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CHAPITRE 1

Introduction en francais

1.1 L’apprentissage machine

"Al is the new electricity", tels sont les propos d’Andrew Ng, célebre enseignant-
chercheur a I'université de Stanford dont les cours sur Coursera de Machine Learning et
de Deep Learning ont battus tous les records d’inscription sur la plateforme. Ceci révele
I’importance de I’intelligence artificielle, en particulier I’apprentissage machine (Machine
Learning) ainsi que I’apprentissage profond (Deep Learning) dans notre ere. En effet, on
retrouve ces algorithmes partout de nos jours, si vous ouvrez votre navigateur et que vous
cherchez quoique ce soit sur un moteur de recherche, il y a un algorithme derriere qui utilise
des réseaux de neurones artificiels ou ce qu’on appelle plus communément le deep learning.

Le deep learning en particulier a connu une explosion depuis 2012 et le fameux papier
du groupe de Hinton qui a battu de loin 1’état de I’art en reconnaissance d’images grace au
réseau de neurones qu’ils ont entrainé. Suite a ceux-ci plusieurs chercheurs se sont retournés
une nouvelle fois vers ces réseaux de neurones qui étaient déja étudiés théoriquement
dans les années 80. Toutefois, leurs performances n’étaient pas assez compétitifs avec les
autres méthodes vu le manque de données et de puissance de calcul. En 10 ans le deep
learning a connu une avancée phénomenale et il est inconcevable de nos jours d’imaginer un
monde sans ces réseaux de neurones artificiels. En effet, ils sont utilisés en reconnaissances
d’images, en traduction, en reconnaissance de voix, pour les recommandations et autres.
Tous les ans on leur trouve de nouvelles applications ou ils réussisent a battre I’état de I’ art
et permettent des avancées considérables.

Qu’est-ce que donc un réseau de neurones ? Un réseau de neurones est constitué d’une
couche d’entrée, une couche de sortie ainsi que plusieurs couches intermédiaires qu’on
appelle couches cachées. Pour passer d’une couche a 1’autre on applique une transformation
linéaire suivie d’une fonction d’activation. L’ apprentissage par réseaux de neurones est
appelé apprentissage profond car la profondeur est égale aux nombre de ces couches.
En pratique pour les grands réseaux ils sont de I’ordre de dizaines. Une définition plus
rigoureuse mathématiquement est présentée a la section suivante.

Ces réseaux de neurones ont donc donné des résultats impressionnants concernant tous
les domaines, mais il manque une théorie expliquant pourquoi ils fonctionnent si bien. Et
contrairement aux anciens algorithmes de machine learning qui fonctionnaient bien et qu’on
utilisait dans les années 2000, tels les SVMs qu’on comprend bien théoriquement, les réseaux
de neurones artificiels sont difficiles a étudier et selon la théorie classique il n’y a aucune
raison pour que I’apprentissage fonctionne aussi bien. Ainsi, de nombreux chercheurs ont
travaillé et continuent a travailler sur cette question, afin d’essayer d’apporter des réponses
partielles et d’essayer de réduire I’écart existant entre les résultats extraordinaires que I’on
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observe en pratique et les aspects mathématiques qui peuvent les expliquer théoriquement.

1.1.1 Réseau de neurones artificiels

Un réseau de neurones artificiels feedforward est une fonction composée de plusieurs
couches. A chaque couche une fonction linéaire est appliqué suivi d’une fonction d’activa-
tion. Plus précisément, si on considere un réseau :

— H couches (H — 1 couches cachées)
— les tailles des différentes couches sont notées : ng, n1,...,ng € N*.

— On note f5(z) le résultat obtenu en calculant le contenu de la couche h pour I’entrée
x € R™

— On note W}, € R™»*"™h—1 ]a matrice contenant les poids sur les arcs entre la couche
h — 1 etla couche h

— On note by, € R™" le biais ajouté a la couche h
— On note o la fonction d’activation appliquée a chaque couche
— elle applique la méme fonction a chaque entrée d’un vecteur en général

— peut dépendre de h en général

La sortie du réseau est calculée selon le schéma suivant :

{ folx) ==
(@) =o(Whfp_1(x)+by) €R™ VYh=1,....H

(1.1.1)

1.1.2 Pourquoi est-il important d’étudier la théorie de ’apprentissage pro-
fond ?

Pour I'instant, la théorie de 1’apprentissage profond est toujours en retard sur les résultats
impressionnants observés en pratique dans les différents domaines ot les réseaux de neu-
rones ont été appliqués avec succes. Les résultats concernant les aspects mathématiques des
réseaux de neurones sont encore descriptifs, en d’autres termes, nous essayons simplement
de comprendre ou d’expliquer les phénomenes que nous observons en pratique et nous
utilisons souvent des hypotheses simplificatrices pour les rendre abordables. C’est un bon
début, mais 1’objectif ultime serait de parvenir a une théorie prescriptive, c’est-a-dire a des
résultats théoriques que nous pourrions utiliser pour améliorer les algorithmes ou choisir
la bonne architecture pour le bon type de données, au lieu de passer des heures a essayer
différentes architectures et combinaisons d’hyperparametres pour voir ce que nous obtenons.
Espérons qu’un jour nous pourrons atteindre ce genre de résultat.

1.2 Apprentissage supervisé

Dans cette section, nous rappelons les bases de 1’apprentissage supervisé, qui est le
cadre le plus utilisé en apprentissage automatique et en apprentissage profond en particulier.
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En apprentissage supervisé, nous donnons a notre modele un échantillon contenant un
ensemble d’exemples (par exemple, des images) avec leurs étiquettes (par exemple, chats ou
chiens). L’objectif est qu’apres la phase d’apprentissage (qui correspond a I’apprentissage
des poids pour un réseau de neurones), notre algorithme puisse étiqueter correctement des
exemples qu’il n’a jamais vus auparavant.

1.2.1 Décomposition du risque

— Soit (fw),, une famille de fonctions parametrée par w (par exemple, des réseaux de
neurones a architecture et activation de fonction fixées et dont les poids varient)

Pour un échantillon d’entrainement (x;, y;);—1..n i.i.d tiré d’une probabilité P sur X x ) et
une perte £ : ) X YV —— R, on pose :

— Lerisque :

R(fw) =E (g(fw(X)vY)) :

— Le risque empirique :

1 N
fw :Ng fwxz

— R* =inf, R(g) le risque optimal, aussi appelé le risque de Bayes.

— On fixe w* et w tel que :

w* € argmin R( fw) and W € argmin R(fw).
w w
Si le minimiseur n’existe pas, on consideére un e-minimiseur.
En apprentissage supervisé, généralement, le but est d’essayer de trouver w qui minimise
I’exces de risque, qui est la différence entre le risque pour fy, et le risque optimal R*, cet
exces de risque peut étre décomposé en trois erreurs principales :

0< R(fw) - R* (Exces de risque)
= R(fw) — R(fw) (Erreur de généralisation)
+ R(fw) — R(f#) (Erreur d’optimisation)
+ R(fa) - Rlfw) <0
+ R(fw) — R(fw+) (Erreur de généralisation)
+ R(fw<) — R* (Erreur d’approximation)

Les différentes erreurs contribuent a 1I’exces de risque, et I’on souhaite que chacune
d’entre elles soit la plus petite possible. Nous allons les décrire en détail dans les prochaines
sections.

1.2.2 Erreur d’optimisation

Comme présenté dans la précédente décomposition du risque, 1’erreur d’optimisation est
liée au risque empirique. Et I’on souhaite la rendre aussi faible que possible sans augmenter
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les autres erreurs. En général, nous exécutons un algorithme d’optimisation, par exemple la
descente de gradient (stochastique) ou des variantes comme Adam [79] et RMSprop [136],
et nous nous arrétons une fois que 1’algorithme a convergé ou si nous passons quelques
"epochs" sans diminuer le risque empirique. Une question naturelle se pose donc : vers
quels points ces algorithmes peuvent-ils converger ou pres de quels points peuvent-ils rester
bloqués pendant un certain temps. Si nous nous concentrons sur I’algorithme de descente de
gradient par exemple, ces points sont ceux ou le gradient s’annule, ils sont appelés points
critiques ou stationnaires (du premier ordre).

Par conséquent, une question naturelle est de savoir vers quel type de points critiques
les algorithmes peuvent converger et quelles sont leurs propriétés. Existe-t-il des minima
locaux, des minima globaux ou des points de selle ? L’erreur d’optimisation est-elle faible a
ces points ? Qu’en est-il de I’erreur de généralisation? Y a-t-il une sorte de biais implicite
associé a ces points ? Il est donc nécessaire d’étudier le paysage de la fonction objectif R(w)
afin de mieux comprendre les performances de 1’algorithme d’optimisation.

Notre premier travail s’inscrit dans cette catégorie, une description plus précise peut
étre trouvée dans la Section 2.3 et le Chapitre 3.

1.2.3 Erreur de généralisation

La deuxiéme erreur est I’erreur de généralisation, qui est liée a I’efficacité de 1’algorithme
lorsqu’il prédit I’étiquette d’un nouveau point de données non vu. Classiquement, les gens
ont prouvé des bornes uniformes sur cette quantité en la reliant a une notion de complexité
de I’espace des fonctions dans lequel nous cherchons une solution. Par exemple, la VC-
dimension ou la complexité de Rademacher sont des notions qui interviennent dans ces
bornes. Cependant, ces bornes sont laches pour les réseaux de neurones qui sont utilisés
en pratique. En effet, ils ont beaucoup plus de parametres que le nombre d’exemples de
I’échantillon sur lequel ils sont entrainés.

Malgré cela, le réseau de neurones appris réussit a bien généraliser. RéEcemment, un
phénomene "étrange” a été observé dans la pratique, appelé la "double descente”. En effet,
la théorie classique de 1’apprentissage statistique nous dit que 1’apprentissage parfait des
données est généralement associé a un surapprentissage et donc a une mauvaise erreur de
généralisation. Cependant, il a été observé (e.g., [15]) que les réseaux de neurones peuvent
apprendre parfaitement les données d’entralnement tout en généralisant bien a des points de
données non vus.

Un outil populaire utilisé dans la littérature de la théorie du deep learning pour prouver
des résultats de généralisation et d’optimisation pour les réseaux de neurones est le "Neural
Tangent Kernel" [67]. Il s’agit d’un noyau qui décrit I’évolution des réseaux de neurones
profonds pendant leur entrainement par descente de gradient. En particulier pour les réseaux
larges, ceci permet de se ramener a des méthodes de noyaux pour I’analyse des propriétés
de réseaux de neurones.

Régularisation implicite : De nombreux travaux récents tentent d’expliquer le succes
de I’apprentissage profond par le biais du biais implicite (régularisation) induit par des
algorithmes tels que la descente de gradient stochastique (SGD). En effet, il semble que pour
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les réseaux de neurones surparamétrés qui peuvent parfaitement apprendre 1’échantillon
d’entrainement, il existe un grand nombre de solutions qui interpolent 1’échantillon d’entrai-
nement. Parmi toutes ces solutions, beaucoup ont de trés mauvaises erreurs de généralisation
(grande), cependant, les algorithmes simples comme SGD semblent choisir celle avec une
complexité minimale qui résulte en une bonne erreur de généralisation (petite). La notion de
complexité est difficile a définir globalement, mais elle est généralement considérée comme
une norme particuliere.

Ce qui est impressionnant, c’est qu’en présence de données bruitées, le réseau de neu-
rones s’ajuste parfaitement aux données et est encore capable d’avoir une erreur de test
proche du risque de Bayes. Par conséquent, toutes les analyses menées précédemment pour
expliquer la généralisation pour les autres modeles, basées sur la dimension VC ou la com-
plexité de Rademacher par exemple ne suffisent pas a expliquer le succes de 1’apprentissage
profond. Plusieurs auteurs ont essayé d’expliquer ce phénomene dans différents contextes a
travers la notion du surapprentissage bénin (e.g., [15, 58, 13, 22, 139, 165, 92, 40]).

1.2.4 Erreur d’approximation

La derniere erreur apparaissant dans la décomposition précédente est 1’erreur d’approxi-
mation qui est liée a I’expressivité de I’espace des fonctions dans lequel nous recherchons
un bon prédicteur. Plus cet espace est riche, plus I’erreur d’approximation est faible et de
nombreux travaux ont établi des bornes supérieures et/ou inférieures sur I’erreur d’approxi-
mation dans le pire des cas d’une classe de fonctions par une fonction dans un certain espace
d’hypotheses. Lorsque 1’espace d’hypotheses est I’ensemble des fonctions implémentées
par des réseaux de neurones d’une certaine architecture, plusieurs résultats ont été prouvés.
Un apercu plus approfondi de la littérature peut &tre trouvé dans la section 2.5.

Notre troisieme travail se situe dans cette catégorie, une description plus précise peut
étre trouvée dans la Section 2.5 et le Chapitre 5.

1.2.5 Robustesse

En plus des trois erreurs que nous avons vues dans les sections précédentes, il existe
d’autres aspects que I’on peut vouloir optimiser en raison de certains problémes que I’on peut
rencontrer en pratique lorsqu’on travaille avec des réseaux de neurones. En effet, les attaques
adverses constituent un probléme commun observé pour de nombreuses architectures
d’apprentissage profond utilisées dans la pratique. Il existe de nombreux types d’attaques
adverses en apprentissage automatique, I’exemple le plus classique est le suivant : le modele
prédit correctement une voiture pour une image contenant une voiture, mais lorsqu’on ajoute
un petit bruit (invisible a I’ceil humain), I’image de la voiture est toujours la méme pour nous,
humains, mais le modele la prédit comme une autruche. Bien que la perturbation soit a peine
perceptible a I’ceil humain, elle peut étre suffisante pour modifier radicalement la décision
du modele. Cela est dii au fait que la fonction calculée par le réseau de neurones peut étre
trés oscillatoire. Pensez a la situation ol une voiture autonome doit identifier un panneau
stop et ol, a cause d’un petit dessin sur le coté du panneau, elle le prédit comme étant
autre chose. Cela peut étre problématique et peut cofiter des vies au final, ¢’est pourquoi
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nous voulons éviter ces situations. Ainsi il est tres important de concevoir des algorithmes
robustes.

Réseaux Lipschitz et généralisation avec des exemples adversariaux : Une fagon de
parvenir a des modeles robustes est de construire des fonctions d’hypotheses Lipschitz de
telle sorte que les petits changements en entrée n’affectent pas la sortie. Dans ce contexte
d’apprentissage profond, les réseaux de neurones Lipschitz et en particulier les réseaux
de neurones 1-Lipschitz ont été étudiés. Pour ce faire, on contraint chaque couche a étre
1-Lipschitz et on utilise le fait que pour deux fonctions Lipshitz f et g, la propriété suivante
s’applique : Lip(f o g) < Lip(f)Lip(g), ou Lip(f) désigne la constante de Lipschitz par
rapport a la norme euclidienne.

On rappelle quelques notions liées a la robustesse et comment la régularité Lipschitz
améliore ceci. Ceci est connu et on peut le trouver par exemple dans [27]. On a vu précédem-
ment qu’en général on veut minimiser le vrai risque R(w) = E ([¢(fw(X),Y)]). Quand
il s’agit de créer des modeles robustes, on préfere plutot minimiser en w le risque robuste
défini comme suit :

R(w,p,e) =E <[ max E(fW(X),Y)]> ,
|| -z p<e
pour p et ¢ fixés. Par définition, R(w) < R(w, p, €) pour tout p et e > 0. Si £ est 1-Lipschitz
et A, désigne la constante de Lipschitz du réseau de neurones on a

Rlw,p ) < R +E (| mase (2, Y) = €@ V)] ) < Rlw) + e
JJE—x]p<
Ceci explique pourquoi les réseaux Lipschitz sont plus robustes.

Les réseaux Lipschitz peuvent aussi améliorer la généralisation [147]. Si on note
Cp(X,7) le nombre de recouvrement (covering number) de X" utilisant des boules y pour
[|llp- En notant M = sup,, , ., £(g(z,w), y), [147] implique que pour tout § € (0, 1), avec
probabilité 1 — § sur I’échantillon i.i.d (z;,y;);",ona:

1 & 2Y Cp(X, 1) In(2) — 21n(6)
R(w) < m;ﬁ(g(azi,w),yi)-i-Ap’y—i-M\/ -

1=
Notre deuxieme travail se situe dans cette catégorie, une description plus précise se

trouve dans la Section 2.4 et le Chapitre 4.

1.2.6 Autre domaines de la théorie de I’apprentissage profond

De nombreux autres domaines des aspects mathématiques de I’apprentissage profond
ont été et sont encore étudiés.

— Certification : Les réseaux de neurones sont généralement utilisés pour donner un
simple nombre ou un vecteur en sortie. Cependant, on peut vouloir quantifier I’incerti-
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tude pour une prédiction donnée et donner par exemple un intervalle de confiance pour
la prédiction. Ceci est par exemple réalisé a I’aide de réseaux de neurones bayésiens.

— Explicabilité : Les réseaux de neurones sont souvent considérés comme un modele
boite noire, car ils nous donnent des prédictions difficiles a expliquer contrairement a
la plupart des algorithmes classiques comme la régression logistique par exemple. De
nombreux auteurs ont essayé d’ouvrir la boite noire et d’examiner les caractéristiques
utilisées par le réseau de neurones pour donner une certaine prédiction. Il s’agit
d’un probléme important puisque la 1égislation exige que les entreprises soient en
mesure d’expliquer leurs décisions. Par exemple un banquier doit expliquer a un
client pourquoi sa demande de crédit a été rejetée et ne pas se contenter de dire "notre
modele de réseau de neurones dit non". Certains auteurs ont étudié ce probleme
en utilisant différentes méthodes, par exemple des méthodes basées sur le gradient,
comme [’analyse de sensibilité, des méthodes basées sur la rétroaction, des méthodes
basées sur des modeles de substitution ou méme des méthodes de théorie des jeux.

1.3 Paysage du risque empirique pour les réseaux de neurones

Comme nous ’avons vu précédemment, I’erreur d’optimisation est I’une des trois
erreurs de la décomposition du risque que I’on doit essayer de rendre faible. En pratique, les
méthodes basées sur le gradient semblent faire du bon travail malgré une fonction de perte
fortement non convexe.

Une des directions de recherche pour tenter d’expliquer ce phénomene est d’étudier
le paysage de la fonction objectif des réseaux de neurones profonds en caractérisant leurs
points critiques.

Nous commengons par rappeler quelques définitions clés relatives au paysage d’une
fonction.

1.3.1 Rappel : minimiseurs, points critiques d’ordre 1 ou 2, points-selles
stricts et non stricts

Rappelons les définitions des structures locales du paysage du risque empirique, qui
sont importantes du point de vue statistique et de celui de I’optimisation.

Pour w € R™, on désigne par w — L(w) la fonction que nous voulons minimiser.
Supposons que w +—— L(w) est C2, et on désigne par VL et V2L son gradient et sa
Hessienne. ! On écrit également A = 0 pour dire qu’une matrice A € R™*™ est semi-définie
positive. Rappelons les quatre définitions suivantes, qui sont imbriquées :

e w* est un minimiseur global si et seulement si Vw € R”, L(w*) < L(w).

e w* est un minimiseur local si et seulement si il existe un voisinage O C R" de w*
tel que Vw € O, L(w*) < L(w).

1. Lorsque le parametre d’entrée n’est pas un vecteur, mais, par exemple, une séquence de matrices, les
mémes définitions s’appliquent, ol le gradient et la Hessienne sont calculés par rapport a la version vectorisée
des parametres d’entrée.
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FIGURE 1.1 — Exemple de paysage avec
un plateau (point-selle non-strict) et un FIGURE 1.2 — Exemple de paysage avec
minimiseur global. un point-selle strict en (0,0).

e w* est un point critique du second ordre si et seulement si VL(w*) = O et V2L(w*) >
0. Si, au contraire, la Hessienne a une valeur propre négative, on dit que le point a
une courbure négative.

e w* est un point critique du premier ordre si et seulement si VL (w*) = 0.

Nous pouvons également distinguer un type spécifique de point critique du premier
ordre : les points-selles. Comme nous le verrons plus loin, ils peuvent étre des points
critiques du second ordre ou pas.

e w* est un point-selle si et seulement si ¢’est un point critique du premier ordre qui
n’est ni un minimiseur local, ni un maximiseur local.

— Un point-selle w* est strict si et seulement si ce n’est pas un point critique
du second ordre (c’est-a-dire que la Hessienne V2L (w*) a une valeur propre
négative). La Figure 1.2 en donne un exemple.

— Un point-selle w* est non-strict si et seulement si c’est un point critique du
second ordre. Dans ce cas, la Hessienne V2L (w*) est semi-définie positive et
possede au moins une valeur propre égale a zéro. Typiquement, dans la direction
des vecteurs propres correspondants, un terme d’ordre supérieur en fait un point-
selle (par exemple, L(w) = Y | w} en w* = 0). La figure 1.1 en donne un
exemple.

1.3.2 Algorithmes basés sur le gradient

En matiere d’apprentissage automatique, 1’objectif est de minimiser le risque empirique
en espérant que le risque réel sera proche du risque empirique, donc également faible.
L’algorithme le plus basique utilisé est la descente de gradient, qui consiste a suivre la
direction de plus grande descente, celle donnée par 1’opposé du gradient a ce point. Plus
formellement, la descente de gradient est un algorithme du premier ordre qui est utilisé
en optimisation pour tenter de trouver un point critique (stationnaire) d’une fonction diffé-
rentiable L paramétrée par 6, c’est-a-dire un point ou le gradient de la fonction s’annule
(VgL(0) = 0). Les itérations de I’algorithme sont caractérisées par I’équation suivante :

Or+1 = 0r — Vo L(0:) (1.3.1)
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ou 1 > 0 est un taux d’apprentissage (learning rate) qui peut varier pendant le processus
d’optimisation. Lorsqu’elle est appliquée a de tres grands ensembles de données, la descente
de gradient peut €tre tres lente.

Rappelons que le risque empirique que nous voulons optimiser est défini par ﬁ( fw) =
% Zf\i 1 U(fw(xi),yi). Lorsqu’il y a plusieurs millions d’exemples, 1’approche de descente
de gradient peut prendre beaucoup de temps puisque chaque itération nécessite une prédic-
tion pour chaque occurrence dans I’ensemble de données d’apprentissage. Par conséquent,
nous pouvons utiliser une variante appelée descente de gradient stochastique (SGD). Au
lieu de mettre a jour le parametreapres avoir parcouru I’ensemble des données, la SGD le
fait pour chaque donnée d’entrainement, et on effectue généralement plusieurs passages sur
les données de formation.

En pratique, plutot que d’utiliser I’ensemble des exemples ou un seul exemple a la fois,
nous prenons généralement un mini-batch composé de quelques exemples pour chaque
itération de 1’algorithme.

D’autres heuristiques peuvent €tre ajoutées au processus pour rendre 1I’optimisation
plus rapide, par exemple les taux d’apprentissage (learning rate) adaptatifs (par exemple
Adagrad, RMSProp), qui consistent a modifier le taux d’apprentissage pendant le processus
de formation en fonction des gradients précédents. Un autre algorithme qui a gagné en
popularité parmi les praticiens de 1’apprentissage profond est Adam. Adam peut €tre consi-
déré comme une combinaison de taux d’apprentissage adaptatif et de momentum. Nous
ne donnons pas les formulations mathématiques des algorithmes mais elles peuvent étre
trouvées par exemple dans [47].

1.3.3 Importance de I’analyse du paysage a I’ordre 2

Dans cette section, nous commengons par expliquer I’importance d’étudier le paysage
de la fonction objective a I’ordre 2, puis nous illustrons ceci sur quelques exemples simples.

1.3.3.1 Motivation

Quand la fonction que nous essayons de minimiser est lisse, convexe, et posseéde un
minimiseur global, I’algorithme de descente de gradient avec un taux d’apprentissage bien
choisi converge vers un point critique du premier ordre, et ce point critique est un minimiseur
global [105]. Cependant, en général, la recherche d’un optimum global d’une fonction non
convexe est un probleme NP-complet [104] ; ¢’est notamment le cas pour un simple réseau
de neurones a 3 noeuds [20]. Malgré cela, lors de I’optimisation des réseaux de neurones, la
pratique courante reste 1’utilisation d’algorithmes basés sur le gradient.

On sait depuis des décennies que, méme dans un cadre non convexe, les algorithmes
basés sur le gradient convergent vers un point critique du premier ordre, dans le sens ot les
itérés produits par 1’algorithme peuvent atteindre un gradient arbitrairement petit apres un
nombre fini (polynomial) d’itérations [105]. En ajoutant des conditions de régularité, des
travaux récents ont montré que les algorithmes classiques du premier ordre échappent aux
points-selles stricts a long terme [87, 85], et que certains d’entre eux peuvent atteindre en
un temps polynomial un point critique presque du second ordre. Plus précisément, il est
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généralement démontré que, avec une probabilité élevée, ces algorithmes peuvent atteindre
en un temps polynomial un point avec un gradient arbitrairement petit et une Hessiene
semi-définie quasi-positive. [71, 73, 29, 72]. Cependant, rien n’empéche ces algorithmes de
converger vers des points-selles non stricts ou de passer de nombreuses "epochs" dans leur
voisinage, ce qui se traduit par un long plateau pendant I’apprentissage. Nous donnons en
Section 2.3.3.2 une intuition des problémes rencontrés avec ce type de points critiques avec
des fonctions simples.

Pour voir que ce comportement se produit réellement en pratique, considérons 1’expé-
rience simple dont les résultats sont montrés dans les Figures 1.3 et 1.4 (plus de détails
dans le Chapitre 3, Annexe 3.G). Pour chaque exécution de cette expérience, les parametres
d’un réseau de neurones linéaire de profondeur 5 sont optimisés pour s’adapter a des paires
d’entrée/sortie aléatoires. L’écart est mesuré avec la perte des moindres carrés et nous
utilisons I’optimiseur ADAM. Selon I’exécution, I’algorithme est initialisé au voisinage
d’un point-selle strict (en rouge) ou d’un point-selle non strict (en bleu). La distance entre
I’itération initiale aléatoire et le point-selle n’est volontairement pas négligeable : elle est
fixée a environ 10% de la norme du point-selle. La figure 1.3 montre I’évolution typique
de la perte pour les deux cas. Nous pouvons voir qu’ADAM s’échappe rapidement du
point-selle strict, mais qu’il lui faut de nombreuses "epochs" pour s’échapper du plateau a
proximité du point-selle non strict. La figure 1.4 montre que cette observation se généralise
a la plupart des exécutions. Nous comparons les distributions empiriques d’un moment
aléatoire (appelé "epoch” d’échappement) défini comme 1’epoch a laquelle la perte a si-
gnificativement diminué par rapport a sa valeur initiale. Lorsqu’il est initialisé a proximité
de points-selles non stricts, I’algorithme souffre d’une "epoch" d’échappement souvent
importante et peut s’y arréter, sans qu’il soit possible de distinguer ce point-selle non strict
d’un minimum local. Améliorer 1’analyse au-dela des minimiseurs locaux et caractériser les
points-selles stricts et non stricts est donc essentiel pour comprendre la dynamique de la
descente de gradient et la régularisation implicite.

Au-dela des réseaux de neurones, I’étude du paysage des fonctions de pertes de pro-
blemes d’optimisation non convexes spécifiques a révélé qu’ils sont traitables : récupération
de phase [130], apprentissage de dictionnaire [131], décomposition tensorielle [42, 43, 39]
et autres [162, 103]. En effet, une propriété du paysage qui est partagée par la plupart
de ces problémes est que chaque point critique est soit un minimiseur global, ou bien il
posseéde une courbure négative. En d’autres termes, chaque point critique du second ordre
est un minimiseur global. Pour ces problemes, il existe des algorithmes du premier ordre
qui convergent de maniere prouvée vers des minimiseurs globaux.

La compréhension générale du paysage n’est pas aussi bonne pour les réseaux de
neurones. Un régime qui a été largement étudié est le régime surparamétré (voir [133] et
[132] pour une revue), ou il a été prouvé sous certaines hypotheéses que pour un large réseau
de neurones non linéaires entierement connectés, presque tous les minima locaux sont des
minima globaux [108], ou qu’il n’y a pas de vallées sous-optimale [107].

De nombreux travaux récents se sont concentrés sur les réseaux de neurones linéaires,
malgré le fait qu’ils sont rarement utilisés pour résoudre des applications du monde réel.
IIs calculent en effet une application linéaire entre les espaces d’entrée et de sortie. La
motivation de ces études est que le risque empirique des réseaux linéaires est hautement non
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convexe et partage des propriétés similaires a celui des réseaux de neurones non linéaires
utilisés en pratique. Une revue complete des publications scientifiques sur le paysage des
réseaux linéaires est donnée dans la section 2.3.4 mais nous voudrions souligner a ce stade
que de nombreux résultats sont fortement liés aux propriétés du paysage a I’ordre 2.

Comme I’a montré [120], les réseaux linéaires présentent des phénomenes d’appren-
tissage non linéaires similaires a ceux observés lors de 1’optimisation des réseaux non
linéaires, notamment de longs plateaux suivis de transitions rapides vers des solutions de
plus faible erreur, comme sur la figure 2.3. Plusieurs travaux ont suivi (par exemple, [44,
45]) avec des preuves formelles dans plusieurs cas particuliers. Ils expriment que pour
des initialisations particulieres, la trajectoire des itérations passe un certain temps sur des
plateaux dont I’emplacement définit une régularisation implicite, si 1’algorithme est arrété
tot.

D’autres auteurs fournissent des initialisations et/ou des architectures bien choisies pour
lesquelles la convergence vers un minimiseur global peut étre établie : [5, 11, 36, 33].

La différence entre la régularisation implicite et la convergence globale dépend du fait
que la trajectoire des itérés considérée dans ces articles évite ou non les points-selles. Pour
mieux comprendre les propriétés de convergence des algorithmes du premier ordre, pour
donner quelques indices sur leur dynamique en temps fini et pour mieux comprendre la
régularisation implicite, une analyse détaillée du paysage empirique des risques a 1’ordre 2
est nécessaire.

En outre, bien qu’il ait été prouvé sous des conditions peu contraignantes que tout
minimiseur local est un minimiseur global et qu’il n’existe pas de maximiseur local [75,
156], on sait treés peu de choses sur les points-selles et le paysage a I’ordre 2. Pour les réseaux
linéaires a une couche cachée, un fait prouvé est que chaque point-selle est strict, ce qui
conduit a la propriété que chaque point critique d’ordre 2 est un minimiseur global [164,

0.0000

non-strict saddle points
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75]. Malheureusement, ce n’est pas le cas pour les réseaux linéaires a deux couches cachées
ou plus. Pour de tels réseaux de neurones, il a seulement été noté par [75] qu’il existe des
points-selles non stricts (par exemple, lorsque toutes les matrices de poids sont égales a 0).

Dans le Chapitre 3, nous faisons le pas additionnel manquant et caractérisons compléte-
ment le paysage du risque empirique a I’ordre 2, pour la perte des moindres carrés et les
réseaux linéaires profonds. En particulier, nous dérivons une condition simple nécessaire et
suffisante pour qu’un point critique du risque empirique au premier ordre soit un minimiseur
global, un point-selle strict ou un point-selle non strict.

1.3.3.2 Points-selles stricts et non stricts : quelques exemples simples

Les points-selles stricts ne sont pas des attracteurs Dans ce paragraphe, nous donnons
un exemple simple d’une fonction avec un point-selle strict, le but est de prouver que
la descente de gradient ne converge pas vers le point-selle strict pour presque toutes les
initialisations ([86]) dans un cas simple pour avoir une intuition. Nous allons prouver que la
trajectoire du flot de gradient (gradient flow) évite les points-selles stricts. Pour une fonction
f:w — f(w),le flot de gradient (gradient flow), qui est la variante continue de la descente
de gradient lorque le pas est infinitésimale, est défini par 1’équation suivante :

dw af
—_— = 1.3.2
dt ow (w), (13:2)
ol nous initialisons 1’algorithme & un point w(0) = wy.
Considérons la fonction f(z,y) = 2 —y2. Ona %(m,y) = 2z et %(m,y) = —2y.
Aussi, g%{(aj,y) =2, %(w,y) = —2et aajafy (x,y) = 0. Par conséquent, le seul point

critique est (0, 0), et d’aprés la Hessienne, c¢’est un point-selle strict, car les valeurs propres
de la matrice Hessienne sont -2 et 2.
Ains les équations du flot de gradient sont

de _ _O0f _
@ = "or = T2
de _ _O0f _
dt — 8y_2y

ou on pose z(0) = zg et y(0) = yo. Ainsi

x(t) = xp exp(—2t)
y(t) = yo exp(2t)

Ona tllglo x(t) = 0.Siyy = 0, alors V¢t > 0,y(t) = 0. Si yo # 0, alors tlggo y(t) = oo. Par
conséquent, les seules initialisations qui conduisent a une convergence vers le point-selle
strict sont les points situés sur 1’axe des z. Par conséquent, le bassin d’attraction de ce
point-selle strict est de mesure 0. On peut facilement généraliser les résultats précédents au

cas ou la fonction est de plus de 2 variables.

Exemple d’un point-selle non-strict attracteur : Contrairement aux points-selles stricts,
les points-selles non stricts peuvent avoir un bassin d’attraction de mesure de Lebesgue
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positive. Dans cette section, nous donnons un exemple simple ou cela peut se produire.
Considérons la fonction g(z) = x3. Nous avons ¢’ (z) = 3z% et ¢” (z) = 6. Par conséquent,
le seul point critique de cette fonction est le point O et c’est un point-selle non strict.
L’équation du flot de gradient devient

dx Jg 9
ol nous fixons z(0) = z¢ # 0.
Ainsi, nous avons
d 1 1 1
~Zogdt — —— =3+ — — a(t) = —.
T x(t) Z0 3+ -

Par conséquent, tlim z(t) = 0. Ainsi, le flot de gradient converge vers le point-selle O pour
—00

toutes les initialisations g > 0. Par conséquent, le bassin d’attraction du point-selle O non
strict est de mesure de Lebesgue positive.

Ralentissement du flot de gradient : Dans les paragraphes précédents, nous avons illustré
sur des exemples que le flot de gradient évite presque slirement les points-selles stricts, mais
que pour les points-selles non stricts, ce n’est pas toujours le cas.

Un autre aspect lié aux points-selles est que, puisqu’il s’agit de points ol le gradient
s’annule, 1’algorithme du flot du gradient peut étre ralenti a proximité de ces points. Dans
cette section, nous allons explorer ce phénomene dans des situations simples et voir comment
ce ralentissement se compare entre les points-selles stricts et non stricts.

Nous considérerons deux fonctions et comparerons le temps que prend le flot de gradient
pour s’échapper du voisinage de chaque point-selle.

Considerons d’abord la fonction f(z,y) = 2 — y2. Rappelons que (0,0) est un point-
selle strict de f. On a vu précedemment que le flot de gradient donne

{xf(t) = xgexp(—2t)
ys(t) = yoexp(2t)

ot 27(0) = zg et y(0) = yo > 0.

La deuxiéme fonction qu’on considere est g(z,y) = 22 — y*. Onpeut facilement vérifier
que le point critique (0, 0) est un point-selle non-strict.

Dans ce cas, le flot de gradient (avec z4(0) = xg et y,(0) = yo ) donne z4(t) =
xoexp(—2t) et

d 0 ' (t 1 1 1
aYg 9_4y3:>_997()__4:> = —8t+ — = y,(t) =

at oy y y2(t) Y Jost+ &
0

Onaxf(t) = x,4(t)et tlim xf(t) = 0. Ainsi, il suffit de comparer ce qui se passe au niveau
—00

de I’axe des y. On considere que le flot de gradient s’est échappé du point-selle quand il
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atteint y = 1. Ceci a du sens puisque dans ce cas y? = y* = 1.
Onays(ty) =1 <= yoexp(2ty) =1 < t;=1In(L).

Yo
D’un autre ¢6té yy(ty) =1 = ——1— =1 <= t;=3(% -1)
—8tg+ Yo
“0
Dans les deux cas, plus yg est proche de O, plus il est difficile de s’échapper du point-
selle et nous avons lim ¢, = lim ¢y = oo. Cependant, lorsque nous initialisons pres
Yo—0 yo—0

du point-selle, le temps d’échappement pour un point-selle strict est logarithmique en yio,

alors qu’il est polynomial en y% lorsqu’il s’agit de points-selles non stricts, et nous avons

limo %gc = o0. Par conséquent, il faut beaucoup plus de temps pour s’échapper du voisinage
Yo—

du point-selle non strict que du voisinage du point-selle strict. L’effet de ralentissement du
point-selle non strict est plus fort que celui du point-selle strict.

1.3.4 Revue de littérature

L’étude des réseaux de neurones linéaires peut étre divisée en deux catégories. La
premicre ligne de recherche concerne la géométrie du paysage du risque empirique pour
les réseaux de neurones linéaires, tandis que la deuxieme ligne concerne la trajectoire de la
dynamique de descente de gradient pour les réseaux linéaires. Notre travail se situe dans la
premiere catégorie.

Paysage géométrique pour les réseaux linéaires : Tout a commencé avec [8]. Les auteurs
ont prouvé que pour un réseau linéaire a une couche cachée, sous certaines conditions sur
les matrices de données, et pour la perte des moindres carrés, tout minimiseur local est
un minimiseur global. [75] a par la suite généralisé et étendu ce résultat aux réseaux de
neurones linéaires profonds sous certaines conditions et a de nouveau prouvé que chaque
minimiseur local est un minimiseur global (cette partie a été prouvée plus tard par [93]
avec des hypotheses plus faibles sur les données et des preuves plus simples). Cet auteur a
également prouvé que tout autre point critique est un point-selle, que pour un réseau linéaire
a une couche cachée, tous les points-selles sont stricts, tandis que pour les réseaux plus
profonds, il existe des points-selles non stricts ([75] présente un espace de points-selles
non stricts ou toutes les matrices de poids sauf une sont égales a zéro). [156] a donné une
condition pour qu’un point critique soit un minimiseur global ou un point-selle. [163] a
supprimé toutes les hypotheses sur les données et a donné des formes analytiques pour
les points critiques du risque empirique. Dans la caractérisation, les matrices de poids
sont définies de maniere récursive et peuvent €tre trouvées en résolvant des équations ; en
particulier, ils ont donné une caractérisation des minimiseurs globaux. [109] ont montré
qu’en utilisant des hypotheses uniquement sur la largeur des couches que tout minimiseur
local est un minimiseur global. IIs prouvent que cette hypothese sur I’architecture est forte
dans le sens ol sans elle, et si nous ne faisons pas d’hypotheses sur les matrices de données
comme dans les travaux précédents, alors il existe un minimiseur local non-global. [164] a
utilisé des hypotheses uniquement sur la matrice des données d’entrée, pour prouver que
pour un réseau linéaire a une couche cachée, tout minimiseur local est un minimiseur global
et tout autre point critique a une courbure négative. [83] a prouvé pour différentes pertes
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convexes générales que, sous des hypotheses sur I’architecture, tous les minima locaux sont
globaux. Enfin, [137] et [98] ont utilisé des résultats de géométrie algébrique pour donner
d’autres propriétés sur les points critiques des réseaux linéaires.

La plupart des travaux précédents se concentrent sur les minimiseurs locaux. Aucun de
ces travaux ne fournit de conditions nécessaires et suffisantes simples pour qu’un point-selle
soit strict ou non. > En particulier, dans le cas de plus de deux couches cachées, seuls des
exemples trés spécifiques de points-selles non stricts ont été décrits. En outre, les minimi-
seurs globaux ont été caractérisés mais pas explicitement paramétrés. Voir le Chapitre 3.
Section 3.3.4 pour plus de détails.

Dynamique des gradients et régularisation implicite pour les réseaux linéaires : Dans cet
axe de recherche, les auteurs étudient la dynamique des algorithmes du premier ordre pour
les réseaux linéaires, qu’ils combinent parfois avec des résultats sur le paysage. [5] a prouvé
que la descente de gradient converge vers un minimum global avec une vitesse linéaire, sous
des hypotheses sur la largeur des couches, 1'itéré initial, et la perte & I’initialisation. D’ autres
travaux ont également prouvé des résultats similaires avec des hypotheses différentes [36,
11, 144]. Cependant, comme le note [123], ces travaux considerent des hypotheses fortes
sur la perte a I'initialisation. En effet, [123] a donné un résultat négatif sur un réseau
linéaire profond de largeur 1, en prouvant que pour des initialisations standard, la descente
de gradient peut prendre un temps exponentiel pour converger vers le minimiseur global.
L’ auteur a également fourni des exemples empiriques du méme phénomene se produisant
pour des largeurs plus importantes. D’autre part, [33] a prouvé que si les couches sont
suffisamment larges, la convergence vers un minimiseur global peut étre obtenue en temps
polynomial en utilisant une initialisation gaussienne aléatoire classique indépendante des
données (connue sous le nom d’initialisation de Xavier). La largeur minimale requise du
réseau dépend de la norme d’un minimiseur global du probleme de régression linéaire.
Comme nous le verrons dans la section 3.3.4, ce résultat de convergence globale peut étre
réinterprété en termes de paysage de pertes a I’ordre 2.

Dans une ligne de recherche similaire, [24] a prouvé, en utilisant des hypotheses sur
Iarchitecture du réseau et les matrices de données, que le flot de gradient converge presque
stirement vers un minimiseur global pour un réseau linéaire a une couche cachée. Plus
tard, [7] a prouvé le méme résultat sous des hypotheses plus faibles sur les matrices de
données. Ils ont également prouvé que, dans les réseaux linéaires profonds, le flot de gradient
converge presque sirement vers 1’un des minimiseurs globaux du probleme de régression
linéaire avec contrainte sur le rang.

Ceci est 1ié a une autre conséquence des propriétés du paysage : la régularisation im-
plicite. [6] a montré que, pour la récupération de matrices, les réseaux linéaires profonds
convergent vers des solutions de faible rang mé&me lorsque toutes les couches cachées ont
une taille supérieure ou égale a celle des entrées et des sorties. [117] ont prouvé que, dans
la factorisation matricielle profonde, la régularisation implicite peut ne pas étre explicable
par les normes, car toutes les normes peuvent aller a I’infini. Ils suggerent plutot de voir

2. Par "simple", nous entendons une condition plus facile a exploiter que la simple recherche de la plus
petite valeur propre de la Hessienne.
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la régularisation implicite comme une minimisation du rang. [119] et [44] ont prouvé,
avec différentes hypotheses sur les données et une initialisation qui tend vers zero que
la dynamique du gradient discret ou continu apprend séquentiellement les solutions d’un
probleme de régression linéaire avec contrainte sur le rang dont le rang augmente progres-
sivement. Enfin, [45] a prouvé pour un modele jouet que cet apprentissage incrémental se
produit plus souvent (avec une plus grande initialisation), lorsque la profondeur du réseau
augmente. Comme nous le verrons dans le Chapitre 3, Section 3.3.4, ces résultats peuvent
étre réinterprétés a la lumiere du paysage a I’ordre 2.

1.4 Couches convolutives orthogonales

1.4.1 Motivation

La contrainte d’orthogonalité a d’abord été envisagée pour les réseaux de neurones
enticrement connectés [4]. Pour les réseaux de neurones convolutionnels [84, 81, 161], I’in-
troduction de la contrainte d’orthogonalité est un moyen d’améliorer le réseau de neurones
a plusieurs égards. Tout d’abord, malgré des solutions bien établies [59, 66], I’entrainement
de réseaux convolutifs treés profonds reste difficile. Ceci est notamment dii a des problemes
d’explosion/atténuation de gradient [61, 16]. En conséquence, la capacité expressive des
couches convolutionnelles n’est pas pleinement exploitée [66]. Cela peut conduire a des
performances plus faibles sur les tiches d’apprentissage automatique. De plus, I’absence
de contrainte sur la couche convolutive conduit souvent a des prédictions irrégulieres qui
sont sujettes a des attaques adverses [134, 106]. L’évitement de I’explosion/atténuation
du gradient, la robustesse intégrée et de meilleures capacités de généralisation sont les
principaux objectifs de I’introduction des contraintes de Lipschitz [tsuzuku2018Lipschitz,
134, 115, 48, 121] et d’orthogonalité aux couches convolutives [146, 27, 65, 158, 91, 54,
114, 142, 138, 70, 90, 64, 70, 9, 145]. Les réseaux convolutifs orthogonaux ont été appli-
qués avec succes dans diverses applications, telles que la classification, la segmentation, la
retouche [142, 159, 82], ou récemment dans le "few-shot learning" [110]. L’ orthogonalité
est également proposée pour les réseaux adversariaux génératifs [102], ou méme requise
pour I’estimation de la distance de Wasserstein, comme dans le Wasserstein-GAN [3, 52], et
le classificateur basé sur le transport optimal [122].

Les réseaux convolutifs orthogonaux sont constitués de plusieurs couches convolutives
orthogonales. Cela signifie que, lorsque 1’on exprime le calcul effectué par la couche
sous la forme d’une matrice, celle-ci est orthogonale. Le terme "orthogonal" s’applique
aussi bien aux matrices carrées qu’aux matrices non carrées>. Dans ce dernier cas, il
inclut deux notions communément distinguées mais liées : 1’orthogonalité de ligne et
I’orthogonalité de colonne. Le Chapitre 4 se concentre sur les propriétés théoriques des
couches convolutionnelles orthogonales. De plus, comme les couches de déconvolution
(également appelées convolution transposée) sont définies a 1’aide de couches de convolution,
les résultats peuvent également €tre appliqués aux couches de déconvolution orthogonales.
Nous considérerons I’architecture d’une couche convolutive caractérisée par (M, C, k, S),

3. Cette propriété est des fois appelée ’semi-orthogonal’.
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ou M est le nombre de canaux de sortie, C' de canaux d’entrée, les noyaux de convolution

sont de taille k x k et le parametre de stride est S. Sauf indication contraire, nous considérons

les convolutions avec des conditions limites circulaires*. Ainsi, appliquées sur canaux

d’entrée de taille SN x SN, les M canaux de sortie sont de taille NV x IN. Nous désignons

par K € RMxCOxkxk |g tenseur noyau et par K € RMN*XCS*N? 13 matrice qui applique la

couche convolutive d’architecture (M, C, k, S) & C canaux vectorisés de taille SN x SN.>
Nous allons d’abord répondre aux questions importantes :

— Existence : Quelle est la condition nécessaire et suffisante sur (M, C, k, S) et N
pour qu’il existe une couche convolutive orthogonale (i.e. KC orthogonale) pour cette
architecture ? Comment les conditions aux limites "valid" et "same" limitent-elles
I’existence de I’orthogonalité ?

En outre, nous nous appuierons sur des articles récemment publiés : [142, 114] qui
caractérisent les couches convolutionnelles orthogonales comme 1’ensemble de niveau zéro
d’une fonction particuliere appelée L, dans [142] (voir le Chapitre 4, Section 4.1.1.2, pour
plus de détails). Formellement, K est orthogonal si et seulement si L, (K) = 0. Ils utilisent
L¢n, comme terme de régularisation et obtiennent des performances impressionnantes sur
plusieurs taches d’apprentissage automatique (voir [142]). La régularisation est ensuite
appliquée avec succes a la segmentation d’images médicales [159], a la retouche d’images
[82] et au "few-shot learning" [110].

Dans le Chapitre 4, nous étudions les questions théoriques suivantes :

— Stabilité par rapport aux erreurs de minimisation : Est-ce que X a toujours
de bonnes "propriétés d’orthogonalité approximative" lorsque L, (K) est petit
mais non nul? Sans cette garantie, il pourrait arriver que L.+, (K) = 1079 et
|KCKT — Id||2 = 10°. Cela rendrait la régularisation avec L, inutile, 2 moins que
I’algorithme n’atteigne L+, (K) = 0.

— Scalabilité et stabilité par rapport a N : Remarquons que, pour un tenseur noyau K
donné, L, (K) est indépendant de N mais la matrice de transformation de la
couche K dépend de N : Lorsque L+, (K) est petit, est-ce que K reste approxima-
tivement orthogonal et isométrique lorsque N croit? Si oui, la régularisation avec
L.p, reste efficace méme pour de trés grands N.

— Optimisation : Le paysage de L, se préte-t-il a une optimisation globale ?

1.4.2 Revue de littérature

Les matrices orthogonales forment la variété de Stiefel et ont été étudiées dans [34].
En particulier, la variété de Stiefel est compacte, réguliere et de dimension connue. Elle
est constituée de plusieurs composantes connexes. Ceci peut €tre un probleéme numérique
puisque la plupart des algorithmes ont des difficultés a changer de composantes connexes
pendant I’optimisation. La variété de Stiefel posséde de nombreuses autres propriétés
intéressantes qui la rendent adaptée a 1’optimisation Riemannienne (locale) [89, 90]. Les

4. Avant de calculer une convolution, les canaux d’entrée sont rendus périodiques en dehors de leur support
réel.
5. voir Chapitre 4, Annexe 4.B pour la formule de K.
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couches convolutionnelles orthogonales sont une sous-partie de cette variété de Stiefel.
A notre connaissance, la compréhension des couches convolutionnelles orthogonales est
faible. Il n’y a pas d’article qui se concentre sur les propriétés théoriques des couches
convolutionnelles orthogonales.

De nombreux articles [scaman2018Lipschitz, 148, 27, 129, 70, 48, 37] se concentrent
sur les contraintes de Lipschitz et d’orthogonalité des couches du réseau de neurones d’un
point de vue statistique, en particulier dans le contexte des attaques adversariales.

De nombreux articles récents ont étudié le probleme numérique de I’optimisation d’un
tenseur noyau K sous la contrainte que X est orthogonal ou approximativement orthogonal.
I1s fournissent également des arguments de modélisation et des expériences en faveur de
cette contrainte. On peut distinguer deux stratégies principales : orthogonalité du noyau
[146,27, 65, 158, 54,70, 90, 64, 70, 9, 122] et orthogonalité des couches convolutionnelles.
[91, 114, 142, 138]. Cette derniere a été introduite plus récemment.

Nous désignons 1’entrée de la couche par X € REXSNXSN et sa sortie par Y =
conv(K, X) € RMXNxN,

— Orthogonalité du noyau : Cette classe de méthodes considere la convolution comme
une multiplication entre une matrice K € RM *Ck? formée en remodelant le tenseur
du noyau K (voir, par exemple, [27, 142] pour plus de détails), et la matrice U (X) €
ROk XN? qont les colonnes contiennent la concaténation des C patchs vectorisés de X
nécessaires au calcul des M canaux de sortie a une position spatiale donnée (voir [60,
149]). Nous avons donc, Vect (Y') = Vect (KU(X)). La stratégie d’orthogonalité
du noyau renforce 1’orthogonalité de la matrice K.

— Orthogonalité des couches convolutionnelles : Cette classe de méthodes relie
directement I’entrée et la sortie de la couche en écrivant Vect (Y') = K Vect (X)) et
renforce 1’orthogonalité de K. La difficulté de cette méthode est que la taille de la

matrice K € RMN?xCS*N? dépend de N et peut étre tres grande.

L’ orthogonalité du noyau fournit une stratégie numérique dont la complexité est indépen-
dante de V. Cependant, 1’orthogonalité du noyau n’implique pas que X soit orthogonal. En
bref, le probleme est que la composition d’un plongement orthogonal et d’une réduction de
dimension orthogonale n’a aucune raison d’étre orthogonale. Ce phénomene a été observé
empiriquement dans [91] et [70]. Les auteurs de [142] et [114] affirment également que,
lorsque K a plus de colonnes que de lignes (orthogonalité des lignes), 1’ orthogonalité de
K est nécessaire mais pas suffisante pour garantir 1’orthogonalité de K. L orthogonalité du
noyau et I’orthogonalité de la couche convolutive sont différentes, cette derniere permettant
de mieux éviter I’atténuation du gradient et la corrélation des features.

On peut distinguer deux manieres numériques d’imposer I’orthogonalité pendant 1’en-
tralnement :

— Orthogonalité rigide : Cette méthode consiste a maintenir la matrice d’intérét ortho-
gonale pendant tout le processus d’apprentissage. Cela peut étre fait soit en optimisant
sur la variété de Stiefel, soit en considérant une paramétrisation d’un sous-ensemble
de matrices orthogonales (par exemple, [90, 91, 138, 128, 65, 158]). Notez que cer-
taines méthodes d’orthogonalité des couches convolutionnelles rigides considerent des
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mappings de K, ce qui entraine des convolutions avec des noyaux de taille supérieure
akxk.

— Orthogonalité souple : Une autre méthode pour imposer 1’ orthogonalité des matrices
pendant 1’optimisation consiste 2 ajouter une régularisation du type |[WW7T — I||? a
la perte de la tache spécifique. Cette régularisation pénalise les matrices loin d’étre
orthogonales (par exemple, [9, 27, 114, 142, 146, 54, 70, 64]).

Notez que, contrairement a I’ orthogonalité de noyau, I’orthogonalité de couche convo-
lutive traite directement de /C, et a donc une complexité qui dépend généralement de V.
Cependant, dans le contexte de 1’orthogonalité souple des couches convolutionnelles, les
auteurs de [114, 142] introduisent le régularisateur L., qui est indépendant de N (voir
Chapitre 4, Section 4.1.1.2, pour plus de détails), comme substitut & [T — Idy;n2 [|% et
|KTK —Idege n2 ||%. Dans [142], les couches convolutionnelles orthogonales avec stride
sont considérées pour la premicre fois.

1.5 Approximation par des réseaux de neurones

Rappelons que I’erreur d’approximation qui concerne 1’expressivité de la classe des
réseaux de neurones est donnée par la quantité R( fw+) — R*. Supposons qu’il existe g tel
que R(g) = minyR(h). L erreur d’approximation peut s’écrire

R(g) — R(fw-) = / 69(@), ) — (fue (@), )] APz, p).

Si £ est 1-Lipschitz par rapport a sa seconde variable alors on peut écrire :

[ 1666@).9) €0 (21,0 aP(.9) < [ lof@) = fur (@) Pz 0).

Par conséquent, si nous pouvons controler la norme sup ou la norme L;(P) de la
différence entre f et g, nous pouvons contrdler I’erreur d’approximation de la décomposition
du risque. I1 est donc intéressant d’avoir des bornes précises en norme LP.

1.5.1 Approximation universelle et bienfaits de la profondeur

Les réseaux de neurones sont connus pour &tre des approximateurs universels. En effet,
pour divers espaces de fonctions, il a été prouvé que 1’on peut approximer une fonction cible
d’intérét en utilisant un réseau de neurones a une profondeur arbitraire. Mathématiquement,
nous avons le théoréme classique suivant qui peut étre trouvé avec diverses conditions sur
les activations et les espaces de fonctions en [28, 62, 88, 76].

Theorem 1. Pour € > 0, pour toute fonction continue f et une fonction d’activation ¢ qui
n’est pas polynomiale, il existe un réseau de neurones a une couche cachée g tel que

sup |f(z) —g(z)| <e
x€[0,1]¢
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Ce théoreme est tres intéressant et nous indique que les réseaux de neurones sont assez
expressifs et que 1’on peut les utiliser comme approximateurs. Cependant, il n’explique pas
pourquoi la profondeur est utilisée dans la pratique et ne nous donne pas non plus un taux
d’approximation (par exemple, le nombre de poids nécessaires pour approximer une classe
de fonction avec une erreur de €).

Ainsi, deux directions de recherche ont suivi ce théoréme, la premiére concerne les
résultats de séparation de profondeur, qui stipulent typiquement qu’il existe certaines
fonctions qui peuvent étre approximées en un nombre polynomial de poids en € avec un
réseau profond alors qu’un réseau peu profond a besoin d’un nombre exponentiel de poids
pour I’approximer avec la méme erreur. Un exemple de tels résultats sépare le réseau de
profondeur 2 du réseau de profondeur 3 et peut étre trouvé dans [135] :

Theorem 2. Pour toute profondeur L, il existe un réseau ReLU f avec O(L?) couches et
noeuds tel que pour tout réseau ReLU g avec au plus L couches et au plus 2* noeuds nous
avons

! 1
| 1@ = s> 5

L’autre direction, qui est celle sur laquelle nous allons nous concentrer, est celle des
taux quantitatifs d’approximation des espaces de fonctions par les réseaux de neurones.

1.5.2 Quantification du taux d’approximation

Une fagon de quantifier le pouvoir d’expression des réseaux de neurones est de résoudre
le probleme suivant. Soit G’ I’ensemble de toutes les fonctions gy : X € R? — R qui
peuvent étre représentées en réglant les poids w € R"Y d’un réseau de neurones feed-
forward avec une architecture fixe, et soit F' un ensemble quelconque de fonctions a valeurs
réelles sur X'. Une question naturelle se pose : dans quelle mesure les fonctions f € F
peuvent-elles étre approximées par des fonctions gy € G ? Plus précisément, étant donné
une norme || - || sur les fonctions, quel est I’ordre de grandeur de I’erreur d’approximation
de I par G (dans le pire des cas) définie par :

sup inf [|f — gwll , (1.5.1)
feF gweEG

et quelle est son ordre de grandeur en fonction des nombres W, L de poids et de couches, et
de certaines propriétés de F'?

Les bornes inférieures de I’erreur d’approximation (1.5.1) peuvent étre utiles de plusieurs
facons. Elles fournissent une limite a la meilleure précision d’approximation que 1’on peut
espérer atteindre si le nombre de poids ou de couches du réseau est contraint, et aident a
concevoir des architectures optimales sous ces contraintes. Elles impliquent également une
borne inférieure sur le nombre minimal de poids ou de couches a inclure dans un réseau afin
d’approximer toute fonction dans F' avec une précision donnée .

Le cas ol || - || est 1a norme sup (définie par || f||oc = sup,cy |f(x)]) est assez bien
compris, du moins dans certains cas particuliers. Par exemple, lorsque F' est une boule de
Holder de régularité s > 0 et que le réseau utilise la fonction d’activation ReLU, Yarotsky
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[152] a dérivé une borne inférieure sur (1.5.1) de I’ordre de W—2s/ ¢ raffinée ensuite a
(LW)_S/ 4 (a des facteurs logarithmiques prés) par [153, 154] lorsque la profondeur du
réseau variede L = 1 a L =~ W. En utilisant la technique d’extraction de bits, ces auteurs
ont montré que ces bornes inférieures sont réalisables (a des facteurs logarithmiques pres)
avec une architecture de réseau ReLU soigneusement concue. Des résultats raffinés en
termes de largeur et de profondeur ont été obtenus par [125] lorsque s < 1, tandis que
d’autres fonctions d’activation ont également été étudiées dans [154].

Les bornes supérieures sont généralement prouvées en décomposant d’abord les fonc-
tions cibles dans une certaine base (par exemple, développement de Taylor), puis en ap-
prochant chaque vecteur de base avec un réseau de neurones (par exemple, en approchant
(z,y) — xy). Pour les bornes inférieures, la technique la plus utilisée est basée sur la borne
inférieure de la VC-dimension, puis sur I’ utilisation de bornes supérieures connues sur la
VC-dimension des réseaux de neurones par rapport a W et L pour conclure.

Nous donnons dans la section suivante une preuve typique d’une borne inférieure sur
I’erreur d’approximation lorsque la norme est la norme sup. Notez que ce type de preuve
peut tre trouvé aussi par exemple dans [152, 125, 31].

1.5.3 Bornes inférieures d’approximation en norme sup

Dans cette section, nous prouvons une borne inférieure sur 1’erreur d’approximation
définie dans (1.5.1) lorsque la norme est la norme sup, et que G est un espace de réseaux
de neurones avec une architecture fixe et une activation polynomiale par morceaux. Nous
utilisons la preuve typique et expliquons ensuite pourquoi elle ne peut pas étre appliquée
directement pour prouver des bornes en norme LP. Pour cet exemple, nous avons choisi de
le faire lorsque F’ est I’espace des fonctions monotones. Nous désignons par M 1’espace
des fonctions croissantes en chacune des variables. Nous désignons par H 4 1’espace des
fonctions générées par des réseaux de neurones d’architecture fixe A et ol les poids varient.
Dans le chapitre 5, nous reverrons cet espace et prouverons des bornes en norme LP.

Proposition 1.5.1. Soit d € N* et soit A une architecture de réseau de neurones avec
activation polynomiale par morceaux et W parametres. Il existe une constante c; > 0
dépendant uniquement de d et une fonction f € My telle que pour tout g € H, || f —
lloo > caW 2/, En d’autres termes

sup  inf ||f — glloo > caW 4 (1.5.2)
feMy9€HA

Démonstration. Soit A une architecture de réseau de neurones a activation polynomiale
par morceaux a W € N* paramétres. Si supepg, infgemy [f — 9llc > & alors le
résultat est immédiat en considérant ¢y = (Tld' Soit & > sup ey, infgen, [|f — 9lloo tel
que e < g9 = 6%, de telle fagon a ce que pour tout f € My, il existe g € H 4 tel que
||f — gllcc < €. Tout d’abord, nous cherchons a borner inférieurement W par rapport a ¢ et
nous le faisons en bornant inférieurement la pseudo-dimension de H 4.

Soit N := (T;].Puisquee<60:é,ona L < N <

5 ainsi € < 55+

1
2de’



22 Chapitre 1. Introduction en francais

On divise [0, 1]% en un grille de N cubes Cx = Hle (%, kzﬁl}, k = (k1,...,kq) €

{0,..., N=1}%. Pour o := (o1 )keqo,. n-1}a € {1, 13V, on définit f, : [0,1]¢ — [0, 1]
comme suit : pour toutk € {0,..., N — 1}¢, pour tout = € Cy

DY R ok
Jo@) = =57 *ona * ana

11 est facile de vérifier que pour tout o, f, peut étre naturellement étendu a une fonction
sur [0, 1]% & valeurs dans [0, 1] ; nous considérons ces extensions sans changer de notations.
On voit donc que F := {f,,0 € {—1,1}¥"} est un sous-ensemble de My (tout f, est
croissante de [0, 1]¢ dans [0, 1]). I s’en suit que pour tout f € F, il existe g € H 4 tel que
1f = 9gllc <e.

Pour montrer que Pdim(H) > N9, on construit un ensemble de N points dont on
prouve qu’ils sont pseudo-éclatés par H 4, en utilisant des fonctions dans H 4 qui approchent
F.Pourtoutk € {0,..., N — 1}4, soit

1 1

k

= |k — ...k —

o T <1+2N7 7d+2N>7
,_Z;‘i:lki 1

* = TNg Tana

et soit S = (7%), . {0,...N—1}d- Les x* sont les points au centre de chaque cube de notre

grille, il y en a donc N?. Ce sont ces points que nous allons pseudo-éclater avec la séquence
. . d ,

de seuils (rk)xeqo,...,n—1}¢- SOit 2 := (2k)keqo,.. v—13¢ € {1, 1}V une séquence de

labels associés a S. On choisit f, € F avec ox = zx pour tout k. Par définition de ¢ et

puisque f, est dans My, il existe g € H 4 tel que g approche f,; avec une erreur d’au plus

€.

oqe 1
En utilisant ¢ < 5qv > On a,

1fo = goloo <6 = |fo(a") = go(a®)| <€ < = ol = fo(@®) = |

pour tout k € {0,..., N — 1}%. Ainsi, si ox > 0, alors f,(zX) — go(2%) < |f,(z%) —
gg(mk)| < fa(xk) — K donc gg(:vk) > 7K. Si oy < 0, alors gg(mk) — fo(mk) < |fg(mk) —
9o (%) < 7% — f,(2¥), donc g(z*) < 7K.

Il s’en suit que I'indicatrice 1 ¢, (k- correspond aux labels zi’s; c’est-a-dire que
H 4 pseudo-éclate S et Pdim(H 4) > N¢, ainsi puisque N = [ﬁ} > 3}?,

Pdim(H 4) > (3de) ™% (1.5.4)
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Il reste maintenant a établir la borne supérieure de Pdim(H ) en fonction de W, qui,
combinée a (1.5.4), fournira la borne inférieure de W en termes de . Le théoréeme 14.1
de [2] fournit une architecture A’ autorisant les skip-connexion et avec un nombre de
parametres W/ < W + 2, telle que

Pdim(H,) < VCdim(H ).

On utilise maintenant le Théoreme 8.7 dans [2] qui implique que VCdim(H ) <
c1W'2 pour une constante universelle ¢; > 0. Puisque W’/ < W + 2,

Pdim(Hy) < coW?, (1.5.5)

pour une cosntante universelle co. En combinant les inégalités (1.5.4) et (1.5.5), on obtient
W > 035_d/ 2 ol cy dépend seulement de d.

Pour finir la preuve, considerons une séquence (&, ),>1 tel que pour tout n

en> sup inf |f — gl
feMy9€HA

et nh_}ngo €n = SUp sepm, infger, | f — glloo- Pour tout n, H 4 approche M, avec une erreur

d’au plus €, par définition. Les inégalités (1.5.4) et (1.5.5) peuvent donc s’appliquer, et on
obtient

W=2d < ¢ (1.5.6)

pour une constante ¢ qui dépend seulement de d. Le résultat en découle en considérant la
limite en (1.5.6) quand n — +o0. O

1.5.4 Approximation en norme L?

Il est également intéressant d’étudier (1.5.1) avec la norme LP (), définie par

1l = ( /X @) Pdp()) 7,

pour p > 1 et une certaine mesure de probabilité p sur X'. Puisque cela correspond a une
approximation des fonctions dans ' dans un sens plus "moyen" que pour la norme sup,
une question naturelle est de savoir si la méme précision peut étre obtenue avec un réseau
plus petit ou non. Malheureusement, les stratégies de preuve derriere les bornes inférieures
de [152, 153, 154, 125] sont spécifiques a la norme sup. En effet, la rupture se produit
a I’équation (1.5.3), puisque si I’on utilise la norme L”, on ne peut pas garantir que la
différence entre g et f sont inférieurs a & pour les centres ¥, ou méme pour les autres points
uniformément, ¢’est-a-dire, pour chaque f, il existe z, tel que | f,(25) — g5(z5)| < €. Par
conséquent, on ne peut pas exhiber directement un ensemble de points qui sont éclatés par
Yo



24 Chapitre 1. Introduction en francais

DeVore et al. [31] ont en effet commenté : “Quand nous passons au cas p < oo, la
situation est encore moins claire [...] nous ne pouvons pas utiliser la théorie de la VC-
dimension pour 1’approximation de LP(€2). [...] Ce qui manque vis-a-vis du probléeme 8.13
est de savoir quelles sont les meilleures bornes et comment nous prouvons les bornes
inférieures pour les taux d’approximation dans LP (), p # c0.”

Les bornes inférieures existantes en norme L” (). Plusieurs articles ont fourni des
bornes inférieures dans certains cas particuliers, sous certaines conditions concernant 1’en-
semble a approximer F', le réseau de neurones, la métrique d’approximation ou la carte
d’encodage f € F + w(f) € RW.

Lorsque F' est un espace de régularité s, un premier résultat basé sur [32] stipule que
lorsque I’on impose aux poids de dépendre continuellement de la fonction a approximer, on
ne peut pas obtenir un meilleur taux d’approximation que W-a.

Pour le méme F', un autre résultat pour p = 2 et pour des fonctions d’activation qui
sont continues ([95, 96]) prouve une borne inférieure sur 1’approximation de fonctions de
régularité s sur un compact de R, par des réseaux de neurones a une couche cachée,
d’ordre W~ 1. Une borne supérieure correspondante est prouvée pour une fonction
d’activation particuliere, qui est sigmoidale mais pathologique ([97]). Pour cette méme
fonction d’activation, ils prouvent que contrairement au cas d’une couche cachée, iln’y a
pas de borne inférieure dans le cas de réseaux a deux couches cachées. Le résultat est basé
sur le théoréme de superposition de Kolmogorov-Arnold.

Dans [126], les auteurs étudient I’approximation par des réseaux de neurones peu
profonds avec des poids bornés et des activations de la forme ReLU* pour un entier k.
Ils approximent la fermeture de 1’enveloppe convexe des réseaux de neurones ReLU* peu
profonds avec des poids contraints. Ils obtiennent des bornes inférieures optimales d’ordre
WS pour toute norme || - || x ol X est un espace de Banach auquel appartiennent les
fonctions d’approximation et tel que ces fonctions sont uniformément bornées par rapport a
- lx-

Les bornes inférieures d’approximation en norme LP(u), p > 1, ont également été
étudiées dans le cadre des réseaux de neurones quantifiés (réseaux dont les poids sont
codés avec un nombre fixe de bits). Dans [111], sous de faibles hypotheses sur la fonction
d’activation, les auteurs prouvent une borne inférieure sur le nombre minimal de poids non
nuls W qui sont requis pour qu’un réseau puisse approximer une classe de classificateurs

binaires avec une erreur LP au plus égale a €. lls montrent que W est au moins de I’ordre de
p(
€ log2 (1/e), ou (3 est un parametre de lissage. Des travaux ultérieurs, dont [141,

51], dérivent des bornes inférieures pour I’approximation par des réseaux quantifiés pour
diverses normes.

Dans le chapitre 4, nous donnons une borne inférieure d’approximation générale pour
I’erreur de norme LP () basée sur I’entropie métrique sur I’espace F’ et la pseudo-dimension
de I’espace G. Nous I’appliquons au cas des réseaux de neurones pour résoudre la question
ouverte de la borne inférieure des erreurs d’approximation pour les réseaux de neurones non
quantifiés avec la norme LP.



CHAPTER 2

Introduction

2.1 Machine learning

"Al is the new electricity", these are the words of Andrew Ng, a famous professor at
Stanford University whose courses on Coursera on Machine Learning and Deep Learning
have broken all records of enrollment on the platform. This reveals the importance of
artificial intelligence, in particular Machine Learning and Deep Learning, in our era. Indeed,
these algorithms are everywhere nowadays, if you open your browser and search for anything
on a search engine, there is an algorithm behind it that uses artificial neural networks or
what is more commonly called deep learning.

Deep learning in particular has seen an explosion since 2012 and the famous paper from
Hinton’s group that beat the state of the art in image recognition by far thanks to the neural
network they trained. Following this, several researchers have returned to these neural
networks which were already studied theoretically in the 80s but whose performance was
not competitive enough with other methods due to the lack of data and computing power.
In 10 years, deep learning has experienced phenomenal progress and it is inconceivable
nowadays to imagine a world without these artificial neural networks. Indeed, they are used
in image recognition, translation, voice recognition, recommendations, and others. Every
year we find new applications where they succeed in beating the state of the art and allow
considerable advances.

So what is a neural network? A neural network consists of an input layer, an output
layer and several intermediate layers called hidden layers. To go from one layer to the other,
a linear transformation is applied followed by a non-linear activation function. It is called
deep learning because the depth is equal to the number of these layers and in practice for
large networks they are of the order of tens.

These neural networks have thus given impressive results in all domains, but there is
no theory explaining why they work so well. And contrary to the old machine learning
algorithms that worked well and that were used in the 2000s, such as Support Vector
Machines, which are well understood theoretically, artificial neural networks are difficult to
study and according to the classical theory, there is no reason for learning to work so well.
Thus, many researchers have worked and continue to work on this question, in order to try
to bring partial answers and to try to reduce the gap between the extraordinary results that
we observe in practice and the mathematical aspects that can explain them theoretically.

2.1.1 Definition of a neural network

A feedforward neural network is a function composed of several layers. To each layer, a
linear function is applied followed by an activation function. More precisely, it can be seen
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as follows:
— Consider H layers (H — 1 hidden layers).
— We denote by: ng,n1,...,ng € N* the width of the different layers.

— We denote by f5(x) the result obtained when computing the output of layer h for
x € R™.

— We denote by W}, € R"»*"h-1 the matrix of the weights on the edges between layer
h — 1 and layer h.

— We denote by by, € R™" the additive bias for layer h.

— We denote by o the activation function. It is generally applied component-wise to
each layer, and it can depend on h.

The prediction is computed according to the following scheme.

folz) ==z
{ fn(@) = (Wi fo_1(z) +by) €R™ Vh=1,...,H 2.1.1)

2.1.2 Why is it important to study deep learning theory ?

For now, the theory of deep learning is still lagging on behind the impressive results
observed in practice in the different domains where neural networks have been applied
successfully. The results on the mathematical aspects of neural networks are still descriptive,
in other words, we are just trying to understand or explain phenomena that we see in practice
and we often use simplifying assumptions to make them tractable. This is a good beginning
but the ultimate goal would be to come up with a prescriptive theory, in other words, some
theoretical results that we can use to actually make algorithms better or choose the right
architecture for the right type of data instead of spending hours trying different architectures
and combination of hyperparameters and see what we get. Hopefully one day we can reach
this kind of result.

2.2 Supervised learning framework

In this section, we recall the basics of the supervised learning setting which is the most
used in machine learning and in deep learning in particular.

In supervised learning, we give our model a sample containing a set of examples (e.g.
images) with their labels (e.g. cats or dogs). The goal is that after the training phase (which
corresponds to weight learning for a neural network), our algorithm can correctly labels
examples that it has never seen before.

2.2.1 Risk decomposition

— Let (fw),, be a family of functions parameterized by w (e.g. neural networks, with a
fixed architecture and activation function)

For an i.i.d training sample (z;, y;)i=1..x drawn from a distribution P on X’ x ), and a loss
?:Y xY+— R, we set
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— The risk :
R(fw) =E (Z(fw(X)vY))

— The empirical risk :
. 1 Y
R(fw) = N Z;f(fw(fﬂz’),yz’)

— R* =inf, R(g) the optimal risk, also called the Bayes risk

— We fix w* and w such that :(if the minimizer does not exist we just consider &-
minmizers)

w* € argmin R( fw) and W € arg min ﬁ(fw)

w w

In supervised learning, usually, the goal is to try to find w that minimizes the excess
risk, which is the difference between the risk for fy, and the optimal risk R*, this excess
risk can be decomposed into three main errors

0< R(fw) - R (Excess Risk)
= R(fw) - ﬁ( fw) (Generalization Error)
+ R(fw) — R(fa) (Optimization Error)
+ R(fa) — R(fw) <0
+ R(fws) — R(fwr) (Generalization Error)
+ R(fw) — R* (Approximation Error)

The different errors contribute to the excess risk, and one wants to make each one of
them as small as possible. We will describe them in detail in the next few sections.

2.2.2 Optimization

As presented in the previous decomposition of the risk, the optimization error is related
to the empirical risk. And one would want to make it as small as possible without increasing
the other errors. Typically we run an optimization algorithm, for instance (stochastic)
gradient descent or variants like Adam [79] and RMSprop [136], and we stop once the
algorithm has converged or if we spend a few epochs without decreasing the empirical risk.
Therefore a natural question that occurs is: to which points can these algorithms converge
or close to which points can they get stuck for a while. If we focus on the gradient descent
algorithm for example, those points are the ones where the gradient vanishes, they are called
(first-order) critical or stationary points.

Hence, a natural question is what kind of critical points algorithms can converge to
and what are their properties. Are there local minima, global minima, or saddle points?
Is the optimization error small at these points? What about their generalization error? Is
there some kind of implicit bias associated with them? It is therefore necessary to study the
landscape of the optimization error to be able to have a better picture of the optimization
process and to better understand the gradient dynamics.
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Our first work lies within this category, a more precise description can be found in
Section 2.3 and Chapter 3.

2.2.3 Generalization

The second error is the generalization error, which is related to how well the algorithm
does when predicting the target of a new unseen data point. Classically, people have been
proving bounds on the generalization error by considering the whole function space we are
searching, ie, bounding the quantity supy,cyy | R( fw)— ﬁ( fw)| by relating it to a complexity
notion of the space. For example, the VC-dimension or the Rademacher complexity are
notions that intervene in those bounds. However, these bounds are loose for neural networks
that are used in practice. Indeed, they have many more parameters than the number of
examples in the sample they are trained on. Despite that, the learned neural network still
generalizes well. Recently, a "strange" phenomenon has been observed in practice, called the
"double descent". Indeed, classical statistical learning theory tells us that fitting perfectly the
data is usually associated with overfitting and therefore a bad generalization error. However,
it has been observed (e.g., [15]) that neural networks can fit perfectly the data and still
generalize well to unseen data points.

A popular tool used in the deep learning theory literature to prove generalization and
optimization results for neural networks is the "Neural Tangent Kernel" [67]. This is a
kernel that describes the evolution of deep neural networks during their training by gradient
descent. Especially for wide networks, this allows the use of kernel methods for the analysis
of neural network properties.

Implicit regularization: A lot of recent work tries to explain the success of deep learning
via the implicit bias (regularization) induced by algorithms like Stochastic Gradient Descent.
Indeed it seems that for overparameterized neural networks that can perfectly fit the training
data, there are a lot of solutions that interpolate the training data. Among all these solutions,
a lot have very bad generalization errors, however, simple algorithms like SGD seem to
choose the one with minimal complexity which results in a good generalization error. The
notion of complexity is hard to define globally but in this line of work, it is mostly seen as
some norm.

What is impressive is that, in the presence of noisy data, the neural network fits the
data perfectly and is still able to have a test error close to the Bayes risk. Therefore all
the analyses previously conducted to explain generalization for the other models, based
on the VC dimension or the Rademacher complexity for example do not suffice to explain
the success of deep learning. A lot of works tried to explain this phenomenon in different
context via the notion of benign overfitting (e.g., [15, 58, 13, 22, 139, 165, 92, 40]).

2.2.4 Approximation

The last error occurring in the previous decomposition is the approximation error which
is related to the expressivity of the space of functions in which we are searching for a good
predictor. The richer the hypothesis space the lower the approximation error and many
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works have established upper and/or lower bounds on the worst-case approximation error of
a class of functions by a function in a certain hypothesis space. When the hypothesis space
is chosen to be functions implemented by neural networks of a certain architecture, several
results have been proved and a deeper look at the literature can be found in Section 2.5.

Our third work lies within this category, a more precise description can be found in
Section 2.5 and Chapter 5.

2.2.5 Robustness

In addition to the three errors we have seen in the previous sections, there are other
aspects that one may want to optimize due to some problems that one may encounter in
practice when working with neural networks. In fact, one common problem that has been
observed for many of the deep learning architectures used in practice is adversarial attacks.
They are many types of adversarial attacks in machine learning, the most classical example
is the following: the model predicts correctly a car for an image containing a car, however
when adding a small noise (invisible to the human eye) the picture of the car still looks the
same to us humans, but the model predicts it as an ostrich. Although the perturbation is
hardly perceptible to the human eye, this can be sufficient to drastically change the decision
of the model. This is because the function computed by the neural network can be very
oscillatory. Think of the situation where a self-driving car needs to identify a stop sign
and because of some little drawing on the side of the sign it predicts it as something else.
This might be problematic and it may cost lives at the end, hence we want to avoid these
situations. That is why it is very important to design robust algorithms.

Lipschitz networks and generalization with adversarial examples: One way to do
this is to build Lipschitz hypothesis functions such that the little changes in the input do
not affect the output. In this context in deep learning, Lipschitz neural networks and in
particular 1-Lipschitz neural networks have been investigated. This is done by constraining
each layer to be Lipschitz and as we know, for two Lipschitz continuous functions f and
g, the following property holds: Lip(f o g) < Lip(f)Lip(g), where Lip(f) denotes the
Lipschitz constant with respect to the Euclidean norm.

We recall some notions related to robustness and how does Lipschitzness help with
that. This can be found for example in [27]. We have seen previously that we are in
general interested in minimizing the true risk R(w) = E ([¢(fw(X),Y)]) . When it comes
to designing robust models, one would like to minimize in w the robust risk defined as
follows

R(w,p,e) =E <[ max E(fW(X),Y)]> ,
|| 2 —z||p<e
for a fixed p and e. By definition, R(w) < R(w,p,¢€) for all pand € > 0. If £ is 1-Lipschitz

and A, = sup M denotes the Lipschitz constant of the neural network we
N p a2y Jlz—yllp
ave

Riwop.0) < B +E (| max 0 @00Y) = (V] ) < RO+ Age

Z:||z—x||p<e
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This explains why Lipschitz networks are more robust.

Note that Lipschitz network can also help with generalization as it is proven in [147].
If we denote by C, (X, ) the covering number of X" using -balls for ||.||,. Using M =
sup,, ., £(g(x, W), y), [147] implies that for every § € (0, 1), with probability 1 — § over
the i.i.d sample (x;, ;)" ,, we have:

1 & 2YCp(X,3) In(2) — 21n(0)
R(W) < mgﬁ(g(xi,W),yi)+Ap7+M\/ —

Our second work lies within this category, a more precise description can be found in
Section 2.4 and Chapter 4.

2.2.6 Other deep learning theory areas

Many other areas of the mathematical aspects of deep learning have been and are still
being investigated.

— Certification : Neural networks are usually used to give just a number or a vector as
an output. However, one may want to quantify the uncertainty for a given prediction
and give for example confidence interval for the prediction. This is for example done
using Bayesian neural networks.

— Explainability : Neural networks are often seen as a black-box model, as it gives
us predictions which are hard to explain contrary to most classical algorithms like
logistic regression for instance. Many authors have tried opening the black-box and
looking at the features used by the neural network to give a certain prediction. This is
an important problem since legislation requires companies to be able to explain their
decisions. For example, a banker needs to explain to a client why his credit application
has been rejected and not just say "our neural network model says no". Some authors
have investigated this using different methods for example gradient-based methods
like sensitivity analysis, backprop based methods surrogate models methods or even
game-theoretic methods.

2.3 Loss landscape of neural networks

As we have seen before, the optimization error is one of the three errors in the risk
decomposition that one should try to make small. In practice, gradient-based methods seem
to do a good job despite having a highly non-convex loss function.

One of the research directions to try to explain this phenomena is to study the loss
landscape of deep neural networks and characterize their critical points.

We start by recalling some key definitions related to the landscape of a function.
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Figure 2.1 — Example of a landscape with
a plateau (non-strict saddle point) and a Figure 2.2 — Example of a landscape with
global minimizer. a strict saddle point at (0,0).

2.3.1 Reminder : minimizers, critical points of order 1 or 2, strict and non-
strict saddle points

Let us recall the definitions of local structures of the landscape of the empirical risk,
which are important from the statistical and optimization points of view.

For w € R", denote by w — L(w) the function we want to minimize. Assume that
w — L(w) is C2, and denote by VL and V2L its gradient and its Hessian.! We also
write A = 0 to say that a matrix A € R™*" is positive semi-definite. Recall the following
four definitions, which are nested:

e w* is a global minimizer if and only if Vw € R", L(w*) < L(w).

e w* is a local minimizer if and only if there exists a neighbourhood O C R" of w*
such that Vw € O, L(w*) < L(w).

e w* is a second-order critical point if and only if VL(w*) = 0 and V2L(w*) > 0.
If, on the contrary, the Hessian has a negative eigenvalue, we say that the point has a
negative curvature.

e w* is a first-order critical point if and only if VL(w*) = 0.

We can also distinguish a specific type of first-order critical point: saddle points. As
discussed below, they can be second-order critical points or not.

e w* is a saddle point if and only if it is a first-order critical point which is neither a
local minimizer, nor a local maximizer.

— A saddle point w* is strict if and only if it is not a second-order critical point
(i.e., the Hessian V2L (w*) has a negative eigenvalue). Figure 2.2 gives an
example.

— A saddle point w* is non-strict if and only if it is a second-order critical point.
In that case, the Hessian V2L(w*) is positive semi-definite and has at least
one eigenvalue equal to zero. Typically, in the direction of the corresponding
eigenvectors a higher-order term makes it a saddle point (e.g., L(w) = > | w}

atw* = 0). Figure 2.1 gives an example.

1. When the input parameter is not a vector, but, e.g., a sequence of matrices, the same definitions hold,
where the gradient and the Hessian are computed with respect to the vectorized version of the input parameters.
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2.3.2 Gradient-based algorithms

When it comes to machine learning, the objective is to minimize the empirical risk with
the hope that the true risk will be close to the empirical one, therefore also small. The
most basic algorithm used is gradient descent, which consists in following the steepest
direction downhill pointed by the opposite of the gradient at this point. More formally,
Gradient descent is a first-order algorithm that is used in optimization to try to find a critical
(stationary) point of a differentiable function L parameterized by 6, i.e., a point where
the gradient of the function vanishes (VygL(#) = 0). The iterates of the algorithm are
characterized by the following equation:

0y =01 —nVof(0i-1) (2.3.1)

where 1 > 0 is a learning rate that can vary during the optimization process. When applied
to very big datasets, gradient descent can be very slow.

Recall that the empirical risk that we want to optimize is defined by R(fy) = + sz\i LU fw (i), vi)-
When there are several millions of examples, the gradient descent approach might take a
long time since each iteration requires a forecast for every occurrence in the training dataset.
Therefore, we can use a variant which is called Stochastic Gradient Descent (SGD). Instead
of updating the parameter at the end of the batch of cases, SGD does so for each training
instance, and one usually perform multiple passes over the training data.

In practice, rather than using the full batch of examples or one example at once, we
usually take a mini-batch consisting of a few examples for each iteration of the algorithm.

Other heuristics can be added to the process to help make the optimization faster, for
example adaptive learning rates (e.g. Adagrad, RMSProp), which consists of changing
the learning rate during the training process depending on the previous gradients. Another
algorithm that has gained popularity among deep learning practitioners is Adam. Adam can
be seen as a combination of adaptive learning rates and momentum. We do not give the
mathematical formulations of the algorithms but they can be found for example in [47].

2.3.3 On the importance of a landscape analysis at order 2

In this section, we first explain the importance of studying the objective function
landscape at order 2, and then illustrate this on some simple examples.

2.3.3.1 Motivation

When the function we are trying to minimize is smooth, convex, and has a global
minimizer, the gradient descent algorithm with a well-chosen learning rate converges to
a first-order critical point, and this critical point is a global minimizer [105]. However, in
general, finding a global optimum of a non-convex function is an NP-complete problem
[104]; this is in particular the case for a simple 3-node neural network [20]. Despite
that, when optimizing neural networks, the current practice is still to use gradient-based
algorithms.
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It has been known for decades that, even in the non-convex setting, under mild conditions
gradient-based algorithms converge to a first-order critical point, in the sense that the iterates
produced by the algorithm can reach an arbitrary small gradient after a finite (polynomial)
number of iterations [105]. Adding smoothness conditions, recent works have shown that
classical first-order algorithms escape strict saddle points in the long run [87, 85], and that
some of them can be stopped in polynomial time at a nearly second-order critical point > [71,
73, 29, 72]. However, nothing prevents these algorithms to converge to non-strict saddle
points or to spend many epochs in their vicinity, which translates into a long plateau during
training. We give in Section 2.3.3.2 an intuition of the problems encountered with this kind
of critical points with simple functions.

To see that this behavior actually occurs in practice, consider the simple experiment
whose results are shown in Figures 2.3 and 2.4 (more details in Chapter 3, Appendix 3.G).
For each run of this experiment, the parameters of a linear neural network of depth 5 are
optimized to fit random input/output pairs. Discrepancy is measured with the square loss
and we use the ADAM optimizer. Depending on the run, the algorithm is initialized in the
vicinity either of a strict saddle point (in red) or of a non-strict saddle point (in blue). The
distance between the random initial iterate and the saddle point is purposely not negligible:
it is fixed to around 10% of the norm of the saddle point. Figure 2.3 shows the typical loss
evolution for both cases. We can see that ADAM rapidly escapes from the strict saddle
point but needs many epochs to escape the plateau in the vicinity of the non-strict saddle
point. Figure 2.4 shows that this observation generalizes to most runs. We compare the
empirical distributions of a random time (called escape epoch) defined as the epoch at which
the loss has significantly decreased from its initial value. When initialized in the vicinity of
non-strict saddle points, the algorithm suffers from an often large escape epoch and might
be stopped there, without the possibility to distinguish this non-strict saddle point from a
local minimum. Improving the analysis beyond local minimizers and characterizing strict
and non-strict saddle points are therefore key to understand gradient descent dynamics and
implicit regularization.

Beyond neural networks, the study of the loss landscape of specific non-convex opti-
mization problems has revealed that they are tractable: phase retrieval [130], dictionary
learning [131], tensor decomposition [42, 43, 39] and others [162, 103]. In fact, a landscape
property which is shared by most of these problems is that every critical point is either a
global minimizer or has a negative curvature. In other words, every second-order critical
point is a global minimizer. For such problems, there are first-order algorithms which
provably converge to global minimizers.

The general understanding of the landscape is not as good for neural networks. A regime
which has been widely studied is the overparameterized regime (see [133] and [132] for a
review), where it has been proved under some assumptions that for a wide non-linear fully
connected neural network almost all local minima are global minima [108], or that there are
no spurious valleys [107].

Many recent works have focused on linear neural networks, despite the fact that they are

2. More precisely, it is typically shown that, with high probability, such algorithms can be stopped in
polynomial time and output a point with arbitrarily small gradient and nearly-positive semi-definite Hessian.
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rarely used to solve real-world applications. They indeed compute a linear map between the
input and output spaces. The motivation for these studies is that the empirical risk of linear
networks is highly non-convex and shares similar properties to that of practical non-linear
neural networks. A complete review of the scientific publications on the landscape for linear
networks is given in Section 2.3.4 but we would like to emphasize at this point that many
results are strongly related to the properties of the landscape at order 2.

As shown by [120], linear networks exhibit nonlinear learning phenomena similar to
those seen during the optimization of nonlinear networks, including long plateaus followed
by rapid transitions to lower error solutions, as in Figure 2.3. Several works followed
(e.g., [44, 45]) with formal proofs in several special cases. They express that for particular
initializations the iterates trajectory spends some time on plateaus whose location defines an
implicit regularization, if the algorithm is stopped early.

Other authors provide well-chosen initilizations and/or architectures for which the
convergence to a global minimizer can be established [5, 11, 36, 33].

The difference between implicit regularization and global convergence depends on
whether the iterates trajectory considered in these articles avoids saddle points or not. To
better understand convergence properties of first-order algorithms, to give some hints on their
finite-time dynamics and better understand the implicit regularization, a detailed analysis of
the empirical risk landscape at order 2 is needed.

Furthermore, although it has been proved under mild conditions that every local mini-
mizer is a global minimizer and that there exists no local maximizer [75, 156], very little
is known concerning saddle points and the landscape at order 2. For 1-hidden layer linear
networks, a proved fact is that every saddle point is strict, therefore leading to the property
that every second-order critical point is a global minimizer [164, 75]. Unfortunately, this is
not the case for linear networks with two hidden layers or more. For such neural networks,
it has only been noted by [75] that there exist non-strict saddle points (e.g., when all the

0.0000

non-strict saddle points
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weight matrices are equal to 0).

In Chapter 3, we make the missing additional step and completely characterize the
landscape of the empirical risk at order 2, for the square loss and deep linear networks. In
particular, we derive a simple necessary and sufficient condition for a first-order critical
point of the empirical risk to be either a global minimizer, a strict saddle point or a non-strict
saddle point.

2.3.3.2 Strict vs non-strict saddle points: some simple examples

Strict saddle points are not attractors: In this paragraph, we give a simple example
of a function with a strict saddle point, the goal is to prove that gradient descent does not
converge to the strict saddle point for almost all initializations ([86]) in a simple case to
have an intuition. We will prove that the gradient flow trajectory avoids strict saddle points.
For a function f : w — f(w), the gradient flow is defined by the following equation :

dw g

= — 2.3.2
dt ow (w), ( )
where we initialize the algorithm at a point w(O) = wp.

Consider the function f(z,y) = 22 — y2. We have g—f(a:,y) = 2z and %(m,y) = —2y.

X
Also, %(x, y) = 2, giyéc(x, y) = —2 and aajgy (z,y) = 0. Hence the only critical point is
(0,0), and according to the Hessian, this is a strict saddle point, because the eigenvalues of

the Hessian matrix are -2 and 2.

Therefore the equations for the gradient flow becomes

de _ _Of _
fii =

de _ _Of _
@ = "oy =2

where we set 2(0) = ¢ and y(0) = yo. hence

{x(t) = 9 exp(—2t)
y(t) = yo exp(2t)

We have tllglo z(t) = 0. If yo = 0, then V¢ > 0, y(t) = 0. If yo # 0, then tliglo y(t) = oc.
Therefore the only initializations which lead to a convergence to the strict saddle point
are the points in the z-axis. Hence, the basin of attraction of this strict saddle point is of
measure 0.
One can easily generalize the previous results to the case where the function is of more than
2 variables.

Example of an attractor non-strict saddle point Contrary to strict saddle points, non-
strict saddle points can have a basin of attraction of positive measure. In this section, we
give a simple example when this can happen. Consider the function g(x) = x3. We have
g (z) = 32% and g”(z) = 6x. Therefore the only critical point of this function is the point
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0 and it is a non-strict saddle point. The gradient flow equation becomes

dz g 9
_— = —— = —3
dt ox v
where we set 2(0) = xg # 0. Therefore, we have
d 1 1 1
~Zogdt — —— =3+ — — () = —.
x x(t) xo 3t + o

Hence tlim z(t) = 0. Therefore, the gradient flow converges to the saddle point O for all
—00

initializations xy > 0. Hence the basin of attraction of the non-strict saddle point O is of
positive measure.

Slowing down the gradient flow In the previous paragraphs, we have illustrated on
examples that the gradient flow almost surely avoids the strict saddle points, but that for
non-strict saddle points, this does not always hold.

Another aspect related to the saddle points is that since they are points where the gradient
vanishes, the gradient flow algorithm can slow down close to them. In this section, we will
explore this phenomenon in simple settings and see how this slowing compares between
strict and non-strict saddle points.

We will consider two functions and compare the time that the gradient flow takes to
escape the vicinity of each saddle point.

Consider first the function f(z,y) = 2% — y2. Recall that (0, 0) is a strict saddle point
of f. We have seen previously that the gradient flow leads to

{xf(t) = xgexp(—2t)
ys(t) = yoexp(2t)

where 2¢(0) = x¢ and y£(0) = yo > 0.

The second function we consider here is g(z,y) = 2 — y*. One can verify that the
critical point (0, 0) is a non-strict saddle point.

In this case the gradient flow (with 24(0) = x¢ and y,4(0) = yo ) leads to z4(t) =
xoexp(—2t) and

d 0 ' (t 1 1 1
dt Ay Yy yg(t) Yo 8t + &

Y5

We have z¢(t) = x4(t) and tlim xy(t) = 0. Therefore, it is sufficient to compare what
—00

happens with respect to the y-axis. We consider that the Gradient Flow has escaped the
point when it reaches y = 1. It makes sense because in this case y? = y* = 1.
We have yf(tf) =1 < yoexp(2ty) =1 < t; = %ln(yio)

On the other hand y,(t,) = 1 < L =1 < ty= (% - 1).

4
[—8tg+-% Yo
Yo
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Note that, in both cases, the closer yy is to O, the harder it is to escape the saddle point

and we have lim ¢, = lim ¢; = oo. However when we initialize close to the saddle point,
yo—0 yo—0

the escape time for a strict saddle point is logarithmic in yio, while it is polynomial in

Yo
when it comes to non-strict saddle points, and we have lim0 z—j = o0o. Hence, it takes a lot
Yo—

more time to escape from the vicinity of the non-strict saddle point than from the vicinity of
the strict saddle point. The slow-down effect of the non-strict saddle point is stronger than
the one of the strict saddle point.

2.3.4 Related Works

The study of linear neural networks can be divided into two categories. The first line of
research is about the geometric landscape of the empirical risk for linear neural networks,
while the second line is about the trajectory of gradient descent dynamics in linear networks.
Our work lies within the first category.

Geometric landscape for linear networks: This first started with [8]. They proved that
for a 1-hidden layer linear network, under some conditions on the data matrices, and for
the square loss, every local minimizer is a global minimizer. [75] later generalized and
extended this result to deep linear neural networks under mild conditions and again proved
that every local minimizer is a global minimizer (this part has been proved later by [93] with
weaker assumptions on the data and simpler proofs). This author also proved that every
other critical point is a saddle point, that for a 1-hidden layer linear network all saddle points
are strict, while for deeper networks, there exist non-strict saddle points ([75] exhibits a
space of non-strict saddle points where all but one weight matrix are equal to zero). [156]
gave a condition for a critical point to be either a global minimizer or a saddle point. [163]
removed all assumptions on the data and gave analytical forms for the critical points of
the empirical risk. In the characterization, the weight matrices are defined recursively and
can be found by solving equations; in particular they gave a characterization of global
minimizers. [109] showed using assumptions only on the width of the layers that every
local minimizer is a global minimizer. They prove that this assumption on the architecture
is sharp in the sense that without it, and if we do not make assumptions on the data matrices
as in previous works, then there exists a poor local minimizer. [164] used assumptions
only on the input data matrix, to prove that for a 1-hidden layer linear network, every local
minimizer is a global minimizer and every other critical point has a negative curvature. [83]
proved for different general convex losses that, under assumptions on the architecture, all
local minima are global. Finally, [137] and [98] used results from algebraic geometry to
give other properties about critical points of linear networks.

Most of the previous works focus on local minimizers. None of these works provide
simple necessary and sufficient conditions for a saddle point to be strict or not. > In particular,
in the case of more than two hidden layers, only very specific examples of non-strict saddle
points were described. Furthermore, global minimizers were characterized but not explicitly

3. By “simple”, we mean an easier-to-exploit condition than just looking at the smallest eigenvalue of the
Hessian.
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parameterized. See Chapter 3, Section 3.3.4, for more details.

Gradient dynamics and implicit regularization for linear networks: In this line of
research, authors study the dynamics of first-order algorithms for linear networks, which
they sometimes combine with results about the loss landscape. [5] proved that gradient
descent converges to a global minimum at a linear rate, under assumptions on the width of
the layers, the initial iterate, and the loss at initialization. Other works also proved similar
results with different assumptions [36, 11, 144]. However, as noted by [123], these works
consider strong assumptions on the loss at initialization. Indeed, [123] gave a negative result
on a deep linear network of width 1, by proving that for standard initializations, gradient
descent can take exponential time to converge to the global minimizer. The author also
provided empirical examples of the same phenomenon happening for larger widths. On
the other hand, [33] proved that if the layers are wide enough, convergence to a global
minimimum can be achieved in polynomial time using a classical data-independent random
Gaussian initialization (known as Xavier initialization). The required minimum width of the
network depends on the norm of a global minimizer of the linear regression problem. As we
will see in Section 3.3.4 this global convergence result can be re-interpreted in terms of the
loss landscape at order 2.

On a similar line of research, [24] proved using assumptions on the architecture of
the network and the data matrices that gradient flow almost surely converges to a global
minimizer for a 1-hidden layer linear network. Later, [7] proved the same result under
weaker assumptions on the data matrices. They also proved that, in deep linear networks,
the gradient flow almost surely converges to global minimizers of the rank-constrained
linear regression problem. [68] conjectured that the gradient flow for deep linear networks,
when initialized with a small variance close to the origin, exhibits asymptotically a saddle-
to-saddle dynamics where the rank increases with each saddle.

This is related to another consequence of the landscape properties: implicit regular-
ization. [6] showed that, for matrix recovery, deep linear networks converge to low-rank
solutions even when all the hidden layers are of size larger than or equal to the input and
output sizes. [117] proved that, in deep matrix factorization, implicit regularization may not
be explainable by norms, as all norms may go to infinity. They rather suggest seeing implicit
regularization as a minimization of the rank. [119] and [44] proved with different assump-
tions on the data and a vanishing initialization that both gradient flow and discrete gradient
dynamics sequentially learn solutions of a rank-constrained linear regression problem with a
gradually increasing rank. Finally, [45] proved for a toy model that this incremental learning
happens more often (with larger initialization), when the depth of the network increases. As
we will see in Chapter 3, Section 3.3.4, these results can be re-interpreted in the light of the
landscape at order 2.
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2.4 Orthogonal convolutional layers

2.4.1 Motivation

Orthogonality constraint has first been considered for fully connected neural networks
[4]. For Convolutional Neural Networks [84, 81, 161], the introduction of the orthogonality
constraint is a way to improve the neural network in several regards. First, despite well-
established solutions [59, 66], the training of very deep convolutional networks remains
difficult. This is in particular due to vanishing/exploding gradient problems [61, 16].
As a result, the expressive capacity of convolutional layers is not fully exploited [66].
This can lead to lower performances on machine learning tasks. Also, the absence of
constraint on the convolutional layer often leads to irregular predictions that are prone to
adversarial attacks [134, 106]. Gradient vanishing/exploding avoidance, built-in robustness
and better generalization capabilities are the main aims of the introduction of Lipschitz
[tsuzuku2018Lipschitz, 134, 115, 48, 121] and orthogonality constraints to convolutional
layers [146, 27, 65, 158, 91, 54, 114, 142, 138, 70, 90, 64, 70, 9, 145]. Orthogonal
convolutional networks have been applied successfully in diverse applications, such as
classification, segmentation, inpainting [142, 159, 82], or recently in few-shot learning [110].
Orthogonality is also proposed for Generative Adversarial Networks (GAN)[102], or even
required for Wasserstein distance estimation, such as in Wasserstein-GAN [3, 52], and
Optimal Transport based classifier [122].

Orthogonal convolutional networks are made of several orthogonal convolutional layers.
This means that, when expressing the computation performed by the layer as a matrix,
the matrix is orthogonal. The term ’orthogonal’ applies both to square and non-square
matrices *. In the latter case, it includes two commonly distinguished but related notions:
row-orthogonality and column-orthogonality. Chapter 4 focuses on the theoretical properties
of orthogonal convolutional layers. Furthermore, since deconvolution (also called transposed
convolution) layers are defined using convolution layers, the results can also be applied
to orthogonal deconvolution layers. We will consider the architecture of a convolutional
layer as characterized by (M, C, k, S), where M is the number of output channels, C' of
input channels, convolution kernels are of size £ x k and the stride parameter is .S. Unless
we specify otherwise, we consider convolutions with circular boundary conditions>. Thus,
applied on input channels of size SN x SN, the M output channels are of size N x N.
We denote by K € RM*CxkxE the kernel tensor and by K € RMY *xOS*N? the matrix that
applies the convolutional layer of architecture (M, C, k, S) to C' vectorized channels of size
SN x SN.©

We will first answer the important questions:

— Existence: What is a necessary and sufficient condition on (M,C, k,S) and N
such that there exists an orthogonal convolutional layer (i.e. K orthogonal) for
this architecture? How do the ’valid’ and ’same’ boundary conditions restrict the
orthogonality existence?

4. The same property is sometimes called ’semi-orthogonal’.
5. Before computing a convolution the input channels are made periodic outside their genuine support.
6. See Chapter 4, Appendix 4.B for the formula of .
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Besides, we will rely on recently published papers [142, 114] which characterize
orthogonal convolutional layers as the zero level set of a particular function that is called
Loy in [142] (see Chapter 4, Section 4.1.1.2, for details). Formally, K is orthogonal if
and only if L.+, (K) = 0. They use L, as a regularization term and obtain impressive
performances on several machine learning tasks (see [142]). The regularization is later
successfully applied for medical image segmentation [159], inpainting [82] and few-shot
learning [110].

In Chapter 4, we investigate the following theoretical questions:

— Stability with regard to minimization errors: Does K still have good ‘approx-
imate orthogonality properties’ when L4 (K) is small but non zero? Without
this guarantee, it could happen that L., (K) = 1079 and |[KKT — Id|]z = 10°.
This would make the regularization with L, useless, unless the algorithm reaches
Lorin (K) =0.

— Scalability and stability with regard to N: Remarking that, for a given kernel
tensor K, L+, (K) is independent of IV but the layer transform matrix K depends on
N: When L+, (K) is small, does K remain approximately orthogonal and isometric
when N grows? If so, the regularization with L,,.;;, remains efficient even for very
large N.

— Optimization: Does the landscape of L, lend itself to global optimization?

2.4.2 Related work

Orthogonal matrices form the Stiefel Manifold and were studied in [34]. In particular,
the Stiefel Manifold is compact, smooth and of known dimension. It is made of several
connected components. This can be a numerical issue since most algorithms have difficulty
changing connected components during optimization. The Stiefel Manifold has many
other nice properties that make it suitable for (local) Riemannian optimization [89, 90].
Orthogonal convolutional layers are a subpart of this Stiefel Manifold. To the best of our
knowledge, the understanding of orthogonal convolutional layers is weak. There is no paper
focusing on the theoretical properties of orthogonal convolutional layers.

Many articles [scaman2018Lipschitz, 148, 27, 129, 70, 48, 37] focus on Lipschitz and
orthogonality constraints of the neural network layers from a statistical point of view, in
particular in the context of adversarial attacks.

Many recent papers have investigated the numerical problem of optimizing a kernel
tensor K under the constraint that K is orthogonal or approximately orthogonal. They also
provide modeling arguments and experiments in favor of this constraint. We can distinguish
two main strategies: kernel orthogonality [146, 27, 65, 158, 54, 70, 90, 64, 70, 9, 122]
and convolutional layer orthogonality [91, 114, 142, 138]. The latter has been introduced
more recently.

We denote the input of the layer by X € RE*SN*SN and its output by Y = conv(K, X) €
RM><N><N.

— Kernel Orthogonality: This class of methods views the convolution as a multiplica-
tion between a matrix K € RM*C¥ formed by reshaping the kernel tensor K (see,
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for instance, [27, 142] for more details), and the matrix U(X) € RO XN? (hose
columns contain the concatenation of the C' vectorized patches of X needed to com-
pute the M output channels at a given spatial position (see [60, 149]). We therefore
have, Vect (Y') = Vect (K (X )) The kernel orthogonality strategy enforces the

orthogonality of the matrix K.

— Convolutional Layer Orthogonality: This class of methods connects the input and
the output of the layer directly by writing Vect (Y) = K Vect (X) and enforces
the orthogonality of . The difficulty of this method is that the size of the matrix
K € RMN?xCS*N? depends on NV and can be very large.

Kernel orthogonality provides a numerical strategy whose complexity is independent
of N. However, kernel orthogonality does not imply that K is orthogonal. In a nutshell,
the problem is that the composition of an orthogonal embedding’ and an orthogonal
dimensionality reduction has no reason to be orthogonal. This phenomenon has been
observed empirically in [91] and [70]. The authors of [142] and [114] also argue that, when
K has more columns than rows (row orthogonality), the orthogonality of K is necessary
but not sufficient to guarantee XC orthogonal. Kernel orthogonality and convolutional layer
orthogonality are different, the latter better avoids gradient vanishing and feature correlation.

We can distinguish between two numerical ways of enforcing orthogonality during
training:

— Hard Orthogonality: This method consists in keeping the matrix of interest orthog-
onal during the whole training process. This can be done either by optimizing on
the Stiefel Manifold, or by considering a parameterization of a subset of orthogonal
matrices (e.g., [90, 91, 138, 128, 65, 158]). Note that some hard convolutional layer
orthogonality methods consider mappings of /C, therefore resulting in convolutions
with kernels of size larger than k£ x k.

— Soft Orthogonality: Another method to impose orthogonality of matrices during the
optimization is to add a regularization of the type |[WW?T — I||? to the loss of the
specific task. This regularization penalizes the matrices far from orthogonal (e.g., [9,
27, 114, 142, 146, 54, 70, 64]).

Note that, unlike Kernel Orthogonality, Convolutional Layer Orthogonality deals directly
with /C, and thus has a complexity that generally depends on N. However, in the context of
Soft Convolutional Layer Orthogonality, the authors of [114, 142] introduce the regularizer
L4, which is independent of NV (see Chapter 4, Section 4.1.1.2, for details), as a surrogate
to |KKT —Idpsne2 [|% and || KTK — Idgge vz [|%. In [142], orthogonal convolutional layers
involving a stride are considered for the first time.

2.5 Approximation with neural networks

Recall that the approximation error which relates to the expressivity of the class of
neural networks is given by the quantity R(fw+) — R*. Suppose that there exists g such that

7. Up to a re-scaling, when considering circular boundary conditions, the mapping U is orthogonal.
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R(g) = minpR(h). The approximation error can be written

R(g) — R(fw-) = / €9(@), ) — O fur (@), 9)] APz, ).

If £ is 1-Lipschitz with respect to its second variable then we can write :

[ 1666@).9) €0 (21,0 aP.9) < [ lof@) = fur (@) dP(z.0).

Therefore, if we can control the sup norm or the L (P) norm of the difference between
f and g we can control the approximation error of the risk decomposition. Hence it is
interesting to have tight bounds on the L” norm.

2.5.1 Universal approximation and benefits of depth

Neural networks are known to be universal approximators. Indeed for various functions
spaces it has been proved that one can approximate a target function of interest using
a neural network to an arbitrary depth, mathematically we have the following classical
theorem which can be found with various conditions on the activations and the function
spaces in [28, 62, 88, 76].

Theorem 3. For € > 0, for any continuous function f and an activation function ¢ which is
not polynomial, there exist a one hidden-layer neural network g such that

sup |f(z) —g(z)| <e
x€[0,1]4

This theorem is very interesting and tells us that neural networks are quite expressive
and one can use them as approximators. However, it does not explain why depth is used in
practice, and neither does it give us a rate of approximation (e.g., the number of weights
needed to approximate a class of function within an error of ¢).

Thus, two research directions followed after this theorem, the first one is about depth
separation results, which state typically that there exist certain functions that can be ap-
proximated in a polynomial number of weights in € with a deep network while a shallow
network needs an exponential number of weights to approximate it within the same error.
An example of such results separates depth 2 with depth 3 network and can be found in
[135]:

Theorem 4. For any depth L, there exists a ReLU network f with O(L?) layers and nodes
such that for any ReLU network g with at most L layers and at most 2” nodes we have

! 1
| 1@ st = 5.

The other direction, which is the one we are going to focus on, is the quantitative rates
of approximation of function spaces by neural networks.
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2.5.2 Quantifying the approximation rate

One way to quantify the expressive power of neural networks is through the following
problem. Let G be the set of all functions gy : X C R? — R that can be represented by
tuning the weights w € R of a feed-forward neural network with a fixed architecture, and
let F' be any set of real-valued functions on X. A natural question is: how well functions
f € F can be approximated by functions gy, € G? More precisely, given a norm || - || on
functions, what is the order of magnitude of the (worst-case) approximation error of ' by
(7 defined by:

sup inf [|f — gwll , (2.5.1)
feF gwEG

and how small can it be given the numbers W, L of weights and layers, and some properties
of F?

Lower bounds on the approximation error (2.5.1) can be useful in several ways. They
provide a limit to the best approximation accuracy that one can hope to achieve if the number
of weights or layers of the network is constrained, and help design optimal architectures
under these constraints. They also imply a lower bound on the minimal number of weights
or layers to include in a network in order to approximate any function in F' with a given
accuracy €.

The case when || - || is the sup norm (defined by || f||cc = sup,cy |f(x)]) is rather
well understood at least in some special cases. For example, when F' is a Holder ball of
smoothness s > 0 and the network uses the ReLLU activation function, Yarotsky [152]
derived a lower bound on (2.5.1) of the order of W—25/4 later refined to (LW)_S/ d (up to
log factors) by [153, 154] when the depth of the network varies from L = 1to L ~ W.
Using the bit extraction technique, these authors showed that these lower bounds are
achievable (up to log factors) with a carefully designed ReLU network architecture. Refined
results in terms of width and depth were obtained by [125] when s < 1, while some other
activation functions were also studied in [154].

The upper bounds are usually proven by first decomposing the target functions in a
certain basis (e.g., Taylor expansion) and then approaching each basis vector with a neural
network (e.g., approaching (z,y) — zy). For the lower bounds the most used technique
is based on lower bounding the VCdimension and then using known upper bounds on the
VCdimension of neural networks with respect to W and L to conclude.

We give in the next section a typical proof of a lower bound on the approximation error
when the norm is the sup norm. Note that this kind of proofs can be found also for example
in [152, 125, 31].

2.5.3 Lower bounds in sup norm

In this section, we prove a lower bound on the approximation error defined in (2.5.1)
when the norm is the sup norm, and G is a space of neural networks with a fixed architecture
and polynomial activation. We use the typical proof and explain after why this cannot be
applied directly to prove bounds in the P norm. For this example, we chose to do it when F
is the space of monotonic function. We denote by M, the space of functions non-decreasing
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in each of the variables. We denote by H 4 the space of functions generated by neural
networks of fixed architecture .A and where the weights vary. In Chapter 5, we will again
see this space and prove bounds with respect to the LP norm.

Proposition 2.5.1. Let d € N* and let A be a neural network architecture with piecewise-
polynomial activation and W parameters. There exists a constant ¢4 > 0 depending only on
d and a function f € M such that forany g € H4, || f — glleo > caW /% In other words

sup  inf ||f — glloo > caW 4 (25.2)
feMy g€EH 4

Proof. Let A be a piecewise-polynomial activation neural network architecture with W &
N* parameters. If sup s v, infgem, [|f — glloo 2 - then the result is straightforwarding
by considering ¢y = g5. Lete > sup e, infgem, [|f — glloo such thate < gg = &, 50
that for any f € My, there exists g € H 4 such that || f — g||oc < €. Firstly, we aim to lower
bound W with respect to € and we do so by bounding from below the pseudo-dimension of
Hy.

Let N := [i} . Since € < gg = é, we have 3Tlla <N < %ala’ therefore ¢ < MLN.
.. . . d L
We divide [0,1]% into a grid of N cubes Cx = [[_, (%, kﬁl}, k = (ki1,...,kq) €
{0,...,N —1}%. For 0 == (0w)keqo...nv1ya € {—1, 11", we define £, : [0,1)% — [0,1]
in the following way: for any k € {0,..., N — 1}, for any x € Cy

Z?:l ki 1 %k
Jo@ ==Ng " ava T ana

It is straightforward to check that for any o, f, can be naturally extended to a function
over [0, 1]¢ that has values in [0, 1]; we consider these extensions without changing notations.
We see then that F := {f,,0 € {—1, I}Nd} is a subset of M, (all f,, are non-decreasing
from [0,1]¢ to [0,1]). It follows that for all f € F, there exists g € H4 such that

Hf _gHoo <e.

To show that Pdim(H) > N9, we now construct a set of N points that we prove
to be pseudo-shattered by H 4, by using functions in H 4 that approach F. For all k €
{0,...,N —1}% let

1 1
k .__
T <k1+2N""’kd+2N>’

._ Z?:l ki 1
* =T NG Tana

and let S = (2) ¢ {0,...N—1}d- The x*°s are the points at the center of each cube in our grid,
there are thus N¢ of them. These are the points that we are going to pseudo-shatter with the
sequence of thresholds (rk)keqo,.. v—13e- Let z := (2k)xeqo, . n—13¢ € {—1, 1}V be a
sequence of labels associated to .S. We choose f, € F with o = 2z for all k. By definition
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of € and since f, is in My, there exists g € H 4 such that g approaches f, with error less
than e.

. 1
Using € < v We have,

1fo = goloo <6 = |fo(a") = go(a®)| < < =[5l = fo(@®) = |

where the right-hand side holds for all k € {0,..., N — 1}%. Therefore, if ox > 0, then
[ (2%) = go (2%) < |f5(2%) — g5 (2¥)| < fo (2%) — 7K, hence g, (2%) > 7%, If o < 0, then
9o(2%) = fo(a¥) < |fo(a¥) — go(a¥)] < r* — fo(2¥), hence g(z*) < r*.

It follows that the indicator 1y, k), retrieves the labels z’s ; that is H 4 pseudo-
shatters S and Pdim(H 4) > N9, or

Pdim(H4) > (3de)~% (2.5.4)

It remains now to upper bound Pdim(H 4) with respect to W, which combined with
(2.5.4) will provide the lower bound for W in terms of . Theorem 14.1 in [2] provides an
architecture A’ allowing skip-connexions and with a number of parameters W’/ < W + 2,
such that

Pdim(H ) < VCdim(H ).

We now use Theorem 8.7 in [2] which implies that VCdim(H 4) < ¢;W'? for an
universal constant ¢; > 0. Since W/ < W + 2,

Pdim(H 4) < coW?, (2.5.5)

for an universal constant ca. Combining inequalities (2.5.4) and (2.5.5) yield the result
W > 3642, where c5 depends only on d.

To finish the proof, let us consider a sequence (&,,),,>1 such that for all n

en > sup inf || f — gllcos
feMdQEHA

and lim e, = sup ey, infyem, || f — glloo. For any n, H 4 approaches Mg with error
n—oo

less than €, by definition. Inequalities (2.5.4) and (2.5.5) thus apply, hence

W< e, (2.5.6)

for a constant ¢ depending only on d. The result follows by considering the limit in (2.5.6)
when n — 4o0. g
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2.5.4 Approximation in ” norm

It is also interesting to study (2.5.1) with the LP () norm, defined by

£l = ([ 15@Pduta)"”

for 1 < p < 400 and some probability measure p on X. There is a qualitative difference
between measuring the error in sup norm or in LP () norm, p < +oo. In the former case,
the error is small only if the approximation is good over the whole domain. In the latter case,
the error can be small even if the approximation is inaccurate over a small portion of the
domain. Since the LP(x) approximation problem corresponds to approximating functions
in F' in a more “average” sense than in sup norm, a natural question is whether the same
accuracy can be achieved with a smaller network or not. Unfortunately, however, the proof
strategies behind the lower bounds of [152, 153, 154, 125] are specific to the sup norm.
Indeed, the break happens at equation (2.5.3), since if we use LP norm, we cannot guarantee
that the difference between ¢ and f are less than ¢ for the centers z*, or even for other
points uniformly, i.e., for each f, there exists x, such that | f,(z,) — go(2s)| < €. Hence,
one cannot directly exhibit a set of points that are shattered by g,. DeVore et al. [31]
indeed commented: “When we move to the case p < oo, the situation is even less clear [...]
we cannot use the VC dimension theory for LP(2) approximation. [...] What is missing
vis-a-vis Problem 8.13 is what the best bounds are and how we prove lower bounds for
approximation rates in LP(2), p # 00.”

Existing lower bounds in L? (1) norm. Several papers provided lower bounds in some
special cases, under some restrictions on the set to approximate F', the neural network, the
approximation metric, or the encoding map f € F ~ w(f) € R,

When F'is a space of smoothness s, a first result which is based on [32] states that when
imposing the weights to depend continuously on the function to be approximated, one can
not achieve a better approximation rate than W-a.

For the same F', another result for p = 2 and for activation functions which are continu-
ous ([95, 96]) proves a lower bound on the approximation of functions of smoothness s on a
compact of R?, by one hidden-layer neural networks, of order W a1, A matching upper
bound is proven for a particular activation function, which is sigmoidal but pathological
([97]). For this same activation function, they prove that contrary to the one-hidden-layer
case, there is no lower bound in the case of two-hidden-layer networks. The result is based
on the Kolmogorov-Arnold superposition theorem.

In [126], the authors study approximation by shallow neural networks with bounded
weights and activations of the form ReLU* for an integer k. They approximate the closure
of the convex hull of shallow ReLU*-neural networks with constrained weights. They obtain
optimal lower bounds of order W25 in any norm || - || x, where X is a Banach space
to which the approximation functions belong and such that these functions are uniformly
bounded w.r.t. || - || x.

Approximation lower bounds in LP(x) norm, p > 1, have also been studied in the
quantized neural networks setting (networks with weights encoded with a fixed number
of bits). In [111], under weak assumptions on the activation function, the authors prove a
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lower bound on the minimal number of nonzero weights W that are required for a network
to approximate a class of binary classifiers with L? error at most €. They show that W is

at least of the order 6_% logs 1(1/e), where 3 is a smoothness parameter. Later works
including [141, 51] derive lower bounds for approximation by quantized networks in various
norms.

In Chapter 5, we give a general approximation lower bound for the LP norm error based
on the metric entropy on the space F' and the pseudo-dimension of the space G. And we
apply it to the case of neural networks to solve the open question of lower bounding the
approximation errors for non-quantized neural networks with the LP norm.






CHAPTER 3

The loss landscape of deep linear
neural networks: a second-order
analysis

Abstract

We study the optimization landscape of deep linear neural networks with the square
loss. It is known that, under weak assumptions, there are no spurious local minima and no
local maxima. However, the existence and diversity of non-strict saddle points, which can
play a role in first-order algorithms’ dynamics, have only been lightly studied. We go a step
further with a full analysis of the optimization landscape at order 2. We characterize, among
all critical points, which are global minimizers, strict saddle points, and non-strict saddle
points. We enumerate all the associated critical values. The characterization is simple,
involves conditions on the ranks of partial matrix products, and sheds some light on global
convergence or implicit regularization that have been proved or observed when optimizing
linear neural networks. In passing, we provide an explicit parameterization of the set of all
global minimizers and exhibit large sets of strict and non-strict saddle points.

This chapter is based on joint work with Francois Malgouyres and Sébastien Gerchi-
novitz.
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3.1 Introduction

Deep learning has been widely used recently due to its good empirical performances
in image recognition, natural language processing, speech recognition, among other fields.
However, there is still a gap between theory and practice. One of the aspects that are
partially missing in the picture is why gradient-based algorithms can achieve low training
error despite a highly non-convex function. Another partially open question is why they
generalize well to unseen data despite many more parameters than the number of points in
the training set, and how implicit regularization can help with that.

Various research directions have been explored to answer these questions, including
double-descent and benign overfitting (e.g., [15, 58, 13]), gradient flow dynamics in Wasser-
stein space (e.g., [25, 99]), landscape analysis of the empirical risk (e.g., [26, 75, 57, 56]).
In this chapter, we follow the latter direction, by better characterizing the local structures
around critical points of the empirical risk, in the case of deep linear neural networks with
the square loss.

We refer the reader to Chapter 2, Section 2.3, for the context and motivation of this
chapter.
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3.1.1 Summary of our contributions

Our contributions on the optimization landscape of deep linear networks can be summa-
rized as follows.

e We characterize the square loss landscape of deep linear networks at order 2 (see
Theorem 5 and Figure 3.2). That is, under some classical and weak assumptions
on the data, we characterize, among all first-order critical points, which are global
minimizers, strict saddle points, and non-strict saddle points. The characterization is
simple and involves conditions on the ranks of partial matrix products. To the best
of our knowledge, this is the first work that gives a simple necessary and sufficient
condition for a saddle point to be strict or non-strict.

e Several results follow from the characterization: under the same assumptions,

— we first immediately recover the fact that all saddle points are strict for one-
hidden layer linear networks;

— more importantly, for deeper networks, when proving that all cases considered
in the characterization can indeed occur, we exhibit large sets of strict and
non-strict saddle points (see Proposition 4 and its proof in Appendix 3.B.8);

— we show that the non-strict saddle points are associated with r,,, plateau
values of the empirical risk, where 7,4, is the size of the thinnest layer of the
network (see Theorem 5). Typically these are values of the empirical risk that
first-order algorithms can take for some time, as in Figure 2.3, and which might
be confused with a global minimum.

e Asaby-product of our analysis, we obtain explicit parameterizations of sets containing
or included in the set of all first-order critical points (see Propositions 5 and 6). We also
derive an explicit parameterization of the set of all global minimizers (see Proposition
7).

The above results are compared in details with previous works in Section 3.3.4. In
particular, our second-order characterization sheds some light on two phenomena:

e Implicit regularization: we recover the fact that every non-strict saddle point corre-
sponds to a global minimizer of the rank-constrained linear regression problem, as
shown in [7, Proposition 35]. Our characterization additionally shows that only a
fraction of the critical points corresponding to rank-constrained solutions are non-
strict saddle points. The others are strict saddle points. Given the differences in the
behavior of first-order algorithms in the vicinity of strict and non-strict saddle points
as illustrated on Figures 2.3 and 2.4, our results open new research directions related
to the very nature of implicit regularization and its stability.

e Our characterization can also be useful to understand recent global convergence results
in terms of the loss landscape at order 2. In particular, we show how to re-interpret a
proof of [33] to see that gradient descent with Xavier initialization on wide enough
deep linear networks meets no non-strict saddle points on its trajectory.



52 Chapter 3. The loss landscape of deep linear neural networks

3.1.2 Outline of the chapter

The chapter is organized as follows. We define the setting in Section 3.2 and state our
results in Section 3.3. We prove our main result (Theorem 5) in Section 3.4. More precisely,
we detail the proof structure and main arguments but defer all technical derivations to the
appendix. We finally conclude our work in Section 3.5.

Most technical details can be found in the appendix, which is organized as follows.
Section 3.A contains additional notation and lemmas that will be useful in all subsequent
sections. In Section 3.B we provide proofs of propositions and lemmas related to first-
order critical points, while Section 3.C gathers the proofs for the parameterization of
first-order critical points and global minimizers. Sections 3.D, 3.E, and 3.F contain proofs
corresponding to each subsection of Section 3.4. Finally, in Section 3.G, we describe in
more details the illustrative experiment underlying Figures 2.3 and 2.4.

3.2 Setting

In this section we formally define our setting (deep linear networks with square loss),
set some notation, and describe our assumptions on the data.

Model and notation: We consider a fully-connected linear neural network of depth
H > 2. The neural network consists of H layers and maps any input 2 € R% to an output
Wy --- Wiz € R%, where Wy € Rwxdu-1_ W, € Rtnxdn-1 W, € R1*d= are
the matrices associated with the H layers (dj, is the width of layer k). We set dyy = d,, and
do = d,. The input layer is of size d, and the output layer is of size d,,. We also define the
smallest width of the layers as r,,,q, = min(dgy, ..., dp). ! We denote the parameters of the
model by W = (W, ..., W1).

Let (24, Yi);—; ,, With; € R% and y; € R%, be the training set that we gather column-
wise in matrices X € R%>™ and Y € R%*™ . We consider the empirical risk L defined

by:

m
LOW) = [WirWr— - WalWia, — i}y = [ W+ WaX = Y2
i=1
where ||.||2 is the Euclidean norm and ||.|| denotes the Frobenius norm of a matrix.
We set:

m m
Sxx =Y i} =XXT eRF gy = gyl =YY" € R,
=1 =1

m m
i=1 i=1

where, AT denotes the transpose of A.

1. The notation 7,4, comes from the fact that it is the maximum possible rank of the product Wy - - - W7.
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Assumption (H). Throughout the chapter, we assume that d, < d, < m, that Xxx is
invertible, and that ¥ xy is of full rank d,,. We define =1/2 = %y XZ)_(IXX e Rw*m gnd
Y= El/Q(EI/Q)T = EYXZ}%XEXY € R%*dy We assume that the singular values of
»1/2 are all distinct (i.e., that X has d,, distinct eigenvalues).

These assumptions are exactly the ones considered in [75]. Note that we do not make
any assumption on the width of the hidden layers. As noted by [8], full rank matrices are
dense, and deficient-rank matrices are of measure 0. In general, m > d, > d,,, which is the
classical learning regime, is essentially sufficient to have the other assumptions verified, due
to the randomness of the data.

Let

»/2 — pAyT (3.2.1)

be a singular value decomposition of ¥1/2, where U € R%*% and V € R™*™ are
orthogonal, and the diagonal elements of A € R%*™ are in decreasing order.

Since ¥ = XUV2(2V2)T, % can be diagonalized as ¥ = UAU” where
A = diag(\q, .. .,)\dy), with Ay > -+ > Ady > 0. Moreover, a consequence of
Assumption (#) is that X is positive definite (see Lemma 4); therefore, we have Ay, > 0.

Additional notation: We list below some notation and conventions that will use throughout
the chapter.
For all integers a < b, we denote by [a, b] the set of integers between a and b (including a
and b). If a > b, [a, b] is the empty set (e.g. [1,0] = ().
IfS=0,then) , g\ =0.
Given a matrix A € RP*9, col(A), Ker(A) and rk(A), denote respectively the column
space, the null space and the rank of A.
For a matrix A € RP*4, we write A; € RP for the i-th column of A and A € RPX 71 for
the sub-matrix obtained by concatenating the column vectors A;, for ¢ € 7. The identity
matrix of size p will be denoted by I,,.
When we write W), - - - W}, for h > I/, the expression denotes the product of all W; from
j = htoj = I'. For notational compactness, we allow two additional cases: when h = 1/,
the expression simply denotes W},, and when b’ = h + 1, it stands for the identity matrix
I4, € RInxdn,

Considering submatrices of compatible sizes, we define a block matrix by one of the
three following ways:

— [A, B] is the horizontal concatenation of the matrices A and B;

— [fl] is the vertical concatenation of G and H;

— [ g l;, } is a 2 x 2 block matrix.
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By convention, in block matrices, some blocks can have 0 lines or O columns; this means
that such blocks do not exist. However if we have a product between two matrices that
have 0 as the common size (the number of columns for the first matrix, of the lines for the
second matrix), then their product equals a zero matrix, of the right size. More formally, if
A € RV and B € RY*P, then, by convention, AB = 0y, xp- Note that the product of block

matrices is compatible with this convention (e.g., [4 , B] [g} = AC + BD is still true if

B € RV and D € RO*P),
Further notation that are used in the appendix can be found at the beginning of Appendix
3.A.

3.3 Main results

In this section, we state the main results of this chapter. We start with a necessary
condition for being a first-order critical point of L (Proposition 1), to which we give a
light reciprocal (Proposition 2). We then move to our main result (Theorem 5), which
is a second-order classification of all first-order critical points. It distinguishes between
global minimizers, strict saddle points and non-strict saddle points. Finally, the third
result is a necessary parameterization for critical points (Proposition 5) and an explicit
parameterization of all global minimizers (Proposition 7). These results are compared
with previous works in Section 3.3.4. All the proofs can be found in Section 3.4 or in the
appendix, where most technical derivations are deferred.

3.3.1 First-order critical points: preliminary results

In the next proposition we restate in our framework a necessary condition for being a
first-order critical point, which was already present in [8] and most of the papers in this
line of research. This proposition will serve later to distinguish between different types of
critical points.

Proposition 1 (Global map and critical values). Suppose Assumption H in Section 3.2
holds true. Let W = (Wg,...,W;) be a first-order critical point of L and set r =
rk(WH s Wl) S [[0, Tmaz]]-

There exists a unique subset S C [1, d,] of size r such that:

Wi - W1 = UsUE Sy x 53,

where U was defined in (3.2.1). We say that the critical point W is associated with S. The
associated critical value is

L(W) = tr(zyy) — Z A
1€ES

The proof can be found in Appendix 3.B.2. The result is true even for = 0, using the
conventions from Section 3.2 (in this case, S = ().
Note that Yy x Z;(lX corresponds to the solution of the classical linear regression problem.
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Therefore, we can see that for every critical point W of L, the product Wg - - - W7 is the
projection of this least-squares estimator onto a subspace generated by a subset of the
eigenvectors of 3. Note that tr(Zyy) = |Y||%

The following proposition is a light reciprocal to Proposition 1, by showing that all
subsets S and the corresponding critical values tr(Xyy) — ) ;s A; are associated to an
existing critical point. In particular the largest critical value is reached for S = () and the
smallest critical value for S = [1, rmaz]-

Proposition 2. Suppose Assumption # in Section 3.2 holds true. For any S C [1,d,] of
size r € [0, 7nqz], there exists a first-order critical point W associated with S.

The proof of Proposition 2 is deferred to Appendix 3.B.6.

3.3.2 Second-order classification of the critical points of L

The main result of this section is Theorem 1 below, where we classify all first-order
critical points into global minimizers, strict saddle points and non-strict saddle points. To
state Theorem 5 we first need to introduce some definitions.

Let W = (Wg, ..., W) be a first-order critical point of L. Below, we introduce the
notions of complementary block, tightened pivot and tightened critical point that are key to
the main results. Consider the sequence of H matrices Wy, ..., Wa, W7 and connect them
by plugging ¥ xy between W; and Wy so as to form a cycle as on Figure 3.1. Note that
the dimensions of these matrices allow us to consider any product of consecutive matrices
on this cycle, e.g., WgWgy_1Wg_o or WolW1 X xy W (the matrix X xy between W and
Wy is key here). Such products of consecutive matrices in the cycle are what we call
"blocks". In the sequel, we call "pivot" any pair of indices (i, j) € [1, H], with ¢ > j, and
we consider blocks around a pivot (i, j), as defined formally below.

Definition 1 (Complementary blocks). Let W = (Wp, ..., W) be a first-order critical
point of L.
For any pivot (4, 7) € [1, H], (i > j), we define the two complementary blocks to (i, j) as:

Wi - WiXxyWg - Wit and Wiz1--- Wijq1.

The general case is represented on Figure 3.1.
Note that, when 7 = j + 1, the second complementary block is W; W, 1, which using the
convention in Section 3.2 is I4;. Similarly, if ¢ = H and j = 1, the first complementary
block is ¥ xy. First we state a proposition about the ranks of the complementary blocks
which is key to our analysis.

Proposition 3. Suppose Assumption H in Section 3.2 holds true. Let W = (W, ..., W)
be a first-order critical point of L and r = rk(Wp - - - W7). For any pivot (4, j), the rank of
each of the two complementary blocks is larger than or equal to r.

The proof is in Appendix 3.B.7. The boundary case when at least one of the two ranks
is equal to 7 plays a special role in the loss landscape at order 2.
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First complementary block: W;_1--- W1 Xxy Wy --- Wiy

Second complementary block: W;_1 -+ W;

Figure 3.1 — Complementary blocks to the pivot (7, j) .

Definition 2 (Tightened pivot). Let W = (Wp, ..., W) be a first-order critical point of L
and let r = rk(Wpg -+ - W7).

We say that a pivot (i, j) is tightened if and only if at least one of the two complementary
blocks to (i, 7) is of rank 7.

Definition 3 (Tightened critical point). Let W = (W, ..., W7) be a first-order critical
point of L. We say that W is tightened if and only if every pivot (4, 7) is tightened.

Note that a sufficient condition for a first-order critical point W to be tightened is the
existence of three weight matrices W, W, and W}, of rank r = rk(Wp - - - W7).

Note that when H = 2, there is no tightened critical point with r < 7,45, because the pivot
(2, 1) is not tightened (both complementary blocks ¥ xy and I, are of full rank, which is
larger than or equal to 7,4, = min{dy, di, d;}).

We can now state our main theorem, which characterizes the nature of any first-order
critical point W in terms of the associated index set S and of tightening conditions. The
corresponding classification, which is illustrated on Figure 3.2, complements the result of
[75] stating that every critical point is a global minimizer or a saddle point. We recall that
Tmaz = Min(dy, ..., do) is the width of the thinnest layer, and that U corresponds to the
eigenvectors of X (see (3.2.1)).
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(W = (Wy,..., W) is a first-order critical point of L |

A 8 C [1.dy] of size r such that Wi -- - W1 = UsUZ Evx By’ Also, L(W) = tr(Evy ) — Fice M

We look at S

W is a global minimizer

W is a strict saddle point Wis a non-strict saddle point

Figure 3.2 — Second-order classification of the critical points of L.

Theorem 5 (Classification of the critical points of L). Suppose Assumption # in Section
3.2 holds true.

Let W = (Wpg,...,W;) be a first-order critical point of L and set r =
rk(Wg - W1) < Tpae. Following Proposition 1, we consider the index set S associ-
ated with W.

— Whenr = rpgq:
— if S = [1, 7maz], then W is a global minimizer.

— if § # [1, 7maz], then W is not a second-order critical point (W is a strict
saddle point).

— When 7 < rpqz: W is a saddle point.
— if S # [1, 7], then W is not a second-order critical point (W is a strict saddle
point).
—if S = [Lr]: we have Wy---W1 = UsULSyxEyy €
arg Min pepdy xde i (gy<r |RX — Y.
— if W is not tightened, then W is not a second-order critical point (W is a

strict saddle point).

— if W is tightened, then W is a second-order critical point (W is a non-strict
saddle point).

The proof of Theorem 5 is given in Section 3.4, with most technical derivations deferred
to the appendix. We now make two remarks. Note from the above that every non-strict
saddle point corresponds to a global minimizer of the rank-constrained linear regression
problem, as already shown by [7, Proposition 35]. In Remark 1 below we explain why
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our characterization sheds a new light on implicit regularization, and opens up research
questions.

The next proposition shows the existence of both tightened and non-tightened critical
points for H > 3 (there are no tightened critical points when H = 2 and r < Tuq)-
Combining this result with Proposition 2 indicates that all conclusions of Theorem 5 can be
observed.

Proposition 4. Suppose Assumption H in Section 3.2 holds true. For H > 3, for every
S =[1,r] with0 < 7 < 744, there exist both a tightened critical point and a non-tightened
critical point associated with S.

The proof is postponed to Appendix 3.B.8. It is constructive: we exhibit large sets of
tightened and non-tightened critical points.
We can draw additional consequences from Theorem 5 and Propositions 2 and 4:

e For H = 2, for any r < 14z, there exist strict saddle points satisfying Wy --- Wy €
arg Min pepdy xds gy <, [X — Y%

e For H > 3, for any r < 7,4z, there exist both strict and non-strict saddle points
satisfying Wi - -- W1 € argminpcgay xds yi(py<, [|RX — Y2

e In the special case r = 0, we have S = ) and ) = [1,r] by convention (see
Section 3.2), so that S = [[1, 7]. In this case, Theorem 5 and Proposition 4 together

imply that their exist both strict and non-strict saddle points W such that Wy - - - W =
0 when H > 3.

Remark 1 (Implicit regularization). As detailed in Sections 2.3.4 and 3.3.4, by analyz-
ing the gradient dynamics in well-chosen settings, it has been established that the it-
erates trajectory passes in the vicinity of critical points W such that Wy ---W; =
Arg Min pepay <ds ()<, ||RX — Y%, for increasing r € [0,7nqs]. In such settings,
the gradient dynamics sequentially finds the best linear regression predictor in

D, = {R € RW*% 1k(R) <r},
for increasing . The subset D, C R%*% is independent of X, Y and the network
architecture, and plays the role of a regularization constraint in the predictor space.

From Theorem 5, we know that the critical points such that Wy ---W; =
arg Min pepdy <ds gy <y [BX — Y'||? can be either strict saddle points or non-strict saddle
points. From Proposition 4 we know that both cases exist. To the best of our knowledge,
whether the saddle points approached by the iterates trajectory are strict or non-strict and
the impact of this property on the implicit regularization phenomenon have not been studied.
Though this study goes beyond the scope of this chapter, let us sketch the main trends that
we can anticipate from our results.

First, the experiments on Figures 2.3 and 2.4 suggest that, given a distance between the
initial iterate and a saddle point, the number of iterations spent by a first-order algorithm in
the vicinity of this saddle point is typically larger when the latter is non-strict. This suggests
implicit regularization should be more easily observed around such points in practice. On
the other hand, looking at the rank constraint in Definition 2 (which corresponds to the very
last item of Theorem 5), we anticipate that there are much fewer non-strict saddle points
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than strict saddle points. Understanding where exactly implicit regularization typically
occurs in realistic settings is a challenging question for future works.

3.3.3 Parameterization of first-order critical points and global minimizers

We now turn back to first-order critical points, and state all new related results. In our
analysis, these results precede the proof of Theorem 5. The presentation has been reversed
in Section 3.3 to highlight the main contribution of the chapter.

The next proposition provides an explicit parameterization of first-order critical points. Note
that this is only a necessary condition.

Proposition 5. Suppose Assumption H in Section 3.2 holds true. Let W = (W, ..., W)
be a first-order critical point of L associated with S (cf Proposition 1), and let Q = [1, d,]\S.
Then, there exist invertible matrices Dy € R4-1%dr-1 D, € R41*d1 and matrices
Zy € Ry=n)x(dna=r) 7, ¢ Rldi=1)xds ang 7, € RU@n=7)x(dn1=7) for b € [2, H — 1]
such that if we denote WH =WygDgy_1, Wl = Dl_lWl and Wh = D,ZIWhDh,l, for all
h € [2, H — 1], then we have

Wy = [Us, UgZy) (3.3.1)
N T -1
W, = [US Xy X EXX] (33.2)
A
W= Y vhepe -] (33.3)
"Tlo 2z, ’ >
Wy - Wa = [Us,0]. (3.3.4)

The proposition is proved in Appendix 3.C.1, and will be key to prove the last statement
of Theorem 5.
Next, we give a sufficient condition for any W satisfying (3.3.1), (3.3.2) and (3.3.3), to be a
first-order critical point of L.

Proposition 6. Suppose Assumption # in Section 3.2 holds true. Let S C [1, d, ] of size r €
[0, 7maz] and @ = [1,d,] \ S. Let Dy € Réum—1xdu—1 D, € R4*% be invertible
matrices and let Zy € R(dv—")x(du-1-7) 7 ¢ Rd-71)xdz gnq 7, € Rdn—7)x(dh-1-7)
for h € [2, H — 1]. Let the parameter of the network W = (W, ..., W) be defined as
follows:

Wy = [Us,UgZu)Dy" 4

Wi = Di ULsy xSy
A
N L 0]
Wh—Dh[ 0 Zh]Dhl Vhe[2,H—1].

If r = 7pqq or if there exist by # hg such that Z;,, = 0 and Zj,, = 0, then, W is a first-order
critical point of L associated with S.
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The proof of Proposition 6 is in Appendix 3.B.5.
Note that, combining Propositions 5 and 6, we obtain an explicit parameterization of all
critical points W with a global map Wy - - - W1 of maximum rank r,,,,. In particular, it
yields the next proposition, which provides an explicit parameterization of all the global
minimizers of L.

Proposition 7 (Parameterization of all global minimizers). Suppose Assumption H in Sec-
tion 3.2 holds true. Set Spazr = [1, Tmaz] and Qmaz = [1,dy] \ Smaz = [Tmaz + 1, dy].
Then, W = (Wpg,..., W) is a global minimizer of L if and only if there exist
invertible matrices Dy_; € R*-1%dn-1 D ¢ RUXd1 and matrices Zg €
Ry —rmac)<(di1-1—7mas) | 7, & RUn—Tmas)<(d-1—Tmas) for by € [2, H — 1], and 7y €
R(d1—7maz)xde guch that:

WH = [US'HLG,LL' ? UQ"L[L(E ZH} D;Ilf].
U, Dy xExx
Z

Lo 0
Wy, = Dy, [ i

WFDI[
]D,;_ll Vhe[2,H—1].

The proof is in Appendix 3.C.2. See in particular a remark in the same appendix on how
to interpret the above formulas precisely (some blocks Zj, have 0 lines or columns).

3.3.4 Comparison with previous works

Next we further detail our contributions in light of earlier works.

Parameterization of global minimizers. To the best of our knowledge, Proposition 7 is the
first explicit parameterization of the set of all global minimizers for deep linear networks
and the square loss. For H > 2, it had been previously noted by [156] that a critical point
W is a global minimizer if and only if tk(Wp - - - W1) = 700 and col(Wpg - - - W, ) =
col(Us,,...)» where Spaz = [1, "maz] and where p is any layer with the smallest width
T'maz- This is an implicit characterization.

Another previous work which characterized global minimizers is [163], but their
characterization is not explicit: the weight matrices are defined recursively and should
satisfy some equations, while in Proposition 7 the weight matrices are given explicitly. The
same remark holds for their characterization of first-order critical points.

Saddle points. Among saddle points, we give a characterization of those that are strict and
those that are not.
Previously, for H > 3, it had been noted by [75] that (0, ..., 0) is a non-strict saddle point.
This result also follows from Theorem 1 since any critical point is tightened whenever at
least 3 weight matrices are of rank r = rk(Wp - - - W7) (which is the case for (0,...,0)
with r = 0).

Also, Theorem 5 generalizes two results from [75] and [24] about sufficient condi-
tions for strict saddle points. Indeed, [75] proved that, if W is a saddle point such that
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tk(Wg_1---W3) = Tmaz, then W is a strict saddle point. [24] proved under further
assumptions on the data and the architecture that a sufficient condition for a saddle point
to be strict is that tk(Wg_1---Wa) > r = rk(Wpg --- W7). Note that both results are
special cases of Theorem 5, with the pivot (H,1). More precisely, assume that W is
a saddle point such that either tk(Wy_1---W3) = rppae = v = tk(Wg---W7) or
tk(Wg_q1--- W) > r =rk(Wjy - -- Wy) (which includes both conditions above). Then, if
S # [1, 7] (whether r = 7,4, or not), by Theorem 5, W is a strict saddle point without any
condition on W. But if S = [1,r] with 7 < 7,4, our assumption above implies that the
pivot (H, 1), and therefore W, is not tightened (recall that rk(Xxy ) = dy > ez > 7). In
any case, W is a strict saddle point.

Finally, Theorem 5 generalizes another result of [75] stating that all saddle points are
strict for one-hidden layer linear networks. Indeed, let H = 2 and assume that we have a
saddle point associated with S = [1, r] for r < 7,4, (the only case where we can expect to
see non-strict saddle points, by Theorem 5). Since H = 2, there is only one pivot which is
(2, 1); this pivot is not tightened because the complementary blocks are /;, and ¥ xy and
both are of rank larger than or equal to 7,,,. Therefore, by Theorem 5, when H = 2 (and
under Assumption H), all saddle points are strict.

Convergence to global minimizer: an example where gradient descent meets no non-
strict saddle points. Some recent works on deep linear networks proved under assumptions
on the data, the initialization, or the minimum width of the network, that gradient descent or
variants converge to a global minimum in polynomial time (e.g., [5, 11, 36, 33]). Since for
general non-convex functions, gradient descent may get stuck at a non-strict saddle point,
and since non-strict saddle points exist for any linear neural network of depth H > 3, it
seemed impossible to deduce convergence to a global minimum using landscape results
only. Instead, papers such as [33] chose to “directly analyze the trajectory generated by [...]
gradient descent”.

It turns out that our characterization of strict saddle points can help re-interpret such
global convergence results. Consider for instance the work of [33], who proved that with
high probability gradient descent with Xavier initialization converges to a global minimum
for any deep linear network which is wide enough. They analyse a network where all hidden
layers have a width dhjgden at least proportional to the number H of layers and to other
quantities depending on the data X, Y, the output dimension d,;, and the desired probability
level. In their analysis, [33, Section 7] prove that with high probability, a condition B(t)
holds at every iteration t. Importantly, this condition implies that the point W output by
gradient descent at iteration t cannot be a non-strict saddle point. Indeed, using our notation,
the condition 5(t) yields the lower-bound oy (W - - - Wa) > %dﬁﬁ;erll)/ 2 0, which in
particular entails that the matrix product W - - - W is of full rank min{dniaden, dy} > T'maa-
Let us check that if W is a saddle point, then it is necessarily strict. By Theorem 5, either
r =rk(Wpg --- W) is equal to 7,44, in Which case the saddle point W is indeed strict, or
7 < Tmaa» in Which case the pivot (H, 1) is not tightened (since the two blocks ¥ xy and
Wi_1--- Wy are of rank at least 7,,,4..), so that the saddle point W is strict, as previously
claimed.

As a consequence, our characterization of strict saddle points in Theorem 5 helps
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re-interpret the analysis of [33, Section 7]: under Assumption #H, and for wide enough deep
linear networks, gradient descent with Xavier initialization meets no non-strict saddle points
on its trajectory.

Implicit regularization As previously explained, [85, 71, 73] and others proved that
gradient-based algorithms can escape strict saddle points and be stopped at approximate
second-order critical points after a number of iterations which is at most polynomial in the
desired accuracy. The works [5, 11, 36, 33] mentioned above show that convergence to a
global minimum can even be guaranteed under assumptions on the data, the initialization, or
the minimum width of the network. Though global convergence outside these assumptions
has been conjectured (e.g., [24] for gradient flow), when H > 3, we cannot yet rule out the
possibility that non-stochastic gradient-based algorithms remain on a plateau around one of
the 7,4, non-strict saddle points that we identified in Theorem 5 and Proposition 4. Since
non-strict saddle points W satisfy Wy --- W1 = argminp g, xda ()<, [|1RX — Y%,
this can be seen as a form of long-term implicit regularization.

Furthermore, even under assumptions guaranteeing the convergence to a global mini-
mum, gradient-based algorithms can spend some time around non-strict saddle points before
convergence (as in Figures 2.3 and 2.4), which would correspond to a form of short-term
implicit regularization.

We now outline some relationships between our characterization and several earlier
results on implicit regularization. [7] proved that gradient flow converges to global mini-
mizers of the rank-constrained linear regression problem. In fact, what they proved can be
understood as follows: "the only critical points the gradient flow almost surely converges to
are the global minimizer or non-strict saddle points. The latter lead to global minimizers
of the rank-constrained linear regression problem". In Theorem 5 and Proposition 4, we
prove the existence and characterize such points, and in addition to non-strict saddle points
we prove that some W leading to the solution of the rank-constrained linear regression
problem are strict saddle points. Doing so, we characterize and drastically reduce the
implicit regularization set.

[6] found for small initializations and step size that for matrix recovery, deep matrix
factorization favors solutions of low-rank. In the same context, [117] stated that, implicit
regularization in deep linear networks should be seen as a minimization of rank rather than
norms. Again, Theorem 5 and Proposition 4 specify the implicit regularization happening
there.

The next two papers showcased the implicit regularization phenomenon for specific
gradient flow or gradient descent trajectories. Our landscape analysis can help read their
results from a new perspective. [44] proved that for H = 2, for a vanishing initialization
and a small enough step size, the discrete gradient dynamics sequentially learns solutions
of the rank-constrained linear regression problem with a gradually increasing rank. More
precisely, the algorithm avoids all critical points associated with S # [1, ], but comes close
to a critical point associated with S = [1,r], spends some time around it and decreases
again. In the light of our work, we know that for H = 2 all saddle points are strict, but
for H > 3, we know that there exist non-strict saddle points associated with S = [[1,r].
If we could extend [44] to H > 3, we expect that the gradient dynamics converges to
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a non-strict saddle point or spends much more time than for I = 2 around non-strict
saddle points associated with S = [1,7]. In both cases these facts would show that the
implicit regularization outlined by [44] for H = 2 intensifies with depth. In fact, this is
the result presented in [45] for a toy linear network, as they proved that, for H = 2, the
algorithms need an exponentially vanishing initialization for this incremental learning to
occur, while for H > 3, a polynomially vanishing initilization is enough. This indicates
that this incremental learning arises more naturally in deep networks.

Perspectives. Even if gradient-based algorithms, and in particular SGD, could escape
non-strict saddle points in infinite time with probability one in all cases, can we better
formalize that the vicinity of these saddle points is finite-time stable? This way, early
stopping would provably be a source of short-term implicit regularization and might explain
good generalization guarantees as in [21, 160, 113, 116].

A related and interesting project would be to assess the dimensions and sizes of the
implicit regularization sets for the different values of r. This should be strongly related
to the expected number of epochs spent by a stochastic algorithm on the corresponding
plateau.

Finally, another interesting future research direction is to determine the basin of at-
traction of the non-strict saddle points for non-stochastic gradient-based algorithms, for
various initializations and various dimensions of the deep linear networks. Do they have zero
Lebesgue measure in general, so that gradient dynamics would almost surely converge to a
global minimizer, as conjectured by [24] for gradient flow? or do they have positive measure
for some networks and some data, hence implying a long-term implicit regularization?

3.4 Proof of Theorem 5

The proof of Theorem 5 proceeds in several steps. In the end (see page 68), it will
directly follow from Propositions 8, 9, 10 below and from Lemma 5 in Appendix 3.A. In
this section, we outline the overall proof structure and state the main intermediate results.
We also provide proof sketches for these intermediate results, but defer many technical
details to the appendix.

In our proofs, we will not compute the Hessian V2L(W) explicitly since this might
be quite tedious. To show that a point W is (or is not) a second-order critical point of L,
we will instead Taylor-expand L(W + tW’) along any direction W’ and use the following
lemma. Its proof follows directly from Taylor’s theorem.

Lemma 1 (Characterization of first-order and second-order critical points). Let W =
(Wg,...,W1). Assume that, for all W = (W},,..., W), the loss L(W + tW') admits
the following asymptotic expansion when ¢ — 0:

LW +tW') = L(W) + 1 (W, W)t + co(W, W)t + o(?). (3.4.1)

Then:
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— W is a first-order critical point of L iff ¢, (W, W’) = 0 for all W'.

— W is a second-order critical point of L iff ¢; (W, W) = 0 and co(W, W’) > 0 for all
W
Therefore if for a first-order critical point W, we can exhibit a direction W’ such that
co(W, W’) < 0, then W is not a second-order critical point.

We divide the proof of Theorem 5 into three parts. Recall that from [75], we know that
all first-order critical points are either global minimizers or saddle points (that is, there is no
local extrema apart from global minimizers). We refine this classification.

3.4.1 Global minimizers and ’simple’ strict saddle points

In this section, we start by identifying simple sufficient conditions on the support
S associated to a first-order critical point W which guarantee that W is either a global
minimizer or a strict saddle point. More subtle strict saddle points and non-strict saddle
points will be addressed in Sections 3.4.2 and 3.4.3.

Proposition 8. Suppose Assumption H in Section 3.2 holds true. Let W = (W, ..., W)
be a first-order critical point of L associated with S and set r = rk(Wg - - - W1) < rpas.

— When r = 14z
— if § = [1, r1naz], then W is a global minimizer.

— if § # [[1,7maz], then W is not a second-order critical point (W is a strict
saddle point).

— When 7 < 740 W is a saddle point.

— if § # [1, 7], then W is not a second-order critical point (W is a strict saddle
point).

The proof is postponed to Appendix 3.D. To prove that W associated with S # [1, 7]
, 7 < T'mae 1S DOt a second-order critical point, we explicitly exhibit a direction W’ such
that the second-order coefficient co(W, W') in the Taylor expansion of L(W + ¢tW’) around
t =0, in (3.4.1), is negative. Using Lemma 1, we conclude that W is not a second-order
critical point.
Recall from Proposition 1 that the loss at any first-order critical point is given by ¢r(Xyy ) —
> ics Ai- The spirit of the proof is that critical points associated with S # [1, 7] capture a
smaller singular value \; instead of a larger one A\; with ¢ < j. Thus, to see that the loss can
be further decreased at order 2 (and is therefore not a second-order critical point by Lemma
1), a natural proof strategy is to perturb the singular vector corresponding to \; along the
direction of the singular vector corresponding to A;. This part of the proof is an adaption of
the proof of [8].

3.4.2 Strict saddle points associated with S = [1,7], © < r,0.

We now address situations that to our knowledge, have never been addressed, in the
literature. We prove the following.
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Proposition 9. Suppose Assumption H in Section 3.2 holds true. Let W = (W, ..., W)
be a first-order critical point of L associated with S = [1,r], with 0 < r < 7,04
If W is not tightened, then W is not a second-order critical point (W is a strict saddle point).

We sketch the main arguments below. We will again construct a direction W’ such that
the second-order coefficient co(W, W’) in the asymptotic expansion of L(W + tW’) around
t = 0, 1in (3.4.1), is negative.

More precisely, for a first-order critical point W, for any S € R, we will consider a well-
chosen W% such that co (W, W/B) = af3? + c3 for some constants a, ¢ (possibly depending
on W) such that @ > 0 and ¢ # 0. Taking

—c if a=0
b= ) (34.2)
—i if a>0

we obtain
- if a=0

co(W, W5) =
(W, Ws) {—ﬁ if a>0

and therefore
C2 (W, Wlﬁ) < 0.

Using Lemma 1, we can conclude that W is not a second-order critical point.

We now provide intuitions on how to choose W’. Since W is not tightened, there exists a
pivot (4, j), with ¢ > 5, which is not tightened. Depending on the values of ¢ and j we will
construct W’ differently. However, the strategy for constructing W’ is the same in all cases.
Recall again that from Proposition 1, at any first-order critical point W, the value of the
loss is given by t7(Xyy) — D ;cs Ai. Contrary to the previous section, since S = [1,7]
there is no immediate way to decrease the loss (at order 2) without increasing the rank of
the product of the weight matrices. Indeed, we have Wy --- W, = USUEEY XE)_(lx €
arg minrk(R)gr ”RX - YH2

Therefore, to be able to decrease the value of the loss, we need to perturb W in a way that
the product of the perturbed parameter weight matrices becomes of rank strictly larger than
r. Also, to prove that W is not a second-order critical point, we need to decrease the loss
at order 2. This is possible when W is not tightened. For the non-tightened pivot (i, ),
we choose a perturbation W’ with all W} = 0 except for W/ and W}. Furthermore, our
construction of W/ and W]’ depends on whether ¢ and/or j are on the boundary {1, H }. This
is due to the fact that H and 1 play a special role in the product of the perturbed weights
(Wh + tWp) - - - (Wi + tW/). This is why we distinguish the four cases below:

— lstcase: ¢ € [2, H — 1] and j = 1. This case is treated in Appendix 3.E.1.
— 2nd case: + = H and j = 1. This case is treated in Appendix 3.E.2.
— 3rd case: i = H and j € [2, H — 1]. This case is treated in Appendix 3.E.3.

— 4thcase: i,j € [2, H — 1] with ¢ > j. This case is treated in Appendix 3.E.4.
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3.4.3 Non-strict saddle points

We now provide a sketch of the proof for the converse of Proposition 9, as stated in
Proposition 10 below. All the proofs related to this section are deferred to Appendix 3.F.

Proposition 10. Suppose Assumption H in Section 3.2 holds true. Let W = (W, ..., W)
be a first-order critical point of L associated with S = [1,7], 0 < r < rnaq.-
If W is tightened, then W is a second-order critical point (W is a non-strict saddle point).

To prove Proposition 10, we first state a proposition which indicates that multiplications
by invertible matrices do not change the nature of the critical point.

Lemma 2. Forall h € [1,H — 1], let Dy, € R*dr be an invertible matrix. We define
Wy =WyDy—1, W1 = D;*Wy and W), = D; "W, Dp,_y, for all h € [2, H — 1]. Then
— W = (Wg,...,W) is a first-order critical point of L if and only if w =
(Wh,...,Wi) is a first-order critical point of L.
— W = (Wg,..., W) is a second-order critical point of L if and only if W =
(W, ..., W7) is a second-order critical point of L.

The lemma is proved in Appendix 3.B.4.

Proposition 10 is then obtained using Proposition 5 (note that when W is tightened, w
is also tightened since the rank of a matrix does not change when multiplied by invertible
matrices), by showing that W= (WH, ceey Wl) as given by Proposition 5 is a second-order
critical point of L and using Lemma 2 to conclude that W is a second-order critical point.
This is easier since W has a simpler form.

More precisely, we have the following result, from which Proposition 10 follows (see
Appendix 3.F.2 for details).

Proposition 11. Suppose Assumption H in Section 3.2 holds true. Let W = (W, ..., W)
be a first-order critical point of L associated with S = [[1,7] with 0 < r < 7,4, such that
there exist matrices Zp € R(dv—")x(du-1-7) 7, c Rldi-7)xdz gpnq 7, € R(dn=7)x(dh-1-7)
for h € [2, H — 1] with

Wy = [Us,UgZH| (3.4.3)
T —1
W, = [US Xy XUxx ] (3.4.4)
Z
wo=| 1 Yl vhep -1 (3.4.5)
ooz, ’ “
Wi - Wy = [Us, 0], (3.4.6)

where @ = [1,d,] \ S.
If W is tightened, then W is a second-order critical point of L.

Proposition 11 is proved in details in Section 3.F.1. We provide a proof sketch below.
We denote, for ¢ in the neighborhood of 0, and h € [1, H], Wj(t) = W}, + tW] where
W} € Rdn*dn-1 is arbitrary.

We define W(t) := (Wg(t),...,Wi(t)) and W (t) := Wy (t) - -- Wi(t). Asin the previous
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two sections, we use Lemma 1. However, this time, we show that the second-order coefficient
c2(W, W’) is non-negative for all directions W'.

To compute the loss || ()X — Y|?, we expand

W (t) = Wi(t) - Wi(t)
= (Wy + tWh) - (W + tW))

H
:WH"‘Wl+tZWH"‘Wi+1Wi/Wi—1"'W1
i=1

+2 Y Wy Wit WiWiig - Wi WiW_q - Wi+ o(2) .

H>i>j>1
Therefore,
H
L(W(t)) = HWH WX =Y +tZWH . ..V[/iJer[/Z.’V[/F1 N X
i=1

—|—t2 Z Wy --- Wi+1WZ‘/Wi71 cee Wj+1Wj{Wj71 WX + O(t2)

H>i>j>1

We can now easily calculate the second-order coefficient co (W, W’) in the Taylor expansion
of L(W(t)) around ¢t = 0 (in (3.4.1)).
Recalling that co(W, W’) is such that L(W(t)) = L(W) + c2(W, W))t2 + o(t?) (since W
is a first-order critical point), we have

2

H
CZ(Wv W/) = Z Wy - Wi+1WZ~/Wi_1 W X
i=1

+2< ST Wh Wit WWisy - Wi WIW_y - WX, Wy WX — Y

H>i>j>1

where (A, B) = tr(ABT). In order to simplify the notation and equations, we define, for
all i € [1, H],

T,=Wg- - WinaWW;_y - W1 X, (3.4.7)
and for all 7, j € [1, H] with i > j:

Tij =Wy Wit WiWiy - Wi WW,_q -+ WX, Wy WX =Y) .
(3.4.8)

)
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Then we set
H 2
FT=\>"7| | (3.4.9)
=1
and
ST=2 Y T. (3.4.10)
H>i>j>1

The coefficient becomes

H

DT

=1

2
+2 > T,;=FT+ST.
H>i>j>1

(W, W) =

Using the fact that W is tightened, some weight products become simple (see Lemma 14)
and we can simplify 7; and 7; ; (see Lemmas 21 and 22 in Appendix 3.F).

This allows us to establish that, for any W/, there exist matrices Ay, A3, A4 and a non-
negative scalar a; such that FT = a;y + ||A2]|? + || A3]|* + || A4]|? (see Appendix 3.F.1.2)
and ST = —2 (A3, Ay) (see Appendix 3.F.1.3). Therefore

co(W,W') = FT + ST = ay + || As||* + || A3 — A4||> >0,

and using Lemma 1 we conclude that W is a second-order critical point.

We are now in a position to prove Theorem 5 as a direct corollary from the above results.

Proof of Theorem 5. The classification into global minimizers, strict saddle points, and
non-strict saddle points follows directly from Propositions 8, 9, and 10 above. As for the
fact that

Wy W1 =UsUsSy xS €  argmin  |RX —Y?
ReR¥ >z yk(R)<r

when S = [1, r], it follows from Proposition 1 above and from Lemma 5 in Appendix 3.A.
O

3.5 Conclusion

We studied the optimization landscape of linear neural networks of arbitrary depth with
the square loss. We first derived a necessary condition for being a first-order critical point
by associating any of them with a set of eigenvectors of a data-dependent matrix. We then
provided a complete characterization of the landscape at order 2 by distinguishing between
global minimizers, strict saddle points, and non-strict saddle points. As a by-product of this
analysis, we exhibited large sets of strict and non-strict saddle points and derived an explicit
parameterization of all global minimizers. Our second-order characterization also sheds
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some light on the implicit regularization that may be induced by first-order algorithms, by
proving that non-strict saddle points and some strict saddle points are among the global
minimizers of the rank-constrained linear regression problem. It also helps re-interpret a
recent convergence result, stating that gradient descent with Xavier initialization converges
to a global minimum for any wide enough deep linear network.
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Appendix

3.A Notation and useful properties

In this section, we define some additional notation and terminology that will be used
through all subsequent appendices. We also state simple linear algebra facts (Section 3.A.2),
together with some properties about the Moore-Penrose inverse (Section 3.A.3). Since most
of the proofs rely on linear algebra, we recommend the unfamiliar reader to check classical
textbooks.

Additional notation: If a matrix A has already a subscript like W for example, we denote
by (Wpg).i the i-th column and by (Wp). s the sub-matrix obtained by concatenating the
column vectors (Wy) ;, forall i € J. Also (Wg); . denotes the i-th row of Wy and
(Wg)z,. the sub-matrix obtained by concatenating the line vectors (Wpg); , forall i € Z.
More generally (Wp)z 7 denotes the matrix Wy restricted to the index set Z x J. For
instance, (Wg )1 rt+1:dy_, € R7*(dH-1-7) i5 the matrix formed from Wy by keeping
the rows from 1 to r and the columns from r + 1 to dg—;. The symbol J; ; denotes the
Kronecker index which equal to 0 if i # j and 1 ifi = j.

Also, we define the partial gradients with respect to each weight matrix as follows.

3.A.1 Partial gradients

Definition 4 (gradient and partial gradients of L). Since the input W = (Wy, ..., Wi) of
L(W) is not a vector but a sequence of matrices, we define the gradient VL(W) of L at W
with a similar format :

VL<W) = (VWHL(W)a <. 7VW1L(W)) 5

where each partial gradient Vyy, L(W) € R% -1 is the matrix whose entries are the
partial derivatives % fort=1,..,dpand j =1, ..,dp_1
¥

The next lemma provides explicit formulas for the partial gradients of L. A proof can
be found at the end of [156].

Lemma 3. Let h € [2, H — 1]. The partial gradient of L with respect to W, is:
Vi, LW) =2(Wg -+ W) (Wh - WiSxx — Sy x) Wyt - W)
We also have the partial gradient with respect to Wy;:
Vi, LW) =2(Wy - WiXxx — Syx)(Wy_1--- Wi)T .
Finally, the partial gradient with respect to W1 is:

Vw, L(W) =2(Wg - Wo)T (W - W1Exx — Zyx) .
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3.A.2 Simple linear algebra facts

Recall that ©1/2 = ZYXZ)_(lXX and ¥ = 21/2(21/2)T = EYXE)_(l)(EXY. Recall also
from (3.2.1) that ©1/2 = UAVT is a Singular Value Decomposition, where U € R% >
and V' € R™*™ are orthogonal matrices.

Lemma 4. Suppose Assumption H in Section 3.2 holds true. Then X is invertible.

Proof. Given the definition of X1/2 | it is a standard fact of linear algebra that rk(X'/2)
rk(Syx Xk X) < tk(Syx). On the other hand, rk(X'/2) = rk(ZyxX3LX)
rk(Sy xSy XXT) = rk(Zyy) since ¥xx = XX7. Therefore rk(%!/?)

rk(Xyx) = dy, by Assumption H. Finally, using another fact of linear algebra we have
k() = rk(2V2(21/2)T) = rk(2/2), and therefore rk(X) = d,. Hence, ¥ is invert-
ible. O

v

The next lemma is about global minimizers of the rank-constrained linear regression
problem.

Lemma 5. Suppose Assumption  in Section 3.2 holds true. Let S = [1,r]. We have

UsUiSyxYyy €  argmin  |RX — Y2
ReR%*dz rk(R)<r

Proof. A proof of can be found in [156]. L]

We now present a lemma with elementary properties that we will use frequently and
that are related to the orthogonality of U. The proof is straightforward.

Lemma 6. We have the following properties related to the orthogonality of the matrix U':
— We have [y, = vut =UTU.
— Foranyi,j € [1,d,], we have U U; = 6; ;.
— Forany I, J C [1,d,] such that I N J = ), we have U U; = 07x.7]-
— Forany I,.J C [1,d,] suchthat INJ = () and I U J = [1,d,], we have I, =
U[UIT + UJU;.
— Forany J C [1,d,], we have UJU; = I,; and tk(U;U7) = |J|.
Note that the same applies also to the other orthogonal matrix V' € R"™*"™ appearing in

the Singular Value Decomposition of 212 (we only replace d, by m).
Another useful lemma is the following:

Lemma 7. Forany I, J C [1,d,] such that I N J = (), we have
USUs = 011x 1

In particular, for any S C [1,d,] and Q = [1,d,] \ S, we have UL XUg =0 .

Proof. We have, for any k € [1,d,], XU, = A,U;. Hence for j # k we have
U]T YU, = /\ka Ui = 0 since U is orthogonal. Therefore, if we take two disjoint
sets J = {j1,...,Jp}, X = {k1,..., kn} C [1,dy], the coefficient in the position (,m)
of the matrix U}FEU K is equal to U; XUy, which is zero, since j; # k,,. Therefore,
UTSUk = 0. In particular, U{ XU = 0. O
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3.A.3 The Moore-Penrose inverse and its properties

The Moore-Penrose inverse is the most known and used generalized inverse 2. It is
defined as follows:
For A € R™*" the pseudo-inverse of A is defined as the matrix AT € R™*™ which satisfies
the 4 following criteria known as the Moore-Penrose conditions:

1. AATA=A.
2. ATAAT = AT,
3. (AAT)T = AAT.
4. (AtA)T = 4t A
AT exists for any matrix A and is unique. We also have the following properties:
(i) At = (ATA)" AT,
(i) rk(A) = rk(AT) = rk(AAT) =1k(ATA).

(iii) If the linear system Az = b has any solutions, they are all given by
r=A"b+ (I - AT A)w
for arbitrary vector w. This is equivalent to
r=A"b+u

for arbitrary u € Ker(A).

(iv) Py := AAT is the orthogonal projection onto the range of A, and is therefore
symmetric (PT = P,) (follows from 3) and idempotent (P2 = Pj) (follows from 1).

(v) I, — AT A s the orthogonal projector onto the kernel of A.

3.B Propositions and lemmas for first-order critical points

In this section, we prove all lemmas about first-order critical points. We start by stating
some preliminary results.

3.B.1 Preliminaries

The following lemma gives a necessary condition for W to be a first-order critical point.
It also provides the global map of the network, defined by Wy - - - 1. Finally, it states that
the projection matrix Pk and > commute, where K = Wy - - - Wh. This is key in the rest
of the analysis.

Lemma 8. Suppose Assumption 7 in Section 3.2 holds true. Let W = (W, ..., W) be a
first-order critical point of L. We define K = Wy ---Woand W = WgWg_q--- Wy =
KWij. Then, we have

Wi =K"SyxSyy + M,

2. en.wikipedia.org/wiki/Moore—-Penrose_inverse
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where M € R%*d= ig such that KM = 0 and K is the Moore-Penrose inverse of K (see
Appendix 3.A.3). As a consequence,

{W — PrSyx S5k
rk(W) = rk(Pk) = rk(K)

where we recall that P = K K+ € R%>% is the matrix of the orthogonal projection onto
the range of K. Finally,
YPr = PgY.

Note that >y XZ)_{IX is the global minimizer of the problem with one layer (i.e the
classical linear regression problem). Therefore, the global map W - - - Wy of any first-order
critical point of L is equal to the global minimizer of the linear regression projected onto
the column space of K.

Proof. Let W = (Wp, ..., Wj) be a first-order critical point of L. In particular, the partial
gradients of L with respect to W and W are equal to zero at W. Using Lemma 3, this
implies

{ (W - WQ)TWH W Exx = (Wg--- W2)TEYX

W - WiSxx(Wg—1---W)T =Syx(Wg_y--- Wi)T .

We substitute in these equations K = WgWg_q--- Wy and W = WgWg_q---W; =
KW;. Using that X x x is invertible, and multiplying the second equation on the right by
Wg} we obtain that any critical point of L satisfies

KTEW, = KTy x5
{ ! YXSXX (3.B.1)

WExxWT =Sy xW7T .

The first equation implies W7 = (KTK)JFKTEYXE;(lX + M, where M € R%1*d= jg such
that KT K M = 0 (see Property (iii) in the reminder on Moore-Penrose inverse in Appendix
3.A.3).

We have (KT K)* KT = K*(see Property (i) in Appendix 3.A.3) and a standard fact of
linear algebra is that Ker( K7 K) = Ker(K).

Therefore, using these properties, we obtain W, = KXy x E;(IX + M, where KM = 0.
This proves the first statement of the lemma. We then have,

W =KW = KK*Syx S5 + KM = PkSyx S5 - (3.B.2)

where P = K K™ is the orthogonal projection matrix onto the column space of K (see
Appendix 3.A.3). Using Assumption H, we have that Xy x Z;(lx is of full row rank, hence

rk(W) = k(P Sy x S5y ) = rk(Px) = rk(K) (3.B.3)

where the last equality comes from the property (ii) in Section 3.A.3. Therefore, (3.B.1) and
(3.B.3) prove the second statement of the lemma.
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To prove that X Px = Pg>., we remark that, using the second equation in (3.B.1),
SyxWT = WExxW7T and since WX xx W7 is symmetric and (Xyx)? = Sxy, we
have

SyxWT =WEyy .

Substituting the expression of W from (3.B.2), and since Py and E;(IX are symmetric, we
have

Yy xExxSxy Pr = Pk Sy xSy Sxy -

Using the definition of ¥, this can be rewritten as
YPrg = Pg¥,
which concludes the proof. O

Lemma 9. Suppose Assumption H in Section 3.2 holds true. Let W = (Wy, ..., W;) be a
first-order critical point of L. We set K = Wy --- Wy and r = rk(Wpg - - - W7).
There exists a unique subset S C [1, d,] of size r such that:

Px =UTUT = UsUYL,

where Z8 € R%*% is the diagonal matrix such that, for all i € [1,d,], (Z5);; = 1 if
t € S and 0 otherwise.

Proof. Let W = (Wg, ..., W) be a first-order critical point of L. Using Lemma 8, we
have X P = Pg .. Substituting the diagonalization of X from Section 3.2, this becomes
UAUT P = PrUAUT. Since U is orthogonal, multiplying by U” on the left and by
U on the right we obtain AUTPrU = UTPrUA. Hence, UT PxU commutes with a
diagonal matrix whose diagonal elements are all distinct. Therefore, I' := U PxU is
diagonal, and Px = UT'U7 is a diagonalization of Px. From Lemma 8, we also have
r = rk(Pg). But, we know that Py = K KT € R%*% is the matrix of an orthogonal
projection. Therefore, its eigenvalues are 1 with multiplicity r and 0 with multiplicity d,, —r.

Therefore, there exists an index set S C [1,d,] of size r such that I" = TS where
78 € R%*dy js the diagonal matrix such that, for all i € [1,d,], (Z5);; = 1ifi € Sand 0
otherwise.
Therefore,
Py =UTUT = U18T5UT = UsUL.

If there exist S’ such that ' = 75", we get P = UZSUT = UZS'UT which implies
I8 = IS/, hence S = &’. Therefore, S is unique. L]
3.B.2 Proof of Proposition 1

In this proof, we use Lemmas 8 and 9 stated and proved in the previous section.
Recall that Ay > --- > Ay are the eigenvalues of 3 = EYXE;(leXy € Rdvxdy,
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Let W = (Wpg,...,Wj) be a first-order critical point of L. We set K = Wy --- Wo,
r = rk(Wpg --- Wi). Using Lemma 9, there exists a unique subset S C [1,d,] of size r
such that:

Py = UsUZL.

Therefore, using Lemma 8§,
Wy Wi = PkSy xSy = UsUL Sy xS

This proves the first statement of Proposition 1.
To prove the second statement, notice that we have

L(W) = [WX - Y|
= [WX|? —2(WX, Y)+ Y|
= tr(WExxWT) = 2tr(WExy) + tr(Zyy)
= tr(UsUS Sy x Xk Sx x Exx Sxy UsUS) — 2tr(UsUE Sy x S Zxy) + tr(Syy)
= tr(UsULUSULY) — 2tr(UsULE) + tr(Zyy)

Since UEUS = I, (see Lemma 6), using Lemma 9 and the fact that U diagonalizes 3., this
becomes

L(W) = tr(Zyy) — tr(UsUZLY)
= tr(Zyy) — tr(UZ°UTUAUT)
= tr(Syy) — tr(ZSUTUAUTD)
= tr(Syy) — tr(Z°A)
= tI‘(Zyy) — Z N -

€S

This proves the second and last statement of Proposition 1.

3.B.3 Lemma 10

In this section we state and prove a lemma about first-order critical points which will be
useful in various proofs. This lemma gives a simpler form for K = Wy --- W5 and W7.

Lemma 10. Suppose Assumption  in Section 3.2 holds true. Let W = (Wpz, ..., W) be
a first-order critical point of L associated with S. We set r = rk(Wp - - - W7).

Then there exists an invertible matrix D € R%*% a matrix M € R4 *% satisfying
Wy -+ - WoM = 0, such that:

K=Wg---Wy= [Us Odyx(dlr):|D
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and
UdSyxSik

Wy = D! |:
O(dy—r)xdy

[+,

Note that the result is still true when r = 0, provided that Uy € R4V,

To prove Lemma 10, we use Lemmas 8 and 9 stated and proved in the preliminaries of
Appendix 3.B.1. We will also need the following lemma

Lemma 11. Let n be a positive integer and ) # S C [1, d,] such that n > r := |S|. Let
A € R%>™ guch that AAT = UgUg. Then there exists an invertible matrix D € R™*"
such that

A= [US Odyx(nfr)]D

A*:l)l[ Us }.
O(nfr) Xdy

and

Proof of Lemma 11. The matrix I,, — AT A is the orthogonal projection onto Ker(A) (see
Appendix 3.A.3), hence

rk(I, — AT A) = dim Ker(A) = n — rk(A)

But we have (see Property (ii) in Appendix 3.A.3) rk(ATA) = rk(A) = rk(AA™) and,
using Lemma 6, tk(AT A) = rk(UsUL) = r. Therefore, rk(A) = r and

rk(I, — ATA)=n—r.
Let B € R™ (=) and C' € R(™~")*" pe such that I,, — AT A = BC (such matrices

can be obtained by considering the Singular Value Decomposition of I,, — A1 A).

T
Denoting D = [ U‘é,A ] € R™*" we have

ULA

[A*US,BH)_[A+U5,B][ >

]_AWﬂgA+BC_AﬂMﬁA+Q—AﬂL

Using Criteria 1 in Appendix 3.A.3 we obtain
[A*Us, BID = AYA+ 1, — ATA=1,.
Therefore, D is invertible and D! = [ATUs , B]. We have

Ut A

[Us + 04, x(n—m))D = [Us , 04, x(n—r)] [ o

]:Uﬂ@A:AﬁA:A,

where the last equality follows from Criteria 1 in Appendix 3.A.3. This proves the first
equality of Lemma 11 Finally,

T T
Dl{ Us ]:[A+U3,B][ Us }::AngUE::A*AA*::A*,
O(nfr)xdy O(nfr)xdy
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where the last equality follows again from Criteria 2 in Appendix 3.A.3. This concludes the
proof of Lemma 11. O

Now we prove Lemma 10.

Proof of Lemma 10. Let W = (Wy, ..., W7) be a first-order critical point of L associated
with S and r = rk(Wg - - - Wh).

Using Lemma 8, we have r = rk(Wp - - - W3).

If » = 0, the conclusion of Lemma 10 is trivial because of the convention Uy € R%*©,
When r > 1, using Lemma 8 and Proposition 1, we have Wy --- W1 = PxYyx E;(IX =
USUEEYXE;X. Since Yy x is of full row rank this implies Py = KK = UgUg.
Therefore, we can apply Lemma 11 with n = d; and A = K to conclude that there exists
an invertible matrix D € R%>*91 such that

= [Us , 04, x(dy—r)] D

which is the form of K in Lemma 10. Moreover, Lemma 11 also guarantees that

K+:D—1[ Us } .
0(dy —r)xd,

Using Lemma 8, we have W7 = KXy XZ;(IX + M with KM = 0. Therefore, W7 =

T -1
D1 [ US 2y xExx } + M, with KM = 0. This concludes the proof of Lemma 10. [J
(dl —T)Xdz

3.B.4 Proof of Lemma 2

Forany h € [1,H — 1] let D), € Rdthh be an invertible matrix. We define W =
(WH,.. Wl) by WH = WHDH 1, W1 = D W1 and Wh = D WhDh 1 for all
he[2,H—1].

Assume that W = (W, ..., W) is a first-order critical point. Then using Lemma 3 this is
equivalent to

Vw, LW) = 2(Wy - Wi ) T(Wy - WiExx — Sy x)(Whoy---W)T =0 Vhe[2,H—1]
Vg LW) =2Wg - - WiSxx — Zyx)(Wy_1--- W) T =0
Vi, LIW) =2(Wg - Wo)T(Wg - WiExx — Zyx) =0.

(3.B.4)

Using the definition of W above, we have

Wy Wy, =Wy - W,
Wrg - Whi :WH”-Wh_i_lD}:l Vh e [1,H — 1]
Whoq1--- W71 = Dh_lwh_l---ﬁfl Vh e [2,H] .
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Therefore (3.B.4) is equivalent to

(Eﬁl)T(W Wh—l—l)T(ﬁfg e lei)/(X — Sy x)Wh1---W)IDLI =0 Vhe[2,H—1]
Wy WiSxx — Syx)(Wg-1---W)ITDL_, =0
(DT (Wp - W) (W -+ Wi Sxx — Byx) =0.

This is equivalent to

Vi, LW) = 2(Wg - Wi )T (Wg - - WiSxx — Syx) Wiy - W1)T =0 Vhe[2,H—1]
Vw, LIW) = 2(Wy -+ W1Sxx — Syx) Wy - W)T =
VWlL(W) = Q(WH cee WQ)T(WH Wi xx — Zyx) =0.

which is equivalent to VWhL(\X’) =0, forall h € [1, H] . Therefore, W is a first-order
critical point if and only if W is a first-order critical point. This proves the first part of the
proposition.

Now assume that W = (Wy, ..., W) is a first-order critical pomt such that it is not a
second-order critical point. Note that from the first part of the proof W= (WH, .. Wl) is
also a first-order critical point. Let us prove that W is not a second-order critical pomt Using
Lemma 1, since W is not a second-order critical point, there exist W = (W},,...,W/)
such that, if we denote W(t) = W + tW’, the second-order term of L(W(¢ ) is strictly

negative i.e co(W, W’) < 0. We will prove that there exist W such that (W, W/) <0
and, using again Lemma 1, we conclude.
As already said, we set W}, (t) = W), + tW}, forall h € [1, H]. We denote

WH(t) =Wy + tV[N/}I = Wy +tW}, Dy
Wi (t) = Wy + tW] = Wy + tDy ‘W]
() Wh+tWh—Wh+tD 'WiDy—1 Vhe[2,H-1]
= (W,...,W]).

Hence, we have (where Hi: g—1 An shouldread as Ap_q - - - Ag)

2
Wy (t)--- Wi(t) = (WuDy 1 +tWyDu 1) [[ (Dy'WiDp-1+ tD, ' W;Dp_1) (Dy' Wy +tDy ' WY)
h=H-1
= Wy +tWy) - (W +tW))
= Wg(t)---Wi(t) .

Therefore, L(W(t)) = L(W(t)) and
(W, W) = co(W, W) .

Since by hypothesis c2(W,W') < 0, we conclude that CQ(W,W/) < 0. Hence
(W, ..., W7) is not a second-order critical point.



3.B. Propositions and lemmas for first-order critical points 79

We prove that if W is not a second-order critical point then W is not a second-order critical
point in the same way, by changing D}, with Dgl forall h € [[1, H]. This proves the second
part of the proposition and concludes the proof.

3.B.5 Proof of Proposition 6

LetS C [1,d,] of sizer € [0, 7maz] and Q = [1,d,]\S. Let Zg € R —7)x(dra—1=7),
Zy € RU1=")xde and 7, € R@r—7)x(dn1=7) for h € [2, H — 1]. Let the parameter of the
network W = (Wy, ..., W7) be defined as follows:

Wy = [Us,UgZH]

W — ULy xS3
Z (3.B.5)
I, 0
=| 7 hel2,H-1].
Wh |: 0 Zh :| Vh € [[ ) ]]

Note that the above definition of W does not involve the matrices D;, € R% >4 In fact,
using Lemma 2, it suffices to prove that, when r = 7,4, or there exist h; # hs such that
Zp, = 0and Z;, = 0, the W defined above is a first-order critical point to conclude that
Proposition 6 holds .

We have

I, 0 I, 0 ][Uisyxsy!
Wg--- W1 =Us,UgZ r T S XX
e [S’QH][O ZHl] {0 ZQH Z
=UsUSSy xSy +UgZuZu—1 - Z2 21
If there exists hy # ho such that Z,, = 0 and Z;, = 0, it immediately follows that

Wy - Wi = UsUESy x5
If r = 7paz, then there exists h € [0, H] such that r = dj,.

— Ifr =dy = dy, thenUg € R*%and Zy; € RO*(dr-1-7) which, using conventions
in Section 3.2, gives

UQZt = 04y x(dyyr—r)- (3.B.6)

Therefore, Wy - -- Wi = UsUL Sy xS

— If r = dy = dy, then, since d, > d,,, we have r = d,, which we have already treated
in the previous item.

— Ifr = dy for some h € [2, H—1], then Z}, 1 € R(dh+1-7)%0 gng 7, € RO*(drh-1-7)
which, using the conventions on Section 3.2, gives

Zn+1Zh = O(dy gy —r)x (dnr —r)- (3.B.7)

Therefore, Wy - -- Wi = UsUESy xS

— Ifr = dy, then Zy € R(@277)%0 and 7, € RO%4= which, using the conventions on
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Section 3.2, gives
Z2Z1 = 0(dy—r)xdy- (3.B.8)

Therefore, Wy - - - Wi = UsULSy x 21

Note that these results still hold if there is more than one layer with the minimum width.
Therefore, in all cases, when r = 7,4, or there exist h; # hy such that Z;, = 0 and
Zn, = 0 we have,

Wiy Wy =UsUS Sy x 55 - (3.B.9)

Let us prove that the gradient of L at W is equal to zero.
Recall that from Lemma 3 we have

thL(W> = 2<WH SR Wh+1)T<WH WY xx — ny)(Wh,1 R Wl)T Vh € [[Q,H — 1]]
Vw, LIW) =2Wg - WiSxx — Zyx)(Wg_1--- W)
Vw, LIW) =2Wg - W) T (Wg - W1Exx — Zyx) -

Using (3.B.9) and Lemma 6, we have

Wy Wilxx — Syx = UsUS Sy x 25 Exx — Syx
= (UsUs — 14,)%vx
= —UUH%yx -

Also, using (3.B.5), forall h € [1, H — 1],
IT’ 0 Ir O
. — A
WH Wh+1 [U$7UQ H] |: 0 ZH—l :| |: 0 Zh+l :|
= Us,UQZuZu—1- Zn+1]

and, for all h € [2, H],
Wi 1. Wy = Iy 0 0 UEEYXZ)}IX
h=1 Yo 2z, 0 Z 7
_ [ngmz)_ﬁx}
Zh1--Z2Z1|

We have, forall h € [2, H — 1],

1
3 (Vw, LOW) = Wiy - W) (Wh - WiZxx — Eyx) T (Wi -+ W)

_ [UEEYXE)?&
/N VA VA

_ [ngyxz);lx

] (UQULEyx)" Us, UgZuZr-1 -+ - Zn]

by A AT AT
Zh—l"‘Z2Z1:| xyUQUQUs, UgZuZy ht1]
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[ULESy xS SxvUq
Zh—1+ZoZ1XxyUg

] USUs, ULUQZuZy—1 -+ Znta] -

Using the definition of Y, Lemma 6 and Lemma 7, we have

1 s T Ulsug
5 (thL(W)) = - _thl . ZQZIEXYUQ [O(dy—r)xra ZHZH—I ce Zthl]

OT‘X(dy—'r')
T ZaZyg_1---Z
_Zh—l“'ZQleXyUQ [O(dy*T)XW H4H-1 h+1]

OT‘XT OTX(dh—T) :|
10y _1=r)yxr  Zh—1-" 2221 XxyUQZuZu—1- - Znt1

Proceeding similarly, we obtain

(Vi L(W))T = Oray }

1
2 a [ZH_l o Zy 2y Sxy UQUY

and
1
3 (Vir, LW = (04, xr » ExyUoZuZy—1 -+ Za) .

If there exists hy # hg such that Z;,, = 0 and Z,, = 0, we can easily see that the gradient
is equal to zero, i.e., W is a first-order critical point.

If ¥ = 7nqa, then there exists b’ € [1, H] such that r = dj,s. Using the same arguments as
above that yielded (3.B.6), (3.B.7) and (3.B.8), we have,

— Forh =1,
— if r = dq, we have Z5 € R(d2-7)%0 and therefore YXxyUgZuZpy—---2s €
RdeO.
—if » = dy, then UpZpy = Og,x(dy_,—r) and therefore

YxyUQZuZp—1--+Z2 =04, x(dy—r)-
— if r = dj, for some n e HQ,H — 1]], then Zp/ 12y = O(dh/+1—r)x(dh/71—r)
and therefore EnyQZHZH_l A — Odmx(dl—r)-
Hence, in all cases, Vyy, L(W) = 0.

— Forh=H,
—if r = dy = dy, then UQUS = 0g,xq, and therefore
ZH-1- “ZzzlﬁnyQUg = 0@dy_,—r)xd, -
—if r = dy_1, then Zg_; € ROX(dr—2-7) and therefore

Zg-1-- ZaZaSxyUUQ € RO,

— if r = dy for some i’ € [2, H — 2], then Zy11Zp = O(a,, | —r)x(dy _,—r)
and therefore Zx—1 -+ Z2Z1ExyUQUY = O(ayy_, —r)xd, -

— ifr = dy, then Z2Z1 = 0(4,—r)x 4, and therefore Zp_; - - - ZQZlEXYUQUg; =

O(dHfl—T)Xdy'
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Hence, in all cases, Vyy,, L(W) = 0.
— Forh € [2,H — 1],

—if r = dn_1, then Zp_q € RO*(dh—2=7)  and therefore
Zn1 ZoZrhSxyUQZuZy -1+ Zpy1 € ROX(n=7),

—if r = dy, then Z,; €  R@177%x0 and  therefore
Iy ZoZiYxyUQZuZg—1 - Zpyq € RUA—177)X0,

—if r = dy, then UgpZpy = 04,x(dgy_,—r) and therefore

Zp—1 222N xyUQZuZu—1- Zht1 = O(dy_—r)x(dp—r)-
—if r = di, then Zy7; = O(dg—r)xdz and therefore
Zp—1 222N xyUQZuZu—1- Zht1 = O(dy,_,—r)x(dp—r)-

— if r = dy for some h' € [2,H — 1] \ {h,h — 1}, then Zp 1 Zyy =
O(dh,ﬂ,r)x(dh,_l,r) and therefore
Ih_1--- ZQlenyQZHZH,1 s Zh+1 = O(dh,l—r)x(dh—r)'

Hence, in all cases, Vyy, L(W) = 0.

Therefore, when r = 7,,,4,, W is also a first-order critical point of L.

3.B.6 Proof of Proposition 2

Let S C [1,d,] such that |S| = r < rpaq, and Q = [1,d,] \ S.
We define W = (Wg, ..., W) by:

WH = [US7 OdyX(dHfl—’I‘)]

Wh _ |: Ir OTX(dhflfT) :| Vh e [[Q,H _ 1]]
Otd—ryxr  O(dn—r)x(dn_1-r)

Wy = [UEEY)(E)_(IX} ’
O(dy —r)xda

By Proposition 6, W is a first-order critical point of L. Moreover, we have Wy - - - Wp =
Us UEEY X Z;(lx- Therefore, W is a first-order critical point associated with S.

3.B.7 Proof of Proposition 3

Let W = (Wp, ..., W;) be a first-order critical point and r = rk(Wpy - - - W7), using
Proposition 1 there exists a unique S C [1, d, ] of size r such that

Wi - W1 = UsUE Sy x B3y,

which implies
Wy - WiExy = UsULY.

Let i,j € [1,H] such that ¢ > j. The complementary blocks are
Wi - WiXxyWg - Wigrand Wiy - W,
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Using Lemma 4 and UEUS = I,., we have, for the second complementary block,
tk(Wi_y - Wjy1) > tk(Wg - Wi Exy) = tk(UsULE) > k(U (UsUIE) S Us) = 1k(I,) = 7.
For the first complementary block, using the same arguments, we have

tk(Wi—y - - WiBxyWg - Wigq) >2tk(Wg - WiExy Wy --- W1 Exy)
= 1k(UsULXUsULY)
> 1k (UL (UsUESUSUEE) S Us)
= 1k(UL¥Us) .

\%

Recall that, from the diagonalization of X, we have XU = UA, hence, XUs =
USdiag((As)SGS)

tk(Wi_1 - W1iSxy Wy - Wig1) > tk(US Usdiag((\s)ses))
= rk(diag((As)ses))

=T.

This concludes the proof.

3.B.8 Proof of Proposition 4

Let H> 3,8 =[1,7] with 0 < r < ryq,. We define W as follows:

WH = [USaO]
I, 0
Wi, = for he[2,H—-1]
0 Zy (3.B.10)

Using Proposition 6, W is a first-order critical point associated with S. Let us show that
depending on the choice of (Z;)n—2..7—1, W can be tightened or non-tightened.

Since H > 3, there exists h € [2,H — 1]. If we choose Zp_1,...,Z5 such that
Zg_1---Zy # 0 (e.g. when only the top left entry of each Zj, is nonzero, which is
possible since r < T4, = min(dy,...,dy)) then W is non-tightened. Indeed, the

pivot (H,1) is non-tightened because rk(Xxy) = dy, > r and tk(Wg_1---Wa) =

rk L 0 >r
0 Zyg_1 -7 :

If we choose Zg—1,...,Zy suchthat Zg_1--- Zo = 0 (e.g. Z2 = 0), then W is tightened.

IOT 8 } is of rank r, and
by construction we have rk(Wg) = rk(W7) = r. Hence, all the other pivots are tightened
because at least one of their complementary blocks includes Wy or Wi, and therefore,

using Proposition 3, is of rank r. Therefore, W is tightened.

Indeed, the pivot (H, 1) is tightened because Wy _q --- Wy = [
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3.C Parameterization of first-order critical points and global
minimizers

In this section, we prove Propositions 5 and 7 that were stated in Section 3.3.3.

3.C.1 Proof of Proposition 5

Before proving Proposition 5, we introduce and prove two lemmas.

Lemma 12. Let r be a nonnegative integer, and let n and p be two positive integers larger

than or equal to r. Let S C [1,d,] of size 7 and let Q = [1,d,] \ S. Let A € R%>" and
B € R™*P be two matrices such that

AB = [Us,0] .

Then, there exist an invertible matrix D € R™*™ and two matrices N € R(dy=7)x(n=7) apq
Bppr € R(v=1)x(#=7) guch that

AD = [Us,UgN] (3.C.1)
o [ o
DB = [ 0 Bon ] (3.C.2)

In the proof below, we can easily see that the result still holds for » = 0 and r =
min(d,, n, p) with the conventions adopted in Section 3.2.

Proof. Let n and p be non-negative integers such that n,p > r and A € R%*" and
B € R"*P such that

AB = [Us,0]. (3.C.3)
Recall that for any matrix C' with n columns we write C' = [C}, Cy, ..., C,] where C;
represents the i-th column of C.
We have from (3.C.3),
AlB1,Bs,...,B;| =Us. (3.C4)

Since the columns of U are linearly independent, we have

tk(A[By, Ba, ..., B,]) =1k(Us) = r

and {Bj, ..., B, } are necessarily also linearly independent. Using the incomplete basis
theorem, we complement (B, ..., B,) to form a basis (By, ..., By, Ery1,..., E,). We
set £ = [By1,...,By, Ert1,..., E,] € R By construction, the matrix E is invertible.

We now set A’ = AE and B’ = E~!'B. In particular A’B’' = AB.
Also, note that

Em:{Bl,...,Br],
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so that

Therefore, we can write

(3.C5)

B’:E_lB:[IT BUR}

0 Bpr

with By € R™“(?~7") and Bpp € R(=")*(#=7) guch that

B _
{BUR} = E"YBry1,..., By .
DR

We define L c Rrx(n=r) and N c R(dy—7)x(n—r) by []I\}] _

[Us, UQ]fl [AET+17 e ,AEn]. We have
L
[AE,1,..., AE,] = [Us, Ug) [ N] = UsL+ UgN . (3.C.6)

I, L

We also define the invertible matrix F' =
0 I n—r

} € R™*™, Using (3.C.4) and (3.C.6)

we have

A = AF
= A[Blv‘ : 'aBT‘vET+17 s ,En]
= [Us,UsL + UQN]

ITL]

= [Us,UgN]F .
Therefore, defining the invertible matrix D = EF~! € R"*" we finally have
AD = AEF™! = [Us,UgN] . (3.C.7)

This proves (3.C.1).
We also have, using (3.C.5) and the definition of F’

D 'B=FE'B
=FB

[I. L 1[I Bur
B 0 In—r 0 BDR
_ |: I, Bypr+ LBppr :|

3.C8
0 Bpr (3.C.8)
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However, noticing that, since (3.C.3) holds,
(AD)(D™'B) = AB = [Us;, 0],
and using (3.C.7) and (3.C.8) we obtain

Ir BUR + LBDR

Us, UoN
[SQ][O Bor

:| = [Us,0] .
Therefore Us(Byr + LBpr) + UgNBpr = 0. Since [Us, Ug] is invertible we get
Byr+ LBpr=0and NBpr =0.
Finally, (3.C.8) becomes
1 0
D'B=| " :
[ 0 Bpr ]

This proves (3.C.2) and concludes the proof. ]

The second lemma states that if the product of two factors takes the format of (3.C.2),
then up to the product by an invertible matrix, the two factors have the same format. In the
proof of Proposition 5, we will use this property several times to establish (3.3.3).

Lemma 13. Let r, ¢, n and p be positive integers such that » < min(q, n,p). Let B € R1*™,
C € R™P and P € R(—)X(P=") such that

Bcz[” 0}.

0 P

Then, there exist an invertible matrix D € R™ ™ and two matrices Bpp € R(@—")*(n=7)
and Cpr € R(=7)%(P=7) quch that

I, 0
BD_[ . BDR] (3.C.9)
. [IL 0
D C’_[O ODR]' (3.C.10)

In the proof below, we can easily see that the result still holds for » = 0 and r =
min(g, n, p) with the conventions adopted in Section 3.2.

Proof. Let r, q, n and p be positive integers such that » < min(gq,n,p). Let B € R?*",
C € R"*P and P € R@=)*(P=7) guch that

3.C.11)
We have

B[Cy,Cs,...,Cp] = [I] : (3.C.12)
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I

0

Since the columns of [ } are linearly independent,

tk(B[C1,Cs,...,C]) =71

and the vectors C'1, . . ., C, are necessarily also linearly independent. Using the incomplete
basis theorem, we complement (C1, . .., C,) to form a basis (C1,...,Cr, E,y1, ..., Ey).
We denote E = [C1,...,Cy, Ery1, ..., Ey] € R™*™. By construction, the matrix E is
invertible.

We now set B’ = BE and C' = E~'C. In particular
B'C’ = BC. (3.C.13)

Also notice that
so that

Therefore, we can write

(3.C.14)

0 Cbr

where Cyg € R™P™) and Cpr € R*@~") are such that [SUR} =
DR

Eil[CfH_l, ceey Cp]
Now notice that, using (3.C.12),

B' = BE
:B[Cla“'7CT7ET+17"'7ETL]
- { {)T ggf; } (3.C.15)

where Byp € R™(™™ and Bpr € RO™*(7) are such that [gUR} —
DR

B[E;41,...,E] .
Plugging (3.C.15), (3.C.14) and (3.C.11) in the equality (3.C.13), we obtain

I, Bygr I, Cyp | | I, O
0 Bpr 0 Cpr| | 0 P|’

I, Cuyr+ByrCpr | | I, O
0 BprCpr |0 P |-

which yields
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Therefore, Cyr + ByrCpr = 0 or, equivalently ,

Cur = —BurCbhr - (3.C.16)
I, —Buyrgr . . . )
Define F' = 0 I . The matrix F' is invertible. Moreover, using (3.C.14) and
(3.C.16) we have
o' — | Ir —BurCbpr
_ IT _BUR Ir 0
I O I A 0 Cpr
I, 0
p— F .
[ 0 CDR ]

Therefore, if we define D = E'F, D is invertible and

D*C:F*E*C:F*O:[h ()].

0 Cpr

This proves (3.C.10).
In order to prove (3.C.9), we remark that, using (3.C.15) and the definition of F', we also
have

BD = BEF
=B'F

_ | I+ Bur I, —Byr
0 BDR 0 In—'r

| Ir 0
L0 Bpr |
This proves (3.C.9) and concludes the proof. ]
Now we prove Proposition 5.

Proof of Proposition 5. Let W = (Wy, ..., W) be a first-order critical point of L. Then
using Lemma 10 there exist D € R4 *% invertible and a matrix M € R%*% which
satisfies Wy - - - Wo M = 0 such that

Wy ---Wo = [Us, 0]D (3.C.17)
ULy xS

W1:D1|: 0

] + M. (3.C.18)

Denoting D; = D! and using (3.C.17), we have Wy --- Wy Dy = [Us,0]. Then ap-
plying Lemma 12 with A = Wy and B = Wgy_1---W3Dq , there exist an invert-
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ible matrix Dyy_; € Réi-1%dn-1 and matrices Zy € R(@—)x(dr-1-") and Bpp €
R(dr—1-7)x(d1—7) gych that

Wy := Wy Dy = [Us, UgZx]
I, 0 }

.C.1
0 Bpn (3.C.19)

Dyt Wi 1---WaDy = [
The first equality proves (3.3.1).
Then applying Lemma 13 to (3.C.19) with B = D;11_1WH_1 andC = Wgy_q---WoD; we
get the existence of an invertible matrix Dy_o € R4-2%di-2 Opp e R(dn—2-7)x(d1-7)
and Zy_q € Rla-1=7)x(dm—2-7) guch that

—~ I 0
W_::Dlw_D_:[’“ }
H-1 H—1YWH-1LVH-2 0 ZH—l
and
I 0
Dl o WDy = r
g oWH_2---WaD1 [0 CDR:|

Reiterating the process by using Lemma 13 multiple times with B = D,:lWh and C =
W1 ---WaD; for h decreasing from H —2 to 3, we can conclude that there exist invertible
matrices Dj, € R%*? and matrices Z;, € R(4—7)*(d-1=7) for h € [2, H — 1], such that

I, 0

Wy, == Dy "Wy Dy = [ OT Z, ] Vhe[2,H—1].

This entails (3.3.3).

TE 271
We also have from (3.C.18) that W = D, [US YOX XX] 4+ M with W - -- WoM = 0.
Therefore,
T —1
DW= [US EY(;(ZXX] + DM .

Using (3.C.17), D1 = D~1and Wy - - - WoM = 0, we obtain

[Us, 0)D;'M =0.

Writing Dl_lM = {?)] , where Zy € R™%= and Z; € R(d1-7)%dx e have
1

0=[Us, 0)D;*M

— [Us, 0] E‘j

= UsZp .
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Multiplying on the left by Ug we obtain

Zp = 0.

Therefore D} Iar = [ ;

} , which yields
1

~ _ ULy x 234
lezpllwlz[ s Yz)j XX} :

This proves (3.3.2).
Finally we have

W - Wy = (WuDpg-1)(Dit \Wr—1Dp—2) - - - (Dy 'WaDy)
— Wy --- WaDy
=[Us, 0],

where the last equality is due to (3.C.17) and D; = D~!. This entails (3.3.4) and concludes
the proof. O

3.C.2 Proof of Proposition 7

We first make a comment about notational subtleties to help understand the statement of
Proposition 7, and then prove the proposition.

Recall that 7,4, = min(dgy,...,dp), and d, = dy > dy, = dpy by assumption.
Therefore, in the statement of Proposition 7, some blocks Z;, have 0 lines or 0 columns, and
thus do not exist. For example, depending on the value of 7,,,,,, we have

Wy =Us,..Di" if Tae = dpr—1
Wi =DUE  SyxSYl if rmee = da

and for h € [2, H — 1]

Dh |: Ir'maz

0 } D}:_ll if 1'pae = dh < dh—l
I
Wy =< Dy, [ fmaz ] Dt if Poae = dn—1 < dp,

Dy 1

Tmax

D, if gz = dn = dp 1

Also, if 7y = dy, then Qe = 0, hence Uy,,.. € R%*0 and Zy € ROX(dH-1-"maz)
Then, using the convention in Section 3.2, Uq,,,, ZHn = 04, so that Wg =
-1 dyXxdg— '
[Usmaﬂc ) Odyx(dH—l_"’maz)]DH—]. € R yX@H-1 :
We are now ready to prove the proposition.

X (dHfl —Tmazx ) ’

Proof of Proposition 7. Let Syaz = [1, Pmaz]- Let us first prove that W is a global mini-
mizer of L if and only if W is a first-order critical point of L associated with S,,,4,. From
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Lemma 5, we have

UspanUs SyxEyy € argmin |RX —Y|*.
- ReRddez
rk(R)<rmaaz
Let W be a first-order critical point associated with S,,4, (note that from Proposition
2, such W exist). We have Wy ---W; = Us,, . Ugmz Yy XZ;(IX, hence, for all W =
(Wi, ..., W), since tk(Wp; - - W) < Tz, We have

LW)> min ||[RX -Y|?=|Wg---W1X —Y|?=LW).

ReR%y*dw

rk(R)<rmaz
As a consequence, W is a global minimizer of L.
Conversely, if W is a global minimizer of L, then W is a first-order critical point of
L. From Proposition 1, there exist S C [1,d,] of size r € [0,7mqs] such that
Wy---W1 = USUEZYXE;X, and we have L(W) = tr(Xyy) — > ;cs\i- But we
have from Assumption H, A\; > ... > )\dy, and, since X is invertible (see Lemma 4),
then Ay, > 0. Therefore, using Proposition 2, W is a global minimizer of L implies
that S = [1,7maz] = Smaz- Hence, W is a global minimizer of L if and only if W is a
first-order critical point of L associated with Sy,
Let us now prove Proposition 7.
Let W = (Wg, ..., W) be a first-order critical point associated with Syyaz = [1, "maz]-
Using Proposition 5, there exist invertible matrices Dyy_; € R¥#-1*du-1 D) ¢
R4 *d1 and matrices Zy € R(dy—"maz)x(dr—1—"maz) Zy, € R(dn=rmaz)*(dn—1=Tmaz) for
h € [2,H —1],and Z; € R@1~7maz)xds gych that:

WH = [Usmaz ? UQmaz ZH} D;Ilfl

-1
Wi = D, U o Z¥ X Ex
A
I'f'maa: 0 -1
Wh = Dh 0 Z, Dh—l Vh € [[2, H — 1]] .

Conversely, consider matrices Dy, for h € [1, H — 1] and Zj, for h € [1, H] as in
Proposition 7, and

WH = I:US’NL(L(E ? UQmaac ZH} D;Il_l

W, = Dy UgmazEYXZ)_(IX
A
Wy = Dy | Treee O | p Vh e [2,H —1]
h — /h 0 Zh h—1 ) .

Since |Spaz| = Tmaaz» using Proposition 6, we have that W is a first-order critical point
associated with S,y,4;. This concludes the proof. O
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3.D Global minimizers and simple strict saddle points (Proof of
Proposition 8)

Recall that 7,4, = min(dy, . .., do).

Let W = (Wg, ..., W) be a first-order critical point of L associated with S of size
r=rk(Wg---W1) < "maz-

Case 1: S = [1, "naz] = Smaz- In this case, using Lemma 5,

Wy - W1 =Us

max

Us,

max

-1 . 2
YyxXyy € argmin ||[RX —Y“.
RERdde;C
rk(R)<rmaz

Moreover, for all W = (W}, ..., W]), since tk(W}; - - - W) < rpnaq, We have

L(W)> min |RX-Y|?=||Wg- - WX — Y| = L(W).
RERdyxdz
rk(R)ST‘maz

As a consequence, W is a global minimizer of L.

Case 2: In order to prove the two remaining statements, we assume that S # [1, r] with
0 < r < Tmag, and show that W is not a second-order critical point.

To do this we will find W = (W}, ..., W]) such that co(W, W’) < 0 (see Lemma 1 ).
More precisely, we find a linear trajectory of the form W}, (t) = W}, + tW; such that the
second-order coefficient of the asymptotic expansion of L((W},(t)),_, j) around ¢t = 0 is
negative. This proves that W is not a second-order critical point.

Since § # [[1, 7], and the eigenvalues (A)cpy 4,7 are distinct and in decreasing order
(see Section 3.2), there exist j € S and i & S such that

Ai > A (3.D.1)
We denote by S = {i1,...,4,}, hence there exists g € [1,r] such that j = i,.
Note that,
,
Us=U> Ejx
k=1

where Ej ;. € R9*" is the matrix whose entries are all O except the one in position (I, k)
which is equal to 1.

Denote by U; the matrix formed by replacing in Us the column corresponding to u; by
u; + tu;. More precisely, set

Uy =Us +tUE;, .
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SetV =UE; , € R%*" and

Vi=> Eyp+tEy€RW (3.D.2)
k=1
Hence we have
U =Us+tV=UV;. (3.D.3)

Considering D € R%*%1 a5 provided by Lemma 10, we set

i B

O(dy—r)xds
Wi=0 Vhel2,H-1]
Wi, = VUIWy .

and for all h € [1, H], Wj(t) = W}, + tW}. Note that
Wy(t) = Wg + tWy = (I, + tVUE) Wy

and therefore
K(t) == Wg(t)-- Wa(t) = (Ig, +tVUS)K ,

where K = Wy - - - Wy. Using Lemma 10, there exists M € R%*% satisfying KM = 0
such that

-1
Wy =D [ Us ¥y x¥ix } +M.
O(dy—r)xds
Hence,
T -1 T T -1
Wi(t) =D [ UsZyx2xx } +M+tW,=D""! [ (Us + V7) 2y xExx ] +M,
O(dy—r)xds O(dy—r)xdy
where M € R% %4 jg such that KX M = 0. Therefore
Wy o= Wg(t)-- - Wi(t)
= K(t)Wi(t)
T T -1
= (g, +tvuly (Dt | Us HVOEXEc | g
Y O(dy—r)xds

From Lemma 10, using that KM = 0 and K = [Us 04, x(d, )] D> this becomes

UL +tvT Sy xS }

W, = (Idy —l—tVUg)[Ug Odyx(dlfr)]DDil [ ( 0
(dlfT')Xdz

= (Ig, +tVUS)Us(UL +tVT) Sy x 5% -
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Using that UgUS = I, (see Lemma 6), we obtain
Wi = (Us + tV) (UL + VT Sy x 25 = UL Sy x 25 - (3.D.4)

Recall that our goal is to show that the asymptotic expansion of (3.D.5) around ¢ = 0 has a
negative second-order coefficient. We calculate

L(<Wh<t))h:1..H) = HWtX - YH2
=tr (W Exx W) — 2tr(WiSxy) + tr(Syy) - (3.D.5)

Let us simplify tr(W; X xx W) first. Using (3.D.4), we have
WiSxx Wi = DU Sy x 2 Sxx 25 Sxv U = U SUUT
Using (3.D.3), UTU =1, dy» 2 =U AUT and the cyclic property of the trace, we obtain
tr (WiSxxW]') = tr (UViVTUTUAUTUVVTUT) =t (VVTAVVT) =t (V)" )

We define (Ek,l)kzl..dy,lzl..dy the canonical basis of R%*% . More precisely, Fk’l €

R9v*dy has all its entries equal to 0, except a 1 at position (k, ). Note that for all a,c €
[1,dy] and b,d € [1,7]

T _
Ea,bEc,d - 5b,dEa,c 5

where &, 4 equals 1 if b = d and 0 otherwise. Using the definition of V; in (3.D.2) and
Jj =1ig4, for g € [1,7], we have

' '
vV = (Z B+ tEZ-,g> (Z El v+ tEZg>

k=1 k'=1

T
= (Z Ezkzk) +1E;, ;i +tEi;, + t°E;,
k=1

= (Z Ek,k) + tEjJ‘ + tEm‘ + t2EZ‘7i . (3.D.6)
keS

We also have for all a, b, ¢, d € [1,d,]
Ea,bEc,d = 6b,cEa,d .

Recalling that j € S and i ¢ S, we obtain

(V)2 = <<Z Ekk> +tEj; +tE; ‘|‘t2Ei,z’> ((Z Ekk) +tEj; +tE; +t2Ei,i>

keS kK'eS
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= <<Z Ekk> +tE;; +0+ 0) +(0+0+t*E;; +t°E;;)
keS
+ (tEij +tPEi; + 04 0) + (04+ 0+ t°E; j + t'Ey )

= (Z Ek,kz) + t2(1 + t2)Ei7i + t2Ej7]’ +t(1+ tz)EiJ’ +t(1+ tz)Ejyi .
kes

Finally, since for all a, b € [1,d,]

EupA = NEap (3.D.7)
we have
tr (WiSxxW]) = tr (ViV7)"A) = S A+ 20+ )N +12% . (DS
keS

Coming back to (3.D.5), we calculate the other term tr(W;X xy ). Using (3.D.4), (3.D.3)
and ¥ = UAUT, we obtain

tr(WiExy) = tr(U;UL'S) = tr(UV,VIUTUAUT) = tr(V,VTA) .
Combining with (3.D.6) and (3.D.7), we get

tr(WiSxy) = tr(ViVTA) = ) A+ 2N . (3.D.9)
keS
Finally, substituting (3.D.8) and (3.D.9) in (3.D.5), we have

LIWh(t)perg) = tr(Syy) + D Ak + 21+ )N+ 120 =2~ A — 262N
keS keS

=tr(Xyy) — Z Ak + tz()\j — i) + )\it4 .
keS

Using Proposition 1 and recalling (3.D.1), we finally get as t — 0,
LWi(t) ey g) = LIW) +ct® +o(t*) with c=X; -\ <0.

Therefore, we conclude from Lemma 1 that W = (Wp, ..., W) is not a second-order
critical point.

3.E Strict saddle points with S = [1,r], r < 7,4, (Proof of
Proposition 9)
We refer the reader to Section 3.4.2, which introduces the 4 cases proved below. Recall

that S = [[1,7] and we set @ = [1,d,] \ S = [r + 1, d,].
In this section, for each vector space R%, we will denote by e,,, the m-th element of the
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canonical basis of R?% . That is, the entries of e,, € R% are all equal to 0 except for the
m-th coordinate which is equal to 1. The size of e,, will not be ambiguous, once in context,
so we do not include it in the notation.

Remark about » = 0: Using the conventions of Section 3.2, in this case we have S = ()
and @) = [1,d,]. Hence Us is the matrix with no column, Ug = U, and UgUg = 04, xd,-
For example, we still have I, = USUfSF + UQUS . We can easily follow the proofs below
with these conventions and see that the result still holds.

3 E1 I1Istcase:ic [2,H —1]andj =1

In this case, the two complementary blocks are > xy Wy - - - W1 and W;_q - - - Wo. Re-
callthat S = [1,r] and r < rypa, = min(dy, ..., dy). Note that tk(Xxy Wy -+ Wiy1) =
rk(Wy -+ - Wig1) because X xy is of full column rank (see Assumption , in Section 3.2) .
Since the pivot (4, 7) is not tightened, using Proposition 3, we have

k(Wy ---W; >
(W Win) > G.E.1)
I‘k(WZ‘_l s WQ) >,
Let us first show that there exists k& € [r 4+ 1,d,] and | € [1, d;] such that
Uf (Wi -+ Wig1) 1 #0. (.E2)

Indeed, assume by contradiction that for all £ € [r + 1,d,] and [ € [1,d;] we have
ULWy - Wig1) = 0.

Recalling that @ = [1,d,] \ & = [r + 1,d,], we obtain USWH -+« Wiy1 = 0. Using from
Lemma 6 that [, = UgUg + UQUg, we have

Wy - Wip1 = (UsUE + UQUH) Wi -+ Wiga
= UsUL Wy -+ Wigy.

Therefore,
rk(Wi -+ Wiy1) = tk(UsUE Wi - - Wisq).

The latter is impossible since rk(UsUL Wy - - - Wit1) < |S| = r, which is not compatible
with (3.E.1). Therefore (3.E.2) holds.

Since W is a first-order critical point, using Lemma 10, there exists an invertible matrix
D € R4*d1 gych that

Wiy -+ Wa = [Us,0q, x (4, —r)| D (3.E.3)
and since W is associated with S, we have

Wy Wy =UsUS Sy x T - (3.E4)
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Using (3.E.1) and D invertible, we have rk(W;_1---WoD™1) = rk(W;_1---W3) > r.
Hence there exists g € [r + 1, d;] such that

(Wi—q---WaD™Y) ,#0.
Therefore, there exists a € R%-1 such that
(Wi WoD™Y) ,=1. (3.ES5)

Recall that k, [ satisfy (3.E.2). We define W)y = (W7, ..., W/") by

W;ﬁ = BW] = Bea € R%ixdi-1 where ¢; € R%
Wl’ﬁ =W = D7 le,Ul'Sy x Y5y € R*dx where e, € R
WP =0 vhel[2 H]\ {i}

We set WO(t) = (Wi (L), ..., W/ (t)) such that W (t) = W), + tW,” for h € [1, H]. We
have

W) 1 = Wi (t) - Wi (t)
=Wy Wi (W; + tﬂW{)I/Vl;l W (W + thl)
=Wy---W; +t(5WH'“Wi+1W¢/Wi—1"'Wl +WH---W2W1')
+ BEWy - Wil WIW,_y - - W W

Using (3.E.3) and (3.E.4), we obtain

Wht) = UsUL Sy x5 + t(BWg - - Wi a W/ Wiy - W1 + [Us, 0|DD e, Ul Sy x B3 )
+ ,Bt2(WH e Wi+1),7laT(Wi_1 ce WQDil)WgUgnyz)_(lX .

Using (3.E.5) and g € [r + 1, d;], we have
Wht) = UsUL Sy x5 +t8Wrg - Wia W/ Wiy - Wy + B2 (W - W) JUE Sy x S5 -
Denoting N=Wyg--- Wi—i-IWi/Wi—l --- W1, we have

LWP(t)) = (W)X - Y|
= |UsUESy xS X =Y +tBNX + B2 (W - - Wig1) JUL Sy x S X2

Expanding the square, the second-order term ca(W, W/’g)t2 has a coefficient equal to

c2(W, Wh) = B2|INX|* + 28 tr(Wg - - Wig1) oUL Syx S XX TS Sxy UsUL)
—2Btr(Wg -+ Wi1) Ul Sy xS XYT)
= BYINX|? + 2B tr(Wer - - Wig1) UL SUSUL) — 28te(Wg -+ - Wis1) JULY)
= B*|NX||> = 28NUL (Wi -+ Wi1) 1
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where the last equality follows from Lemma 7 and k ¢ S, and UTY = AU and the cyclic
property of the trace.

Using Lemma 4 and (3.E.2), we have )\kUkT(WH -+ Wit1) .1 # 0, hence we can choose /3
according to (3.4.2), such that co(W, WfB) < 0. Therefore, W is not a second-order critical
point.

3.E2 2ndcase::=Handj=1

In this case, the two complementary blocks are > xy and Wg_1 - - - Wo. We follow
again the same lines as above. Since the pivot (4, j) is not tightened, using Proposition 3,
we have

rk(WH_1 s WQ) >Tr. (3.E.6)

Again, since W is a first-order critical point, using Lemma 10, there exists an invertible
matrix D € R%*d1 gych that

Wi -+ Wa = [Us, 04, x (4, )| D (3.E.7)
and since W is associated with S, we have
Wiy Wy = UsUS Sy x 55 - (3.E.8)

Using (3.E.6) and D invertible, we have rk(Wy_1---WoD™Y) = rk(Wy_1 --- Wa) > 7.
Hence there exists g € [r + 1, d;] such that

Wiy -+ WaD™1) g #0.
Therefore, there exists a € R -1 such that
al'(Wg_y---WoD™Y) ,=1. (3.E.9)

We define Wy = (W7, ..., W;") by

Wy = Wy = U, 110" € R
W{B = W{ = D—legUfHZYXE)}%X e Rledx, where e, € R
W/’ =0 Vhel2,H-1].

We set W2 (1) = (Wh (t),..., WP (t)) such that W (t) = Wy, + tW;”, forall h € [1, H].
We have

WAt) = Wiyt) - W ()
= (WH + tﬁW{g)WH_l . WQ(Wl + thl)
=Wy Wi+ t(BWEWy_1--- Wi + Wy - WoW/{) 4+ BEW Wi _1 - Wo W] .
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Using (3.E.7) and (3.E.8), then (3.E.9) and g € [r + 1, d;], we obtain

Wht) = UsUL Sy x5 + t(BWEWi_1 -+ Wi + [Us,0lDD e, UL Sy x S5 )
+ Bt2U 10’ (W1 - - WoD™Y) UL Sy x 25K
= UsUS Sy xSy +tBWLWr_1 - Wi + Bt2U, UL Sy x Sy -

Denoting by N = Wy, Wy_1 - -- W1, we have

LW(t)) = [WP(t) X - Y?
= |UsULSy x5 X — Y +tBNX + Bt2U, 1 UL Sy xS X2
As previously, expanding the square, we can see that the second-order coefficient co (W, WfB)
of the polynomial L(W?”(t)) is given by
co(W,Wj) = B2NX|? + 28 tr(Ur 1 UL By x By XX T2 Sxy UsUS)
= 2Btr(Ur 11U Sy xS XYT)
= BINX|* + 28 tr(Ur1U 1 SUSUE) — 2B tr(Ur 1 U1 3

Using the cyclic property of the trace, UgUrH = 0 (see Lemma 6), and XU, =
Ar+1Ur41, we obtain

ca(W,Wp) = B NX|1* = 28X\ 11U U
= BINX|* =281 -

Using Lemma 4, we have \,;; # 0, hence we can choose /3 according to (3.4.2) such that
c2(W, W/B) < 0. Therefore W is not a second-order critical point.

3E3 3rdcase:i=Handjc [2,H— 1]

In this case, the two complementary blocks are W;_1--- WX xy and Wy _1--- Wj4 1.
We follow again the same lines as above. Since the pivot (i, j) is not tightened, using
Proposition 3, we have

k(Wg—1---Wiy1) >
Wt Wia) > (3.E.10)
rk(Wj_l s lexy) >7r.
Let us first show that there exist £ € [+ 1,d,] and [ € [1,d;_1] such that
(Wj_l s Wl)h.z:)(yUk ;é 0. 3.E.11)

Indeed, assume by contradiction that for all k € [r +1,d,] and ! € [1,d;_1] we have

(Wj,1 cee Wl)lrznyk =0.
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Recalling that @ = [1,d,] \ S = [r + 1,d,], we obtain W;_; --- WX xyUg = 0, and
using, from Lemma 6, that Idy = UgUg + UQUS, we have

Wi_1- WiSxy = Wj_1 - WiSxy (UsUZ + UgU3)
=Wj_1-- W1 SxyUsUZ .

Therefore,
tk(W,_1-- - W1iZxy) = tk(Wj_1 - W1 BxyUsUZ).

The latter is impossible since rk(W;_; --- WX XyUgUg) < |S| = r is not compatible
with (3.E.10). Therefore (3.E.11) holds.

We know that tk(Wg - - Wjy1) > rtk(Wg --- W;) = r. Therefore, depending on the
value of rtk(Wp - - - Wj41), we distinguish two situations: either rk(Wg - -- Wjy1) > ror
rk(WH s Wj+1) =T.

When rk(Wg---Wj11) > r, since Y¥xy is of full column rank, we have
tk(ExyWy - Wip) = tk(Wg---Wjpq) > r. Also, using (3.E.10), we have
tk(Wj—q---Wa) > rk(W,_1---W1Xxy) > r. Hence, in this case, the pivot (j,1) is
not tightened either. We have already proved in Section 3.E.1 (beware that the pivot is
denoted (4, 1), not (4, 1), in Section 3.E.1) that, when such a pivot is not tightened, W is not
a second-order critical point. This concludes the proof in the case rk(Wg - - - Wji1) > 7.
In the rest of the section we assume that tk(Wg - -- Wjyq) = r.

Using (3.E.10), we have tk(Wg_1---Wjt1) > r = tk(Wg --- Wj41). Applying the
rank-nullity theorem we obtain

Ker(WH_1 s Wj+1) g Ker(WH s Wj+1).

Therefore there exists b € R% such that

be Ker(Wg---W;
er(Wi -+ Wis1) (.E.12)
b §é Ker(WH_1 cee Wj+1) .
Hence, there also exists a € R -1 such that
atWy_y- Wjpb=1. (3.E.13)

Recall that k, [ satisfy (3.E.11). We define W = (WI'JB7 - W{B) by

Wy = Wi = BUka” € Rbsxdn-1
W7 = Wi =bel € RL*%-1, where ¢; € R%~1
W, =0 Vhe[1,H]\ {i,j}

We set W2(t) = (Wfl(t), ce Wlﬂ(t)) such that Whﬁ(t) =W +tW,;ﬁ for h € [1, H]. We
have

W) s = Wi(t)---W(t)
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= (W +tBW)Wh_1-+ Wi (W + tW)HWj_y - Wy
=Wyg--- W1+ t(,BW;LIWH_l W+ Wy Wj+1W;Wj_1 cee Wl)
+ Wi Wia WiW_q - Wy

Using Proposition 1 and the definition of W’ﬁ above, we obtain

Wht) = UsUL Sy x 25 +t(BWEWr_1 - Wi + Wi -+ Wi 1bef Wiy -+ W)
+ BtQUkaTWH_l cee Wj+1b(Wj_1 cee Wl)l,.
= UsULSy xS +tBWEWy_q -+ Wi + BEEUL(Wj—q - W),

where the last equality follows from (3.E.12) and (3.E.13) .
Denoting N = W, Wg_; --- Wi, we have
LWP (1)) = [WP(#$)X - Y|?
= |UsULSyx XA X — Y +tBNX + Bt2UL(W,_y --- W), X || .

Using the cyclic property of the trace, and, since k ¢ S, UgUk = 0, we get in this case a
second-order coefficient equal to

c2(W,Wj) = B2 INX|? + 28 tr (Up(Wj—1 - W), XX TS Sxy UsUYE)
= 2Btr(Up(Wj—1---W1), Exy)
= BINX|? - 28(Wj—1--- W), Sxy Uy -

Since from (3.E.11), (W;_1 --- W1); X xy Uy # 0, we can choose 3 according to (3.4.2),
such that co(W, W,ﬂ) < 0. Therefore W is not a second-order critical point.

3.E4 dthcase: i,j € [2, H — 1], withi > j

In this case, the two complementary blocks are W;_1--- W1 X xyWpg ---W;y1 and
Wi_1---Wj41. We follow again the same lines as above. Since the pivot (4, j) is not
tightened, using Proposition 3, we have

k(W;_q--- W, >
Wiy oo Wia) > v (3.E.14)
I‘k(VVj_l WX xy Wy Wi+1) >Tr.
Let us first show that there exist £ € [1,d;] and [ € [1,d;_1] such that
(W1 W), ExyUQUS (W -+ Wig1)  #0 . (3.E.15)

Indeed, assume by contradiction that, for all k € [1,d;] and [ € [1,d;_;], we have

(Wi—1- - W), SxyUU (W -+ - Wig1) e = 0.
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Then Wj_y -+ WiZxyUQUA Wi - - - Wit1 = 0, and so, using Iy, = UsU§ +UqQUj, we
would have

Wig- - WilxyWpy - Wipn = Wiq - - Waikixy Iy Wy - - Wit
= Wj_1--- WiSxy (UsU§ + UQUQG) Wy -+ Wiga
=Wy WiSxyUsUIWg - Wiyq .

Therefore,
rk(Wj—1- WiSxyWe -+ Wig1) = tk(Wj_1 -+ - W1 Sxy UsUE Wy -+ Wig1).

The latter is impossible since rk(W;_; - - - WIEXyUSUgWH <+ Wit1) < |S] = risnot
compatible with (3.E.14). Therefore (3.E.15) holds.

We know that tk(Wp - - - Wjiq) > rtk(Wy - - - Wi ) = r. Therefore, depending on the
value of tk(Wpy - - - Wj41), we distinguish two situations: either tk(Wg - - - Wj4q) > ror
I‘k(WH e Wj+1) =T.

When rk(Wg---Wji1) > r, since Xxy is of full column rank, we have
tk(Exy Wy - Wip1) = tk(Wy---Wjp) > r. Also, using (3.E.14), we have
tk(Wj_y---Wa) > tk(W,_y - - W1ExyWg --- Wiy1) > r. Hence, in this case, the
pivot (7, 1) is not tightened either. We have already proved in Section 3.E.1 (beware that the
pivot is denoted (7, 1), not (j, 1), in Section 3.E.1) that, when such a pivot is not tightened, W
is not a second-order critical point. This concludes the proof when rtk(Wg - - Wjyq) > 7.
In the rest of the section we assume that tk(Wg --- W) = .

Using (3.E.14), we have tk(W;_q1---Wji1) > r = rtk(Wg---Wj41). Applying the
rank-nullity theorem, we obtain

Ker(I/V,-_l ce Wj+1) g_ Ker(WH ce Wj+1).

Therefore there exists b € R% such that

be Ker(Wg---W;
er(Wir - Wi) (3.E.16)
b ¢ Ker(W,-_l ce Wj+1) .
Hence, there also exists a € R%-1 such that
alWi_q - Wipb=1. (3.E.17)

Recall that k, [ satisfy (3.E.15). We define W); = (W7 ... . W}?) by

Wi’ﬁ = 5Wi’ = BekaT € Raixdi-1 where e € R
W =W/ =be] € Ru*%-1 where ¢, € R%-1
W' =0 vhe[1,H]\ {ij} .
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We set W (t) = (Wi(t),..., W/ (t)) with W/ (t) = W, + tW,” forall h € [1, H]. We
have,

WEt) : =Wht)-- Wit
=Wa - Wit (W; + tBW ) Wiy -+ Wi (W) + tW) Wy -+ Wy
=Wy Wi+ t(BWy - Wi aWIWi_y - W +WH~~W]‘+1W;WJ‘_1-~W1)
+ B2 Wyy - - - WiaW/W;_q -+ WjJer](Wj_1 7

Using Proposition 1 and the definition of ng above, we obtain

WPh(t) = UsUS Sy x S5 + t(BWy -+ Wiga Wi Wiy -+ Wi + Wy -+ Wigibe] Wiy - W)
+ BEWi - Wig1) pa” Wisq -+ Wipab(Wj—y - - Wh),.,
= UsUE Sy xSy +tBWi - Wi d WiWig - Wy + BEWer -+ Wis1) (W1 - W),

where the last equality follows from (3.E.16) and (3.E.17) .
Denoting N = Wy - - - Wiy W/W,;_y - - - W7, we have

LW’(t)) = [WP(t)X — Y|
= |UsUE Sy xS X =Y + tBNX + B* (W -+ Wi1) x(Wj—1 - W) X

The second-order coefficient of L(W?(t)) is equal to

CQ(W, WIB) = ,82HNXH2 + 28 tr ((WH cen Wi+1).,k(Wj—1 cen W1)17.XXT2)_(£(2X§/U3U§)

—28tr (Wrg -+ Wig1) xg(Wij—1--- W1i) Exy)
= B2INX|2+28tr (Wy - Wiz1) e(Wje1 -+ Wi)y, Sxy (UsUE — 1)) -

Using, from Lemma 6, that UgUg —1q, = —Uq Ug , and then the cyclic property of the
trace, we obtain

c2(W,Wj) = B2INX | = 28tr (Wh - Wis1) o (Wj—1 -+ W), SxyUgUQ)

3]

= 52”]\7)(”2 — 2B(Wj,1 e Wl)lj,znyQUg(WH o Wig1) k-

3]

Since from (3.E.15), (W1 --- Wl)l,,ZXyUQUg(WH <+« Wiy1).x # 0, we can choose 3

)

according to (3.4.2) such that ca(W, W’ﬁ) < 0. Therefore, W is not a second-order critical
point.

3.F Non-strict saddle points

In this section, we prove the results related to non-strict saddle points (see Section 3.4.3).
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3.FE.1 Proof of Proposition 11

To prove Proposition 11, we show that for any W', co(W, W’) > 0, which is equivalent
to say (see Lemma 1) that W is a second-order critical point. We follow the proof strategy
sketched in Section 3.4.3 after the statement of Proposition 11, and use the same notation
introduced therein. Note that a first-order critical point can only be tightened if H > 3.
Therefore, in all of this section we make the assumption H > 3. Recall that m is the number
of examples in our sample, S = [1, 7], with r < rpq.. Weset Q = [r + 1,d,].

Recall also that

S22 = Sy x 2 X € R,
and
n2 =uAvT

is a Singular Value Decomposition of ©1/2, where A € R%*™ is such that A;; = /X; for
alli € [1,dy], and (Xi);_; 4, are the eigenvalues of X.
We denote

A = diag(\/A1,...,\/A) €RTXT (B3.ED)

and

AQ = diag(y/Ari1, ...,/ Ag,) € RET¥d=r) (3.F2)

Recall that, from Section 3.4.3, co(W,W') = FT + ST .

In what follows, we are going to present a key lemma, then various quick technical lemmas,
then we simplify the expressions of £'T" and ST and conclude the proof of Proposition 11.
Then, we prove all the lemmas of Appendix 3.F.1.

We present a lemma which uses that W is tightened to simplify some products of weight
matrices and lighten further calculations. This is a key lemma as it introduces indices p and
q which will be used multiple times in the proof.

Lemma 14. Suppose Assumption H in Section 3.2 holds true. Let W = (W, ..., W)
be a first-order critical point of L verifying the hypotheses of Proposition 11, and r, S,
Q, (Zn)n=1..g as in Proposition 11. If W is tightened, then, there exist p € [3, H] and
q € [1,min(p — 1, H — 2)] such that:

vie[lp—1], Wy-- Wi =[Us, 0] .E3)
Vie[p H], Wii--W,= [ g 8 } (3.F4)
Vielg+1,H], Zii- ZsZ1SxyUg =0 (.ES)
Vie[l,ql, Wyoi- Wi = [ I(;” 8 } . (3.F6)



3.F. Non-strict saddle points 105

The proof of Lemma 14 is in Appendix 3.F.1.5.

3.F.1.1 Useful technical lemmas

We now present technical lemmas which will be useful in Sections 3.F.1.2, 3.F.1.3 and
3.F.1.4. In all of these Lemmas, we have S = [1,7] and @ = [r + 1,d,], and Assumption
‘H holds true.

Lemma 15. We have
SxyUg = XVA@
The proof of Lemma 15 is in Appendix 3.F.1.6.
Lemma 16. Let n be a positive integer. For any matrices A € R%*" and B € R™" we
have

IA+UsB|* = |U§ A+ B|* + |UGA|* .

The proof of Lemma 16 is in Appendix 3.F.1.7.

Lemma 17. Let n be any positive integer. For any matrices A € R"*" and B € R (dy—)

we have:
(AUESy xSy X, BVS) =0.

The proof of Lemma 17 is in Appendix 3.F.1.8.

Lemma 18. Let n be any positive integer. Let W = (Wp, ..., W) be a first-order critical
point of L verifying the hypotheses of Proposition 11, and r, S, Q, (Zp)p=1..g as in
Proposition 11. If W is tightened, then, for ¢ as in Lemma 14, for any matrices A €
R?*(da=7) and B € R"*(4v=7") we have:

(AZy-ZZ1X , BVS) =0.

The proof of Lemma 18 is in Appendix 3.F.1.9.

Lemma 19. For any matrix A € R(%~")*" we have
roody
JAUE Sy x S5 X2 =D > (ha = M) (Apra)® + [|AD A
a=1b=r+1

The proof of Lemma 19 is in Appendix 3.F.1.10.

Lemma 20. Let W = (W, ..., W) be a first-order critical point associated with S. For
any matrix A € R%>%  we have

(AX , Wy WX =Y)=(A, -UgUbSyx) .

The proof of Lemma 20 is in Appendix 3.F.1.11.
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3.F.1.2 Simplifying F'T

In this section and the next one, we simplify the expressions of F'1" and ST" as defined
in (3.4.9) and (3.4.10). In order to decompose FT = a1 + || A2||? + || A3]|? + || A4]|?, with
aj > 0, we first simplify the terms 73, for i € [1, H], defined in (3.4.7). Let us first consider
W tightened satisfying the hypotheses of Proposition 11, and p and ¢ defined as in Lemma
14. The simplification of 7T; depends on the position of ¢z with regardto 1, ¢, p and H. We
define J; = [p,H — 1], Jo =[¢+ 1,p — 1] and J3 = [2, ¢].

Note that, according to the convention in Section 3.2, these sets could be empty.

— ifp=H,J; =0
— ifg=p—-1,J2=10
— ifg=1,J3=10 .

Note also that {1}, J3, Jo, J1, {H} are disjoint and {1} U JsU Jo U J; U{H} = [1, H].
Depending on the position of 7, we need to distinguish four cases, in order to simplify 7;.

Lemma 21. Suppose Assumption H in Section 3.2 holds true. Let W = (W, ..., Wi)bea
first-order critical point satisfying the hypotheses of Proposition 11, and r, S, @, (Zp,)p=1..1
as in Proposition 11. Let i € [1, H]. For any W' = (Wp,, ..., W), recall that , as defined
in (3.4.7),

T; :WH"'Wi+1M/Z',Wi—1"'W1X-

If W is tightened, then, for p and ¢ as defined in Lemma 14 and J;,J2,J3 as defined above,
we have

— Fori = H:
Ty = (W) 12Us Sy xS X (3.F7)
— Fori € Ji:

Ty = Us(W)1r12Us Sy xSk X + UQZuZu—1 -+ Zist(W))ri1:d,12US Sy x Sk X
(3.E.8)

— Fort € Jy U Js:
T = Us(W])1:10US Sy x S x X + UsW)) triritidsy Zie1 -+ Z2Z1 X (3.F9)
— Fori = 1:
Ty = Us(Wi)1r, X (3.F.10)
The proof of Lemma 21 is in Appendix 3.F.1.12.

We now simplify F'T. Substituting the formulas of Lemma 21 in (3.4.9) we have

H 2

> T

=1

FT =
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= H W;—I 1-rU§ZYXE)_(1XX
+ Y (UsW)1r10USSyx S35 X + UgZuZu 1 -+ Zist(W))ry1:a,12US Sy x Sx'x X)

i€Jy

+ > D11 US Sy x S5 X + UsW) i1y Zie1 -+ ZaZ2 X)) + Us(Wi) 1, X

1€JoUJ3

FT can be identified with a term as ||A + UsB||? if we take

A= (Wi 12USSy xS X+> U ZuZi—1 - Zist(W))ps1:a,1:US Sy x X
i€Jy

and

B=> (W)ir1Us By x By X
i€Jy

+ Z 1 r,1: TUS ZYXEXXAX + (‘/Vi/)lzr,r—&-l:di,lzi—l te ZQZIX) + (Wll)lzr,.X .

1€JoUJ3

Applying Lemma 16, F'T" becomes:

FT = ||U§ A+ B|* + |UHA|?

= |UEWi) 10 UESyx S5 X + Y UEUZuZu 1+ ZiA(W)rir:a, 10 UE Sy x Sy X

i€Jy
+Z lrlrUSEYXEXXX
i€J1
2
+ Z M1 Us Sy xS X + W)t tds 1 Zic1 -+ Z2Z1X) + (W) 1, X
1€JaUJ3

+ | UG W) 1 US Sy xSx5 X + D UGUQZuZu 1 -+ Zisa (W )ri1:41::US Sy x Dxy X
1€y

Using Lemma 6, we have UEUQ = 0 and UgUQ = Idy_,,, hence we can write
FI'=FI1 + FTy ,

where

FTy = |UE (W) 10UESy xS X + D (W) 112U Sy x D5 X
i€J1



108 Chapter 3. The loss landscape of deep linear neural networks

2

+ > (W1 UE Sy xS X + Wttt Zic1 -+ 220 X) + (Wi X||

1€JoUJ3
and
2
FTy = (U (Wi) 12U Sy xS X + Y ZuZu—1 -+ Ziga(W))rs1:4,1::US Sy x Sk X
i€Jy
Let us first simplify F'717.

Recall that m is the number of examples in our sample, V' € R™*" is the orthogonal matrix
definedin (3.2.1)and Q = [r+1,d,]. WesetS’ = SU[dy+1,m] = [1,r]U[d, +1,m]
such that S’ U Q = [1,m].

Reordering the terms and, since V is orthogonal, using I, = VV7T = Vg VSJ: + VQVg ,
we have

Fh = UE(WI/{)”LT + Z (M/i,)lzr,l:r ngyxz)_&xX
i€ J1UJoUJ3
+ Z(Wi,>1:r,r+1:di,1zi—1 RNV AVAD. S
1€Jo

2

+ Y- WDvrpsria, Zicr - ZaZa X + (Wi X | (Vo VE +VoVE)
i€Js

Since for i € Jo, we have i — 1 > ¢, we denote
N = Z(Wi/)lzr,r+1:di_1Zi—1 o Zgi1
i€y

Recall that, using the convention in Section 3.2, fori — 1 = ¢, we have Z;_1--- Z,41 =

I dg—r-
‘We also denote

M= W)irritd, 1 Zio1 - Z2Z21 XV + (W), X Vo
i€J3
= W)irrirdi s Zicr -+ 2220 X Vs + (W)her, XV,
i€J3
L:= g(W;{).,lzr + Z (Wi/)lznlzr .
i€J1UJ2UJ3

Therefore, we obtain

FTy = |LULSy x S8 X + NZy - 221X + JVE + MV ||
— |[LUESy x S35 X + N2y 220 X + JVE | + || MV |
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+2(LUESy xS X + NZy - 221X + IV, MV .

Using Lemma 17 and Lemma 18 and Vg Vs = 0 (since V' is orthogonal), the cross-product
is equal to zero.
Noting also that since V' is orthogonal [[MV{|* = tr(MVVoMT) = tr(MMT) =
| M||> = || M7, we have

FT) = |[LULSy xS X + N2, 2220 X + JVE|| + ||M7 ||
= Al + [ Ag]?

where

Ay = LULSy xS\ X + NZy -+ Zo 20X + JV
= U (Wh).1aUS Sy xExh X + 3 (W11 US Sy x Exi X

i€J1
S (V)10 UESy x S5 X + (W tirs a1 Zir -+ ZoZ1 X)
i€J2
+ > (W) US Sy xS X + W11y Zior -+ ZaZ1 XV V) + (W) 1, X Vi V3,
i€J3
3.E11)
T
Agi=MT = | Y W) trritidr Zicr - ZaZ1 XV + (Wi XV | . BE12)
i€J3
Let us now simplify F'T5.
We have F'Ty = HAUEEYXE;XX 2, with
A=Us(Wp). 1 + Z ZuZy-1 - Zigt(W))rg v 10 € R
i€Jy
Hence, using Lemma 19, we have
r dy
FTy =3 > (= %) (Apra)” + 12D 42
a=1b=r+1
2

r dy
= Z Z Ao =) | U (W) + Z(ZH)bfr,.ZH—l - Zigt (W) g 1ds
a=1b=r+1 i€
2

+ A(Q) US(W;—[).,:[:T‘ + Z ZHZH—I e ZiJrl(m{)r—‘,-l:di,l:r
i€Jy
= a1 + || 43%
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where
T dy 2
=% > o= ) | U Wi)oa+ Y (Zi)or, Zrr—1 -+ ZinnW)rs1dsa
a=1b=r+1 =
(3.F.13)
Az = A US(W;{).,I:T + Z ZuZp-1- Zisa(Wy)ri1ds 1o (3.F.14)
i€Jy
Finally,
FT =FT\ + FTy

= a1 + [|A2||® + [|A3]|* + (|44l , (3.E15)

where a1, Ao, A3, A4 are defined in (3.F.13), (3.F.11), (3.F.14), (3.F.12). Notice that, since
A1 > -+ > Ag,, we have

a1 >0. (3.F.16)

3.F.1.3 Simplifying ST

In this section, we prove that ST = —2 (A3, A4), where ST, A3 and A4 are defined
in (3.4.10), (3.F.14) and (3.F.12). In order to do so, we first state a lemma that simplifies
the terms 7; ; defined in (3.4.8). We remind that the sets J;, J> and J3 are defined at the
beginning of Section 3.F.1.2.

Lemma 22. Suppose Assumption # in Section 3.2 holds true. Let W = (W, -+, W)
be a first-order critical point satisfying the hypotheses of Proposition 11, and r, S, @,
(Zp)h=1..1 defined as in Proposition 11. Let (i,5) € [1, H]?, with i > j. For any
W' = (Wy,,...,W]), recall that , as defined in (3.4.8),

Tij=Wg - Wit WiWiy - Wi WW, - WX, Wy WX -Y) .

If W is tightened, then, for p and ¢ as defined in Lemma 14 and J;,J2,J3 as defined above,
we have

— Fori = H:

— For j € Js:

T, =— <A(Q)U5(W}{).,1:r (WD tirrgrdy 1 Zj1 -+ ZQZlXVQ)T> -
GBFE17)

— Forj =1:

Typ=— <A(Q)U5(W}{).71:T , ((Wl’)l;T,,XVQ)T> . 3.F18)
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— Forj € J; U Ja:

Ti;=0. (3.F.19)

— Forz: € Jy:

— For j € Js:

Lo = — <A(Q)ZHZH71 o ZiaA W) rg it s (W) timrgrd; 1 Zjo1 -+ ZQZlXVQ)T> .
(3.F.20)

— Forj =1:

Tip=— <A(Q)ZHZH—1 o Zit (W)t 1o ((W{)1;r,.XVQ)T> .

(3.E21)
— Forj € J; U Ja:
T,;, =0. (3.E22)
— For i € Jy U Js, forall j < i, we have
T,;, =0. (3.E23)

The proof of Lemma 22 is in Appendix 3.F.1.13.
Let us now prove that ST = —2 (As, A4). We remind that [1, H] = { H }UJ;UJoUJsU{1}
and separate the sum appearing in (3.4.10) accordingly.
We then substitute the formulas of Lemma 22 in (3.4.10) and obtain

ST=2 Y Ty

H>i>j>1
i—1
S DR I TR IS SEDSIE NS 3D SL RS SUTHED DI B ¥
JEJIUT: JEJ3 i€J1 jEJ1U T2, i€J1 jEJ3 i€ i€J2UJs j=1
1<t
T
=-2)" <A(Q)U£(Wf{).,1:r, (Wtirrirdy_y Zj—1 -+ - Z2aZ1 X Vq) >
JEJ3

-2 <A(Q)U5(W}1).,1:r ) ((W{)1:T7.XVQ)T>
—2 Z Z <A(Q)ZHZH—1 o Zit (W) rttdi o s (W tmrstid; 1 Zj-1- - Z2ZIXVQ)T>
1€J1 jEJ3

-2 Z <A(Q)ZHZH—1 o Zit (W)t 1o ((W{)lzr,.XVQ)T>
i€Jy
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T

=—2<A<Q>U5(Wﬁ).4:r, > WDty Zjo1 -+ ZaZ1 XV + (W1 XV >
JEJ3

-2 <A(Q) > ZuZu - ZistWV)rttdp 1 »
i€J1
T

Z (W/J{)lzrm—&—l:dj,lzjfl e Z2Z1XVQ + (W{)IT,XVQ >
Jj€J3

= -2 <A(Q) Uy Wi)rw + Y ZuZu1- Zisat(W)rrrdaer |

i€Jy
T
Z (Wj{)lzrm—&-l:dj,l ijl e Z221XVQ + (W{)l;“XVQ >
JEJ3
= —2(A43,Aq) (3.F.24)

where we remind that A3 and A4 are defined in (3.F.14) and (3.F.12).

3.F.1.4 Concluding the proof of Proposition 11

Using the simplifications (3.F.15) and (3.F.24) above, for any W satisfying the hypothe-
ses of Proposition 11, if W is tightened, then for any W',

co(W, W) =FT + ST
= a1 + || Ao|® + [|As[* + || A4]|? — 2 (A3, Ag)
= a1+ [[A2]* + || A5 — Aqlf? .

Using (3.F.16), we find co(W, W) > 0.
Therefore, W = (Wpy, ..., W) is a second-order critical point.

3.F.1.5 Proof of Lemma 14

First note that, for » = 0, we can easily follow the same proof and see that the result
still holds with the conventions adopted in Section 3.2.
Let us prove (3.F.3).
Consider the pivot (¢, j) = (2, 1). Its complementary blocks are ¥ xy Wy - - - W3 and I, .
Since W is tightened and rk(y4,) = di > Tz > 7, we have tk(Exy Wy --- W3) = 7.
Since ¥ xy is full-column rank, we obtain rk(Wy - - - W3) = r.
Let p € [3, H] be the largest index such that

k(W - W) =1 . (3.F.25)

Using (3.4.3) and (3.4.5), we have Wy - -- W), = [Us , UgZuZp—1 -+ Zp).
Since rk(Wp - - - W),) = r and since the columns of UgZy Zy_1 - - - Z, are in the vector
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space spanned by the columns of Ug (which are orthogonal to the columns of Us), (3.F.25)
implies
ZuZpg-1--Zy,=0.

Therefore,
Wg---W,=1[Us, 0] .
Using (3.4.5), forall i € [1,p — 1],

Wi Wigr = Wi W) (Wyq - Wig1)

I, 0
=|Us, 0
[Us , 0] 0 Zp1-Zipa
Z[US,O].

This proves (3.E.3).

Let us prove (3.F.4).

We consider the pivot (p,1). Its complementary blocks are ¥ xy Wy --- Wpy1 and
Wy—1---Wa. We have, by definition of p, tk(Wg ---Wy1) > r. Therefore, since
Y xy is full-column rank, we have rk(Xxy Wy - - - Wpi1) = rk(Wg - - - Wp41) > r. Note
that this holds both for p = H and for p < H. Hence, since W is tightened, the second
complementary block is of rank 7, i.e.

I‘k(Wp_l e WQ) =T.

Using (3.4.5), we also have W,_; --- Wy = { I, 0 ] '

0 Zp1-Zo
Then, since rk(Wp_1 --- W) = r, we have Z,_1 --- Z = 0 and

I, 0
Wp_l...wzz{ ]

0 0
Using (3.4.5) again, for all ¢ € [p, H],
Wiy Wy = (Wi_y - W) (Wy_y - W)

L 0 I 0
10 Zig--Z,) |00
7L o0
L0 0"

This proves (3.F.4).

Let us now prove (3.F.5).
Using Proposition 1, Lemma 4 and Lemma 6, we have

tk(Wy_1 - - WiExy) > tk(Wg - WiExy) = tk(UsULI %) > k(U (UsUIZ) S Us) = vk(I,) =7 .
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Using (3.F.4) for i = p, we also have tk(W,_; --- W1 Exy) < tk(Wp—1---Wa) = r.
Hence, rk(W,_1 --- W1Xxy) = 7.

Notice that, considering the tightened pivot (H, H —1), since tk(I4,, ) = dg—1 > Tmaz >
r, we obtain tk(Wy_o--- W1 Xxy) = 7.

We consider ¢ € [1, min(p— 1, H —2)] the smallest index such that rk(W, - -- W1 Xxy) =
r

Using (3.4.5) and (3.4.4), we have

[ Uls
W D ey — S
Wy - Wikixy | Zye TaZiSxy
T AUT
a AUT
| 2y o1 Xxy

Since k(W --- WX xy) = r, every row of Z, - -- ZoZ1 ¥ xy lies in Vec(U{,...,UD),
hence we have

Zg-ZoZ1YNxyUg =0.
Finally, we conclude that, for all ¢ € [¢ + 1, H],

Zi 1 Lo XNxyUqg=2; 1 Zg14y-+ Z2Z1 X xyUg
= Zi1- Zg10
=0.

This proves (3.E.5).

Let us now prove (3.F.6).

Consider the pivot (H,q). Its complementary blocks are W,_;---W;Xxy and
Wir—1--- Wyi1. We have, by definition of ¢, rk(W,_1 --- WX xy) > r. Hence, since
W is tightened, the other complementary block is of rank 7, i.e. tk(Wg_1 - Wyy1) = 7.
Using (3.4.5), we have

I, 0
Wi Voa =[5 g, g |

Therefore, Zp_1 -+ Z441 = 0 and

I, 0O
WHl...WqH:[ ]

0 0
Finally, using (3.4.5), for all i € [1, ¢],

W1 Wipr=Whq- W Wy - Wigg
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L 0] |1 0
L0 0|0 ZyZina

150

This proves (3.F.6) and concludes the proof.

3.F.1.6 Proof of Lemma 15

Recall that ©1/2 = %y x4 X. We have

Yxy = XY7T
= xxT(xxT)y=txy?
= x(=VHT

Using (3.2.1), we obtain
Yxy = XVATUT,

and, since U is orthogonal, we have
SxyU = XVAT.
Restricting the equality to the columns in (), we obtain
SxyUg = XVoA@ |

where A(@) is defined in (3.F.2). This concludes the proof.

3.F.1.7 Proof of Lemma 16

Let A € Rw*" and B € R™*™, We have

|A+UsB|* = | Al + |UsBI* +2(A, UsB)
= tr(ATA) + tr(BTULUsB) + 2(UL A, B) .

Using Lemma 6, this becomes
|A+ UsB||*> = tr (A" (UsU& + UgUQ)A) + tr (B"B) +2(Us A, B)
= tr(ATUQU{ A) + tr(ATUsUS A) + tr(B"B) + 2 (U A, B)
= [lUgAI* + IS AI* + |BI* + 2(US A, B)
= lUGAI* + |Us A+ B|* .
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3.F.1.8 Proof of Lemma 17

Recall that ¥1/2 = ¥y x Z)_(lXX has a Singular Value Decomposition »1/2=UAVT
(see (3.2.1)). Hence, we have /2 = UA and therefore El/QVQ = UQA(Q), where A(@)
is defined in (3.F.2).

As a consequence,

Ulsy xS X Vo = UE2Y2v,
=UlUgA@
=0,
where the last equality follows from Lemma 6. Finally, we obtain for any A € R™*",
Be Rnx(dy—r)
(AUESy xS X, BV ) = tr(AUS Sy xSy x X Vo BT)
=0.

3.F.1.9 Proof of Lemma 18

Using Lemma 15, we have X xyUg = X VQA(Q), then replacing this formula in (3.F.5)
with 7 = ¢ + 1, we have
Zy- ZoZi XV A@ =0

Since A(9) is diagonal and its diagonal elements are non-zero, it is invertible, hence
Zg- 2221 XVgo=0.
Finally, for any matrices A € R"*(4~") and B € R"*(%~"), we have

(AZy- ZyZ1X | BV) =tr(AZy - Z2Z1XVyBT)
=0.

3.F.1.10 Proof of Lemma 19

Recall that A(S) is defined in (3.F.1) and ¥ = UAU7. Let A € R(&—7)%" e have

|AULSy x5 X || = tr(AUL U AT)
= tr(Adiag(\, ..., \)AT)
-Jasef

roody

:Z Z )\(J,(AAbfr,a)2

a=1b=r+1

ro dy r

dy
=33 Ca =M A+ D0 DT M(Apra)?

a=1b=r+1 a=1b=r+1
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T

dy
=303 e = M)Ay r)? + [AQ A2
a=1b=r+1

3.F.1.11 Proof of Lemma 20

Let W = (Wg, ..., W) be a first-order critical point associated with S verifying the
hypotheses of Proposition 11 and let A € R%*4%_ Using (3.4.6), (3.4.4), and Lemma 6, we
have

(AX, Wy -+ WX —-Y)=(A, Wy - W XX —-YXT)
= (A, UsULSy xS X XT — Sy x)
= (A, UsU{Syx — Zyx)
= (A, -UqU{%yx) -

3.F.1.12 Proof of Lemma 21

Let W = (Wg,---,W1) be a tightened first-order critical point satisfying the
hypotheses of Proposition 11, and r, S, Q, (Z1)n=1.. defined as in Proposition 11. Since
W satisfies the hypotheses of Proposition 11, we are going to use all the equations (3.4.3),
(3.4.4), (3.4.5) and (3.4.6) defined by these hypotheses and (3.F.3), (3.F.4), (3.F.5) and
(3.F.6) of Lemma 14.

Let W = (W},...,W]) and i € [1,H]. Recall that T; is defined in (3.4.7) and
Ji=[p,H—1], Jo =g+ 1,p—1], J3 = [2, ¢], where p and q are defined as in Lemma
14.

Consider the case : = H.
Substituting (3.F.4) and (3.4.4) in (3.4.7), we have

Ty = Wi (Wi_y -+ Wo)W1 X

, [ 0] [ UESy xSy
- X
Wi [ 0 0 7

UTnyifl
= W! ) XX | x
W] %
= (W;{),ITUEEYXE)_(IXX .

This proves (3.E.7).

Consider now the case i € Jj.
Substituting (3.4.3), (3.4.5), (3.F.4) and (3.4.4), in (3.4.7), we have, for¢ € J;

T =Wu(Whg_1- Wi )W) (Wi_q - Wa)W1 X

— I, 0 I, 0 | L 0 U‘STZYXZ)_(%X
_[US,UQZH][O ZHl] [0 ZiJrl}VVi[() 0][ Z1 X
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T -1

0

=[Us, UgZnZp-1 -+ Zix1) (W) 1 U3 Zy xSy X

= US<WZ'/)1:T,1ZTU§EYXE;(£(X + UQZHZH—1 T Zi+1(Wi/)TJrl:di,liTUgEYXZ)_(g(X :
Note that the above calculations are still valid in the case « = H — 1. In this case using the

convention in Section 3.2, Wy _1--- W1 = Iy, ,and Zy_1---Zip1 = Iq,, .
This proves (3.E.8).

Consider now the case i € Jo U J3 = [2,p — 1].
Substituting (3.F.3), (3.4.5) and (3.4.4), in (3.4.7), we have, fori € Jy U J3,

T, =Wy Wig1) W] (Wi - - W)W X

L0 I, 0 ULSy x 23
[US ’ 0} Wi [ 0 Zi, 0 Z 7
. / U‘%WZYXE;(lX
= US(WZ‘)I:T,. |: Zi_l o Z2Z1 X

= Us(W]) 110 UL Sy xS X + Us(W st tds y Zie1 - Z2Z1 X

Note that the above calculations are still valid in the case ¢ = 2. In this case, using the
conventions of Section 3.2, W;_1--- Wy =1y and Z;_1---Zy = Ig,_,.
This proves (3.F.9).

Consider finally the case : = 1.
Substituting (3.F.3) in (3.4.7), we have

Ty =Wy - Wo)WiX
= [Us, 0] Wi X
= US<W1/)1:T,.X .

This proves (3.F.10).

Note that, using the conventions of Section 3.2, the proof still holds for » = 0. In this case,
T; = 0,Vi.

This concludes the proof.

3.F.1.13 Proof of Lemma 22

Let W = (Wg,---,W1) be a tightened first-order critical point satisfying the
hypotheses of Proposition 11, and r, S, @, (Z1)n=1.. defined as in Proposition 11. Since
W satisfies the hypotheses of Proposition 11, we are going to use all the equations (3.4.3),
(3.4.4), (3.4.5) and (3.4.6) defined by these hypotheses and (3.F.3), (3.F.4), (3.F.5) and
(3.F.6) of Lemma 14.

Let W = (Wy,...,W/) and (4,7) € [1, H]?, with i > j. Recall that T} ; is defined in
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(3.4.8)and J1 = [p,H — 1], Jo = [¢+ 1,p — 1], J3 = [2, ¢], where p and ¢ are defined
as in Lemma 14.

Consider the casei € {H} U J; and j € J; U Jo withi > j.
Applying Lemma 20 to (3.4.8) and using (3.4.5) and (3.4.4), we obtain

Tij = <WH"'W1‘+1W¢/W1‘—1"'Wj—i—lW]{Wj—l"'WlX7 WH~-W1X—Y>
=(Wa - Wira W Wiy Wi WW;_1 - Wi, —UgU5Syx)
=—tr Wy - WiaWWi_y - W WiW,_1 - WiExy UUJ)

ULy,
= —tr | (Wy - W A WW;_q - Wi W, s=YQ ]UT> .
(( o W 1 J+H1W Zj—l . Z2Z12XyUQ @

Using Lemma 7 and since j > ¢ + 1, using (3.F.5), we obtain
Ti; =0.

This proves (3.F.19) and (3.F.22).

Consider now the case s = H and j € Js.
Applying Lemma (20) to (3.4.8) and using (3.F.6), (3.4.5) and (3.4.4), we obtain

Tij = (WyWyor- WipWiW,_y -+ Wi X, Wy - W1 X - Y)
= (WyWh_1-- Wi WiW,_1--- W1, —UgU, Sy x)

o [L 0] [ ULSyx=k T

ULsu,U%
:—tr<Wfq[I(;8]Wj{ s 2ol

Zj1-- ZoZrSxyUQU}
Using Lemma 15, Lemma 7 and the cyclic property of the trace, we have

) |

Tyj=—tr ((Wﬁ).,m(W]{)lzr,. { Zj 1 ZQZIOXVQA(Q)UES ])
S ((Wl’q),,m(I/V]f)lz,n,m:dj_lZ]-,1 . ZQlevQNQ)Ug)
— —tr (AQUEWi).tr W), 121+ 221 X Vo)
=— <A(Q)U5(W;{).,1:r (WD tirrgrd; 1 Zj1 -+ Z2ZlXVQ)T> :

This proves (3.F.17).

Consider now the case i = H and j = 1.
Applying Lemma 20 to (3.4.8) and using (3.F.6) and Lemma 15, we obtain

Toy = (WiWe 1 - WaWiX , Wg--- Wi X —Y)
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= (WyWy_1--- WaW|, —UqUSyx)

[ ] s

=~ (Wi (W),
<A W ),1 VQTXT ((W{)lsr,~)T>
<A SWi).1.

This proves (3.F.18).

Consider now the case: € J; and j € Js.
Applying Lemma 20 to (3.4.8) and using (3.4.3), (3.4.5) and (3.4.4) , we obtain

Ti,j = <WH ‘e Wi+1WiIWi_1 oo Wj_:,_lW]{Wj_l WX, Wy - W X — Y>
=Wy Wit WiWiy - Wi aWW, g - W, _UQUSZYX>

UTEYXZ*1
= —([Us, UpZyZp_1-Zis1 | W Wi_y---W,; W’»[ S XX 1 UpULE
<[ s, UgZnZpg 1| WiW; Wil g g, QUoXxy

Uls
=—tr([Us, UgZyZy—_1 -+ Ziz1| W Wi_1---W; Wf{ S }U UT>
([ S Q#H4H-1 +1] 7 1 J+1Wj Zj—l"'ZQZIEXY QYQ

ULsU

T T / / s 2Uq

- _ Ue . UXUnZuZer 1 Zos VW Wy oo W W .
tr([liQ s, UgUQiuzZu—1 1] WiWiy j+1 ][ Zi 1 2221 Sxy U D

Using Lemma 6 and Lemma 7, we have

0
T = —¢ ZuZg 17 Wi W 4
i.j 7“<[0’ HZH-1 i1 WiWiq - Wi W [ Zy1 - T2 SxyUo })

=—tr (ZuZpg-1-- ZigxW})rgra, Wicr -+ Wi i(W)) rgria, 1 Zj—1 -+ ZoZ1BxyUQ)
(3.F.26)

Here, since W is tightened, taking the tightened pivot (7, j) we have two possible cases:
either rk(Wi_l cee Wj-‘rl) =7ror rk(Wj_l W Exy Wy Wi—i—l) = r . We treat the
two cases separately.

In the first case, using (3.4.5) we have

I, 0 I, 0
Wit Wi = { 0 Zi—l}.”[ 0 Zj+1]

_[Ir 0 ]
0 Zisi-Zjw1 |-

Hence, rk(W;_1 - - - Wj41) = rimplies Z;_; - - - Z; 41 = 0 and we conclude that

I, 0
=[5 0]
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Then, using this last equality, (3.F.26) becomes

I, 0O
Ti; = —tr (ZHZH—I s Zi—l—l(Wi,)r—&-l:di,. [ OT 0

=—tr (ZuZu—1-- ZisiW))rgr:dipor W) tirrs1:a,_ Zj—1 -+ - ZoZ1 BxyUQ)
(3.E27)

] (W) tidy 1 Zj—1 - - ZQZIEXYUQ)

In the second case, we have tk(W;_1 --- WX xy Wy --- Wiy1) = r. Let us prove that
(3.F.27) also holds in this case. Using (3.4.5), (3.4.4), (3.4.3), Lemma 7 and S = [1,r], we
have

Wi - WilxyWg - Wi

:_ Usx Us, UgZuZyg—1- Zis1]
21 ZaZiSxy y UQZuZi— i1
0 ULsUs ULSUQZuZy—1-+ Zina
| Zjo1 2o ZhSxyUs  Zjo o ZoZ0SxyUQZuZu—1 -+ Ziva }
_ [ dzag(/\l, 7)‘7‘) 0
| Zjo1 2921 SxyUs  Zjoa - ZoZhExyUQZuZy-1 -+ Zisa } '

Therefore since tk(W;_; --- W1 XxyWg --- Wi1) = rand forall i € [1,7], \; # 0, we
must have

Zi Loz NxyUglyZy—1---Ziy1=0. (3.F.28)
Using the above equation, and the cyclic property of the trace, (3.F.26) becomes

Tij=—tr (ZuZg-1-- ZigtW])rgra, Wicr - Wi a(W)) ogria, 1 Zj—1 -+ ZoZ1 BxyUQ)
=—tr(Zj-1- Z2Z1XxyUqZuZu—1 - Zigt(W))rsr:a;, Wicr - Wita (W) rs1:a,_,)
=0.

We can use (3.F.28) again to write the equation 7; ; = 0 in the format of equation (3.F.27).
Indeed, we have

—tr (ZaZp-1-- Zisx(W})rsv:di 10 Wi torptr:ay Zj1 -+ Z2Z1 Sxy UQ)
= —tr (Zj—1- 2221 SxyUQZuZu 1 Zisa(W))rs1:d; 10 W) Lirr g 12, 1)

=Tij -
Therefore, in both cases we have

Tij=—tr (ZuZp-1-- Zisx W) rsvdi i Wi torps1:ay_ Zi—1 -+ Z2Z1Sxy Ug) -
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Using Lemma 15, it becomes
T;; = —tr (ZHZHfl e ZiJrl(VVZ'/)T—I—I:di71:7’(W]{)1:r,7‘+1:dj_1 Zj1--- ZQZ1XVQA(Q))
= —tr (ADZyZy 1 Zia Wt tr W)t sty 1 Zjr -+ 2221 X V)
T
= {AQZZy - ZiaWDesvar s (Whtiriray i1+ 221X Vo))
This proves (3.F.20).

Consider now the case: € J; and j = 1.
Using Lemma 20 to simplify (3.4.8), we have

Tig =Wy Wipt WiWi_y - WoW[ X, Wy W1 X —Y)
= (Wi Wi WiWi_y -+ WoW , —UgU{Syx) .

Using Lemma 15 and substituting (3.4.3), (3.4.5), and since ¢ > p, using (3.F.4) , this
becomes

)

I,
Tip = — <[U5 L UgZuZu—1-+ ZigaA)| W) [ 0

0 0

] Wi, UQ(XVQA<Q>)T>

Using Lemma 6, it becomes
Ti1=— <A(Q) 0, ZuZp—1-- Zixa] (W) 1o (W)1er,. (XVQ)T>
=— <A(Q)ZHZH—1 o Zieat W)t 1 ((Wll)lzr,.XVQ)T> .

This proves (3.F.21).

Consider now the casei € Jo, U J3 =[2,p— 1] and j < 7.
Applying Lemma 20 to (3.4.8) and , since ¢ < p, using (3.F.3), we obtain

T,j = <WH...WiHVVi/Wi_l...WjHW]{Wj_l...WlX’ WH'-‘WlX—Y>
— <WH . ..{/{/Z}Jrlv{/i'{/{/i_1 . ..WjJer]{{/Vj_1 W, _UQU52YX>
= —tr([Us , O0W/Wi_y -+ Wi WiW;_1 - W1Exy UUy)

The cyclic property of the trace and Lemma 6 lead to

T = —tr([UngUs , )W Wiy --- Wj+1VVJ{W]‘_1 - WExyUg)
=0.

This proves (3.F.23) and concludes the proof.
Note that, with the convention of Section 3.2, the proof still holds for » = 0. In this case,
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T;; = 0,Vi > j.

3.F.2 Proof of Proposition 10

Let W = (Wg, ..., W;) be a tightened first-order critical point associated with & =
[1,7] with 7 < rpq,. Then, using Proposition 5 there exist invertible matrices D1 €
Riu-1xdr-1 Dy e RM*d1 and matrices Zy € R(@—")x(dn—1-7) .71 € R(d1—7)xdz
and Zj, € R(dn— T) (dn-1=7) for h € [2, H — 1] such that if we denote WH =WnDp-_1,
Wy = DYy and W), = D "Wy Dy forall h € [2, H — 1], and W = (WH,...,W )s
then

Wy = [Us, UgZ)
-1
W= [UEZYXZXX]
Al

I, 0
0 Zp

Wiy W = [Us,0] .

th[ ] Vhe [2,H —1]

Then, due to Lemma 2, and since W is a first-order critical point, we have that Wis a
first-order critical point. We also have WH W1 Wy --- W1. Hence, according to
Proposition 1 W is also associated with S.

Since W is tightened and multiplication by invertible matrices does not change the rank,
W is also tightened. Hence, W satisfies the hypotheses of Proposition 11 and therefore is a
second-order critical point. Finally, using Lemma 2, we conclude that W is a second-order
critical point. Since 7 < 7,4, and X is invertible (Lemma 4), using Proposition 1, we have

Tmazx

L(W) = tr(zyy) - Z)\Z > tr(zyy) - Z N -
=1 ;

Therefore, W is not a global minimizer, hence W is a non-strict saddle point.

3.G A simple illustrative experiment

Next we provide more details on the experiment whose results were plotted in Figures 2.3
and 2.4. The goal is to illustrate the behavior of the ADAM optimizer in the vicinity of strict
or non-strict saddle points.

Experimental setting. We optimize a linear neural network starting in the vicinity either
of a strict saddle point (10000 runs in total) or of a non-strict saddle point (10000 runs in
total). For each run, the setting is the following:

— Network architecture: d, = 10, d, =4, H =5 and dy = d3 = d2 = d; = 10.

— Data construction: m = 100 i.i.d. data points (1,¥1), ..., (Tm,ym) € R% x R
such that, for all ¢ = 1,...,m, the points x; and y; are drawn independently at
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random from the Gaussian distributions (0, Iy, ) and (0, I, ) respectively.

— Initial iterate: we define it as (W1,...,Wg) = WP + (V1,...,Vg), for a criti-
cal point W% (defined later) and a random perturbation (V1, ..., Vi) whose com-
ponents (V},); ; are drawn independently from the distributions N (0, a,%), with

1\”/% The critical point W< is defined as in (3.B.10) in Appendix 3.B.8,
forr =2(S ={1,2}) and

op = 0.

7 14, 2 for all h € [2, 4], for runs starting at a strict saddle point;
h— O(dp—2)x(dp—2) forallh € [2, 4], for runs starting at a non-strict saddle point.

Since d4 = d3 = do = dj, note that the sizes of the above matrices Z;, are consistent
with (3.B.10). As explained in Appendix 3.B.8, when Z, = 14, _o for all h € [2,4],
the critical point W is non-tightened and therefore Theorem 5 guarantees that it
is a strict saddle point. Similarly, when Z;, = 0(4, —2)x (a,,—2) for all h € [2,4], the
critical point W is tightened and Theorem 5 guarantees that it is a non-strict saddle
point.

— Optimizer: we use the ADAM optimizer of the Keras library, with the default parame-
ters.

Observations. Figure 2.3 in Section 2.3.3 shows the evolution of the loss along the
optimization process for two representative runs (initialization near a strict or a non-strict
saddle point). We can see that, when initialized in the vicinity of the strict saddle point,
ADAM rapidly decreases below the initial value L(W). On the contrary, ADAM needs
many epochs to exit the plateau at the critical value of the non-strict saddle point.

In order to assess the importance of this phenomenon, we repeated the above experiment
10000 times for both strict saddle points and non-strict saddle points. For each run, we
define and compute the escape epoch as the first epoch such that L(W) < L(W?) — %
(the average of the critical values associated with S = {1,2} and S’ = {1,2,3}). On
Figure 2.4 (Section 2.3.3) the histograms of the escape epoch are displayed separately for
runs corresponding to strict saddle points (in red) or non-strict saddle points (in blue). We
can see that, while ADAM quickly escapes from the vicinity of the strict saddle points, it
takes many more epochs to escape from the vicinity of the non-strict saddle points. In the
last case, the plateau can easily be confused with a global minimum.



CHAPTER 4

Existence, Stability and Scalability of
Orthogonal Convolutional Neural
Networks

Abstract

Imposing orthogonality on the layers of neural networks is known to facilitate the learn-
ing by limiting the exploding/vanishing of the gradient; decorrelate the features; improve
the robustness. This chapter studies the theoretical properties of orthogonal convolutional
layers.

We establish necessary and sufficient conditions on the layer architecture guaranteeing
the existence of an orthogonal convolutional transform. The conditions prove that orthogonal
convolutional transforms exist for almost all architectures used in practice for ’circular’
padding. We also exhibit limitations with ’valid’ boundary conditions and ’same’ boundary
conditions with zero-padding.

Recently, a regularization term imposing the orthogonality of convolutional layers has
been proposed, and impressive empirical results have been obtained in different applications
[142]. The second motivation of the present chapter is to specify the theory behind this. We
make the link between this regularization term and orthogonality measures. In doing so, we
show that this regularization strategy is stable with respect to numerical and optimization
errors and that, in the presence of small errors and when the size of the signal/image is large,
the convolutional layers remain close to isometric.

The theoretical results are confirmed with experiments and the landscape of the
regularization term is studied. Experiments on real datasets show that when orthogonality is
used to enforce robustness, the parameter multiplying the regularization term can be used to
tune a tradeoff between accuracy and orthogonality, for the benefit of both accuracy and
robustness.

Altogether, the study guarantees that the regularization proposed in [142] is an efficient,
flexible and stable numerical strategy to learn orthogonal convolutional layers.

This chapter is based on joint work with Francois Malgouyres and Franck Mamalet (to
appear at JMLR).
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4.1 Introduction

As we have seen in Chapter 2, Section 2.2.5, robustness is an important aspect one would
like to impose in machine learning problems. One of the ways to make neural networks
more robust to adversarial attacks is to impose orthogonality on their layers. We refer the
reader to Chapter 2, Section 2.4, for the motivation and the related works for this chapter.
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Recall that the architecture of a convolutional layer is characterized by (M, C, k, S),
where M is the number of output channels, C' of input channels, convolution kernels are
of size k x k and the stride parameter is S. Unless we specify otherwise, we consider
convolutions with circular boundary conditions !. Thus, applied on input channels of size
SN x SN, the M output channels are of size N x N. We denote by K € RM*Cxkxk he
kernel tensor and by K € RMY *xCS*N? the matrix that applies the convolutional layer of
architecture (M, C, k, S) to C vectorized channels of size SN x SN.

Recall that we want to answer the important questions:

— Existence: What is a necessary and sufficient condition on (M,C, k,S) and N
such that there exists an orthogonal convolutional layer (i.e. K orthogonal) for
this architecture? How do the ’valid’ and ’same’ boundary conditions restrict the
orthogonality existence?

Besides, we will rely on recently published papers [142, 114] which characterize
orthogonal convolutional layers as the zero level set of a particular function that is called
Loy, in [142]2 (see Section 4.1.1.2 for details). Formally, K is orthogonal if and only if
Lorin(K) = 0. They use L, as a regularization term and obtain impressive performances
on several machine learning tasks (see [142]). The regularization is later successfully applied
for medical image segmentation [159], inpainting [82] and few-shot learning [110].

We also investigate the following theoretical questions:

— Stability with regard to minimization errors: Does K still have good ‘approx-
imate orthogonality properties’ when L.+, (K) is small but non zero? Without
this guarantee, it could happen that L,.¢,(K) = 1079 and |[KKT — Id|]z = 10°.
This would make the regularization with L, useless, unless the algorithm reaches
Lorth(K> =0.

— Scalability and stability with regard to N: Remarking that, for a given kernel
tensor K, L+, (K) is independent of NV but the layer transform matrix K depends on
N: When L+, (K) is small, does K remain approximately orthogonal and isometric
when N grows? If so, the regularization with L,,,; remains efficient even for very
large N.

— Optimization: Does the landscape of L., lend itself to global optimization?

We give a positive answer to these questions, thus showing theoretical bounds proving
that the regularization with L, is stable (see Theorem 7, Theorem 8 and Section 4.3.1.3),
and can be used in most cases to ensure quasi-orthogonality of the convolutional layers (see
Section 4.3.1.1 and Section 4.3.1.2).

We give the main elements of context in Section 4.1.1. The theorems constituting the
main contributions of the chapter are in Section 4.2. Experiments illustrating the theorems,
on the landscape of L., as well as experiments showing the benefits of approximate
orthogonality on image classification problems are in Section 4.3. In particular, the latter
shows that when orthogonality is used to enforce robustness, the regularization parameter A

1. Before computing a convolution the input channels are made periodic outside their genuine support.
2. The situation is more complex in [142, 114]. One of the contributions of our work is to clarify the
situation. We describe here the clarified statement.
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multiplying L,,+;(K) can be used to tune a tradeoff between accuracy and orthogonality,
for the benefit of both accuracy and robustness. The code will be made available in the
DEEL.LIP? library.

For clarity, we only consider convolutional layers applied to images (2D) in the intro-
duction and the experiments. But we emphasize that the theorems in Section 4.2 and their
proofs are provided for both signals (1D) and images (2D).

The present chapter specifies the theory supporting the regularization with L, and the
construction of orthogonal convolutional layers. We give necessary and sufficient conditions
on the architecture for the orthogonal convolutional layers to exist (see Theorem 6); we
unify the L+, formulation for both Row-Orthogonality and Column-Orthogonality cases
(see Definition 5); and prove that the regularization with L.;;,: 1/ s stable, i.e. Ly, (K) is
small = KK — Id,, 2 is small in various senses (see Theorem 7 and Theorem 8); 2/
leads to an orthogonality error that scales favorably when input signal size N grows (see
Theorem 8 and Section 4.3.1.3). We empirically show that, in most cases, the landscape
of L, 1s such that its minimization can be achieved by Adam [80], a standard first-order
optimizer (see Section 4.3.1.1). We also identify and analyse the problematic cases (see
Section 4.3.1.2). We show numerically that approximate orthogonality is preserved when N
increases (see Section 4.3.1.3). Finally, we illustrate on Cifar10 and Imagenette datasets
how the regularization parameter can be chosen to control the tradeoff between accuracy
and orthogonality, for the benefit of both accuracy and robustness (see Section 4.3.2).

4.1.1 Context

In this section, we describe the context of the chapter by defining orthogonality, the
regularization function L,,;; and the Frobenius and spectral norms of the orthogonality
residuals, which are two measures of approximate orthogonality. We relate the latter to an
approximate isometry property whose benefits are listed in Table 4.1. The main notations
defined in this section are reminded in Table 4.2, in Appendix 4.A.1.

4.1.1.1 Orthogonality

Given a kernel tensor K, the convolutional layer transform matrix X can be written as:

MK ... M(Kic)

= c RMN?xCS?N?

)

MKry) o M(Kyo)

where M (K; ;) is a matrix that computes a strided convolution for the kernel K; ; = Kj; ; . .,
from the input channel j, to the output channel ¢ (See Appendix 4.B for details). Notice that
we use the "matlab-colon-notation’, such that K; ;.. = (K jm.n)o<mn<k—1 € RF*F,

In order to define orthogonal matrices, we need to distinguish two cases:

— Row case (RO case). When the size of the input space of K € RMN*xCS*N? jq
larger than the size of its output space, i.e. M < CS?, K is orthogonal if and only

3. https://github.com/deel-ai/deel-lip
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if its rows are normalized and mutually orthogonal. Denoting the identity matrix
Idyne € RMN?XMN? ‘this is written

KKT =Tdy N2 - (4.1.1)

In this case, the mapping K performs a dimensionality reduction.

— Column case (CO case). When M > C'S2, K is orthogonal if and only if its columns
are normalized and mutually orthogonal:

KTK =Idegene - (4.1.2)

In this case, the mapping K is an embedding.

Both the RO case and CO case are encountered in practice. When M = C'S?, the matrix
K is square and if it is orthogonal then both (4.1.1) and (4.1.2) hold. The matrix /C is then
orthogonal in the usual sense and both K and KT are isometric.

4.1.1.2 The function L,,;;(K)

In this section, we define a variant of the function L., : RM*C*kxk 5 R defined in
[142, 114]. The purpose of the proposed variant is to unify the properties of L., in the RO
case and CO case.

Reminding that k x k is the size of the convolution kernel, for any h, g € R¥** and
any P € N, we define conv(h, g, padding zero = P,stride = 1) € REPH)*EP+) 44
the convolution * between h and the zero-padding of g (see Figure 4.1). Formally, for all
i,7 € [0,2P],

k—1 k—
[conv(h, g, padding zero = P, stride = 1)] Z Z 1§ Gt G4 s

where g € RF+2P)x(k+2P) jg defined, for all (i, §) € [0,k + 2P — 1], by

. — gi—P,j—P if (Za]) € [[P7P+ k — 1]]27
9i.j 0 otherwise.

We define conv (h, g, padding zero = P, stride = §) e R(ZFP/SI+)x(12P/S]+1) “for all
integer S > 1 and all 4, j € [0, |2P/S]], by

[conv(h, g, padding zero = P, stride = S)); ; = [conv(h, g, padding zero = P, stride = 1)]g; s;.

We denote (in bold) conv(K,K, paddingzero = Pstride = S) ¢
RMxMx([2P/S]+1)x([2P/S]+1) the fourth-order tensor such that, for all m, 1 € [1, M],

conv(K, K, padding zero = P, stride = 5)

m,l,:,:

4. As is common in machine learning, we do not flip h.
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)
< e o
o | o
P+k1
P+k
o | o [2P+k-1

* 0 g 0 —_—
k-1 P+k1 0 0
P+k o 0o |0 |0 0
2P
[ (U]
2P+k-1| 0 | 0 (]
g conv(h, g,padding zero = P, stride = 1)

Figure 4.1 — Ilustration of conv(h, g, padding zero = P, stride = 1), in the 2D case.

C
= Z conv(K,, ¢, K; ., padding zero = P, stride = 5),

c=1

where, forallm € [1,M]andc € [1,C], Ky, o = Ky .. € RFxk,

It has been noted in [142] that, in the RO case, when P = Lk—glJ S,
K orthogonal = conv (K, K, padding zero = P, stride = S) = I,

(4.1.3)

where I,y € RM*Mx(2P/5+1)x(2P/S+1) 5 the tensor whose entries are all zero except its

central M x M entry which is equal to an identity matrix: [I,¢].. p/g p/g = Idn-

Therefore, denoting by ||.||r the Euclidean norm in high-order tensor spaces, it is
natural to define the following regularization penalty (we justify the CO case right after the
definition).

Definition 5 (Loptn). We denote by P = | 522 | S. We define Loy, : RMXOkxk Ry
as follows

— 1Inthe RO case, M < CS?:
Lorin(K) = || conv(K, K, padding zero = P, stride = S) — Lg||% .  (4.1.4)

— Inthe CO case, M > C'S?:
Lorin(K) = || conv (K, K, padding zero = P, stride = S) — Lg||% — (M — CS?).

When M = CS?, the two definitions trivially coincide. In the definition, the padding
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parameter P is the largest multiple of S strictly smaller than k. The difference with the
definitions of L., in [142, 114] is in the CO case. In this case with S = 1, [114, 142]
use (4.1.4) with K7 instead of K . For S > 2 in the CO case, we can not derive a simple
equality as in (4.1.3). In [142], remarking that || KT — Idgge 2 [|2 — |[KKT — Idyn2 ||%
is a constant which only depends on the size of X, the authors also argue that, whatever .5,
one can also use (4.1.4) in the CO case. We alter this in the CO case as in Definition 5 to
obtain both in the RO case and the CO case:

K orthogonal — Lorin(K) = 0.

Once adapted to our notations, the authors in [142, 114] propose to regularize convolutional
layers parameterized by (K;); by optimizing

Liask + A Y Loren(K)) (4.1.5)
l

where L., is the original objective function of a machine learning task. The function
L1 (K) does not depend on N and can be implemented in a few lines of code with Neural
Network frameworks. Its gradient is then computed using automatic differentiation.

Of course, when doing so, even if the optimization is efficient, we expect L, (K;) to be
different from O but less than ¢, for a small €. We investigate, in this chapter, whether, in this
case, the transformation matrix /C, still satisfies useful orthogonality properties. To quantify
how much K deviates from being orthogonal, we define the approximate orthogonality
criteria and approximate isometry property in the next section. These notions allow to
state the stability and scalability theorems (Sections 4.2.3 and 4.2.4) and guarantee that the
singular values remain close to 1 when L4, is small, even when N is large. This proves
that the benefits related to the orthogonality of the layers, which are presented in Table 4.1,
still hold.

4.1.1.3 Approximate orthogonality and Approximate Isometry Property

Perfect orthogonality is an idealization that never happens, due to floating-point arith-
metic, and numerical and optimization errors. In order to measure how K deviates from
being orthogonal, we define the orthogonality residual by ICK” — Id,, 2, in the RO case,
and KTK — Id¢g2 2, in the CO case. Considering both the Frobenius norm ||.|| ¢ of the

orthogonality residual and its spectral norm ||.||2, we have two criteria:

r IKKT —Idy N2 ||, inthe RO case,
K) = 4.1.6
erry (K) { IKTK —Idogen2 ||F »in the CO case, ( )
and
KT —Idyne |2 in the RO case
sy | MN ’ ’ 417
ey (K) { IKTK — Tdggoye |, in the CO case. “.1.7)

When M = C52, the definitions in the RO case and the CO case coincide. The two criteria
are of course related since for any matrix A € R**?, the Frobenius and spectral norms are
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such that
JAlF < V(@b Al,  and Al < |AllF - (4.18)
However, the link is weak, when min(a, b) is large.

The regularization with (errk; (K))? is a natural way to enforce soft-orthogonality of K.

However, as mentioned in the introduction, it is not practical because the sizes of /C are too
large. We will see in Theorem 7 that (errk, (K))? and Lo, (K) differ by a multiplicative
constant and it will make a clear connection between the regularization with L,,.¢; (K) and
the regularization with (err}; (K))2. However, errk; (K) is difficult to interpret, this is why
we consider err?; (K) which relates to the approximate isometry property of K as we explain
below. The latter has direct consequences on the properties of the layer (see Table 4.1).

Indeed, in the applications, one key property of orthogonal operators is their connection
to isometries. It is the property that prevents the gradient from exploding and vanishing [27,
145, 90, 64]. This property also enables to keep the examples well separated, which has an
effect similar to the batch normalization [114, 23], and to have a 1-Lipschitz forward pass
and therefore improves robustness [142, 27, 91, 138, 70].

We denote the Euclidean norm of a vector by ||.||. To clarify the connection between
orthogonality and isometry, we define the ‘c-Approximate Isometry Property’ (e-AIP).
Definition 6. A layer transform matrix X € RM¥ #xCS2N?
Isometry Property if and only if

— RO case, M < CS?:

satisfies the e-Approximate

Vo € RSN K2 < (1+¢) o
vy e RV (L= eyl < KTy < (1+ o)y

— COcase, M > CS52%:

Vo € RSN (1= o)ljaf® < [[Kal? < (1+2)]al?
Yy € RV KTy < (1 )y P

The following proposition makes the link between erry; (K) and AIP. It shows that
minimizing erry; (K) enhances the AIP property.

Proposition 12. Let N be such that SN > k. We have, both in the RO case and CO case,
K is errfy (K)-AIP.

This statement actually holds for any matrix (not only layer transform matrix) and is
already stated in [9, 54]. For completeness, we provide proof, in Appendix 4.G.

In Proposition 12 and in Theorem 6 (see the next section), the condition SN > k only
states that the input width and height are larger than the size of the kernels. This is always
the case in practice.

We summarize in Table 4.1 the properties of e-AIP layers when ¢ is small, in the
different possible scenarios. We remind that a kernel tensor K can define a convolutional
layer or a deconvolution layer. Deconvolution layers are, for instance, used to define layers
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Table 4.1 — Properties of a e-AIP layers (when € < 1), depending on whether K defines
a convolutional or deconvolutional layer. The red crosses indicate when the forward or
backward pass performs a dimensionality reduction.

Forward pass Backward pass
Lipschitz Keep examples  Prevent Prevent
Forward pass separated grad. expl. grad. vanish.
Convolutional M < CS? v X v v
layer M > CS? v v v X
Deconvolution M < CS? v v v X
layer M > CS? v X v v
Conv. & Deconv. M = CS? v v v v

of the decoder of an auto-encoder or variational auto-encoder [78]. In the convolutional
case, /C is applied during the forward pass and K is applied during the backward pass. In a
deconvolution layer, K7 is applied during the forward pass and K during the backward pass.
Depending on whether we have M < CS?, M > CS? or M = CS?, when K is e-AIP
with € << 1, either K7, KC or both preserve distances (see Table 4.1).

To complement Table 4.1, notice that in the RO case, if errﬁ(K) < ¢, then for any 3, j
with i # j, we have |IC1-,;IC;‘C;| < ¢, where KC; . is the ith line of /C. In other words, when € is
small, the features computed by X are mostly uncorrelated [142].

4.2 Theoretical analysis of orthogonal convolutional layers

This section contains the theoretical contributions of the chapter. In all the theorems in
this section, the considered convolutional layers are either applied to a signal, when d = 1,
or an image, when d = 2.

We remind that the architecture of the layer is characterized by (M, C, k, S) where:
M is the number of output channels; C' is the number of input channels; & > 1 is an odd
positive integer and the convolution kernels are of size k, when d = 1, and k x k, when
d = 2; the stride parameter is S.

We want to highlight that the theorems of Sections 4.2.1, 4.2.3 and 4.2.4 are for convo-
lution operators defined with circular boundary conditions (see Appendix 4.B for details).
We point out in Section 4.2.2 restrictions for the ‘valid’ and ‘same’ zero-padding boundary
conditions (see Appendix 4.D.1 and Appendix 4.D.2 for details).

With circular boundary conditions, all input channels are of size SN, when d = 1,
SN x SN, when d = 2. The output channels are of size N and N x N, respectively when
d = 1 and 2. When d = 1, the definitions of L, err% and erry; are in Appendix 4.A.2.

In Section 4.2.1, we state a theorem that provides the necessary and sufficient conditions
on the architecture for an orthogonal convolutional layer to exist. In Section 4.2.2, we
describe restrictions for the ’valid” and ’same’ boundary conditions. In Section 4.2.3, we
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state a theorem that provides a relation between the Frobenius norm of the orthogonality
residual and the regularization penalty L,,+,. Finally, in Section 4.2.4, we state a theorem
that provides an upper bound of the spectral norm of the orthogonality residual using the
regularization penalty Lg,ip,.

4.2.1 Existence of orthogonal convolutional layers

The next theorem gives a necessary and sufficient condition on the architecture
(M,C,k,S) and N for an orthogonal convolutional layer transform to exist. To simplify
notations, we denote, for d = 1 or 2, the space of all the kernel tensors by

RMxCxk whend =1,
Ka = RM*Cxkxk  when d = 2.

We also denote, for d = 1 or 2,
K+ = {K € Ky| K is orthogonal}.

Theorem 6. Let N be such that SN > kand d = 1 or 2.
— RO case, i.e. M < CS% Kj £ ifandonlyif M < Ck?.
— COcase, i.e. M > CS% Kj #( ifandonlyif S <k.

Theorem 6 is proved in Appendix 4.C. Again, the conditions coincide when M = CS¢.

When S < k, which is by far the most common situation, there exist orthogonal
convolutional layers in both the CO case and the RO case. Indeed, in the RO case, when
S < k,wehave M < CS? < Ck“.

However, skip-connection layers (also called shortcut connection) with stride in
Resnet [59] for instance, usually have an architecture (M, C, k, S) = (2C, C, 1,2), where
C' is the number of input channels. The kernels are of size 1 x 1. In that case, M < CS d
and M > Ck?. Theorem 6 says that there is no orthogonal convolutional layer for this type
of layer.

To conclude, the main consequence of Theorem 6 is that, with circular boundary
conditions and for most of the architecture used in practice (with an exception for the
skip-connections with stride), there exist orthogonal convolutional layers.

4.2.2 Restrictions due to boundary conditions

In Sections 4.2.1, 4.2.3 and 4.2.4, we consider convolutions defined with circular
boundary conditions. This choice is neither for technical reasons nor to enable the use of
the Fourier basis. We illustrate in the next two propositions that, for convolutions defined
with the "valid’ condition, or the ’same’ condition with zero-padding, hard-orthogonality is
in many situations too restrictive. We consider in this section an unstrided convolution.

Before stating the next proposition, we remind that with the ’valid’ boundary conditions,
only the entries of the output such that the support of the translated kernel is entirely included
in the input’s domain are computed. The size of each output channel is smaller than the
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size of the input channels. The formal definition of the ’valid’ boundary conditions is at the
beginning of Appendix 4.D.1.

Proposition 13. Let N > 2k — 1. With the ’valid’ condition, there exists no orthogonal
convolutional layer in the CO case.

This proposition holds in the 1D and 2D cases. We give its proof only in the 1D case in
Appendix 4.D.1.

Before stating the next proposition, we remind that to compute a convolution with the
zero-padding ’same’ boundary conditions, we first extend each input channel with zeros and
then compute the convolutions such that each output channel has the same support as the
input channels, before padding/extension. A formal definition of the zero-padding ’same’
boundary condition is at the beginning of Appendix 4.D.2.

Let (€ij);i—g. g1 j—0. k1 be the canonical basis of RF**_ For the zero-padding *same’,
we have the following proposition.

Proposition 14. Let N > k. For K € RMxCxkxk \ith the zero-padding ’same’ and .S = 1,
both in the RO case and CO case, if K is orthogonal then there exist (v, ¢)m=1..M,c=1..C €
RM*C guch that for all (m,c) € [1,M] x [1,C], K. = aumcerr, where r satisfies
k = 2r 4+ 1. As a consequence

04171[sz e Ochlsz
K = . . . c RMN2><CN2

CMMJIdNQ e O[M}CIdNQ

This proposition holds in the 1D and 2D cases. We give its proof only in the 1D case in
Appendix 4.D.2.

To recapitulate, the results state that with padding ’valid’, no orthogonal convolution
can be built in the CO case and that for zero-padding ’same’, the orthogonal convolution
layers are trivial transformations.

Note that, the propositions do not exclude the existence of sufficiently expressive sets of
"approximately orthogonal’ convolutional layers with these boundary conditions. A strategy
based on soft-orthogonality may still enjoy most of the benefits of orthogonality for these
boundary conditions.

4.2.3 Frobenius norm stability

We recall that the motivation behind this is the following : The authors of [142, 114]
argue that L+, (K) = 0 is equivalent to K being orthogonal. However, they do not provide
stability guarantees. Without this guarantee, it could happen that L, (K) = 1079 and
|KKKT — Id||r = 10°. This would make the regularization with L,,, useless, unless the
algorithm reaches L, (K) = 0.

The following theorem proves that this cannot occur. Therefore, if L., (K) is small,
errf,(K) is small at least for moderate signal sizes. Also, a corollary is that adding L+,
as a penalty regularization is equivalent to adding the Frobenius norm of the orthogonality

residual.
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Theorem 7. Let N be such that SN > 2k — 1 and d = 1 or 2. For a convolutional layer
defined using circular boundary conditions, we have, both in the RO case and CO case,

(err5 (K))? = NULoyn(K) |

where err}; (K) is defined in (4.1.6).

Theorem 7 is proved, in Appendix 4.E. We remind that L, (K) is independent of NV.
The theorem formalizes for circular boundary conditions and for both the CO case and the
RO case, the reasoning leading to the regularization with L, in [142].

Using Theorem 7, we find that (4.1.5) becomes

A
Ligsk + Z W(errﬁl (K1)
1 l

Once the parameter ) is made dependent on the input size of layer [, the regularization term
ALyt 1s equal to the Frobenius norm of the orthogonality residual. This justifies the use of
L¢n, as a regularizer.

We can also see from Theorem 7 that, for both the RO case and the CO case, when
Lorin(K) = 0, K is orthogonal, independently of N. This recovers the result stated in [114]
for S = 1, and the result stated in [142] in the RO case for any .S .

Considering another signal size N’ and applying Theorem 7 with the sizes N and N’,
we find o

(erefy (1€))? = U (erefy (1002
To the best of our knowledge, this equality is new. This could be of importance in situations
when N varies. For instance when the neural network is learned on a dataset containing
signals/images of a given size, but the inference is done for signals/images of varying size
[118, 124, 69].

Finally, using (4.1.8) and Proposition 12, I is e-AIP with e scaling like the square root
of the signal/image size. This might not be satisfactory. We exhibit in the next section a
tighter bound on ¢, independent of the input size V.

4.2.4 Spectral norm stability and scalability

We prove in Theorem 8 that errf\,(K)2 is sandwiched between two quantities propor-

tional to L+, (K). The multiplicative factors do not depend on N. Hence, when L.+, (K)
is small, err3 (K)? is also small for all N. As a consequence, as long as Ly, (K) < 1
even if the algorithm does not reach L4 (K) = 0, regularizing with L+, (K) permits to
construct nearly orthogonal and isometric convolutional layers independently of N.

Moreover, combined with Proposition 12 this ensures that, if L4, (K) is small, £ is
e-AIP with € small. Using Table 4.1, we see that this property leads to more robustness and
avoids gradient vanishing/exploding. This is in line with the empirical results observed in
[142, 114].

Theorem 8. Let N be such that SN > 2k — 1 and d = 1 or 2. For a convolutional layer
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defined using circular boundary conditions, we have
o Lorth(K) < (errL]g\/(I<))2 < a Lorth(K)

where err}, (K) is defined in (4.1.7), for o/ = y and

1

min(M,CS?

o] @[5 +1)" M inthe RO case (M < CS%),
(2k — 1)4C in the CO case (M > C'S?).

Theorem 8 is proved, in Appendix 4.F. When M = ('S, the two inequalities hold and
it is possible to take the minimum of the two « values.

As we can see from Theorem 8, unlike with the Frobenius norm, the spectral norm of the
orthogonality residual is upper-bounded by a quantity that does not depend on /N. The lower-
bound of Theorem 8 guarantees that the upper-bound is tight up to a multiplicative constant.
However, we cannot expect much improvement in this regard since the multiplicative con-
stant \/a is usually moderately large . For instance, with (M, C, k, S) = (128,128, 3,2),
for images, /o < 34. If as is common in practice the optimization algorithm reaches
Lorsn(K) < 1079, Theorem 8 guarantees that, independently of N,

erry (K) < v/aLgwm(K) <0.034.

Using Proposition 12, independently of IV, a convolutional layer defined with K is e-AIP,
for € < 0.034, and we have, using Definition 6,

Vo € RO’V ||Kz| < 1+ el|z| < 1.017||=
2
Yy € RMN™0.982[ly|| < VI —ellyll < [KTy| < 1.017]y]|

The layer benefits from the properties described in Table 4.1.
The development done for the above example can be repeated as soon as L.+, (K) < 1,
both in the RO case and CO case. Experiments that confirm this behavior are in Section 4.3.

4.3 Experiments

Before illustrating the benefits of approximate orthogonality to robustly classify images
in Section 4.3.2, we conduct several synthetic experiments in Section 4.3.1. The synthetic
experiments empirically evaluate the landscape of L4, in Section 4.3.1.1, 4.3.1.2 and
illustrate the theorems of Section 4.2, in Section 4.3.1.3.

Both in Section 4.3.1 and Section 4.3.2, to evaluate how close K is to being orthogonal,
we compute some of its singular values o for different input sizes SN x SN. When
S = 1, we compute all the singular values of I with the Algorithm 1, Appendix 4.1,
from [121]. For convolutions with stride, S > 1, there is no known practical algorithm
to compute all the singular values and we simply apply the well-known power iteration
algorithm associated with a spectral shift, to retrieve the smallest and largest singular values

5. For usual architectures, v/ is always smaller than 200.
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(Omins Omaz) of KC (see Algorithm 2 in Appendix 4.I). We remind that X orthogonal is
equivalent to 0in = Omaz = 1.

4.3.1 Synthetic experiments

Section 4.3.1.1, 4.3.1.2 and 4.3.1.3 report on results of the massive experiment that is
described below.

In order to avoid interaction with other objectives, we train a single 2D convolutional
layer with circular padding. We explore all the architectures such that K2L # (), for C €
[1,64] , M € [1,64], S € {1,2,4},and k € {1, 3,5, 7}. This leads to 44924 architectures
for which an orthogonal convolutional layer exists (among 49152 architectures in total).

For each architecture, the model is trained using a Glorot uniform initializer and an
Adam optimizer [80] with fixed learning rate 0.01 on a null loss (Ltask (X, Y, K) = 0, for
all input X, target Y, and kernel tensor K) and the L, (K) regularization (see Definition
5) during 3000 steps .

We report below implementation details that have no influence on the results, since
Liasi. = 0. No data are involved in the synthetic experiments and the input of the layer
contains a null input of size (C, 64, 64). Other input sizes from 8 to 256 were tested but not
reported, leading to the same conclusions. Batch size (which thus has no influence on the
results) is set to one.

4.3.1.1 Optimization landscape

For each architecture, we plot on Figure 4.2 the values of 0y, and 0,4, for the
obtained KC and SN x SN = 64 x 64. The experiment for a given architecture (M, C, k, S)
is represented by two points: 4z, in blue, and oy, in orange. For each point (z,y) in
Figure 4.2, the first coordinate x corresponds to the ratio % of the considered architecture,
and the second coordinate y equals the singular value (0, OF 0pq) Of the obtained K.
The points with < 1 correspond to the artchitecture in the RO case (K is a fat matrix), and
the others correspond to the architectures in the CO case (K is a tall matrix).

The right plot of Figure 4.2 shows that all configurations where M # CS? are trained
very accurately to near-perfect orthogonal convolutions. These configurations represent the
vast majority of cases found in practice. However, the left plot of Figure 4.2 points out that
some architectures, with M = C'S?, might not fully benefit of the regularization with L.
These architectures, corresponding to a square /C, can mostly be found when M = C' and
S =1, for instance in VGG [127] and Resnet [59]. We have conducted experiments that
we do not report here in detail, and it seems that this is specific to the convolutional case.
Fully-connected layers optimized to be orthogonal do not suffer from this phenomenon.

6. We do not report experiments for other tested learning rates le — 1, le — 3, 1le — 4, 1le — 5 because they
lead to the same conclusions.
7. Increasing the number of steps leads to the same conclusions.
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Figure 4.2 — Optimization of Ly.ty. Minimization of L, (K) for a kernel tensor of
architecture (M, C, k, S) among the 44924 possible configurations satisfying Ky~ # (). For
each architecture the resulting trained kernel is represented by a blue dot and an orange dot
corresponding respectively to its largest and smallest singular values 4, and o ,n. The -
axis represents M /CS? in log scale. (left) All configurations; (right) All configurations for
which M # CS?. On the right final convolutions are nearly orthogonal (0,00 = Tmin = 1),
but some configurations on the left (where M = C'S?) have 0,45 larger that one, and 0,
close to zero.

4.3.1.2 Analysis of the M/ = C'S? cases

Since we know that K2L # (), the explanation for the failure cases (when 0,4, OF Opin
significantly differ from 1) is that the optimization was not successful. We tried many
learning rate schemes and iteration numbers but obtained similar results 3.

To evaluate the proportion of successful optimizations when M = CS?, we run 100
training experiments, with independent initialization, for each configuration when M =
C'S?. In average, after convergence, we found 0,5, ~ 1 ~ 0 pnae for 14% of runs, proving
that the minimizer can be reached. The explanation of this phenomenon and the evaluation of
its impact on applications are open questions that we keep for future research. A contribution
of the chapter is to empirically identify these problematic cases.

We display on Figure 4.3 the singular values of IC defined for S = 1 and N x N =
64 x 64 for two experiments where M = C'. In the experiment on the left, the optimization
is successful and the singular values are very accurately concentrated around 1. On the right,
we see that only a few of the singular values significantly differ from 1.

Figure 4.3 shows that even if 0, and 0,44 are not close to 1, as shown in Figure
4.2, most of the singular values are close to 1. This probably explains why the landscape
problem does not alter the performance on real datasets in [142] and [114]. Notice that
[142] display a curve similar to Figure 4.3 when used for a real dataset.

8. See the description of the experiments at the beginning of Section 4.3.1 and the related footnotes.
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Figure 4.3 — Singular values of ', when C' = M and S = 1. Optimization is (Left)
successful, L+, (K) < 1, (Right) Unsuccessful, L.+, (K) > 0.1. On the left, we see that
orthogonal convolutions can be reached even when C' = M and .S = 1. On the right we see
that, even for unsuccessful optimization, most of the singular values are very close to one.

4.3.1.3 Stability of (0,,in, Omaz) When N varies
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Figure 4.4 — Evolution of 0,,;j, and omax according to input image size (x-axis: N
in log-scale). Each line (transparency) represents the singular values o,,,, (in blue) and
Omin (in orange) of K for different NV and a fixed K. (Left) K is such that L, (K) < 1,
singular values remain close to one whatever N. (Right) K is such that L4 (K) < 1, the
largest (resp. smallest) singular values increase (resp. decrease) when N grows.

In this experiment, we evaluate how the singular values o ,;, and 0,4, of KC vary when
the parameter NV defining the size SN x SN of the input channels varies, for K fixed.
This is important for applications [124, 69, 118] using fully convolutional networks, or for
transfer learning using pre-learnt convolutional feature extractor.

To do so, we randomly select 50 experiments for which the optimization was successful
(Loren(K) < 0.001) and 50 experiments for which it was unsuccessful (Lo, (K) >
0.02). They are respectively used to construct the figures on the left and the right side of
Figure 4.4. For a given K, we display the singular values ¢,,,;, and o,q, of K for N €
{5,12, 15,32, 64,128, 256,512,1024}, as orange and blue dots. The dots corresponding to
the same K are linked by a line.

We see, on the left of Figure 4.4, that for successful experiments (L, (K) < 1), the
singular values are very stable when NV varies. This corresponds to the behavior described
in Theorem 8 and Proposition 12. We also point out, on the right of Figure 4.4, that for
unsuccessful optimization (Lyyth & 1), Omin (resp. omaq) values decrease (resp. increase)
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rapidly when N increases.

4.3.2 Datasets experiments

In this section we compare, on Cifar10 and Imagenette datasets, the performance, ro-
bustness, spectral properties and processing time of three networks: standard convolutional
neural networks with unconstrained convolutions called Conv2D, the same network archi-
tectures with convolutions regularized with L,,.;;, and the same network architectures with
convolutions constrained with a method that we call Cayley, a hard convolutional layer
orthogonality method ° based on the Cayley transform [138]. The latter builds convolutions
parameterized by k x k parameters but, because a mapping is applied to obtain orthogonality,
the convolution kernels are of size N x N. In comparison, L., regularization provides
convolutions kernels of size k x k, as is standard. The methods are therefore not expected to
provide the same results which makes the comparison a bit complicated. This comparison is
also somewhat unfair since the regularization with L, enjoys a parameter A\. We show
results for a wide range of )\ but assume, when interpreting the results, that an optimal A is
chosen, for instance using cross-validation.

The design of the experiments aims at simultaneously obtaining good accuracy and
robustness. Therefore, for the purpose of robustness, we only use isometric activations and
nearly orthogonal convolutional layers. We cannot expect, with this robustness constraint,
to obtain clean accuracies as good as those reported in [142].

On Cifar10, we use a VGG-like architecture [127] with nine convolutional layers and
a single dense output layer with ten 1-Lipschitz neurons. In all experiments, for a fair
comparison, we use invertible downsampling emulation as in [138]. In order to avoid
problematic configurations described in Section 4.3.1.2, we alternate channels numbers
C, C + 2, C within each VGG block (see Table 4.3).

The network is trained during 400 epochs with a batch size of 128, using cross-entropy
loss with temperature, Adam optimizer [80] with a decreasing learning rate, and standard
data augmentation. A full description of hyperparameters is given in Appendix 4.H.1. The
optimized network achieves 91% accuracy on the Cifar10 test set, for the Conv2D classical
network.

As already mentioned, three configurations are compared: Conv2D: classical convo-
lutions (i.e. no regularization), C'ayley: convolutions constrained by Cayley method
[138], and L,¢,: the regularization with L,.s,. For the L., regularization, we in-
vestigate the properties of the solution obtained when minimizing (4.1.5) for A €
{10,1,107%,1072,1073,107%,107°}.

After training, 0,4, and o, values are computed for each convolutional layer using
the method described in Appendix 4.1. Each configuration is learnt 10 times to provide mean
and standard deviation for the following metrics:

— Acec. clean: Classical accuracy on a clean test set

— Ynar = max;(omaez(K;)): the largest singular value among all the convolutional
layers’s singular values.

9. Our experiments complement the comparison of L., with kernel orthogonality methods in [142].
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— Ymin = ming(omin(K;)): the smallest singular value among all the convolutional
layers’s singular values.

— Ej;p, : Empirical local Lipschitz constants of the network computed using the PGD-
like method proposed by [150].

— FE,o : The empirical robustness accuracy, i.e. the proportion of test samples on which
a vanilla Projected Gradient Descent (PGD) attack [94] failed (for a robustness radius
e = 36/255). PGD attack is applied with 10 iterations and a factor o = ¢/4.0 .

— Tepoch: the average epoch processing time.
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Figure 4.5 — Cifar10: Mean evolution of metrics (and error band in shadow) according to
A parameter for L,,+;, method, and comparison with Conv2D and Cayley configurations
(constant values): (Left) Clean accuracy and empirical robustness for e = 36/255, (Right)
Yinaz» Ymin and K, metrics. The parameter A permits tune a tradeoff between accuracy
and orthogonality, for the benefit of a better accuracy and a better robustness.

Figure 4.5 shows that the regularization parameter A, in (4.1.5), provides a way to
tune a tradeoff between robustness (F,.,;) and clean accuracy (Acc.clean), by controlling
the singular values of the layers (3,42 and Y;,,). On the contrary C'ayley or Conv2D
each provide a single tradeoff (shown with constant value in figures). The configurations
A = 1.00 x 10~ and 1.00 x 10~2 achieve better clean accuracy and similar empirical
robustness performances as the C'ayley method. Furthermore, their empirical Lipschitz
constants are very close to one. Finally, error bands for Cayley and L,,;, methods are very
narrow.

Processing time 7,5, for regularizing with Lo, is only 5% slower than the reference
network C'onv2D, but 2.2 times faster than the one for the C'ayley method. It is not reported
here in detail but the convergence speeds, in number of epochs, are similar. Moreover, L4,
provides classical convolution at inference. On the contrary, the C'ayley method provides
orthogonal convolutions of size N x NN obtained using a mapping that involves Fourier
transforms, which leads to higher computational complexity even at inference. The change
of support can also explain the slight difference in Acc.clean between the Cayley method
and the strong regularization A = 10 for L,,.;;, method.

Figure 4.6 presents the same experiments on the Imagenette dataset [63]. The latter is a
10-class subset of Imagenet dataset [30] with 160 x 160 images. The architecture is also a
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Figure 4.6 — Imagenette: Mean evolution of metrics (and error band in shadow) according
to A parameter for L,,;;, method, and comparison with Conv2D and Cayley configurations
(constant values): (Left) Clean accuracy and empirical robustness for e = 36,/255, (Right)
Ymazs 2min and By, metrics. The parameter A permits to tune a tradeoff between accuracy
and orthogonality, for the benefit of a better accuracy and a better robustness.

VGGe-like one but with 15 convolutional layers. We trained 10 times during 400 epochs with
a batch size of 64, using the same loss and optimizer as for the Cifar10 experiments. The
architecture and hyperparameters are described in Section 4.H.2. The average performance
of the unconstrained C'onv2D networks is about 83%.

Interestingly, even if the image size is larger on the Imagenette dataset, L., regu-
larization shows the same profile as for Cifar10, when A decreases, ranging from strong
orthogonality to high clean accuracy (equivalent to Conv2D configuration), with the best
compromise for A = 1.00 x 1073, Notice that for A decreasing from 10 to 0.01 the loss
of orthogonality permits to obtain a significantly better accuracy but does not significantly
favor attacks. Altogether, this leads to an increase in the empirical robustness accuracy. The
phenomenon is present but less visible on Cifar10.

Besides, because L.+, does not depend on the size parameter N of the input channels,
the processing time for the L,,.;;, regularization is only 1.1 times slower than for the non-
constrained convolution Conv2D. In comparison, the C'ayley method is 6.5 slower than
Conv2D.

4.4 Conclusion

This chapter provides a necessary and sufficient condition on the architecture for the
existence of an orthogonal convolutional layer with circular padding. The conditions prove
that orthogonal convolutional layers exist for most relevant architectures. We show that
the situation is less favorable with ‘valid’ and ‘same’ zero-paddings. We also prove that
the minimization of the surrogate L., enables constructing orthogonal convolutional
layers in a stable manner, that also scales well with the input size parameter N. The
experiments confirm that this is practically the case for most of the configurations, except
when M = C'S? for which interrogations remain.
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Altogether, the study guarantees that the regularization with L, is an efficient, stable
numerical strategy to learn orthogonal convolutional layers. It can safely be used even when
the signal/image size is very large. The regularization parameter A is chosen depending on
the tradeoff we want between accuracy and orthogonality, for the benefit of both accuracy
and robustness.

Let us mention three open questions related to this chapter. First, a better understanding
of the landscape problem as well as solutions to this problem when M = ('S? could be
useful. Also, as initiated in [77, 38], the extension of Lipschitz and orthogonal constraints
and regularization to the attention-based networks is a natural and relevant open question.
Finally, a clean adaptation of the regularization with L, for the ’valid’ and ’same’ bound-
ary conditions is needed. As shown in Section 4.2.2, approximate orthogonality seems to be
key with these boundary conditions.
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Appendix

4.A Notation and definitions

4.A.1 Notation

We summarize the notations specific to our problem in Table 4.2. We then describe
mathematical notations, their adaptation to our context and notations for the canonical bases
of matrix spaces that appear in the proofs.

notation  domain/type description

M N number of output channels

C N number of input channels

k N, odd the convolution kernel is of support k for signals, k& x k for images

d {1,2} 1 when the layer applies to signals; 2 for images

S N stride/sampling parameter

N N input channels are of size SN for signals, SN x SN for images
output channels are of size N for signals, N x N for images

Kg vector space equal to RM>CXEXE for images or RMXC*F for signals

K Ky kernel tensor that contains all weights defining the layer

K RMN?xCS*N?  the matrix that applies the convolutional layer defined by K

or RMNXCSN 6 inputs of size defined by N

Kj subset of K4 kernel tensors K such that /C is orthogonal

K, ; RF¥F or RF weights of the convolution from input channel j to output channel ¢

M(K;;) RY X SEN* matrix that applies the strided convolution defined by K; ;

or RNVXSN to inputs of size defined by NV

Lomin(K) Ry regularization applied to K and enforcing orthogonality of /C,
see Definition 5

errﬁ(K) Rt measures, in Frobenius norm, how matrix K for the signal size N
deviates from being orthogonal,

err} (K) Ry same as above for the spectral norm

I tensor tensor appearing in the definition of L.+,

Table 4.2 — Summary of the main notations.

The floor of a real number will be denoted by |.|. For two integers a and b, [a, b]
denotes the set of integers n such that a < n < b. We also denote by a%b the rest of the
euclidean division of a by b, and [a, b]%n = {z%n|z € [a,b]}. We denote by d;—;, the
Kronecker symbol, which is equal to 1 if ¢ = j, and 0 if ¢ # ;.

We denote by 05 the null vector of R®. For a matrix A € R™*", 0,,4,(A) denotes
the largest singular value of A and ||Al|, = 0pas(A) is its spectral norm. We also have

Al = maxo<j<n—1 > [Aij

and [|Allc = maxo<i<m—1 Z?:_& |A; j|. We denote

by Id,, € R™*"™ the identity matrix of size n. We use "Matlab colon notation” as index of
matrices and tensors. For instance, A, . is the ith line of A.
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Recall that ||.||» denotes the norm which, to any tensor of order larger than or equal to
2, associates the square root of the sum of the squares of all its elements (e.g., for a matrix it
corresponds to the Frobenius norm).

Recall that S is the stride parameter, £ = 2r + 1 is the size of the 1D kernels. SN is
the size of the input channels and N is the size of the output channels.
For a vector space £, we denote by B(&) its canonical basis. We set

( k
(€i)iz0.k—1 = B(R)
(fi)ico.sn_1 = B(RN)
(Eut)amo.N-1m0.55-1 = BEY*S) @A
(Ea’b)a:0~-SN—1,b=0..N—1 = B(RSNXN)
(Fab)a=0..5N—1,6=0.5N—1 = B(RSN*SN)
— NxN
\(Ga’b)azo--N—l,b:O_,N_l - B(R X ) )
nd 1 Ok—1
Note that the indices start at 0, thus we have for example eg = 0 epl = -1,
k—1
0;
and foralli € [1,k — 2], e; = 1
Og—i—1

To simplify the calculations, the definitions are extended for a, b outside the usual intervals,
it is done by periodization. Hence, for all a,b € Z, denoting by @ = a%SN, a = a%N,
and similarly b = b%SN, b = b%N, we set

€a = €a%k> fa:f& (4.A2)
Eap = E 5, Eaop=E 5, Fop = F Gap = Gyp
Therefore, for all a, b, c,d € Z, we have
Eopbea = 0;_.Fad, Ea,bEc,d = 5g:é€a,d 4.A3)
EopEeq = 0;_sFad, FopEeaq = 0;_Faa-
Note also that
Ely=Ey,. (4.A4)

4.A.2 Corresponding 1D definitions

In this section, we give the definitions for signals (1D case), of the objects defined in the
introduction for images (2D case).
4.A.2.1 Orthogonality

As in Section 4.1.1.1, we denote by K € RMXCU*F the kernel tensor and K &
RMNXCSN the matrix that applies the convolutional layer of architecture (M, C, k, S)
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to C vectorized channels of size SN. Note that, in the 1D case, we need to compare M
with C'S instead of C'S2.

RO case: When M < CS, K is orthogonal if and only if KT = Idysn -

CO case: When M > CS, K is orthogonal if and only if KTK = Idcgy -

4.A.2.2 The function L,

We define L, similarly to the 2D case (see Section 4.1.1.2 and Figure 4.1). Formally,
for P € N, and h, g € R*, we define

conv(h, g, padding zero = P, stride = 1) € R?F'*! (4.A.5)

such that for all i € [0,2P],

k—1
[conv(h, g, padding zero = P, stride = 1)]; = Z hi Girvi (4.A.6)
i'=0

where g is defined for i € [0,2P + k — 1] as follows

@:{%f’ﬁHWRP+kW’ (4.A.7)

0 otherwise.

Note that, for P’ < P, we have, for all i € [0,2P’],
[conv(h, g, padding zero = P’ stride = 1)];

= [conv(h, g, padding zero = P, stride = 1)];.p_pr. (4.A.8)

The strided version will be denoted by conv(h, g, padding zero = P, stride = S) €
RU2P/SI+1 and is defined as follows: For all i € [0, |2P/S]]

[conv(h, g, padding zero = P, stride = 5)], = [conv(h, g, padding zero = P, stride = 1)];.
(4.A9)

Finally, reminding that for all m € [1, M] and ¢ € [1,C], K, € R¥, we denote by
conv(K, K, padding zero = P, stride = ) € RM*Mx(12P/5]+1)

the third-order tensor such that, for all m, [ € [1, M],

conv (K, K, padding zero = P, stride = S)

m,l,:

C
= Z conv (K, ¢, K; ., padding zero = P, stride = 5). (4.A.10)

c=1

From now on, we take P = L%J SandI,g € RM>Mx(2P/5+1) the tensor whose entries
are all zero except its central M x M entry which is equal to an identity matrix: [L.o].. p/s =
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Idjy. Put differently, we have for all m, 1 € [1, M],

Op/s
Lolyy. =0m= | 1 | - 4.A11)

sbye -

Op/s
And L+, for 1D convolutions is defined as follows:
— In the RO case:
Lorin(K) = || conv(K, K, padding zero = P, stride = S) — L,o||7 .
— In the CO case:

Lorin(K) = || conv(K, K, padding zero = P, stride = S) — Lo||% — (M — CS) .

4.A.2.3 Measures of deviation from orthogonality

The orthogonality errors are defined by

errﬁ(K) _ IKKT —Tdyn lr %n the RO case,
IKTK —Idcswn |7 in the CO case,

and
IKKT —Idpw |l2 , in the RO case,

S (K) =
erry (K) {H;CT;C_IdCSNyQ , in the CO case.

4.B The convolutional layer as a matrix-vector product

In this section, we write the convolutional layer as a matrix-vector product. In other
words, we explicit /C and the ingredients composing it. The notation and preliminary results
are useful in the proofs. Note that the results are already known and can be found for
example in [121].

4.B.1 1D case

We denote by Sy € RVXSN the sampling matrix (i.e., for x = (o, . .. ,$5N_1)T €
RSN, we have forall m € [0, N — 1], (SNZ)m = Z5m).
Put differently, we have

N—-1
Sn=> Eisi. 4.B.1)
=0

Also, note that, using (4.A.3) and (4.A.4), we have SNS]:\F, = Idy and

N-1

SKSn =Y Faisi - (4B.2)
=0
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For a vector = (z0,...,2,—1)7 € R", we denote by C(x) € R™*" the circulant matrix
defined by
Zo Tn—1 €2 T
T Zo Ln—1 T9
C(z) = : R : (4B.3)
Tp—2 o mp
Tn—-1 Tn-2 e I Zo

In other words, for z € R™ and X € R™*", we have
X = C(.r) — Vm,l € [[O,n — 1]], Xm,l = T(m—1)%n - 4.B.4)

The notation for the circulant matrix C(.) should not be confused with the number of the
input channels C'. We also denote by Z € R™ the vector such that for all ¢ € [0,n — 1],
T = X(_j)%n- Again, the notation Z, for z € R", should not be confused with a, for a € Z.
We have

C(x)T =C(2) . (4.B.5)
Also, for x,y € R", we have
C(z)C(y) = C(z xy), (4.B.6)

where z %y € R™, is such that for all j € [0,n — 1],

n—1

[yl =Y Tiy_imm: (4.B.7)
i—0

x * y is extended by n-periodicity. Note that here = * y denotes the classical convolution as
defined in math (i.e. by flipping the second argument). Note also that z « y = y * x and
therefore

C(z)C(y) = C(y)C(x) . (4.B.8)

Throughout the chapter, the size of a filter is smaller than the size of the signal (k =
2r +1 < SN). For n > k, we introduce an embedding P,, which associates to each
h = (hg,...,ha)T € RF the corresponding vector

Py(h) = (hyy ... h1,h0,0,...,0,hop, ... hey1)T €R®

Setting [P, (h)]; = [Pn(h)]%, for all i € Z, we have the following formula for P,: for
i€ [-r,—r+n-—1],

hy—i ifie[—rr]

[Pn(h)]i - { 0 otherwise. (4.8.9)
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Single-channel case: Let 2 = (20, ...,25nv_1)7 € R¥Y be a 1D signal. We denote by
Circular_Conv(h, z, stride = 1) the result of the circular convolution ' of = with the kernel
h = (ho,...,ha)T € R*. We have

k—1
Circular_Conv(h, z, stride = 1) = (Z hi/ZL‘(i/+i—r)%SN> .
i'=0 i=0..SN—1

Written as a matrix-vector product, this becomes

LSN—r
ho -+ hay, O -+ 0 LSN-1
o
0 c RSN
A 0 TSN—-1
0 0 ho hor 0
Lr—1
By hpg1 -+ hoy O - 0 hg -+ ey
hey . . . . . .
. h
ho 0
0
= T
0
0 oy
h2r :
: . . . . . . . S
Bps1 -+ hayy O -+ 0 hg -+ hy_1 h,
= C(Psn(h))x .
The strided convolution is
Circular_Conv(h, z, stride = ) = SyC(Psy(h))z € RY . (4.B.10)

Notice that SyC'(Psy(h)) € RVXSN,

Multi-channel convolution: Let X € RE*SN be a multi-channel 1D signal. We denote
by Circular_Conv(K, X stride = 5) the result of the strided circular convolutional layer
of kernel K € RM*C*k applied to X. Using (4.B.10) for all the input-output channel

10. as defined in machine learning (we do not flip h).
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correspondences, we have Y = Circular_Conv(K, X, stride = S) € RM*N if and only if
SNC(Psn(Ki11)) ... SnC(Psy(Kic))
Vect(Y) = : : : Vect(X) ,
SNC(Psn(Kar1)) ... SnC(Psn(Karc))

where K; ; = K, ;. € R*. Therefore,

SNC(Psn(Ki11)) ... SnC(Psy(Kic))

K= e RMNxCSN (4 B.11)

SnC(Psy(Kar1)) - SnC(Psy(Kurc))

is the layer transform matrix associated to kernel K.

4.B.2 2D case

Notice that, since they are very similar, the proofs and notation are detailed in the 1D
case, but we only provide a sketch of the proof and the main equations in 2D. In order
to distinguish between the 1D and 2D versions of C(.), P,, and Sy, we use calligraphic
symbols in the 2D case. We denote by Sy € RV IXSIN? the sampling matrix in the
2D case (i.e., for a matrix z € RSNXSN_if we denote by z € RV*N | such that for all
i,j € [0, N — 1], z; ; = xsis;, then Vect(z) = Sy Vect(x)).

For a matrix x € R"*", we denote by C(z) € R**"” the doubly-block circulant matrix
defined by

C(LU(),;) C(fEn—l,:) e 0(3327;) C(Z‘L;)
0(551,:) C(mO,:) C(l‘nfl,:) C(:EZ,:)
C(x) = : C(x1,) C(zo,:)
C(xan,:) C(xnfl,:)
C(:Unfl’;) C(xn,%) cee C(J:‘L;) C(l’&;)

For n > k = 2r 4+ 1, we introduce the operator P, which associates to a matrix
h € RF*F the corresponding matrix

hr,r t hr,O 0O -0 hr,27“ T hr,r—i—l
hoy -+ hoo O -~ 0 ‘ho2 -+ hors1
0 .. 0 0 ... 0 0 .. 0
Pn(h) = S A A : : € RV
0 .. 0 0O ... 0 0 .. 0
h2r,r h2r,0 0 0 h2r,2r T h2r,r+1
hr+1,r : hr+1,0 0 0 hr—i—l,Qr to hr+1,r+1
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Setting [Py, (h)]i,; = [Pn(h)]ion,j%n for all i, j € Z, we have the following formula for 7,
for (i,7) € [-r,—r +n — 1],

if (27]) € [[77“’ T]]Q
otherwise.

Pu(h)];; = { gr,i,r,j

Single-channel case: Let 2 € RSNVXSN be a 2D image. We denote by
Circular_Conv(h, z, stride = 1) the result of the circular convolution of  with the kernel
h € RF*E_ As in the 1D case, we have

y = Circular_Conv(h, z, stride = 1) <= Vect(y) = C(Psn(h)) Vect(x)
and the strided circular convolution
y = Circular_Conv(h, z, stride = S) <= Vect(y) = SNC(Psn(h)) Vect(z) .

Notice that SyC(Psy (h)) € RN *5*N?,

Multi-channel convolution : Let X € RE*SNXSN pe a multi-channel 2D im-
age. We denote by Circular_Conv(K, X, stride = S) the result of the strided circu-
lar convolutional layer of kernel K € RMXCUxkxk applied to X. We have ¥ =
Circular_Conv(K, X, stride = S) € RM*XN*N if and only if

SNC(PSN(KLl)) o SNC(PSN(KLC))
Vect(Y) = : : : Vect(X) ,

SNC('PSN(KMJ)) SNC(PSN(KM,C))
where K; ; = K; ;.. € R¥**_ Therefore,

SNC(Psn(Ki,1)) ... SnC(Psn(Kic))

= c RMNQXCSQN2

SNC(PS];[(KMJ)) . . SNC(PS]\.[(KM’C))

is the layer transform matrix associated to kernel K.

4.C Proof of Theorem 6

As the proofs are very similar in the 1D and 2D cases, we give the full proof in the 1D
case, in Section 4.C.1, and we only give a sketch of the proof in the 2D case, in Section
4.C.2.

We first prove the result in the RO case, then in the CO case. In each case, we
prove separately the statement when an orthogonal convolutional layer exists and when no
orthogonal convolutional layer exists. When the architecture places us in the former case,
to prove an orthogonal convolutional layer exists, we exhibit an explicit kernel tensor K
and do the calculations to prove that X is orthogonal. The calculations are based on Lemma
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24, in the RO case, and Lemma 25, in the CO case. Lemma 23 synthesize the result of a
calculation that is used to prove both Lemma 24 and Lemma 25. When on the contrary the
architecture is such that there does not exist any orthogonal convolutional layer, we prove
that for all K the architecture condition implies tk(XXT) < rk(Idyy), in the RO case,
and tk(KTK) < rk(Idcgn), in the CO case. This proves that no orthogonal convolutional
layer exists.

4.C.1 Proof of Theorem 6, for 1D convolutional layers

We start by stating and proving three intermediate lemmas. Recall that £ = 2r + 1 and
from (4.A.1), that (¢;);— 41 = B(R¥) and (Ea),—o n_14—0.5v_1 = BRV*N).

Lemma 23. Let j € [0,k — 1]. We have

SNC PSN 6] ZEzSH-j —r -

Proof. Let j € [0,k — 1]. Using (4.B.9), (4.A.1), (4.A.2) and (4.B.3), we have

SN-1 SN-1
C(Psn(ej)) = C(fr—j) = Z Fiicr—j) = Z Fiitj—r
=0 i=0

Using (4.B.1) and (4.A.3), we have

SN-1

N-1
SNC (Psn (e5)) (Z E; Sz) < > Fz’/,z’/+j—r> => FEisitjr-
i"=0 i=0

Lemma 24. Let kg = min(k, S) and j,1 € [0, ks — 1]. We have
SNC(PSN(ej))C(PSN((B[))TS}\} = 5j:lIdN .
Proof. Let j,l € [0,ks — 1]. Since ks < k, using Lemma 23 and (4.A.4),

N-1 N-1 T
SNC (Psn (€5)) C (Psn ()" Sk = (Z Ei,Si—i—j—r) (Z Ei',Si’—i—l—r)
i"=0

=0
N-1 N—-1

- (Z Ei,5i+jr> (Z Esz-fﬂ_m-/) . @c
=0 =0

We know from (4.A.3) that Ez‘,Si+j—rESi’+lfr,i’ = 6Si/+j\fr:5i’+/l\eri7i/' But for i, =

[0, N —1] and 4,1 € [0, ks — 1], since ks < S, we have

—r<Si+j—-r<S(N-1)+ks—1—-r<SN-1-—r.
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Similarly, Si’ +1—1r € [—r, SN — 1 — r]. Therefore, Si + j — r and S7’ + [ — r lie in
the same interval of size SN, hence

Sitj—r=8i+l-r <> Sitj—r=8+l—r < Si+j=S5i'+1.
If Si+ j = Si’ + 1, then
[S(i—i)| =i =1l <ks <.
Since |7 — i’| € N, the latter inequality implies ¢ = i’ and, as a consequence, j = [. Finally,
Sitj—r=8i+1l—r < i=andj=1.

Hence, using (4.A.3), the equality (4.C.1) becomes

N-1

SNC(Psn(e;))C(Psn(en)"SK = 6j=1 > Gii = = Tdn -
=0
O
Lemma 25. Let S < k. We have
S—1
> C(Psn(e)"SKSNC(Psn(ez)) = Idsn -
z=0

Proof. Let z € [0, S — 1]. Since S < k, we have z € [0,k — 1]. Hence using Lemma 23,
then (4.A.4) and (4.A.3), we have

T /N-1
C (Psn (e2))" SYSNC (Psn (e)) = (Z Ei Sivz— r> (Z Ei’,Si’+zr>
i'=0
N-1
Z ESZ+Z 7‘1) (Z Ei’,Si’+zr>

/=0
N-—1
= FSi+z—T,Si+z—T .
=0
Hence

S—1 S—1N-1
Z C(PSN<62)) SNSNC(PSN(ez) = Z Z FSz+z r,Sit+z—r -
z=0 z=0 =0

But, for z € [0, S—1] and i € [0, N —1], Si+ z—r traverses [—r, SN — 1 —r]. Therefore,
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using (4.A.2)
S—1 SN—1—r SN—1
Z C’(PSN(ez))TSJI\;SNC(PSN(eZ)) = Z Fm‘ = Z Fm = IdSN .
z=0 t=—7 =0
O

Proof of Theorem 6. Let N be a positive integer such that SN > k.
We start by proving the theorem in the RO case.

Suppose C'S > M and M < Ck:

Let us exhibit K € RM*¢>k such that KKT = Idyy.
Let kg = min(k, S). Since M < CS and M < Ck, we have 1 < M < Ckg. Therefore,
there exist a unique couple (imaz, Jmaz) € [0, ks—1]x[1, C] such that M = 41,,02.C+Jmaz-
We define the kernel tensor K € RM*C*F a5 follows: For all (4, j) € [0, ks — 1] x [1,C]
such that iC' + j < M, we set K;c4j; = €;, and K, ,, = 0 for all the other indices. Put
differently, if we write K as a 3rd order tensor (where the rows represent the first dimension,
the columns the second one, and the K;; ; € R” are in the third dimension) we have :

Ki e Kic €o

: : 0
Kc1 Kc o

Koy Kctio e1

K = : =10
Kac 1 : Koco

Kinooor11 0 Ky .or1,0 €imas
_ . . | B

€0

M k
0l eRr ><C><’

€1

0

where e;,, . appears jmqz times. Therefore, using (4.B.11), we have

[ SnC(Psn(eo))
0

SnC(Psn(er))
K= 0

SNC(Psn(€ipnas))
0

0
SnC(Psn(eo))

0
SnC(Psn(er))

c RMNXCSN

9
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where Sy C(Psn (€4,,,,)) appears jmaqq times. We have IC = Dy n,., where we set

[ SNC(Psn(eo))
0 0
SNC(PSN((B()))
SNC(Psn(er))
D= 0 0 c RESCNXCSN
SNC(Psn(er)) '

SNC(Psn(exs-1))
0 0
SNC(Psn(ers—1))

But, for 7,1 € [0, ks — 1], the (§,1)-th block of size (CN,CN) of DD is :

SnC(Psn(e;)) C(Psn(e)"S%

0 0 0 0 ’
SnC(Psn(e;)) C(Psn(er))"S%

which is equal to

SnC(Psn(e;))C(Psn(er)T 5%
0 0
SnC(Psn(e;))C(Psn(er)" S

Using Lemma 24, this is equal to 6;—;/dc . Hence, DDT =1 di4cn, and therefore,
KK' = Dyyn.(Drun:)t = (DD 1yn 1N = Tduy -

This proves the first implication in the RO case, i.e., if M < Ck, then K{ # 0.

Suppose CS > M and M > Ck:

We need to prove that for all K € RM*CXE we have KKT # Idyy.

Since for all (7, j) € [1, M] x [1, C], each of the N rows of SxC(Psn(K; j)) has at most

k non-zero elements, the number of non-zero columns of Sy C(Psn(K; ;)) is less than or

equal to kN. Also, for all 4,7 € [1, M], the columns of SyC(Psn(K; ;)) which can be

non-zero are the same as those of Sy C(Psn(Ky ;)). Hence, we have for all j, the number
SnC(Psn(Kai,))

of non-zero columns of : is less than or equal to kN. Therefore, the
SnC(Psn(Ka,j))

number of non-zero columns of K is less than or equal to CkN. Hence, since Ck < M, we

have rk(KKT) < rk(K) < CkN < M N = rk(Idysy). Therefore, for all K € RM*Cxk,

we have KT # Idyy .
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This proves that if C'S > M and M > Ck, then K{- = (). This concludes the proof in the

RO case.

Suppose M > CS and S < k:
Let us exhibit K € RM*CxF guch that CTK = Idcgy.
For all (4,7) € [0,5 — 1] x [1,C], we set K;cyj; = e;, and K, ,, = 0 for all the other
indices. Put differently, if we write K as a 3rd order tensor, we have

Ki

Kc
Koy

Koc 1
Ks-1)c41,1

Kes,
Kesyi

K

Kic

Ko
Keyi,o

Koc o
Kis-1ot1.c

Kes,o
Kesyi,o

Kuyc

_ e -
0 0
€0
€1
0 0
€1
_ . c RM><C><k
€s—1
0 0
€s—1
O

where O = 0(p7_c5)xcxx denotes the null tensor. Therefore, using (4.B.11), we have

[ SnC(Psn(ep))
0

SnC(Psn(er1))
0

SnC(Psn(es—1))
0

O

0
SnC(Psn(eo))

0

SNC(PSN(el)) e RMNXCSN

I

0
SNC(Psn(es—1))

where O = 0y y—csn)xcsn denotes the null matrix. Hence, KTK equals

S50 C(Panl(ex)TSHSNC(Pan(ez))

0

S50 C(Panl(ex)TSHSNC (P (ez))
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Using Lemma 25, we obtain KTK = Idcgn -
This proves that in the CO case, if S < k, then Kf # (.

Suppose M > C'S and S > k:
We need to prove that for all K € RM*¢*F we have KT/ # Idcgn.
Following the same reasoning as in the case C'S > M and M > Ck, we have that the
number of non-zero columns of K is less than or equal to CkN. So, since k < S, we have
rk(KTK) < rk(K) < CkN < CSN = rk(Idcsy). Therefore, for all K € RM*CxE ye
have ]CTK 75 Idcs]\/ .
This proves that in the CO case, if k < S, then K{- = (). This concludes the proof. O

4.C.2 Sketch of the proof of Theorem 6, for 2D convolutional layers

We first set (€;;)i=0..k—1,j=0.k—1 = B(R¥*F)_ As in the 1D case, we have the following
two lemmas

Lemma 26. Let ks = min(k, S) and j,7’,1,1" € [0, ks — 1]. We have
SNC(Psn(e;j1))C(Psn(eri) Sk = 6j=10;—pTdy .

Lemma 27. Let S < k. We have

S—15-1
YD C(Psn(ez) SKSNC(Psn(ez ) = gz -
2=0 2/=0
For CS?> > M and M < Ck?:
We set €;1; = e;j fori,j € [0,k — 1].
Let imazs jmaz € [0, k?g — 1] x [1, C] such that i,,4,C + Jmaez = M. We set

[ Ky, Kic )
: 0o . 0
Kcn Kc o €
Kcyia Kconce €
K= — 0 0 ERMXCXka,
Koc1 Koo o €1
Ki,..ct11 - Ki o0 Ciman
_ ) i _ o o)

where e;_appears jmq, times. Then we proceed as in the 1D case.

For CS? > M and M > Ck?:
Using the same argument as in 1D, we can conclude that the number of non-zero columns
of IC is less than or equal to CEk2N?2. Hence, rk(K) < Ck2N? < M N?2. Therefore, for all
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K € RMXCOxkxk we have KICT # Idyy2 -

For M > CS?and S < k:
Denoting by O € R(M~C5%)xCxkxk the null 4th order tensor of size (M —C'S2) x C x kx k,

we set
Ki1
Kci
Ko
Koc 1
K =

Keos2—1)41.1

Kes2
Kes2y11

K1

L )

Kic

Kc o
Keoti1,0

Koc o
Kes2-141,0

Kes2 o
Kes2ii,o

Ku,c

Then we proceed as in the 1D case.

For M > CS?and S > k:
By the same reasoning as in the 1D case, we have that the number of non-zero columns of
K is less than or equal to Ck? N2. So, since k < S, we have rk(K) < Ck2N? < CS2N?2.

Therefore, for all K € RM*C*kxk we have KTK # Idoge e -

4.D Restrictions due to boundary conditions

4.D.1 Proof of Proposition 13

€5-1,5—-1

€0,0

€1,0

€5-1,5-1

e RM><C’><I<:><k )

Proof. For a single-channel convolution of kernel & € R¥ with *valid’ padding, the matrix
applying the transformation on a signal z € R has the following form:

An(h) :=

ho -+ hay

0

h2r

RIN—k+1)xN
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Hence, for K € RMXC*k the layer transform matrix is:

Anv(Ki1) ... An(Kice)
K= . . c RM(N—k+1)xCON

Anv(Karn) .. AvEKwuce)

Let us focus on the columns corresponding to the first input channel. To simplify the
notation, for m € [1, M] we denote by alm .= K1 € R”*. By contradiction, suppose
that KTKC = Idcy. In particular, for the first block matrix of size M (N — k + 1) x N of
K (i.e., corresponding to the first input channel), its first column, last column and column of
index 2r are of norm 1. Since N > 2k — 1, we have

M M 2r M
Z (a(()m)>2 =1, Z (agT))z =1 and Z Z (agm)f =1.

m=1 m=1 =0 m=1

This is impossible. Therefore, for all K € RM*C¢xk we have KTK # Idcon.

4.D.2 Proof of Proposition 14

Proof. For a single-channel convolution of kernel » € R* with zero-padding ’same’, the
matrix applying the transformation on a signal = € RY has the following form:

hT h2’r 0 0
0 . e by,
0 --- 0 hy --- h,

Hence, for K € RM*C*k the matrix that applies the convolutional layer is :

AN(KI,I) AN(Kl,C’)
K= . . e RMNXCN .

AN(KMJ) e AN(KM70)
Suppose M < C (RO case): If K is orthogonal, then KT = Idy;y. Let us fix m €

[1, M]. Since KT = Idy, the first row, the last row and the row of index r of the m-th
block matrix of size N x CN of K are of norm equal to 1, i.e.

HIC(m—l)N,:Hg =1, ||]CmN—1,:| % =1 and ||IC(m—1)N+r,:H% =1.
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To simplify the notation, for ¢ € [1, C], we denote by al®) .= K€ R*. Since N > k,
the previous equations are equivalent to

ZZ( ) =1 ii(afﬁ)il and ii(aﬁc’f:

i=r c=1 =0 c=1 =0 c=1

Substracting the first equality from the third one, and the second equality from the third one,
we obtain

S o0 SR 0w 3

=0 c=1 1=r+1 c=1 =0 c=1

This implies that for all ¢ € [1,C], for all i € [0,2r] \ {7}, a; () — .
As a conclusion, for any m € [1, M], any ¢ € [1,C], and any i € [0, 2r] \ {r},

Km,c,i = 0.

This proves the result in the RO case.
The proof of the CO case is similar, and we have the same conclusion. O

4.E Proof of Theorem 7

As in Section 4.C, we give the full proof in the 1D case and a sketch of proof in the 2D
case.

In the RO case, the proof is based on calculations in which we carefully detail the
structure of the matrix X7 — I'dy;n and identify its constituent with those of L4 (K).
The main lemma describing the structure of KKT — Idysy is Lemma 30. It is deduced from
Lemma 28 and Lemma 29 which focus on submatrices of KXKXT — Idyn.

The result in the CO case is obtained from the result in the RO case and a known relation
between || KT — Idyy||% and [|KTK — Idcsn||%, see for instance Lemma 1 in [142].

4.E.1 Proof of Theorem 7, in the 1D case

Before proving Theorem 7, we first present three intermediate lemmas.

Lemma 28. Let z € RSN, We have
SyC(z)SE = C(Syz) .

Proof. Letx € RSN, X = O(x) and Y = Sy X S% € RV*N. The matrix Y is formed by
sampling X, i.e., for all m,n € [0, N — 1],

Ym,n = XSm,Sn-

Hence, using (4.B.4), Yo n = Z(5m—5n)%SN = T5((m—n)%nN)- Setting y = Sz, we have
y; = xg foralll € [0, N —1]. Therefore, Yy, , = Y(m—n)%N> and using (4.B.4), we obtain
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Y = C(y). Hence, from the definitions of Y, X and y we conclude that
SnC(z)S% = C(Syz) .

This completes the proof of the lemma. O

For N such that SN > 2k —1, and P = L%J S, we introduce the operator ()5 n

. ) P
which associates to a vector = (zy, ..., xQB)T € R?511 the vector
S

Qsn(@) = (Tp,...,25p,0,...,0,30,71,... ,ngl)T e RN, (4.E.1)

S

195)

Lemma 29. Let S, k = 2r 4+ 1 and N be positive integers such that SN > 2k — 1. Let
h,g € R¥and P = L%J S, we have

SnC(Psn(h))C(Psn(9))" Sk = C(Qs.n(conv(h, g, padding zero = P, stride = 5))) .
(4.E.2)

Proof. Let N be such that SN > 2k —1, and P = V‘C—EIJ S. Let us first detail and
analyse the left-hand side of (4.E.2). Recall that by definition Pgy(h) is SN-periodic:
[Psn(h)]i = [Psn(h)]iosn forall i € Z. Using (4.B.5), (4.B.6), and (4.B.7), we have

C(Psn(h))C(Psn(g))" = C(Psn(h))C(Psn(g))

SN-1
(z P [l
1=0 j=0..SN—-1
N
= (Z [Psn (h)];[Psn(9)]; j)
=0

j=0..SN—1
: SN _ SN-1
Setting b5 [h, g| = (Zizo [PSN(h)]i[PSN(Q)]i_j>j:0..SN_1 ; we have
C(Psn(h)C(Pan(g)" = COEMh, g]) . (4E3)
To simplify the forthcoming notation, we temporarily denote by
b:= b5 h, g]. (4.E.4)

Notice that by definition, b is S IV -periodic. Therefore, we can restrict its study to an interval
of size SN. We consider j € [—2r, SN — 2r — 1]. From the definition of Pgy in (4.B.9),
we have, for i € [—r, —r + SN — 1],

hr—i if i€ [—-rr]

AE.
0 if iefr+1,—r+SN-1]. (4E.5)

Peavi = {
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Hence, since Psy(h) and Psy(g) are periodic, we have

SN-1
bj = Z [PSN(h)]i[PSN(g)]i—j
SZ]\TEI—T
= Z [PSN(h)L[PSN(g)]i—j
- Z [Psn (h)];[Psn(9)];— ;- (4+E5)

The set of indices i € [—r, r] such that [Psn (h)];[Psn(g)];—; # 0 is included in [—r, 7] N
{i|(i — j))%SN € [-r,r]%SN}.

Since j € [—-2r,SN —2r — 1]: We have —r < i < rand —2r < j < SN — 2r — 1,
then —SN +r + 1 < ¢ — j < 3r, but by hypothesis, SN > 2k — 1 = 4r + 1, hence
3r < SN —randso —SN +r < i—j < SN — r. Therefore, for : € [—r,r] and
je[-2r,SN —2r—1]

(i —j)%SN € ([-r,r]%SN) <= i—je[-rr] < ie[-r+jr+j].

As a conclusion, for j € [—2r, SN — 2r — 1],

{ie[[—r,r]] | [Pszv(hﬂi[Pszv(g)]i_j#O}c[[—r,r]]ﬂ[[—rﬂ,rﬂ]]- (4.E.7)

Let us now analyse the right-side of (4.E.2). We start by considering zero-padding = k£ — 1
and stride = 1, and we will arrive to the formula with zero-padding = P and stride = S
later. Using (4.A.5), we denote by

a = conv(h, g, padding zero = k — 1, stride = 1) € R?*~L, (4.E.8)

We have from (4.A.6), for j € [0, 2k — 2],

k-1
aj =Y higitj -
i=0

Using (4.A.7) and keeping the indices ¢ € [0,k — 1] for which g;;; # 0, i.e. such that
i+j € [k—1,2k — 2], we obtain

{ajzzf,i_lfjhigi+j_<k_1> it jefo.k-2, E9)

aj = Z?ﬁfﬂ higivj—e—1y if je[k—1,2k-2].

In the following, we will connect b with a by distinguishing several cases depending on the
value of j.

We distinguish j € [0,2r], j € [-2r,—1] and j € [2r + 1, —2r + SN — 1]. Recall that
k=2r+1.
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If j € [0,2r]: then [—r,r]N[—r+j,7+j] = [—r+j,7]. Using (4.E.7) and (4.E.5),
the equality (4.E.6) becomes

T

bj = Z [PSN(h)] [PSN Z hy—iGr— it -

i=—r+j i=—r+]

By changing the variable [ = r — 4, and using k£ = 2r + 1, we find

2r—j k—1—j 2k—2—(k—1+j)
bj = Z higij = Z higivj = Z Mgy (k—144)—(k-1) -
1=0

When j € [0,2r] = [0,k — 1], we have k — 1 + j € [k — 1,2k — 2], therefore using
(4.E.9), we obtain

bj = Ak—1+j - (4.E.10)

Ifj € [-2r,—1]: then [—r,r] N [—r + j,r + j] = [-r,7 + j]. Using (4.E.7) and
(4.E.5), the equality (4.E.6) becomes

r+j r+j
bj = Z [PSN(h)] [PSN Z hy— i9r—i+j -

By changing the variable [ = r — 4, and using k£ = 2r + 1, we find

k-1
bj = Z higiy; = Z higiyj = Z gy (k—144)— (k—1) -
I—j I=—j I=k—1—(k—1+)

When j € [-2r,—1] = [-(k—1),—1], we have k — 1+ j € [0, k — 2], and using (4.E.9),
we obtain

bj = Ak—1+j - (4.E.11)

Ifje[2r+1,SN—2r—1]: then [—r,7]N[—r+j,r+j] = 0. The equality (4.E.6)
becomes

bj = 0. (4.E.12)
Therefore, we summarize (4.E.10), (4.E.11) and (4.E.12): Forall j € [—(k — 1), —(k —
1)+ SN —1],

by = { ap-t4j 17 € [=(k = 1), k= 1], (4.E.13)

0 if j € [k, SN — k].

Let us now introduce "padding zero = P’ and ’stride = S°. We will prove the equality
between matrices in (4.E.2) using the equality between vectors in (4.E.13).
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Recall that P = |55 S < k — 1, and let i € [0,2P]. Therefore i — P € [P, P] C
[—(k — 1),k — 1], hence using (4.E.8), (4.A.8) and (4.E.13), we have

[conv(h, g, padding zero = P, stride = 1), = ay—14i—p = bi—p .
Therefore, using (4.A.9) and [2P/S| +1=2P/S +1
conv(h, g, padding zero = P, stride = )
= (b_LL?JS, -y bo9g,bg, b0, bs, bas, . .. ,bL%Js)T € RP/SHL
Using the definition of Q)5 n in (4.E.1), we obtain

Qs,n(conv(h, g, padding zero = P, stride = 5))

T
= (5075375257--~7bL@JS,0,~--70,b_LL§1J57-~-,b—2575—S> eRV.

S

But, using (4.E.12), and since Lk—glJ S is the largest multiple of .S less than or equal to k — 1
and b is S N-periodic, we have

T
Snb = (b07b57b237-~~7bL%J5707-~70;bSN_LL§1JS;-~7bSN—2S7bSN—S>
T N
= <b07bSab25’,~-7bL%J5707---aoab,Lk%ljga'-wb—QSab—S) eR™.
Finally, we have
Snb = Qg n(conv(h, g, padding zero = P, stride = 5)) .
Using (4.E.4), (4.E.3) and Lemma 28, we conclude that

SNC(Psy (M)C(Psn(9))" Sk = SxC BN [h, g) %
= C(SxbEMh.g))
= C(Qs,n(conv(h, g, padding zero = P, stride = 5))) .

O

Lemma 30. Let M, C, S, k = 2r + 1 be positive integers, and let K € RM*CxE [ et N

Op/s

be such that SN > 2k — 1,and P = Lk—glj S. We denote by zp/g = | 1 e R2P/S+1,
Op/s

We have

C(Qsn(z11)) ... C(Qsn(z1,Mm))
KKT — Idyn = : : ;
C(@sn(rama)) - C(Qsn(zam))
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where for all m, [ € [1, M],

C
T = Z conv(Koy, ¢, Kj ¢, padding zero = P, stride = S) — d,=12p/5 € R2P/5+1
c=1

(4.E.14)

Proof. We have from (4.B.11),

SNC(Psn(K11)) ... SNC(Psy(Kic))

K — c RMNXCSN

SNC(Psn(Karn)) -.. SnC(Psny(Kwr,c))
Hence, we have that the block (m, 1) € [1, M]? of size (N, N) of KT is equal to :

C(Psn(Ki1))'SE

( SNC(Psn(Km1)) .. SnNC(Psn(Kpmc)) ) :
C(Psn (K1) SK
C
= SNC(Psn(Km,e))C(Psn(Kie))'SK -
c=1

We denote by A,,; € RV*¥ the block (m, 1) € [1, M]? of size (N, N) of KKT — Idyy.
We want to prove that A, ; = C(Qg N (2m,)) Where x,,; is defined in (4.E.14). Using

(4.A.1), (4.B.3), and (4.E.1), we have Idy = C ([O 1 ]) = C(QsN(zpss)), and
N—1
therefore,

c
Apy = Z SNC(Psn(Kim,e))C(Psn (Kie))T Sk — 0m—iC(Qs,n(2p/5)) -

c=1

Using Lemma 29, this becomes

c
Api = Z C(Qs,n(conv(Ky ¢, Ki ¢, padding zero = P, stride = S))) — 0,,=1C(Qs,n(2p/s)) -

c=1

By linearity of C' and Qs n, we obtain

C
Ap=0C (QS,N (Z conv (K, ¢, K; ., padding zero = P, stride = S) — 5leP/S>>

c=1

=C(Qs,Nn(Tmy)) -

g

Proof of Theorem 7. Let M, C, S, k = 2r + 1 be positive integers, and let K € RM*Cxk,
Let N be such that SN > 2k — 1, and P = Lk—glJ S. For all m,l € [1, M], we denote
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by Ay € RV the block (m, 1) of size (N, N) of KKT' — Idyn. Using Lemma 30, we
have

C
Api=0C (QS,N (Z conv (K, ¢, K; ., padding zero = P, stride = §) — (5m:lzp/s>> .
c=1

Hence, from (4.B.3) and (4.E.1), using the fact that for all z € RY,
and for all 2 € R?P/5%1 ||Qg v(2)|13 = ||z]|3, we have

C@)E = N3,

1K = Idun |7

M M
Z Z HAm,lH%‘

2

c=1

C
C (Q&N (Z conv (K, ¢, K; ., padding zero = P, stride = §) — 6m:lzp/g>>

F
2

M C
Z N| Qs,N (Z conv(K, ¢, K; ¢, padding zero = P, stride = ) — 6leP/S>

m=1 [=1 c=1 2
M M| C 2
=N Z Z Z conv(K,, ¢, K; ., padding zero = P, stride = S§) — Om=12p/5
m=1[=1 |lc=1 2

Therefore, using (4.A.11) and (4.A.10), we obtain for any M, C, S, k = 2r + 1 and
K€ RMXCXk’

|IKKT — Idyn||% = N| conv(K, K, padding zero = P, stride = S) — Lo||% .
(4.E.15)

This concludes the proof in the RO case.

In order to prove the theorem in the CO case we use Lemma 1 in [142]. This lemma states
that

IKTK — Idosn||% = |KKT — Idyn||% + CSN — MN.
Therefore, using that (4.E.15) holds for all M, C' and .S, we have

IKTK — Idcsn||F = N (|| conv(K, K, padding zero = P, stride = S) — Lo||% — (M — C9))
(4.E.16)

Hence, using the definitions of errﬁ and L, in Sections 4.A.2.2 and 4.A.2.3, (4.E.15)
and (4.E.16) lead to

(e (K))? = NLowin(K).

This concludes the proof of Theorem 7 in the 1D case. O
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4.E.2 Sketch of the proof of Theorem 7, in the 2D case

We start by stating intermediate lemmas. First we introduce a slight abuse of notation, for
a vector z € RV, we denote by C(x) = C(X), where X € RN>*¥ such that Vect(X) = .
The main steps of the proof in the 2D case follow those in the 1D case and are given below.

Lemma 31. Let X € RSN*SN We have

SnC(X)SE = C(Sy Vect(X)).

Let Qg v be the operator which associates to a matrix 2 € RZF/S+1)x(2P/5+1) the
matrix

xzp/sp/s 0 Tpisepss 0 -+ 0 mpisg o Tpisp/soa
Top/s,p/s - Zep/spp/s O oo+ 0 mopigo 0 Tap/sp/s—1
0 ... 0 0o ... 0 0 .. 0
: : : : : : : : c RVXN
0 ... 0 0o ... 0 0 . 0
Top/s - Togp/s O 0 oo -+  Top/s-1
rp/s—1,p/s - ZTpis—12p/s 0 -+ 0 zpis10 -+ Tpis_1p/s—1

Lemma 32. Let N be such that SN > 2k — 1, h, g € RF*k and P = Lk—glJ S, we have

SNC(Psn(h))C(Psn(9)) Sk = C(Qs.n(conv(h, g, padding zero = P, stride = S))) .

Lemma 33. Let M, C, S, k = 2r + 1 be positive integers, and let K € RM*Cxkxk 1 et
N be such that SN > 2k — 1,and P = | 5L | S. We set 2p/s p/s € R(2P/S+1)x(2P/S+1)

such that for all 4, j € [0,2P/S], [2p;s,p/s], . = di—p/sdj—p/s- We have

4,J
C(Qsn(z11)) ... C(Qsn(z1m))
KKT — Idyne = : : )
C(Qsn(zma)) ... C(Qsn(zamm))

where for all m, 1 € [1, M],

C
Ty =Y _ conv(Kp,c, Ky, padding zero = P, stride = §) — 6,n—12p/s,p/s-

c=1

Then we proceed as in the 1D case.
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4.F Proof of Theorem 8§

As in Section 4.C and Section 4.E, we give the full proof in the 1D case and a sketch of
proof in the 2D case.

The lower-bound is a consequence of Theorem 7.

The proof of the upper-bound is different in the RO case and the CO case. In the RO
case, we first express the orthogonality residual using Lemma 30. Then we conclude with
calculations based on matrix norm inequalities, properties of circulant matrices and the
definition of L+, (K).

The CO case is more difficult since, to use in place of Lemma 30, we first need to
establish Lemma 34. We then proceed with calculations to express that || K7IC — Idcsn |2
is upper-bounded by a quantity independent of N, as long as N > 2k — 1. Then, after
calculations, a key argument is to apply Theorem 7 to the matrix K obtained for the signal
size N' = 2k — 1.

4.F.1 Proof of Theorem 8, in the 1D case

The lower-bound of Theorem 8 is an immediate consequence of (4.1.8) and Theorem 7.
We have indeed both in the RO and CO case:

s 2 1
>
(e (K)) = T e e

1
min(M, CS?)

(err%(K))2 = Lorin(K).

We focus from now on on the upper-bound. Let M, C, S, k = 2r 4+ 1 be positive
integers, and let K € RMx*Cxk et N be such that SN > 2k — 1, and P = Lk—glJ S. We

Op/s
denote by zp/g = | 1 | € R¥/SHL
Op/s
RO case (M < CS): From Lemma 30, we have
C(Qsn(r1,1)) ... C(Qsn(r1,0m))
KKT — Idyn = : : , (4.F1)
CQsn(za1)) - C(Qsn(Tanr))

where for all m, [ € [1, M],

Tl = XC: conv (K, ¢, Kj ¢, padding zero = P, stride = S) — 0p=12p/5 € R2P/S+1
- (4F2)
We set
B=KK" - Idyn -

Since B is symmetric and due to the well-known properties of matrix norms, we have
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|Bll1 = || Blls and || B||3 < ||B||1|| B||s- Hence, using the definition of || B||1, we have

MN 2
IBI3 < I1BIIBlloc = 1B = ( max 3 |Bm,l|)
m=1

1<I<MN

Using (4.F.1), and (4.B.3), we obtain

M 2
B|l3 < :
|Bllz < max, (2:1 !QS,N(fUmJ)\h)
m=

Given the definition of Qg y in (4.E.1), we have for all x € R?7/5+1 ||Qg n(2)|l1 = ||=|1,
therefore,

M 2
IBIE < | max, (Z !xm,z\h)
m=1

2
We set [y € argmaxi<;<ys (er\le melHl) . Using that for all x € R, [jz|; <
Vn||lz||2, we have

M
IBI3 < (Z Hfffm,loHl) (2P/S+1) (Z [#m zolb)
m=1

Using Cauchy-Schwarz inequality, we obtain

I1B3 < (2P/S +1)M Z im0l < (2P/S +1)M Z lewmzHg

m=1 m=1 =1

Using (4.F.2), then (4.A.11) and (4.A.10), we obtain

B3
M M| C 2
< (2P/S+1)M Z Z Zconv Kinc, Ki ¢, padding zero = P, stride = S) — d;=12p/g
m=1 [=1 ||c=1 2
M M )
=(2P/S+1)M Z Z H conv(K, K, padding zero = P, stride = S) — L], H

m=1 [= 2

1
= (2P/S + 1)M ||conv (K, K, padding zero = P, stride = ) — L[|
= (2P/S +1)M Lopin(K) .

This proves the inequality in the RO case.

CO case (M > CS): First, forn > 2k — 1, let R,, be the operator that associates to
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x € R?*—1_the vector
Ru(x) = (Tp—1, ..., Top—2,0,...,0,20,...,25_2)" €R". (4.E3)
Note that, when S’ = 1, N’ = SN, we have in (4.E.1), P’ = k — 1 and
Q1,58 = Rsn. (4.F4)

Recall from (4.A.1) that (f;);—o._sn_1 is the canonical basis of RV, Let A =C(f)) €
RSN*SN be the permutation matrix which shifts down (cyclically) any vector by j €
[0,SN — 1]: forall z € RSN, fori € [0, SN — 1], (Ajx); = T(;—j)%sn- Note that, using
(4.B.3), we have for all z € RSV,
[C(2)].; = Ajz. (4.E5)
Recall that k = 2r + 1, and for all h € R¥,
Psn(x) = (hy ., ho,0,...,0,hgp, ... hey1)? € ROV,

For j € [0, SN — 1], for x € R, we denote by

P9 () = A;Psy () (4.F.6)
and for 2 € R?*~1, we denote by
joz)v(l") = AjRsn (). (4.E7)

By assumption SN > 2k — 1, hence Rgn(z) is well-defined and we have for all
j €[0,SN — 1], for all z € R?¢~1,

RO (@)1 = ||z},
{n @l = el “FS)
[Rsn (2)]l2 = [l]l2-
We first start by introducing the following Lemma.
Lemma 34. Let h, g € R*. There exist S vectors z, ..., z5_1 € R?*~1 such that for all N

satisfying SN > 2k — 1, we have for all j € [0, SN — 1],

[C(Pon (B)T S SNC(Pon(9))]., = REA (wjos) -
Proof. Recall that from (4.B.1) and (4.B.2), we have Sy = Zfiﬁl Eigsi and Ay :=
STSy = SN ! Fsi55. When applied to a vector z € RSN, Ay keeps unchanged the
components of = whose indices are multiples of S, while the other components of Ay
are equal to zero. We know from (4.F.5) and (4.F.6) that, for j € [0, SN — 1], the j-th
column of C(Psy(g)) is equal to Péj]\),(g) Therefore, when applying Ay, this becomes
ANPg]\),(g) = é]]\)] (gj ), where ¢/ € R* is formed from g by putting zeroes in the
place of the elements that have been replaced by O when applying Ay. But since Ay
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preserves the component whose index is a multiple of S, we have that the j-th column
of ANC(Psn(g)) has the same elements as its j%S-th column, shifted down by (j —
j%S) indices. More precisely, ANPéJ]\)[( )= A, ]%SANP(]]:,% )( ), hence P(]) (¢7) =
Aj_j%SPé];f ) (¢77%) = é]]\), (¢77%). This implies that ¢/ = ¢77%5. Note that, using
(4.B.9), we can also derive the exact formula of ¢/, in fact for all i € [0, 2r],

[gj]i:{ g if(i—r— )% =

0  otherwise.

We again can see that g/ = ¢/ %5 Therefore, using (4.F.5) and (4.F.6), we have

AN[C(Psx(a))]-5 = AvPR(a) = P (o) = PRy (%) = [0 (Pow (477°) )]

Therefore, we have, for all j € [0, SN — 1],
[C(Psn(h))TANC(Psn(9))):; = {C(PSN(h))TC(PSN(gj%S))} S

Using the fact that the transpose of a circulant matrix is a circulant matrix and that two
circulant matrices commute with each other (see (4.B.5) and (4.B.8)), we conclude that the
transpose of any circulant matrix commutes with any circulant matrix, therefore

[C(Psn(h)TANC(Psn(9))]:j = |C(Psn(g7"%))C(Psn (h))T

:7]'

Using Lemma 29 with S’ = 1 and N’ = SN, and noting that,when S’ = 1, the sampling
matrix Sy is equal to the identity, we have

C(Psn(g7%))C(Psn(h)"
= Idn:C(Pyi(g7%))C(Py: (1)) Tdy

Sl
= C(Q1,sn5(conv(g"” | h, padding zero = k — 1, stride = 1)))

= C(Qgr v (conv(g?”% | h, padding zero = V; J S’ stride = "))

To simplify, we denote by x0g = conv(gj%s , h,padding zero = k — 1,stride = 1) €
R2k-1, Using (4.F.4), we obtain

C(Psn(9°7%))C(Psn ()T = C(Q1,5n5(95)) = C(Rsn (25%5)) -
Using (4.F.5) and (4.F.7), we obtain
[C(Psn(h))T ANC(Psn(9)):j = [C(Ron (wj5))):5 = AjRon (wjs) = REA (wj95)-
Therefore, we have for all j € [0, SN — 1],

[C(Psn ()T SESNC(Ps ()], = RO (wj%5) -
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This concludes the proof of the lemma. O

Let us go back to the main proof.

Using (4.B.11), we have that the block (c, c’) € [1,C]? of size (SN, SN) of KTK is
equal to :

SnC(Psn(Ky,))
( C(PSN(KLC))TS}\; C(PSN(KM7C))TS]7\; )
SNC(Psn(Kare))
M
= C(Psn(Km,e) SKSNC(Psn (Kn,e)) - (4.F9)
m=1

For any (m,¢,c) € [1,M] x [1,C]?, we denote by (Zmc.c/s),_o g, the S vectors of
R2%—1 obtained when applying Lemma 34 with h = K, ., and g = K,,, »~. Hence, we have,
forall j € [0, SN —1],

[C(Psn (K o))" SKSNC(Psy (K o)) j = BRI (@ jus) - (4F10)
B Or—1
Let f,_,=| 1 | € R*~! Forallsc [0,S — 1], we denote by
Ok—1
Leyl s = Z Tm,e,c',s — 50:0’?k71 € RQk_l- (4.F11)

Note that, from (4.A.1), (4.FE3), and (4.E7), we have for all j €
[0,SN — 1], f; = RgN(fk ). Therefore, Idsy = (fo,..., fsn_1) =
(RO Frr)s o REY ™ (Fica) ) - We set

By =K"K — Idesn -
We denote by AC ., € RONXSN the block (¢, ') € [1,C]? of size (SN, SN) of By. Using

(4.F9), (4.F.10), and (4.F.11), we have, for all j € [0, SN — 1],

M
> C(Psn(Kim,e)) " SN SNC(Pon (Kimer)) = be=o Tdsn

m=1 ]

N _
[Ac,c’] o

M
= ZRg]{,(xmyc,C/,j%S) — 0= c/R N (fr-1)

m=1

= R (@ js) - (4.F.12)

We then proceed in the same way as in the RO case. Since By is clearly symmetric, we
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have

CSN 2
IBx 15 < Byl || Byllo = I BN} = < max Y (BN)i,j!>
1

1<j<CSN 4
1=

C 2
_ N
a 1§cf§c%a§)§sszv_1 (Z I [ACvC’]:JH1> '

c=1
>2

2
We set (cp, o) € argmax < <c (Zle HxC,C',S”1> . Using that for all x € R", ||z||; <

0<s<5-1
Vn||z||2, we have

1Bl < (ZH Techsoll ) (2k —1) <Z!xc%,so\ )

Using Cauchy-Schwarz inequality, we obtain

Using (4.F.12) and (4.E.8), this becomes

2
2 _
IByll3 < max (ZIIR (%o, jons) ||1> = max (ZI

0<j<SN-1 0<s<S—1

c C S-1
IBnl3 < (2k -1 CZ |2y solls < Rk =1)CD S e sl -
c=1 c=1c'=1 s=0

Using (4.F.8) in the particular case of N’ = 2k — 1, we obtain

c C S-1
HBN||2 Qk_l CZZZHRS(WC 1) (xcc s) ||§
c=1c¢'=1 s=0
c C S-1 )
= CZ Z Z 2k - 1 ”RS 2k—1) (xc,c’,s) H2
c=1c'=1s=0
C S(2k—1)—

=02

2
HR S(2k—1) (%e.er jns )H :

uMQ

j=0
Using (4.F.12) for N’ = 2k — 1, we obtain

S(2k—1)—1

c C
BNl <CY > >
e=1c¢=1  j=0

Using Theorem 7 for N = 2k — 1, we have || Bog—1||% = (2k — 1) Lop4n(K) and we obtain

2
A2 = Cl1Bally
2

..

HBNH2 (2k - 1)CLorth( )
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Therefore, we conclude that, in the CO case
(e (K))® < (2k = )CLorin(K) -

This concludes the proof in the 1D case.

4.F.2 Sketch of the proof of Theorem 8, for 2D convolutional layers

In the RO case, we proceed as in the 1D case.
In the CO case, we first prove a lemma similar to Lemma 34, then we proceed as in the 1D
case.

4.G Proof of Proposition 12

Below, we prove Proposition 12 for a general matrix A € R**® with ¢ > b. In order to
obtain the statement for a convolutional layer K € RMN*CSN,
In the RO case (M < CS): wetake A = K7, a = CSN,b= MN.
In the CO case (M > CS): wetake A=K,a=MN,b=CSN.

Let A € R%* such that a > b. We denote by € = || AT A — Idy||2. Let z € R?, we have

[Az|* — ||lz]?| = |2 AT Az — 27| = [oT(ATA — Idy)a| < ||27 ||| ATA — Idp|2|z]

< el|z]|* -
Hence, for all z € R?,
(1 —e)llzl* < [|[Az|* < (1 +¢)lz* .

This also implies 0y,00(A)? < 1+ €. But we know that 0,42 (AT) = 01nae(A), hence
Omaz(AT)? < 1+ ¢ and therefore, for all z € R?,

1A 2]* < (1 +e)l|=]? -

Finally:
— 1In the RO case, for ¢ = erry (K) = |[KKT — Idcsny||2, K is e-AlP.
— In the CO case, for ¢ = erry,(K) = [|[KTK — Idy |2, K is e-AIP.

4.H Experiment configurations

4.H.1 Cifar10 experiments

The network architecture used for Cifar10 dataset is described in Table 4.3 (1.1 mil-
lion parameters). Conv2D layer will depend on the configuration: classical C'onv2D for
unconstrained reference configuration, C'ayleyConv for Cayley configuration (we use
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[138] implementation), and L, regularization for L,,;; configuration (we use our im-
plementation according to Definition 5). Weight initialization is done according to Glorot
uniform.

Table 4.3 — Cifar10 Neural network architectures: Conv2D, GS2 is GroupSort2, InvDown is
InvertibleDownsampling [138]

Layer Parameters (M, C, k,k) Output size (M, H, W)
Input 32 x 32 x 3
Conv2D, GS2  (64,3,3,3) 64 x 32 x 32
Conv2D, GS2 (66,64, 3, 3) 66 x 32 x 32
InvDown 264 x 16 x 16
Conv2D, GS2  (64,264,3,3) 64 % 16 x 16
Conv2D, GS2  (128,64,3,3) 128 x 16 x 16
Conv2D, GS2 (130,128, 3, 3) 130 x 16 x 16
InvDown 520 X 8 X 8
Conv2D, GS2  (128,520,3,3) 128 x 8 x 8
Conv2D, GS2 (192,128, 3,3) 192 x 8 x 8
Conv2D, GS2  (194,192,3,3) 194 x 8 x 8
InvDown 776 x4 x 4
Conv2D, GS2 (192, 776,3,3) 192 x 4 x 4
Flatten, Dense (10, 3072) 10

Task loss is the classical cross-entropy (CE). As described in [17], 1-lipschitz property
of orthogonal neural network may prevent learning with CE and require introducing a
temperature, i.e. multiply the network predictions/logits by a factor 7. Experiments for
Cayley and L+, are done with 7 = 20 (and 7 = 1 for classical Conv2D).

We use classical data augmentation: random translation (£10%), random rotation
(£15 degree), random horizontal flipping (0.5 probability), random contrast modification
([0.8,1.2]). For affine transformation zero-padding is used when required. The initial
learning rate is set to 0.03, and linearly decreased down to 3 x 1.00 x 1074,

The E,,, and Ej;;, metrics are computed using the code provided by [138].

4.H.2 Imagenette experiments

The network architecture used for Imagenette dataset is described in Table 4.4 (1.2
million parameters). Conv2D layer will depend on the configuration: classical Conv2D
for unconstrained reference configuration, C'ayleyC'onv for Cayley configuration (we
use [138] implementation), and L, regularization for L, configuration (we use our
implementation according to Definition 5). Weight initialization is done according to Glorot
uniform.

Task loss is the classical cross-entropy (CE). As described in [17], 1-lipschitz property
of orthogonal neural network may prevent learning with CE and require introducing a
temperature, i.e. multiply the network predictions/logits by a factor 7. Experiments for
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Table 4.4 — Imagenette Neural network architectures: Conv2D, GS2 is GroupSort2, InvDown
is InvertibleDownsampling [138]

Layer Parameters (M, C, k, k) Output size (M, H, W)
Input 3 x 160 x 160
Conv2D, GS2  (32,3,3,3) 32 x 160 x 160
Conv2D, GS2  (34,32,3,3) 34 x 160 x 160
InvDown 136 x 80 x 80
Conv2D, GS2 (32,136, 3, 3) 32 x 80 x 80
Conv2D, GS2  (64,32,3,3) 64 x 80 x 80
Conv2D, GS2  (66,64,3,3) 66 x 80 x 80
InvDown 264 x 40 x 40
Conv2D, GS2 (64,264, 3,3) 64 x 40 x 40
Conv2D, GS2  (96,64,3,3) 96 x 40 x 40
Conv2D, GS2  (98,96,3,3) 98 x 40 x 40
InvDown 392 x 20 x 20
Conv2D, GS2 (96,392, 3,3) 96 x 20 x 20
Conv2D, GS2  (128,96,3,3) 128 x 20 x 20
Conv2D, GS2 (130,128, 3,3) 130 x 20 x 20
InvDown 520 x 10 x 10
Conv2D, GS2  (128,520,3,3) 128 x 10 x 10
Conv2D, GS2 (160,128, 3, 3) 160 x 10 x 10
Conv2D, GS2 (162,160, 3, 3) 162 x 10 x 10
InvDown 648 x 5 x 5
Conv2D, GS2 (160,648, 3, 3) 160 X 5 x 5
Flatten, Dense (10, 4000) 10

Cayley and L., are done with 7 = 20 (and 7 = 1 for classical Conv2D).The initial
learning rate is set to 5 x 1.00 x 10~%, and linearly decreased down to 5 x 1.00 x 1075,

Input images are normalized per channel using the recommended mean and std
([0.485,0.456, 0.406], [0.229, 0.224, 0.225]). The only data augmentation used is random
horizontal flipping (0.5 probability).

4.1 Computing the singular values of /C

In this appendix, we describe methods for computing singular values of a 2D layer
transform matrix, with or without stride. The codes are provided in the DEEL.LIP'! library.

4.1.1 Computing the singular values of /C when S = 1

For convolutional layers without stride, S = 1, we use the algorithm described in [121].
We describe the algorithm for 2D convolutional layers in Algorithm 1. The algorithm
provides the full list of singular values.

11. https://github.com/deel-ai/deel-lip
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Algorithm 1 Computing the list of singular values of K, when S = 1, [121].

Input: kernel tensor: K € RMXCxkxE channel size: N > k
Output: list of the singular values of IC: ¢
1: procedure COMPUTESINGULARVALUES(K,N)

2: transforms = np.fft.fft2(K, (N,N), axes=[0, 1]) > np stands for numpy
3: sigma = np.linalg.svd(transforms, compute_uv=False)
4: return sigma

5: end procedure

4.1.2 Computing the smallest and the largest singular value of /C for any stride
S

For convolutions with stride, S > 1, there is no known practical algorithm to compute
the list of singular values o. In this configuration, we use the well-known power iteration
algorithm associated with a spectral shift to compute the smallest and the largest singular
value (0min, Omaz) of KC. We give the principle of the algorithm in Algorithm 2. For clarity,
we assume a function ’\ = power_iteration(M ,u;,;)°, that applies the power iteration
algorithm to a symetric matrix M starting from a random vector u;,;t, and returns its largest
eigenvalue A. In practice, of course, we cannot construct M and the implementation must
use the usual functions that apply & and /7. A detailed python implementation is provided
in the DEEL.LIP '? library.

12. https://github.com/deel-ai/deel-lip
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Algorithm 2 Computing (0yin, Omas ), for any S > 1.
RMxCxkxk

Input: kernel tensor: K € , channel size: N > k, stride parameter: S > 1
Output: the smallest and the largest singular value of KC: (0min, Omaz)
procedure COMPUTEMINANDMAXSINGULARVALUES(K,N,S)

if C'S2 > M then > RO case
u = np.random.randn(M ,N,N)
lambda_1 = power_iteration(lClCT, u)
bigCste = 1.1* lambda_1
u = np.random.randn(M,N,N)
lambda_2 = power_iteration(bigCste. Id y; y2 —/CKT, u)
else > CO case
u = np.random.randn(C',SN,SN)
lambda_1 = power_iteration( CT/C, u )
bigCste = 1.1* lambda_1
u = np.random.randn(C,SN,SN)
lambda_2 = power_iteration(bigCste. Id g2 y2 —KT K, u)

end if
sigma_max = np.sqrt(lambda_1)
sigma_min = np.sqrt(bigCste-lambda_2)
return (sigma_min,sigma_max)

end procedure







CHAPTER 5

A general approximation lower
bound in L” norm, with applications
to feed-forward neural networks

Abstract

We study the fundamental limits to the expressive power of neural networks. Given
two sets I, G of real-valued functions, we first prove a general lower bound on how well
functions in F' can be approximated in LP(x) norm by functions in G, for any p > 1 and
any probability measure ;. The lower bound depends on the packing number of F, the
range of F', and the fat-shattering dimension of G. We then instantiate this bound to the
case where G corresponds to a piecewise-polynomial feed-forward neural network, and
describe in details the application to two sets F': Holder balls and multivariate monotonic
functions. Beside matching (known or new) upper bounds up to log factors, our lower
bounds shed some light on the similarities or differences between approximation in LP
norm or in sup norm, solving an open question by DeVore et al. [31]. Our proof strategy
differs from the sup norm case and uses a key probability result of Mendelson [100].

This chapter is based on joint work with Armand Foucault, Sébastien Gerchinovitz, and
Francois Malgouyres (to appear at NeurIPS 2022).
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5.1 Introduction

Neural networks are known for their great expressive power: in classification, they can
interpolate arbitrary labels [157], while in regression they have universal approximation
properties [28, 62, 88, 76], with approximation rates that can outperform those of linear
approximation methods [153, 31]. Though the approximation problem is often only one
part of the underlying learning problem (where generalization and optimization properties
are also at stake), understanding the fundamental limits to the approximation properties of
neural networks is key, both conceptually and for practical issues such as designing the right
network architecture for the right problem.

We refer the reader to Chapter 2, Section 2.5, for the motivation and related works for
this chapter. Recall that we are interested in quantifying the worst-case approximation error
of F' by G defined by

sup inf [|f — gwl|- (5.1.1)
fGFgweG

Main contributions and outline of the chapter. We prove lower bounds on the approxi-
mation error (5.1.1) in any LP(x) norm, for non-quantized networks of arbitrary depth, and
general sets F'. Our main contributions are the following.

In Section 5.2, we first prove a general lower bound for any two sets F', G of real-valued
functions on a set X (Theorem 9). The lower bound depends on the packing number of I,
the range of F, and the fat-shattering dimension of G. We then derive a versatile corollary
when G corresponds to a piecewise-polynomial feed-forward neural network (Corollary 1),
solving the question by DeVore et al. [31]. Importantly, our proof strategy still relies on VC
dimension theory, but differs from the sup norm case in using a key probability result of
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Mendelson [100], to relate approximation in L (1) norm with the fat-shattering dimension
of G.

In Sections 5.3-5.4 we apply this corollary to the approximation of two sets: Holder
balls and multivariate monotonic functions. Beside matching (known or new) upper bounds
up to log factors, our lower bounds shed some light on the similarities or differences
between approximation in LP norm or in sup norm. In particular, with ReLU networks,
Holder balls are not easier to approximate in LP norm than in sup norm. On the contrary,
the approximation rate for multivariate monotonic functions depends on p. In Section 5.5,
we outline several other examples of function sets F' and G for which the general lower
bound (Theorem 9) can also be easily applied. Finally, some proofs are postponed to the
supplement, while some details on other existing lower bound proof strategies are provided
in the supplement, in Appendix 5.C.

Additional bibliographical remarks There are many other related results that we did
not mention to keep the focus on our specific approximation problem. For instance, depth
separation results show that deep neural networks can approximate functions that cannot be
as easily approximated by shallower networks (e.g., [135, 140]). Let us also mention the
general results of [151], which characterize minimax rates of estimation based on metric
entropy conditions. Understanding the precise connections between these statistical results
and our general approximation lower bound is an interesting question for the future.

Definitions and notation. We provide below some definitions and notation that will be
used throughout the chapter. We denote the set of positive integers {1, 2, ...} by N* and let
N := N* U {0}. All sets considered in this chapter will be assumed to be nonempty. We
will not explicitly mention o-algebras; for instance, by “Let X be a measurable space” we
mean that X is a set implicitly endowed with a o-algebra.

Letp € [1,+o0] and X be any measurable space endowed with a probability measure (.
For any measurable function f : X — R, the LP(u1) norm of f is defined by || f| () =

([ |f(x)|pdu(:z:))1/p (possibly infinite) if p < 400, and || f|| oo () = esssup,ey |f(2)].
We will write A for the Lebesgue measure on [0, 1]%.

For any £ > 0, two functions fi, f2 are said to be e-distant in || - || i || f1 — f2]| > €. Let
F be a set of functions from X" to R. A set {f1,..., fxv} C F is said to be an e-packing
of F'in || - || (or just an e-packing for short) if forany ¢ # j € {1,..., N}, f; and f; are
e-distant in || - ||. The e-packing number M (e, F, ||-||) is the largest cardinality of e-packings
(possibly infinite).

For v > 0, we say thataset S = {z1 ...,xn} C X is y-shattered by F if there exists
r : S — R such that for any F C S, there exists f € F satisfying forall i = 1,..., N,
f(zi) > r(z) +vifa; € E, and f(x;) < r(x;) — v if x; ¢ E. The y-fat-shattering
dimension of F', denoted by fatﬂ,(F), is the largest number N > 1 for which there exists
S C X of cardinality IV that is y-shattered by F* (by convention, fat. (£') = 0 if no such set
S exists, while fat. (F') = 400 if there exist sets S of unbounded cardinality V). Similarly,
we say that S is pseudo-shattered by F' if there exists r : S — R such that for any & C 5,
there exists f € F satisfying foralli = 1,..., N, f(x;) > r(x;) ifx; € E,and f(x;) <71;
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if x; ¢ E. The pseudo-dimension Pdim(F’) is the largest number N > 1 for which there
exists S C X of cardinality NV that is pseudo-shattered by F' (same conventions). !

A formal definition of feed-forward neural networks is recalled in Appendix 5.A. In
short, in this chapter, a feed-forward neural network architecture A of depth L > 1is a
directed acyclic graph with d > 1 input neurons, L — 1 hidden layers (if L. > 2), and
an output layer with only one neuron. Skip connections are allowed, i.e., there can be
connections between non-consecutive layers. Given an activation functiono : R —+ R, a
feed-forward neural network architecture A4, and a vector w € R" of weights assigned to
all edges and non-input neurons (linear coefficients and biases), the network computes a
function gy, : R? — R defined by recursively computing affine transformations for each
hidden or output neuron, and then applying the activation function o for hidden neurons
only (see Appendix 5.A for more details). Finally, we define H4 := {gw : w € R"} to
be the set of all functions that can be represented by tuning all the weights assigned to the
network.

A function ¢ : R — R is piecewise-polynomial on K > 2 pieces, with maximal
degree v € N, if there exists a partition [y, ..., [k of R into K nonempty intervals, such
that o restricted on each [; is polynomial with degree at most v (in particular, o can be
discontinuous).

5.2 A general approximation lower bound in Z”(;) norm

In this section, we provide our two main results: a general lower bound on the LP(u)
approximation error of I by G, i.e., supscp infyec ||f — gl/r(u), and a corollary when
G corresponds to a feed-forward neural network with a piecewise-polynomial activation
function. The weak assumptions on F' make the last result applicable to a wide range of
cases of interest, as shown in Sections 5.3-5.5.

5.2.1 Main results

Our generic lower bound reads as follows, and is proved in Section 5.2.2. We follow the
1 2
conventions 0 x log?(0) = 0 and P~ = log~« (P) = +oo when P = 1.

Theorem 9. Let 1 < p < +o00 and X be a measurable space endowed with a probability
measure p. Let F, G be two sets of measurable functions from X to R, such that all
functions in F' have the same range [a, b] for some a < b, and such that fat. (G) < +oc for
all v > 0. Then, there exists a constant ¢ > 0 depending only on p such that

e/(b—a)
(5.2.1)

. . 9 2fat%(G)
Jscggglgg If = gllze(uy = inf e >0: log M (3¢, F, || - ”LP(M)) < cfaté(G) log“| —2—~—1 ;.

1. By definition, note that v — fat~ (F’) is non-increasing and that fat~ (F') < Pdim(F') for all y > 0.
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In particular, if logM(E, F - ||Lp(u)) > coe~ @ for some cg, €9, « > 0 and all € < ¢, and
if Pdim(G) < +o0, then there exist constants ¢1, 1 > 0 depending only on b — a, p, cg, €9
and « such that

1 2
i — > mi i S a S a i . 2.
]stgg glgg I.f = gllzr(uy = min {51, ¢1 Pdim(G) ™= log (Pdlm(G))} (5.2.2)

The first lower bound (5.2.1) is generic but requires solving an inequation. > In (5.2.2)
we solve this inequation when log M (e, F\,|| - || 1»(,)) grows at least polynomially in 1/e
(which is typical of nonparametric sets) and when G has finite pseudo-dimension Pdim(G).
Though we will restrict our attention to such cases in all subsequent sections, we stress that
the first bound should have broader applications. A first example is when Pdim(G) = 400
but fat, (G) < +oo for all ¥ > 0 (e.g., for RKHS [14]). The first bound should also be
useful to prove (slightly) tighter lower bounds when log M (e, F',|| - || zr(,)) has a (slightly)
different dependency on 1/e (e.g., of the order of e~ log”? (1/e) as when F' is the set of all
multivariate cumulative distribution functions [19]).

In the rest of the chapter, we focus on the important special case when the approximation
set GG is the set H 4 of all real-valued functions that can be represented by tuning the weights
of a feed-forward neural network with fixed architecture A and a piecewise-polynomial
activation function. By combining Theorem 9 with known bounds on the pseudo-dimension
[12], we obtain the following corollary, which bounds the approximation error in terms of
the number W of weights and the depth L (i.e., the number of hidden and output layers).
The proof is postponed to Appendix 5.B.4.

Corollary 1. Let1 < p < 400, d > 1 and X be a measurable subset of R? endowed with a
probability measure p. Let F' be a set of measurable functions from X’ to [a, b] (for some
real numbers a < b), such that log M (e, F, || - || p(,)) > coe™® for some ¢g, €0, @ > 0 and
all e < ey.

Let o : R — R be any piecewise-polynomial activation function of maximal degree
v € Non K > 2 pieces. Then, there exist Wy, € N* and ¢q, co, c3 > 0 such that, for any
W > Whin, any L > 1, and any fixed feed-forward neural network architecture A of depth
L with W weights, the set H 4 of all real-valued functions on X that can be represented by
the network (cf. Section 5.1) satisfies

W~ a log™a (W) ifv>2,
sup inf [[f — gllzr(u) > Cz(LW)ié log_g(W) ifr=1, (5.2.3)
feF9€Ha 1. 3 .

csW™a log™ o (W) ifr=0.

There are equivalent ways to write the above corollary. For example, given a target
accuracy € > 0 and adepth L > 1, (5.2.3) yields a lower bound on the minimum number
W of weights that are needed to get supcp infyen, | f — gllzr(u) < €. Some earlier

2. Note thatany ¢ > (b—a)/3 is a solution to this inequation, since log M (3¢, F, || || Lr(,.)) = log(1) = 0
(because all functions in F" are [a, b]-valued) and cfat £ (G) > 0. Therefore, the right-hand side of (5.2.1) is at
most (b — a)/3.
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approximation results were written this way (e.g., [152, 111]).

5.2.2 Proof of Theorem 9

In order to prove Theorem 9, we need two inequalities. The first one is straightforward
(and appeared within proofs, e.g., in [154]), but formalizes the key idea that if G approx-
imates F' with error ¢, then G has to be at least as large as '. We use the conventions
log(+00) = 400 and +oo < +oo.

Lemma 35. Letp > 1 and X be a measurable space endowed with a probability measure .
Let I, G be two sets of measurable functions from X' to R. If sup ¢ pp infyec || f =gl pr () <
¢, then

10gM(38,F, H ’ HLT’(,u)) < logM(Ea G, H ’ HLP(,u)) :

Proof. Let Pr = {fi,..., fn} be a3e-packing of F', with N > 1. Let P = {g1,...,9n}
be a subset of G such that || f; — gi[[zr(,) < € for all 7. Note that the existence of such a
Pg is guaranteed by the assumption sup s infyec || f — gllzr(u) < €. Since the f;’s are
pairwise 3e-distant in LP(u), the triangle inequality entails that the g;’s are also at least
pairwise e-distant in LP (). Therefore, Pg is an e-packing of GG, and the result follows. [

The next inequality is a fundamental probability result due to Mendelson [100]. It bounds
from above the e-packing number in LP () norm of any uniformly bounded function set
in terms of its fat-shattering dimension. Crucially, the inequality holds for finite p > 1, as
opposed to the lower bound strategy of Yarotsky [152, 153] (see also [31]), that relates the
VC-dimension with the approximation error in sup norm. The next statement is a slight
generalization of a result of [100] initially stated for [a, b] = [0, 1] and for Glivenko-Cantelli
classes GG (see Appendix 5.B.1 for details).

Proposition 5.2.1 ([100], Corollary 3.12). Let G be a set of measurable functions from a
measurable space X to [a, b] (for some real numbers a < b), and such that fat (G) < 400
for all v > 0. Then for any 1 < p < 400, there exists ¢ > 0 depending only on p such that
for every probability measure i on X and every € > 0,

2(b—a) fat;Q(G)>

(5.2.4)
€

log M (e, G, || - | o)) < cfate (G) 10g2<
Refinements of this inequality were proved in specific cases such as the L?(z) norm
[101] (see also [50] for empirical LP (1, ) norms). However, using the result of [101] when
p = 2 would only yield a minor logarithmic improvement in the lower bound of Theorem 9.

Proof (of Theorem 9). Part 1. We start by proving (5.2.1), using Proposition 5.2.1 as
a key argument. Since functions in GG are not necessarily uniformly bounded, we will
apply Proposition 5.2.1 to the “clipped version of G”. More precisely, for any function
g € G, we define its clipping (truncature) to [a, b] as the function § : X — R given by
g(x) = min(max(a, g(z)),b) for all z € X'. We then set G, = {7 : g € G}, which by
construction consists of functions that are all [a, b]-valued.
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Noting that clipping can only help since elements of F are [a, b]-valued (see Lemma 38
in the supplement, Appendix 5.B.2), we have

sup inf ||f — > sup _inf —g . 5.2.5
up inf |11 ~ gl 2 sup_int1f =l (525)

Setting A := sup e p infzecy, , [1f — Gllze (), We now show that A is bounded from
below by the right-hand side of (5.2.1). To that end, it suffices to show that every ¢ > A is
a solution to the inequation

(5.2.6)

2(b—a)fatc (G
lOgM(&E,F,H . HLp(u)) < Cfat:%(G)logQ ( ( )6 32( )) .

The last inequality is true whenever € > (b — a)/3 (see Footnote 2). We only need to prove
(5.2.6) when A < ¢ < (b— a)/3. In this case, by definition of A and by Lemma 35 applied
to Gq ), We have

log M (3¢, || - lzr () <1og M (e, Glags | - o)
2(b—a) fat;Q(G[a,b])>

3

2(b—a)fat= (G
< cfat £ (G) log2< (b= a)fati )> , (5.2.7)

< cfat ¢ (Glap) log? (

3

where the second inequality follows from Proposition 5.2.1 (note from Lemma 37 in the
supplement, Appendix 5.B.2 that fat, (G,p) < fat,(G) for all v > 0, which is finite
by assumption), and where (5.2.7) follows from the next remark. Either fat3% (Glay) =

0, and (5.2.7) is true by the convention 0 x log?(0) = 0 and cfat e (G) > 0. Either
fat £ (Glqp) > 1, and (5.2.7) follows from ¢ + ct logz(w) being non-decreasing
on [¢/(2(b—a)),+o0)and e/(2(b —a)) < 1/6 <1 < fat ¢ (Glop)) < fate (G). To
conclude, every € > A satisfies (5.2.6), which implies that A is bounded from below by the
right-hand side of (5.2.1). Combining with (5.2.5) concludes the proof of (5.2.1).

Part 2. Set ¢f = min{%*,2(b — a)}. We now derive (5.2.2) from (5.2.1). To that
end, setting P = Pdim(G), we show that every ¢ > 0 satisfying (5.2.6) is such that
e > min{ey, P a log_%(P)}, where 1 € (0,£}] and ¢; > 0 will be defined later.
Since the claimed lower bound on ¢ is true when £ > ¢/, in the sequel we consider any
solution € to (5.2.6) such that 0 < ¢ < 5’1 (if such a solution exists).

By the assumption on log M (u, F, || - || s () for u = 3¢ < &, and then using (5.2.6),

we have, setting r = 2(b — a),
rfate (G P
co(3e)™* <log M (3¢, F, || - | o)) < cfat £ (G) log? (22(>> < cPlog? (l)

where the last inequality is because t — ct logQ(%t) is non-decreasing on [¢/r, +00),
withe/r < 1,and 1 < fat £ (G) < Pdim(G) = P (the lower bound of 1 follows from
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co(3e)™ > 0).
Solving the inequation co(3¢)~* < cPlog?(rP/e) for ¢ (see Appendix 5.B.3 for
details), we get
o 12
€ > mln{el, c1P o loga P} , (5.2.8)

for some constants €/,¢; > 0 depending only on p, cp, b — a and «. Setting 1 =
min{e?, &} } and noting that &} only depends on ¢ and b — a, we conclude the proof. [

5.3 Approximation of Holder balls by feed-forward neural net-
works

In this section, we apply Corollary 1 to establish nearly-tight lower bounds for the
approximation of unit Holder balls by feed-forward neural networks. Our main result is
Proposition 5.3.2, which solves an open question by [31].

Throughout the section, for any s > 0, we denote by n and « the unique members of
the decomposition s =n + a suchthatn € Nand 0 < o < 1.

For a set X C R, we follow [154] and define the Holder space C™“(X) as the space of
n times continuously differentiable functions with finite norm

D f(z) — D"
[ fllne = max { max D" ||, max sup 2-d (&) af(y)l ,
n:|n|<n n:n|=n gty |z — y||2

- n n
where, forn = (ny,--- ,ng) € N4, DV f = (8%1) b (aixd) ‘ f denotes the |n|-order
partial derivative of f. We denote

Foa={f € C™([0,1% : | fllcr < 1}.

Let A denote the Lebesgue measure over [0, 1], In this section, we provide nearly
matching upper and lower bounds for the L”(\) approximation error of elements of F 4 by
feed-forward ReLU neural networks. The bounds are expressed in terms of the number of
weights of the network.

5.3.1 Known bounds on the sup norm approximation error

[154] gives matching (up to a certain constant) lower and upper bounds of the sup norm
approximation error of the elements of F 4 by feed-forward ReLU neural networks.

Proposition 5.3.1 ([154]). Letd € N*, 5 > 0,7 € (£, %]. Consider n € N and a € (0,1]
such that s = n + «.
There exist positive constants W,,;, and c;, depending only on d and n, such that for

any integer W > W, there exists a feed-forward ReLLU neural network architecture A
d
with L = O(W7s71) layers and W weights such that

sup inf [|f —gllec <aaW™7. (5.3.1)
feEs,dgeH'A
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In the meantime, there exists a constant c; > 0 depending only on d and n such
that, for any feed-forward neural network architecture A with W weights and L. =
d
o(W7s~1/1log W) layers and for the ReLU activation function,

sup inf [|f — gllec > W 7. (5.3.2)
fer,d QEHA

It is worth stressing that, for any probability measure £ on [0, 1]%, the upper bound
(5.3.1) is automatically generalized to any smaller LP(x) norm, when 1 < p < +4o0.
However, the lower bound (5.3.2) does not immediately apply when || - || is replaced with
| llL»(u)» 1T < p < +00. The lower bound of the next subsection shows that, in this setting,
approximation in LP(\) norm is not easier than in sup norm, solving an open question of
DeVore et al. [31].

5.3.2 Nearly-matching lower bounds of the L?(\) approximation error

We first state a lower bound on the packing number of F} 4, which is rather classical
though hard to find in this specific form (see [18] for the L® norm, or [35] for other
Sobolev-type norms). For the sake of completeness, we give a proof of Lemma 36 in the
supplement, Appendix 5.D.1.

Lemma 36. Lets > 0,d € N*and 1 < p < +o0. There exist constants £y, cg > 0 such
that for any 0 < € < €,

d

log M (e, Fya, || - [l r(n)) = cog™ = (5.3.3)

Given Lemma 36, we can use Corollary 1 to establish the next proposition and obtain
the lower bound on the LP(\) approximation error.

Proposition 5.3.2. Letd € N*, s > 0,v € (3, %ﬂ and 1 < p < +o0. Consider n € N and
a € (0,1] such that s = n + a.

Let 0 : R — R be a piecewise-affine function, and ¢ > 0. Then, there exist ¢c; > 0
and W,,;, € N* (depending only on s, d, p, o and c) such that for any architecture .4 of
depth1 < L < cI/VV%_1 with W > W,,;,, weights, and for the activation o, the set H 4 (cf.
Section 5.1) satisfies

3s
sup inf [[f —gllze(n) = c1tW 7 log™ @ (W) . (5.3.4)
fer,d QGH_A
Note that the rate of the lower bound does not depend on p. Note also that, when the
activation function is ReLU (which is piecewise-affine), we obtain a lower bound which
matches the upper bound of the previous subsection up to logarithmic factors.

Proof. From Lemma 36, there exist e9,co > 0 such that log M (e, Fy 4, - || ze(n)) >

0057% for all 0 < € < gg. Combining with Corollary 1 and using L < cV[fAV%*1 concludes
the proof. U
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Remark 2 (Comparison with existing proof strategies in sup norm.). We would like to
highlight a key difference between the proof of Proposition 5.3.2 and the lower bound
proof strategies of [152, 153, 154, 125] that are specific to the sup norm. Their overall
argument is roughly the following: if G' can approximate any f € F' in sup norm at
accuracy € > 0, since F' contains many “oscillating” functions with oscillation amplitude
roughly e, then so must be the case for G (the sup norm is key here: all oscillations of any
f € F are well approximated). Therefore, a small € implies a large VCdim(G), which by
contrapositive enables to lower bound the approximation error (5.1.1) with a decreasing
function of VCdim(G), and therefore as a function of L and W. In contrast, in the proof of
Theorem 9, the key probability result of Mendelson (Proposition 5.2.1) enables us to show
that, even if the oscillations of any f € F are only well approximated on average (in LP(u)
norm) by G, then Pdim(G) must be large when ¢ is small. The conclusion is then the same:
the approximation error in LP(y) norm can be lower bounded as a function of Pdim(G),
and therefore in terms of L, W. This solves the question of DeVore et al. [31] mentioned
in the introduction, showing in particular that VC dimension theory can (surprisingly) be
useful to prove L? approximation lower bounds.

5.4 Approximation of monotonic functions by feed-forward neu-
ral networks

In this section, we consider the problem of approximating the set M? of all non-
decreasing functions from [0, 1]% to [0, 1]. These are functions f : [0,1]¢ — [0, 1] that are
non-decreasing along any line parallel to an axis, i.e., such that, for all z,y € [0, 1],

i <y, Vi=1,....,d = f(z) < f(y).

Monotonic functions are an interesting case study for at least two reasons. First, they
naturally appear in physics or engineering applications (consider for instance the braking
distance of a vehicle as a function of variables such as the speed, the total load or the drag
coefficient). Second, as will be shown in this section, because their sets of discontinuities
can have “complex” shapes in dimension d > 2, monotonic functions provide a good
example for which the approximation by feed-forward neural networks is hopeless in sup
norm, but can be achieved in L”(\) norm.

Next we focus on the approximation of M¢? with Heaviside feed-forward neural net-
works. After proving an impossibility result for the sup norm, we show that the weaker
goal of approximating M? in LP(\) norm is feasible, and derive nearly matching lower and
upper bounds. Interestingly, the approximation rates depend on p > 1, which is in sharp
contrast with the case of Holder balls, that are not easier to approximate in LP(\) norm than
in sup norm (see Section 5.3).

5.4.1 Warmup: an impossibility result in sup norm

We start this section by showing that approximating monotonic functions of d > 2
variables in sup norm is impossible with Heaviside neural networks.
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Proposition 5.4.1. For any neural network architecture A with the Heaviside activation, the
set H 4 (cf. Section 5.1) satisfies

—_

sup inf — > —.
st =gl >
The proof of Proposition 5.4.1 is postponed to the supplement, Appendix 5.E.2. We
show a slightly stronger result, by exhibiting a single function f € M such that the lower
bound of % holds simultaneously for all network architectures.
Next we study the approximation of M in LP(\) norm.

5.4.2 Lower bound in L?()\) norm

We start by proving a lower bound, as a direct consequence of Corollary 1 and a lower
bound on the packing number due to [41].

Proposition 54.2. Let1 < p < +00,d > 1, and let « = max{d, (d—1)p}. Letoc : R - R
be a piecewise-polynomial function having maximal degree v € N. Then, there exist positive
constants ¢, co, ¢3, Wy, (depending only on d, p, and o) such that for any architecture A of
depth L > 1 with W > W,,;, weights, and for the activation o, the set H 4 (cf. Section 5.1)
satisfies

W a log™a (W) ifv>2,
sup inf ||f —gllrry = § ca(LW) a 10g—%(W) ifr=1, (5.4.1)
femd 9€HA 1. s )
csW™a log™ o (W) iftr=0.
Note that, contrary to the case of Holder balls (Section 5.3), the rate of the lower bound
depends on p through o = max{d, (d — 1)p}.

Proof. From [41], there exist constants eg,cg > 0 such that for ¢ < &g,
log M (£, Mg, || - [|»(n)) > coe™®. Using Corollary 1, we obtain the result. O

5.4.3 Nearly-matching upper bound in Z”(\) norm

To the best of our knowledge, there does not exist any upper-bound of the LP(\)
approximation error of M? with feed-forward neural networks. Checking that all the lower-
bounds of Proposition 5.4.2 are tight is out of the scope of this chapter and we leave it for
future research 3. However, we establish in the next proposition upper-bounds of the LP(\)
approximation error of M with feed-forward neural networks with the Heaviside activation
function. This shows that, for the L”(\) approximation error, the lower-bound obtained
in (5.4.1), for v = 0, is tight up to logarithmic factors. The next proposition follows by
reinterpreting a metric entropy upper bound of [41] in terms of Heaviside neural networks.
The proof is postponed to Appendix 5.E.1 in the supplement.

3. Obtaining an upper-bound for ReLU networks seems challenging. For example, the bit extraction
technique used in [153] to find a sharp upper bound heavily relies on the local smoothness assumption of the
function to approximate, which is not satisfied in general for monotonic functions.
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Proposition 5.4.3. Let 1 < p < 4o00,d € N\ {0,1} and let « = max{d, (d — 1)p}. There
exist positive constants W,,,;, and ¢, depending only on d and p, such that for any integer
W > Wi, there exists a feed-forward architecture .4 with two hidden layers, W weights
and the Heaviside activation function such that the set H 4 satisfies

sup inf ||f —gllr(n) <

femad geEH 4

{ CW:% ffp(d—1)#d, (5.4.2)
cW=alog(W) ifp(d—1)=d.

5.5 Conclusion and other possible applications

We proved a general lower bound on the approximation error of F' by G in LP (1) norm
(Theorem 9), in terms of generic properties of F' and GG (packing number of F', range of
F, fat-shattering dimension of (). The proof relies on VC dimension theory as in the sup
norm case, but uses an additional key probabilistic argument due to Mendelson ([100], see
Proposition 5.2.1), solving a question raised by DeVore et al. [31].

In Sections 5.3 and 5.4 we detailed two applications, where Corollary 1 yields nearly
optimal approximation lower bounds in L” norm, and which correspond to two examples
where the approximation rate may depend or not depend on p.

Theorem 9 and Corollary 1 can be used to derive approximation lower bounds for many
other cases. Corollary 1 only requires a (tight) lower bound on the packing number of F', for
which approximation theory provides several examples. For instance, for the Barron space
introduced in [10], Petersen and Voigtlaender [112] showed a tight lower bound on the log
packing number in LP(), [0, 1]¢) norm, of order £24/(d+2) - Applying Corollary 1, this
yields an approximation lower bound of (LW)_(%Jré) log_3(%+%) (W) for ReLU networks
(see Appendix 5.F in the supplement for details). Other examples of sets F' for which tight
lower bounds on the packing number (or metric entropy) are available include: multivariate
cumulative distribution functions [19], multivariate convex functions [53], and functions
with other shape constraints [49].

Piecewise-polynomial activation functions are not essential for the current derivation.
Indeed, Theorem 9 can also be applied to the case where G corresponds to a neural network
with other activation functions such as the sigmoid. In the sigmoid case, the pseudo-
dimension is known to be at most of the order of W* (see [74, 2]), which we can use to
derive an approximation lower bound similar to that of Corollary 1, with a smaller right-
hand side for large W. However, to the best of our knowledge, it is not known whether
the O(W*) VC bound is tight (only a lower bound of the order of W2 is known), so the
resulting approximation lower bound could be loose. We leave this interesting question for
future work.

Theorem 9 can also be applied to other approximating sets (&, beyond classical feed-
forward neural networks, as soon as a (tight) upper bound on the fat-shattering dimension of
( is available. For example, upper bounds were derived by [143] on the VC dimension of
partially quantized networks, while [14] derived bounds on the fat-shattering dimension of
some RKHS. Investigating such applications and whether the obtained approximation lower
bounds are rate-optimal is a natural research direction for the future.
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Appendix

5.A Feed-forward neural networks: formal definition

In this chapter, we use the following classical graph-theoretic definitions for feed-
forward neural networks given, e.g., in [12] (with slightly different terms and notation).

A feed-forward neural network architecture A of depth L > 1 is a directed acyclic
graph (V, E') with d > 1 nodes with in-degree 0 (also called the input neurons), a single
node with out-degree 0 (also called the output neuron), and such that the longest path in the
graph has length L.

We define layers £ = 0, 1, ..., L recursively as follows:

— layer 0 is the set Vj of all input neurons; we assume that V, = {1, ..., d} without
loss of generality.

— forany ¢ = 1,..., L, layer ¢ is the set V; of all nodes that have one or several
predecessors # in layer £ — 1, possibly other predecessors in layers 0, 1, ..., ¢ — 2, but
no other predecessors.

Layer L consists of a single node: the output neuron. Layers 1,..., L — 1 are called
the hidden layers (if L > 2). Note that skip connections are allowed, i.e., there can be
connections between non-consecutive layers.

Given a feed-forward neural network architecture A of depth L > 1, we associate real
numbers we € R to all edges e € E and w, € Rto all nodes v € V; U... U Vy. These
real numbers are called weights (they correspond to linear coefficients and biases) and are
concatenated in a weight vector w € R", where W = Card(E) + ZKL:1 Card(V}) is the
total number of weights.

Given A, an associated weight vector w € RW, and a function o : R — R (called
activation function), the network represents the function gy : R? — R defined recursively
as follows. We write P, C V for the set of all predecessors of any node v € V', and wy,—,
for the weight on the edge from u to v. The recursion from layer £ = 0 to layer £ = L reads:
given z = (r1,...,24) € R%,

— each input neuron v € {1,...,d} outputs the value y, := x,;
— forany ¢ =1,...,L—1, eachneuronv € Vj outputs y,, := U(Zuepv wu_>vyu+wv);
— the unique output neuron v € V7, outputs gy (z) := ) P, Wu—svYu + Wy.

Finally, we define H4 := {gw : w € R"} to be the set of all functions that can
be represented by tuning all the weights assigned to the network (the dependency on the
activation function o is not written explicitly).

5.B Main results: technical details

We provide technical details that were missing to establish Proposition 5.2.1, Theorem 9
and Corollary 1.

4. Anode u € V is a predecessor of another node v € V if there is a directed edge from w to v.
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5.B.1 Proof of Proposition 5.2.1

Proposition 5.2.1 is a direct extension of [100, Corollary 3.12] to any range [a, b]. We
first recall this result but in slightly different terms (see the comments afterwards).

Proposition 5.B.1 (Corollary 3.12 in [100], “almost equivalent” statement). Let G be a set
of measurable functions from a measurable space X’ to [0, 1], such that fat. (G) < 4o0 for
all v > 0. Then, for every 1 < p < +o00, there is some constant ¢, > 0 depending only on
p such that, for every probability measure ;2 on X and every € > 0,

) 2fat = (G)
log M (g,G, || - lze()) < cpfat e (G)log (?) :
To be precise, [100, Corollary 3.12] was stated a little differently. Instead of the
assumption on fat., (G), there were two conditions on G (i) G satisfies a weak measurability
assumption such as the “image admissible Suslin” property, and (ii) G is a uniform Glivenko-
Cantelli class. Fortunately, note that assumption (i) could easily be checked in special cases
such as the setting of Corollary 1, and that assumption (ii) is equivalent to fat. (G) < +o0
for all v > 0 when (i) holds and when G only consists of [0, 1]-valued functions (see [1],
Theorem 2.5). The two statements are thus “almost equivalent”. However, we stress that (i)
and (ii) are not necessary (assuming fat~ (G) < +oo for all v > 0). To see why, it suffices
to adapt the proof of [100, Corollary 3.12] as follows: instead of starting from an e-packing
of G in empirical LP(u,,) norm and showing that it is also an &’-covering of G in LP(u)
norm, with &’ > £, we can start from an e-packing of G in L” (1) norm and show that it is
also an e-packing of G in empirical LP(u,,) norm for some large integer n (with positive
probability). This last statement directly follows from the Hoeffding inequality: no uniform
law of large numbers is required, since we only need to compare empirical averages to their
expectations for a finite number of bounded functions. >
We now explain how to derive Proposition 5.2.1 (with an arbitrary range [a, b]) as a
straightforward consequence of Proposition 5.B.1.

Proof (of Proposition 5.2.1). In order to apply Proposition 5.B.1, we reduce the problem
from [a, b] to [0, 1] by translating and rescaling every function in G. For g € G, we define
g: X —10,1] by g(z) = g(lf_)_a, and we set

a

G=1{j:9eG}.

Note that every § € G is indeed [0, 1]-valued.

We now note that translation does not affect packing numbers nor the fat-shattering
dimension, while rescaling only changes the scale € by a factor of b — a. More precisely, we
have the following two properties:

Property 1: For all u > 0, fat%a(é) = fat, (G).

Property 2: For all u > 0, M(bﬁ—a, G, HLP(M)) =M (u,G, | - o)

5. In passing, all occurrences of fat = (G) could be replaced with fat < (G).
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Before proving the two properties (see below), we first conclude the proof of Proposition
5.2.1. By Property 1, fatw(é) = fat,(,—q)(G), which by assumption is finite for all v > 0.
Since every § € G is [0, 1]-valued, we can thus apply Proposition 5.B.1. Using it with
E=c¢/(b—a), we get

. 5 ) 2fat = (G)
logM(e,G, |- HLP(M)> <c¢p fats%(G) log”| —2—

3

Combining with the two equalities in Properties 1 and 2, we obtain

2(b — a) fatseQ(G)>

3

log M (e, G, || || o(n) < cp fat = (G) log2<

which concludes the proof of Proposition 5.2.1.

We now prove the two properties.

Proof of Property 1. We first show that fatﬁ(@) > fat,(G). To that end, let
S ={x1,...,xpn}tand r : S — R be such that for any £ C S, there exists g € G such
that g(z) > r(z) + wif x € E and g(z) < r(z) — u otherwise. Setting 7(z) = T(gc_);a,
can see that () > 7(x) + 3% if v € E and §(x) < 7(x) — 5 otherwise, which proves

we
fat_u_ (G) > fat,(G). The reverse inequality is proved similarly.

Proof of Property 2. Let {g1,. .., gm } be a u-packing of G in LP (1) norm. This means
that [|g; — gjllr(u) > v and therefore ||g; — Gjl|r(y) > 5 foralli # 5 € {1,...,m},
so that {g1,...,Gm} C Gisa -packing of G. This proves M (7%, G, - ILo()) >
M (u, G, || - || Lr(u)) - The reverse inequality is proved similarly. O

5.B.2 Clipping can only help

The next two lemmas indicate that clipping (truncature) to a known range can only help.
These are key to apply Proposition 5.2.1 in our setting. In the sequel, for a set G of functions
from a set X to R, and for @ < b in R, we denote by G, the set of all functions in GG
whose values are truncated (clipped) to the segment [a, b], that is, G, ) = {g : g € G},
where g : X — R is given by

Ve e X, g(r) = min(max(a, g(x)),b) .

Lemma 37. Let G be a set of functions defined on a set X', and with values in R. Let G|,
be defined as above. Then, for any v > 0,

fat,Y(G) > fatV(G[a,b]) .

Proof. Let~y > 0. The case when fat (G|, ) = 0 is straightforward. We thus assume that
faty(Glap)) > 1. To prove the result, we show that any subset A of X that is y-shattered
by G|, ) is also y-shattered by G. Let us consider such a subset A = {z',..., 2NV} C X,
with cardinality N > 1. Hence, there exists {71,...,7n} C R such that for any £ C A,
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there exists § € G| such that §(z;) —r; > yif ; € E and g(x;) — r; < — otherwise.
Note that this must imply that r; €|a, b[ foralli = 1,..., N (indeed, by choosing E such
that x; € E or not, we have either r; + v < g(x;) < borr; —v > g(x;) > a). Now
fix i € {1,...,N} and let us assume g(x;) — r; > - (by symmetry, the reversed case
g(z;) — ri < —~ is treated the same way). Because r; > a, this implies that §(z;) > a
and thus g(x;) > §(z;) (by definition of ), which entails g(x;) — r; > ~. It follows that if
Glap) v-shatters A, then G also y-shatters A, and the result follows. O

The following lemma formalizes the well-known idea that it is easier to approach a
function with values in a finite range by a function with values in the same range.

Lemma 38. Let GG be a set of measurable functions from a measurable space X to R, and
let G ) be defined as above. Assume F is a set of measurable functions from X to [a, b].
Then, for any probability measure p on X,

sup inf || f — > sup _inf - .

feggeG If = gllzry = feE‘geG[a,b] If = 9llor
Proof. To prove the above result, it is enough to show that for any f € F and g € G,
the function g is pointwise at least as close to f as g is, which for all f € F yields
infgeq |f = 9llr() = infgecy,, If — §H~Lp(u). By d.eﬁnition of Gy, for any :):~€ X, if
9(x) € [a, . then | £ () —g(x)| = | £()—3(x)|. Andif g(z) & [a, b], then | f () ()] <
|f(x) — g(z)] since f(z) € [a,b]. It follows that the discrepancy |f — §| is everywhere
bounded by |f — g|, and the result follows. O

5.B.3 Missing details in the proof of Theorem 9

We provide all details that were missing to derive (5.2.8), which is a direct consequence
1 2
of Lemma 39 below. We follow the convention a P~ a log™a (P) = 400 when P = 1.

Lemma 39. Let P € N* and ¢, o, r > 0. There exist constants a, €] > 0 depending only on
¢, o and r such that, for all € € (0, r) satisfying

P

£~ < ¢Plog? <T> , (5.B.1)
g

we have

€ > min (5’1’, aPa log*%(P)) .

Proof. Assume ¢ € (0,r) is such that (5.B.1) holds. To show the result, we study the
function f : (1/r, +00) — R defined for all z > 1/r by

l,a

) = o pa)

Note that (5.B.1) implies that f(1/¢) < ¢P. For all P > 2, we set

ep=P alog a(P). (5.B.2)
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1 <p( 2 (2
Let P > 2 be such that P loga (Py) > %. Forall P > Py, we have - > %(a) >

1/r and

f (1) _ Plog?(P)
€p log? <rP1+é loga (P)) .

Since
: log*(Q) 1
lim R = T —Cls
Q=r+00 Jog? (TQH‘E logE(Q)> (1+3)
there exists P such that for all () > P,, we have log*(Q) >4,

T 2
log? (TQ”Q log @ (Q))
Below we distinguish the cases P > max(P;, P») and P < max(Py, P»).
1st case: P > max(Py, P;).
We have f(é) > % and P > %f(%) (by (5.B.1)), so that f(é) > 5t (%) We now
use Lemma 40 below with b = £: setting a := (b/2)/% = (c1/(4c))"/, there exists
z1 > max{1, L} depending only on r, b, such that bf(z) > f(ax) forall z > z;.

Therefore, if £ < a:% =:¢1,then & (%) > f(g) Therefore f(é) > f(g)

2c €
xp(2
Recall from (5.B.2) and P > P, that é > %Q‘). Ife < exgzz) =: g9, then we also
exp(%) . . 1 N . . 1
have ¢ > — 2. Therefore, using Lemma 40 again, f(;) > f(%) implies that > > ¢,
that is,

€>acp.

Summarizing, when € € (0, r) satisfies (5.B.1) and when P > max(Py, P), either
€ >¢e10re > ey ore > acp. Put differently,

€ > min(ey, eq,aep) . (5.B.3)

2nd case: P < max(Pj, P,) =: Ps.
Using (5.B.1) and the fact that ¢ — ct log? (%t) is non-decreasing on [e/r, +00), together
withe/r <1< P < Pyyieldse @ < cPs 10g2(7"P3/5). This entails that, for some €3 > 0
depending only on «, ¢, Ps, 1,
e>e3. (5.B4)

Conclusion: combining the two cases, when ¢ € (0,r) satisfies (5.B.1), whatever
P € N*, we have (5.B.3) or (5.B.4). Setting &/ = min(ey, £2,£3), we obtain

€ > min (6’1', aP a log_%(P)) .

(Note that this is also true in the case P = 1, by the convention aP~a log_% (P) = 4+00.)

Since €1, €2, €3 and a only depend on ¢, «, r, this concludes the proof. O
Lemma 40. Let a, 7 > 0 and P € N*. We define f(x) = % forall x > 1/r. Then:
exp(2)

r i

i) fisincreasingon [ := [ +oo) and lim, 4o f(z) = 0.
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ii) forall b > 0, setting a := (b/2)'/*, there exists 1 > max{%, %} depending only
on r, b, a such that,
Vo > xy, bf(x) > f(ax) .

Proof. Proof of i): The fact that lim,_, { , f(x) = 400 is because a > 0. To see why f is

increasing on I, note that

az® tlog?(rPz) — 22log(rPz)i 2 tog(rPz)(alog(rPz) — 2)
log*(rPx) log(rPx)

fi(a) =

I

exp(2) . . exp(2) | .
so that f'(x) > 0 for all # > —==, and in particular for all x > — == (since P > 1).
This proves that f is increasing on 1.
Proof of ii): Let b > 0 and set a := (b/2)"/. Let z; > max{%, L} depending only

T ar
on r, b, o such that, for all u > x1,

log?(ru
e (rw) oy

log*(rau)
(Such an x; exists since the ratio converges to 1 as u — +o00, and we can choose 1 as a
function of r, a only.) Now, for all x > x, using the above inequality with u = Px > x
(since P > 1), we get

flaz) _ , log*(rPx) o _
flz) ¢ log?(rPax) <2a”=b,

where the last equality is because a := (b/2)/“. This proves that bf(x) > f(azx) for all
T > x1. O

5.B.4 Proof of Corollary 1

We first recall some definitions and two key bounds on the VC-dimension of piecewise-
polynomial feed-forward neural networks, proved by [46] and [12].

For a set F' of functions from X to {—1,1}, we say thataset S = {z; ...,zy} C X
is shattered by F if for any £ C S, there exists f € F satisfying foralli = 1,..., N,
f(z;) = 1ifx; € E, and f(x;) = —1if z; ¢ E. The VC-dimension of F, denoted
by VCdim(F), is defined as the largest number N > 1 such that there exists S C X of
cardinality N which is shattered by F' (by convention, VCdim(F') = 0 if no such set S
exists, while VCdim(F) = +oc if there exist sets S of unbounded cardinality ).

Let B be any feed-forward neural network architecture of depth L > 1 with W > 1
weights, d > 1 input neurons, and U > 1 hidden or output neurons. Let 0 : R — R be any
piecewise-polynomial activation function on K > 2 pieces, with maximal degree v € N.
Denote by sgn(Hpg) = {sgn(gw) : w € R"'} the set of all classifiers obtained by looking at
the sign of the network’s output, that is, the classifiers defined by sgn(gw) () = Ly, (2)>0}
for all z € R%.

Goldberg and Jerrum [46] showed that, for some constant ¢ > 0 depending only on d,
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v and K, the VC-dimension of sgn(Hpg) is bounded as follows (see also Theorem 8.7 in
[2D):
VCdim(sgn(Hg)) < W2 (5.B.5)

This bound was refined for piecewise-affine activation functions. Namely, Bartlett et al.
[12, Theorem 7] proved that, if U > 3, then, for some R < U + U(L — 1)v’~1,

VCdim(sgn(Hp)) < L + LW log, <4e(K —1)Rlog, (2e(K — 1)R)> ,

where L = 1if v = 0, and L < L otherwise. Therefore, for some constants ernin > 1and
¢, ¢5 > 0 depending only on d and K, we have, for all W > W/ . (which in particular
implies U > 3),

ALW log(W) ifvr=1,

csWlog(W)  ifv=0. (5.B.6)

VCdim(sgn(Hp)) < {
We are now ready to prove Corollary 1 from Theorem 9.

Proof (of Corollary 1). In order to apply Theorem 9, we first bound P := Pdim(H 4) from
above. The bounds (5.B.5) and (5.B.6) were on the VC-dimension of sgn(Hp), for any feed-
forward neural network architecture B, while we need a bound on the pseudo-dimension.
However, by a well-known trick (e.g., Theorem 14.1 in [2]), the pseudo-dimension of H 4
is upper bounded by the VC-dimension of (the sign of) an augmented network architecture
of depth L, with d + 1 input neurons and W + 1 weights.® Therefore, replacing (d, W)
with (d + 1, W 4 1) in (5.B.5) and (5.B.6), we get that, for some constants Winin > 1 and
€1, 2, ¢3 > 0 depending only on d, v and K, for all W > Wmin,

A W? ifvr>2,
P<q GLWlog(W) ifv=1, (5.B.7)
aWlog(W)  ifr=0.

Now, by Theorem 9, we have, for some constants ¢1,e1 > 0 depending only on b — a,
p’ CO7 603 as

1 2
inf ||f — > { P w1 *ap}. 5B.8
;lelggg}u\\f 9llLr(uy > min{er, e og™ a(P) (5.B.8)

Noting that P +— min {61, 1P log*%(P)} is non-increasing and plugging (5.B.7)
into (5.B.8), we get, for W > Wi,

2

caW = log™a (W?2) ifv>2

sup inf [|f — gl|ze(a > min § 1, cs(LW log(W))~a log~a (LW log(W))  ifv = 1
g A

Jer co(W log(W)) "= log & (Wlog(W))  ifv =0

6. This is because Pdim(H.4) = VCdim ({(z,7) € R* x R+ L{yu)—r>0} : g € Ha}), the output
neuron of A is linear, and we allow skip connections.
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for some constants Wi, > 1 and ¢y, c5, cg > 0 depending only on d, v, K, b — a, p, cg, €o
and . Taking Wi, large enough, the first term €7 is always larger than the second term in
the above minimum, and the logarithmic terms log(W log(W)) and log(LW log(W)) can
be upper bounded by a constant times log() (since L < W). Rearranging concludes the
proof. 0

5.C Earlier works: two other lower bound proof strategies

Approximation lower bounds in a sense similar to ours have been obtained in other recent
works. In the purpose of highlighting the differences between the different approaches, we
describe the lower bound proof strategies of Yarotsky [152] and of Petersen and Voigtlaender
[111].

5.C.1 Approximation in sup norm of Sobolev unit balls with ReL.U networks
[152]

Recall that the Sobolev space W™°([0, 1]¢) is defined as the set of functions on [0, 1]¢
lying in L*° along with all their weak derivatives up to order n. We equip this space with
the norm

7,00 = max esssup|D"f(z)l,
IFlbwrsoss = s essoup D)
and we let F}, ; be the unit ball of this space.
We first state the sup norm lower bound and then we give a synthesized version of the
proof.

Proposition 5.C.1 ([152]). There exists positive constants Wy, ¢ > 0 such that for any
feed-forward neural network with architecture 4, ReLLU activation and W > Wy,,;, weights,

sup inf ||f — gllec > WA
fan,dgeH'A

Details aside, the proof reads as follows. The author assumes that H 4 approximates
F,, q with error €. Fixing N = cn7d(3s)*1/ " for a properly chosen constant ¢, 4 > 0, he
constructs a set of functions in F;, 4 that can shatter a grid of N  points 1, . .., ya evenly
distributed over [0, 1]%. The assumption that [ 4 approximates F,, q in sup norm with error €
allows to conclude that H 4 also shatters {x1, ...,z ya}, and hence, VCdim(H 4) > N9 =
c;l’ da_%, for a properly chosen constant c;% 4 > 0. The author concludes using the upper
bound on VCdim(H 4) with respect to W from [2] which yields VCdim(H 4) < ¢/W? for
some constant ¢’

It is worth stressing that in this proof, it is paramount to assume that H 4 approximates
F},.q in sup norm, rather than any LP norm with p < +oc. The reason is that only this
choice of norm allows to bound the discrepancy between f € F}, ; and gy € H 4 chosen
optimally with respect to f at any chosen points. Our proof strategy relying on Proposition
5.2.1 allows to circumvent this issue by relating the pseudo-dimension to the metric entropy
with respect to any LP norm, 1 < p < 400.
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5.C.2 Approximation in L” norm of Horizon functions with quantized net-
works [111]

The authors study quantized neural networks, that is, networks with weights constrained
to be representable with a fixed number of bits. They obtain a lower bound on the minimal
number of weights in a quantized neural network that can approximate a set of Horizon
functions in LP norm, p > 0, with error ¢ > 0. This lower bound is easily invertible to a
bound on the approximation error and is thus comparable to the results we obtain in this
chapter.

Textually, the authors introduce the set of horizon functions as follows: “These are
{0, 1}-valued functions with a jump along a hypersurface and such that the jump surface
is the graph of a smooth function” [111]. Denoting by H the indicator function of the set
[0, +-00) x R4, the set of horizon functions reads as

HFpap={fol eL™ EERY
B,d,B — 2a2

f(x) :H(xl +’7($2,...,.%'d),$2,...,$d),7 € fﬁ,d*l,Bv TGH(d7R)} ’

where Fj 41 5 denotes the set of Holder functions over [—1/2,1/2]%"" whith smooth-
ness parameter $ and with norm ||.||crn.« bounded by B (see Section 5.3), and II(d, R)
denotes the group of d-dimensional permutation matrices.

In the following, for any nonzero integer K and any neural network architecture A, we
denote by H f C H 4 the set of K-quantized functions in H 4; namely, the functions in H 4
with weights representable using at most K bits. The lower bound in [111] (Theorem 4.2)
reads as follow:

Proposition 5.C.2 ([111]). Letd > 2. Letp, 3, B,co > 0 and let o : R — R be such that
o(0) = 0. There exist positive constants £o, ¢ > 0 depending only on d, p, 3, B and ¢y
such that, for any € < ¢, setting K = [cglog(1/¢)], for any feed-forward neural network
architecture .4 with W weights and activation ¢ such that H ﬁf approximates HF g 4 p in
L? norm with error less than €, we have

_p(d—-1) ]
W >ce™ 7 log "(1/e).

The proof of this result is based on a lemma giving a lower bound on the minimal
number of bits ¢ necessary for a binary encoder-decoder pair to achieve an error less than
€ > 0 in approximating HF := HJF g 4 p in LP norm. Formally, given an integer £ > 0, a
binary encoder E : HF — {0,1}¢ and given a decoder D’ : {0,1}* — HF, one can
measure an approximation error

sup_||f — D(E*(f)) s,
feEHF

which quantifies the loss of information due to the encoding E*. Clearly, for an optimal
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choice of encoder, one can reduce this loss of information by increasing ¢. In particular, for
€ > 0, it is possible to estimate

/. = min {K >0 : inf sup ||f — DYE(f))||wr < 5} ,
E*.D* fenF

with the convention that /. = oo if the above set is empty. The authors show in their Lemma
B.3 that for ¢ small enough (smaller than some £y > 0), it holds that

p(d—1)

be>ce P (5.C.1)

for some constant ¢ > 0 depending only on d, p, 8 and B. In other words, one can not

achieve a loss of information smaller than € by encoding functions in HF over less than
_p(d=1)
ce A  bits.

The rest of the proof consists in showing that for an integer K > 0, given a neural
network architecture 4 with W weight that can approximate 7. in LP norm with error less
than € > 0, one can encode exactly (without loss of information, and for a given activation
function) any function in H ff over a string of £ = ¢; W (K + [log, W) bits. This generates
a natural encoder-decoder system where any function f € HJF is encoded as the bit string
of length /¢ associated to gy € H ﬁf chosen to approximate f. It remains to observe that if
we fix K, this automatically yields a lower bound on £ using inequality (5.C.1), and thus on
W by expressing W through ¢ and K.

Remark. The authors in [111] study the neural network approximation in a setting

slightly different from ours, since they focus on the approximation by quantized neural
networks. This partly explains why their proof strategy differs from ours. However, it
is worth pointing out that the proof of their lower bound on the minimal number of bits
required to accurately encode a function in HF relies on a lower bound of the packing
number of ‘HF, just like the lower bound of the packing number of the set to approximate is
key in our proof strategy. An interesting question for the future would be to see whether our
general lower bound (Theorem 9) yields lower bounds of the same order as those in [111]
for quantized neural networks.

5.D Holder balls

5.D.1 Proof of Lemma 36

Though not necessarily stated this way, many arguments below are classical (see,
e.g., Theorem 3.2 by [55] with a similar construction for lower bounds in nonparametric
regression).

Let N € N*. Form = (mq,...,mq) € {0,...,N — 1}, we let 2 = +(m1 +
1/2,...,mq+ 1/2) and we denote by Cy, the cube of side-length % centered at xy,, with
sides parallel to the axes. We see that the N cubes Cy, decompose the cube [0,1]% in
smaller parts which, up to negligible sets which will not be problematic, form a partition of
[0, 1]9. We will use this decomposition to construct a packing of F; 4. Denoting || - || the
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sup norm in R?, we define the C'™® test function ¢ : R? — R by:

$(z) = exp (—%) ,

for any = € R? such that ||z| < 1, and ¢(z) = 0 otherwise. Recalling that n € N and
a € (0,1] are such that s = n + «, and since all the high-order partial derivatives of ¢ are
uniformly bounded on [0, 1]%, ||#||cn. is thus finite and is nonzero.

Let ¢s = %(2N)‘5||gb||(}},a and consider, for any tensor of signs o =
(Om)mego, ,N—13¢ € {—1, 1}V, the function f, defined as follows:

fa(x) = Cs Z Um¢(2N($—.%'m)),

me{0,...,N—1}4

for all z € [0, 1]. There are 2 different functions f,.

Let us prove that, forall 0 € {—1, l}N d, fo € Fs 4. To do so, we study the constituents
of || f5|lcn.o separately and show that they are all bounded by 1. Form € {0,--- , N — 1},
we define the function gm(z) = csom® (2N (z —zm)). Note that because ¢ vanishes
outside (—1, 1)?, we have that g, vanishes everywhere outside the interior of Cpy,, and the
same holds for D" gy, for alln € N< such that In| < n. For any such n, we have

1D gm|o0 = cs 2N [ D"loo < cs(2N)*[[@llcn <

N |

Therefore,
max || D" fo|loo < 1.

n:|n|<n

Now for any n € N such that [n| = n, any z, y € [0, 1]%, we have

|D"fo(z) = D"fo(y)| _ [D"gm(x) = D"gur (y)]|

lz — y|l$ a lz —ylg

9

where x € Cp and y € Cyy for some multi-indexes m and m’. We have to distinguish
between the cases m = m’ and m # m’. In the former case, we have

|D"fo(x) — D" f5(y)] DP¢@2N(x — 2m)) — D"(2N(y — 2m))|

— CS(QN)n—HX |

= yll3 12N (2 = 2m) = 2N (y — 2m) |3
Dn 1 Dn /
2 N)S| cb(x/) : a¢>(y )|
" = v'[l5
1

< 2N gllene = 5,

where at the second line, we used the changes of variables ' = 2N (x — xp,) and ¢ =
2N (y — o). In the case m = m’ (x and y belong to the same cube), we thus have

| D" fo () = D" f5(y)]
l =yl

<1.
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In the case m # m/, observe that we have
[ D"gm () — D" gy (y)| < 2max{|D"gm(x)|, | D" g (y)|}- (5.D.1)

Besides, recall that D"gp, and D™ gy, both vanish outside of the interiors of Cy, and Cyy
respectively. We can thus rewrite (5.D.1) as

[D"gm () = D" gy (y)| < 2max{|D"gm(z) = D"gm(y)], D" gm' (x) — D g ()|}
< 2¢5(2N)" max{|D"¢(2N (z — &m)) — D"G(2N (y — 2m))|,
[D*"(2N(y — 2m')) = D (2N (y — ym))|}-

This entails

|ancr(x) — ana(y)|
|z —yll5

< 652(2]\7)3 max { |Dn¢(x/) — Dn¢(y’)| |Dn¢(x//) - Dngb(y”)| }

|2 —y'[|% ’ 2" — y"||$
< ¢s2(2N)||p|lene = 1,

where 2/ = 2N (z — o) and ¢ = 2N(y — xm), and 2" = 2N(x — xpy) and ¢y’ =
2N (y — Ty ).

Summarizing, we showed that for all ¢ € {—1,1}*

Dr —_pn
max [D"follo <1 and  max sup 2470 = DY)l

o <1
n:n|<n n:[n|=n g4y H$ - y”Q

We conclude that for all ¢ € {—1,1}V*

[ follene <1,

and therefore {f, : 0 € {—1,1}N"} C F 4.

Let us now evaluate the distance between distinct elements of {f, : o € {—1,1}V"}.
Let 0!, 02 € {—1,1}"", with 0! # 02, and letm € {0,...,N — 1}¢ be such that
oh = —02,. Let us estimate A, the LP()\) discrepancy between f,1 and f,2 on the cube
Cm, that is

A?Z/C |for () — for(z)|Pde

ey SN
Cm
_ 2PCJS3(2N)7d||¢”iP(>\)'

It remains to find a subset among the functions f, such that any two functions of this set
differ on a significant number of cubes Cy,. According to the Varshamov-Gilbert Lemma
[155], there exists I C {—1,1}N" with cardinal at least exp(N?/8) such that for any
01, o2 €T, such that o! % o2, ol and o2 differ on at least one fourth of their coordinates;

ie., Z,]qv:dl Loisy2 > NTd. We thus fix such a set ' C {—1,1}". For any !, 02 € T, with
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ol # o2,

= Fllsy = [ 1) = frala)Paa

m:o}F#02
N4 2=l
> TAZ =7 H¢HLp(>\)-

Finally, recalling the definition of c,, we have for any ol, 02 € T, with ot #* o2,

_d+2] _ _ _
1ot = follzogy = 2777 S@N)*l9lltaligllagy = N7,

S—% Il Lp ()

l[@llen.o *
It follows that { f, : o € I'} is a cN~*-packing of Fj 4. Given the lower bound on the

size of I, this implies

where ¢ = 27

M (eN™*%, Foa, |l - llo(n) > exp(N?/8),

for all N € N*.

Seteg = cand ¢y = 2_%% /8. Consider € > 0, with £ < . To conclude the proof, we
need to show that (5.3.3) holds for €. To do so, we consider /V: the smallest integer such
that cN~% > e > ¢(2N) 5. This N € N* exists because 0 < ¢ < g9 = cand s > 0. On
one side, we have

M (g, Fsa,|l - llzen) = M (eN75, Fya || o (n) »

1

and on the other side, since 2N > coes ,
d —d ¢ 4 _d
exp(N®/8) > exp(2™%se™ s /8) = exp(cpe™ = ).
Combining the last three inequalities, we finally obtain
log M (2, Fyg, || - | 1ony) > coe™ %,

forall 0 < € < gp.

5.E Monotonic functions

This section contains the proofs of the results stated in Section 5.4. More precisely, in
Section 5.E.1 we provide the proof of Proposition 5.4.3 and in Section 5.E.2 we provide the
proof of Proposition 5.4.1.

5.E.1 Proof of Proposition 5.4.3

The section contains two sub-sections. In the first sub-section, we provide a proposition
on the representation of piecewise-constant functions with Heaviside neural-networks.
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Section 5.E.1.2 contains the main part of the proof of Proposition 5.4.3.

5.E.1.1 Representing piecewise-constant functions with Heaviside neural networks

We first describe a neural network architecture which, with the Heaviside activation
function, is able to represent functions that are piecewise-constant on cubes.

Proposition 5.E.1. Let d € N*, M € N*. There exists an architecture .4 with two-
hidden layers, 2(d + 1)2M weights and the Heaviside activation function, such that for
any (a;)1<i<y € RM, any collection (C;)1<;< s of mutually disjoint hypercubes of R the
function f: RY — [0, 1] defined by

M
Ve eRY  f(x) = Zai]lCi(x)
=1

satisfies f € Hy.

Proof. Defineo: R — Rby o(z) = 1,50 forallz € R.

Leti € {1,..., M}. The cube C; has 2d faces. These faces are supported by hyperplanes
whose equations are of the form (w, z) + b = 0, with w € R% and b € R. We allow the
faces to belong to the cube or not. To distinguish them, we denote J; € {1,...,2d} the
number of faces that belong to C;. We index the J; faces that belong to the cube from 1 to J;,
and the other faces from J; + 1 to 2d. Thus, foralli € {1,..., M} andall j € {1,...,2d},
there exist Wé- € RY, bé— € R such that

Ji 2d
Ci= m{m e R%: <W§,$> —I-bé >0} N ﬂ {z e R%: <w§-,x> —|—b§ >0} .
J=1 j=Ji+1
We rewrite:
Ji 2d
_ d.
Ci=q2eR™ Y Ty iz T D Mwia)isgy = 240 GED
J=1 j=Ji+1

Denoting forall i € {1,...,M}andall j € {1,...,2d} and for all z € R?,

o (<W]x> + b;i) ifj<J;

l—o (_ <W§7 x> — b;) otherwise,

py(x) =

we have, see Figure 5.1 and (5.E.1), for all z € R?

ox=2d
e (2) = 1 if Y250, pl(x) > 2d,
‘ 0 otherwise,

2d
=0 sz(:r) —2d
j=1



5.E. Monotonic functions 207

Figure 5.1 — Values of the sum of the perceptrons p} (x) around a hypercube C; in dimension
2.

Since the hypercubes are mutually disjoints, for all = € [0, 1]%, we have

M J; 2
fl@)=> i | D o ((wha)+b)+ > (1—o(=(wha)—b)) - 2d
=1 =1 j=Jit1
M 2d i
=Y o | Y elo ((Wha)+8) — i |, (5.E2)
i=1 =1
where
i 1 < i owh i< Ly i<
5T -1 otherwise, Wi = —wz- otherwise, i~ —bé- otherwise.

Equation (5.E.2) is the action of the Heaviside neural network with two hidden layers whose
architecture is on Figure 5.2.
It remains to count the weights and biases of f :

— the architecture has M edges going to the output layer, due to the «;

— it has M biases associated to the neurons of the second hidden layer (they correspond
to the terms —.J;);

— between the second and the first hidden layer, the architecture has M x 2d edges
(corresponding to the &; ;);

— ithas M x 2d biases associated to the neurons of the first hidden layer (the 5;);
— ithas M x 2d x d edges between the first hidden layer and the entry (the v~v§-).

Thus there are 2M +2M x 2d + M x 2d x d = 2(d? +2d + 1)M = 2(d + 1)*> M weights
and biases in total. U

5.E.1.2 Main developments of the proof of Proposition 5.4.3

Let N € N* and f € MY In this section, we partition [0, 1) into cubes whose sizes
depend on the maximal variation of f. Then we use this partition to construct a piecewise
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M neurons

_® M x 2d neurons

Figure 5.2 — The function f represented as a neural network.

constant approximation f of f; we will bound from above the LP(\) approximation error
Ilf — f [ rr(x) by a function of N. This part is a direct reinterpretation of the proof of
Proposition 3.1 in [41]. We then apply Proposition 5.E.1 to f and obtain the announced
result.

We first define some notation that will be used in the rest of the section, then we explain
the algorithm used to divide [0, 1) into cubes. We fix the constant K > 1 the following

way:
2t ifp=1,
K=19,s i — g1+ L1
27 otherwise, where 8 = 5(d — 1+ ;=).

We also define an integer [ that corresponds to the number of cube decompositions:

N1 ifp=1
_ {Nlogﬂ _ [ﬂ ip ; (5.E3)

log K {%—‘ otherwise .
It is worth noting that this implies K~ < 27V < K—I+1,

Now we partition [0, 1) into dyadic cubes of the form [a1,b1) X - -+ X [ag,bg). If C'is
such a cube, we use the following convenient notation:

C:=(ay,...,aq) € R, C = (by,...,bg) € RY,

to refer to the smallest and largest vertices of C. The cube decompositions process reads as
follow:

— First we partition [0, 1)¢ into 2V¢ cubes of side-length 2~~. We denote by S the set
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of these cubes C such that f(C) — f(C) < K2~ and by Ry the set of the remaining

cubes.

— For 1 < i < [, we partition each cube in the set R;_; (the remaining cubes at the step
i — 1) into 2¢ cubes of equal size, and we denote by S, the set of obtained cubes C' of
side-length 2~ (+N) such that

f(C) = f(C) < K127 N, (5.E.4)

Again, the set of remaining cubes is denoted by R;.

— Lastly, we partition each cube in the set R;_; into 24 cubes of equal size, and we
denote by .S; the set of obtained cubes of side-length 9~ (+N),

Once the algorithm is done, each point in [0, 1)¢ clearly belongs to one single cube of
UﬁzOSi. Fori € {0,...,l}, welet S; = Ucegs,C.
We now define the piecewise constant approximation of f by

vee0,14, f@)= > f(O)leec,

Celo<i<i Si

where 1,c¢c denotes the indicator function of the cube C. We do not make the dependence
explicit, but f depends on the parameters IV, d and p. The number of cubes over which f is
constant is 22:0 |Si|. This quantity is key when constructing the neural network according
to Proposition 5.E.1; in the next lemma, we bound from above |S;| for all i = 0,...,1.
Then, we will estimate the error || f — fHLp(A).

Lemma 41. With the above notation:
Vie{0,...,1}, |Si| < dK~id-D+Nd+

Moreover,
1 if1 =0,

;) < : E.
AWS) = { 2d(2K)~" , otherwise. (5-E.5)

Proof. By construction, we have
ViE{l,...,l}, ‘S’L|+|RZ‘ :2d|Ri*1|7

since the set .S; U R; contains all the cubes of side-length 2= (+N) that have been constructed
from the cubes of R;_;. In particular,

Vie{l,...,01}, |8 < 2YRi_y|. (5.E.6)

It remains to bound |R;_1| from above for ¢ > 1. Define V := {C: C' € R;_1} the set of
the smallest vertices of the cubes in R;_1. We consider the classes of these vertices under
the “laying on the same extended diagonal” equivalence relation. Since the cubes have

side-length 2~ (=1+N) there are less than d20—1+N)(d=1) equivalence classes. According
V]

to the pigeonhole principle, the largest class has at least {W

W elements; let us
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refer to this class as D. Let (C})1<j<. be the set of cubes in R;_; having a point in D as
lowest vertex. Since f is non-decreasing and according to (5.E.4), we have:

J
1> f(1,...,1) = f(0,...,0) > > f(C}) = f(Cj) > K27V
j=1

V] Fio-N _ __|Ri-1]

v I e | = P,
= d2(—1+N)(d—1) dg(pHN)(dq)K 27

Thus
|Ri—1‘ < d2i(d—1)+Nd+1—dK—i.

The first statement of Lemma 41 follows from (5.E.6).

Fori =0, )\(5’0) < 1. For 1 < ¢ <[, using the first statement of this lemma, we bound
from above the measure of .S;:

)\(gi):(Q—(i+N)>d|Si| < dK-igid-D+Nd+1g=d(i+N)

2d(2K)~".

To show that f is close to f in LP(\) norm, let us use the fact that (.S;)o<;<; is a partition
of [0, 1)¢ and decompose the error in three parts:

-1
18- Pl = [ 1@~ Fapdas Y [ 1)~ F@)lPds+ [ 15)- Fa)Pda.
So = /S 5,
In the next lemma, we control each term of the above sum to bound from above || f — f e (x)

by a function of N that is independent of f and tends to O when N tends to +oco.

Lemma 42. For any 1 < p < +o0, there exists a constant ¢4, > 0 depending only on d and
p such that for all N € N*

2—N ifp(d—1) < d,
= (1+1/8)
If = Fllopy <capd 27N 7 ifp(d—1)>d, (5.E.7)
1
Nv»2=N if p(d — 1) =d,

where f is the function constructed for the parameters IV, d and p.

Proof. For 0 < i < [, on any cube C € S;, we have
Vo eC, |f(x)— flx)l =|f(x) = F(O) < f(C) - f(C) < K27V, (5ES8)

since f is non-decreasing, and by definition of f and S;.
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— Using the fact that /\(5'0) < 1 and by (5.E.8):
/ |f (2 z)Pdz < (27N K)P. (5.E.9)

— Using (5.E.5) and (5.E.8), we get foralli € {1,...,l — 1}

/ |f(z (z)|Pdz < (K127 N)P2d(2K) % (5.E.10)

— Onany C € S, we have, forall z € C, | f(z) — f(z)] < |f(z) — f(C)] <1, and
we get, using (5.E.5):

| f(@) = f(z)Pde < 2d(2K) 7. (5.E.11)

Combining (5.E.9), (5.E.10) and (5.E.11) we get:

-1

1f = Fla < @ VK + Y (K27 V)P2d(2K) ™ + 2d(2K) ™
i=1

-1

p—1
< (2 VK)P 42 NPKPdZ <

) +2d(2K)~". (5.E.12)

It remains to bound the right-hand side of (5.E.12), depending on the value of p and d. Note
that the behavior of this term depends on whether £ 2_1 is larger or smaller than 1.

— Suppose that p(d -1)< d In this case, we canhave p = lorp > 1. If p = 1, we

have KI; 3 <land 5 < K~P.If p > 1, we have:

1
pd—1)<d < dp—p—d+1<1 <:>d—1<f1

Thus, 5 being the arithmetic mean of d -1 and 1 ,wehaved — 1 < 8 < p%l.

Then K = 26 < 21/(P—1) and hence £
=1landp > 1,

-1 %
Kr~t Kr~t .
— —pl
;_1 ( 5 > < 5 Tl and (2K) < K P

< 1 and 3K K < K 7P, Therefore, both for

Since Kt < 27N this leads to

- _ B Kpr—1 B
1f = Iy < @ VR 42 VPR A 24K
p—1

K
P P
< (K + 2K Ay

+ Qd) 2~ Np,
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) Kpr—1 P
We thus have, setting ¢} := <Kf” + QKPdW + 2d> s

If — fHLP <27V,

Notice ¢; only depends on d and p.

— Suppose that p(d — 1) > d. Wehavep > landd—-1 > 8 > [ﬁ. Then

K =28 > 21/(=1) and hence %71 > 1, which entails using (5.E.12)

(KP1/2)"
Kr=1/2 —1
2KPd

Kpr=1/2 -1

1f = Fllpy < @YK + 2 NPKPd +2d(2K)™"

<2 NPgP 4 o= Npgpl (2K)~' 4+ 2d(2K) 7!

Since p > 1 + %, we have 27VP < 2*N(1+%)_ Also, since K = 27, (2K)~! =
2=1A+1) and since [ > Y182 — = ¥ we have (2K) ! < 9= F(B+1) _ 9=NO+E)

log(K)
Finally, since 2~V K! < K,

N 2KPd
_fp P D —N(1+1/B)
1f = Flnny < <K T+ K R i/a 1 +2d> )

1
We thus have, setting co := (Kp —+ Kff(liz;;ﬂl + 2d> 7,

N(1+1/ﬁ)

1f = Fllory < 227

Notice ¢y only depends on d and p.

— Suppose that p(d — 1) = d. Itimpliesp > landp — 1 = ﬁ, then 8 =d — 1. We
thus have KP~1 = 2(d=1)(—1) — 2. Therefore, (5.E.12) becomes

1 = FlE gy < 27 VPKP + 27 NPRKPA( — 1) + 2d(K7)

On the one hand, we have K ' < 2=~. On the other, we have 2~ < K~!*+1 5o

Il—1<N ll(fggf( = JX 7- Putting it all together, we get

If = FI oy < 27 VPKP + 27 NP2KPd(1 - 1) + 24277
d

< (KP + 2KPd T+ 2d> N2~ NP,

1

We thus have, setting c3 := (Kp + QKP 5+ 2d)

1f = Flwgy < esNw2™N.
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Notice c3 only depends on d and p.

Letting g, = max{ci, c2, c3} yields the result. O

According to Proposition 5.E.1, the function f constructed for a given N € N* can
be implemented by a Heaviside neural network with two hidden layers and W = 2(d +
1)2 Zli:O |S;| weights. Using Lemma 41, we obtain

W =2(d+1) Z\S!<2d+ ZdK igi(d—1)+Nd+1
=0

l 2d—1 %
:2M”%w+&f§:<]{>.
=0

We let, for all N € N*,
l 2d—1 i
1%V:2Mﬂww+¢ﬁ§:(>. (5.E.13)
i=0

Although we do not make the dependence explicit, W also depends on d and p. Observe
that for all d > 1: (Wx) nyen-+ is non-decreasing and limy_, 4 oo Wiy = +00.

Lemma 43. With the above notation: For any +0o > p > 1, there exist constants
Win» € » > 0 depending only on d and p > 1 such that for all N satisfying Wy > W/ .

min’ min

If = Fllzeeny < cip 9Wiia)
where f is constructed for the parameters IV, p and d, and where for all W > 1,

Ww-1/d if (d—1)p < d,
gW) =W m@ T if(d—1)p > d,
W-YdlogW if (d—1)p = d.

Proof. Again, we distinguish three cases depending on the values of p and d.

— Suppose that p(d — 1) < d: ifpzl,QdT_1 =3 <ljifp > 1,since1ﬁ >d-—1
B8 >d—1and 247—1 = 24=1-8 < 1. Thus, in both cases sz_l < landforall N > 1,

4d(d + 1)?
Nd Nd
Wy <2 <1_2#Lﬂ>_2 ip

Writing the inequality for N + 1, we obtain

Ndad 1
WN+1 S 2 2 Cd,p
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1 1/d
Thatis: 2=V < 2 (V;Zri1) . Combined with (5.E.7), this provides

Cg 1/d ;
- : —1/d
If — fHLP(A) < 2¢ap (WNil> = dd,PWNH )

for dgp, = 2cqp(cy )/ and all N € N*.

— If p(d —1) > d, then § < d — 1 and % = 2471-8 > 1. Thus, reminding the
definition of [ in (5.E.3), we have for all N > 1

L 4d(d + 1) L 4d(d + 1)
Ndo(d—1-8)(1+1) Ndo(d—1-B)(N/B+2)
Wy <2792 <2d1[3_1> < 2742 <2d15_1

4 1)222(d=1-6) 1y
— oN(d+(d—1)/8-1) ( d(d;d—_l)_ﬁ = _. oN(+5)(d 1)65@

for a different constant /) - Writing again this inequality for [V + 1, we obtain
o(1+5)(d=1) 5N (1+3)(d-1)

1

1
1 1 a=1
which we can write 27V F5) < 9l+3) (%7”) ““'. This provides

1
Z p(d—1)
v (+1/8) (a+1/8) C P
2 N D S 2 P & .
W1

Therefore, using (5.E.7), we obtain

1
" (d—1) 1
- (1+1/8) Cq P y — 5@
If = flloern) < cap2 P P =d; Wy’
N P Wt P2V N+L

, a+/g) 1 .
ford, ,=cip2 7 (c,)7@ " andall N € N

— Ifp(d—1)=d,then § =d — 1 and Qd% = 1. Thus, reminding the definition of [ in
(5.E.3), we have forall N > 1

N
Wy =2V 24(d 4+ 1)%(1 + 1) < 2V*24(d + 1)? (5 + 2>

= oNVd (g + 2) (4d(d + 1)?) =: 2N <d]i[1 + 2) Cdp

< 9d(d=1)(35+2) (Nl + 2) Cp

N N
= exp (d(d - 1) <d1 + 2) log 2) (dl + 2> Cip (5.E.14)
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where ¢, = 4d(d + 1)2. Setting

. — )Wy log?2 - N
Wy o= W UWNlog2 oy s a@— 1) ( + 2) log 2,
Cdp d-

we can rewrite (5.E.14) as:
Wx < Nexp(N) . (5.E.15)

Since d > 2, c” > 0, (Wn)nNen+ is non-decreasing and limy _, 1 oo Wy = 00,
there exists W/ such that, for all IV satisfying W > W/ . we have the following:

min min’®

log(Wy) > 1
log(Win41) > 2 log(2) d(d — 1)
log(Wn11)  loglog(Way1) . SEL6
310312731 B gd%og(]\)j+1 - 2(d— 1) > pTog(2) ( )
log Wiy > log (443152 )
d,p

These inequalities will be used latter in the proof and, from now on, we always
consider N such that Wy > W/

min*

Let us first show by contradiction that, for all NV satisfying Wy > W. (5.E.15)

implies that

mzn’
N > log Wy — loglog Wy. (5.E.17)
Indeed, if the latter does not hold

N < log Wy — loglog Wi,

W
log Wy’

exp(N) <

and therefore, multiplying the two inequalities, since (5.E.16) implies that Wy > 0,
log Wy > 0 and log(log(Wyx)) > 0,

Nexp(N) < Wy.

The latter being in contradiction with (5.E.15), we have proved that, for all IV satisfy-

ing Wy > W mm, (5.E.17) holds. Using the definition of N, we deduce
log Wy — loglog ¥
N > og Wn — log ogWN72 (d—1)
d(d — 1) log(2)
log(Wy)  loglog Wy
= - c

dlog(2) dlog(2) ’

for the constant ¢ = —2(d — 1) < 0. Since (Wx)nen is non-decreasing, for all N

satisfying W > W/

min’®

Wiy1 > W) .. and the inequality also holds for N + 1.
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That is

log(W. log log W,
N 1> 08Whi)  loglogWnir (5.E.18)

dlog(2) dlog(2)

Using (5.E.7), we obtain:
1
If = f”LF < Cdep2 < 2¢qp(N + 1);2—(N+1)‘

1
Since, for ¢ > the function ¢ — ¢» 27! is non-increasing, using (5.E.18) and

_ 1
plog(2)’

(5.E.16) and the fact that —% + ¢ < 0, we obtain

1 _ _
log(WN+1)> i 2_l°g(WN+1) loglog W 1

IF = gy < 2( Tiogl> Tl g a2,

1

_ 21_ccd,p F 14l 53
= (g7 (log Wi41)r "4 Wyt

21_Ccd,p % —g s
= \ldiogiyyn) Wi et

since p(d — 1) = d implies 1% + é — 1. Finally, using the definition of Wy and
(5.E.16), we obtain

~ _1
If = flleeny < dapyWady log Wiy,

—e —1/d
for the constant dy , = 2 <(d21:)g(20)d)’f/p> (d(d_ci/) Lo 2) and all N € N* such that
? P
Wy > Wy, Notice dy , only depends on d and p.

Taking cj; , = max(dq,p, dy ,, dy ,) provides the announced statement. O

min? min

and C:i p are from Lemma 43 and W is defined in (5.E.13). Let W > W5, there exists
N € N* such that

Proof of Proposition 5.4.3. Take Wi, = max(W/ . W) and ¢ = ¢} p» Where w!.

Wy <W < WN+1~

Consider the architecture 4 with W weights, as in Proposition 5.E.1, which allows to

represent piecewise-constant functions with less than 3 @ H)Q cubic pieces. It can represent

piecewise-constant functions with 5 pieces.

d+1)2

For any f € MY, the function f obtained for the parameter NV is a piecewise-constant

function with at most pieces, therefore we have f € H 4 and, according to Lemma

43, f satisfies

(d+1)

I1f = Fllzrny < cpg(Waga).
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— (1)

0 - |

Figure 5.3 — The set C, the set AC N (0, 1)? and the indicator function f.

Moreover, since g is non-increasing, we have using ¢ = ¢, »

If = Flleny < cg(W).

Therefore, for any f € M,
i f <
QIEIHI.A If = QHLP()\) <cg(W)

and so does the supremum over f in M?.
This concludes the proof of Proposition 5.4.3.

5.E.2 Proof of Proposition 5.4.1

Step 1: we prove the result in dimension d = 2.
We consider the closed disk of radius 1, centered at (1, 1),

2
C:{xeRQ:Z(m‘i—l)le}.

i=1

The intersection between (0, 1)? and the topological boundary OC of C is the quarter of
circle:

2
acn (0,1)2 = {x €(0,1)*:) (i —1)* = 1} .
i=1
We denote by f : [0,1]? — {0, 1} the indicator function of the set C N [0, 1]2. The set
C N0, 1], the set OC N (0, 1)? and the function f are represented on Figure 5.3.
Since no point in C°N [0, 1]? has all its coordinates strictly larger than those of a point in

C,we have f € M? (monotonic functions of 2 variables). We consider an arbitrary neural
network architecture A and g € H 4.
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Let W > 1 be the number of weights in the architecture 4. As is well known for
Heaviside neural networks, there exist K € N with K < 2V, reals a; and polygons
Aj C [0,1] for j € {1,..., K}, such that for all z € [0, 1]?

K
g(x) =Y ajlla,(x).
j=1

Moreover, (A;)1<;<k form a partition of [0, 1]2.
The proof relies on the fact (proved afterwards) that, if || f — gl < 3 then dC N (0, 1)?
is finite. The latter being false, we conclude that || f — g||oo > 3.

Assume from now on that || f — g||c < 3. This implies that g > 2 onC, and g < 3
elsewhere. Let us first show that we then have

K
acn (0,1)* c | o4,
j=1

Indeed, if the latter were not true, then there would exist x € 9C N (0,1)? and j €
{1,...,K}suchthatx € AJ Since Cis closed, x € C. Let ¢ > 0 be such that B(z, ¢) C Aj
We have B(z,¢) ¢ C (otherwise, = belongs to the interior of C which contradicts x € 9C).
Thus there exists z € B(z,€) \ C. Since g > % onC,and g < % elsewhere, we have

9(2) < % < g().
This is not possible since z, 2z € fij and g is constant on A;. This concludes the proof of
the following fact: if || f — g[|c < 3 then 8C N (0,1)% C Ui<j<i 04;.

Since the A; are polygons (recall that we work in dimension 2), their boundaries are
finite unions of closed line segments. Then C N (0,1)? is included in a finite union of
closed line segments which we denote S,,, for m € {1,..., M}. The reader may already
see that this is in contradiction with the fact that C N (0, 1)? is a quarter circle. To detail
this argument and complete the announced proof, we show that 9C N (0,1)% ¢ UM_, S,
implies that C N (0, 1)? is finite.

To do so, since when 9C N (0,1)2 C U%zl Sy we have

M
J (¢ n(0,1)>nSn) =acn(0,1)%
m=1

it suffices to prove that the intersection of any closed line segment S with 9C N (0, 1)?
contains at most 2 points.

Denote by S a closed line segment: C and S are convex and hence connected, thus
C N S is either empty, a singleton or a line segment, as a connected compact subset of
S. If it is empty, then a fortiori, 0C N (0,1)2 N .S = (). If it is not, denote by y and z its
extremities (assuming z = y in the case of a singleton). By strict convexity of the function
T Z?Zl(xi — 1)2, the open line segment (y, z) is included in C ( (y, z) = 0 in the case
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of a singleton), hence
acnN(0,1’NnS c [y, 2]\C c {y,z}.

In any case, we have |0C N (0,1)2N S| < 2.

This concludes the proof of the fact: if || f — g|| < 3 then C N (0,1)? is finite and
concludes the proof in the case d = 2.

Step 2: we prove the result in any dimension d > 2, by a reduction to dimension 2.

We define .
C:{mGRd:Z(xi—l)le} ,

=1

and the function f : [0,1] — R by

f(l‘l, ey Qj‘d) = ]l(x1,...,$d)€C .

Consider an arbitrary neural network architecture A and ¢ € H 4. That is, g can be
represented by a Heaviside neural network with d input neurons. Note that

sup |f(x1,29,23...,24) — g(x1, 22,23 ..., 2q)]
11,12713...,17(16[0,1}

>  sup |f(x,29,1...,1) —g(x1,29,1...,1)|
z1,22€[0,1]

>

Y

N |

where the last inequality is by the result of Step 1, since (z1,z2) € [0,1]> —
f(x1,22,1...,1) is the indicator function of Step 1, and (z1,z2) € [0,1]?
g(z1,22,1...,1) can be represented by a Heaviside neural network with 2 input neurons.
This concludes the proof.

Remark. Note from the above proof that, though we only stated the impossibility
result for piecewise-constant activation functions, an analogue statement in fact holds more
generally for piecewise-affine activation functions.

5.F Barron space

In Section 5.5 we mentioned that the Barron space introduced in [10] is one among
several examples for which approximation theory provides ready-to-use lower bounds on
the packing number. This space has received renewed attention recently in the deep learning
community, in particular because its “size” is sufficiently small to avoid approximation rates
depending exponentially on the input dimension d. Next we detail how to apply Corollary 1
in this case.

Definition of the Barron space. We start by introducing the Barron space, as defined
in [112]. Let d € N*. For any constant C' > 0, the Barron space By(C) is the set of all
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functions f : [0,1]¢ — [0, 1] for which there exist a measurable function F' : R? — C
and some ¢ € [—C, C] such that, for all x € [0, 1],

fa)=e+ [ @ -nP©e wmd [ elir@le<c,
where x - £ denotes the standard scalar product in between x and &.

Known lower bound on the packing number. Petersen and Voigtlaender [112] showed a
tight lower bound on the log packing number in LP(), [0, 1]?) norm, which we recall below.

Proposition 5.F.1 (Proposition 4.6 in [112]). Let 1 < p < +o00. There exist constants
€0, co > 0 depending only on d and C such that for any ¢ < &g,

log M(g, Ba(C), || - || 1e) = coe™ V(2. (5.E1)

Consequence on the approximation rate by piecewise-polynomial neural networks.
Plugging the lower bound of Proposition 5.F.1 in Corollary 1, we obtain the following lower
bound on the approximation error of the Barron space by piecewise-polynomial neural
networks.

Proposition 5.F2. Letl < p < 4+00,d > 1. Let o0 : R — R be a piecewise-polynomial
function on K > 2 pieces, with maximal degree v € N. Consider the Barron space By(C')
defined above, with C' > 0. There exist positive constants ¢y, ¢z, ¢3, Wy, depending only
on d, p, C, K and v such that, for any architecture A of depth L > 1 with W > W,
weights, and for the activation o, the set H 4 (cf. Section 5.1) satisfies

W13 log*k%(W) ifv>2,
1
i

sup inf [|f — gl = § 2 LW) 2 dlog 2 (W) ifv=1, (5.E2)
JeBa(C) 9<HA flog=3-i(W)  ifr=0
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Quelques contributions a la théorie de I’apprentissage profond: optimisation, robustesse, et
approximation

Résumé: Dans cette theése, nous étudions différents aspects théoriques de I’apprentissage profond, en particulier
I’optimisation, la robustesse et I’approximation. Optimisation: Nous étudions le paysage d’optimisation du risque
empirique des réseaux neuronaux linéaires profonds avec la perte des moindres carrées. Il est connu que, sous
des hypotheses faibles, il n’y a pas de minimiseurs locaux non-globaux et pas de maximiseurs locaux. Cependant,
I’existence et la diversité des points selle non-stricts, qui peuvent jouer un role dans la dynamique des algorithmes du
premier ordre, n’ont été que peu étudiées. Nous fournissons une analyse complete du paysage d’optimisation a I’ordre 2.
Nous caractérisons, parmi tous les points critiques, les minimiseurs globaux, les points-selles stricts et les points-selles
non stricts. Nous énumérons toutes les valeurs critiques associées. La caractérisation est simple, elle implique des
conditions sur les rangs des produits partiels de matrices, et éclaire la convergence globale ou la régularisation implicite
qui ont été prouvées ou observées lors de I’optimisation de réseaux neuronaux linéaires. Au passage, nous fournissons
une paramétrisation explicite de I’ensemble de tous les minimiseurs globaux et exposons de grands ensembles de points
selle stricts et non stricts. Robustesse: Nous étudions les propriétés théoriques des couches convolutives orthogonales.
Nous établissons des conditions nécessaires et suffisantes sur 1’architecture de la couche garantissant I’existence d’une
transformée convolutive orthogonale. Ces conditions prouvent que les transformées convolutives orthogonales existent
pour presque toutes les architectures utilisées en pratique pour le padding "circulaire". Nous montrons également des
limitations avec des conditions aux bords "valid" et des conditions aux bords "same" avec un zero-padding. Récemment,
un terme de régularisation imposant 1’orthogonalité des couches convolutives a été proposé, et des résultats empiriques
impressionnants ont été obtenus dans différentes applications : (Wang et al. 2020). Nous faisons le lien entre ce terme
de régularisation et les mesures d’orthogonalité. Ce faisant, nous montrons que cette stratégie de régularisation est
stable vis-a-vis des erreurs numériques et d’optimisation et que, en présence de petites erreurs et lorsque la taille du
signal/de I’'image est grande, les couches convolutives restent proches de I’isométrie. Les résultats théoriques sont
confirmés par des expériences et le paysage du terme de régularisation est étudié. Les expériences sur des jeux de
données réels montrent que lorsque 1’orthogonalité est utilisée pour renforcer la robustesse, le parametre multipliant
le terme de régularisation peut étre utilisé pour régler un compromis entre la précision et 1’orthogonalité, au profit
de la précision et de la robustesse. Approximation: Nous étudions les limites fondamentales du pouvoir expressif
des réseaux de neurones. Etant donné deux ensembles F, G de fonctions a valeurs réelles, nous prouvons d’abord
une limite inférieure générale sur la fagcon dont les fonctions de F peuvent &tre approximées en norme LP par des
fonctions de G. La borne inférieure dépend du "packing number” de F', de I’étendue de F', et de la "fat-shattering
dimension" GG. Nous instancions ensuite cette borne au cas ou G correspond a un réseau de neurones feedforward dont
la fonction d’activation est polynomiale par morceaux, et décrivons en détail I’application a deux ensembles F' : les
boules de Holder et les fonctions monotones multivariées. En plus de correspondre aux limites supérieures (connues ou
nouvelles) a des facteurs logarithmiques pres, nos limites inférieures éclairent les similitudes ou les différences entre

I’approximation en norme LP et en norme sup, résolvant ainsi une question ouverte par (DeVore et al. 2021).

Some contributions to deep learning theory: optimization, robustness, and approximation

Abstract: In this thesis, we study different theoretical aspects of deep learning, in particular optimization, robustness,
and approximation.

Optimization: We study the optimization landscape of deep linear neural networks with the square loss. It is
known that, under weak assumptions, there are no spurious local minima and no local maxima. However, the existence
and diversity of non-strict saddle points, which can play a role in first-order algorithms’ dynamics, have only been
lightly studied. We go a step further with a full analysis of the optimization landscape at order 2. We characterize,
among all critical points, which are global minimizers, strict saddle points, and non-strict saddle points. We enumerate
all the associated critical values. The characterization is simple, involves conditions on the ranks of partial matrix
products, and sheds some light on global convergence or implicit regularization that have been proved or observed



when optimizing linear neural networks. In passing, we provide an explicit parameterization of the set of all global
minimizers and exhibit large sets of strict and non-strict saddle points.

Robustness: We study the theoretical properties of orthogonal convolutional layers. We establish necessary and
sufficient conditions on the layer architecture guaranteeing the existence of an orthogonal convolutional transform.
The conditions prove that orthogonal convolutional transforms exist for almost all architectures used in practice for
“circular’ padding. We also exhibit limitations with ’valid’ boundary conditions and ’same’ boundary conditions with
zero-padding. Recently, a regularization term imposing the orthogonality of convolutional layers has been proposed,
and impressive empirical results have been obtained in different applications [142]. The second motivation is to specify
the theory behind this. We make the link between this regularization term and orthogonality measures. In doing
so, we show that this regularization strategy is stable with respect to numerical and optimization errors and that, in
the presence of small errors and when the size of the signal/image is large, the convolutional layers remain close to
isometric. The theoretical results are confirmed with experiments and the landscape of the regularization term is studied.
Experiments on real datasets show that when orthogonality is used to enforce robustness, the parameter multiplying the
regularization term can be used to tune a tradeoff between accuracy and orthogonality, for the benefit of both accuracy
and robustness. Altogether, the study guarantees that the regularization proposed in [142] is an efficient, flexible and
stable numerical strategy to learn orthogonal convolutional layers.

Approximation: We study the fundamental limits to the expressive power of neural networks. Given two sets F/,
G of real-valued functions, we first prove a general lower bound on how well functions in F' can be approximated in
LP () norm by functions in G, for any p > 1 and any probability measure x. The lower bound depends on the packing
number of F', the range of F', and the fat-shattering dimension of G. We then instantiate this bound to the case where
G corresponds to a piecewise-polynomial feed-forward neural network, and describe in details the application to two
sets F': Holder balls and multivariate monotonic functions. Beside matching (known or new) upper bounds up to log
factors, our lower bounds shed some light on the similarities or differences between approximation in L” norm or in
sup norm, solving an open question by DeVore et al. [31]. Our proof strategy differs from the sup norm case and uses a
key probability result of Mendelson [100].



