called Gordon comparison theorem
[281].  We broaden those results here by proving the Kabashima formula, valid for the set of
rotationally invariant matrices introduced above and any convex, separable loss g and sufficiently
strongly convex regularizer f under classical conditions. We extend this result to any convex,
separable g and f under stronger assumptions.

Our proof strategy is based on the use of approximate-message-passing [33, ], as pioneered
in [29], and is similar to a recent work [109] on a simpler setting. This family of algorithms is
a statistical physics-inspired variant of belief propagation [193, , | where local beliefs are

approximated by Gaussian distributions. A key feature of these algorithms is the existence of the
state evolution equations, a scalar equivalent model which allows to track the asymptotic statistical
properties of the iterates at every time step. A series of groundbreaking papers initiated with
[28] proved that these equations are exact in the large system limit, and extended the method to
treat nonlinear problems [210] and handle rotationally invariant matrices [212, 277]. We shall use
a variant of these algorithms called multi-layer vector approximate message-passing (MLVAMP)
[256, 97]. The key technical point in our approach is an analysis of the convergence of MLVAMP.
This is achieved by phrasing the algorithm as a dynamical system, and then determining sufficient
conditions for convergence with linear rate. Our analysis guarantees converging trajectories above
a threshold value of the strong convexity parameter of the problem, which is sufficient to complete
the proof in that region. We use an analytic continuation to extend the result to convex problems,
at the cost of an additional condition discussed after stating our main set of assumption.
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13.2 Background on MLVAMP

In this section, we present background on the multilayer vector approximate message-passing al-
gorithm developed in [97]. In doing so, we will introduce the key quantities involved in our main
theorem. MLVAMP was initially designed as a probabilistic inference algorithm in multilayer archi-
tectures. Here, we only focus on the 2-layer version for inference in GLMs, and use the notations of
[277]. The algorithm can be derived in several ways, notably from expectation-consistent variational
inference frameworks such as expectation propagation [203], where the target posterior distribution
is approximated by a simpler one with moment matching constraints. In the maximum a posteri-
ori setting (MAP), the frequentist optimization framework is recovered, with additional parameter
prescriptions due to the probabilistic models, as we will see below. The derivation of the algorithm
is, however, not our point of interest. We focus on providing a self-contained interpretation from
the convex optimization point of view, in particular in terms of variable splitting.

13.2.1 Link with variable splitting and proximal descent

A common procedure to tackle nonlinear optimization problems involving several functions is vari-
able splitting, so that each non-linearity may be treated independently. Augmenting the Lagrangian
with a square penalty on the slack variable equality constraint leads to the family of alternating
direction methods of multipliers (ADMM) [50], where the objective is iteratively minimized in the
direction of each initial variable and slack variable. The descent steps then take the form of proximal
operators of the non-linearities. For example, on problem (13.2), adding a slack variable z = Fx
would lead to the augmented Lagrangian:

9(2,y) + f(x) + 6" (2 — Fx) + 5|1z — Fx|; (13.3)

where o > 0 is a free parameter that can enforce strong convexity of the objective if large enough
and # is a Lagrange multiplier. Updating x from an update on z amounts to a linear estimation
problem, which can be solved by least squares. This is implemented, for example, in linearized

ADMM [50], where the proximal descent steps are coupled to least-square ones.
MLVAMP solves problem (13.2) by introducing the same splitting as in (13.3) with an additional
trivial splitting for each variable: xi,X9,2z1,29 such that x; = xo, z1 = Fx3, zo = Fxo. In

the convex optimization framework, parameters like gradient step sizes, or proximal parameters
need to be chosen. In the expectation propagation framework, they are prescribed by expectation-
consistency constraints, which leads to additional steps in the algorithm. MLVAMP thus consists in
four descent steps on x1, X2, Z1, Z2, and the updates on the parameters of the functions corresponding
to those descent steps. This is shown in the MLVAMP iterations (see (1) further), where x1,2; are
updated using the proximal operators of the loss and regularizer, while zo and x5 are obtained
through least-squares. As mentioned above, the parameters of proximal operators (or denoisers
in the signal processing literature) and least-squares are set by probabilistic inference rules (here
moment-matching of marginal distributions). It is shown in [9%] that, in the MAP setting, these
updates amount to adapting the parameters to the local curvature of the cost function.

13.2.2 2-layer MLVAMP and its state evolution

We lay out the full iterations of the MLVAMP algorithm from [97] applied to a 2-layer network in
Algorithm 1. For a given operator T : X — R?% where d is M or N in our setting, the brackets
(T(x)) =2 >4 | T(x); denote element-wise averaging operations. For a given matrix M € R4, the
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brackets amount to (M) = YTr(M). For a given function, for example g1,, we use the shorthand
912(...) when the arguments have been made clear in a line above and are left unchanged. The

Algorithm 1 2-layer MLVAMP

Require: Initialize hgm), hQZ ,le ; 22), number of iterations T.
for t=0,1...,T do

// Denoising x

A

21" = gi.(b), Q1))
xﬁ-—<q¢mmc»>/@@
(Qt’f B 1/%)52 E)Qg Dy (0 AW
N A Dy A
h2a: = (Xl /Xla: - ng?hlx)/QQx
// LMMSE estimation of z
A(t) =92 Z(h%,h(t),Q%, gtz))
B 1/ (t) Ag) () AW
_( Zy / 2z Q?thz)/le
// Denoising z
2 = g1.(0{, Q1Y)

1z>»
ﬁ?=<%mmx »/QQ
(t+1 1/ Qt
t+1 t tl
%;> G0 3~ Q) /oL

// LMMSE estimation of x
A(t+1) . a:(h( h (t+1) ’QA%’ tz+1))

2z
Xg;j )= <<9 (t)g2m("')> /QY)
A+ _ 1/ (t+1) A(t)

lx
end for

return Xi,Xo

denoising functions g1, and g;, can be written as proximal operators in the MAP setting:

x€RN 2 2

) A . 52 ]|
91z(hy,, Q1,) = argmin § f(x) + —*|x —hy, (13.4)

= proxf/Qg(hggg) (13.5)
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and
. H 2
4.0 g ot + L i) (120
zeERM 2
_ (t)
= PrOXg(.,y)/Qth) (h;7). (13.7)

The LMMSE denoisers g2, and g2, in the MAP setting read (see [250]):

92-(..) = FMP QYR + QY FhY)) (13.8)
920() = MY (QY)nS) + QY Vi) (13.9)

where we defined the matrices Mgt) = (Qth)FTF + Qgtm)ld) and M(t) (Q2 HORTE 4 Q Id)
As mentioned in the previous section, MLVAMP returns at each iteration two sets of estlmators
(% gt) A(t)) and (23 AR zg )) which respectively aim at reconstructing the minimizer % and z = FX. At

o) _ & (t) NONSINO)

the fixed point, we have X; and Z;’ = 25, as proven in [222]. The intermediate vectors

hgx), hgg, hg? nd hg) have the key feature that they behave asymptotically as Gaussian centered
around xg and zg = Fxg, under the set of assumptions given in appendix 14.5.2. More precisely,
at each iteration, they converge empirically with second order moment (PL2) towards Gaussian
variables:

(t) B A(t L)
Ml]{[m Q hl:r 1:1: 1:E (1310&)
T(ABR®) /A(t
MIJ{IIE \4 (Q 2oy — meo X2z 2x (13.10b)
lim  UT(Qn) — iniz) " /5! (13.100)
M,N—oc0
) . . PL2) [
OO e " e e

where €1x , 62 flz ,5 are i.i.d standard normal random variables independent of all other quanti-

ties. The definition of PL(2) convergence is reminded in Appendix 14.1, and we use the notation
PL(2 N
L2 following [212, 97]. We can roughly say that the Q,m, {’s parameters characterize the dis-

tributions of the h’s. Using the representation (13.10) in the iterations of MLVAMP results in a
scalar recursion that tracks the evolution of the parameters of the aforementioned Gaussian dis-
tributions. This recursion provides the so-called state evolution equations. The existence of state
evolution equations is the reason why we use 2-layer MLVAMP in our proof. Indeed, they allow
the construction of iterate paths that lead to the solution of problem (13.2), while knowing their
statistical properties.

13.3 Main result

Our main result characterizes the asymptotic empirical distribution of the estimator X defined
in (13.2) with data generated by (13.1), and of Z = FX. We start by stating the necessary assump-
tions.

Assumption 2.
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(a) the functions f and g are proper, closed, convex and separable functions.
(b) the cost function g(F.,y) + f(.) is coercive, i.e. lim|y| 00 9(FX,y) + f(x) = +o0.

(c) there exists a finite constant By such that %Hf{\\g < By almost surely as N — oo. We also

assume that, for any pseudo-Lipschitz function of order 2, if there exists a finite constant Bo
such that VN € N, & SN, ¢(2;) < Ba, then the limit imn_o0 & S0, ¢(34) ewists.

(d) for any x € dom(f) and any x' € Of(x), there exists a constant C' such that ||x'||, < C(1 +
|x|ly). The same holds for g on its domain.

(e) there exist sequences of real analytic functions ge, fe such that for any x, lim._g ge(x) = g(x),
lime_,q fe(z) = f(x), and for all e >0, g/ and f! belong to the Schwartz space.

(f) the empirical distributions of the underlying truth xq, eigenvalues of FTF, and noise vector
wy, respectively converge empirically with second order moments, as defined in appendix 1.1,
to independent scalar random variables xo,wo, X with distributions py,, px, Pw,- We assume
that the distribution py is not all-zero and has compact support.

(g) the design matriz F = UDV'T € RM*N s rotationally invariant, as defined in the introduc-
tion, where the elements of the Haar distributed matrices U,V are independent of the elements
of the ground truth vector Xg, noise wgy and elements of D.

(h) the solution to the set of fized point equations (13.13) exists and is unique, for any convez g
and f verifying the assumptions above

(i) finally assume that M, N — oo with fized ratio « = M/N.

The coercivity assumption (b) ensures that the minimization problem Eq.(13.2) is feasible and
that the estimator exists. Most machine learning cost functions verify this assumption, including
any convex loss which is bounded below and regularized with a coercive term such as the ¢; or {5
norm, see [25] Corollary 11.15. Non-coercive problems include unregularized logistic regression and
unregularized, underspecified least-squares for example. The scaling assumptions (d) are required
for the state evolution equations of the MLVAMP iteration corresponding to the optimization prob-
lem Eq.(13.2) to hold, as discussed in appendix 14.5.2. Such conditions are often encountered in
high dimensional analysis of M-estimators, see, e.g. [281], and are verified by the setups proposed in
the experiments section. The convergence of averaged sumes of PL2 observables in assumption (c)
and the analytic approximation in assumption (e) are required for our analytic continuation to hold,
and we show that any combination of hinge, logistic and square loss with ¢; or £5 regularization
verifies the latter in Appendix 14.8, subsection 14.8.6. We show in Lemma 55 that, for sufficiently
strongly convex problems, these two assumptions are not required. The concentration assumption
we require has been proven to hold for a number of convex problems with Gaussian random design
regardless of the strong convexity of the problem (see the related work section), and we believe ro-
tationally invariant matrices do not change this behaviour. However, since we are unable to prove it
below the threshold value of the strong convexity parameter, it remains an assumption. Additional
detail on the notion of empirical convergence is given in appendix 14.1. This analysis framework is
mainly due to [28] and is related to convergence in Wasserstein metric as pointed out in [93]. We
are now ready to state our main theorem.



CHAPTER 13. HOW TO PROVE KABASHIMA’S REPLICA FORMULA 267

Theorem 22 (Fixed point equations). Under assumption 2, consider the ground-truth xo and let
zo = Fxo, pz = ||x0l3/N and p, = ||z0l|5/M. For a strictly convex instance of problem (13.2), let
X be its unique solution. For a convex (non-strictly) instance of problem (13.2), let X be its unique
least € morm solution. Then let Z = FX. Then, for any real analytic, pseudo-Lipschitz function of
order 2 ¢ whose second derivative belongs to the Schwartz space, the following holds :

N L as
]\}f})oﬁ;:l(ﬁ(xo,i,ﬂ?i) = El¢(wo, Proz; 5 (Hz))] (13.11)
| M
. A (l._S.
]\}ll)nooﬂi§:1 ¢(Zo,iazi) - E[QS(ZUaPrO‘Tf/Qg) (HZ))] (1312)

mi xo++/X71,.61 mi, z0++/X7,€1 . .
Vol D H, = VA E gnd expectations are taken with respect to the

lxz 1z
random variables o ~ Puy, 20 ~ N(0,/02), &1z, &12 ~ N(0,1).
The parameters Q*{w Q;z,m’{x,m*;z, X1z X1, are determined by the fived point of the system:

where H, =

N N —1
Qo0 = Quu(E [0, 5, (H:)|  —1) (13.13a)
A A —1
Qoo = QB[ 16, (H:)|  —1) (13.13D)
E [2on; /6, (Ha)
titgg = — ] — Mg (13.13c)
) Pz Xz
E (z9n 5 (Hy)
m2z — L 9(-,y)/ Q12 i| . mlz (1313(1)
) PzXz
E 772 . (Hy)
R20 = — f/il; | (13.13¢)
- pz(mlx + m2x)2 - )A(lx (13.13f)
E 772 . (H)
Koz = [ g("y))/ﬁ” } (13.13g)

- pz(mlz + m?z)Q - )zlz (1313h)
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-1
Qi =E 1 — O (13.130)
’ QQm + )\QZZ ’
A —1
Q1. = oF ] — Qo (13.13))
: Q2w + )\Q2z -
1 7 A1
Mg = —E W] — g (13.13Kk)
Xz QQw + AQQz
Vi A7
gy = Lo |AUzet Nhge) | (13.131)
AXzPz QQQB + )\Q2z
1 X AX 7 Mg, )2
)A(lx = X2z + XQf + pa:(”}?x"; m2z) ] (1313m)
Xz (QQQ? + )‘QQZ)
- px(mlx + m2x)2 - >22:B
1 (X AX 7 \ig, )2
R1: = —E l (Roo + ARz + Poliitze + M) )] (13.13n)
axz (Q2az + )\QQz)Z

- Pz(mlz + m2z)2 - )A(2Za

where X, = (le + ng)_l; Xz = (le + ng)_l, and expectations are taken with respect to the
random variables o ~ pzy, 20 ~ N(0,1/pz), ¥ ~ ¢(z0,w0), &1z,612 ~ N(0,1), and eigenvalues
A~ px. 1 is a shorthand for the scalar proximal operator:

Nyf(2) = argmin {fyf(ac) + 1(:Jc — 2)2} . (13.14)
zeX 2

The set of fixed point equations from Theorem 22 naturally stems from the "replica-symmetric”

free energy commonly used in the statistical physics community [190, ]. The free energy de-

pends on a set of parameters, and extremizing it with respect to all parameters, i.e. writing the

zero gradient condition for each parameter, provides the set of equations (13.13). We state this
correspondence in the following corollary to Theorem 22 :

Corollary 6 (The Kabashima formula).
The fized point equations from theorem 22 can equivalently be rewritten as the solution of the
extreme value problem (13.15) defined by the replica free energy from [277].

[ is a parameter that corresponds in the physics approach to an inverse temperature. In the
B — oo limit (the so-called zero temperature limit), the integrals defining ¢, and ¢, concentrate

on their extremal value. Note that they are closely related to the Moreau envelopes M [224, 25] of
f and g, which represent a smoothed form of the objective function with the same minimizers:
~ A ~ _ le 2
¢x(m1m; le,le,l‘o,fl:p) ) Ha; - ML (ng) (1318)
Qix
1
where Vv > 0, M, f(z) = inf, {f(x) + Q—Hm - z||§} , (13.19)
i

We provide details on this correspondence in appendix 14.3. In the zero-temperature limit we con-
sider, it is possible to have more precise information on the geometry of the cost function defining
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== oot {gr + 9a — gs}, (13.15)
1 . . (7 A A
gr = _extr R qIle - XxXlac MigMy — MMy + — <QZQ12 - XzXlz)
mlz7f(lzanzvmlzaxlQOlz 2 2
+E [%(mm, Q1> X 13 900,5133)} + oK [¢z(mlza Q12 X123 Zo,§1z)} } )
1 A 1 R R Q A R
gc = Aextr N 7QwQ2:p — = XzX2x — MgM2y — AMMo, + — (qZQQZ - XZXQZ)
m217x217Q217m22722QO22 2 2 2
1 A A X AYX 7 g, )2
5 (2 on(@ur +20u)] - [t | g el a7 |
2 QQQ? + )\QQZ (QZz + /\Q2z)
o 1 (¢ mg% qz mg
gs = — = + — = )
2\xe  paXa 2\ Xz P2Xz
where ¢, and ¢, are the potential functions
~ _BQia /
Gu(M1zy Qia, X123 %0, E12) = hm = log/ I (13.16)
~ BQ1z /3
b= (M2, Q1z, X125 20, X12) = /}im Blog/e_;22+ﬂ(mlzzo+ X122 00w g (13.17)
— 00

the optimization problem in Corollary 6. Indeed, it is composed of functions whose convexity or con-
cavity are staightforward to establish : linear terms, inverses, logarithms, squares and expectation of
Moreau envelopes. The convexity of the latter is well documented in [281]. First, note that the pa-

rameters Xz, Xz, X1z, X22s X1zs X225 Qx> Oz, Q12, Q2z, Q14, Q2. are positive so we may restrlct their fea-
sibility set to R™, while my, m., M1z, 112, 12,, Mo, can take any value in R. Then, ¢ = i ||XH and
my = on %. The Cauchy-Schwarz inequality thus gives ¢ > > (m px) . Similarly with z, ¢ > (”;—?2.
We may thus restrict the feasibility sets of q., q., m,, m, such that they verify these inequalities.
In these regions, the function g, is convex in X, X, linear in ¢, q, and concave in mg,, m,. The
terms involving ¢, Gz, Mg, Mz, Xy Xz 10 ga and gp are all linear. Moving to g4, the cost function
defining it is convex in Qaz, Qs (negative logarithm and inverse function on R™), linear in Yo, X2-
and convex in Mgz, Ma,. Regarding gp, all terms are linear except for the replica potentials. Using
Moreau’s identity, we may write ¢y (12, Q1e, X1z} 0, £12) = M 5 f (1220 + V/X12812) where f*
is the conjugate of f. Using the properties summarized in [ , the cost function defining gp is
convex in My, M1, le, le. The convexity with respect to x1z, X1 is harder to characterize due
to the composition of the Moreau envelope with the square root, and should be studied locally for
more information. The extremization may then be rewritten as a maximization over the variables
in which the cost function is concave and minimization over the variables in which the cost function
is convex. Note that this does not give information on the uniqueness of the solution, which would

require joint strict convexity and strict concavity.

As immediate corollaries to Theorem 22, we can determine the asymptotic errors of the GLM
and the optimal value of the loss function. To characterize the asymptotic reconstruction errors and
angles, we can define the norms of the estimators and their overlaps with the ground-truth vectors
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as the limits

* . 1s X" X0 ¥ | Z" 7
mENN SN (1520
A2 A2
7 Nooo N 2T NSoo M '

We then have :

Corollary 7.
Under the set of Assumptions 2, the squared norms m},m} of estimator X defined by (13.2) and
z = Fx, and their overlaps ¢}, q; with ground-truth vectors are almost surely given by:

S R -
m:=E [Zcmgg.,y) <Hz>] ¢ =E [n%«,m (H»] (13.23)
Q1. Q7,

with Hy and H, defined as in Theorem 22.

With the knowledge of the asymptotic overlap m}, and squared norms g}, p;, most quantities

of interest can be determined. For instance, the quadratic reconstruction error is obtained from its
definition as E = p,+¢; —2m}, while the angle between the ground-truth vector and the estimator is
0 = arccos(m’/(\/pzqE)). One can also evaluate the generalization error for new random Gaussian
samples, as advocated in [94], or compute similar errors for the denoising of zg.

13.4 Numerical results

Obtaining a stable implementation of the fixed point equations can be challenging. We provide
simulation details in appendix 14.6 along with a link to the script we used to produce the figures.
Theoretical predictions (full lines) are compared with numerical experiments (points) conducted
using standard convex optimization solvers from [229]. The comparison with finite size (N = a few
hundreds) numerical experiments shows that, despite being asymptotic in nature, the predictions
are accurate even at moderate system sizes. All experimental points were done with N = 200 and
averaged one hundred times.

13.4.1 Validity of the replica prediction

We start with a simple verification of the replica prediction in Figurel3.1, on a classification problem
where data is generated as y = sign(Fxg). We consider two types of singular value distributions
for F and three types of losses: a square loss, a linear support vector classification (SVC) loss and a
logistic loss. Technical details and expressions are given in appendix 14.6. We use ridge regulariza-
tion with penalty f = % ||-I3. We plot the reconstruction angle 6 as a function of the aspect ratio of
the problem « in Figure 13.1. A first plot is done with a Marchenko-Pastur eigenvalue distribution
for FTF corresponding to F being i.i.d Gaussian. We then move out of the Gaussian setting and
change the eigenvalue distribution for (14.76), which has a qualitatively similar behaviour: it has
bounded support, and includes vanishing singular values at a given value o = 1 of the aspect ratio.
We recover a result close to the i.i.d. Gaussian one, including the error peak for the square loss
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Ridge regression Ridge regression
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Logistic regression Logistic regression
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Figure 13.1: Tllustration of Theorem 22 in a binary classification problem with data generated as
y = ¢(Fxg) with the data matrix F being Left : a Gaussian i.i.d. matrix and Right : a random
orthogonal invariant matrix with a squared uniform density of singular values. We plot the angle
between the estimator and the ground-truth vector 6 = arccos(m’/(\/pzq:)) as a function of the
aspect ratio o = M /N with three different losses: ridge regression, a Support Vector Machine with
linear kernel and a logistic regression. f is a ¢ penalty with parameter Ao = 1072, The theoretical
prediction (full line) is compared with numerical experiments (points) conducted using standard
convex optimization solvers from [229].

when a = 1. In both cases, the SVC and the logistic regression perform similarly. Note that error
peaks can also be obtained for the max-margin solution as shown in [100], using a more elaborate
teacher.

13.4.2 Sparse logistic regression

We now use the replica prediction to study sparse logistic regression with i.i.d Gaussian and row-
orthogonal data, the latter being ubiquitous in signal processing. Row-orthogonal data gives rise
to a discrete eigenvalue distribution for FTF of zeroes and ones:

Aprgp ~ max(0,1 — a)d(0) + min(1, )d(1) (13.24)

and is often found to outperform Gaussian sensing matrices for recovery tasks, see e.g. [110] or
[109]. In what follows, we define the sparsity p of the ground truth vector as the fraction of non-
zero components which are sampled from a standard normal distribution. Labels are generated
with y = sign(Fxg) as for Figure 13.1.

Effect of sparsity

In Figure 13.2, we start by plotting the reconstruction angle against the aspect ratio of the measure-
ment matrix for different values of the sparsity of the teacher vector, for £ regularization f = 22 |- |12
and ¢; regularization f = A{||-||;, and a fixed value of regularization parameters A, A2. In the case
of f3-regularization, we observe that the reconstruction performance remains the same whatever the
sparsity of the original teacher vector as all curves collapse together (top and bottom left). The
ridge regularization is thus unable to differentiate sparse and non-sparse problems. For ¢, better
performance is observed when the sparsity increases. Comparing the values for £ and ¢; also shows
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Figure 13.2: Effect of the sparsity of the planted vector. We plot the angle between the estimator and
the ground truth in a binary classification problem with y = sign(Fxg) as a function of & = M/N,
for different values of sparsity p. We use logistic regression. Figures in the top are for F Gaussian
i.i.d., while figures in the bottom are for F row-orthogonal. Left : we use a f{» penalty with
parameter Ay = 0.1, and notice that the angle is the same for any sparsity. Right : we use a /;
penalty with parameter A\ = 0.1. The theoretical prediction (full line) is compared with numerical
experiments (points) conducted using standard convex optimization solvers from [229].

that, for a non-sparse signal, fo and ¢; reconstruction perform similarly. The largest difference is
observed at p = 0.1, where the ¢; penalized logistic regression significantly outperforms the ridge
one. We thus keep this value of the sparsity parameter for the next figures.
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Figure 13.3: Tuning the regularization parameter. We still plot the angle between the estimator and
the ground truth in a binary classification problem with y = sign(Fxg) as a function of a« = M/N,
for a fixed sparsity of planted vector p = 0.1, for different values of regularization parameters.
Figures in the top are for F Gaussian i.i.d., while figures in the bottom are for F row-orthogonal.
Left : /5 penalty with different values of regularization parameter \o. Right : ¢ penalty with
different values of regularization parameter A;.

Varying the regularization parameter at constant sparsity

In Figure 13.3, keeping the sparsity of the teacher constant at p = 0.1, we look to tune the regu-
larization strength. An interesting effect appears in the ridge-regularized case with row-orthogonal
measurements : the curves collapse to a single one when the aspect ratio goes below a = 1. We
find that the optimal regularization strength for the ¢ penalty lies around Ay = 0.01, and for the
{1-penalty around A; = 0.1, for both types of matrices.
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Figure 13.4: Comparing reconstruction performance for Gaussian i.i.d. and row-orthogonal matri-
ces. In this figure, we compare the reconstruction angles between the estimator and the ground-truth
for binary classification obtained with ¢; and ¢ penalties. We use logistic regression. The sparsity
of the sparse vector is fixed to p = 0.1. For both Gaussian i.i.d. and row-orthogonal data matrices,
we see that £1 penalty with A\; = 0.1 performs better than the ¢ penalty with Ay = 0.01. For those
two penalties, row-orthogonal matrices allow to obtain smaller reconstruction angles than Gaussian
i.i.d. matrices.

Comparing case

In Figure 13.4, we directly compare the reconstruction performance of logistic regression on a sparse
problem with previously tuned regularization parameter of £5 and ¢; penalties, with the two types
of measurement matrices. We naturally observe that the ¢; penalty leads to better reconstruction
of the sparse vector. Row-orthogonal matrices outperform the i.i.d. Gaussian ones with both regu-
larization, although the gap is less significant with the /; penalty.

Discussion

Several non-trivial effects are observed when studying the interplay between eigenvalue distribution
of the design matrix, loss function, regularization and structure of the underlying teacher vector.
Looking for analytical simplifications of the fixed point equations from Theorem 22 in specific cases
would be interesting to understand how the key quantities interact and lead, for example, to the
collapsing observed in fs-penalized problems. This further motivates the use of these equations
to determine reconstruction limits of generalized-linear modeling. Some examples include limits
of sparse recovery for different types of measurement matrices, or finding if optimal losses can be
designed to achieve performances close to Bayes optimal errors.

13.5 Sketch of proof of Theorem 22

Our proof follows an approach pioneered in [29] where the LASSO risk for i.i.d. Gaussian matrices is
determined. The idea is to build a sequence of iterates that provably converges towards the estimator
X, while also knowing the statistical properties of those iterates through a set of equations. We
must therefore concern ourselves with three fundamental aspects:



CHAPTER 13. HOW TO PROVE KABASHIMA’S REPLICA FORMULA 275

(i) construct a sequence of iterates with a rigorous statistical characterization that matches their
equations of Theorem 22 at the fixed point,

(ii) verify that the sequence’s fixed point corresponds to the estimator X,

(iii) check that this sequence is provably convergent, otherwise the iterates might drift off on a
diverging trajectory, and the fixed point would never be reached. We thus make sure the
statistical characterization indeed applies to the point of interest X.

In short, we have a sequence of estimates (xz)zen taking values in RV, and their exact asymptotic
(in N) distribution for any k£ > 0. To show that these statistics extend to X, we need to show that
limg_, 0 X = X. To do so, we need the sequence to converge (i.e. point iii), and its fixed point to
be % (point ii). As indicated in the introduction, we will use an instance of the 2-layer MLVAMP
algorithm to construct this sequence. Note that, for the sake of brevity, we do not verify that
limiting points of 2-layer MLVAMP trajectories limy_,, X converge empirically to the Gaussian
distribution prescribed by the state evolution equations. This point is treated explicitly in [93].

The following lemma establishes the link between the state evolution equations and our main
theorem.

Lemma 52. (Fized point of 2-layer MLVAMP state evolution equations) The state evolution equa-
tions of 2-layer MLVAMP from [07], reminded in appendiz 1/.5, match the equations of Theorem
22 at their fixed point.

Proof. See appendix 14.5. O

This confirms that 2-layer MLVAMP is a good choice to design the sequences that we seek. We
know that the iterates of 2-layer MLVAMP can be characterized by state evolution equations which
correspond, at their fixed point, to the equations of Theorem 22 by virtue of Lemma 52. The
necessary assumptions for the state evolution equations to hold are verified in appendix 14.5.2. We
must now show that the estimator of interest defined by (13.1) and (13.2) can be reached using
2-layer MLVAMP. We thus continue with point (ii).

Lemma 53. (Fized point of 2-layer MLVAMP) The fized point of algorithm (1) matches the opti-
mality condition of the unconstrained convexr problem Eq.(13.2)

Proof. See appendix 14.4. O

This part is a consequence of the structure of the algorithm and properties of proximal operators.
We now move to point (iii) and seek to characterize the convergence properties of 2-layer MLVAMP.
Instead of directly tackling the convergence of 2-layer MLVAMP on any convex GLM, we take a
detour and focus on a constrained problem, where functions f and g are augmented by a £ norm
with ridge parameters Ao, Ao. The called on intuition is that the algorithm will be more likely to
converge in a strongly convex problem. We start by showing the convergence of MLVAMP in the
constrained strongly convex setting, for values of Ay larger than a certain threshold, and any strictly
positive Ag.

Lemma 54. (Linear convergence of 2-layer MLVAMP for strongly convex problems) Assume f and
g are twice differentiable. Define the constrained problem

(Ao, o) = argmin {5(Fx,y) + f(x) } (13.25)

x€RN



CHAPTER 13. HOW TO PROVE KABASHIMA’S REPLICA FORMULA 276

where f(x) = f(x) + %HXH% and §(x,y) = g(x,y) + %HXH% Consider 2-layer MLVAMP applied
T
to find (13.25), from which we extract at each iteration the vector h®) = { étz), hg} . Let h* be its

value at the fized point of algorithm (1). We then have that, for any Xz > 0, there exists a value A5
such that, for any Ay > A5, there exists a strictly positive constant c verifying 0 < ¢ < Az, such that

for any t € N:
2 Is t
< [ = 0) _ p*
2 (&) Hh b

The convergence of h'®) implies that estimators )’igt) and )Acét) returned by 2-layer MLVAMP also

converge to the desired X(Az, 5\2), i.e., under the conditions listed above

2

|h® — b : (13.26)

2

lim ch(t) — %N, XQ)Hz = 0. (13.27)

t—o00

Proof. See appendix 14.7. O

For a loss function § with any non-zero strong convexity constant, and a regularization f with a
sufficiently strong convexity, 2-layer MLVAMP converges linearly towards its unique fixed point.
Note that this convergence result is independent from the dimension. We elaborate on this lemma
in the next section. An immediate consequence is the following lemma, which claims that Theorem
22 holds when 2-layer MLVAMP converges. Since this result does not rely on an analytic continu-
ation, the assumptions on the concentration of PL2 observables of X, given by the state evolution
property, and approximation of the cost function by analytic functions with fast decaying higher
order derivatives are not required. The result can also be stated for any PL2 observable, with no
restriction on its derivability and decay of higher order derivatives. We summarize the necessary
assumptions in the following list:

Assumption 3.
(a) the functions f and g are proper, closed, conver and separable functions.
(b) the cost function g(F.,y) + f(.) is coercive, i.e. lim|x| 00 9(FX,y) + f(x) = +o0.
(c¢) there exists a constant By such that %Hf{”% < By almost surely as N — co.

(d) for any x € dom(f) and any X' € 0f(x), there exists a constant C' such that ||x'||, < C(1 +
|x||ly). The same holds for g on its domain.

(e) the empirical distributions of the underlying truth xq, eigenvalues of FTF, and noise vector
wy, respectively converge empirically with second order moments, as defined in appendix 1.1,
to independent scalar random variables xo, wo, X with distributions py,, Px, Pw,- We assume
that the distribution py is not all-zero and has compact support.

(f) the design matriz F = UDV'T € RM*N s rotationally invariant, as defined in the introduc-
tion, where the elements of the Haar distributed matrices U, V are independent of the elements
of the ground truth vector Xg, noise wg and elements of D.

(9) the solution to the set of fized point equations (13.13) exists and is unique for any convex
functions f, g verifying the



CHAPTER 13. HOW TO PROVE KABASHIMA’S REPLICA FORMULA 277

(h) finally assume that M, N — oo with fized ratio oo = M/N.

Lemma 55. (Asymptotic error for the twice differentiable, sufficiently strongly convex problem)
Consider the strongly convex minimization problem with twice differentiable f and g (13.25). Under
the set of assumptions 3, for any Ao > 0, there exists a A5 such that, for any Ao > N5, Then, for
any pseudo-Lipschitz function of order 2 ¢, the following holds :

1y L as.
| M
]\}lgloo i ;CZ)(ZO,Z', z;) = E[¢(zo0, Proxf/Qgg(Hz))] (13.29)

where the scalars QM, le and the random variables H,, H, are defined as in Theorem 22.

-~ 2
Proof. Using the result from Lemma 54, we have lim; o limpy_, %Hx(t) — X(Ag, )\2)H2 = 0. As

proven in [93], the state evolution parameters will converge to those of the fixed point of the state
evolution equations along a converging trajectory of 2-layer MLVAMP. Using the assumption on
the bounded averaged norm of X, the state evolution equations to show that the averaged norm of
the iterates are bounded along a converging trajectory, and the state evolution equations to obtain
the exact asymptotics of each iterate along the converging trajectory, an identical argument to that
of the proof of Theorem 1.5 from [25] gives Lemma 55. O

We are now left to prove Theorem 22, for any range of parameters (Ao, 5\2). X2 can already be chosen
arbitrarily small. This means we need to relax the threshold value on A2 for the validity of the scalar
quantities involved in Theorem 1. To do so, we start by introducing another modification of the
original problem, where the objective functions are assumed to be real analytic. Lemma 55 naturally
holds for real analytic convex functions. Proving Theorem 22 on the real analytic problem then
boils down to performing an analytic continuation on the Ay parameter, and is detailed in Appendix
14.8. We thus have the following intermediate result :

Lemma 56. (Asymptotics of the real analytic problem) Consider assumption 2 is verified. Suppose
additionally that f and g are real analytic. Then Theorem 1 holds for any Ay > 0 and any Ao > 0.

Theorem 22 can then be proven from Lemma 56 by showing that the solutions of the original
problem and of its real analytic approximation are arbitrarily close, and by carefully studying the
limits Ao — 0 and Ao — 0. This is deferred to Appendix 14.8. Note that the proof of the analytic
continuation presented here makes the one from [109], which was incomplete, rigorous.

The remaining technical part is the proof of the convergence Lemma 54. For this purpose, we use a
dynamical system reformulation of 2-layer MLVAMP and a result from control theory, adapted to
machine learning in [166] and more specifically to ADMM in [214].

13.6 Convergence analysis of 2-layer MLVAMP

The key idea of the approach pioneered in [160] is to recast any non-linear dynamical system as
a linear one, where convergence will be naturally characterized by a matrix norm. For a given
non-linearity O and iterate v, we define the variable u = O(v) and rewrite the initial algorithm
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in terms of this trivial transform. Any property of O is then summarized in a constraint matrix
linking v and u. For example, if O has Lipschitz constant w, then for all ¢:

Hu(tﬂ) u(t)H2 < wQHV(tH) v(®) z, (13.30)
which can be rewritten in matrix form
2

ur <l Vg (13.31)

0 -1,

(t+1) _ (@)

v v
h = 13.32
where U |}10+1) _ u(t)‘| ( 3 3 )

where I, ,I;, are the identity matrices with dimensions of v,u, i.e. M or N in our case. Any
co-coercivity property (verified by proximal operators) can be rewritten in matrix form but yields
non block diagonal constraint matrices. We will thus directly use the Lipschitz constants for our
proof, as they lead to simpler derivations and suffice to prove the required result. The main theorem
from [166], adapted to ADMM in [214], then establishes a sufficient condition for convergence with
a linear matrix inequality, involving the matrices defining the linear recast of the algorithm and the
constraints. Let us now detail how this approach can be used on 2-layer MLVAMP.

13.6.1 2-layer MLVAMP as a dynamical system : sketch of proof of Lemma 3

We start by rewriting 2-layer MLVAMP in a more compact form:

Initialize hgz), hgg)
(o) = WO RY |+ WOP (Wi + Wiol b)) (13.53
I ) 133
where
¢ ét) 1 t+1) T (t) 1
W1( ) — Tﬁl) < ) (Q2 F'F+ QZxId)’ — Id) (13.35)
1x 2z
o WDy, ,
t) 2z 1
W, = m( F F—|—Q Id) F (13.36)
2z 1x
Wg(t) Q2z F(Q( )FTF + Qgt)ld)_lFT —1d (13.37)
Q( )\ L@ z
1z XQZ
W0 — ?) S FQETF + (1) (13.38)
le 2
= () Qg)
o~ (e 3 Pros )~ 1) o
) (t)
0y’ =~ ( O Prox, a0 () _Id> ' (13.40)
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For the linear recast, we then define the variables:
uf’ = 0P (), v\ = Wi'n{) + wul?, (13.41)
uy) = 0 (v1), (13.42)
st. h{E = ul? n{) = wihal 4 whu, (13.43)
where uy, hy, € RY ;and v,us, hy, € RM. We then define as new variables the vectors
N0 al
hO = Bz | g0 |2 | 13.44
) ul? o
(t) t)
0 _ |hig ® _ |V
1 Lgt)] > Lg&)] (13.45)
This leads to the following linear dynamical system recast of (13.33)-(13.34):
ht+D) = AOR® 4 BOy®) (13.46)
Wgt) _ Cgt)h(t) + Dgt)u(t) (13.47)
wi) = cn® 4+ DPu® (13.48)
where
AW =004y (arny BY = [ Iﬂé) OM?tj)Vl (13.49)
= “ = )
W, Wi
) Onvxn Iy (t) Onxnm Onxn
Ci’ = D;’ = 13.50
! [ONxM ONXN] [ONXM In ( )
t t
et — | WY Ounan| po _ [0anar WY | (13.51)
Onixnr Onrxn Iny  Omxn

O denotes a matrix with only zeros. The next step is to impose the properties of the non-linearities
@gt), @ét) through constraint matrices. The Lipschitz constants wgt) , wét) of @%t) @ét) can be deter-
mined using properties of proximal operators [!141] and are directly linked to the strong convexity
and smoothness of the cost function and regularization. The relevant properties of proximal oper-
ators are reminded in appendix 14.2, while the subsequent derivation of the Lipschitz constants is

detailed in appendix 14.7 and yields:

A (t) A2 (A2
wlt) = e (QQQEL (@) (13.52)
A(t) AN2 (A2
Qs (@17 + A2)?
We thus define the constraints matrices
(t)y2 (t)\2
M — lWlo) _01 oIy MY = [(“20) _01 ® Ty (13.54)

where ® denotes the Kronecker product. We then use a time dependent form of Theorem 4 from
[166] in the appropriate form for 2-layer MLVAMP, as was done in [211] for ADMM.
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Proposition 9. (Time dependent version of Theorem 4 from [166]) Consider, at each time step
t € N, the following linear matriz inequality with 7 € [0, 1]:

0>

(13.55)

(ANTPAY — (7,)*P  (A)TPBW
(B(t))TPA(t) (B(t))TPB(t)
T
+[C§t) Dgt)] [?)M?) 02NX2M] [Cgt) Dgt)]
c DY 0wy BIMP] | CY DY

If, at each time step, (13.55) is feasible for some P = 0 and BY),ﬁg) > 0, then for any initialization
h©, h®) converges to h*, the fized point of (13.46)-(13.48):

v, |[h® — b < \/r(P)()||h® - b* (13.56)
where k(P) is the condition number of P and we defined 7% = sup, 7(;).
Proof. see appendix 14.7.1 O

We show in appendix 14.7 how the additional ridge penalties from the constrained problem (13.25)
parametrized by Ao, A2 can be used to make (13.55) feasible and prove Lemma 54. The core idea is
to leverage on the Lipschitz constants (13.52), the operator norms of the matrices defined in (13.35)
and the following upper and lower bounds on the Q parameters defined by the fixed point of state
evolution equations:

Amin(Hy) < Q%) < Amaa(Hy) (13.57)
Amin(Hg) < Q% < A (Hy) (13.58)
3 Amin(FTF) < QY < QY A (FTF) (13.59)
Qe g @ (13.60)
Amaz(FFET) = %12 = 3 (FFT)’

where H ¢, H, are the Hessian of the loss and regularization functions taken at the fixed point. These
bounds are obtained from the definitions of x,, x. in the state evolution equations (or equivalently in
Theorem 22), and the fact that the derivative of a proximal operator reads, for a twice differentiable
function:

Dy, 5 (x) = (Id +~Hy (4 (x))) " (13.61)

Detail of this derivation can also be found in appendices 14.2 and 14.7. For the constrained problem
(13.25), the maximum and minimum eigenvalues of the Hessians are directly augmented by A2, A2,
which allows us to control the scaling of the Q) parameters. The rest of the convergence proof is then
based on successive application of Schur’s lemma [127] on the linear matrix inequality (13.55); and
translating the resulting conditions on inequalities which can be verified by choosing the appropriate
5\2,)\2,6?), ét). Convergence of gradient-based descent methods for sufficiently strongly-convex
objectives is a coherent result from an optimization point of view. This is corroborated by the
symbolic convergence rates derived for ADMM in [211], where a sufficiently strongly convex objective
is also considered.
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13.6.2 Numerical experiments for Lemma 54

Here we provide numerical evidence for the linear convergence condition proved in Lemma 3. We
consider a logistic regression penalized with the ¢; norm (A} = 0.1) with an ill-conditioned design
matrix, with i.i.d. standard normal elements. This corresponds to the setting of Figure 13.3. Since
the logistic loss is strongly convex on any compact space, we do not need to add Ay. We follow the

convergence of 2-layer MLVAMP for this problem for increasing values of an additional ridge penalty
(t+) (4L

A2 = 0,0.01,0.05,0.1 and plot the average distance between successive iterates %thx 1z )Hz
and the evolution of the reconstruction angle 6 as a function of the number of iterations. We
perform two experiments with aspect ratios a = 1 and a = 0.2. For o = 1, 2-layer MLVAMP con-
verges without any additional ridge penalty, and convergence is accelerated by larger values of As.
As a sanity check, note that the reconstruction angle of the estimator returned by the algorithm
for Ao = 0 (grey line on the lower left plot) converges to the value predicted at Figure 13.3 for
a = 1,21 = 0.1 and a Gaussian matrix. For o = 0.2n the design matrix is ill-conditioned and we
see that 2-layer MLVAMP diverges. Adding the ridge penalty leads to converging trajectories for a
sufficiently large value of A9, as shown on the upper right block. Larger values of Ay again lead to

faster convergence.



CHAPTER 13. HOW TO PROVE KABASHIMA’S REPLICA FORMULA

Convergence of 2-layer MLVAMP, a =1 Convergence of 2-layer MLVAMP, a = 0.2

0.200
12=0 0.30
0.175 4 12=0.01
12=0.05 0.254
0.150 A 12=0.1
= 0.125 -~ 0.204
o= e
< <
T 0.100 < 015
i ix
= 0.0751 =
= ~=o0.10
0.050 A
0.05
0.025 A
0.000 A 0.00 A
2 4 6 8 10 12 14 2 4 6 8 10 12 14
t t
Estimator performance, a=1 Estimator performance, a = 0.2
3n/8 4
Q Q}
n/4
3n/8 4
n/8 4

282

Figure 13.5: Convergence of 2-layer MLVAMP on a logistic regression with ¢1 penalty with Ay = 0.1,
a Gaussian design matrix and two values of the aspect ratio o = 1 (left) and o = 0.2 (right). For
a = 1, the algorithm converges regardless of the additional ridge penalty and we recover the
performance predicted by Theorem 22 for the plain ¢; regularization. For o = 0.2, the plain ¢
leads to an unstable iteration and a sufficiently large additional ridge indeed leads to convergence.

In both cases, the larger the additional ridge, the faster the algorithm converges.



Chapter 14

Proofs for the Kabashima formula

14.1 Convergence of vector sequences

This section is a brief summary of the framework originally introduced in [28] and used in [97, 242].
We review the key definitions and verify that they apply in our setting. We remind the full set of
state evolution equations from [97] at (14.57), when applied to learning a GLM, in appendix 14.5,
along with the required assumptions for them to hold in appendix 14.5.2.

The main building blocks are the notions of vector sequence and pseudo-Lipschitz function, which
allow to define the empirical convergence with p-th order moment. Consider a vector of the form

x(N) = (x1(N), .., xx(N)) (14.1)

where each sub-vector x,(N) € R" for any given r» € N*. For r=1, which we use in Theorem 22,
x(NN) is denoted a vector sequence.

Given p > 1, a function f : R™ — R? is said to be pseudo-Lipschitz continuous of order p if there
exists a constant C' > 0 such that for all x;, x5 € R®:

[£x1) = £(xa)[| < Cler = o] [1+ [xalP~ + o] (14.2)

Then, a given vector sequence x(IN) converges empirically with p-th order moment if there exists a
random variable X € R" such that:

« E|IX|} < oo; and
o for any scalar-valued pseudo-Lipschitz continuous f : R™ — R of order p,

1

N
ng"ﬂooﬁgf(wn(m) = E[f(X)] (14.3)

Note that defining an empirically converging singular value distribution implicitly defines a sequence
of matrices F(IV) using the definition of rotational invariance from the introduction. This naturally
brings us back to the original definitions from [28]. An important point is that the almost sure con-
vergence of the second condition holds for random vector sequences, such as the ones we consider
in the introduction. Note that the noise vector wy must also satisfy these conditions, and naturally
does when it is an i.i.d. Gaussian one. We also remind the definition of uniform Lipschitz continuity.

283



CHAPTER 14. PROOFS FOR THE KABASHIMA FORMULA 284

For a given mapping ¢(x, A) defined on x € X and A € R, we say it is uniformly Lipschitz
continuous in x at A = A if there exists constants L; and Ly > 0 and an open neighborhood U of
A such that:

[(x1, A) = d(x2, A)|| < L[x1 — %2 (14.4)

for all x1,x9 € X and A € U; and
[6(x, A1) — o(x, A2)|| < La(1 + [|x[)[ A1 — Aq] (14.5)

for all x € X and A, A5 € U.

We discuss the required assumptions for the state evolution equations to hold in detail, and why
they are verified in our setting, in appendix 14.5.2.

14.2 Convex analysis and properties of proximal operators

We start this section with a few useful definitions from convex analysis, which can all be found
in textbooks such as [25]. We then remind important properties of proximal operators, which we
use in appendix 14.7 to derive upper bounds on the Lipschitz constants of the non-linear operators
O1, O,. In what follows, we denote X the Hilbert space with scalar inner product serving as input
and output space, here RV or R™. For simplicity, we will write all operators as going from X to X.

Definition 16. (Strong convexity) A proper closed function is o-strongly convex with o > 0 if
f- %HHz is convex. If fis differentiable, the definition is equivalent to

@) > fy) + (Vi) =)+ 5o -y (14.6)
forallxz,y € X.

Definition 17. (Smoothness for convex functions) A proper closed function f is [-smooth with
B >0 if gHH2 — f is convex. If f is differentiable, the definition is equivalent to

F(@) < F) + (VT ) o — ) + 5l — ol (14.7)

forall x,y € X.

An immediate consequence of those definitions is the following second order condition: for twice
differentiable functions, f is o-strongly convex and §-smooth if and only if:

old < H; < pId. (14.8)

Definition 18. (Co-coercivity) Let T : X — X and 3 € RY%.. Then T is 3 co-coercive if BT is
firmly-nonexpansive, i.e.

(x—y,T(x) = T(y)) > BIT(x) - T(¥)|3 (14.9)
forallx,y € X.

Proximal operators are 1 co-coercive or equivalently firmly-nonexpansive.



CHAPTER 14. PROOFS FOR THE KABASHIMA FORMULA 285

Corollary 8. (Remark 4.24 [25]) A mapping T : X — X is B-cocoercive if and only if BT is
half-averaged. This means that T can be expressed as:

_

T_Qﬁ

(Id +S) (14.10)

where S is a nonexpansive operator.

Proposition 10. (Resolvent of the sub-differential [25]) The prozimal mapping of a convex function
f is the resolvent of the sub-differential Of of f:

Proz,; = (Id + ~0f) . (14.11)

The following proposition is due to [I14], and is useful to determine upper bounds on the
Lipschitz constant of update functions involving proximal operators.

Proposition 11. (Proposition 2 from [11/]) Assume that f is o-strongly convex and -smooth and

that v €]0,00[. Then Proz,s — ﬁld 18 1+1ﬁ%url—cocoercive if B > o and 0-Lipschitz if B = o.
¥ o

If f has no smoothness constant, the same holds by taking 5 = 4o00.

We will use these definitions and properties to derive the Lipschitz constants of O1, Oy in ap-
pendix 14.7.

Lemma 57. Jacobian of the prorimal
Using proposition 10, the proximal operator can be written, for any parameter v € RT and x in the
input space X :

Proz,;(x) = (Id + 70f) ! (x). (14.12)

For any convex and differentiable function f, we have:
Prozys(x) + vV f(Proz,;(x)) = x (14.13)
For a twice differentiable f, applying the chain rule then yields:
mexﬁ (x) + ’ny(Proacvf(x))mexﬂ/f (x)=1d (14.14)

where D is the Jacobian matriz and H the Hessian. Since f is a convexr function, its Hessian is
positive semi-definite, and, knowing that v is strictly positive, the matriz (Id + vHe(Proxz,ys)) is
invertible. We thus have:

mexﬁ (x) = (Id + yH¢(Proz, ;(x))) ™" (14.15)

Lemma 58. Proximal of ridge reqularized functions
Since we consider only separable functions, we can work with scalar version of the proximal oper-
ators. The scalar proximal of a given function with an added ridge regularization can be written:

(z) = (Id +~v(0f + X2)) ! (x) (14.16)
(1 + 4 ) Id +~vf) () (14.17)

Proz o say 2

where the second equality is true only for differentiable f. If f is real analytic, we can apply the
analytic inverse function theorem [1/5] and verify analyticity in Ao of the proximal.



CHAPTER 14. PROOFS FOR THE KABASHIMA FORMULA 286

Finally, we remind a result from [25] describing the limiting behavior of regularized estimators
for vanishing regularization.

Proposition 12. (Theorem 26.20 from [25]) Let f and h be proper, lower semi-continuous, convex
functions defined on X. Suppose that argmin f N dom(h) # O and that h is coercive and strictly
convez. Then h admits a unique minimizer Xo over argmin f and , for every e €]0, 1], the regularized

problem
arg min f(x) + eh(x) (14.18)
XEX
admits a unique solution X.. If we assume further that h is uniformly convex on any closed ball of
the input space, then lim._,gx. = Xq.

14.3 From replica potentials to Moreau envelopes

Here we show how the potentials defined for the replica free energy of corollary 6 can be mapped
to Moreau envelopes in the zero temperature limit, i.e. 8 — oo where 3 is the inverse temperature.
We consider the scalar case since the replica expressions are scalar. All functions are separable here,
so any needed generalization to the multidimensional case is immediate. We start by reminding the
definition of the Moreau envelope [25, | M5 of a proper, closed and convex function f for a
given v € RY and any z € R:

. 2
Miy(2) = inf { (@) + (1/27)]l2 — 2113} (14.19)
zeR
The Moreau envelope can be interpreted as a smoothed version of a given objective function with the

same minimizer. For ¢; minimization for example, it allows to work with a differentiable objective.
By definition of the proximal operator we have the following identity:

Prox,f(z) = arger]gin {f(:n) + (1/29) ||z — z||§} (14.20)
Myp(2) = f(Prox,(2)) + %HPrOXWv(z) — 2|3 (14.21)

We can now match the replica potentials with the Moreau envelope. We start from the definition
of said potentials, to which we apply Laplace’s approximation:

¢$(m1xu lev )A(lx; Zo, élx) = lim ...
B—00
;log/e—ﬁ%lfx2+6(m1mzo+\/ﬁgm)x—,@f(x)dx (14.22)
= _Qzlx (%)% + (M1ezo + VRiabie)r™ — f(z¥) (14.23)
where
¥ = arg min {—lex? + ..
x 2

(m1zzo + VX1a€1e) T — f(x)} (14.24)
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This is an unconstraint convex optimization problem, thus its optimality condition is enough to
characterize its set of minimizers:

— Qua* + (g0 + VX 12€1z) — Of () = 0 (14.25)
1 i’ xX X xX X
s o = (Id+ —0f)"! (ml o + VX261 ) (14.26)
1z Ql:c
e 2" =Prox_;_ (m“xo + VX ”) (14.27)
le le

Replacing this in the replica potential and completing the square, we get:

o (M1z, Qs X1a} 0, E12) = — f (Prox, ;(X))...

i X2,
= DX — Prow (01 + 55 (1428)
A X2
=Qua— —M_1_,(X) (14.29)
2 Qix

where we used the shorthand X = % VXizdle
1z

14.4 Fixed point of multilayer vector approximate message passing

Here we show that the fixed point of 2-layer MLVAMP coincides with the optimality condition of
the convex problem 13.2, proving Lemma 53. Writing the fixed point of the scalar parameters of
algorithm (1), we get the following prescriptions on the scalar quantities:

1 1 1

— = =—=Qu, +Qa (14.30)
Xz 1z X2z
1 1 A .
— = = = Q12+ Q22 (14.31)
Xz X1z X2z
QRizX1z + QazX22 = 1 (14.32)
leXlz + C?22){22 =1 (1433)
and the following ones on the estimates, as proved in [222] section III:
X1 =X 21 =22 (14.34)
21 =Fx1 22 =Fx%xy (14.35)

We would like the fixed point of MLVAMP to satisfy the following first-order optimality condition
Of(X) + FTag(F&) = 0, (14.36)

which characterizes the unique minimizer of the unconstraint convex problem (13.2). Replacing
hy,’s expression inside hy, reads

hy, = (;2 - leh1x> /Q2z (14.37)
= (f:c — (Z - Q2xh2m)> /Q2z (14.38)
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and using (14.31) we get X; = Ro, and a similar reasoning gives Zo = Z;. From (13.8) and (13.9),
we clearly find 2y = FXy. Inverting the proximal operators in (13.5) and (13.7) yields

A

X1+ =

(%1) = hy, (14.39)
1x

A

zZ1 + —=

(21) = hy.. (14.40)
1z

Starting from the MLVAMP equation on hy,, we write

hy, = (f: - szh%) /Q1z (14.41)
(;‘*2 — (Q2.FTF + Qo,1d)%s + Q2. FT hQZ)
= : (14.42)
le
<Q22FTF + Q2 <1 S ) Id) %o
- \ XaGo (14.43)
QQJ}
F’ (le ( L 1) 21 — 8g(21)> (14.44)
Xlez

which is equal to the left-hand term in (14.39). Using this equality, as well as Z; = FXg and
relations (14.31) and (14.33) yields

Of (%2) + F19g(Fxz) = 0. (14.45)
Hence, the fixed point of MLVAMP satisfies the optimality condition (14.36) and is indeed the

desired estimator: X1 = X9 = X.

14.5 State evolution equations

This appendix is intended mainly for completeness, to show that the fixed point equations from
Theorem 22, stemming from the heuristic state evolution written in [277] are indeed made rigorous
by the results presented in [97].

14.5.1 Heuristic state evolution equations

The state evolution equations track the evolution of MLVAMP (1) and provide statistical properties
of its iterates. They are derived in [277] taking the heuristic assumption that hix,hiz, hax, ho,
behave as Gaussian estimates, which comes from the physics cavity approach:

QL) — ixo "2 /3 el (

(Qé h2z 2th L \/:5235) (14.46b
UT QN — o) " /5Dl (
(

A(t) ~ (1) PL2 /| .(
ng gz) mZZZO - XZZEZZ)
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where "Z* denotes PL2 convergence. U and V come from the singular value decomposition
F = UDV” and are Haar-sampled; 5%2,5&2,5%?,5&? are normal Gaussian vectors, independent
from xg, zg, VI xg and UT'zy. Parameters QAgtx), H oW Qg? are defined through MLVAMP’s iter-

1z 2z

ations (1); while parameters m@,m@,mgﬁ, mé? and )2%2, )thz), )2512, )Qg;) are prescribed through SE

equations. Other useful variables are the overlaps and squared norms of estimators, for k € {1, 2}:

(T A (1
Cw_xx) o 15013
A (T A (T
0 _m# 0 — 2113
kz M kz M
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Starting from assumptions (14.46), and following the derivation of [277] adapted to the iteration
order from (1), the heuristic state evolution equations read:

A0) A0) - (0) A(O) 5(0) »(0)

Initialize Q1. ,Qs, s 1y, My » Xip » X9z > 0.
. (1)
My, To +\V X xf
iy =B | on, g0 ( 1 (>>/T N )] e
1 o + )Z(t
X2 = = |1 g0 Lo+ VR (14.47D)
Ql:c Lo Ql:c
N0
(t) . m + X1zS1x
Gy =B f/Q(t) ( QLT )] —
Q(t) Q (14.474d)
20 — (t) 1lx '
Xiz
(t)
A m T o
LU EN (14.47¢)
PxXig
(t) (t)\2
~ q m m X %
I ( 1@2 . (14.47f)
(D2 pa(xi)
O _ Pa A + Vngtz)) (14.47g)
22 = 3 4 A0 '
(t 1 )\ ]
WWolgl A (14.47h)
* a [ & +2Q4)
NOJES MRS +A%5)) (14.47i)
T L@ Ay
®) A (t)
L P [A(mQx + iy ) ] (14.47j)
o (sz + /\Q2z)
o — (t) _ oW (14.47K)
(t)

t
Pngz)
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(t) (t)\2
v 922 z N
%12 = ( é)) - (( (2) — %4 (14.47m)
X2z Pz\X
5 (1) (1) (1)
(t) _ mi, %o + \/g SE
my, = E Zong(y7.)/QA(lw€Z) ( Agt) (14.4711)
A () (t)
W _ 1 ) iz + /1Dl
Xiz = 2 | T, 00 (14.470)
Qg? [ 9(y, )/ ( le
q(t) =E 772 N m ZO + \/;flz (14.471))
1z 9(y,)/ QY O
A (41 1 N
= NCES 12 (14.47q)
Xlz
(t)
. = mlft) — ) (14.47r)
PzX1z
(t) (t)\2
v z my, ~
W= e A s
X1z Pz\X1z
(t) (t+1)
m{Y = pE ”W)‘Hl] (14.47t)
O +20S
(t+1) 1
Xoz = = E [W] (14.4711)
(1) AA“+”
g, = XM u A ] (14.47v)
(t+1) . (t+1)
+ Am
+ pE ( ( (t) N )\Q t+1 ) ) ‘| (14.47\)\7)
A(t+1 1 A (t
= (D) - Q5 (14.47x)
) M (14.47y)
e (t+1) 2z ATy
2 X2z
(t+1) (t+1)\9
~+1) oy (m2$ ) ~ (1)
Xz (X(t+1)) o p (X(t+1))2 — Xoz- (14.472)
2z z\ X2z

We are interested in the fixed point of these state evolution equations, where thm) = Xg;) = X,

ay = a4y = oo miy = my) = me XY =) = e ) = 6 = e and mi) = mi) = m

are achieved. From there we easily recover eq. (13.13). However, these equations are not rigorous
since the starting assumptions are not proven. Therefore, we will turn to a rigorous formalism to
consolidate those results.
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14.5.2 Necessary assumptions for the rigorous state evolution equations

Here we remind the main assumptions needed for the rigorous state evolution equations to hold, as
they are listed for Theorem 1 of [97], and show they are verified in our setting.

Assumption 4.

e the empirical distributions of the underlying truth xq, eigenvalues of FTF, and noise vector
wy, respectively converge with second order moments, as defined in appendix 14.1, to inde-
pendent scalar random variables xo, wo, A with distributions pz,, Px, Pw,- We assume that the
distribution py is not all-zero and has compact support.

e the design matric F = UDV'T € RM*N s rotationally invariant, as defined in the introduc-
tion, where the elements of the Haar distributed matrices U, V are independent of the random
variables xg, wg, A

e assume that M, N — oo with fized ratio o = M /N independent of M, N .

e the activation function ¢(.,wq) from Eq.(13.1) is pseudo-Lipschitz of order 2.
e the constants <5 (ﬂglx(hgi), Q§2)> , <6h§t>g1z(h§tz), Q§?)> ) <(9 <z)gzx(h§$,h (t+1) ,sza (tz+1))>

<ahg;)922(hg2, h22 , Q2z7 Qgtz))> from algorithm (1) are all in [0, 1].

e the component estimation functions glx(hg, Agg) 2(h 12,,@11;) (hgt_,g,

(t+1 ,ng, (tZH ), ggz(hgg,h(z,Qh,QQZ) from algorzthm ( ) are umformly Lipschitz con-
tmuous at all time steps t, respectively in hg';) at le, mn hlz at le, hg;) at QAgL} and in hgz)
at Q2z .

The first four points are included in the set of assumptions 2 and are therefore verified. We need to

check the last two points, starting with the function glx(hgtg, Qg) = Prox (hg?) Since proxi-

170
mal operators are firmly nonexpansive, they are 1-Lipschitz and we thus have, using the separability
of the function f:

<8h§i2g“(hgfﬁ)’ gtvc))> ZPTOXMQa (h{),) € [0,1] (14.48)

where each f; : R — R is the same function applied to each coordinates. Now consider the restriction
(t)

of glz(hgg),QgQ) to its second argument. Its gradient w.r.t. Qg at a given point h;_ verifies,
assuming the function f is differentiable:

HV@§2Pf°Xf/Q;2<h5?> — i Hr(Prox 50 () 7 V(i)

2

2

) (14.49)
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where the last line is obtained using the scaling conditions on the subdifferential of f from as-
t At At
e R

912 (h M,le) is uniformly Lipschitz in hlx at le, at any time 1ndex t. The argument is identical

sumption 2. Then, for any Qg, QAgtm,), Prox — Prox

for glz(hgtz,QAlz) Proxf/QA(t)(hgz)). The functions

gggc(hgx,h(tJrl 7Q2zv (t;rl ) ggz(hgp), hgz), QAg;), Qgtz)) have explicit expressions and it is straightfor-
ward to check the last two points using linear algebra and the assumptions on the spectrum of
F'F.

14.5.3 Rigorous state evolution formalism

We now look into the state evolution equations derived for MLVAMP in [256]. Those equations are
proven to be exact in the asymptotic limit, and follow the same algorithm as (1). In particular, they
provide statistical properties of vectors hj,, ha,, hy,, ha,. We can read relations from [97] using the

following dictionary between our notations and theirs, valid at each iteration of the algorithm:
Q1as Q22 Q12, Q2z +— Y% Y (14.50a)
X1 Q125 X20Qoz +— g, ag (14.50b)
X1:Q12, X2:Q2: < oy, af (14.50¢)
X0, 20, Ps Pz < QY. QY, 70, 7 (14.50d)
hiz, hoy, hy ho, «— g, v, v,y (14.50e)

Placing ourselves in the asymptotic limit, [97] shows the following equalities:

ry = Q)+ Qg (14.51a)
rg = Q)+ Qg (14.51b)
r; =QY+Qy (14.51c)
rf = QY+ Qf (14.51d)

where Q; ~ N(0,75)" and Q] ~ N(0,77)" are ii.d. Gaussian vectors. QF, Qi have the
following norms and non-zero correlations with ground-truth vectors QY, QY:

[\

|t QT Qq
_ _ Qo
=Ty = (14.52)
2
|at | Q)
= 7 2 cf = 1M L (14.53)
With simple manipulations, we can rewrite (14.51) as:
r; £Qo+Qp (14.54a)
+
vt 4 (1 + C%) viQh+vIiQf (14.54b)
70
rm2Q)+Qr (14.54c)
d cf ~
Ulrf = [1+ %) UTQY+UTQf (14.54d)
71
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where for k € {1,2} vectors
+
~ c
Qi = -+ Qf (14.55)
k

and Qg , Q7 have no correlation with ground-truth vectors Q8, QY, UTQS, VTQ(I). Besides, Lemma
5 from [212] states that VTQ(J)r and UTQ;r have components that converge empirically to Gaussian
variables, respectively N (0,75) and N (0,7;"). Let us now translate this in our own terms, using
the following relations that complete our dictionary with state evolution parameters:

Me g M2 51 (14.56a)
Ql:r: Q2z
Moy ca' M1 ci"
L1+ S (14.56b)
@2z 70 Q12 I
%ﬂc — 1 X2z, T (14.56¢)
Q2

1z 2z
. 12 - +12
S (<) A @) (14.56d)
Q2x 70 1z 71

Simple bookkeeping transforms equations (14.54) into a rigorous statement of starting assump-
tions (14.51) from [277]. Since those assumptions are now rigorously established in the asymptotic
limit, the remaining derivation of state evolution equations (14.47) holds and provides a mathemat-
ically exact statement.

14.5.4 Scalar equivalent model of state evolution

For the sake of completeness, we will provide an overview of the explicit matching between the
state evolution formalism from [97] which was developed in a series of papers, and the replica
formulation from [277] which relies on statistical physics methods. Although not necessary to
our proof, it is interesting to develop an intuition about the correspondence between those two
faces of the same coin. We have seen in the previous subsection that [97] introduces ground-truth
vectors Q8, QY, estimates r(jf, rf which are related to vectors QB—L, Q;—L. Let us introduce a few more
vectors using matrices from the singular value decomposition F = UDV”. Let s, € RY be the
vector containing all square roots of eigenvalues of FTF with p, its element-wise distribution; and
Sy € RM the vector containing all square roots of eigenvalues of FFT with py its element-wise
distribution. Note that those two vectors contain the singular values of F, but one of them also
contains max(M, N) — min(M, N) zero values. p, and p, are both well-defined since p) is properly

defined in Assumptions 2. We also define

P =V'Q) P{=V'Qf P;=V'Q;
P! =UQ} P/=UQf P;=UQ.

By virtue of Lemma 5 from [212], the six previous vectors have elements that converge empirically
to a Gaussian variable. Hence, all defined vectors have an element-wise separable distribution,
and we can write the state evolution as a scalar model on random variables sampled from those
distributions. To do so, we will simply write the variables without the bold font: for instance
Z9 ~ Dags Sy ~ pu, and Qq refers to the random variable distributed according to the element-wise
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distribution of vector Q. The scalar random variable state evolution from [

Initialize 71_(0),70_(0), 7'0_(0)7 71_(0)7

QS(O)N N(O,TE(O)),QI(O)N N(O,Tf(o)),aa(o),a;(o)
Initial pass (ground truth only)

Sy~ Duy, Sy ™~ DPu, Qg ~ Pz

7 =E[(Q0))? Py ~N(0,7)

Qf = sng = E[(SMP(()))2] = E[(Su)2]7'8

P} ~ N(0,7)

Forward Pass (estimation):

t (¢t
aar( )_ R [77}/70@(@8 + Qg ( ))]
(t)

t Y —(t
70+(): _E(t)_’YO()
Qg
+) _ 1 O
0 - 1— aa_(t) {Uf/,yo—(t) (QO + QO )

Q- iy
K = cov (Q3,")
(P9, P ) ~ N (0.5

295

] now reads:

(14.57a)

14.57b
14.57c
14.57d
14.57e

—_~ N~
~— — ~— —

(14.57f)

(14.57g)

(14.57h)

(14.571)
(14.57j)
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—(t
ot _ g 537—1() (14.57k)
1= ~®) 2, F® '
T Su + Yo
—(1)
"}/ _
O =0 = ®) (14.571)
o3|
§2~"®
+) _ 1 { SuM1 Q7 4O
— +Q7) +
1 1— O[ii»(t) ( )82 + ’YO (t) 1 1
+(t)
S, _
M(PW +B) - QF - alor ¥} (14.57m)
0
K1+(t) — Cow (Q% ;r(ﬂ) (14.57n)
PO, PO v (0, K 14.570
1 1 1
Backward Pass (estimation):
ar =B |0, o (P + ) (14.57p)
+(t)
_ 1 Y t
—+1) _ _1(t+1) ) (14.57q)
oy
-+ _ 1 0 pt®
P T 1—a 0D {r'lr:(y,-)/vf(t)(P1 A
_pY— a7+ Pf“(t)} (14.57r)
=R (RO QT A0, (14.57s)
+(t)
—(t+1) Yo
o ) (14.57t)
" ['yl(t“)s,% + vﬁ(t)]
+(t)
—(t+1 7 t
g ) — —O(t-i—l) 4O (14.57u)
Qo
P—(t+1) 1 { SV'Y;(t) (Ql (t+1) + QO)
0 1_ ag —(t+1) 71—(t+1)82 + g +(t)
+(t
n 75 Y (B0 4 PO — PO — o VRS <t>} (14.57v)
G EINCOR 00 0
o V=[RS N0 ). (14.57w)

14.5.5 Direct matching of the state evolution fixed point equations

To be consistent, we should be able to show that equations (14.57) allow us to recover equa-
tions (14.47) at their fixed point. Although somewhat tedious, this task is facilitated using dictio-
naries (14.50) and (14.56). We shall give here an overview of this matching through a few examples.

o Recovering equation (14.47¢)
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Let us start from the rigorous scalar state evolution, in particular equation (14.57h) that defines
variable Qar . We get rid of time indices here since we focus on the fixed point. We first compute
the correlation

—E [QgQ(ﬂ (14.58)

_ 1 0 0 — 0

1 o {E [Qoﬂf/%— (Qo+ Qg )} - 7'0} (14.59)
where we have used E[(Q9)?] = 7J. At the fixed point, we know from MLVAMP or simply translating
equations (14.31), (14.33) that

3 1 ,y* ,y+

+ _ __ 10 0

1—oay =aq, e S Y a9 =0 9 -
0 0

Simple manipulations take us to

E |Qfny .. (Q8+Qy)] -

ct = — 0142 ) (14.60)
o7 ’Yo
e E [anf/“/_ (@8 + Qo )} o _
(1 + T%) & = OTOa— — - (14.61)
0 0*0

Now let us translate this back into our notations. The term E [an e QS+ Qg )} simply translates
0

into m1,, and the rest of the terms can all be changed according to our dictionary. (14.61) exactly

becomes
mig

Px Xz
hence we perfectly recover equations (14.47¢) at the fixed point.

A

mag =

— Mg, (14.62)

o Recovering equation (14.47f)

We start again from (14.57h) and square it:

1
E {(QJ)Q} = (1_(13){ [77f/7 (@3 +Qy )}
(of)?E [(Q5)2] = 2E [Q8ny/,- (@) + Q7))

2B (05, (@5 + @) +E [0} (1469
Ty = (1_1()[){ [nf/v (@0 + Qo )} +75 +
(ag)*r5 — 2E | Q- (Q + Qo) —

200 E |Qqn} - (Q + Q)| } (14.64)

Since @), is a Gaussian variable, independent from QY, we can use Stein’s lemma and use equa-
tion (14.57f) to get

E[Qq}),- (@0 + Q)| = ad 7o (14.65)
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Moreover, from (14.59) we have
()% (05)? = (E[Qny - (@ +Q5)] — ) (14.66)
(@)2(ag)?  (E[Q8ny,- (@8 +Qp)])?
7_0 - 7_0 = ...
0 0

— 2E [Q4n;/,- (@3 + Q)] + 7. (14.67)
Replacing (14.65) and (14.67) into (14.64), we reach

+

c 2
(ro* -4 ) (ag)” =E [}, (@8 + Qq)]

To

([~ @+Q0)])"
— 078 L — (af)1y (14.68)

< + (C(J)r)z> (7)? £ —7712‘/%_ (@5 + QS)} (0)?
o 'yo L

0 0 =
70

E Q- (@5 +00)]) ()2
_( [ O”f/ng(ﬂ;a)QO ) o ()P (14.69)

; 2
Notice that E {7] e
and our dictionary directly transforms (14.68) into equation (14.47f):

QS+ Qqp )} simply translates into our variable ¢, from its definition (14.47¢),

2
N q1w m]_x N
KXoz = =5 — — Xa- (14.70)
Tk et T
o Recovering equation (14.47t)
We first note that for any function h,
Elh(s,)] = min(1, a)E[h(s,)] + max(0,1 — a)h(0). (14.71)
— 2
and s2 ~ py. Applying this to h(s) = % and starting from (14.57m), we rewrite
Y1 87+
-2
s
of =E [_7;“ (14.72)
M S,u + Yo
1 LA
_ g [ i\ - (14.73)
a [ A+
with A ~ py, which translates into equation (14.47t):
1 A
x2: = —E [ x ] : (14.74)
« Q2x =+ AQQZ

In a similar fashion, we can recover all equations (14.47) by writing variances and correlations be-
tween scalar random variables defined in (14.57), and using the independence properties established
in [97]; thus directly showing the matching between the two state evolution formalisms at their fixed
point.
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14.6 Numerical implementation details

The plots were generated using the toolbox available at https://github.com/cgerbelo/Replica_
GLM_orth.inv.git

Here we give a few derivation details for implementation of the equations presented in Theorem
22. We provide the Python script used to produce the figures in the main body of the paper as an
example. The experimental points were obtained using the convex optimization tools of [229], with
a data matrix of dimension N = 200, M = aN, for a € [0.1,3]. Each point is averaged 100 times
to get smoother curves. The theoretical prediction was simply obtained by iterating the equations
from Theorem 22. This can lead to unstable numerical schemes, and we include a few comments
about stability in the code provided with this version of the paper. For Gaussian data, the design
matrices were simply obtained by sampling a normal distribution N(0, /1/M), effectively yield-
ing the Marchenko-Pastur distribution [255] for averaging on the eigenvalues of FTF in the state
evolution equations :

VO, X —a)t(0,b6— )T
2T A

2 2
where a = (/1 — (é) b =1/14 (é) , and (0,7)" = max(0, ). For the example of orthogonally

invariant matrix with arbitrary spectrum, we chose to sample the singular values of F from the uni-
form distribution 2 ([(1 — @)?, (1 + )?]). This leads to the following distribution for the eigenvalues
of FTF:

Aprp ~ max(0,1 — a@)d(A — 0) + « (14.75)

Apry ~ max(0,1 — a)d(0) + min(1, a)d(\, «) (14.76)

where d(\, a) = (mﬂ{ﬁe[(ka)?(ﬁra)ﬂ}%)’ and I is the indicator function.

The only quantities that need additional calculus are the averages of proximals, squared proxi-
mals and derivatives of proximals. Here we give the corresponding expressions for the losses and
regularizations that were used to make the figures. Note that the stability and convergence of the
state evolution equations closely follow the result of Lemma 54. For example, a ridge regularized
logistic regression, which is a strongly convex objective in both the loss (on compact spaces) and
regularization will lead to more stable iterations than a LASSO SVC.

14.6.1 Regularization : elastic net

For the elastic net regularization, we can obtain an exact expression, avoiding any numerical inte-
gration. The proximal of the elastic net reads:

1 A1
Prox )= sl ., —= 14.77
Qfllr(Al\xIﬁ%QIIXHE)( ) 1+ & < le) ( )

lx

where s (., 5‘1 ) is the soft-thresholding function:

AL _ A
)\1 rlk + le lf /\le < le A
S (le, = ) = 0 if _Qf <7 < Qll (14.78)
lz Tk — % if g > &


https://github.com/cgerbelo/Replica_GLM_orth.inv.git
https://github.com/cgerbelo/Replica_GLM_orth.inv.git
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E[Prox; 10,, (Xl

2 - A2
_ 1 (1 M+ Rie . A1 AMv2X1e eXp(_ 2(211)) 14.80
- (= - ) | e et (2 ) - (14.80)
. (Quz) Xie ™
)\% + Xlx + Uzm%x f A1
N0 T\ o o
12 V2(Rz + 023, )
o 2,52 _ A
B A1 \/2(le + o2ms,) exp( 2(@11)2(X1w+02m§z)> )} (14.81)
G '

Similarly, we have

/ 1 A1 A1
E[Prox, , (X)] = ——— {(1 — p)erfc () + perfe ( ) ] (14.82)
Qi A N ~ -
o 1+ 350 2X1a V2(R1a + 02i3,)

and

E[:UOProxf/Ql (X)] = Merfe (\/ 21 . (14.83)
: 1z 2 2()21:(: + Ulex)

We assume that the ground-truth zg is pulled from a Gauss-Bernoulli law of the form:

6l0) = (1 - p)3(0) + p J;?exp{exa/(za%)}. (14.79)

Note that we did our plots with p = 1, but this form can be used to study the effect of sparsity in
the model. Writing X = % VAislis and remembering that &1, ~ A(0,1), some calculus then
shows that: We now turn to the loss functions.

14.6.2 Loss functions

The loss functions sometimes have no closed form, as is the case for the logistic loss. In that case,
numerical integration cannot be avoided, and we recommend marginalizing all the possible variables
that can be averaged out. In the present model, if the teacher y is chosen as a sign, one-dimensional
integrals can be reached, leading to stable and reasonably fast implementation (a few minutes to
generate a curve comparable to those of Figure 13.1 for the non-linear models, the ridge regression
being very fast). The interested reader can find the corresponding marginalized prefactors in the
code jointly provided with this paper.

Square loss The square loss is defined as:

fla,y) = %(I -y)% (14.84)
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its proximal and partial derivative then read:

¥ 1
P = p4+
rox%f(p) 1 ’yp 1 ’Yy
0 v
Ip S —
Op rox%f(p) 1+~

301

(14.85)

(14.86)

Using this form with a plain ridge penalty (elastic net with ¢; = 0) leads to great simplification
in the equations of Theorem 22 and we recover the classical expressions obtained for ridge regression

in papers such as [125, ].

Hinge loss The hinge loss reads:

f(z,y) = max(0,1 — yx).

Assuming y € {—1,+1}, its proximal and partial derivative then read:

p+i it A(l-yp) 21
Prox1(p) = y i 0<q(l-yp) <1
p if  y(1-yp)<O

1if y(1-yp) =1

op 1 if (1 —yp) <O.

Logistic loss
f(z,y) =log(1 + exp(—yz))

Its proximal (at point p) is the solution to the fixed point problem:

Y

TEpF
(1 4 exp(yzx))

and its derivative, given that the logistic loss is twice differentiable, reads:

1

0 .
GoProxap(p) =4 0 if 0<y(1—yp) <1

9 Proxi ,(p) =
) ST T2 e
z L2 f(Prox, 0)

1

1_|_1 1

¥ (2+2cosh(Prox, ,(p))
il

(14.87)

(14.88)

(14.89)

(14.90)

(14.91)

(14.92)

(14.93)

14.7 Proof of Lemma 54: Convergence analysis of 2-layer ML-

VAMP

In this section, we give the detail of the convergence proof of 2-layer MLVAMP.
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14.7.1 Proof of Proposition 9

This proof is quite straightforward and close to the one of Theorem 4 from [160].

Multiplying Eq.(13.55) on the left and right by [(h®) —h¢=D)T  (u® —

respectively, we get

@xayha>__ha7n)+_3a>((w__uafl
— (r1)*(0® — h=)TP(H® — )

+ 51 (C&“( ~h) 4+ Dy (u®

(Cgt (h® — h=D) 4 Dg(u(t) _

MTPAO (L

(t_l)))TMg )(C(t) (h( )

~ (D) 4 BO@®

1
=) TMY (CP m® -

Using the definition of the iteration (13.46)-(13.48), this simplifies to

(h(t+1) . h(t))TP(h(t+l) o h(t)) _

+Auwi —wi ) T (w

( (t))Q(h(t) _ h(tfl))TP(h(t)
(t—1)

—h{tY)

Nt Ba(wd) —wi ) TMY (W

(t) () ()

—uy)

h*) 4 Dy (u® —u
h(t—l)) + Dg(u(t) _
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u*=1)T] and its transpose

(t—l)))
u(t—l))) <0

-y <0

Owing to the Lipschitz properties of @gt), @2 and the definitions of w;’, w5”, the terms factoring
b1, B2 are both non-negative. We thus have, at each time step ¢:

(h(t+1) o h(t))TP(h(t—l—l)

—h®) < T(t)(h(t) _

h¢=)Tp(hn®

Letting 7* = sup, 7(4), an immediate induction concludes the proof.

A

14.7.2 Bounds on Q(IHr1

127Q2x7

t+1

—h{tD)

(14.94)

We remind that, since the functions f and g are separable, their Hessians are diagonal matrices.
For any time index t, the following bounds hold:

0.
Q - 1/X15L‘ (t)
then %
( +0! (t)
Ql:c + Amin (Hf) Q
AE+1)
2z .

W — 1) — QY

then (t+1)

Qm+km4 )<Q§

where thx) = <8h(t)glz(---)> /Qgtx):
+(m [(Q1)1d+ Hp(prox)) ] )
+ Q < + )\max(Hf)

where ng;) = <8h(1tz)glz()> /le’
( [(Q(t)ld + ’Hg(prox))_1D ;

Q(t+1 (t) +)\ma$(7_[g)

(14.95)

(14.96)

(14.97)

(14.98)

(14.99)

(14.100)
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QY
QY =18 -l ) = <@hgt)92z(---)> /QY) (14.101)
LI T (OWFFT + 0V 1) "
then =gy = 37T [FF (QVFFT + Q5 1d) (14.102)
1z 2z

The matrices on the r.h.s. of the previous equation are all diagonalisable in the same basis. Then
each eigenvalue has the form

) T T T
Q2z )\mzn (FFT) + QQz 2z >‘k (FFT) + QQz Amax (FFT) + Q
which leads to the bound
A(t) A(t)
A(t) QQZ‘ < A(t) A(t) < At QQm 14.104
Q2z + )\max(FFT) A le + Q2z = Q2z + )\min(FFT). ( 10 )
Qgtﬂ)
SED ) o0 _ <3h<t> ggm(...)> /00, (14.105)
1 1 (t+1) T ®) 1}
then — = —Tr F F+ Q%Id , (14.106)
aran vl )
which leads to
O 4+ X FTF)QL™ < Q1) + Q0 < O + Apaa(FTF)OLTY. (14.107)

14.7.3 Operator norms and Lipschitz constants

Operator norms of matrices Wl(t),Wz(t),W3(t),W4(t)

The norms of the linear operators Wl(t),Wg(t),Wg(t),W4(t) can be computed or bounded with
respect to the singular values of the matrix F. The derivations are straightforward and do not
require any specific mathematical result. Denoting |[W|| the operator norm of a given matrix W,
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we have the following:

A+ A (t+1))\ FIF
le t)H - Qthl) max <|ng€t +Z1) min ) (14.108)
Ql Q + QQ )\mm(FTF)
!Q (t+1) Q2 +1)>\max(FTF)\ i
(t41) (14.109)
QQm + Q max (FTF)
A(t+1) A (F F)
®f — Q2z max
HWz H - X(t+1 Q (t+1) Q tZH))\mm(FTF) (14.110)
[ws] = ?22 max ('QM - 61212 din(FE)| (14.111)
Q) — QN Nnan(FFT)| \
® , A0 pe (14.112)
2x + QQZ )\max(FF )
A(t) Amaz FTF
[wa (t)H o S (14.113)

201 Q5) + Q5 Amin(BTF)
Lispchitz constants of @gt), @ét)

We now derive upper bounds of the Lipschitz constants of O(t) (’N)ét) using the convex analy-

sis reminder in appendix 14.2. We give detail for (95 ), the derivation is identical for @ét). Let
(01,B1) € R’f be the strong-convexity and smoothness constants of f, if they exist. If f has no
strong convexity constant, we set 01 = 0, and if it holds no smoothness assumption, we set 51 = 4o0.
Note that, from the upper and lower bounds obtained in appendix 14.7.2, we have o1 < Qg;) < G-

Case 1: 0 <oy < 1 Proposition 11 gives the following expression:

1 1 1
Prox 1 ;= < G + A(t)> Id (14.114)
o] 2\1+01/Qr;  1+61/Q%;
1 1 1
+ 3 ( I A(t)> S1 (14.115)
14+01/Qi, 1+ 581/Qi,
where S is a non-expansive operator. Replacing in the expression of O; leads to:
A(t)
- 1 1
o) = (t) (( 1() ( o +— ) —1) Id (14.116)
2X1x + 01 Ql:v + 51

1 1 1
WO < N0) T AD ) Sl) (14.117)
2X1z Ql:v + 01 le + Bl
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A (t) 2 2
A0y A0 L [ Qlx ( 1 _
H(’)l (x) — O (y)H2 (Q%) (le) » %3) Prox$f(x) Prox@it)f(y) (14.120)
1
- QW < y,Pronlt)f( x) — Prox(;t)f(y)> + [jlx — yH%) (14.121)
1$ 11‘ lx lx
<<Q§2>2<< ! P )‘Po (z) — Pro (y) 2+\| H?> (14.122)
NS N = — I X%f X)) — T X%f y X —y 2 .
Qé@ (Q§Z)2(X§2)2 Ql X192 “le afl 2
<Q§2>2 ( ! ! )( ! >2+1 I 112 (14.123)
= = = N r—1Y 2 .
Q5) @007 A ) \15 0 /00
ABNZ 7 ADV2 1 AD2
- (?gg) (%L) 1) +1> oyl (14.124)
Q2r (le +01)2

which, knowing that le;) + Qg? = %t), and separating the case where the first term of the sum in
Xiz

Eq.(14.116) is negative or positive, (91 has Lipschitz constant:

At) AWM
W0 = ng s (C??f) o ,8A1(t) Qm) . (14.118)
Qs Qi, to1 Qi + 5

Case 2: 0 < 07 =1 In this case, we have from Proposition 11:

2 1 2
Y) :<A(t)> lz —yl5 (14.119)

2 1+01/Q,

PrOXﬁf(x)—PrOX%f(

which, with the firm non-expansiveness of the proximal operator gives, for any x,y € R: The upper
bound on the Lipschitz constant is therefore:

A(1) A2 _ (A2
w1 =~ J 1+ ((ngzt (@12)%), (14.125)
2x (Qlaj + 01)2

Case 3: no strong convexity or smoothness assumption This setting is not necessary for
our proof, because we only handle penalty functions which have a strictly positive strong convexity
constant, by adding a ridge term. However, we list it for completeness. In this case, the only
information we have is the firm nonexpansiveness of the proximal operator, which leads us to the
same derivation as the previous one up to (14.122), where the first term in the sum can be positive
or negative. This yields the Lipschitz constant:

0 (1 88
wgt) = A%t max | 1, A?t) . (14.126)
QZJC 1z
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Recovering (13.52) In our proof, we make no assumption on the strong-convexity or smooth-

ness of the function, but adding the ridge penalties Ao, Ay brings us for both @Y/) and @ét) to either
the first of the second case above. It is straightforward to see that the Lipschitz constant (14.125)

is an upper bound of (14.118). We thus use (14.125) for generality, and recover the expressions

(13.52) shown in the main body of the paper.

A (L)

wgt) =z 114

Qs

A(t)

wét) _ %lz 1+

Qs

14.7.4 Dynamical system convergence analysis

We are now ready to prove Lemma 54.

We will use the bounds derived above to prove the convergence lemma.

(14.127)

(14.128)

Since we have proved

the required bounds at any time step, we drop the time indices in the remainder of this proof for
simplicity. The choice of additional regularization is As arbltrarlly large and Ao fixed but finite
and non-zero. ng, le can thus be made arbitrarily large, and ng, le remain finite. We write

the corresponding linear matrix inequality (13.5

5) and expand the constraint term. Some algebra

shows that:
CTM, C, — Omxnv Omxn
TM,C, = ) (14.129)
Onxnv wilyxn
w7
CIM,C, = [“2WaWs Ourxy (14.130)
Onxm OnxN
CTMiD1 = O Ny (M+N) (14.131)
DM, C1 = 0(y15n)x (M+N) (14.132)
[ 2w T
CIM,D, = |2V °"2W3W4] (14.133)
Onxn Onxn
DIM,C, = _ QOM;}M Oy (14.134)
_w2W4 W3 ON><N
DM D, — [00rxar Onrxy
1 MDDy = (14.135)
|Onxm —Inxn
Ty Onrww
DIM;D, = 14.136
27 | Onxm w§W4TW4] ( )

where all the matrices constituting the blocks have been defined in section 13.6. This gives the

H, H;
HI H;

following form for the constraint matrix:

(14.137)
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where
B1w2WIW;5 O
H, — 14.138
! | Onxwm Bow?Inx N ( )
I 2w T
H, = |OMxm Prea Wy Wa (14.139)
|ONxm Onxn
—Bilarsas Onrx N
Ha — 14.140
5 Onx M —BoInxn + frwiWIw, ( )
thus the LMI (13.55) becomes:
—7°P + H; H,
- . .
0= | gy BTPB 4 Hy (14.141)
We take P as block diagonal:
Pi  Omxn
P = 14.142
[ONXM Py ] ( )

where P; € RM*M and Py € RV*N are positive definite (no zero eigenvalues) and diagonalizable
in the same basis as FT'F, which is also the eigenbasis of W1, W3, W1 Wy, WI'W,. We then have:

BTPB = (14.143)

P, + WIP,W, WIP,W;
WiP,Wy,  WIP,W, |-

We are then trying to find the conditions for the following problem to be feasible with 0 < 7 < 1:

2
P — H1 —H2
= .
[ _H%1 —(BTPB + Hg) =0 (14 144)
Schur’s lemma then gives that the strict version of (14.144), which we will consider, is equivalent
[127] to:
~(B"PB+H3) -0 and (14.145)
7P —H; + Hy(BTPB + H3)'HY » 0 (14.146)

We start with —(BTPB + Hj).

Conditions for —(BTPB + H3) ~ 0

Expanding —(BTPB + H3) = 0 and applying Schur’s lemma again gives the equivalent problem:
BiInxn — Pows WEIW, — WIP,W, =0 and (14.147)

Bolnxnr — P1— W3 P, W,
— WIP,W K, WIP,W; >~ 0. (14.148)
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where K = (B1Inxn — fows Wi W, —WTPyW;)~!. We start with (14.147). A sufficient condition
for it to hold true is:

B1 > BowiAmaz(WEWL) + Anae (P2) Amae (WIWH). (14.149)

Using the bounds from appendix 14.7.3, we have:

A 2
Amax(vv?vvl) < <€22x> max (

lx

‘Qlcc - QQzAmzn(FTF)‘ |Q1a} - QZZ)\maz(FTF)‘)z (14150)
QQ&C + QQzAmzn(FTF) 7 QQJ} + QZZ)\max(FTF)
2
< max ( (1 - QQZAmm(FTF)> >
1z
2
<1 - sz}\m(w(FTF)> ) = by (14.151)
1z
and
A 2 A 2
Q QZ:{:
/\max W Wy) < ~
( ! 4) (Q z) (XQZle) .
( (@2 f — ) Amaz(F7F) (14.152)
Q )‘ QQI + QQZ m'm(FTF))
(g ar)
<
le le
2
(W) Amaz(ETF). (14.153)
QQz(le + A2)

- 2
3 3 A 3 2 (QQZ) Q1z+Q2z T 3 It
For arbitrarily large ()1, the quantity (2)\2 + o + oL ) (sz(le+5\2)) Amaz (F F) is trivially

bounded above whatever the value of )\Q,ng. Let by be such an upper bound independent of
A2, Q2z, Q1,. The sufficient condition for (14.147) to hold thus becomes:

/81 > ﬁ2Q12b2 + )\mam(P2>bl (14154)
where by, by are constants independent of Ao, Qaz, Q1.
We now turn to (14.148). A sufficient condition for it to hold is:

52 > )\mam (Pl) + )\max(WgWQ))‘mam (P2>
()\ma:p(P2))2)\maz (WTW2))\ma:E (W,{Wl)
B1 — 52(*)2 max (WTW4) )\max(PQ))\max (W{Wl)

n (14.155)
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Note that condition (14.147) ensures that the denominator in (14.155) is non-zero. We then have:

~ 2 T
Amaz(WIW5) < Q2 _ Hmaa(F7F) (14.156)
XZ:Ele (Q2x + QZzAmin(FTF))2
Q2z(1 + QM)
< Q—Q% Amaz(FTF) (14.157)
1z

This quantity can be bounded above by a constant independent of Ao, ng, le for arbitrarily large
Q25 Let bg be such a constant . Then a sufficient condition for condition (14.148) to hold is:

52 > )\max<Pl) + b3)\max(P2)
ble()\ma:r(PZ))Q
B1 = B2Q1202 — Anaz(P2)b1

we see that 7 must scale linearly with le which is one of the parameters that is made arbitrarily
large. Then fB; also needs to become arbitrarily large for the conditions to hold. We choose
51 = 262(212(72 + Anaz(P2)by for the rest of the proof. Condition (14.154) is then verified, and [
needs to be chosen according to condition (14.158), which becomes:

b1bsA\2,,.(P2)

max

BaQ1.bo

This has a bounded solution for large values of le. We now turn to the second part of (14.145).

(14.158)

B2 > Amaz(P1) + b3Amaz (P2) + (14.159)

Conditions for 72P — H; + Hy(B?PB + H3) 'HI = 0

We need to study the term —Hz(BTPB + H3) 'HI (we study it with the — sign since the mid-
dle matrix is negative definite from conditions (14.147,14.148) which are now verified). As we
will see, because of the form of Hy, we don’t need to explicitly compute the whole inverse. Let

Z=-B'PB+H;) ! = l;% 221 (Z has the same block dimensions as (BT PB +Hj3)). We then
2 3
have:
—H,(B"PB + H;) 'H! = H,ZHT (14.160)
_ | WEWIZsWIW;3 Onpsn |- (14.161)
On OnxN

We thus only need to characterize the lower right block of Z. It is easy to see that conditions
(14.147) and (14.148) also enforce that both the Schur complements associated with the upper left
and lower right blocks of —(BTPB + H3) are invertible, thus giving the following form for Z3 using
the block matrix inversion lemma [127]:

Zs = (B1In — Bows W] Wy
- WiP,w, - WIP,WoKoWIP, W)L (14.162)
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where Ko = (S1Iy — P — WgPQWQ)*l. We thus have the following upper bound on the largest
eigenvalue of Zs:

1
Amaz(Z3) < ~ , (14.163)
e /81 - /BQlebQ - )\max(PZ)bl —k
where k = = Amilxb(gl;\f’filb(;;\i)m ) Using the prescription 81 = 282Q1.b2 + Amaz (P1)b1, we get:
1 by
Amax(z?)) — N D12 S = (14164)
F1Q1zb2 — gy B e (P2) Q1

where b4 is a constant independent of the arbitrarily large parameters As, ng, le. Thus Anaz(Z3)
can be made arbitrarily small by making Ay arbitrarily large.

We now want to find conditions for 72P — H; + Hyo(BTPB + H3)"'HZ ~ 0 which is equivalent to:

2P — BowiWI W3 — Wi WI W, Zs W, W3 = 0

2Py — B1wily = 0 (14.165)
We start with the upper matrix inequality, for which a sufficient condition is:

Tz)‘min(Pl) - ﬁngAmax (W,§W3)

— B3t Amaz (WEW3) Mnar (WIW ) M naz(Z3) > 0 (14.166)

Using the bounds from appendix 14.7.3, we have:

W3 Amaz (W3 W3) < ...

A 2 A N2 (A \2
(g;) <1+ (Q(QQ)lJr(g)lz) >)\max(W§W3) (14.167)

- 22000Q1; + A3 + (Q22)? "
(Q1z + X2)?

A

mas((1 — L\ (FTE))2, (1 — g%mmTF»?) (14.168)
2 2
< Al (25\2+M)X
1z le
Quzy  prpye q_ @ T2
max((1— 225 (FTF)2, (1 — D20, (FTF))?) (14.169)
2x 2x

Thus there exists a constant b5, independent of Ao, le, QQx such that, for sufficiently large lez
bs

w5 Amaz (W5 W) < = (14.170)
1z
Remember that we had: R
W5 Amaz (W1 W) < Q12b, (14.171)
which gives the following sufficient condition for the upper left block in (14.165):
b babsb
T Amin(P1) — Bam — f—— > 0. (14.172)
le le
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A sufficient condition for the lower right block in (14.165) then reads:

7 Amin(P2) — Biwf > 0, (14.173)
where we have:
A 2 ~
2 Qlac (Q2x) (le)2>

61WI - (QQ:E) < - (le + )\2) .
(2ﬁ1Q12b2 + )\mam(PQ)bl) (14174)

_ 1 A (QQJ}) (le)2>

Q22 Q)" ( " (Q1z + A2)2 )

(2513%2 + Amax(PQ)?l> (14.175)

2x 2x

We remind the reader that Q1, sz grow linearly with Ae. Thus the dominant scaling at large A
is (exchanging Qs with Q1. up to a constant):

b
Brw? < =, (14.176)

1z

where bg is a constant independent of the arbitrarily large quantities. The final condition becomes:

babsb
72 Amin(P1) — 52 - 8322250 (14.177)
le le
b
72 Amin(P2) — =2 (14.178)
lz

where we want 7 < 1. We now choose 72 = E/le with a constant ¢ independent of Ao, le, ng

2
that verifies ¢ > max (’B 21;5;5 2(;)32112)5 b4, /\nbi:6(P2))’ such that:

¢ 9 babsby
—— Amin(P1) — 8,5 _ gpbabsbs (14.179)
le le 2 le
b
i (Pa) — 5 5. (14.180)
1z 1z

Since (52 is bounded for large values of Q1,, and the b; and ¢ are constants independent of A2, Qaz, Q12,
we can then enforce ¢ < le using the additional ridge penalty parametrized by A2 on the regu-
larization to obtain 7 < 1 and a linear convergence rate proportional to \/?% We see that the
eigenvalues of the matrix P are of little importance as long as they are non-vanishing. We choose P
as the identity. In the statement of Lemma 54, we write ¢ the exact constant which comes linking
Q12 to Aa.

This proves Lemma 54.

14.8 Analytic continuation

In this section, we prove the validity of the analytic continuation and approximation argument used
to prove Theorem 22, under the required set of assumptions 2. According to Lemma 4, for any
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A2 >0 and Ay > A3, any scalar pseudo-Lipschitz observable of order 2 ¢, we have almost surely

N
A}i_r}noo % Z:ZI (25(1'071‘, .f'z(/\2)> = E[(ﬁ(xo, PI‘OXf/ Agzl) (Hx))} (14.181)

where H, = m is defined in Theorem 22. We would like to show that this equality still
holds for any Ao > 16. To do so we will show that, for a real analytic approximation of problem
Eq.(13.2), both sides of Eq.(14.181) are real analytic in Ao. We may then use the real analytic
continuation theorem, as given in [118] to extend to any Ay > 0. We will treat the case Ao = 0

separately. In what follows, we will write the dependency in Ao of the estimator explicitly, i.e.,
X =%x(N\2).

14.8.1 Real analyticity of the left hand side of Eq.(14.181)

We remind a useful characterization of real analytic functions from [115]:

Proposition 13 (Proposition 1.2.10 from [118]). Let f € C>*(I) for some open interval I. The
function f is in fact real analytic on I if and only if, for each o € I, there are an open interval J,
with a € J C I, and finite constants C > 0 and R > 0 such that the derivatives of f satisfy :

. 1l
FD(e)| < c%, VaeJ (14.182)
We also remind the formula for the higher order derivatives of a composition of two infinitely

differentiable functions:

Proposition 14. (Faa di Bruno’s formula, [1/5] Theorem 1.3.2.) Consider two scalar functions
f and g defined on an open interval I € R. Assume that both functions are infinitely differentiable
on I and taking value in I. Then the derivatives of h = go f are given by

! O\ 7 1@\ *2 ) ()
h(”)(t):ZWg(k)(f(t)) (W) <f 25“) <f|(t)> (14.183)

n:

where k = k1+ko+...4+ky, and the sum is taken over all ki, ks, ..., ky, for which k14+2ks+...4+nk, = n.

The following lemma establishes bounds on the higher order derivatives of %X(A2) with respect
to )\2.

Lemma 59. X(\2) is infinitely differentiable w.r.t. Ay and, for any integer p, there exists a constant

K’ such that its elementwise p-th derivative, denoted Dg’; X(\2) wverifies, almost surely

1 A 2
NHD@X(AZ)HQ <K' (14.184)
Furthermore, Dg\?i()\g) is a Lipschitz function of X(\2).

Proof. Recall the strongly convex problem, for any finite N,

~ A
(A2, A2) = argmin §(Fx,y) + f(x) + 2[|x]|3 (14.185)

xeX 2
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where we absorbed \s in § as we are only interested in prolonging on As.
The optimality condition then uniquely defines %(\2) of each value of Ay and reads :

F'V§(F&(\2),y) + VI (&(\2)) + Aok (Xa) = 0 (14.186)

The function FTV§(F-,y)+Vf(:)+ Ao is real analytic in RY and its Jacobian FTH;F +H ¢+ Aoy
is non singular since f and g are convex. The implicit function theorem [I18] then ensures that,
at any finite N > 0, the function %(\2) is elementwise real analytic in A2. We can now prove the
lemma with an induction.

Initialization Owing to assumption 2, we have almost surely

1
lim - [%()[3 < K7 (14.187)

N—oo

and the identity is a Lipshchitz function of X(A2) The function of Ag defined by :
A2 = VG(FR(A2),y) + Vf(R(A2)) + Aax(A2) (14.188)

is always zero valued from the definition of X(\2), thus all its derivatives are zero. Taking the first
derivative with respect to A9 yields:

(FTHg(F&(X2), y)F + Hp(R(A2)) + AoLy) DR(N2)
+2() =0 (14.189)

where DP is the (N x 1) dimensional element-wise p-th differential of %(A2). We then define the

operator
R — RV*N
O: {

)\2 — FT’Hg(F}?(Ag),y)F + /Hf(}A(()\Q)) + )\QIN.

We obtain a simple expression for DX (A2)
Dx(Xg) = —O7 1 (A\)%(\2) (14.190)

Since f and g are convex, the operator norm of O~!(\y) is bounded with probability one, and
D%(\2) is a Lipschitz function of %(A2) where %HD?{(Ag)H% is almost surely bounded.

Induction step Assume the property is verified up to p—1. For higher order derivatives, applying
Leibniz’s rule on Eq.(14.189) gives, denoting O™ ()\y) the i-th derivative of O(\y), for the (p-1)-th
derivative of (14.189) :

(p , 1) O (X)) DPI%(Ny) + DPVg(Ny) =0, (14.191)
1=0 t

such that

—_

p— -1 ) )
(p . )o@)(Ag)D(p—Z))z(AQ) + O(X2) DPI%(A)
=1
+DPg(N) =0 (14.192)
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We obtain the recursion on the differentials of X(\2) :

p—1
DPR(Xg) = _0—1(/\2) ( Z (P - 1) O(i)(/\2)D(pfi)§((/\2)

=1 l

+ D@—l)ﬁ(AQ)). (14.193)

where the matrix inverse O~1(\y) is well defined for any Ay > 0 since f and g are convex. Using
proposition 14, the assumption on the fast decay of the higher-order (larger than 2) derivatives of f
and g, the bounded spectrum of the matrix F, and the induction hypothesis, the operator norm of
OWP)()y) is bounded with probability one for any p € N, DP)%()\,) is a Lipschitz function of %(\s)
as a finite sum of Lipschitz functions of %()2), and its averaged squared norm is bounded almost
surely. This concludes the induction. O

Lemma 60. Under assumption 2, the function (o) defined as
Y:R SR (14.194)

R A

s real analytic for Ay > 0.

Proof. Since ¢ is pseudo Lipschitz of order 2, there exists a constant Cy such that, for any = € R,
d(z) < Cyp(1 + 2%). Thus :

) . Oy .
dim ()] < lim —2(1+ %)) (14.196)

which is almost surely bounded. By assumption, the boundedness of 1 is enough to obtain its
convergence. For the first derivative, the pseudo-Lipschitz property ensures that there exists a

constant Cj such that, for any z € R, %(x)’ < C4(1 4+ |z[). Then

d od
—ao(z(\ < —3(\ 1 Zl(\ 14.1
dAng(x( 2))| < Cy d)\zm( 2)| (1+2[(A2)) (14.197)
so there exists a constant C{p such that
. . 1 . . X
Jim D) < Jim —Cl (IDX0) 5 + [DEOR) %)) (14.198)

which is almost surely bounded. We have also proved in the previous lemma that Dx()\2) is a
Lipschitz function of Ao, thus Di(\g) is a PL2 function of %X(A2) and its limit exists according
to Assumption 2 (c). For the higher order derivatives, we use proposition 14 to obtain, for any
coordinate 1 <i < n:

k1 ko k
d) p! M (\g) 7@ (o) 2P0\
— (2 = o (k) (A i 2 £y \A2) Ty (A2)

The assumption on the higher order derivatives of ¢ from Theorem 22 and Lemma 59 implies that
the term

A1) ki og.@) k2 +(P) kp
o™ (£:(A2)) <W> <$12(|)\2)> <$ip (A2)> has bounded absolute value with probability

p!
one, for all coordinates ¢. Using the characterization of real analytic functions and assumption 2
(c) from proposition 13, this concludes the proof. O
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14.8.2 Analytic continuation to (A, \y) € R* x R*

From assumption 2, the set of fixed point equations from Theorem 22 admit a unique solution
for any A, Ap. Additionally, the implicit function theorem [118] can also be applied to the set
of fixed point equations from Theorem 22 regarding the dependencies in Ao, A2 to show that each
quantity involved is real analytic in Ag, X2. At this point, we have two analytic functions, the
observable and the one defined by the fixed point of the state evolution equations, that coincide
for any Ao € [\5, +oo[ and any Ay > 0. We can now use the analytic continuation theorem [115] to
show that these functions remain equal for any Ay > 0 and for Ay > 0. This concludes the proof of
Lemma 56.

14.8.3 Real analytic approximation of strongly convex problems

Consider
A
%c(A2) = argmin ge(Fx,y) + fe(x) + 2 ||x[I3 (14.199)
xeRN 2
A
%(\2) = argmin §(Fx,y) + f(x) + 2 |x|3 (14.200)
xERN 2

where g, fo are real analytic approximations of the loss g and regularizer f verifying assumption
2(e). To relax the analytic approximation, we need to prove the following equality.

lim lim —ZQS i(A2)) = hrn —qu (14.201)

e—=0N—oo N

Under assumption 2 (c¢) and owing to the definition of PL2 functions, it is sufficient to prove
R R N 2
lim fim ()~ %(0) 3 = 0 (14.202)
Denote C the cost function g(F.,y) + f(.) and its real analytic counterpart C. the cost function
Ge(Fy) + fe().
vx € R¢ lim Ce(x) = C(x) (14.203)
€E—>

Since minimizers of convex functions are fixed points of the corresponding proximity operators, it
holds that

1. R 2 R R 2
NHXG()\Q) —x(N)]l5 = N’ ProX, (), %QH.Hg(XE(/\g)) — proxc(.)Jr%QH_”g(x(/\g)) , (14.204)
1 . A 2
S WP+ 211 Feld)) mProxe () ag s(RRD))
2
N‘ Prox, (i, ,\72||.H§(X()\2)) —proxc(.H%QH.H%(x()\g)) , (14.205)

The results from appendix 14.7.3 show that proximity operators of strongly convex functions are
contractions, thus their exists a positive constant Ly, < 1 such that for any realisation of F,x", wq

1. . . 1 . .
NHXE()Q) —x(N\)|3 < N Drel%e(A2) — x(A2)l3
2

1
+ —

14.2
¥ (14.206)

ProXe, ()22 3 (R(A2)) = Proxe ) o) 2 (R(A))|
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Furthermore, the function prox xo p2(+) converges uniformly to prox g 2(.) when € — 0,
Ce()+F112 CO+ZZ
and thus
1 2
iy Jom N‘ PTOXe, (3422 3 (K(A2)) = Proxe ) ag 1 (X(A2)) , 0 (14.207)
which gives
1 1 )
lim Tim % (00) — X(2) [} < L, lim Tim_ —[[%(2) = %00) 3 (14:208)
Since Ly, < 1, this implies
AU S . 2
lim lim —[%e(A2) = %(A2)[l; =0 (14.209)
14.8.4 Continuous extension to 5\2 =0
Making the dependence on Ay explicit, define
T B . Aoy g Ao 2
%o, o) = argmin g(Fx,y) + F(x) + 2|x]3 + 32 |Fx? (14:210)
xeRN
A
%(0,\2) = argmin g(Fx,y) + f(x) + 2> ||} (14.211)
xeRN 2

Both cost functions defining )2(5\2, A2),%(0, A2) are strongly convex for any A2 > 0. We can then use
the same argument as in the previous subsection C to conclude

lim lim —Hx A2, Ag) — %(0, )\g)H =0 (14.212)

Ao—0 N—oo NV

14.8.5 Continuous extension to \s = 0

For Ay = 0, the estimator %(\2) is still unique for any Ay > 0. We now need to study the limiting
ridgeless estimator

A

lim argmmg(FX y) + f(x) + —2Hx|]§ (14.213)
)\2—> xE 2

for functions f, g that may not be strictly convex. To do so we will use Theorem 26.20 from [25],

which is reminded in appendix 14.2, proposition 12. Under assumption 2 and since the /3 norm is

strongly convex thus uniformly convex, we have, denoting Xg the unique least ls norm element in

argmin, .y 9(Fx,y) + f(x),
lim %x(A2) = Xo (14.214)
Ao—0
We can therefore uniquely define the continuous extension of any continuous observable ¢ of X(\2)
such that ¢(Ay = 0) = ¢(Xg). Then this observable and the corresponding function implicitly
defined by the set of fixed point equations are continuous on [0, +o00[ and equal for any A2 €]0, +o0],
and thus also equal at Ay = 0 using the definition of continuity and the fact that ]0, +oo[ is dense
in [0, +o0].
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14.8.6 Real analytic approximation of usual cost functions with fast decaying
higher-order derivatives

In this section, we show that any combination of the square, logistic and hinge loss with ¢; or /o
verifies Assumption 2 (e), i.e. they can be approximated with real analytic functions whose second
derivatives have higher-order derivatives that decrease faster than any polynomial. The square loss
and ¢ immediately verify these assumptions. Assuming y = 1 without loss of generality, the second
derivative of the logistic loss is given by

§'(z) = Gf:‘:g()x)). (14.215)

All higher order derivatives will be a polynomial in exp(x) divided by a higher order polynomial in
exp(x) plus one. Thus, for any sign of x, higher-order derivatives of the logistic loss will decrease
exponentially fast when the absolute value of z goes to infinity. We now turn to the ¢; penalty. Real
analytic approximations of functions may be constructed by considering their convolution with a
Gaussian kernel, which is also known as the Weierstrass transform. Denoting W, [f] the Weierstrass
transform of a function f with parameter € > 0, we obtain for the ¢; penalty

1 oo 1
NoLT /_ |u| exp (—26(u — x)2> du (14.216)
1 1 z 1
= Tore (Zeexp<—26$2> + 2x/0 exp<—2€u2>du> (14.217)

whose second derivative reads

Well -] (z) =

2
LW @) = 2 exp(— o) (14219

thus W, [|.])] is strongly convex and its higher order derivatives all decay faster than any finite order
polynomial. A similar computation shows that, for the hinge loss,

1 oo 1
= 1— T (y— 1)
\/ﬁ/_m max (0,1 — u) exp( 26(u x) )du

= \/21; ((1 - x)\/?—i- eexp(—;e(l - x)2> (14.219)
+(1—-2x) /Ow exp(—zlﬁ(l - $)2>du> (14.220)

We [max(0,1 — .)] (x)

whose second derivative reads

2
%WE max(0,1— )] () = \/2176 exp <_21(1 _ $)2) (14.221)

Thus the hinge loss and ¢; penalty verify Assumption 2 (e).
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14.9 Future directions

Universality and finite size rate analysis As mentioned in Chapters 2, 9, 11, state evolution
proofs are amenable to both universality proofs [27, (2] and finite-size rates analysis [251, ]
We therefore expect all our results to hold when the design matrix has independently (but not
necessary identically) distributed subGaussian entries. We also expect that all the asymptotic
statements given for square dominated observables to present exponentially decreasing rates in the
problem dimensions, as proven in [250] or [204]. Such rates are prized in the statistics community
to perform hypothesis testing and confidence interval computations.

Further realistic models We have shown that exactly solvable models that capture realistic
learning curves can be defined by using Gaussian mixtures for the data, and block covariate models
for the features. Exploring further results in Gaussian equivalence, as was done in [116, , ,
|, notably for multilayer models, is a proximsing avenue of research to better describe feature
maps. For data models, any distribution can be approximated by a Gaussian mixture, provided
enough centroids are considered. One of the main limitations of our results is that this number of
centroids should remain finite, while Gaussian kernel dennsity estiamtors [293] would systematically
lead to an extensive number of order parameters, since we a priori don’t know the tail behaviour of
realistic data. It is thus interesting to pursue the deisgn of models that may capture geometrical
properties of probability distributions in ways that are more appropriate than correlated Gaussian
mixtures, and still give exactly solvable models. The problem of dealing with order parameters
of extensive sizes leads us to similar issues as the recently investigated matrix factorization with
extensive rank [19, ], which is the subject of the next paragraph. We note that the rigorous tools
developed in Chapter 2 allow to obtain Bayes-optimal recovery guarantees for multilayer networks
with dense or convolutional random matrices, which could be combined with a form of convex
regression to model learning of the last layer of a multilayer feature map with random weights.

Extensive rank problems Throughout this thesis, all estimators were low-rank matrices, in
that a finite number of vectors of extensive dimensions were considered to be learned. We have seen
that the convex Gaussian comparison inequalities are only interesting for vector-valued estimators,
while AMP proofs work for matrix-valued estimators with low rank with respect to the extensive
problem dimension d. Indeed, the Gaussian iterative conditoning scheme relies strongly on the
fact that projectors are low-rank, which simplifies error terms as shown in the introduction, section
1.7 and lemma 21 from chapter 3. Equivalent of lemma 2 decomposing random variables into
independent ones are not known in random matrix theory, although a rich litterature now exists
for equivalents of non-linear transforms of products of random matrices with extensive ranks, see
e.g.[92, 231, , 90, 36]. An interesting example is the note of Sandrine Péché [225] which proposes a
decomposition of such non-linear transforms into linear information plus independent noise matrices.
Unfortunately, all those approaches are based on linearisation arguments, which is not the case for
lemma 2 and the related proofs. We note that recent results using the replica method have led
to solutions of matrix factorization problems with extensive ranks, where the order parameters are
spectral densities [19, ], which suggests corresponding mathematical tools could be designed.
Learning in neural networks also requires extensive rank asymptotic tools, since the matrices of a
generic model of deep networks going beyond the committee machine [15] or our ensembling models
of Chapter 11 immediately lead to extensive rank weight matrices.



320

Beyond convexity We have seen that convexity is crucial and quite convenient to study the
exact asymptotics of landscapes : it enables to characterize in an intuitive, stable, and algorithmi-
cally reachable way the solution of optimization problems, using Moreau envelopes and proximal
operators. It would be interesting to attempt to study more complex landscapes by finding equiv-
alents of the proximity operators for multi-convex functions [122], where functions are assumed to
be block-convex in their arguments, i.e. convex in one set of variables when the other variables
are fixed. A possible idea would be to consider the corresponding block-proximal operators, which
would solve subproblems defining metastable states for one set of variable at a time while the others
are fixed. We note that defining simpler landscapes by freezing variables and/or order parameters
is reminescent of Franz-Parisi potentials [09].
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RESUME

Les succes pratiques récents de I'apprentissage automatique dans toutes les taches qui impliquent de 'analyse de données
ont provoqué le besoin d’une théorie allant au-dela des statistiques classiques. A cet égard, le domaine de la physique
statistigue des milieux désordonnés propose une littérature conséquente dans I'analyse asymptotique exacte de systemes
aléatoires en grandes dimensions. Bien qu’ils soient efficaces, de nombreux outils issus de la physique statistique ne sont
pas rigoureux et les modeles auxquels ils sont appliqués manquent de liens avec des scénarios réalistes d’apprentissage
statistique. Cela motive l'introduction de modeles avec des données structurées et des méthodes d’apprentissage plus
proches de I'état de I'art, ainsi que I'extension des méthodes de preuves existantes a ces problemes. Cette thése s’intéresse
donc aux propriétés mathématiques d’'une famille de fonctions implicites de grandes matrices aléatoires rencontrées en
apprentissage supervisé ainsi qu’en inférence, notamment dans le contexte de la minimisation de risque empirique con-
vexe. Nous établissons tout d’abord une extension des résultats de concentration existants pour la dynamique d’algorithmes
de passage de messages approximés, et illustrons cette théorie sur des problemes d’'inférences dans des modeéles prob-
abilistes génératifs convolutionels multicouches. Nous montrons également que des méthodes de preuves similaires
permettent d’obtenir des résultats asymptotiques pour la dynamique de la descente de gradient stochastique avec des
données aléatoires. Nous utilisons ensuite ces résultats pour étudier le comportement statistique d’'une famille de modéles
linéaires généralisés convexes sous I'hypothéses de données aléatoires qui incluent des transformations de prédicteurs et
de données allant au-dela de I'hypothese i.i.d. Gaussienne, I'aggrégation de prédicteurs, les problémes multiclasses, et
différentes régularisations. Les évaluations numériques des formules établies montrent que, pour de nombreux modéles et
taches d’apprentissage, les courbes de performance obtenues par les prédictions théoriques correspondant a des modéles
synthétiques Gaussiens corrélés dont les matrices de covariance sont celles des données empiriques, capturent exactement
les courbes des problémes réels. Les méthodes de preuve sont basées sur les éléments de théorie des probabilités inspirés
de la physique statistique des verres de spin, I'optimisation et I'analyse convexe.

MOTS CLES

Physique statistique, Apprentissage Statistique, Probabilités en haute dimension, Analyse convexe, Théorie de
l'information, Optimisation

ABSTRACT

The recent empirical success of machine learning in all fields involving data analysis has prompted the need for a quantitative
theory that goes beyond classical statistics. In this regard, the field of statistical physics of disordered systems proposes a
rich litterature in the asymptotically exact study of high-dimensional random systems. Although they are efficient, many of the
tools found in statistical physics are non-rigorous and the models they are applied to lack links with realistic machine learning
scenarios. This motivates the introduction of models with structured data and learning methods that are closer to the state
of the art, as well as the extension of existing proof methods to those problems. With this goal in mind, the present work
deals with the mathematical properties of a family of implicit functions of large random matrices encountered in supervised
learning and inference, notably in the context of convex empirical risk minimization. We first establish an extension of existing
concentration results for the dynamics of approximate message passing algorithms, and illustrate this theory on inference in
probabilistic models with multilayer random convolutional generative priors. We also show how related ideas enable to obtain
the high-dimensional dynamics of stochastic gradient descent with random data. We then use those results to study the
statistical behaviour of a family of convex generalised linear models under the random design hypothesis including feature
maps and data models going beyond the i.i.d. Gaussian setting, ensembling of predictors, multiclass problems and different
regularisations. We also show numerically that for a wide range of tasks and realistic feature maps, the learning curves
obtained from the theoretical prediction corresponding to the synthetic Gaussian models with matching covariances exactly
capture those of the original problems. The proof methods are based on the elements of probability theory inspired by the
statistical physics of spin glasses, optimization and convex analysis.
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Statistical Physics, Statistical learning, High-dimensional probability, Convex analysis, Information Theory, Opti-
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