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Je dédie cette thése a mon pere, qui a su me transmettre
son gout pour la logique et le raisonnement.



What I cannot create, I do not understand.

RICHARD FEYNMAN, pensée!

!Cette pensée a été écrite par Richard Feynman en haut & gauche de son tableau de travail. Elle apparait sur
une photographie qu’a pris Robert Paz du bureau de Feynman au lendemain de sa mort en 1988. Cette photo
est archivée au California Institute of Technology et disponible & I’adresse suivante : http://users.physik.fu-
berlin.de/ kleinert/feynman /last16s.jpg.
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Chapitre 1

Introduction

Always consider a problem under the minimal
structure in which it makes sense.

GUSTAVE CHOQUET,
cité par MICHEL TALAGRAND in The Generic Chaining.

Cette thése est consacrée a I’étude théorique d’'une méthode de calibration automatique
des pénalités en sélection de modeles. Cette méthode, initialement formulée par Birgé et
Massart [23], se base en pratique sur une heuristique, appelée heuristique de pente, qui se
décline selon les trois points suivants. Premierement, il existe une pénalité minimale définie
comme le seuil maximal de pénalisation au-dessous duquel toute procédure de sélection de
modeles par pénalisation se comporte “trés mal”, au sens ou la perte en performance et la
dimension du modele sélectionné sont tres supérieures a celles du modele ayant la meilleure
performance dans la collection de modeles considérée. Ce “meilleur modele” est appelé 'oracle
et est en pratique inconnu du statisticien. Deuxiemement, pour une pénalité supérieure a la
pénalité minimale, la dimension du modele sélectionné est “raisonnable”et I’estimateur associé
satisfait une inégalité oracle, ce qui signifie que la performance de ’estimateur est comparable a
celle de 'oracle. La pénalité minimale est donc aussi le seuil minimal de pénalisation au-dessus
duquel la procédure de sélection de modeles se comporte raisonnablement bien. On déduit des
deux premiers points 'existence d’un saut dans la dimension des modeles sélectionnés autour
du seuil minimal de pénalisation. Troisiemement, si la pénalité considérée vaut deux fois la
pénalité minimale, alors elle est “optimale”, la performance de I'estimateur sélectionné étant
dans ce cas équivalente a celle de 'oracle. En pratique, on retient de cette heuristique la regle
suivante

‘ “pénalité optimale”= 2 x “pénalité minimale” (1.1)

et on utilise le saut en la dimension des modeles sélectionnés, identifié en faisant varier un seuil
de pénalisation préalablement choisi, pour estimer la pénalité minimale et donc la pénalité op-
timale via la formule (1.1). Le seuil de référence choisi par le statisticien peut étre déterministe
et basé sur des considérations a prior: du probleme statistique, ou estimé a partir des données,
par exemple par des méthodes de rééchantillonnage comme proposé dans Arlot [7], [5].

Une question plus générale que permet de traiter ’heuristique de Birgé et Massart est
celle de la sélection de modéles optimale par pénalisation : comment caractériser une pénalité
optimale, c’est-a-dire une pénalité qui permet de sélectionner un estimateur ayant une per-
formance équivalente a celle de l'oracle, en fonction des données du probleme et comment



2 CHAPITRE 1. INTRODUCTION

I’estimer en pratique 7 Lorsqu’elle est valide, ’heuristique de pente permet d’identifier la
pénalité optimale comme deux fois la pénalité minimale, et de ’estimer en utilisant le saut des
dimensions sélectionnées autour de la pénalité minimale pour calibrer une forme de pénalité
préalablement choisie. D’autres solutions existent au probleme de sélection de modeéles opti-
male par pénalisation, en particulier les pénalités de rééchantillonnage a poids échangeables
et les pénalités V-fold proposées par Arlot [7], [5]. Toutefois, ces méthodes, qui permettent
d’estimer la forme de la penalité optimale par sa version rééchantillonnée, ne sont connues en
général qu’a une constante multiplicative pres qu’il est nécessaire de calibrer en pratique. Les
pénalités de rééchantillonnage d’Arlot et I’heuristique de pente de Birgé et Massart sont donc
complémentaires, leur utilisation combinée offrant en pratique une procédure de pénalisation
uniquement basée sur les données, sensée fournir dans les cas favorables une estimation effective
et quasiment optimale de I’oracle.

Comme 'ont montré Arlot et Massart [10], 'heuristique de pente se formule naturellement
dans un cadre général de M-estimation, et ’algorithme de calibration des pénalités qui en est
issu se destine donc a un tres large spectre d’applications. Bien que récente, la méthode a déja
montré son efficacité pratique dans des domaines applicatifs trés variés. Ainsi, des résultats
concluants ont été établis par simulation dans des contextes tels que 'estimation de réserves
pétrolieres (Lepez [54]), la détection de ruptures (Lebarbier [52]), la génétique (Villers [87]),
les modeles de mélange (Maugis et Michel [63]), la classification non-supervisée (Baudry [20]),
ou encore l'estimation de modeles graphiques (Verzelen [86]).

Cependant, la délimitation théorique du champ de validité de I’heuristique pente, qui per-
mettrait d’éclairer dans une large mesure son efficacité pratique, demeure & I’heure actuelle
un défi mathématique. En effet, I’analyse de I’heuristique de pente se base sur des controles
trés fins des quantités en jeu a modele fixé, ce qui requiert une forte spécification des struc-
tures dans les problemes abordés. Plus précisement, la pierre angulaire de I'heuristique de
pente réside dans 1’équivalence présumée de 1’excés de risque - qui mesure la performance d’un
Me-estimateur - avec sa contrepartie empirique, appelée excés de risque empirique, pour les
M-estimateurs susceptibles d’étre sélectionnés parmi la collection considérée. Pour démontrer
un tel fait, la stratégie généralement adoptée est d’obtenir un controle a la constante pres et
avec grande probabilité de I'exces de risque et de I'exces de risque empirique sur un modele
fixé, puis d’en déduire que la différence de ces deux quantités est négligeable, uniformément sur
I’ensemble des modeles de dimension “raisonnable”dans la collection considérée. Ceci suggere
en particulier d’établir des bornes inférieures et supérieures de déviation, optimales au pre-
mier ordre, pour l’exces de risque et pour sa contrepartie empirique. Bien que les bornes
supérieures de concentration de l’exces de risque aient été largement étudiées dans des con-
textes généraux d’estimation non-paramétrique par minimum de contraste, et en lien avec le
développement de la théorie statistique de I'apprentissage, la question des bornes inférieures
de déviation pour 'exces de risque d’un M-estimateur dans un cadre général reste quasiment
vierge dans la littérature. De plus, des constantes optimales dans les bornes de déviation des
exces de risque n’ont été exhibées que dans des travaux récents dédiés a I’heuristique de pente
ou a la sélection de modeles optimale dans des cadres bien spécifiques, tels que la régression ho-
moscédastique avec bruit Gaussien homoscédatique (Birgé et Massart [23] puis Baraud, Giraud
et Huet [11]), Pestimation de la densité par maximum de vraisemblance sur des histogrammes
(Castellan [30]), la régression hétéroscédastique avec un design aléatoire sur des modeles par
histogrammes (Arlot et Massart [10], Arlot [7], [5]) et 'estimation de la densité par moindres
carrés sur des modeles linéaires (Lerasle [56], [55]).

Le point commun de toutes ces études est qu’elles se basent sur une écriture explicite
des estimateurs en fonction des données du probleme considéré. Les fonctions constantes
par morceaux sur une partition donnée ont par exemple la propriété remarquable d’étre en-
gendrées par une famille d’indicatrices a supports disjoints, et donc orthogonales entre elles
pour toute loi sous-jacente et en particulier pour la loi empirique des données, ce qui permet une



écriture simple de lestimateur des moindres carrés dans cette base. En régression avec bruit
hétéroscédastique et design aléatoire sur un modele par histogrammes, on peut ainsi calculer de
maniere exacte I'espérance de ’exces de risque empirique et la stratégie adoptée dans ce cadre
par Arlot et Massart [10], tirant profit de cette information, est en substance la suivante : en
premier lieu, les auteurs établissent des inégalités de concentration pour ’exces de risque et pour
I’exces de risque empirique. Ils donnent ensuite un encadrement fin de ’espérance de I'excés de
risque en fonction de 'espérance de ’exces de risque empirique. Enfin, ’équivalence de ’exces
de risque et de I'exces de risque empirique est déduite des résultats précédents en montrant
que les espérances respectives de ces quantités sont équivalentes et que leurs déviations sont
négligeables devant I’espérance de I'exces de risque empirique.

La concentration de I'exces de risque empirique a modele fixé est démontrée par Arlot
et Massart [10] en utilisant les résultats obtenus dans [27] par Boucheron et Massart, dans
un contexte tres général de M-estimation bornée avec conditions de marge. Boucheron et
Massart [27] montrent en effet que la concentration de l'exces de risque est un phénomeéne
général lié a la M-estimation, sous des conditions tres souples décrivant la richesse du modele
considéré en termes d’incréments locaux maximaux moyens du processus empirique indexé
par les fonctions de perte associées au modele. Ce cadre permet notamment de traiter le
cas de la classification binaire sur une classe de Vapnik-Cervonenkis, et ainsi d’obtenir des
inégalités de concentration pour l’exces de risque empirique qui s’expriment en fonction des
hypotheses de marge. Les résultats de Boucheron et Massart [27] sont donc un outil central
pour aborder I’heuristique de pente, et soutiennent la généralité de cette heuristique. Toutefois,
pour obtenir un controle par bornes inférieures et supérieures de ’exces de risque empirique
avec grande probabilité, les inégalités de concentration de Boucheron et Massart [27] doivent
étre associées a un encadrement de l'espérance de ’exces de risque. Dans un cadre général, un
tel encadrement reste une question ouverte. Ainsi, la validation de ’heuristique de pente dans
le cas de la classification binaire demeure un probleme ouvert a I’heure actuelle, d’un intérét
majeur en apprentissage statistique, puisqu’elle permettrait stirement d’apporter des réponses
décisives en pratique au probleme de sélection de prédicteurs adaptatifs a la marge.

Dans cette these, notre apport personnel a 1’étude théorique de I’heuristique de pente
réside dans la définition d’un cadre général, qui s’inscrit dans le contexte de la M-estimation
et que nous appelons “estimation par minimum de contraste régulier”, et dans la validation de
I’heuristique de pente dans ce cadre, sous des hypotheses génériques sur la collection de modeles
considérée. Pour ce faire, nous développons une méthodologie de preuve inédite permettant
de traiter a la fois le probleme des bornes supérieures de déviation pour les exces de risque
et le probleme des bornes inférieures de déviation pour ces mémes quantités, et donnant des
résultats optimaux au premier ordre dans le cadre des contrastes réguliers. Cette approche
permet de se libérer de I'utilisation de formules explicites pour les M-estimateurs considérés,
et seule leur caractérisation implicite comme minimiseurs du risque empirique est utilisée. La
méthode développée ouvre aussi une voie de recherche pour des cadres de M-estimation qui ne
sont pas forcément a contraste régulier, comme par exemple la classification binaire.

Nous étudions trois exemples d’estimation par minimium de contraste régulier, & savoir la
régression par moindres carrés, avec bruit hétéroscédastique et design aléatoire sur des modeles
linéaires, l'estimation de la densité par moindres carrés, sur des modeles linéaires ou affines,
et enfin l'estimation de la densité par maximum de vraisemblance sur des modeles convexes
lorsqu’une version du théoréeme de Pythagore est vérifée pour la divergence de Kullback-Leibler
sur ces modeles. Ceci nous permet aux Chapitres 3 et 4 de retrouver des résultats similaires
a Arlot et Massart [10], dans le cas de la régression bornée sur des modeles par histogrammes
et sous le méme jeu d’hypotheses que dans [10], et de les étendre en particulier au cas des
polynémes par morceaux. Nos résultats montrent donc, comme conjecturé dans Arlot et Mas-
sart [10], que l'heuristique de pente est valide en régression hétéroscédastique avec design
aléatoire, pour des modeles linéaires plus généraux que les modeles par histogrammes. Nous
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montrons au Chapitre 6 que notre approche permet de retrouver des résultats similaires a
ceux de Lerasle [56], pour le controle de la pénalité optimale. Nous validons au Chapitre
5 I’heuristique de pente dans le cas de l’estimation de la densité par maximum de vraisem-
blance, pour le risque de Kullback-Leibler, sur des modeéles par histogrammes, affinant ainsi
les résultats obtenus précédemment dans ce cadre par Castellan [30]. Ces résultats donnent, a
notre connaissance, pour la premiere fois, la validité de I'heuristique de pente pour un risque
non quadratique. Le Chapitre 2 est dédié a la notion de contraste régulier. Nous établissons
au Chapitre 7 des bornes inférieures et supérieures de déviations & modele fixé pour 'exces
de risque et sa contrepartie empirique dans le cadre général de I'estimation par minimum de
contraste régulier. Ces bornes sont optimales au premier ordre, et permettent en particulier
un controle a la constante prés des exces de risque, montrant ainsi leur équivalence pour des
modeles de dimension raisonnable. Nous donnons enfin des perspectives de recherche dans le
dernier chapitre de cette these.

Loin de mettre un point final & la question de la validité de I’heuristique de pente, nos
méthodes se basent fortement sur la linearité des modeles considérés. En particulier, le cas de
grandes collections de modeéles - ¢’est-a-dire des collections avec un nombre au moins exponentiel
de modeles -, qu’il est nécessaire d’envisager dans des contextes tels que la sélection complete
de variables ou la détection de ruptures multiples, reste a ’heure actuelle et méme dans le cadre
de l'estimation par minimum de contraste régulier, un probleme ouvert. En effet, pour pouvoir
définir une pénalité optimale dans ce cas, qui permette d’obtenir I’équivalence du risque de
I’estimateur sélectionné avec celui de l'oracle, il est nécessaire de “regrouper”’les modeles de
“complexités” équivalentes au regard du probleme posé, et il s’en suit en général, la perte de la
linéarité sur ces unions de modeles. Des bornes inférieures de pénalité n’ont pu étre obtenues
dans le cas de grandes collections de modeles que dans des contextes Gaussiens, par Birgé et
Massart [23] dans un cadre qui comprend en particulier la régression avec design fixe et bruit
homoscédastique, puis pas Baraud, Giraud et Huet [11] considérant de plus que le niveau bruit
est inconnu, et fournissant des pénalités prenant en compte son estimation.

1.1 Le probleme général de M-estimation

Nous donnons dans cette section une formulation générale et inédite du probleme de M-
estimation. Nous définissons ainsi les quantités fondamentales intervenant en M-estimation
et les illustrons par quelques exemples classiques. Une introduction générale a la M-estimation
est disponible dans le livre de van de Geer [77], consacré a ’étude de ce cadre statistique par
des méthodes de processus empirique. On pourra aussi consulter le livre de Massart [61], dédié
a la sélection de modeles pour les M-estimateurs, d’un point de vue non asymptotique se basant
notamment sur des inégalités de concentration pour les processus Gaussiens et empiriques.

Soit (Z,7) un espace mesurable et 1 une loi de probabilité sur (Z,7) . On considere I’échantillon
&1, .., &y de novariables aléatoires de méme loi de probabilité P sur (£,7). On définit aussi &,
une variable aléatoire générique de loi P indépendante de (&1, ...,&,). On note les espérances
comme suit : pour une fonction f convenable,

()]
14

d

Pf=P(f)=E[f
pf=p(f)=1[f
Z

et pour

1
1=
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la loi empirique des données (&1, ..., &), on note

n

Puf = Palf) = 231 (&)

=1

La variance de v/n - P, f est

Var (f) == V[f ()] =E[f2(€)] — (E[f ©)])* .

La partie positive d'un nombre réel x € R est notée (z), := max{r,0} > 0 et sa partie
négative est (r)_ := (—x), = max{—z , 0} > 0. Nous étendons ces définitions aux fonctions
réelles f definies sur Z de la maniere suivante,

flyzeZ2—(fR), , (Nlo:zeZ2—(f(2)_ .

On note aussi L] (P) I'ensemble des fonctions réelles mesurables sur (Z,7) de partie négative
intégrable pour la loi P,

LT (P)={f:Z —R T-mesurable ; P(f)_ < +oo} .

On remarque alors que l'on peut définir convenablement I’espérance des fonctions f € L] (P)
pour la loi P, et pour toute fonction f € L] (P), on pose

Pf=P(f), -P(f)_€R,
ot R := RU {+o0}.
Définition Une fonctionnelle K d’un espace de fonctions S vers Ly (P),

[ S—{f:(ZT)>R; P(f)_ < +oo}
K'{s+—>(Ks:2+—>(K5)(z)) ’

est appelée contraste s’il existe un unique élément s, € S tel que

Sy = argmigP(Ks) et P(Ksy) <4o0. (1.2)
ELS
La fonction s, est appelée la cible. Pour tout s € S, Ks est une fonction contrastée et
P (Ks) € R est appelé le risque de s.

Comme on a (Ks,) € Ly (P), on voit facilement que la condition P (K's,) < 400 est équivalente
a
Ks, € L1 (P):={f:(Z,T) =R ; P|f| < +o0} .

D’apres (1.2), la cible s, est le minimiseur du risque sur S. Cette quantité est inconnue car elle
dépend de la loi P des données, et I'un des buts principaux en M-estimation est d’estimer cette
quantité via les données (&1, ...,&,). On donne maintenant la définition d’'un M-estimateur, ou
M signifie “minimum”- ne pas confondre avec le modele M.

Définition Soit (K,S, P) un triplet tel que K : S — Li (P) soit un contraste. On choisit
M C §. M est alors appelé un modéle. Un M-estimateur s, (M), associé au modéle M
pour le contraste K, est défini par

sn (M) € argmij\r/}Pn (Ks) and P, (Ks,(M)) < +oco p.s., (1.3)
s€
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ot la quantité P, (Ks) est appelée le risque empirique de s. L’existence de s, (M) n’étant
pas garantie, la définition suivante peut se révéler pratique. Pour tout p > 0, [’ensemble
Vo (p, M) des p-minimiseurs empiriques sur M est

Vo (p, M) := {s €M ; P,(Ks) < tien]\f/[Pn (Kt) —I—p} . (1.4)

Notons que P, (Ks) est bien défini pour tout s € M. En effet pour s € M, on a aussi
s € L] (P) et donc —oo < (Ks) (&) < 400 P-p.s. pour tout ¢ € {1,....n}. De plus, la
condition P, (Ksy, (M)) < +00 p.s. est équivalente & Ks,, (M) € Ly (P,) et assure que 1’on ne
soit pas dans le cas dégénéré ou pour tout s € M, P, (Ks) = +oc.

D’apres (1.3), un M-estimateur s, (M) vise a estimer la cible s, en minimisant la contrepartie
empirique du critere (1.2) définissant s,, sur un certain sous-ensemble M de S. Une des
taches principales du statisticien est alors de choisir un “bon”modele M pour estimer s, et les
méthodes de sélection de modeles visent a automatiser cette tache pour une collection donnée
de modeles. La définition suivante fournit un critere naturel de performance d’un M-estimateur,
et en particulier un critére “idéal”de sélection de modeles.

Définition Soit (K,S, P) un triplet, avec K : S — L] (P) un contraste, de cible associée
S«. L’excés de risque ( (s.,s) d’une fonction s € S est défini par

l(s4,8) =P (Ks)— P (Ksy) =P(Ks—Ks,) >0. (1.5)

Pour un modéle M C S, si l’on suppose qu’un M-estimateur s, (M) existe sur M, alors l’excés
de risque de sy (M), aussi appelé le vrai excés de risque, est la quantité aléatoire

l(ss,8n (M) =P (Ksp(M)—Ksy) >0. (1.6)

On remarque que la quantité £ (s.,s) € Ry := R, U {400} est bien définie pour tout s € S
puisque Ks € L (P) et Ks, € L1 (P). Un M-estimateur est d’autant plus performant que
son exces de risque est faible. Il existe une contrepartie empirique a I'exces de risque, définie
comme suit.

Définition Soit (K,S,P) un triplet, avec K : S — Lj (P) un contraste, de cible associée
S«. Pour un modéle M C S, si l'on suppose qu’un M-estimateur s, (M) existe sur M, alors
lexcés de risque empirique de s, (M) est la quantité aléatoire

P, (Ksy — Ks, (M)) . (1.7)

On remarque que l'exces de risque empirique est bien défini car P, (Ks, (M)) < +oo, et
contrairement au vrai excés de risque, il n’est pas exclu qu’il soit négatif. Par définition
d’un M-estimateur, I’exces de risque empirique est une quantité croissante pour l'inclusion des
modeles M C S. L’exces de risque fournit donc une mesure de la “complexité”’d’un modele.
Un probleme central en sélection de modeles par pénalisation est de comprendre la relation
qu’il peut exister entre I'exces de risque et ’exces de risque empirique.

On définit aussi les notions suivantes, associées au choix d’un modele M.

Définition Soit (K, S, P) un triplet, avec K : S — L (P) un contraste de cible associée s,
et soit M C §. Un projeté sp; de la cible s, sur M, vérifie

Sy € argmiﬁP(Ks) et P(Kspy) < +4oo. (1.8)
s€
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St un tel projeté existe, alors on définit les quantités suivantes, qui sont indépendantes du choix
du projeté. L’excés de risque sur M pour toute fonction s € M, est donné par

P(Ks—Kspy)>0
et 'exces de risque sur M d’un M-estimateur s, (M) € M vaut
P (Ksp(M)—Kspy)>0. (1.9)

De plus, l'excés de risque empirique sur M, d’un M-estimateur s, (M) € M par rapport
a un projeté sy, est
P, (Ksy — Ksp (M) >0.

Un projeté sjps de la cible s, sur le modele M, est donc un minimiseur du risque sur le modele
M. L’image par le contraste d’un projeté sjp; a, de plus, une espérance finie sous la loi P,
i.e. P(Ksp) < +00. On note que comme sy € M, on a déja P(Ksy)_ < +oo, et donc
P (Kspr) > —oo. La propriété P (Kspr) < +00o est donc équivalente & Ksyr € Ly (P) et assure
que 'on ne soit pas dans le cas dégénéré ou pour tout s € M, P(Ksp) = +o0o. Si un tel
projeté sps existe, on remarque que l'exces de risque d’un M-estimateur s,, (M) se décompose
en la somme de I’exces de risque du projeté sys et de I'exces de risque sur M du M-estimateur

P(Ksp(M)—Ksy) =P (Ksp(M)— Kspy)+ P (Ksy — Ksy) . (1.10)
terme de“fvariance” biais d;r modele

L’exces de risque d’un projeté spr, donné par P (Ksy — Ksi) = € (s4, spr), mesure la qualité
d’approximation du modele M pour la cible s,, en terme de risque. Cette quantité est
généralement appelée le biais du modele M par rapport s,. Comme nous le verrons aux
Sections 1.3 et 1.4, I'exces de risque sur M mesure la complexité du modele M, au regard du
contraste K et de la loi P, et il est aussi traditionnellement appelé terme de variance. Le
choix d’un “grand” modele, s’il n’est pas abscons, meéne généralement a un petit biais et un
terme de variance élevé. Au contraire, un “petit”modele aura en général un biais élevé et une
petite variance. Un des buts premiers de la sélection de modeles est d’opérer, par une méthode
systématique, un compromis biais-variance dans I’espoir de sélectionner un estimateur avec un
faible risque (cf. Massart [61]).

Nous donnons maintenant quelques exemples de M-estimation, afin d’illustrer les définitions
précédentes. Nous commencons par I'exemple le plus classique, dont la M-estimation est une
généralisation, a savoir I'estimateur du maximum de vraisemblance.

e Estimation de la densité par maximum de vraisemblance : on suppose que P a
une densité

_ap
=0
pour la loi p sur (Z,7) telle que P (Ins.), < +oo. Alors, en prenant

Sx

S:{SZOT—mesurable; /sduzlet P(lns)+<+oo} )
z

avec la convention In 0 = —oo, en définissant le contraste de Kullback-Leibler

) 8—>L7(P)
K{ sn—>(Il(3:z€Z'—>—ln(s(z))) ’

il vient, par I'inégalité de Jensen,

sy = argmin P (Ks) .
s€eS
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De plus, on a toujours P (lns) < +oo, et donc ici Ks, € Ly (P). Sil'on choisit un
modele M C S, alors le M-estimateur s, (M), s’il existe, est 'estimateur classique du
maximum de vraisemblance sur M. Dans ce contexte, pour tout s € S, ’exces de risque

l(84,8) = P(Ks— Ks,) =K (s4,5) ::/Zs*ln (%) dp

n’est autre que la divergence de Kullback-Leibler de la densité s par rapport a la cible
Sx. Pour un modele M C S, on peut parfois garantir I’existence et 'unicité d’un projeté
sy sur M de la cible sy, alors appelé le projeté de Kullback, comme par exemple dans le
cas des familles exponentielles. On pourra consulter I'article de Csiszar and Matis [35],
pour un point de vue récent et généralisant sur cette problématique.

e Régression par moindres carrés : on suppose que Z = X’ xR pour un espace mesurable
X et que pour £ = (X,Y) € XxR de loi P on a

Y=s5(X)+0(X)e,
avec E [Y?] < 400, E[e|X]=0et E[¢?|X ]| =1. Alors s, = E[Y |X = -] est la fonction
de régression de Y par X. On note alors
S=Ly (P*):={s: X =R ; E[s*(X)] < +o0}
et on définit le contraste des moindres carrés en régression comme étant

o [ S L@ (L)
S

Il vient

seS

sy =argmin P (Ks) , {(s«,8) = Hs—s*H%Q(PX) ::/ (s — s.)? (x) dPX
X

et ’exces de risque n’est autre que la perte quadratique dans Lo (PX ) Les M-estimateurs
associés au contraste des moindres carrés en régression sont les estimateurs classiques
des moindres carrés. Pour un modele linéaire, le projeté sp; n’est autre que le projeté
orthogonal dans Lo (PX ) de la cible dans le modele M considéré.

L’exemple suivant sort typiquement du cadre de I’estimation par minimum de contraste régulier
que nous définissons a la Section 1.2.

e Classification binaire : on suppose que Z = X'x {0, 1} pour un espace mesurable X et
on définit £ = (X,Y) € Xx {0,1} une variable de loi P. Si on pose

S ={s: X —{0,1} mesurable} ,
K. { § —Li(P)(c Ly (P)
S —> (Ks cz=(v,y) € Z— 1{y758(w)})
et
sy:xreX —1iEy | x=2]>1/2} s
alors le risque P (Ks) = P (Y # s (X)) est la probabilité que le “classifieur” s € S prédise

le mauvais label pour la variable X, et de plus on a

= inP(Ks) .
s+ = argmin (Ks)

La cible s, est appelée le classifieur de Bayes.
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1.2 Apport a la M-estimation, la notion de contraste régulier

Nous avons introduit a la Section 1.1 le probleme de M-estimation dans son contexte général.
Nous formulons a présent des contraintes structurelles sur le contraste, définissant ainsi le cadre
de l'estimation par minimum de contraste régulier. De plus, nous donnons trois exemples de
contextes réguliers, dans le cas de la régression par moindres carrés, de l'estimation de la
densité par moindres carrés et enfin dans le cas de 'estimation de la densité par maximum de
vraisemblance. Ces exemples sont étudiés en détails aux Chapitres 3 et 4 pour la régression par
moindres carrés, le Chapitre 5 est dédié quant & lui a 'estimation de la densité par maximum
de vraisemblance et enfin nous examinons le cas de l'estimation de la densité par moindres
carrés au Chapitre 6.

La notion de contraste régulier nous permet au Chapitre 7 d’obtenir des bornes supérieures
et inférieures pour I'exces de risque et pour ’exces de risque empirique, a la constante pres, en
considérant des modeles linéaires ou affines.

1.2.1 Définition d’un contraste régulier
Soit
Lo (P):={s:(Z2,7)—=R T —mesurable ; |s|| = essup,cz (|s(z)]) < +oo} ,
ou le supremum essentiel essup est pris relativement a la loi P, et soit
Ly(P):={s:(2,T)>R T —mesurable ; |[s|,:=P (52) < 400} .

Pour un sous-ensemble A C R, on note A son intérieur. Un contraste régulier se définit comme
suit.

Définition Soit (K,S, P) un triplet, avec K : S — L] (P) un contraste de cible associée s..
Soit M C §() Loo (P) un modéle. Le contraste K est dit régulier pour le modéle M et sous
la loi P siles propriétés suivantes sont vérifices. Il existe un unique projeté sy; de s, sur M,
satisfaisant

Sp = argmi]&P(Ks) et P(Kspy) < +oo. (1.11)
se

Pour tout s € M et pour P-presque tout z € Z, on a le développement suivant,

Ks(2) = Ksn (2) = g+ 1,m (2) (s — sm) (2) + 92 (Y30 (2) (5 — sm) (2)) (1.12)

ot 1§ est une constante qui dépend de s mais pas de z, VY1 et Y3 sont des fonctions
définies sur Z, indépendantes de la fonction s considérée et non identiquement nulles. De
plus Y1 € Lo (P), 3m € Lo (P) et 1o est une fonction dépendante de s, définie sur un
ensemble Dy C R tel que 0 € Dy, by (Dy) C R et by (0) = 0. Il existe aussi des constantes
Ag, Ly > 0 telles que pour tout 6 € [0, As], on a [—9,8] C Dy et pour tout (z,y) € [—0,9],

2 () — P2 ()| < Lad o —y| . (1.13)

Enfin, en définissant
Moy=Vect{s —sy; se M} , (1.14)

il existe une norme Hilbertienne |||\ 5y sur Mo et des constantes Ap, Ly > 0 telles que, pour
tout t € My,
[#lly < A (18]l 77,20 (1.15)

et pour tout § € [0,Ly;'] et tout s € M tels que ||s — syl <6 < Ly', ona

(1= Lud) ||s = smlltpr < P(Ks— Ksy) < (14 Lud) ||s = sall3 - (1.16)
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St l’on peut prendre 9 = 0 pour tout s € M, alors le contraste est dit linéaire et l’inégalité
(2.24) est satisfaite pour tout Aa, Ly > 0, avec Dy = R.
Commentons la définition précédente. Pour qu'un contraste soit régulier pour un modele M et
sous une loi P, on demande que trois propriétés soient satisfaites.
Premierement, on demande qu’il existe un unique projeté de la cible dans le modele considéré.
Nous rediscuterons de 'unicité du projeté un peu plus bas.
Deuxiemement, on demande que le contraste K, convenablement recentré par le projeté con-
trasté Ksps, puisse étre développé en la somme d’un terme constant, d’une partie linéaire
et d'une partie quadratique, pour toute fonction s € M. La condition (1.13) et le fait que
3. soit uniformément borné sur Z, assurent que le terme dépendant de 19 et 13 s dans le
développement du contraste se comporte quadratiquement.
Troisiemement, on demande que I'exces de risque sur M soit encadré par une norme Hilberti-
enne ||| ;7 5, dés que les fonctions s € M considérées sont assez proches, en norme infinie, du
projeté SM. Plus précisement, 'exces de risque P (Ks — Kspr) sur M d’une fonction s € M,
est équivalent & la norme ||s — sar|| ;7 s lorsque s tend vers sp; en norme infinie. De plus, la
norme quadratique dans Lo (P) est dominée par la norme Hilbertienne |||, sur Pespace
vectoriel My, engendré par les fonctions de M recentrées par le projeté sy;. En i)articulier, ceci
assure I'unicité “locale”du projeté sys. En effet, soit s € M tel que ||s — syl < Ly, alors
on a

P(Ks—Ksy) > (- Lid) s — srl3ar > A2 (1= Ligd) [ls — sarll3 > 0,

donc P (Ks) > P (Ksy) = infseps P (Ks) et le projeté sy est donc forcément unique sur

M\ {s€Lo(P); lIs—smllo < Ly'}-

Nous décrivons a présent les trois exemples de contrastes réguliers étudiés dans cette these.

1.2.2 Trois exemples de contrastes réguliers

Estimation de la densité par maximum de vraisemblance sur des modeles par
histogrammes

Rappelons que dans le cas de I'estimation de la densité par maximum de vraisemblance on a

P
5y = CCZZ— ,Sz{s > 0 7 —mesurable ; / sdp=1et P(Ins), < —|—oo} ,
H Z

et K est ici le contraste de Kullback-Leibler

S —Li(P)
K{ S|—>(Il('s:263&—>—ln(s(z)))

On demande aussi (Ksi) € Ly (P). Soit M un modele de densités constantes par morceaux
sur une partition Ay; de Z,

M=qs= Z Brir ; (ﬁI)IEAMERDM>5207 /Sd/,L:1
IeAy =

avec Dy; = Card (Ayy) et pour tout I € Ay, pu () > 0. Au Chapitre 5, ol ce cas est étudié en

détails, M est noté M. On vérifie aisément que le projeté sy existe et est unique. Il est donné
par

su= > P(?lf. (1.17)

e m)
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On voit aisément que Ksys € Ly (P). De plus, 'estimateur du maximum de vraisemeblance
sp (M) existe et est unique, et s’écrit

Sn(M) = Z Pn(II)lj

IeAp ( )

On note que s'il existe I € Ay, tel que P, (I) =0et P(I) > 0 alorson a P (Ks, (M)) = 4o,
en d’autres termes (Ks, (M)) € L] (P)\L; (P).
On introduit 91,y et 3y deux fonctions sur Z satisfaisant

1
Yiv = —Y3 = ——
SM

et on définit aussi

x—log(1+=x) if z>-1

1/}2:1‘6[—1;4—00)(2:2)2)—>{ oo $ o= 1

On remarque que 0 € 7032, P9 (Do) C R, 12 (0) = 0, et si on pose Ay = 1/2 alors pour tout
d € [0, Ag], on a [—0d,0] C Do et pour tout (x,y) € [—4,d],

2 () — 2 (y)| < Lad |x —y] ,

avec Ly = 1. De plus, (Insys) € Ly (P) donc on a sy > 0 P-p.s., et pour tout s € M, on écrit,
avec la convention In (0) = —oo,

Ks(z)—Ksmz):—m( +(2) ):_1n<1+s<Z>—W<z>>

sm (2) sm (2)
B ).

=1 (2) (s — sm) (2) + 2 (Y301 (2) (s — sar) (2))  P-p.s.

Ainsi, le développement donné en (1.12) est vérifié, avec 15 = 0 pour tout s € M. De plus,
on dispose d’une propriété d’orthogonalité pour la divergence de Kullback-Leibler sur M (cf.
Proposition 5.1, Chapitre 5). Plus précisement,

K (84,8) = K (84, 80) + K (801, 8) , pour tout s € M . (1.18)

On montre ainsi (cf. Lemma 5.4, Chapitre 5) que s’il existe Apmin > 0 telle que inf,cz s, (2) >
Apin > 0 alors par (1.17) on a inf,cz spr (2) > Amin > 0 et si on pose Ly = ﬁ > 0, pour
tout s € M tel que ||s — syl <6 < Ly, il vient

1|s— 2 1lls — 2
(1—LH5)§ S—5SMm SP(KS—KSM)S(1+LH5)§ ST SM|T
SM 2 SM 2
Ainsi, en posant
1
HSHH’MZE i ) pour tout s € L (P) ,

il s’ensuit, comme inf.ez spr (2) > Amin > 0, que ||| 5, est une norme Hilbertienne sur Ly (P)
et en particulier sur My. Cette norme est généralement appelée la norme du Khi-deux. Enfin,
si ||84]| o < 400 on a par (1.17), |[sarll, < ||8+]lo < +00, et donc pour tout s € Lo (P),

Il < Ar sl ar
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avec Ag = |84 -
Des calculs précédents, on conclut que si

0 < Apmin < inf sy (Z) < HS*Hoo < oo,
zEZ

alors le contraste de Kullback-Leibler est régulier sur le modele de densités constantes par
morceaux M sous la loi P. Pour étendre ce résultat au contexte plus général des modeles
convexes, nous devons en particulier généraliser la relation d’orthogonalité donnée en 1.18 (cf.
Section 5.4.1, Chapitre 5 pour plus de détails sur cette question).

Régression par moindres carrés

En régression par moindres carrés on a Z = X xR et
Y=s5(X)+0(X)e,

avec E [Y?] < +o0, E[g|X] =0 et E[e?|X ] = 1. De plus, S =Ly (P*), et le contraste des
moindres carrés en régression est

S LRI ()
: Sb—>(Ks:z:(m,y)EZH(y—S(x))g)

L’exces de risque est alors donné par la norme Hilbertienne dans Lo (PX ) ,

l(84,8) =|s— s*\\%2(p;¢) pour tout s € S.

Par abus de notation, on identifie s définie de X dans R avec son prolongement s a Z, défini
par
S:z=(v,y) € Z—5(2)=s(x) .

On peut ainsi écrire, pour tout s € S,
2
(54, 8) = [|s = sl -

On considére maintenant un sous-espace linéaire M de Lo (PX ) de dimension finie. Il existe
alors un unique projeté orthogonal sp; de s, sur M, et par le théoréeme de Pythagore on a,
pour tout s € M,

2 2 2
s — sull3 = lls — sarll? + llsar — sall3 - (1.19)

On déduit donc de (1.19) que sps est le projeté de s, dans M au sens du risque, car d’apres
(1.19) il vient,

— ; _ 2
sy = argmin [|s — s[5
= inP(Ks— K
arg min (Ks S4)

= argirelij\%P(Ks) :

On définit alors pour tout z = (z,y) € Z,

Yim (2) = =2 (y —sm () Y3 M () =1

et
pour tout u € R =: Do, 15 (u) = u? . (1.20)
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Ainsi, d’apres (1.20), on a
0620)2 D ¢2(D2)gR7 1/}2(0):07

et pour tout A > 0, en posant Ly = 2As, on obtient, pour tout § € [0, A2] et pour tout
(l‘,y) € [_57 6]7
b2 () = Y2 (y)| < Lab |z —yl .

En outre, le contraste se développe, pour tout s € M et tout z = (x,y) € Z, de la maniere
suivante,

Ks(z) = Ksy (2) = (y = s (2))* = (y = s (2))?
=1 (2) (s = sar) (2) + 2 (Y301 (2) (s = sm) (2)) -

On retrouve donc bien le développement donné en (1.12), avec ¢§ = 0 pour tout s € M. Par
le théoreme de Pythagore on a également

P (Ks — Ksar) = |ls - sull? .

et en posant |||y, = |I|lo, U'inégalité (1.16) est satisfaite pour tout Ly > 0 et Ay > 1.
Finalement, on conclut que le contraste des moindres carrés en régression est régulier pour le
modele M et sous la loi P. Cet exemple est étudié en détails aux Chapitres 3 et 4.

Estimation de la densité par moindres carrés

Soit p une loi de probabilité connue sur (Z,7), on suppose que P admet une densité f par

rapport a p :
dP

s
On définit Ly (u), Pespace des fonctions de carré intégrable par rapport & p, & savoir
Ly (1) = {s; n(s*) < +oo}
que 'on munit de son produit scalaire usuel
(s,t) = pu(s-t) —/ s - tdp
z
et on note ||.|| la norme Hilbertienne associée, définie par
2 2 2 2
Is1 = sl = (5.8 =0 () = [ s

On suppose de plus, qu’il existe une fonction sp, typiquement sy = 1 si Z est U'intevalle [0, 1],
ou sg = 0, on définit la cible s, par

f =50+ s« avec/s*-sodu—o.
z

On définit également ’espace orthogonal & sg dans Lo (1),
{s0}" :={s € La(p) 5 (s,50) =0} .
On a donc s, € {so}™ . Soit s € {sp}*, on a
s = sill* = lIs)* = 2 (s, 54) + ]

2 2
= [IslI" =2 (s, f) + [l
= [|s]|* = 2Ps + [|s.
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et on déduit
s, = argmin P (K's
* g s (Ks)
ot S := {50} et K : Ly (1) — Ly (P) est le contraste des moindres carrés en densité, vérifiant

Ks=|s|* = 2s , pour tout s € Ly (1)

Soit M C S un modele linéaire de dimension finie. Pour tout s € M,

(s, s0) :/ s-8odu =0 .
Z
L’estimateur considéré sur M est I’estimateur des moindres carrés, défini par
sp € argmin P, (K's
n g e (Ks)

= arg greuﬁ {H3H2 — 2Pns} .

On vérifie aisément que 'estimateur des moindres carrés existe et est unique dans ce cas. Plus
précisément, si D est la dimension linéaire de (M, ||-||), alors pour toute famille (¢),_,, base
orthonormée de (M, ||-||), Uestimateur s’écrit

Pour tout s € {so}™, on a

P(Ks— Ks,) = PKs— PKs,
= [Is]I* = 2 (s, £) = |sull” + 2 (54, f)
= |Is[|” — 2 (s, 5:) + [|5:]?
= ”S_S*H2 >0,

et donc 'exces de risque P (Ks — K s,) n’est autre que la perte quadratique dans Lo (¢). Si on
note sy le projeté orthogonal de s, sur M dans Lo (1), on a alors

P (Kspy)— P(Ksy) = siélj\f4 {P(Ks)—P(Ksy)} , (1.21)

et on déduit de (1.21) que sy est 'unique projeté de s, sur M au sens du risque,
sy =argmin P (Ks) .
M gse o (Ks)

Par le théoreme de Pythagore on a de plus, pour tout s € M,

s = sl = lls = sall* + llsar — s:ll”
et il vient
P(Ks—Ksy)=|ls—sul*>0,
pour tout s € M. On pose donc [|-[| 7 5, = |||, et on vérifie aisément que I'encadrement (1.16)

est vérifié pour tout Ly > 0. Si on suppose maintenant que || f||, < +oo, alors on a pour tout
seM,

[slly < An ”S”HM
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avec Ay = || f||,- Finalement, en posant

Y = —2

2 2
¥5 = IIsl|” — llsall
on écrit, pour tout s € M, et tout z € Z,
Ks(z) = Ksn (2) = 95 + ¢ (2) (s — su) (2)

Des calculs précédents, on déduit que si ||f||,, < 400, alors le contraste des moindres carrés
en densité est linéaire pour le modele M sous la loi P. Ce cadre est étudié au Chapitre 6, ou
l’on envisage aussi le cas ou f est seulement supposée appartenir a Lo (u).

1.3 Bornes supérieures pour 1’exces de risque en M-estimation,
a modele fixé

Pour un modele fixé M, le terme de biais étant déterministe, I’étude des fluctuations aléatoires
de l'exces de risque d'un M-estimateur se ramene au controle de ’exces de risque sur le modele
M. Remarquons alors que, par définition d’un M-estimateur, on a P, (Ks, (M) — Ksp;) <0
et donc

P(Ks,(M)—Ksy) < (P—PF,) (Ksp(M)— Ks) (1.22)
< SSJ\I/)[‘(P_Pn> (Ks— Ksp)| - (1.23)

L’exces de risque sur le modele M du M-estimateur est donc controlé par 1’écart uniforme
entre la loi inconnue P et la mesure empirique P,,, sur un ensemble - généralement infini - de
fonctions. L’ensemble de fonctions considéré ici est

{Ks—Kspy; se M} .
Pour une classe de fonctions f € F, notons

[Py = Pl 7 = sup [(P, — P) (f)] (1.24)
feF

le supremum du processus empirique sur la classe F.
L’exploitation du controle général décrit en (1.23) a commencé dans le cadre de la reconnais-
sance de forme dans Particle fondateur de Vapnik et Cervonenkis [83] (pour plus de références,
voir par exemple 'ouvrage de Vapnik [82]) et l'analyse de la quantité définie en (1.24) a
débuté par '’étude du probleme de Glivenko-Cantelli, sur la convergence vers 0 de || P, — P|| ~.
Cette étude a permis & Vapnik et Cervonenkis de dégager des caractéristiques importantes de
complexité d’'une classe de fonctions (ou d’ensembles), comme la VC-dimension ou l’entropie
aléatoire, qui permettent de controler le supremum du processus empirique. A ces découvertes
s’ajouterent dans les années 60 et 70 le développement des théoremes limites classiques dans
les espaces de Banach, qui déboucherent sur la théorie générale des processus empiriques et
Particle pionnier de Dudley [36] sur les théoremes limites centraux pour les mesure empiriques
(voir Dudley [37], Pollard [64] et van der Waart et Wellner [81]). Ces derniers résultats sont
des principes d’invariance, dits faibles car en loi, puisqu’ils ramenent ’étude en loi du pro-
cessus empirique a l'infini a celle d’un processus Gaussien de méme covariance sur des classes
générales de fonctions appelées classes de Donsker. Toutefois, ces résultats sont asymptotiques
et ne permettent donc pas une analyse non-asymptotique en M-estimation.

Un outil fondamental pour I’approche non-asymptotique en statistique est la théorie de la
concentration de la mesure sur les espaces produits développée par Talagrand dans les années 90,



16 CHAPITRE 1. INTRODUCTION

et plus précisément une version uniforme de I'inégalité de Bernstein, qui décrit la concentration
de || P, — P|| z autour de sa moyenne, démontrée a l'origine par des arguments d’isopérimétrie
(voir Talagrand [73] et [74]). Ces inégalités ont ensuite été redémontrées par Ledoux [72] par
la méthode d’entropie (voir Ledoux [72]). Cette méthode a par la suite permis & Bousquet
[28] d’obtenir les constantes optimales pour la concentration & droite du processus empirique,
et Klein [42] puis Klein et Rio [41] ont obtenu des constantes quasiment optimales pour la
concentration & gauche.

En M-estimation générale, ces outils ont permis d’obtenir des vitesses de convergence, ap-
pelées vitesses rapides, plus fines dans beaucoup de cas que les bornes initiales de Vapnik et
Cervonenkis, et souvent minimax pour les problémes considérés, parfois & un facteur logarith-
mique pres. Pour un rappel sur la théorie minimax, le lecteur pourra se référer par exemple
a Tsybakov [76]. On peut trouver des exemples de telles bornes dans Massart [61], et plus
précisement dans le chapitre 8 consacré a ’apprentissage statistique, reprenant en particulier
certains résultats de Massart et Nédélec [62]. Dans ce dernier article, on trouvera une analyse
minimax des bornes générales de convergence, avec un exemple approfondi montrant qu’il n’est
pas possible en général d’enlever le facteur logarithmique dans les vitesses obtenues dans [62]
sous des conditions générales d’entropie a crochet et aussi pour des classes de dimension de
Vapnik et Cervonenkis finie. La démonstration du théoréme principal repose entre autre sur le
controle global d’un processus empirique renormalisé. Par une méthode légerement différente,
qui consiste & controler le processus empirique renormalisé sur des couches localisées en exces
de risque de la classe des fonctions considérées et a tirer partie de cette découpe par 'utilisation
de nombres d’entropie prenant en compte la taille de I’enveloppe des fonctions pour la norme
Lo (P), Koltchinskii et Giné [39] ont pour leur part réussi a enlever le facteur logarithmique
dans les cas ou ’enveloppe d’une couche d’exces de risque se localise elle aussi convenablement.
Ces analyses fines se basent sur des inégalités de concentration de type Talagrand et des
méthodes de chainage. Elles reposent en fait sur une propriété plus précise que l'inégalité
(1.23). En effet, définissons la quantité ¢, (4) par

sup (P —P,)(Ks— Ksy)| < ¢n(0) . (1.25)
{SEM;P(KS—KS]M)S(S}

L’ensemble {s € M : P (Ks — Ksjys) < d} est parfois appelé ’ensemble d-minimal, c’est en effet
I’ensemble des fonctions du modele M dont le risque est a une distance inférieure & § du risque
minimal sur M. On a alors par (1.22),

P (Ksp (M)~ Ksy) < én (P (Ksn (M) — Ksp)) (1.26)

Une borne supérieure pour I'exces de risque est alors fournie par un majorant de la plus grande
solution de I'inéquation

6 < ¢dn (9) . (1.27)

Cependant, pour obtenir une vitesse déterministe, le controle en (1.25) doit se faire avec grande
probabilité, uniformément en J, vu que le module de continuité

sup (P — P,)(Ks— Ksy)|
{s,P(Ks—Ksp)<6}

est aléatoire. Ceci est possible, par exemple en controlant les fluctuations du module de con-
tinuité autour de sa moyenne a J fixé, puis en utilisant la croissance en § du supremum pour
passer a 'uniformité en cette variable.

Une notion centrale dans 1’étude des vitesses rapides est la relation dite de marge qu’il peut
exister entre la variance et l’exces de risque des fonctions indexantes. Cette relation a été
formulée pour la premiere fois par Mammen et Tsybakov [60] (1999) dans le cadre de 'analyse
discriminante. Par la suite, Tsybakov [75] a appliqué cette notion au controle de 'exces de
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risque en classification binaire, ainsi que de nombreux auteurs en théorie de I'apprentissage
statistique.

En suivant Massart et Nédélec [62], une relation de marge pour un ensemble de fonctions f € F
d’espérances Pf > 0, s’écrit

Var(f) < w (VPF) (1.28)

ou w est une fonction de Ry dans R croissante et continue telle que x — w(x) /x est
décroissante sur R* avec w (1) > 1. Les exemples que nous connaissons dans les contextes tels
que la classification binaire, I’estimation d’un ensemble de niveau, I’estimation de la densité ou
la régression sont généralement réglés par des fonctions puissance :

Var (Ks — Ksy) < kx (P (Ks— Ksy))? (1.29)

ou k> 0et 3 €]0,1]. La variance des fonctions indexantes apparaissant naturellement dans
le contréle du module de continuité du processus empirique, les relations du type (1.29) per-
mettent en effet d’atteindre (1.25), ot 'on demande un controle, non pas par la variance, mais
par l'exces de risque des fonctions considérées.

Donnons un exemple de relation de marge, dans le contexte de I’estimation d’un exces de masse.
Cet exemple est en fait une retraduction inédite des hypotheses de Polonik [65].

Exemple (estimation par exces de masse) Soit & une variable aléatoire de loi P sur un
ensemble mesurable (Z,7T) et p une mesure de référence sur cet ensemble. Par exemple, si
Z =R", on prend généralement pour p la mesure de Lebesgue sur Z. Soit X\ > 0, on cherche
a estimer l’ensemble Cy d’excés de masse de niveau A,

Cy = arg max {P(C)—=Au(C)} . (1.30)
Dans le cas ou P admet une densité f par rapport a la mesure p, on retrouve facilement que
Cr={z€Ztq. f(z) >}

est l’ensemble des points de miveau supérieur ou égal a A pour la densité f. La formula-
tion (1.80) permet d’envisager ce probléme du point de vue de la M-estimation. Le fait que
le probleme d’optimisation se définisse sur des ensembles plutot que sur des fonctions n’est
nullement une géne puisque, pour se ramener au cadre fonctionnel, il suffit de considérer les
indicatrices d’ensembles. Le contraste s’écrit alors

K:CeT—(KC):z€e Z— Au(C)—1¢(2))
et on retrouve ainsi la formulation standard
= in P(KC) .
Cx = arg min P (KC)
On définit alors l’exces de risque en un point C,
L(Cy,C)=P(KC - KC,)

=P (M (C)—1c — (M (Cr) — 1¢y))
= (P (C)) = Au(Cy)) = (P(C) = Au(C)) 20,

et, st P a une densité f par rapport a p, alors

£(Cx,C) = P(KC) = P(KCy) = /C

=/' U—Awu—/ (f — N dp
C\C C\C\

=/ﬁ TSP
CAC),

<f—Mdu—[}f—»du



18 CHAPITRE 1. INTRODUCTION

ot AAB := (A\B) U (A\B) est la différence symmétrique entre les ensembles A et B. On se
place désormais dans ce cas et on suppose que la densité f est uniformément bornée sur Z par

une constante B > 0. Alors pour tout n > 0, si |f (z) — A| > n pour un certain z € Z, on a
Bif(z)=A>Bz=f, donc

B
P<0ACA>§/ = NdutP(f A <n)
n JeAac,

sié(OA,CHP(!f—MSn)-

D’ou, st l’on suppose maintenant qu’il existe c,y > 0 tels que
P(f=A<n) <en

pour tout m > 0, on obtient

P (CAC)) < inf {Bﬁ (C,Cy) —i—cn”}
n>0 | n

1

et pour n = (gﬂ (C, C’>\))ﬁ > 0 on trouve

P(CACY) < k# £(C,Cy)7+T |
avec k une constante positive. Finalement, en remarquant

Var (KC — KC)) = Var (Au (CACY) — 1cac,)
= Var (1cac,) = P (CAC))

on obtient une relation de marge donnée par
Je
Var (KC — KC)y) < kx £ (C,Cy)7+1 .

On peut ainsi revisiter les résultats de Polonik [65] par le formalisme des relations de marge
et on vérifie aisément qu’une application directe des résultats généraux de bornes supérieures
d’excés de risque par relation de marge, comme par ezemple le théoréme principal (et non
asymptotique) de l’article de Massart et Nédélec [62], permet de retrouver les vitesses (asymp-
totiques) données par Polonik dans le cadre de ’estimation par excés de masse.

Nous cloturons cette section, dédiée au contréle général de I'exces de risque d’un M-estimateur,
en donnant un résultat récent de Massart et Nédélec, retranscrit ici avec nos notations. Nous
ferons appel dans le théoréme qui suit a la définition suivante :

Définition On note C; I'ensemble des fonctions ¢ de R dans R, croissantes et continues,
telles que x — 1 () /= est décroissante sur R* avec ¢ (1) > 1.

Théoreme (Massart et Nédélec, [62]) Soit (K,S, P) un triplet tel que K : S — L (P)
soit un contraste. On se donne un modele M C S. Soit d une pseudo-distance sur S x S telle

que
Vs e S, Var(Ks— Ks,) < d?(s4,5) , (1.31)

et soient ¢ et w des éléments de C;. On suppose que

Vse S, d(ses) <w ( E(s*,s)> (1.32)
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et que, pour tout t € M, pour tout o > 0 tel que ¢ (o) < \/no?,

\/ﬁE! sup  {(Fn — P) (Kf—KS)}] <¢(o) . (1.33)

sEM,d(t,s)<c

Soit €, 'unique solution de I’équation

Vit = 6 (w(e.) - (1.34)

Il existe alors une constante absolue k > 0 telle que pour tout y > 0, on a

P [K (Sxy S (M)) > 20 (84, 80m) + K (65 + Wwy)] <exp(—y) . (1.35)

ne2
En particulier, on a le controle en moyenne suivant,

E [0 (84, 8n (M))] < 2 (€ (54, 50) + Hé‘i) . (1.36)

Avant commenter plus précisement le théoréeme précédent, notons que l'on a légerement sim-
plifié ici le résultat initial de Massart et Nédélec (Theorem 2, [62]) ou les auteurs considerent
le cas plus général de ’exces de risque de p-minimiseurs empiriques sur M - voir la définition
(1.4) ci-dessus - plutot que du seul M-estimateur s, (M) ; ce qui permet en particulier de se
libérer du probléme de 'existence d’un tel estimateur. Cette généralisation ne change que tres
peu la forme du résultat et les arguments de preuve développés dans [62].

On distingue dans le théoreme précédent deux types d’hypotheéses. En effet, les conditions
(1.31) et (1.32) permettent tout d’abord de retrouver la condition de marge exprimée plus
généralement en (1.28), et mettent donc en relation la variance des fonctions d’intérét avec
leur exces de risque. En second lieu, le controle requis en (1.33) concerne la complexité du
modele M considéré, qui est ici exprimée wvia la fonction ¢. En effet, on vérifie aisément
que la quantité a gauche de I'inégalité (1.33) est croissante pour l'inclusion des modeles, une
propriété légitimement attendue pour une notion convenable de complexité. Dans un cas
précis d’estimation (voir par exemple le cas des images binaires traité dans [62]), on calculera
typiquement la fonction ¢ par des arguments de chailnage, faisant naturellement appel a des
quantités telles que les entropies métriques, aléatoires ou a crochet, ou encore la dimension de
Vapnik et Cervonenkis.

Concernant les bornes d’exces de risque données en (1.35) et (1.36), on remarque que les
quantités qui gerent la concentration stochastique de I'exces de risque sont fonction de e, qui
est solution de I’équation de point fixe (1.34). Cet argument de point fixe est en essence tout
a fait similaire a la résolution de 'inéquation (1.27), dont on peut rappeler qu’elle est sensée
fournir une majoration fine de I’exces de risque. Le résultat de Massart et Nédélec confirme
donc bien I’acuité de ’approche que nous avons présenté précédemment dans cette section.
Cependant, on remarque que les bornes (1.35) et (1.36) sont données a une constante multi-
plicative pres. Ceci est du en particulier aux arguments de chainage utilisés dans la preuve de
(1.35). L’approche générale présentée ici pose donc probléme en ce qui concerne la validation
théorique de I’heuristique de pente, ou I'on demande un contréle a la constante pres des exces
de risque théoriques et empiriques a modele fixé. De plus, I'inéquation (1.26), qui est le point
de départ de la démonstration donnée par Massart et Nédélec, permet seulement de considérer
des bornes majorantes pour les quantités en jeu, et ne permet pas d’atteindre des minorations,
nécessaires pour discuter la validité du phénomene de la pente. Nous abordons en détails ces
problemes dans la section suivante.
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1.4 Bornes optimales pour les exces de risques a modele fixé,
dans le cas d’un contraste régulier

On pose ici la question de I’équivalence entre I'exces de risque et ’exces de risque empirique a
modele fixé,
P(Ksp (M) — Ksy) ~ Py, (Ksy — Ksy (M)) ?

Comme annoncé précédemment, ce fait présumé est la pierre angulaire de I’heuristique de
pente. Afin d’acquérir un résultat aussi général que possible, on développe une méthodologie
de preuve inédite, basée sur la notion de contraste régulier définie en Section 1.2. Le but
est donc d’obtenir des bornes inférieures et supérieures en déviation, pour ’exces de risque et
sa contrepartie empirique, suffissamment précises pour fournir un équivalent asymptotique de
ces quantités par rapport au nombre de données n. On s’attachera dans la suite a éclairer
cette question en donnant les grandes lignes de la preuve générale développée au chapitre 7.
Nous donnons aussi, en fin de section, un exemple plus précis de bornes obtenues en régression
hétéroscédastique sur des modeles de polynémes par morceaux.

On commence par réécrire les problemes de bornes inférieures et supérieures de déviation, pour
I’exces de risque et I'exces de risque empirique. Soit donc C et a deux quantités strictement
positives. La question de la majoration de 1’exces de risque avec grande probabilité s’exprime
comme suit : trouver, a a > 0 fixé, le plus petit C' > 0 tel que

P[P (Ksp (M) — Kspy) >Cl<n™ .

On écrit alors, par définition du M-estimateur s, (M) comme minimiseur du risque empirique
sur le modele M,

P[P (Ksy, (M) — Ksyr) > C]

< ]P’[inf P, (Ks— Ksp) > inf Pn(Ks—KsM)}

sEM¢c seEMsc
= P|sup P, (Ksy —Ks) < sup P, (Ksy—Ks)| , (1.37)
sEM¢ S€M>c
ou
Mc:={seM; P(Ks,(M)—Ksy) <C}
et

Moc = M\M¢c ={s€ M ; P(Ks,(M)—Ksy)>C} .

De méme, on peut réécrire la question de la minoration de ’exces de risque avec grande prob-
abilité. On veut en effet cette fois trouver le plus grand C > 0 tel que

P[P (Ksp(M)—Kspy) <C]<n™ .
On a alors, par définition du M-estimateur s, (M),
P[P (Ks,(M)— Ksy) <]

< P[inf P, (Ks— Ksy) < inf Pn(KsKsM)}

sEM¢o s€Msc
= P|sup P,(Ksy —Ks)> sup P, (Ksy —Ks)| . (1.38)
seEM¢o seEM~c

Les formulations acquises en (1.37) et (1.38) sont en essence trés proches des calculs menés
par Bartlett et Mendelson dans [19], et permettent de ramener ’étude des bornes inférieures
et supérieures pour ’exces de risque a la comparaison de deux quantités d’intérét,

sup P, (Ksy — Ks) et sup P, (Ksy — Ks) .
sEMc sEMsc
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On écrit de plus, en posant D, ={s € M ; P(Ks, (M) — Ksy) = L},

sup P, (Ksy — Ks) = sup { sup P, (Ksys —Ks)}
seMc 0<L<C | s€Dy,

et

sup P, (Ksy — Ks) = sup | sup P, (Ksyr — Ks) p .
sEM~ ¢ L>C | s€Dy,

L’étude de 'exces de risque a modele fixé se réduit donc au controle, a la constante pres, de la

quantité générique suivante,

sup P, (Ksyy —Ks) ,L>0. (1.39)
se€Dy,

De maniere tres similaire, 'exces de risque empirique s’écrit, par définition du M-estimateur

Sp (M),

P, (Ksy — Ksy (M)) = sup P, (Ksy — Ks)
seM
= Sup{sup Pn(KsM—Ks)} . (1.40)
>0 | seD;,

Finalement, ’étude de ’exceés de risque empirique se ramene encore au contrble de la quantité
donnée en (1.39). On a alors

sup P, (Ksy — Ks) = sup {(P,— P)(Ksy — Ks)+ P(Ksy — Ks)}
SEDL SEDL
= sup {(P,—P)(Ksy—Ks)} — L. (1.41)
SEDL

Par la formule (1.41), il suffit d’étudier les suprema du processus empirique indexé par des
fonctions contrastées, recentrées par la cible contrastée et d’exces de risque constant - égal & L
- sur le modele M.

Remarque : Dans le cas ot s, (M) est unique et o

VC >0, sup P,(Ksy — Ks) est atteint <: max P, (Ksy — Ks)> ,
s€D¢ s€Do

on a - par le méme type de raisonnement qu’en (1.37) et (1.38) - la formule exacte suivante,

P(Ksn(M)—KsM):argrilgéc{snel%:;(Pn(KsM—Ks)} . (1.42)
Par (1.40) on a aussi la formule suivante,
Pn(KsM—Ksn(M)):max{maxPH(KsM—Ks)} . (1.43)
L>0 |s€Dyr

Les formules (1.42) et (1.43) montrent que l'excés de risque et l'excés de risque empirique
sur un modéle fizé ne sont pas de méme nature, car le premier prend ses valeurs dans les
arguments de la fonction ¥, : L(>0) — maxsep, P (Ksy — Ks), alors que le second se
mesure d’apres les images de la fonction V,,. L’équivalence de l’excés de risque et de [’exces
de risque empirique, si elle est vérifiée, serait donc un fait non trivial en général, émanant de
I’équation de point fixe suivante,

argmax {U,} ~ max{V,} .
R, R,
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Dans le but d’étudier les suprema du processus empirique apparaissant dans (1.41), on note que,
sous de bonnes hypotheses, on dispose d’inégalités de concentration & droite (Bousquet, [28])
et a gauche (Klein [42], Klein et Rio [41]), de ces suprema autour de leur moyenne. On peut
ainsi s’attendre a ce que les déviations de ces quantités soient, sous des hypotheses standards,
négligeables devant leur moyenne,

sup {(P, — P)(Ksy — Ks)} ~E sup {(P—-P,)(Ks—Ksy)}| - (1.44)

Il resterait alors & établir un controéle & la constante preés du terme de droite dans I’équivalence
(1.44). On obtient un tel contrdle dans le cas des contrastes réguliers. En effet, on rappelle
que si K est un contraste régulier pour le modele M et la loi P (cf. Section 1.2), alors on a,
pour tout s € M,

Ks— Ksy = 1/)8 —i—lﬁl,M . (S — SM) + o (1/]3,M . (S — SM)) , (1.45)

avec 1§ constante sur Z pour tout s € M. On injecte alors (1.45) dans le terme de droite dans
I'identité (1.44), et on obtient

E | sup {(P — P.) (Ks - Ksm}]
seDy,
= E|sup {(P—PFp) (- (s—sm))}| +E | sup {(P—Fn) (Y2 (V3 (s —sm)))}
seDy, s€Dy,
partie principale reste né?grligeable

Pour montrer maintenant que le terme de reste est bien négligeable devant la partie principale,
il est nécessaire de faire appel a I’hypotheése de convergence en norme infinie du M-estimateur
Sp (M). En effet, le comportement de la fonction 1, est, par hypothese, typiquement quadra-
tique (cf. Section 1.2). Donc, si les fonctions s considérées en argument du processus empirique
(P — Pp) (Y2 (3,0 - (s — syr))) sont suffisamment proches de la projection sps en norme infinie,
il sera possible d’utiliser un principe de contraction, di a Talagrand (voir [53], et aussi Theorem
7.4, Chapitre 7), et de négliger le reste devant la partie principale. L’hypotheése de consistance
en norme infinie du M-estimateur considéré intervient donc pour controler suffisamment fine-
ment la norme infinie des arguments du processus empirique, en remplagant dans les calculs,
avec grande probabilité, le modele M par la boule en norme infinie,

Br., (sm, Byne) ={s € M ;5 ||s —smlloe < Rmna}
ou, par hypothese de consistance en norme infinie, on a pour tout n > nq,

Acons

P(Hsn (M) - SM”OO < RM,n,a) >1- n-“ et RM,n,a < o \1/4
(Inn)Y/

(1.46)
pour une constante absolue A.yns > 0 et un entier naturel ny. La couche Dj, du modele M,
utilisée dans les raisonnements précédents, n’est donc pas exactement celle utilisée dans les
preuves, car en vue du controle du terme de reste, on raffine le raisonnement et on considere
en fait la couche B

Dy =DrNBr,, (M, Rvnga) s

localisée a la fois en exces de risque et en norme infinie. L’hypothese (1.46) permet alors
d’appliquer un principe de contraction qui fournit

E |sup {(P—P,)(Ks—Kspy)}| ~E

SG'[)L

sup {(P = Pn) (Y1ar- (s —sm))}| - (1.47)
seDy,
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Bien que I'encadrement & la constante pres du terme de droite dans 1’équivalence (1.47) soit
une partie particulierement technique de la preuve exposée au chapitre 7 - et aussi dans les
preuves des cas plus restreints des chapitres qui le précedent -, il est néamoins possible de
se faire assez simplement une idée de son équivalent asymptotique. On admet pour cela que
sous une hypothese de structure de ’espace vectoriel My, supposé de dimension finie Dy, et
sous-jacent a 'espace affine Aff(M), on obtient

E | sup {(P = Pn) (Yrar- (s —sm))}| ~E

seDy,

sup {(P=Po) (Wi (s—sm))}| - (1.48)

On revient donc au cas - plus simple - de la couche Dy, I"équivalence (1.48) étant justifiée
pour des modeles M dits “a base localisée”. L’hypothese de base localisée (voir Massart [61],
Section 7.4.2, et aussi Chapitre 7, Section 7.1.3) est une hypothese classique en sélection de
modeles, qui stipule un contréle de la norme infinie des fonctions d’'un espace hermitien, par
la norme infinie des coefficients de ces fonctions dans une base orthonormale pour le produit
scalaire considéré. Cette hypothese est typiquement vérifiée pour des histogrammes ou des
polynomes par morceaux définis sur des partitions régulieres, et aussi pour des développements
en ondelettes & support compact (voir Massart [61], Section 7.4.2).

D’apres la définition d’un contraste régulier donnée a la Section 1.2, on a, pour toute fonction
s € M telle que ||s — syl <30 < Ly,

(1= Lyd) ||s = sallfar < P(Ks— Ksy) < (L+ L) ||s — sarll7r - (1.49)

Ainsi, 'encadrement (1.49) suppose ’équivalence de I'exces de risque de toute fonction suff-
isamment proche en norme infinie de la projection sy, avec la norme hilbertienne |[|-||; ;. On
s’attend donc a avoir, pour les couches d’intérét,

E | sup {(P = Py) (Y1 (s —sm))}| ~E sup {(P=Py) (Y10 (5 —5m))}
s€DL {S€M§||3*3MHH,M:L}

De plus, en contrélant la variance du supremum du processus empirique pour les fonctions
considérées (voir Corollary 7.2, Chapitre 7), on aura aussi

E sup {(P=P,) (1, (s—sm))}
{SGM;”S—SA[”HJW:L}
2

~ E/2 sup {(P=P,) (V1,m - (s —50m))}
{seMslls—snrll g =L}

\/ L2 Var (4107 - o)

n

, (1.50)

inégalité de C;uchy—Schwarz

ou (gpk)kD M est une base orthonormale quelconque de <M el M).

Finalement, pour obtenir des développements asymptotiques d’ordre 1 pour l’exces de risque
et 'exces de risque empirique, il suffit d’injecter I’équivalent (1.50) dans les calculs initiaux.
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On obtient ainsi pour ’exces de risque,

P(Ksp (M) — Ksp) ~ argm {maxP KSM—KS)}

seD,

~ argmax{maXE (P, P)(KSM—KS)]—L}
seDy,

- L

I

{ L ZDM Var (7[)1,M'80k)
~ argmax
M

_1DM2
4 1

o K2 M= DM Zk 1 Var (¢, ar - 1) sera une quantité - indépendante de la base (gok) | choisie
- typlquement encadrée par deux constantes absolues strictement positives et qui dependent
des conditions, suffisamment bonnes, du probleme considéré. Enfin, concernant le controle de
I’exces de risque empirique, on obtient,

P, (Ksy — Ksp (M)) = Iilgéc{g%fpn (KSM—KS)}

\/L ZDM Var (1,0 - ¢k)
~  max

- L
L>0 n
= M2
4 n 1,M

L’équivalence
1Dy o
P (Ksn (M) = Ksr) ~ Py (Ksy = Ko (M) ( ~ 7= =Ky
est ainsi justifiée.

Nous terminons cette section par un exemple de résultat précis acquis au Chapitre 3. En effet,
dans le cas des polynomes par morceaux, en régression hétéroscédatique bornée avec design
aléatoire, on obtient le résultat suivant en considérant I’estimateur des moindres carrés.

Soit Leb la mesure de Lebesgue sur [0, 1] et soit & > 0. On suppose que X = [0, 1] et que P¥X a
une densité f par rapport a la mesure de Lebesgue Leb vérifiant, pour des constantes positives

Cmin €t Cmax,

0 < cmin < f(2) < Cmax < +00, x € [0,1] .
Soit M un modele de polynémes par morceaux sur une partition finie P de [0, 1], de dégrés

inférieurs ou égaux a r. On suppose de plus qu’il existe A_ et A, deux constantes positives

telles que
n

(Inn)*
Alors, sous de bonnes hypotheéses sur la partition considérée et sur le bruit, il existe une
constante positive Ag, ne dépendant que des constantes du probleme, telle qu’en notant

{<lnn)1/4 (DMlnn)1/4}
en = Apmax —_— | )
Dy n

il existe un entier ng ne dépendant que des constantes du probleme, tel que pour tout n > ng,
on a

A (Inn)* <Dy <Ay (1.51)

1D
R M

1 Dy

K2y > P(Ksny (M) — Ksy) > (1—en) ;=" K3 } >1-10n"" (1.52)
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et

1Dy
4

1Dy

Pl(1+e2)~ iC2M>P (Ksy — Ksp (M)) > (1—5n)4 Kiy|>=1-5n"%. (1.53)

D’apres les encadrements (1.52) et (1.53), la partie principale du développement asymptotique
des exces de risque et exces de risque empirique est bien

1D2
4n1

D
1
M= 4; ar (V1,0 - k) (1.54)

et les exces de risque sont bien équivalents entre eux. Il est a noter que, bien que la dimension
du modele M considéré soit fixe, elle n’est pas considérée comme une constante du probleme, et
peut dépendre du nombre de données n, dans les limites permises en (1.51), cette dépendance
devenant cruciale des qu’il sera question ci-dessous de sélection de modeles du point de vue non-
asymptotique. De plus, bien que sous le jeu d’hypothéeses considéré pour établir ces résultats,
le terme de complexité IC% s Se comporte typiquement comme une constante, au sens ou il est
encadré par deux constantes strictement positives qui dépendent des conditions du probleme
considéré, la partie principale des exces de risque n’est pas, en général, linéaire en la dimension
Djs. Au contraire, lorsque le bruit est fortement hétéroscédastique, les exces de risque - et
donc, comme nous le verrons, la pénalité idéale du probleme de sélection associé - s’approchent
mal par une fonction linéaire en la dimension, comme le démontre Arlot [6], dans le cas de la
régression hétéroscédastique sur des modeles d’histogrammes. Par contre, lorsque 1’on suppose
que le bruit est homoscédastique,

c(X)=0>0 ps.,

et que 'on choisit pour modele M ’ensemble des histogrammes formés par une partition P de
X a Djs éléments, alors on a

——K1 — g VIE[Y |X]|X eI] . 1.55

IeP

En négligeant le second terme a droite de I’égalité (1.55), ce qui sera typiquement justifié pour
une partition suffisamment grande -et bien adaptée -, on trouve donc un équivalent asympto-
tique égal & a2Dy;/n, c’est-a-dire la moitié de la pénalité de Mallows ([59]). En effet, & travers
les sections suivantes, nous comprendrons que les encadrements (1.52) et (1.53) justifient en
particulier dans ce cas, de maniere non-asymptotique, ’emploi de la pénalité de Mallows pour
traiter ce probleme de régression homoscédastique, et qu’elles permettent plus généralement
de valider I’heuristique de pente en régression hétéroscédastique.

1.5 Sélection de modeles

Comme nous l'avons expliqué aux Sections 1.3 et 1.4, la vitesse de convergence d'un M-
estimateur & modele fixé dépend de la complexité du modele considéré. Pourtant, nous n’avons
pas abordé un probleme crucial : le choix du modele M servant a définir le M-estimateur.

En effet, le cadre non-paramétrique dans lequel nous nous plagons ne nous permet pas de
supposer l'appartenance de la cible s, d’estimation & un modele M particulier et accessible
en pratique, comme par exemple un modele de dimension finie. Ainsi, 'idée naturelle de la
sélection de modeles est de se donner une collection de modeles M., et la collection de M-
estimateurs associés {s, (M), M € M,}, le but étant alors de choisir le meilleur estimateur
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au sens du risque. Moyennant alors un a prior: sur la cible, comme par exemple une hy-
pothese de régularité, on peut choisir une collection de modeles M, ayant de bonnes propriétés
d’approximation pour la cible considérée, au sens du risque. Ceci permet alors de supposer
que le terme de biais décroit lorsque la complexité du modele augmente, et que 'exces de
risque a modele fixé (1.9) des M-estimateurs considérés croit avec cette complexité. Le but
effectif de la procédure de sélection de modeles est alors de trouver le meilleur compromis
“biais-variance” parmi les modeles considérés.

Soit donc M, une collection finie de modeles dont le cardinal dépend du nombre de données
n, soit {s, (M), M € My} la collection des M-estimateurs associés. Le but est de retrouver
le meilleur estimateur parmi la collection que 'on s’est donnée, la cible de la procédure de
sélection de modeles est donc

M. € arg min {P(Ks, (M)} . (1.56)

L’estimateur en le modele cible s,, (M,) est appelé l'oracle. On remarque alors que le but n’est
pas ici d’identifier un “vrai”modele mais de retrouver l’estimateur ayant la meilleure qualité
de prédiction au sens du risque.
Par ailleurs, d’apres 1'égalité (1.56), on a aussi

M, € arngg\I/ltn {0 (84,80 (M))} . (1.57)

A partir de (1.56), on pourrait alors penser a remplacer, comme c’est le cas a modele fixé, le
risque sous la loi inconnue par sa version empirique et sélectionner

M € arg \min {Py (K (M)} - (1.58)

Toutefois, par définition des M-estimateurs, le risque empirique P, (Ks, (M)) décroit le long
d’une suite croissante de modeles et en pratique la procédure définie en (1.58) va systématiquement
choisir des modeles de forte complexité, négligeant ainsi le compromis biais-variance, et menant

a des estimateurs de faible performance devant l'oracle. Autrement dit, la procédure (1.58)
permet de choisir I'estimateur qui “s’adapte”le mieux aux données et non pas celui qui a
la meilleure capacité de prédiction. Ceci vient du fait que le risque empirique sous-estime
systématiquement le vrai risque. En effet, on peut écrire

P(Ksp(M))=PKsy + P(Ksy, (M) — Ks)

>0

et
P, (Ksy (M)) = P,Ksy — P (Ksy — Ksy (M)) .
>0

Si l'on considere alors PKsy ~ P,Ksy on a bien P, (Ks, (M)) < P(Ks,(M)) et le biais
entre le risque sous la vraie loi et le risque empirique est alors de ’ordre de

(P = P,) (Ksp (M) — Ksp) > 0. (1.59)

De la méme maniére que le terme de variance dans la décomposition de 'exces de risque (1.10),
la quantité (1.59) mesure la complexité du modele M considéré. A la suite de ce constat, une
idée naturelle est, pour atteindre 'oracle, de remplacer dans (1.56) le vrai risque qui nous est
inconnu par le risque empirique, ajouté d’une quantité positive pen(M) appelée pénalité et
sensée débiaiser le risque empirique par rapport au vrai risque.

Plus précisément, si 'on se donne une fonction pen : M,, — R, on peut définir une procédure
de sélection de modeles en choisissant

M e argMneﬂMnn {P, (Ksy(M))+pen (M)} , (1.60)
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et on procedera ainsi a une sélection de modeles par pénalisation. L’idée d’ajouter au risque
empirique une pénalité rendant compte de la complexité des modeles et permettant de débiaiser,
au moins asymptotiquement, ’estimation du risque sur chaque modele, remonte aux travaux
fondateurs d’Akaike [1] et [2], et Mallows [59]. Depuis une quinzaine d’années, la recherche
dans le domaine de la sélection de modeles s’est intensifiée. Tout d’abord, les travaux de
Birgé et Massart [22], et Barron, Birgé et Massart [13] ont permis de dégager les principes
généraux de la sélection de modeles par pénalisation, et en particulier le lien qu’il existe entre
la qualité d’approximation des modeles considérés, émanant de la théorie de approximation,
et les propriétés minimax des estimateurs sélectionnés, avec en conséquence leurs propriétés
d’adaptation. Ces auteurs ont développé une théorie non-asymptotique de la sélection de
modeles, par l'utilisation, centrale dans ce contexte, des inégalités de concentration de type
Talagrand pour les suprema de processus empiriques. Ils ont ainsi pu mettre en évidence le
role joué par la complexité de la collection de modeles M, considérée dans le choix de la
pénalité. A la suite de ces travaux, de nombreuses méthodes de pénalisation ont été proposées,
comme par exemple les complexités de Rademacher (Koltchinskii [43], Bartlett et al. [16]),
les complexités de Rademacher locales (Bartlett et al. [17], Koltchinskii [44]) ou encore les
pénalités bootstrap, de rééchantillonnage et V-fold (Efron [38], Arlot [7] et [5]).

Pour mieux comprendre I'enjeu de ces stratégies, définissons la quantité suivante

penyy (M) = (P — Py) (K, (M) (1.61)
appelée pénalité idéale sur le modele M. On a alors, par (1.57),

M, € arg Mng\r/ll {PnKsy (M) + peng (M)} .

Afin de fournir des procédures générales performantes de sélection de modeles, il convient des
lors de s’attacher & comprendre le comportement de la pénalité idéale.

Dans le cas ou le nombre de modeles considérés, c’est-a-dire le cardinal de M,,, est polynémial
en le nombre de données n, une bonne pénalité est nécessairement une pénalité dont ’ordre de
grandeur est celui de pen;y (M) pour chaque modele M - & une constante pres biensir -, ou
plutot pour chaque modele de dimension raisonnable. En effet, les inégalités de concentration
pour le supremum du processus empirique, qui gerent les déviations des quantités en jeu,
sont sous-gaussiennes et permettent donc de sommer les probabilités de dévier autour de la
moyenne pour des collections de modeles polynoémiales. Par contre, si la complexité de la
collection de modeles est plus forte, par exemple exponentielle, il faut contrecarrer les déviations
en choisissant une pénalité plus élevée, typiquement d’un facteur logarithmique dépendant de
cette complexité. Mais ceci sort du cadre de notre étude. Pour des théoremes généraux prenant
en compte la complexité de la collection de modeles considérée, on pourra consulter Massart

[61].

1.6 Pénalités minimales et heuristique de pente

Un des buts de ’analyse non-asymptotique des procédures de sélection de modeles est de
fournir des inégalités dites oracles, qui rendent compte de la performance de ces procédures
a un nombre fixé de données. Il existe plusieurs variantes de telles inégalités ; nous nous
intéressons ici aux inégalités oracles dites trajectorielles.

On dira qu’une procédure de sélection de modeles, définie par (1.60), satisfait une inégalité
oracle trajectorielle si on a avec grande probabilité (par exemple 1 — Ln~2, ott L est une
constante)

l (s*,sn (]\7)) < CMienAfAn {0 (84,80 (M))} (1.62)
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ou C' est une constante positive. Ainsi, ’exces de risque de l'estimateur sélectionné est avec
grande probabilité de ’ordre de celui de 'oracle. De plus, lorsque

C=1+¢, avece — 0 pour n — oo ,

on dira que la procédure est asymptotiquement optimale, puisque l'on retrouve a l'infini la
performance de I'oracle. En effet, dans ce cas on obtient

oo (@) N

inMeMn {f (3*7 Sn (M))}

Il existe un lien direct entre le comportement d’une pénalité pen dans (1.60) vis-a-vis de la
pénalité idéale pen;y définie en (1.61) et la performance de la procédure de sélection de modeéles
associée, décrite par I'inégalité oracle (1.62). En effet, on a d’apres (1.57), (1.60) et (1.61), pour
tout modele M € M,

12 (s*,sn (]\7)) = P,Ks, (]\/4\) + penyy (]\7) — PKs,
= P,Ksy, (]/\4\) + pen (]\7) + (pen;y — pen) (]/\4\> — PKs,
< P,Ksy, (M) + pen (M) + (pen;qy — pen) (]\7) — PKs,
— (54,5 (M) + (pen — penyy) (M) + (penyy — pen) (M)
Ainsi, en prenant I'infinimum sur les modeles considérés on a

l (s*,sn <J/\Z)) + (pen — penyy) <J\/4\> < Mien/f/tn {l (S, 50 (M))+ (pen —penyy) (M)} . (1.63)

Des lors, si 'on a par exemple, uniformément sur M € M, et avec grande probabilité,
I’encadrement

penyy (M) < pen (M) < penyy (M) + C * € (Sx, sn (M)) (1.64)

on obtient en utilisant (1.63) une inégalité oracle avec constante C' + 1,
£<*,n(z\7))<0 1) inf {€(ss, s, (M))}. 1.65
Sk, 8 <(C+1), inf {L(sx 50 (M))} (1.65)

De plus, si I'on a avec grande probabilité et pour tout modele M € M,,,
|(pen — penyq) (M)] < € % £ (54, 50 (M))

ol € < 1, alors on obtient

(oo (1) 12, 0

et si ¢ — 0 lorsque n — o0, alors on déduit de I'inégalité précédente I'optimalité asymptotique
de la procédure.

L’enjeu de toute procédure de sélection par pénalisation étant de pénaliser correctement, obser-
vons les deux écueils possibles. Tout d’abord, on remarque qu’en surpénalisant, c’est-a-dire en
faisant grandir la constante C' dans le controle (1.64), la procédure de sélection de modeles sat-
isfait encore une inégalité oracle donnée par (1.65); la constante dans cette inégalité étant moins
bonne car égale a C + 1, mais asymptotiquement la performance de I’estimateur sélectionné
reste de 'ordre de grandeur de l'oracle.

Par contre, sous-estimer la pénalité idéale peut avoir des conséquences dramatiques en termes
de performance pour l'estimateur sélectionné. En effet, Birgé et Massart [23] ont montré dans le

cas du modele linéaire gaussien généralisé, I'existence d’une pénalité minimale pen,,;, vérifiant,
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(F1) Si une pénalité pen : M,, — R est telle que, pour tout modele M € M,,,

pen (M) < (1 —0) peny;, (M)

min (

avec § > 0, alors la procédure (1.60) sélectionne un modele de tres grande dimension et
I’exces de risque de I'estimateur associé est tres grand devant celui de ’oracle.

(F2) Si une pénalité pen : M,, — R est telle que, pour tout modele M € M,,,
pen (M) 2 (1 + 6) Peyin (M>

avec 6 > 0, alors le modele sélectionné est de dimension “raisonnable”’et vérifie une
inégalité oracle telle que (1.62) pour une contante C' > 1.

(F3) Si pen ~ 2pen,;, alors la procédure est quasiment optimale, au sens ou elle vérifie une
inégalité oracle avec constante proche de 1.

La conjonction des faits (F1), (F2) et (F3) constitue ce que les auteurs appellent " heuristique
de pente. Tres récemment, Arlot et Massart [10] ont étendu la validité de 'heuristique de
pente pour le cas de la régression avec un design aléatoire et un bruit hétéroscédastique sur
des modeles par histogrammes, et ils ont identifié la forme générale de la pénalité minimale.
Formellement, on peut écrire pour tout modele M € M,,,

C(SuySn (M) =P (Ksy (M) — Ksy)
=P, (Ksp(M))+ P, (Ksyy — Ksp (M) + (P, — P) (Ks« — Ksr)
+ P (Ksp (M) — Ksy) — P (Ksy) .

Donc, en posant

py (M) = P (Ks, (M) — Ks)
Py (M) = P, (Ksy — Ksp (M))
(M) = (P, — P)(Ksy — Ksy)

on obtient la décomposition suivante de ’exces de risque,
U (55, 50 (M) = Py (K (M) +py (M) + pg (M) — 6 (M) — Py (Ks.).
Pour une procédure de sélection définie en (1.60) on a alors, pour tout M € M,,,
(o (1))~ o (37 0 () 3 (7)o ()
< (55,80 (M)) + (pen (M) — py (M) = py (M) +6 (M)) .
Soit encore, en posant

penjq (M) = penjq (M) + (P — P) (Ks.)
= py (M) +py (M) — 6 (M), (1.66)

on obtient le controle suivant, pour tout M € M,,,
14 (s*,sn (]\7)) - (pen{d (]/\4\> — pen (]\7)) < 0 (54,8n (M)) + (pen (M) — peniy (M)) .
Arlot et Massart ont alors montré dans leur cas précis que la pénalité

penyyiy (M) = E [py (M)] = E [P, (Ksy — Ksn (M))]



30 CHAPITRE 1. INTRODUCTION

est une pénalité minimale au sens énoncé précédemment en (F1-3). Ainsi, en considérant que
le terme centré & (M), présent dans I'expression de peny (M) donnée en (1.66), est négligeable
devant le biais P (Ksy; — Ksx) du modele M, le fait que la pénalité optimale soit approxima-
tivement égale & deux fois la pénalité minimale

penopt (M) ~ 2 Pelin (M)
repose sur 'identité suivante,
p1 (M) ~ py (M)
c’est-a-dire
P(Ksp(M)— Ksy) ~ Py (Ksy — Ksy (M)) . (1.67)

Cette derniere relation exprime la proximité entre ’exces de risque sur le modele M et 'exces
de risque empirique, propriété qui peut étre démontrée en établissant des bornes inférieures et
supérieures fines avec grande probabilité pour ces deux quantités. Nous y parvenons dans le
cadre des contrastes réguliers, comme expliqué en Section 1.4.

En pratique, 'heuristique de pente a une conséquence majeure pour la calibration optimale de
la constante devant la pénalité. En effet, supposons connue la forme peng,,,. : My, — Ry de
la pénalité idéale. Une méthode pour acquérir cette information est par exemple ’estimation
de la pénalité idéale par une pénalité de type rééchantillonnage, voir a ce sujet Arlot [5], [7] et
Lerasle [56]. Pour une certaine constante inconnue A,, la pénalité (A* . penshape) fournira donc
une procédure quasiment optimale, au sens ou elle vérifiera une inégalité oracle avec constante
presque 1. Le but est alors de trouver A telle que (A . penshape> soit quasiment optimale.

On suppose aussi connue une mesure de complexité Dj; pour chaque modeéle M € M,,. Typ-
iquement, quand les modeles sont des espaces vectoriels de dimension finie, D est la dimension
de M. Arlot et Massart [10] proposent alors ’algorithme suivant :

1. Calculer le modele sélectionné M (A) comme une fonction de A > 0,

o~

M (A) € arg MHGI}\I/II {PHK (Sn (M)) + Apenshape (M)} :

2. Trouver Amin > 0 tel que DAA/[( A) est "treés grand” pour A < flmin et ”raisonnablement

petit” pour A > Amin.
3. Sélectionner le modéle M = M (QAmin) .

Cet algorithme a déja été appliqué avec succes dans des contextes variés tels que les modeles de
mélanges (Maugis et Michel [63]), la classification non supervisée (Baudry [20]), estimation
de modeles graphiques (Verzelen [86]), I'estimation de réserves pétrolieres (Lepez [54]) et la
génétique (Villers [87]).

1.7 Heuristique de pente pour l'estimation par minimum de
contraste régulier

En utilisant les controles optimaux obtenus sur ’exces de risque et I’exces de risque empirique
pour des modeles de dimension raisonnable, dans le cadre général de la M-estimation avec con-
traste régulier, on valide dans cette thése ’heuristique de pente dans des situations classiques
d’estimation non-paramétrique, tels que I’estimation de la densité par maximum de vraisem-
blance par sélection de modeles par histogrammes, ou encore la régression par moindres carrés
par sélection de modeles linéaires.
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Pour ce faire, nous adaptons, a partir des résultats nouveaux acquis a modele fixé et décrits
en Section 1.4, les preuves données par Arlot et Massart [10] dans le contexte de la régression
hétéroscédastique par histogrammes. En effet, Arlot et Massart ont fourni une algebre de preuve
générale qui permet de valider I’heuristique de pente, sous de bonnes hypotheses suivant les
problemes considérés, des lors que des controles optimaux sont acquis & modele fixé, pour des
complexités de modeles susceptibles d’étre sélectionnées. En ce qui concerne I’établissement
d’inégalités oracles, les grandes lignes de cette technique de preuve ont été esquissées en Section
1.6.

Au Chapitre 4, nous retrouvons ainsi les résultats obtenus par Arlot et Massart [10] dans le
cas de la régression hétéroscédastique bornée, avec design aléatoire, sur des modeles linéaires
d’histogrammes et nous généralisons ces résultats au cas des polynomes par morceaux. Nous
donnons aussi un résultat plus structurel, qui permet de conclure que, si les modeles sont munis
d’une base localisée, alors dés que les estimateurs des moindres carrés sont consistants en norme
infinie vers les projetés de la cible qui leur sont respectivement associés, 'heuristique de pente
est vérifiée, pour un certain jeu d’hypotheses sur la collection de modeles considérée.

Dans le cas de l'estimation de la densité par maximum de vraisemblance sur des modeles
par histogrammes, on montre aussi que le critere AIC est asymptotiquement optimal, au sens
ou l'estimateur sélectionné vérifie une inégalité oracle non-asymptotique, avec une constante
devant le risque de l'oracle qui tend vers un lorsque le nombre de données tend vers l'infini. De
plus, on interprete la pénalité proposée par Akaike [2], comme deux fois la pénalité minimale
introduite par Arlot et Massart [10]. C’est, & notre connaissance, le premier résultat validant
I’heuristique de pente dans un cadre non-quadratique. Donnons, a titre d’exemple, la forme
des résultats obtenus dans ce cadre auChapitre 5.

On montre que sous de bonnes hypotheses sur la collection de modeles et sur la cible s,, si
0 € (O, %) et L > 0, et si 'on suppose qu’il existe un évenement de probabilité au moins
1 — Apn=2 sur lequel, pour tout modele M € M., tel que Dyy > Apg 4 (In n)2, on a
Dy —1 Dy —1
(1—6) 22—~ <pen(M) < (1+06) ZL—
n n

alors, pour un certain % >n>(1-754) i /2, il existe une constante Az, un nombre entier ng
ne dépendant que des constantes du probleme et une suite

L
0<0, <0
(Inn)
pour une certaine certaine constante L(sa) ne dépendant de méme que des constantes du

probleme, telles qu’avec probabilité au moins 1 — Asn~2, on a pour tout n > ng,

Do < n/2 (1.68)
et
— 1+26 46,
< . .
¢ (s*’s” (M)) = <1 —2% 1o 25)2> Esw 5n (M) (1.69)

Les inégalités (1.68) et (1.69) fournissent ainsi une quantification précise, validant les points
(F2) et (F3) de 'heuristique de pente exposée en Section 1.6.

De plus, s'il existe Apen € [0,1) et A, > 0, tels que I'on a avec probabilité au moins 1 — A,n~2,
pour tout M € M,,,

Dy —1

0 < pen (M) < ApenT )
n
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alors on montre qu’il existe deux constantes A, Ay > 0 telles qu’avec probabilité 1 — A;n=2,
on a pour tout n > ng (Apen),

D7 > Aonln (n)—2 (1.70)
et
¢ <5*, Sn (A?)) >n(n) inf (£ (s, 50 (M)} - (1.71)

Les bornes inférieures décrites en (1.70) et (1.71) valident ainsi le point (F1) de I'heuristique
de pente de Arlot, Birgé et Massart exposé en Section 1.6, et le phénomene de pente est ainsi
démontré.



Conventions

e by a “constant”, we always mean a quantity which does not depend on the number n of
data. The linear dimension D or Djs of a model M is not treated as a constant, as it is
allowed to depend on n.

® Lp,...pe» L(a) are generic constants, respectively depending on the constants pi, ..., pg
and on the constants appearing in the assumption set (A).

e ng (p1,...,0k), no ((A)) are generic positive integer-valued constants, respectively depend-
ing on the constants pi, ..., pr and on the constants appearing in the assumption set (A).

e we do not declare generic constants (Lph_,,’pk, Liay;n0 (p1, -, Pk) ;M0 ((A))) For instance,
the sentence “for all n > ng (p1,...,pk), @ (n, L(A)) < b(n,Lp,, . p5,)" means that there
exist a positive integer ng (p1, ..., px) only depending on the constants py, ..., pr and two
constants L(a), Lp, ..., only depending on the assumption set (A) and on the constants
D1, ..., P, respectively, such that for all n > ng (p1, ..., pk), @ (n, L(A)) <b(n,Lp,.. p)-

e the generic constants (Ly, ... p,, L(a), 70 (P1, -, Pk) ;70 ((A))) can change from line to an-
other, or even within the same line.
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Chapitre 2

The notion of regular contrast

We introduce in this preliminary chapter a new notion in the context of M-estimation, that we
call “regular contrast estimation”. To be regular on a model M and for a law P, a contrast
K must achieve three requirements. First, there exists a unique minimizer of the risk over
the model M, which is called the projection of the target to be estimated. Secondly, the
contrasted functions of the model, which are the images by the contrast K of the functions of
the model, can be expanded into the sum of a constant, a linear part and a quadratic part,
when suitably centered by the contrasted projection. Thirdly, the excess risk on M, which is
the difference between the risk of functions in M and the risk of the projection of the target,
must be close enough - in a certain sense to be defined - to an Hilbertian norm on M, locally
around the projection. We give three examples of regular contrast estimation, that will be
studied in details along this manuscript. Least-squares estimation on linear models is typically
a regular situation. We shall consider the case of least-squares regression, see Chapters 3
and 4, and also least-squares estimation of density, see Chapter 6. But the notion of regular
contrast allows to go beyond the case of least-squares estimation. In Chapter 5, we study
maximum likelihood estimation of density on histograms. Considering the general case of a
M-estimator with regular contrast on an affine or linear model, we derive in Chapter 7 upper
and lower bounds in probability with exact constants for the true and empirical excess risks of
the estimator, at least for a reasonable linear dimension of the model.

Our aim in this manuscript is to tackle the question of the validity of the slope heuristics, that
was first formulated by Birgé and Massart [23] in a general Gaussian framework, containing in
particular least-squares regression with homoscedastic noise and fixed design. This heuristics
claims the existence of a minimal penalty, defined to be the maximum level of penalty under
which the model selection procedure totally misbehaves. As soon as a penalty is larger than
the minimal one the procedure achieves an oracle inequality. Moreover, the optimal penalty is
twice the minimal one, and in this case the leading constant in the oracle inequality is close
to one. It happens that the minimal penalty and consequently the optimal penalty can be
estimated from the data, due to a jump in the dimension of the selected model occurring
around the minimal penalty. Birgé and Massart thus proposed in [23] a data-driven algorithm
of calibration of penalties, that leads to an asymptotically optimal procedure in their setting.
The slope heuristics and the associated calibration algorithm have then been extended to a
more general formulation by Arlot and Massart [10], and proved to be efficient in a least-
squares heteroscedastic regression with random design setting, considering linear models of
histograms. In Arlot and Massart [10], the quantities of interest are expressed in a general
M-estimation setting, and the minimal penalty is identified as the mean of the empirical excess
risk over the collection of models. A natural question then arises : Is the slope heuristics valid in
general M-estimation and under which general constraints on the models ? In [10], the authors
conjecture that the use of histogram models is mainly due to technical issues and that the
slope heuristics is valid in least-squares regression for more general models. Recently, Lerasle
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[56] also proved the validity of the slope heuristics for least-squares density estimation under
rather mild assumptions on the considered linear models. We go a step further in Chapter 4,
considering least-squares regression, where we recover results of Arlot and Massart [10] in the
histogram case, and extend them to models of piecewise polynomials. We also show that the
slope heuristics is valid for maximum likelihood estimation of density on histogram models in
Chapter 5. By doing so, we prove that the slope heuristics is valid for another framework than
the least-squares one.

The chapter is organized as follows. In Section 2.1 we introduce the problem of M-estimation
in a general setting and give a few classical examples. Section 2.1.2 is devoted to the notion
of margin conditions, that plays a center role in general M-estimation, and in particular in the
Statistical Learning Theory. We then introduce the definition of a regular contrast in Section
2.2 and derive the three examples that we will studied in details along the manuscript. We
show in Section 2.2.3 that some margin-like conditions can hold in regular contrast estimation.
These conditions are pointed at the projection of the target on the model rather than at the
target itself, which can be considered as an advantage when for instance one wants to derive
concentration inequalities for the empirical excess risk, as it is the case in a recent paper of
Boucheron and Massart [27].

2.1 M-estimation

We state in this section the M-estimation problem in a general setting. In Section 2.1.1 we
give some basic definitions and a few classical examples. Section 2.1.2 is devoted to the notion
of margin condition that plays a center role in M-estimation and especially in the statistical
learning theory. A general introduction to M-estimation can be found in van de Geer [77], see
also Massart [61] for a nonasymptotic point of view in the context of model selection.

2.1.1 Definitions and examples

Let (£,7) be a measurable space, p be a probability law on (Z,7) and let &1,...,&, be n
independent random variables with common law P on (Z,7). We also consider &, a generic
random variable of law P, independent of the sample ({1, ...,&,). We denote expectations in a
functional way : for a suitable function f

Pf=P(f)=E[f (£
pf=u(f)=[ fdu

z
and likewise for

1 n
P”:EZ(S&
=1

the empirical distribution associated to the data (&1, ...,&,) , we write
1 n
Pof =Pu(f) == f(&)
i=1

The variance of P, f is

Var (f) == V[f (O] =E[f2(6)] — (E[f ©)])* .

The positive part of a real number z € R is denoted (x)_ := max{z , 0} > 0 and its negative
part is (z)_ := (—x), = max{—z ,0} > 0. We naturally extend these definitions to real-
valued functions, and for a function f defined on Z and taking values in R we write,

fyzeZ2—(fR)y , (Ho:zeZ2—(f(2)_ .
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We then denote Lj (P) the set of real-valued measurable functions on (Z,7) whose negative
part is of finite expectation with respect to P,

LT (P)={f:Z —R T-measurable ; P(f)_ < +4oo} .

Notice that expectation with respect to P is well-defined on Lj (P), as we can write for any
fely(P),

where R := RU {+oc}.
Definition 2.1 A functional K from a set of functions S to L (P),

) S—>{f:(Z,T)—>]R, P(f)7<+oo}
K’{sr—»(Ks:z»—>(Ks)(z)) ’

is called a contrast if a unique element s, € S exists such that

Sy = arg migP(Ks) and P (Ksy) < 400 . (2.1)
sE
The element s, is the target, and for any s € S, K s is a contrasted function and P (Ks) € R
is the risk of s.

Since we have Ks, € Ly (P), it is easy to see that the condition P (K's,) < +o0o is equivalent
to
Ks, € L1 (P):={f:(2,7T) >R, P|f| <400} .

According to (2.1), the target s, is the minimizer of the risk over the set S. It is an unknown
quantity as it depends on the law P of the data and one of the main goals in M-estimation
is to estimate the target using the sample (¢1,...,&,). We turn now to the definition of a
M-estimator, where M is used for “minimum” - do not confuse with the model M.

Definition 2.2 Let (K,S,P) be a triplet such that K : S —Lj (P) is a contrast. Take
M C S. M is called a model. A M-estimator s, (M), associated to the model M under the
contrast K, is defined by

S (M) € arg mlﬁ P, (Ks) and P, (Ksp,(M)) <+oc0 a.s. (2.2)
se

where the quantity P, (Ks) is called the empirical risk of s. Since the existence of s, (M)
is not always guaranteed, it is also convenient to define for any p > 0, the set V, (p, M) of
p-almost empirical minimizers in M,

Vo (p, M) = {SGM, Pn(Ks)gtiGIl]&Pn(Kt)+p} . (2.3)

It is worth noticing that the empirical risk P, (Ks) is well-defined in (2.2) for any s € M, since
as Ks € L] (P) it holds —oo < (Ks) (&) < 400 P-a.s. for all i € {1,...,n}. Moreover the
condition P, (Ks, (M)) < 400 a.s. is equivalent to Ksy (M) € Ly (P,) and ensures that we
are not in degenerated the case where for all s € M, P, (Ks) = +o0.

According to (2.2), a M-estimator s, (M) estimates the target s, by minimizing the analog
of (2.1) for P,. More precisely, the unknown law P is replaced by the empirical distribution
P, of the sample (&1, ...,&,) and the set S is replaced by a convenient subset M. One of the
main task in M-estimation is to find a “good” model M, and model selection procedures aim
to do so in an accurate and systematical way. The following definition gives a natural measure
of performance for a M-estimator, and in particular an “ideal” criterion in model selection
context.
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Definition 2.3 Let (K, S, P) be a triplet such that K : S — L7 (P) is a contrast with target
S«. The excess risk {(s.,s) of a function s € S is

l(s4,8) =P (Ks)— P(Ksy) =P(Ks—Ks,)>0. (2.4)

Considering a model M C S, and assuming that a M-estimator s, (M) exists on M, the excess
risk of the M-estimator sy, (M), also called the true excess risk, is the random quantity

0(Syy 8 (M) =P (Ksy (M) — Ksy) >0 . (2.5)

We can notice that the excess risk £ (sy, s) € Ry := Ry U {400} is well-defined for any s € S
since Ks € L] (P) and Ks, € L; (P). The smaller is the excess risk of a M-estimator, the
better is the M-estimator in terms of excess risk to estimate s,. Another key quantity is the
empirical excess risk of a M-estimator, defined as follows.

Definition 2.4 Let (K, S, P) be a triplet such that K : S — L (P) is a contrast with target
s«. Considering a model M C S, and assuming that a M-estimator s, (M) exists on M, the
empirical excess risk of the M-estimator s, (M) is the random quantity

P, (Ks, — Ksn (M)) . (2.6)

Notice that the empirical excess risk is well-defined since P, (K, (M)) < 4+o0o. By definition of
a M-estimator s, (M), see (2.2), the empirical excess risk is nondecreasing with respect to the
inclusion on the models M C §. The empirical excess risk thus gives a measure of how well a
model allows to “fit” the data. This is a nonnegative quantity as soon as, for instance, s, € M.
A central problem in M-estimation, and in particular in model selection of M-estimators via
penalization, is to understand the relationship between the empirical excess risk and the true
excess risk of a M-estimator, as further explained in Chapters 4 and 7.

Let us now give a few examples of contrasts related to some classical statistical frameworks.
We begin with the maybe more classical maximum likelihood estimation of density.

e Maximum likelihood estimation of density : assume that P has a density

_dp
o

Sx

with respect to a probability measure y on (Z,7) such that P (Ins), < +oo. Then, by
taking

S = {s > 0 7-measurable ; / sdp=14& P(lns), < —i—oo}
Z
with the convention In0 = —oo, and the Kullback-Leibler contrast

) 5—>L7(P)
K{ 3|—>(Il(s:z€Z'—>—ln(s(z))) ’

it comes, by Jensen inequality,

sy = argmin P (Ks) .
s€eS
Moreover, as we always have P (Ins) < 400, it holds Ks, € L (P). If we take M C S,
a M-estimator s, (M) - if some exists - is the well-known maximum likelihood estimator
on M. In this context, for any s € S, the excess risk
Sx

s In (—) du

S

l(s4,8) = P(Ks— Ksy) =K (s4,9) ::/Z

is the Kullback-Leibler divergence of the density s with respect to s,. This example will
be further developed in Sections 2.1.2 and 2.2.
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Least-squares Regression : assume that Z = X' xR for a measurable space X and that
for £ = (X,Y) of law P it holds

Y=s5(X)+0(X)e,

with E [Y?] < 400, E[e|X] = 0 and E[¢?|X] = 1. Then s, = E[Y |X =] is the
regression function of Y with respect to X and by setting

S=Ly (PY):={s: X =R ; E[s?(X)] < +o0}
and defining the least-squares regression contrast to be

[ S—LP) L (P)
' Sb—>(Ks:z:(x,y)GZH(y—s(x))Q) ’

it holds

seS

s. = argmin P (Ks) and ¢ (s, s) = ||s — S*”%Z(PX) = / (s — s,)? (x) dPX .
X

So the excess risk is given by the quadratic norm in Loy (PX ) . The M-estimators associated
to the least-squares regression contrast are the least-squares estimators. This example
will be further developed in Sections 2.1.2 and 2.2.

Typically, the two following examples will fail to be regular in the sense given in Section 2.2,
or at least non trivial assumptions would be needed in addition to standard ones.

e Binary Classification : assume that Z = X'x {0,1} for a measurable space X and let

¢ = (X,Y) arandom variable of law P. If we set
S={s: X —{0,1} measurable} ,

S —Li(P)(C Li (P))
v { s (K 2= (@0,9) € 2 Lyaioy)

and
Sx 1 X € X ¥l gy |x=2]>1/2} »

then the risk P (Ks) =P (Y # s(X)) is the probability of misclassification of the “clas-
sifier” s € § and

.= inP (Ks) .
§+ = argmin (Ks)

The target s, is called the Bayes classifier. The problem of optimal model selection, and
particularly the theoretical understanding of the slope heuristics remains an open issue
in this binary classification setting, see for instance Chapter 7 of [4].

Level-set estimation : let ; be a measure of reference in (Z,7). Typically, if Z C R”
then g = Leb is the Lebesgue measure on Z. Let § =7 and A > 0, the goal is to
estimate a level-set of level A, also called generalized \-cluster see for example Polonik
[65], defined as follows

C)y € arg mmax {P(C)—=Mu(C)} . (2.7)

In the case where P admits a density f with respect to u, we easily see that if

{reX, fx)y>A}cCyc{xeX, f(z)>A},
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then C) is a level set of level A and if in addition p{x € X, f(z) = A} = 0 then the
optimization problem (2.7) has an essentially unique solution. By identifying sets and
binary functions and take value one if and only if the considered point belongs to the
set, level set estimation is an example of M-estimation as stated in Definition 2.1, with

contrast
o SR8 ()
s (Ks:z— (Ks)(z) =Au(s) —s(z2))

which is called the ezcess mass contrast and target s. () = 1{.cc,} for any C) solution
of (2.7). Moreover, in the case where P admits a density f with respect to p, we can
write for any C' € 7, with the abuse of notations that consists in identifying sets and
binary-valued functions,

((Cy,C) = P(KC) = P(KC) :/C

=/‘ U—AMM—/ (f - N dy
c\C C\Cx

=/ F = Adu,
CAC),

where AAB := (A\B) U (A\B) is the symmetric difference between the sets A and B.

(f—Mdu—[jf—Mdu

2.1.2 Margin conditions

We present now a notion that plays a center role in general analysis of M-estimation, and
particularly in problems related to Statistical Learning Theory, as for example binary classifi-
cation. This notion, that was first introduced by Mammen and Tsybakov [60] in a classification
setting, is called margin condition and relates the Lo (P) structure of contrasted functions -
suitably centered by the contrasted target - to their excess risk, see e.g. [75], [62], [44], [39]
and [19] for applications in binary classification and also general bounded contrast minimiza-
tion settings. Margin conditions allow to derive fast rates of convergence for M-estimators,
by “localizing” the analysis of such a problem on subsets of interest in a given model, see e.g.
[62] and [39] for the use of the related slicing or peeling techniques and explicit fast rates in
terms of various entropy conditions on the model. Depending on the authors, the definition of
margin conditions can take sightly different forms, we follow here a definition given in Arlot
and Bartlett [9].

Definition 2.5 Let (K, S, P) be a triplet such that K : S — L (P) is a contrast with target
S« and let M C S be a model. The model M satisfies a margin condition with respect to the
law P and for the contrast K if there exists a conver non-decreasing function par on [0, +00)
with @ (0) = 0, such that for every s € M,

l(s4,8) =P(Ks—Ksi) > pum (\/Var(Ks—Ks*)> . (2.8)

If there exists a convex non-decreasing function ¢ on [0,+00) with ¢ (0) = 0, such that for
every s € S,

E(s*,s):P(Ks—Ks*)ZLP<\/Var(Ks—Ks*)) , (2.9)
then the contrast K satisfies a margin condition with respect to the law P.

Inequality (2.8) is called “local margin condition” in Arlot and Bartlett [9], whereas Inequality
(2.9) is called by the authors “global margin condition”. In [9], Arlot and Bartlett address one of
the leading problems in classification and learning theory, namely adaptivity to (local) margin
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condition in an effective way, that they propose to study in a model selection via penalization
framework - see [9] for full references on the subject. Adaptation to local margin conditions is
called “strong margin adaptivity” in [9], and in most of the literature the considered margin
conditions in adaptivity problem are global. The authors show that fully data-dependent
procedures such that local Rademacher complexities penalization, can adapt to the local margin
when the models are nested. In addition, they show a counter-example when the models are
not nested, where no strong adaptation is possible considering any penalization method.

We turn now to some examples of margin conditions in the settings defined in Section 2.1.1
above. Classical functions ¢ or oy are of the form ka® with x > 0and 1 < 8 < 2.

e Maximum likelihood density estimation : recall that in this case

Sy = Z]; (Ks)(-)=—1In(s(:)) and E(s*,s):K(s*,s):/Zs*ln (8—8*) dp .

Take a model M C S such that a positive constant Bj; exists satisfying

1n<S>H < By < 400 .
S ) |l o

In Lemma 1 of Barron and Sheu [15], it is shown that for any density function s such
that Hln ( >H is finite and any constant c¢, it holds

N /Z 5 (1n %)2 dp (2.10)

K (s4,8) < ;eHln(;) H / (n; — c) du . (2.11)

We thus have, for any s € M, by using (2.10) and taking ¢ = P (In (%)) in (2.11),

sup
seM

1 —|mn i
o> L)

and

2By o~ Bu
Var (Ks — Ksy) > £ (sx,8) >

Var (Ks — Ks,) .

By the second inequality, we thus have a margin condition on M such that for every
x € [0,4+00), pur (z) = e BM22/2 is convenient.

e Least-squares Regression : recall that in this case, for £ = (X,Y) of law P it holds
Y=s5(X)+0(X)e,

with E [Y?] < 400, E[e|X] =0 and E [¢?|X] =1 and for all s € S =Ly (P¥) and all
(z,y) € Z,

(Ks) (2,y) = (y — s (@) .
Assume that

0<o? (X)<A PX_a.s.

and take a model M C S such that a positive constant Bjs exist satisfying

sup ||s — Sulloo < Bm < +00 .
seM
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Then we can write, for all s € M,
2 2 2
Var (Ks — Ks,) <E [((Y ~5(X)? = (Y — 5, (X)) ) ]

—E|2(Y = 5. (X)) = (s(X) = 5, (X)) x ((X) = 5, (X))’]

— 4 |0% (X) (5 (X) = 5. (X))*] + B [(s (X) = 5. (X))']

< (144 B3 E [(s(X) = 5. (X))?]

= (4A+ B3;) £ (54, 5) . (2.12)

Hence, the model M satisfies a margin condition with ¢y (z) = (44 + B]2\/[)_1 22 on

[0, +00) .
Binary Classification : we can write in this case, for any s € S,

C(55,8) = E [Lyssx)) = Ly o, (x))]

(2% Ly=s.(x)) = 1) Ls(x)2. (30}
(2 x max{n (X),1—n(X)} = 1) Ls(x)sks, (x)})
120 (X) = 1| 1505 (X)) (2.13)

where 7 (-) = E[Y | X = -] is the regression function of Y with respect to X, and also

— o

Var (Ks — Ks,) <E [(1{Y¢s<x>} — Ly s.(x)) ]

=E [[1yza0) — Lyze.x]
=B [Lisozs.00] - (2.14)

From (2.13) and (2.14) we see that the relationship between the variance of the constrasted
functions and their excess risk depends on the behavior of the regression function of the
label Y with respect to X. More precisely, the more it is bounded away from 1/2 the
stronger the margin will be. If we assume that there exists €p,cog > 0 and o > 1 such
that

Ve € (0,e0], P[I2n(X) —1| <eg] <cpe®,

then it is well-known, see Tsybakov [75], that a positive constant L, , o exists such that

o

Var (Ks — Ksy) < Ly o0l (S, 8) e, (2.15)
and so the contrast K achieves a margin condition with ¢ (z) = LEO%C()’ B Ifa =
400, that is

P (120 (X) = 1] < h] = 0 (2,16

for some h > 0, then it holds
h x Var (Ks — Ksy) < {(s«,5s) , (2.17)

and so the binary classification contrast satisfies a margin condition with ¢ (z) = ha?.
Inequalities (2.15) and (2.17) allow to interpolate between the pioneering results of Vapnik
and Cervonenkis based on the VC-dimension, see [84], [83], [85] and [82], where no margin
conditions were assumed - see also Lugosi [58] for refinements of these results by chaining
techniques - and the “zero-error” case where h = 1 in (2.16). In terms of rates of
convergence on a fixed model M achieving good enough metric entropy conditions, see
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for instance Massart and Nédélec [62], the rate may range from n~'/? when no margin
condition is assumed to n~! in the zero-error case, and minimax rates of convergence
proportional to n? with 1/2 < 3 < 1 can be computed, that depend on the parameters
g0, Co,a and h in (2.15) and (2.16) respectively. Moreover, discussions on an extra
logarithmic factor in the rates of convergence can be found in [62] and [39]. It can be
removed or not depending on the “richness” of the model, see [62], or on the behavior of
a local version of Alexander’s capacity function, see Section 7.2 of [39].

Level set estimation : The following is a rewriting in terms of margin conditions of
assumptions given in Polonik [65]. This formulation may be known by specialists, but
we could not find in the literature an explicit “margin condition” in level-set estimation
by the excess mass approach. We assume that P admits a density f with respect to the
measure of reference p and that p{x € X, f(z) = A} = 0. Recall that in this case, the
target C'y is unique and for any C' € S,

0(Cy, C) :/CAC If — Al du . (2.18)

Moreover we write,

Var (KC — KCy) = Var A (C) — 1o — A (Cy) + 1¢y)
= Var (10 — 1CA)

< P(CACY) = /C o Jan (2.19)

We see from (2.18) and (2.19) that eventual margin conditions depend on the behavior of
the density f around the level A\. Assume now that the density f is uniformly bounded
on Z, that is a positive constant B exists such that || f||,, < B. Moreover assume that
there exist €, cg > 0 and « > 1 such that for all eg > ¢ > 0,

P(If (&) = Al < €] < coe” . (2.20)

Comparing (2.20) to condition (2.15) in the binary classification setting, we see that f
and A in (2.20) respectively “play the role” of the regression function 7 and the level 1/2
in (2.15). This is natural as binary classification reduces to the estimation of the level-set
of the regression function of level 1/2. Now, when |f (z) — A| > & > 0 for some z € Z, it
holds

2l N> B2 ),

and so we deduce that for all eg > ¢ > 0,

Var(KC—KCA):/CAC fdugf/(mc F=Ndp+P ({1f =X < e} CAC))
< 20O O+ P(f - A £2)
< ge (Cx,C) +coe™ by (2.20). (2.21)

By optimizing upper bound (2.21) with respect to the quantity e for all g9 > ¢ > 0, we
get that there exists a constant L ¢, o > 0 such that for all C' € S,

Var (KC — KCy) < Legepal (Cy, C) T
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In this case the excess mass contrast satisfies a margin condition with respect to the law
2(1+a)

P with ¢ (x) = L', .o~ o . If a = +o0, that is

€0,€0,

Plf (&) —Al<h]=0

for some h > 0, then it holds
h
B x Var (KC — KC)) < {(Cy,C) ,

and so the excess mass contrast satisfies a margin condition with ¢ (z) = %xQ. Using
these margin conditions, it is highly likely that existing results in the binary classification
setting, such as for instance results given in [62] and [39], could be adapted to level-set
estimation. Furthermore, we have introduced here a setting for level-set estimation con-
sidering that the level X is fixed, and a more interesting problem could be to let the level
varies. Uniform rates of convergence letting A vary can be found in [65], see also results
and references therein on related problems, and in particular tests of multimodality.

2.2 Regular Contrast Estimation

We have introduced in Section 2.1 the problem of M-estimation in a general setting. We
formulate now structural constraints on the contrast, defining a context that we call “regular
contrast estimation”. We give three examples of regular contrast estimation, namely least-
squares regression, least-squares density estimation and maximum likelihood density estimation
on histograms. These examples are studied in details in Chapters 3 and 4 for least-squares
regression, Chapter 5 is devoted to maximum likelihood density estimation and we address
the problem of least-squares density estimation in Chapter 6. The notion of regular contrast
allows us to achieve upper and lower bounds in probability with exact constants on the true
and empirical excess risks, considering linear or affine models, see Chapter 7.

In Chapter 4, we recover and extend recent results of Arlot and Massart [10] that validate the
slope heuristics in least-squares heteroscedastic with random design regression on histograms.
Moreover, we also recover some results of Lerasle [56] in least-squares density estimation, see
6. Finally, to our best knowledge theoretical investigations concerning the slope phenomenon
were up to now restricted to least-squares frameworks. We go beyond this setting by proving
the slope heuristics in maximum likelihood density estimation on histograms in Chapter 5.

2.2.1 Definition of a regular contrast

Let us set
Lo (P):={s:(Z2,7)—=R T-measurable ; ||s||,, :=essup,cz (|s(2)]) < 4oo}
where essup is taken with respect to P, and
Ly (P) == {s . (Z2,7) >R T-measurable ; ||s||, := /P (s2) < —1—00} .
For a subset A C R, A denotes its interior. The notion of regular contrast is stated as follows.

Definition 2.6 Let (K, S, P) be a triplet such that K : S — L (P) is a contrast with target
s« and let M C S L (P) be a model. The contrast K is said to be regular with respect to

the model M and the law P if the following conditions hold. There exists a unique projection
sy of s, on M, defined by

Sp = argmiﬁP(Ks) , P(Ksy) <400 . (2.22)
s€
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For all s € M and P-almost all z € Z, the following expansion holds,

Ks(2) = Ksar (2) = g + 1 (2) (s — sar) (2) + 2 (Y300 (2) (s — s1) (2)) (2.23)

where g is a constant depending on s but not on z, Y1 p and 3z are functions defined on Z
not depending on s and not identically equal to 0 satisfying 1y € Lo (P), Y3 ar € Lo (P), 2
is a function not depending on s, defined on a subset Dy C R such that 0 € 752, 9 (Dg) C R and
12 (0) = 0. Moreover, there exist Az, Ly > 0 such that for all § € [0, As], it holds [—0,0] C Ds
and for all (x,y) € [-9, 0],

b2 (@) — b2 (y)| < Lad |z —y] - (2.24)

In addition, we set
My =Span{s —sy ; s€ M} . (2.25)

Then there ezists an Hilbertian norm ||-||; ,, on My and positive constants Ag, Ly > 0 such
that, for all t € My,
[#lly < A (£l ar - (2.26)

Furthermore, for all § € [0,L'] and all s € M such that ||s — su|o, <8 < Ly, it holds
(1= Lud) s — sarllyar < P (Ks— Ksar) < (1 Lud) s — sarldng - (2.2

If we can write 1Yo = 0 for all s € M, then the contrast is linear and Inequality (2.24) is
satisfied, with Do = R and any Ag, Lo > 0.

Let us now comment on the previous definition of regular contrast. We ask for three properties.
First, we assume that there exists a unique minimizer sy, of the risk on M, given by (2.22), and
that the contrasted projection has a finite expectation with respect to P, i.e. P (Ksys) < +o0.
Notice that we always have P (Ksps) < 400, so P (Ksp) > —oo. In addition, the property
P (Kspr) < 400 is equivalent to Ksys € Ly (P) and ensures that we are not in the case where
for all s € M, P (Ksp) = 4+o0o. Moreover, this allows to consider the excess risk on M, also
called the true excess risk on M defined to be, for any s € M,

P(Ks—Ksp)>0.
For a M-estimator s,, (M) € M, its empirical excess risk on M is
P, (Ksy — Ksy (M) >0.

Notice that the excess risk of a M-estimator s,, (M) splits up into the sum of the excess risk of
the projection sp; and the excess risk on M of the M-estimator :

P(Ksy,(M)—Ksy) =P (Ksp,(M)— Ksy)+ P (Ksy — Ksy) .

variance term bias term

The excess risk of the projection P (Ksy — Ks.) = £ (s, Spr), relates “how far” the model M
is from the target s.. More precisely it quantifies the quality of approximation of the model
M with respect to the target s, in terms of risk, and it is generally called the bias of the
model M. As we will further see in Chapter 7, the excess risk on M of the M-estimator is
related to the “complexity” of the model M, and is essentially a nondecreasing quantity with
respect the complexity of the model. It is often called the variance term of the excess risk
of a M-estimator. Usually, if we take a “large” model suitably chosen according to some prior
knowledge, on the regularity of the target s, for instance, it is likely to have a small bias and a
large variance term. On the opposite, a “small” model is on contrary likely to have a smaller
variance term but a larger bias. Omne of the main goal in model selection is to achieve an
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accurate trade-off between bias and variance in order to select an estimator with an excess risk
as small as possible, see Massart [61].

Our second claim in definition 2.6 is that the contrast K, suitably centered by the contrasted
projection Ksjps, can be expanded, see (2.23), into a sum of a constant term, i.e. a term not
depending on z € Z, a linear term and a “quadratic” term, for all function s € M. The
condition (2.24) ensures that the term depending on 5 in the expansion of the contrast indeed
behaves as a quadratic term. Uniqueness of the expansion is a more technical issue and is
discussed in Section 2.2.4 below.

Thirdly, we require that the excess risk on M can be bounded from above and from below by
an Hilbertian norm ||-[|; 5, as soon as the considered functions s € M are close enough to the
projection s;s in sup-norm. More precisely, the excess risk is equivalent to the Hilbertian norm
s — samllg pr as s tends to sy in sup-norm. By stating that |[-[|; 5, is an Hibertian norm on
My we mean that there exists a inner product (-, -) . On the vector space M such that for
any t € Moy,

2
(&0 g ar = 1tz -
Moreover, we ask for a domination of the Ly (P) norm by the Hilbertian norm ||| 5, on M.

In particular, this ensures “local” uniqueness of the projection sp;. Indeed, let s € M such
that 0 < ||s — sasl, < Ly, so that it holds

P(Ks—Ksy) > (1= Lub) ||ls = smllfar > A’ (1= Lid) ||s — surll3 > 0,

hence P (Ks) > P (Ksys) = infsepr P (Ks) and the projection sy is thus the unique minimizer
of the risk in the subset

M(\{s € Loo (P) ; lIs—snrlloo < L'}

We turn now to the presentation of the three examples of regular contrast estimation that will
be developed in this manuscript.

2.2.2 Three examples
Maximum likelihood estimation of density on histograms

Recall that in maximum likelihood estimation of density we have

dP
Sk = @ , S —{s > 0 7-measurable ; / sdp=1& P(lns), < —i—oo} ,
Z
and K is the Kullback-Leibler contrast
"l s— (Ks:ze€Z— —In(s(2)))

We also ask that Ks, € Ly (P). Let M be the model of histogram densities associated to a
finite partition A of Z, defined to be

M = s = Z ﬁ]l]; (ﬁj)IEAMERDM,SZO, /Sd/,b:l
IeAy =

where Dj; = Card (Apr). We ask that for all I € Ay, p () > 0. In Chapter 5, where this case
is studied in details, M is rather denoted by M. For the histogram model M, the projection
sy exists and is uniquely given by

su= > P(I)lf. (2.28)

IeA i (I)
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It is easy to see that Ksy € L; (P). Moreover, the maximum likelihood estimator s, (M)
exists and is P-a.s. unique, satisfying

sp (M) = Z Pn(ll)ll'

IeAy M( )

Notice that if for some I € Aps, P, (I) =0 and P (I) > 0 then the M-estimator has an infinite
risk P (Ks, (M)) = +o0, or in other words Ks, (M) € Ly (P)\L; (P).
Let us introduce 11 37 and 13 3y two functions on Z satisfying

1

Yim = Y3 = ——
SM

and
z—log(l4+x) if z>-1

Yo 1 x € [=1;+00) (:= Dg) { +00 if x=-1

Notice that 0 € Dy, 1y (D2) C R, 15 (0) = 0, and if we set Ay = 1/2 then for any 8 € [0, Ay],
it holds [—d, 0] C Dy and for all (z,y) € [, ],

|ha () — b2 (Y)| < Lad |z —y]

with Ly = 1. Moreover as (Insys) € L (P) it holds spr > 0 P-a.s, thus for all s € M, we have,
with the convention In (0) = —oo,

Ks(z)—Ksmz):—ln( :() ):—1n<1+3(2)—5M(Z)>

sy (2) s (%)
NN )

=P1,m (2) (5 — sm) (2) + Y2 (Y301 (2) (s —sm) (2))  P-a.s.

Hence, the expansion given in (2.23) holds in this case, with 1§ = 0 for all s € M. In addition,
see Proposition 5.1 of Chapter 5, a Pythagorean-like identity holds for the Kullback-Leibler
divergence on the model M, namely

K (s4,8) =K (8, 5m) + K (snm,s) , for any s € M . (2.29)

This allows us to show, see Lemma 5.4 of Chapter 5, that if there exists Ay, > 0 such that
inf,ez 8¢ (2) > Amin > 0 then by (2.28) it holds inf,cz sy (2) > Amin > 0 and if we set
Ly = ﬁ > 0, then for any s € M such that ||s — sy, < < L, it holds

1lls— 2 1lls— 2
(1—Lpd)= | Z=2M| < P(Ks— Ksy) < (1+ Lyo) = ||Z—22)
2 SM 9 2 SM 9
Hence, by setting
1 S
s = —||— for any s € Lo (P) ,
| ||HM V2 | sa1 ) y 2 (P)

it follows, since inf.ez sar(2) > Amin > 0, that ||-[|; ), is an Hilbertian norm on Ly (P) and
particularly on Mj. Moreover, if ||s.||,, < 400 it holds by (2.28) [[sarl, < |8kl < 400 and
so for any s € Ly (P),

Islly < An llsllzr s s

with Ay = [[s.] ., /V2.
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From the above calculations, we can conclude that if

0 < Amin < inf spr(2) < |8l < +o00,
z2EZ

then the Kullback-Leibler contrast is regular on the histogram model M under the law P. To
extend this result to more general conver models than the model of piecewise-constant densities
with respect to law p, we need in particular to generalize the Pythagorean-like identity for the
Kullback-Leibler divergence stated in (2.29), see Section 5.4.1 of Chapter 5.

Least-squares regression

In least-squares regression we have Z = X' xR and for any random variable £ = (X,Y") of law
P,
Y=s5(X)+0(X)e,

with E [Y?] < 400, E[e|X] =0 and E [¢?|X | = 1. Moreover, S =L, (P¥X), the least-squares
regression contrast is

. S —L1(P)(C Ly (P))
. 8'_>(KS:Z:(%y)GZH(y—S(l‘)y) )

and the excess risk is given by the natural Hilbertian norm in Lo (PX ) ,
2
(s:,8) = ||ls = sull,px) forany s € S.

By abuse of notation, we will identify a function s from X to R with its extension § to Z,
defined as follows
S:z=(zv,y) € Z —8(2)=s(x) .

This allows in particular to write for any s € S,
2
£(s0,8) = lls — sl

Now, we consider a finite-dimensional vector space M of Lo (PX ) Clearly there exists a unique
orthogonal projection sys of s, onto M, and we have the following Pyhagorean identity for any
seM,

ls = sell3 = lls = sall3 + llsnr — sall3 - (2.30)

This allows to deduce that sjs is a projection in the sense of Definition 2.6 for the least-squares
contrast, since from (2.30) it comes,

— : _ 2
su = arg it ||s — sl
= argmin P (Ks — Ks,)
seM

= arggreliﬁP(Ks) .

Moreover, we set for all z = (z,y) € Z,

Yim(2) = =2y —sm (2) , Pam(2) =1

and
for all u € R =: Dg, by (u) = u” . (2.31)

Hence, from the definition of 9 given in (2.31), we check that

0€Dy, 1ha (D) CR, 12 (0) =0,



2.2. REGULAR CONTRAST ESTIMATION 49

and for any Ay > 0, by setting Ly = 2A2, we have for any § € [0, A2] and for all (z,y) € [0, 9],

2 () — P2 ()| < Lad|x —y| .

In addition, the contrast can be expanded as follows, for all s € M and all z = (z,y) € Z,

Ks(z) — Kspy (2) = (y— s (2))> — (y — sm (2))°
=10 (2) (8 — sm) (2) + Y2 (Y3m (2) (s — sm) (2)) -

Hence, the expansion given in (2.23) holds in this case, with ¢§ = 0 for all s € M. Moreover,
by the Pythagorean identity (2.30) we have

P(Ks—Ksy)=|s—sulj .

and thus, by setting [|-[|;; 5, = [, inequality (2.27) is satisfied for any Ly > 0, Ay > 1, so
we can conclude that the least-squares regression contrast is regular for the model M and law
P, with Ay =1 and any As, Ly > 0. This example is studied in details in Chapters 3 and 4.

Least-squares estimation of density

Least-squares estimation of density is defined as follows. Let p be a known probability measure
on (Z,7) and assume that P admits a density f with respect to p :

_ap

f—@-

Let endow the space of square integrable measurable functions with respect to the law pu,
namely

Ly (p) = {s, p(s*) < +oo} ,

with its natural Hilbertian structure associated to the inner product

(s,t) = pu(st) = / stdp

Z

and the Hilbertian norm ||.|| defined by

sl = l1sl12, .y = (5:8) = 1 (s) = /Z 2dp .

Moreover, we assume that there exists a function sg, typically sg = 1 if Z is the unit interval
or sg = 0, and another function s, such that

f=s0+ s« and /s*sod,u,:O.
z

We also define the orthogonal vector space of sg in Lo (p),

{so}" ={s€La(u) , (s,5) =0} .
Thus we have s, € {so}", and s, is the target. Now, let s € {so}", we have

2 2 2
Is = sl = [Is[I” = 2 (s, ) + [|s«]
2 2
= lIslI® =2 (s, £} + llsll
= [|s]|* = 2Ps + ||s.
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and we deduce that
= in P (K
s+ = argmin (Ks)
where S := {so}" and the least-squares density contrast K : Ly (1) — Ly (P) satisfies
Ks=|s|*—2s, forall s € Ly (u).

Now, let us take a finite dimensional vector space M C S. For every s € M,

(s,80) = / sspdp =10 .
z
The considered estimator on M is the least-squares estimator, defined as follows
sp (M) € arg ?e%\r/} P, (Ks)
= arg min {||s||2 - 2Pn3} .
seM

It is easy to check that such an estimator exists and is unique, and if D is the linear dimension
of (M,]|-]|) and (gok)szl is an orthonormal basis of (M, ||-||), then

D
sn (M) =" Pu(or) ¢k -
k=1
Moreover, notice that for any s € {so}*,

P(Ks— Ksy) = PKs— PKs,
= lIsll* = 2 (s, f) = llsll* + 2 (s, f)
= [Isl* = 2 (s, 5.) + [l5]”
=|ls—s*>0,

and so the excess risk P (K's — Ks,) is the Lo (p) loss. If we denote by sjs the linear projection
of s, onto M in Ly (1), we then have

PKsy — PKs, = inj\f4 {PKs— PKs,} , (2.32)
se

and from (2.32), we deduce that sp; is the unique projection of s, onto M in the sense of
Definition 2.6,
sy = arg min PK (s) .

seM
We also notice that by the Pythagorean theorem we have for all s € M,
2 2 2
lIs = sull” = lIs = sarll” + llsar — s]”
and so it holds for all s € M,
P(Ks—Ksy)=|ls—sul*>0.

We thus set |||z 2s = |||, and we easily see that Inequality (2.27) of Definition 2.6 is satisfied
for any Ly > 0. If we assume that || f||,, < 400, then it moreover holds for any s € M,

[slly < An ”S”HM
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with Ag = || f||.- Finally, by setting

Y = —2

5 = llsll* = llsnrl®
we can write for any s € M, and any z € Z,
Ks(z) = Ksn (2) = 45+ v1,m (2) (s — sm) (2)

From the computations above, we conclude that if || f||, < +oo, then the least-squares density
contrast is linear for the model M and law P. Least-squares density estimation is studied in
Chapter 6, where we also consider the case where the density f is only assumed to belong to

Ly (k).

2.2.3 Margin-like conditions in regular contrast estimation

We intend to show in Proposition 2.1 below that margin-like conditions can hold in regular
contrast estimation. The margin-like conditions are pointed at the projection s,; of the target
s, onto a model M rather than at the target s, itself, as it is usually the case when considering
standard margin conditions, see Defintion 2.5 above.

Proposition 2.1 Let (K, S, P) be a triplet such that K : S — Ly (P) is a contrast with target
sx and let M C S Lo (P) be a model such that K is a regular contrast with respect to the
model M and the law P. Assume that |11 || < +oo and Y3 ], < +oo, where for any
s € M and P-almost all z € Z,

Ks(z) = Ksy (2) = 95 + 1,0 (2) (s — sur) (2) + 2 (Y300 (2) (s — smr) (2)) -

Then there exist two positive constants Apr, By > 0 such that for any s € M satisfying
Is — snrlloo < Ant, it holds

Var (Ks — Kspy) < By x P(Ks— Ksyy) - (2.33)

Moreover, with notations of Definition 2.6, (2.33) hold with

Anr = (L 12) A (Ao/ s ]2) > 0

and

B =4 (a1, + (Ladz sl 0)*) A% >0

Let us comment on Proposition 2.1. We emphasize on the fact that relations of the form
of (2.33) are convenient when for instance, one wants to prove concentration inequalities for
the empirical excess risk P, (Ksy — Ks, (M)), as studied in Boucheron and Massart [27].
Results of [27] have also been applied in Arlot and Massart [10] in the case of least-squares
heteroscedastic bounded regression with random design on finite-dimensional models of his-
tograms. For instance, in Proposition 10 of [10] transposed in our notations, the authors show
that if |Y| < A < +00 a.s. then for every x > 0 there exists an event of probability at least
1 — e'=* on which for every 6 € (0, 1),

|Pp (Ksyr — Ksp (M) —E [P, (Ksy — Ksy (M))]]
N A%/Dy/x N Ay

n on

< L |00 (s4,8M) (2.34)
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for some absolute constant L, where Dj; denotes the linear dimension of the model of his-
tograms M. The bias term £ (s, sps) seems rather unnatural in (2.34) as one could expect a
better concentration of the empirical excess risk P, (Ksy — K, (M)) for small models, which
on the contrary have a large bias. In the proof of Proposition 10 given in [10], the bias term
arises from the use of the margin condition that holds in this case and that is given in (2.12)
above. Inequality (2.12) can in fact be replaced in this case by an inequality of the form of
(2.33), and so the bias term in (2.34) could be removed, with only a change in numerical
constants for the other terms in (2.34), by a straightforward adaptation of the proof given
in [10]. Least-squares heteroscedastic regression with random design on a finite-dimensional
model is indeed an example of regular contrast estimation as shown in Section 2.2.2. Moreover,
with notations of Defintion 2.6, we can take in this case Ay = 1 and any Ay, Ly > 0. In the
particular case of an histogram model on a finite partition Ay; with Dy := Card (Ayy),

M=qs= Y Brir; (B)en, €R™V ¢,
TeAy

it is easy to see that the projection sps of the regression function s, can be written

EY1
sy (x) = Z ][ngj_e)l]lxg , for any x € X (2.35)
[EA]\/[

and that the least-squares estimator is given by

sn (M) = IGZA:M m1 . (2.36)

If we assume that there exists A > 0 such that
Y| <A< +00 a.s. (2.37)

then
smlloo < A and ||s, (M)|, < A a.s. (2.38)

and we can indeed restrict the analysis of the problem in the subset {s € M ; ||s — sal,, < 24}
Moreover, from (2.37) and (2.38), since in the regression case ¢z (x,y) = —2 (y — sar (x)) for
any (z,y) € Z, it follows that

[Pl <44,

and we can easily see from Proposition 2.1 that for any s € M such that ||s — sp]|, < 24, it
holds
Var (Ks — Ksy) < 124%P (Ks — Ksyy) .

In the same spirit, each time that the “Noise Condition” stated in Boucheron and Massart [27]
can be pointed at the projection of the target rather than at the target itself this could allow
to remove the bias of the considered model from the derived concentrations inequalities for the
empirical excess risk.

To conclude, some margin-like conditions hold in our regular framework under the assumption
that the function v 3s is uniformly bounded on Z, but it seems that this not sufficient to derive
upper and lower bounds for the excess risks on a fixed model, with exact constants. As a matter
of fact, in Chapter 7, where we address such a problem in a regular contrast estimation setting,
we avoid the use of margin-like inequalities stated in Proposition 2.1, by taking advantage of
the linearity of the considered model.

We give now the proof of Proposition 2.1.
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Proof. From Definition 2.6, there exist an Hilbertian norm ||-||;; 5, on My and positive con-
stants Ag, Lo, A, Ly > 0 such that for all § € [0, Ag] and all (z,y) € [0, 0],

[th (z) — b2 (Y)| < Lad |z -y , (2.39)
HH2 < An HHHM (2.40)

and for all s € M such that ||s — sy, <& < Ly, it holds
(1= Lgd) s — sallfa < P(Ks— Ksa) - (2.41)

Moreover 0 < |[¢3ar]|, < 400 since 3 1 € Loo (P) is non identically equal to zero, and we
take

Av = (Lg'/2) A (Az/ |Wslly,) > 0

Hence, for any s € M such that ||s — syl < A, for any z € Z, by (2.39) applied with
v =13 (2) (s —sm) (2), y =0 and 0 = A [[9hs,m]|, it holds, since 2 (y) = 42 (0) =0,

2 (3,0 (2) (s — smr) (2))] < LoAsz [9h3,0 (2) (s — smr) (2)]
< LoAs|[¥hs mll o [(s — sm) (2)] - (2.42)

In addition, by (2.41) applied with Ay, < L' /2 < L' and by (2.40), it holds for any s € M
such that ||s — sall,, < Awm,

Is — sarll3 < A% lls — sarllfyar < 245 P (Ks — Ksy) (2.43)
Now, for any s € M such that ||s — sar|| . < A,

Var (Ks — Ksyr) = Var (Y5 + ¢1,m - (s — sm) +¥20 (Y30 - (s — sumr)))
= Var (Y10 - (8 — sp) + 20 (Y300 - (s — sm1)))
< P (rar- (s —sm) + 20 (sar- (s — su)))”
< 2P (b1 - (s — sm))> + 2P (2 0 (3 a1 - (5 — sm1)))?
<2l ar 1% lls — sarll3 + 2 (LaAa lsarll ) lls — sarll3 by (2.42)
< 4 (el + (Fada s all) ) A% P (s — Ksar) -

So By =4 (HzleHio + (Lo Az szg,MHOO)2) A2, > 0 gives the result. W

2.2.4 On the uniqueness of the expansion of a regular contrast

In this section, we consider a regular contrast K for a model M and a law P, and we discuss
the uniqueness of the parameters appearing in the expansion of the contrast, namely v, ¥1,ar,
13 v and 1o with the notations of Definition 2.6.

Framework :

We assume that for all z € Z,

Ks(2) = Ksn (2) = 95+ ¥1,m (2) (s = sm) (2) + 92 (Y300 (2) (5 = s0m0) (2)) (2.44)

and

Ks(z) — Ksar (2) = 9 + 1 (2) (5 — sar) (2) + o ("[/;37M (2) (s —sm) (Z)> ; (2.45)
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where 3, 1;8 are constants depending on s but not on z, 91, Jle, Y3 pr and 1;371\4 are
functions defined on Z not depending on s and not identically equal to 0 satisfying 1 s,

1;1,1\/1 € Ly (P) and 93 1, ’(Zg’M € Lo (P). Moreover 1, and @ZQ are functions not depending on s,

respectively defined on Dy C R and Dy C R. We also have 0 € Dy N 152, Y9 (Da) 1;2 <5g> CR
and v (0) = {/;2 (0) = 0. Moreover, there exist Ag, Ay, Ly, Ly > 0 such that for all § € [0, Ag],
it holds [—d, ] C D3 and for all (z,y) € [, ],

the () — ¥2 (y)| < Lob |z —yl (2.46)

and also, for all § € {0,[12}, we have [—§,d] C Dy and for all (x,y) € [-9,4],

‘@ZQQ () — s ()| < Lab |z —y| . (2.47)
Furthermore, we need the three following definitions.
Definition 2.7 The support Z;; of the model M on Z is defined to be
Zy={z€2Z;3dseM, s(z)—smu(z) #0} . (2.48)

Definition 2.8 There exists a unique partition Py = (P]i\/[)iel of Z, called the discrimina-
tive partition of Z with respect to the model M, such that

Vi€ I,V (z1,2) € Piy x Piy, Vs € M, (s—spr)(21) = (s — sar) (22) .
and
V(i,j) €I x I, i#j, 3(zi,2) € Piy x Py, Is € M, (s —snr) (21) # (s — sn) (25) -
If the discriminative partition Pyr of Z satisfies the following property,

V(i,j) e IxI,i#3,V(z 2)€PyxPl, V(b eR, xR, Is € M,
a(s—swm)(zi) #b(s—sm) (%) »

then it is said to be totally discriminative.

Existence and uniqueness of the discriminative partition of Z with respect to the model M
are straightforward and left to the reader. Notice that (Z37)° = Z\Z)s is an element of the
discriminative partition. The set I which index the partition is not necessarily finite and we
can only say that I is of cardinality not larger than the cardinality of Z. If for instance, M is a
model of histograms on a partition Ay of Z, then Ap; = Pjs and this discriminative partition
is totally discriminative.

Definition 2.9 The model M is star-shaped at the point s € M if for any s € M and any
A€ [0,1],
tsh =A(s—8c)+sce M.

In the following, we consider a model M which is star-shaped at the projection sj; of the
target onto the model. Notice that linear models M are star-shaped at any point s, € M in
the sense of Definition 2.9. Affine models, that is models M satisfying the fact that there exists
Sq € M such that {s — s, ; s € M} is a linear vector space, are also star-shaped at any point
Sse € M. More general non-linear models such as linear combinations of sigmoidal functions
used in neural networks, see Barron [14], or histograms generated by any partition on [0, 1] into
D subintervals, are star-shaped at zero.
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Unicity of the constant terms :

If Zyr & Z, then for any z. € Z\ 2y, for any s € M, it holds
Ks (Zc) — Ksy (Zc) = sz)(s] ) (2'49)

since 12 (0) = 0, and ¢ s (2¢), Y30 (2¢) can take any value. We emphasize on the fact that
for any z € Z, Ks(z) = (Ks) (z) is not necessarily a function of s (z) and so the constant term
1§ in (2.44) is not necessarily equal to zero. For instance, in least-squares density estimation
(Ks) (z) is not in general a function of s(z) when K is the least-squares density contrast, as
we have for all s € M, 1§ = ||s]|* — ||sa]|®, see Section 2.2.2. However, if Z\Zy # @, then
1§ is uniquely defined for all s € M, by formula (2.49). If Z); = Z, then the constants ¢ are
not necessarily uniquely defined, apart for functions s € M that vanish at one point at least.
More precisely, if there exists zg € Z such that

(s —sm)(20) =0

then we have
Ks (z0) — Ksar (20) = v

and so 1§ is uniquely defined. Moreover, in this case, for any A € (0, 1],
(tsn — sm) (20) = A(s = sum) (20) =0

and so 1/18“ is again uniquely defined, using (2.49).

Unicity of the function 1 5/ :

Proposition 2.2 Assume that the model M is star-shaped at sp; and let Py = (73}'\/[)1.61 be
the discriminative partition of Z with respect to the model M. The function Y1y — Y10 18
constant on the elements P}, of Py such that Py, C Zy. Moreover, for any s € M, there

exists a constant a € R such that for all z € Z,

i (2) (s —sa) (2) = g (2) (s — sar) (2) +a (2.50)

if Z2\Zm # @, then ¢y and zzl,M are identically equal on Zyr. Otherwise, if Py is totally
discriminative, then 1 p and Y1y are identically equal on Z = Zy; or differ on only one
element of Pys.

Proposition 2.2 ensures that, when the model M is star-shaped at the projection sp;, the
function v ps defined in the expansion of the regular contrast K is uniquely defined on Zj;, at
least up to a constant over one element of P,s, when Py is assumed to be totally discriminative.
In Chapter 7, we will see that the rates of convergence to zero of the excess risks on a fixed
model depend on a quantity, called the complexity of the model M, that relates the structure of
the model with the function ) »s under the law P. Identity (2.50) of Proposition 2.2 allows to
show that the complexity is indeed independent of the choice of the function 1 5s, see Remark
7.2 of Section 7.2.2 in Chapter 7.

Remark 2.1 If Z = Z); and if there exists z € Z such that ¢y pr (2) # JLM (2), then for any
s e M, @Zg can take the value ¢g + (“vbl,M - Jl,M) (2) (s — sar) (2) without any contradiction,

since the function (1/11,M - 1;17M) (2) (s — sar) (2) is constant when z varies in Z, by (2.50).

In other words, if Z = Zy and if s € M is such that for any z € Z, (s — spr) (2) # 0, then ¥y
can take any value.
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We turn now to the proof of Proposition 2.2. The following lemma will be convenient.
Lemma 2.1 For any zg € Z and sg € M,

Va2 (V3,01 (20) (tsox — 801) (20)) K A as A — 0. (2.51)

and
o (1/137]\/[ (ZO) (ts[),)\ — SM) (Zo)) <K AasA— 0. (2.52)
Moreover, if

(P11 (20) = Yaa1 (20)) (50 = s1) (20) # 0

then
/\.,-t

w(t)so»\ _ ’(7[)080,)\ ~\ (il,M (20) — V1.0 (ZO)) (so— sm) (20) as A — 0. (2.53)

Proof of Lemma 2.1. For any X € (0, 1], we deduce from (2.44) and (2.45) applied at zo that

Yoo — g = (%,M (20) = ¥1,m (ZO)) (tsox — sm) (20) + 2 @3,M (20) (tso.n — M) (Zo))
—2 (3,01 (20) (tso,x — sm) (20)) - (2.54)

Moreover,

(P11 (20) = s (20) ) (Fsnr = sa0) (20) = A (P01 (20) = a1 (20) ) (50 = sa1) (20) # 0
(2.55)
In addition, for A > 0 small enough, it holds for any s € M,
3,0 (20) (tso.x — s01) (20)] = X [t3,01 (20) (50 — sM1) (20)] € [0, A2 (2.56)
Since 12 (0) = 0, we get for A small enough, by (2.56) and (2.46) applied with § = X |93 3 (20) (s0 — sar) (20)],
x = 13,m (20) (tso,n — M) (20) and y = 0,
W2 (3,01 (20) (Esox — s1) (20))] < Lo 3,01 (20) (S0 — sar) (20)] X [¥3,01 (20) (Eso,n — s21) (20)]
< LN |¢h3.01 (20) (s0 = sar) (207 - (2.57)

We deduce from (2.57) that (2.51) hold and by the same type of arguments (2.52) also hold.
Hence, by (2.54), (2.55), (2.51) and (2.52) we deduce that (2.53) hold. W

Proof of Proposition 2.2. Let us first prove that the function v as — @ZLM is constant on the

elements 7734 of Pps such that 7734 C Zy. Let i € I be fixed. If ¥ ) and JLM are identically
equal on 73]"\4, then their difference is identically equal to zero on 73}'\/[ and the results follows.
Otherwise, take zg € P}g such that

a:= (151,1\/1 - ¢1,M> (20) #0 .
By definition of Z; and Py, there exists so € M such that for any z; € 77}‘\/[,

(so — sar) (z1) = (so — sm) (20) #0 . (2.58)
Hence, B
(P10 = 1) (20) (s0 = 5) (20) = @ (s0 = sa1) (20) # 0
and by Lemma 2.1, it holds

wgsO’A - Q%SO’A ~Aa(so—sn)(z0) asA— 0. (2.59)
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Let 21 € 77]"\4 be fixed. We have

~t

0 = 00 = A (Vi (1) = Yaar (21)) (s0 = sar) (1) + D (Bs,r (21) (bsor = s00) (1))
—ta (Y301 (21) (Esp x — sm1) (21)) -

By (2.58), (2.59) and properties (2.51) and (2.52) of Lemma 2.1 applied on zj, it ensures that

(JLM (21) = ¥1,m (21)) =a,

and the first part of Proposition 2.2 is proved.

Take now a function so € M, if there exists zg € M such that (so — sps) (20) = 0, then wéSO’A
is uniquely defined for any A € [0, 1] and so wéSO’A = %SO’A. We then have, for any z € Z and

any A € [0, 1],

A (Prar (2) =ar (2)) (s0 = sar) () = D (D1 (2) (bsan = 520) (2) ) =42 (W01 (2) (bsgr = 520) (2) -
(2.60)
By dividing each side of equality (2.60) by A # 0, we get for any z € Z,

(D1 (2) = 1 () (50 = sa0) (2) = 0,

since by Lemma 2.1 the right-hand side of (2.60) divided by A tends to zero as A tends to zero.
We have shown that if sg € M is such that there exists zp € M such that (so — sar) (20) = 0,
then

Y1 (2) (s = sar) (2) = v (2) (s = sar) (2) (2.61)
for any z € Z. Now, if there exists zg € M such that

(100 (z0) = br.ar (20) ) (s0 = sa1) (20) # 0

then by the same type of arguments than above in the proof, we have

U0 = P ~ A (%ZLM (20) = ¥1,m (Zo)> (s0 —sar) (20) as A =0,

which, by the use of Lemma 2.1, allows to conclude that for any z € Z,

(D1 (20) = ¥ (2)) (0 = s0) (2) = (Drar (0) = s (0) ) (50 = saa) (z0)  (2.62)

and so, by (2.61) and (2.62), we can conclude that the second part of Proposition 2.2 is proved.
Now, if Z\Z)s # @, let us show that 11 as and v ps are identically equal on Zj;. We have that
in this case, the constants terms are uniquely defined, given by (2.49), and so for any s € M,

v§ =95 - (2.63)

Take zy € Z); and assume that 1’/;17M (20) # ¥1,m (20). By definition of Z,/, there exists so € M
such that

(s0 —sm) (20) #0,
and so

(Jl,M (20) = ¥1,m (Zo)> (so = sn) (20) #0 . (2.64)
By Lemma 2.1 and identity (2.63), we thus have

tsg, A ~t

0= =" ~ A <{/;1,M (z0) — P1,m (Zo)) (so — sar) (z0) as A — 0,
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which is in contraction with (2.64). The third part of Proposition 2.2 is thus proved.
Finally, if Z = Z);, we assume that there exist (i,) € I? and (a,b) € R, x R, such that

a =1 () — Y () #0 and b=y (2) — Y1 (2) #0

for any (z;,2;) € 77]"\/1 X P}Q. If we show that this is not possible then Proposition 2.2 follows.

Let (zi, zj) € P4, x P}, be fixed. By definition of the discriminative partition Py, there exists
sop € M, such that
a(so—sm) (z) #b(so—sm) (z5) - (2.65)

Assume without loss of generality that a (so — sar) (2i) # 0. By Lemma 2.1 we have,

Tts

PO — g0 ~ Aa(so — sar) (21) as A — 0 . (2.66)

We also have

~t

U = 6 = Ab(s0 = sar) () + Uz (Vs (25) (bsor = 500) ()
2 (3,01 (25) (tso r — s01) (25)) -

By (2.66) and properties (2.51) and (2.52) of Lemma 2.1 applied on z;, it ensures that
a(so —sar) (z1) = b(so — sm) (3)

and the contradiction follows by (2.66), which concludes the proof of Proposition 2.2. B

Unicity of o and 93 )/ :

Proposition 2.3 Assume that the model M is star-shaped at sy;. If there exists zg € Z and
a function sg € M such that

V3,01 (20) (50 — s0r) (20) # 0

and for any X € (0,1], wéSO’A is uniquely defined, then the function 19 is defined up to mul-
tiplicative constant locally around zero. Moreover, V3 a (20) (so — sam) (20) is defined up to a
multiplicative constant and

o (MP3 ar (20) (s0 — sar) (20))

1s uniquely defined locally around zero in \.

Proof. With the notations of Proposition 2.3, we have for any A € (0, 1],

Ktsox (20) — Ksu (20) — wéSO’A + 1,0 (20) (tson — 501) (20) = Y2 (V3,01 (20) (tsox — S01) (20))

and so, by definition of ¢4, », we can write

ts
WA € (0,1], Kty (20)—Ksar (20) =1 +M10r (20) (50 — s1) (20) = 2 (Mbs,nr (20) (50 — sa1) (20)) -
(2.67)
Now, we see that the left-hand side of formula (2.67) is uniquely defined for any A € (0,1].
Indeed Ktg,  (20) — Ksu (20) — Q/JSSO’A is uniquely defined and by dividing by A in each side of
(2.67), we see that 11 a (20) (so — sam) (20) is also uniquely uniquely defined, since by Lemma
2.1, the right-right hand side of (2.67) is of order at most A\2. Proposition 2.3 then follows. B

Remark 2.2 Assume that there exists zg € Z and sog € M such that

V3,01 (20) (50 — s0r) (20) # 0
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and
V3.1 (z0) (s0 — sar) (20) # 0 .
If N
Y2 (1) = 2 (1)

o

for some x1 € |:—A2 A /12, Ag N 1212 \ {0} C Do ﬂﬁg, where 1092 and 52 are both connected sets,

and if 1o and 1;2 are analytical on Dy and D _respectively, then, by Proposition 2.3, we see
that there exists a function vy defined on Do | D2 such that

1y = 1y on Do

and B B
17[12 = 1/)2 on DQ .
This proves the uniqueness of o if it is an analytical function on a connected set Dy and if its

value on another point than zero - that exists since 0 € Dy - is fized. Notice that in the three
examples of Section 2.2.2, Do is indeed a connected set and s is analytical on it.
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Chapitre 3

Optimal upper and lower bounds for
the excess risks in heteroscedastic
bounded regression

3.1 Introduction

This chapter is devoted to least-squares estimation of a regression function on a finite dimen-
sional linear model. We derive sharp upper and lower bounds in probability for the true and
empirical excess risks of the least-squares estimator. We only focus on the “stochastic” parts of
the excess risks and we do not discuss on the possible behaviors of the bias of the model, neither
on the trade-off that can be achieved between the bias and the variance terms, as we further
study model selection procedures related to least-squares regression in Chapter 4. However,
our framework is closely related to the method of sieves and particularly to the work of Birgé
and Massart [25]. The leading idea of the sieve method is to replace a complicated set of pa-
rameters by a more tractable one having good approximation properties, an idea that goes back
to Cencov [32], considering orthogonal series for density estimation, and to Le Cam [49] where
the author investigate the relationship between the metric structure of the parameter space
and the rate of optimal estimators, see also Le Cam [50] Section 16.5 and Le Cam and Yang
[51] Section 6.5. Since the formalization of the sieve method by Grenander [40], many authors
have considered this method for MLEs or more general M-estimators. Inspired by a work of
van de Geer [78] in regression, Birgé and Massart [24] proposed to study minimum of contrast
estimation on general parameter spaces under entropy with bracketing conditions, and proved
that sub-optimality of M-estimators can happen when the parameter space is too large. The
entropy with bracketing covering property has then been a central tool for studying minimum
contrast estimation on general sieves in Shen and Wong [66], Wong and Shen [89] and van de
Geer [79]. Van de Geer [80] more recently considers M-estimation with convex loss functions,
a situation that allows to “localize” the problem to a small neighborhood in the parameter
space. In a series of papers that started with Stone [69], Stone extensively studied log-spline
density estimation and spline regression, see [68], [70], [71] and Stone and Kooperberg [48].
Birgé and Massart [25] introduced metric properties on the sieves relating the Lo-structure
to the Lyo-structure, and which involve covering numbers related to both Ls and L, norms.
These metric conditions are satisfied for linear sieves commonly used in practice, such as Fourier
expansions, piecewise polynomials and wavelet expansions, but also for non-linear sieves, which
can have better approximation properties, and that include finite linear combinations of D
sigmoidal functions related to neural networks, see also Barron [14], and histograms generated
by any partition on [0, 1] into D subintervals. Birgé and Massart [25] pointed out that the use
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of covering numbers, even in the case of linear sieves, is quite natural since linearity is lost
on the contrasted functions for a non-linear contrast such as in the regression and maximum
likelihood estimation contexts. This allows them to derive sharp exponential bounds and rates
of convergence for the excess risk on such sieves, using in particular a Talagrand’s concentration
inequality for the supremum of the empirical process.

The starting point of our method is to remark that the least-squares contrast in regression
is a special case of regular contrast in the sense of Chapter 2 and can thus be expanded to
the sum of a linear part and a quadratic part. This allows us to recover some linearity on
the contrasted function and avoid the use of entropy methods to control the empirical process
on a linear model. The gain is that we achieve optimal rates of convergence for the true and
empirical excess risks with exact constants, for models of reasonable dimension. In our study,
the metric properties defined by Birgé and Massart in [25] play a center role, in particular the
notion of localized basis. In addition, we point out the importance of the behavior in sup-norm
of the least-squares estimator and we have to assume its consistency in sup-norm towards the
linear projection of the regression function onto the model. We show that such a condition
is satisfied by histograms and piecewise polynomial models when they are endowed with a
localized basis structure, which corresponds in that case to a lower regularity assumption on
the considered partition. By doing so, we recover some recent results of Arlot and Massart
[10] on the empirical and true excess risk for least-squares estimator on histogram models, and
extend them to the case of piecewise polynomials.

Altough we do not make an explicit use of the margin conditions that can hold in the
context regular contrast and more especially in the context of bounded regression, see Chapter
2, this property also connects our work with the statistical learning theory. The margin con-
ditions were first introduced by Mammen and Tsybakov [60] in the context of discrimination
analysis. They allow to get faster rates of convergence than the pioneering bounds of Vapnik
and Cervonenkis, see [83] and [82], using “localization” techniques. Under entropy with brack-
eting conditions, Tsybakov [75] shows some fast rates in the binary classification setting, and
these results have been recovered and extended by Massart and Nédélec [62], Koltchinskii [44]
and by Giné and Koltchinskii [39], where the authors also give asymptotic results for ratio type
empirical processes. The obtained bounds are proved to be optimal in a minimax sense in [62],
up to a logarithmic factor shown by Massart and Nédélec to be unavoidable for “rich” VC-
classes. This analysis is refined in [39] by the use of localized Lo (P)-envelopes of the models,
allowing to remove the logarithmic factor in good cases.

The main tools in [62], [44] and [39] are Talagrand’s type concentration inequalities for
the supremum of the empirical process and the slicing or pealing technique through the use
of ratio type empirical processes. The slicing technique consists in considering subsets of the
model, called the slices, and that are localized in terms of excess risk, a quantity that is related
to the variance of the empirical process through margin conditions. Our method of proof
may be viewed as a variant of the technique of slicing that allows to avoid the use of ratio
type empirical processes, where in general sharp constants are lost due to the use of chaining
techniques. The very first lines of our proofs differ from those of [62], [44] and [39], and permit
in particular to relate both upper and lower bounds for the excess risks of the M-estimator
to the behavior of the empirical process indexed by contrasted functions on localized slices of
excess risk. This rewriting of the problem of upper and lower bounds for the excess risks is
closely related to the work of Bartlett and Mendelson [19], were a “direct” approach of the
empirical minimization algorithm is proposed, and proved to lead to more accurate bounds
than the traditional “structural” approach developed in [62], [39] or [44].

The chapter is organized as follows. We present the statistical framework in Section 3.2
where we show in particular the regularity of the least-squares regression contrast. We then
derive general results for models of reasonable dimensions and also for small models in Section
3.3. General results are then applied in the case of histograms and piecewise polynomials in
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Section 3.4 and 3.5 respectively, where explicit rates of convergence in sup-norm are derived.
The proofs are postponed to the end of the chapter.

3.2 Regression framework and notations

3.2.1 Least-squares estimator

Let (X,7x) be a measurable space and set Z = X'xR. We assume that § = (X;Y;) € xR,
i € {1,...,n} are n i.i.d. observations with law P. The marginal law of X; is denoted by P*X.
We assume that the data satisfy the following relation

where s, € Lo (PX ), g; are i.i.d. random variables with mean 0 and variance 1 conditionally
to X; and o : X —R is an heteroscedastic noise level. A generic random variable of law P,
independent of (&1, ...,&,), is denoted by £ = (X)Y).

Hence, s, is the regression function of Y with respect to X, that we want to estimate. Given a
finite dimensional linear vector space M, we denote by sjs the linear projection of s, onto M
in Ly (PX ) and by D the linear dimension of the model M.

We consider on M a least-squares estimator s, (possibly non unique), defined as follows

sn € arg min {i S (V- (XZ»))Q} . (3.2)

eM
s i1

So, if we denote by
1 n
P, = ﬁ Zl 6(Xi,Yi)

the empirical distribution of the data and by K : Loy (PX ) — Lj (P) the least-squares contrast,
defined by

K(s)=(z,y) € Z — (y—s(x))?, s€ Ly (P¥)

we then remark that s, belongs to the general class of M-estimators, as it satisfies

Sy, € arg grenﬁ {P, (K (s))} . (3.3)

3.2.2 Excess risk and contrast

As defined in (3.3), s, is the empirical risk minimizer of the least-squares contrast. The
regression function s, can be defined as the minimizer in Lo (PX ) of the mean of the contrast
over the unknown law P,

Sy = ar min  PK (s) ,
& s€Ly(PX) ( )
where

PK (s) = P (Ks) = PKs = E[K (s) (X,Y)] = E [(y _s (X))ﬂ

is called the risk of the function s. In particular we have PKs, = E [02 (X )] We first notice
that for any s € Lo (PX), if we denote by

1/2
s, = ( / stPX)
X
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its quadratic norm, then we have, by (3.1) above,
PKs— PKs, = P(Ks— Ks,)
—E|(Y =5 (X)) = (Y = 5. (X))?]
= E (s, — ) (X) 2(V = 5. (X)) + (5 = 5) (X))

—E [(s* —s)? (X)] 4 9F [ (s, — 8) (X)E[Y — 54 (X) |X]
=0
= HS_S*HS >0,

and PKs — PKs, is called the excess risk of s. So if we denote by sjs the linear projection of
sy onto M in Lo (PX), we have

PKsy — PKs, = in]\f4 {PKs— PKs.} , (3.4)
se

and for all s € M
PX (s-(spr—5:))=0. (3.5)

From (3.4), we deduce that

= PK
sy = argmin PK (s) .

Our goal is to study the performance of the least-squares estimator, that we measure by its ex-
cess risk. So we are mainly interested by the random quantity P (K's, (M) — Ks,). Moreover,
as we can write

P(Ksp(M)—Ks,)=P(Ksp(M)— Ksp)+ P (Kspy — Ksy)
we naturally focus on the quantity
P(Ksp(M)—Kspy) >0

that we want to upper and lower bound in probability. Abusively we will often call this last
quantity the excess risk of the estimator on M or the true excess risk of s, (M), in opposition
to the empirical excess risk for which the expectation is taken over the empirical measure,

P, (Ksy — Ks, (M)) > 0.

The following lemma establishes the key expansion of the regression contrast around sj; on
M. This expansion exhibits a linear part and a quadratic part. This is an example of what we
call more generally a regular contrast, see Chapter 2.

Lemma 3.1 We have, for every z = (z,y) € Z,

(Ks) (2) = (Ksm) (2) = Yrar (2) (5 = sm) (2) + 2 ((s = sar) (2)) (3.6)
with ¥y (2) = =2 (y — sy () and o (t) =2, for all t € R. Moreover, for all s € M,
P(1m-s)=0. (3.7)

Proof. Start with

(Ks) (2) — (Ksum) (2)

=(y—s(@) = (y—sm ()

= ((s = sm) () ((s = sm) (2) =2 (y — sm ()))
)

= —2(y— sar (1)) (5 — 520) (2)) + (s = 521) (@))°
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which gives (3.6). Moreover, observe that for any s € M,

P(p1r-s)=—2E[(Y —s:(X))s(X)]+2E[s (X) (s — s4) (X)] . (3.8)
We have
B[V — 5. (X)) (X)] = E [BLY = 5. (X)) [X]s (X)| =0. (3.9)
=0
and, by (3.5),
E[s(X) (spr — 5:) (X)] = PX (s (spr —54)) =0 . (3.10)

Combining (3.8), (3.9) and (3.10) we get that for any s € M, P (¢ a - s) = 0. This concludes
the proof.

3.3 True and empirical excess risk bounds

In this section, we show that under assumptions that extend a previous work of Arlot and
Massart [10], the true excess risk is equivalent to the empirical one for models of reasonable
dimension, which is a keystone to prove the slope phenomenon that we expose in Chapter 4.
More precisely, we assume that M is a linear model with a localized basis in Ly (P) and that
the least-squares estimator is consistent in sup-norm towards the linear projection s;; on M of
the target s, when the dimension of the model is not too heavy. This is a natural generalization
of the case of histograms studied by Arlot and Massart in [10], since the assumption of lower
regularity of the partitions made in their work indeed provides the histograms with a structure
of localized basis in L (P), see Lemma 3.2. We further show in Lemma 3.3 that the assumption
of consistency is satisfied for histograms.

3.3.1 Main assumptions

We turn now to the statement of some assumptions that will be needed to derive our results
in Section 3.3.2. These assumptions will be further discussed in Section 3.3.3.

Boundedness assumptions :

e (H1) The data and the linear projection of the target onto M are bounded : a positive
finite constant A exists such that

Yi| < A a.s. (3.11)
and
Isnrllog < 4. (3.12)
Hence, from (H1) we deduce that
[s4lloe = [E[Y [X =]l < A (3.13)

and that there exists a constant opax > 0 such that

02 (X;) <o, < A% as. (3.14)

max

Moreover, as 1 a (2) = =2 (y — sy (2)) for all z = (x,y) € Z, we also deduce that

[V (X3, Vi) < 4A as. (3.15)
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e (H2) The heteroscedastic noise level o is uniformly bounded from below : a positive
finite constant o, exists such that

0 < omin <o (X;) a.s.

Models with localized basis in Lo (PX) :

Let us define a function ¥;; on X', that we call the unit envelope of M, such that

Uy () sup s (x)| . (3.16)

1
a \/ESEM,HSH2§1

As M is a finite dimensional real vector space, the supremum in (3.16) can also be taken over
a countable subset of M, so ¥, is a measurable function.

e (H3) The unit envelope of M is uniformly bounded on X : a positive constant As s
exists such that
H\I/MHOO < A37M <00

The following assumption is stronger than (H3).

e (H4) Existence of a localized basis in (M, ||-||5) : there exists an orthonormal basis ¢ =
((pk)szl in (M, ||-||,) that satisfies, for a positive constant rjs (¢) and all 8 = (5k)kD:1 €
RD

)

<ru () VD|Bly ,

D
> Brew
k=1

where |(| = max {|Bx|;k € {1,..., D}} is the sup-norm of the D-dimensional vector 3.

o0

Remark 3.1 (H4) implies (H3) and in that case A3 pr = a7 (@) is convenient.

The assumption of consistency in sup-norm :

In order to handle second order terms in the expansion of the contrast (3.6) we assume that
the least-squares estimator is consistent for the sup-norm on the space X'. More precisely, this
requirement can be stated as follows.

e (H5) Assumption of consistency in sup-norm : for any A, > 0, if M is a model of

dimension D satisfying
n

(Inn)*’

then for every o > 0, we can find a positive integer n; and a positive constant Acons
satisfying the following property : there exists R, p » > 0 depending on D, n and «, such

<Ay

that
Rypa < Acons (3.17)
Inn
and by setting
Qoo,a = {lIsn = sMlloo < RuDa} (3.18)

it holds for all n > nq,
PQual >1—n"%. (3.19)
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3.3.2 Theorems

We state here the general results of this chapter, that will be applied in Section 3.4 and 3.5 in
the case of piecewise constant functions and piecewise polynomials respectively.

Theorem 3.1 Let Ay, A_,a > 0 and let M be a linear model of finite dimension D. Assume
that (H1), (H2), (H4) and (H5) hold and take ¢ = (cpk)szl an orthonormal basis of (M, ||-]|5)
satisfying (H4). If it holds

n

A_(Inn)* <D< Ay 5
(Inn)

, (3.20)

then a positive finite constant Ay exists, only depending on v, A_ and on the constants A, omin, ' (¢)
defined in the assumptions (H1), (H2) and (H4) respectively, such that by setting

Inn 1/4 DInn 1/4
En = AO max 7 N s \/Rn’D@[ y (321)

n

we have for alln > ny (A—, A1, A, Aconss "ar (©) , Omin, N1, @),

1D
P [P (Ksp— Kspr) > (1 —gp) Z;K%,M >1-5n"%, (3.22)
1D 2 ] —«
2 1D 2 ] —«
P|P, (Ksy — Ksp) > (1—¢;) ZE’CLM >1—2n"%, (3.24)
2 1D 2 | —

where K%,M =3 21?:1 Var (Y10 - ¢r). In addition, when (H5) does not hold, but (H1), (H2)
and (H4) hold, we still have for alln > ng(A_, Ay, A, 731 (©) , Omin, @),

Inn [Dlnn D o
]P(P,L(KSM—KSTL)E(1—A0max{\/D,\/ - })M/@M)zl—zn . (3.26)

In Theorem 3.1 above, we achieve sharp upper and lower bounds for the true and empirical
excess risks on M. They are optimal at the first order since the leading constants are equal for
upper and lower bounds. Moreover, Theorem 3.1 states the equivalence with high probability
of the true and empirical excess risks for models of reasonable dimensions, which is the starting
point of the slope heuristics as explained in Chapter 4. We can notice that second orders are
smaller for the empirical excess risk than for the true one. Indeed, when normalized by the first
order, the deviations of the empirical excess risk are square of the deviations of the true one.
Our bounds also give another evidence of the concentration phenomenon of the empirical excess
risk exhibited by Boucheron and Massart [27] in the slightly different context of M-estimation
with bounded contrast where some margin condition hold. Notice that considering the lower
bound of the empirical excess risk given in (3.26), we do not need to assume the consistency
of the least-squares estimator s, towards the linear projection sy;.

We turn now to upper bounds in probability for the true and empirical excess risks on models
with possibly small dimensions. We do not achieve sharp or explicit constants in the rates
of convergence and in fact, information given by Theorem 3.2 below suffices to our needs, as
we use it in the proofs of the theorems stated in Chapter 4, when we have to control model
selection procedures for small models.
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Theorem 3.2 Let a, AL > 0 be fized and let M be a linear model of finite dimension
n
1<D<A,— .
- (Inn)?
Assume that assumptions (H1), (H3) and (H5) hold. Then a positive constant A,, ezists, only
depending on A, Acons, Az, v and o, such that for all n > ng (Acons, n1),

D\/lnn]

P [P (Ksp — Kspyr) > Ay <3n™“¢ (3.27)

and

(3.28)

DVI
P [Pn (Ksy — Ksp) > Auv””] <3n°

n

Notice that on contrary to the situation of Theorem 3.1, we do not assume that (H2) hold.
This assumption states that the noise level is uniformly bounded away from zero over the space
X, and allows in Theorem 3.1 to derive lower bounds for the true and empirical excess risks, as
well as to achieve sharp constants in the deviation bounds for models of reasonable dimensions.
In Theorem 3.2, we just derive upper bounds and assumption (H2) is not needed. The price to
pay is that constants in the rates of convergence derived in (3.27) and (3.28) are possibly larger
than the corresponding ones of Theorem 3.1, but our results still hold true for small models.
Moreover, in the case of models with reasonable dimensions, that is dimensions satisfying
assumption (3.20) of Theorem 3.1, the rate of decay is preserved compared to Theorem 3.1 and
is proportional to D /n.

The proofs of the above theorems can be found in Section 3.6.3.

3.3.3 Some additional comments

Let us first comment on the assumptions given in Section 3.3.1. Assumptions (3.11) and (H2)
are rather mild and can also be found in the work of Arlot and Massart [10] related to the case
of histograms, where they are respectively denoted by (Ab) and (An). The histogram case
will be further commented in Section 3.4.3.
In assumption (H4) we require that the model M is provided with an orthonormal localized
basis in Lo (PX ) This property is convenient when dealing with the L..-structure on the
model, and this allows us to control the sup-norm of the functions in the model by the sup-
norm of the vector of their coordinates in the localized basis. For examples of models with
localized basis, and their use in a model selection framework, we refer for instance to Section
7.4.2 of Massart [61], where it is shown that models of histograms, piecewise polynomials
and compactly supported wavelets are typical examples of models with localized basis for the
Ly (Leb) structure, considering that X CR*. In Sections 3.4 and 3.5, we show that models of
piecewise constant and piecewise polynomials respectively can also have a localized basis for
the Ly (PX) structure, under rather mild assumptions on PX. Assumption (H4) is needed in
Theorem 3.1, whereas in Theorem 3.2 we only use the weaker assumption (H3) on the unit
envelope of the model M, relating the La-structure of the model to the Lo,-structure. In fact,
assumption (H4) allows us in the proof of Theorem 3.1 to achieve sharp lower bounds for the
quantities of interest, whereas in Theorem 3.2 we only give upper bounds in the case of small
models.
We ask in assumption (H5) that the M-estimator is consistent towards the linear projection
sy of s, onto the model M, at a rate at least better than (In n)fl/2 . This can be considered
as a rather strong assumption, but it is essential for our methodology. Moreover, we show
in Sections 3.4 and 3.5 that this assumption is satisfied under mild conditions for histogram
models and models of piecewise polynomials respectively, both at the rate

Dlnn

Rn,D,a X .
n
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Secondly, let us comment on the rates of convergence given in Theorem 3.1 for models of
reasonable dimensions. As we can see in Theorem 3.1, the rate of estimation in a fixed model
M of reasonable dimension is determined at the first order by a key quantity that relates the
structure of the model to the unknown law P of data. We call this quantity the complexity
of the model M and we denote it by Cps. More precisely, let us define

1

4D ><IC%M

Cu =

where

D
1
Kim = D ;Var (V1,1 - k)

for a localized orthonormal basis (gpk)szl of (M, ||-|l5) - Notice that Ky ps is well defined as it
does not depend on the choice of the basis (cpk)szl . Indeed, since we have P (1.0 - 1) = 0,

we deduce that
1 D
2 2 2
’Cl,M =P (%,M : (D kz_l @k)) .

Now observe that, by using Cauchy-Schwarz inequality in Definition (3.16), as pointed out by
Birgé and Massart [25], we get

1
w2, = 5 > er (3.29)
and so

IC%,M =P (T/J%M‘I’?w)
—4E |E |(¥ = s (X)) X | 93, ()]

=4 (B [0 (X) W3, (X)] +E [(sar — 5.)° (X) 93, (X)]) - (3.30)
On the one hand, if we assume (H1) then we obtain by elementary computations
Kim < 20max +4A <6A . (3.31)
On the other hand, (H2) implies
Ki,m = 20min > 0 . (3.32)

To fix ideas, let us explicitly compute IC%’ s in a simple case. Consider homoscedastic regression
on a histogram model M, in which the homoscedastic noise level o is such that

o (X)=0? as.,

so that we have
E [0* (X) Wiy (X)] = o”E [¥}; (X)] = o .

Now, under notations of Lemma 3.2 below,

su=Y EVor(X)g =Y E[Y|Xelll,
IeP IeP
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thus we deduce, by (3.29) and the previous equality, that

E[(sar = 50)” (X) 4, (00)] = 75 SO [(sar = )° (X) 6 ()
IepP
_ [ B 2 lxer
= i I%;E _(E[Y|X €I-E[Y |X]) 55 (1)}
- LSk (E[Y|X e I]-E[Y|X])?|X €]
P Iep

_ LZV[E[WXHXGI] :
Pl i

where the conditional variance V [U |A] of a variable U with respect to the event A is defined
to be

VIU|A]:=E [(U _E[U|A])? |A} —E[U2|A] - (B[U|A])® .
By (3.30), we explicitly get
K20y = a%iZV[E[Y\X]\XGI] . (3.33)
| Pl i

A careful look at the proof of Theorem 3.1 given in Section 3.6.3 show that condition (H2)
is only used through the lower bound (3.32), and thus (H2) can be replaced by the following
slightly more general assumption :

(H2bis) Lower bound on the normalized complexity K s : a positive constant Ay exists
such that

,Cl,M > Amin >0.

When (H2) holds, we see from Inequality 3.32 that (H2bis) is satisfied with Apin = 20min-
For suitable models we can have for a positive constant Ay, and for all z € &,

Uy (z) > Ay >0, (3.34)
and this allows to consider vanishing noise level, as we then have by (3.30),

K1y > 245VE[02 (X)] = 245 o], > 0.

As we will see in Sections 3.4 and 3.5, Inequality (3.34) can be satisfied for histogram and
piecewise polynomial models on a partition achieving some upper regularity assumption with
respect to the law PX .

3.4 The histogram case

In this section, we particularize the results stated in Section 3.3 to the case of piecewise constant
functions. We show that under a lower regularity assumption on the considered partition, the
assumption (H4) of existence of a localized basis in Ly (P*) and (H5) of consistency in sup-
norm of the M-estimator towards the linear projection s); are satisfied.
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3.4.1 Existence of a localized basis

The following lemma states the existence of an orthonormal localized basis for piecewise con-
stant functions in Lo (PX ), on a partition which is lower-regular for the law PX.

Lemma 3.2 Let consider a linear model M of histograms defined on a finite partition P on X,
and write |P| = D the dimension of M. Moreover, assume that for a positive finite constant

CM,P,

[Pl inf PX (1) > earp > 0. (3.35)

Set, for I € P,
@Y1 = (PX (I))_1/2 ]_[ .

Then the family (¢1)1ey,, i an orthonormal basis in Lo (PX) and we have,

> Brer

IeP

for all B = (B1)ep € R, < CX/[%P\/B\MOO : (3.36)

[e.e]

Condition (3.35) can also be found in Arlot and Massart [10] and is named lower regularity of
the partition P for the law PX. It is easy to see that the lower regularity of the partition is
equivalent to the property of localized basis in the case of histograms, i.e. (3.35) is equivalent
to (3.36). The proof of Lemma 3.2 is straightforward and can be found in Section 3.6.1.

3.4.2 Rates of convergence in sup-norm

The following lemma allows to derive property (H5) for histogram models.

Lemma 3.3 Consider a linear model M of histograms defined on a finite partition P of X,
and denote by |P| = D the dimension of M. Assume that Inequality (3.11) holds, that is, a
positive constant A exists such that |Y| < A a.s. Moreover, assume that for some positive finite
constant ¢y p,

|P| inf pX (1) > cup >0 (3.37)
1eP
and that D < Ain (In n)f2 <n for some positive finite constant Ay. Then, for any o > 0 and
for all n > ng (o, cpr,p, A4), there exists an event of probability at least 1 —n™% on which s,
exists, is unique and it holds,

Dlnn

[[sn — SMHoo < LA+7A701\/1,P706 n_ (3.38)

In Lemma 3.3 we thus achieve the convergence in sup-norm of the regressogram s, towards
the linear projection sps at the rate \/Dln(n) /n . It is worth noticing that for a model of
histograms satisfying the assumptions of Lemma 3.3, if we set

Dlnn

ACO’VLS = LA,CM,p,O! V A+ , 1 =Ty (a7 CM,P7 A+) and Rn,D,oc = LA+7A,CN[7P,(X n 9

then Assumption (H5) is satisfied. To derive Inequality (3.38), we need to assume that the
response variable Y is almost surely bounded and that the considered partition is lower-regular
for the law PX. Hence, we fit again with the framework of [10] and we can thus view the general
set of assumptions exposed in Section 3.3.1 as a natural generalization for linear models of the
framework developed in [10] in the case of histograms. The proof of Lemma 3.3 can be found
in Section 3.6.1.
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3.4.3 Bounds for the excess risks

The next theorem is a straightforward application of Lemmas 3.2, 3.3 and Theorems 3.1, 3.2.
Indeed, we recover results of Theorems 3.1 and 3.2 for models of histograms, under the lower
regularity assumption on the considered partition of the space X with respect to the unknown
law P¥X. As seen in Section 3.4.2, we have in that case

Dlnn

Ry pa .
n

Theorem 3.3 Given Ay, A_,a > 0, consider a linear model M of histograms defined on a
finite partition P of X, and write |P| = D the dimension of M. Assume that for some positive
finite constant cys p, it holds

inf PX (1) > . :
‘P‘ 11273 ( ) 2 CMLP > 0 (3 39)
If (H1) and (H2) of Section 3.3.1 are satisfied and if
n

A_(nn)*<D<A —_— s,
( )— = +(lnn)2

then there exists a positive finite constant Ao, only depending on o, A, omin, A—, A4, cyr,p such

that, by setting
{<lnn>1/4 <Dlnn>1/4}
en = Apmax — ,
D n

we have, for alln > ng(A_, Ay, A, , Omin, CM, P, ),

1D 1D
and
1D 1D
P [(1 +e2) ZE’C%M > Py (Ksy — Ksp) > (1—¢2) 4nK%’M] >1—5n"%. (3.41)
If (3.39) holds together with (H1) and if we assume that
n
1<D<A, ",
- +(lnn)2

then a positive constant A, exists, only depending on A,cyrp, Ay and o, such that for all
n = ng (AacM,PaAJrva))

DV1
i [P (Ksn — Ksy) > Auvn”] < 3n°
n
and Dyl
P [Pn (Ksy — Ksp) > Auvn"] <3n°.
n

As announced before, we recover in Theorem 3.3 the general results of Section 3.3.2 for the case
of histograms on a lower-regular partition. Moreover, in the case of histograms, assumption
(3.12) which is part of (H1) is a straightforward consequence of (3.11). Indeed, we easily
see that the projection sj; of the regression function s, onto the model of piecewise constant
functions with respect to P can be written

su=Y E[Y|XeI]l;. (3.42)
IepP

Under (3.11), we have |[E[Y | X € I]| < ||Vl < A for every I € P and we deduce by (3.42)
that |[sa|l < A.
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3.4.4 Comments

Our bounds in Theorem 3.3 are obtained by following a general methodology as exposed in
Chapters 2 and 7. It is then instructive to compare them to the best available results in this
special case. Let us compare them to the bounds obtained by Arlot and Massart in [10], in the
case of a fixed model. Such results can be found in Proposition 10, 11 and 12 of [10].

The strategy adopted by the authors in this case is as follows. By remarking that easy bounds
are available for the mean of the empirical excess risk on histograms since it holds

D
E [P, (Ksy — Ks,)] = E/CiM ,

they derive concentration inequalities for the true excess risk and its empirical counterpart to
their mean. They further give upper and lower bounds in terms of E [P, (Ksy — Ksy)| for
the mean of the true excess risk. The deviations in all these inequalities are made of sums
of quantities that can not be compared to ours in a concise manner, as some of them loose
compared to our results and some of them gain.

Nevertheless, using our notations, Inequality (34) of Proposition 10 in [10] states that for every
x > 0 there exists an event of probability at least 1 — e!~* on which,

|P (Ksy — Ksp) —E [P, (Ksy — Ksy)

L A’E[P, (Ksy — Ks

Vi P(Ksy — Ksi) + F (U?nf n)] (Ve +z)| , (3.43)
for some absolute constant L. We can notice that Inequality (3.43), which is a special case of
general concentration inequalities given by Boucheron and Massart [27], involves the bias of
the model P(K sy — Ks,). By pointing out that the bias term arises from the use of some
margin conditions that are satisfied for bounded regression, we believe that it can be removed
from Proposition 10 of [10], since in the case of histograms models for bounded regression,
some margin-like conditions hold, that are directly pointed at the linear projection s;s, see
Section 2.2.3 of Chapter 2 for a proof of this fact. Apart for the bias term, the deviations of
the empirical excess risk are then of the order

In (n) VD

)
n

<

considering the same probability of event than ours, so it becomes significantly better than
Inequality (3.41) for large models.

Concentration inequalities for the true excess risk given in Proposition 11 of [10] give a mag-
nitude of deviations that is again smaller than ours for sufficiently large models and that is in
fact closer to 5721 than e,, where ¢, is defined in Theorem 3.3. But the mean of the true excess
risk has to be compared to the mean of the empirical excess risk and it is remarkable that in
Proposition 12 of [10] where such a result is given in a way that seems very sharp, there is a

term lower bounded by
—-1/4 D\ /4
<n x inf P~ (I)) x <> ,
IeP n

due to the lower regularity assumption on the partition. This allows us to conjecture that up
to a logarithmic factor, the term proportional to (%)l/ ! appearing in ¢, and also in the
deviations of the true excess risk in Theorem 3.1 is not improvable in general, and that the
empirical excess risk concentrates better around its mean than the true excess risk in general.
We can conclude that the bounds given in Proposition 10, 11 and 12 of [10] are better than
ours, apart for the bias term involved in concentration inequalities of Proposition 10, but this
term could be removed as explained above. Furthermore, concentration inequalities for the

empirical excess risk are significantly better than ours for large models.
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Arlot and Massart [10] also propose generalizations in the case of unbounded noise and when
the noise level vanishes. The unbounded case seems to be beyond the reach of our strategy,
due to our repeated use of Bousquet and Klein-Rio’s inequalities along the proofs. However,
we recover the case of vanishing noise level for histogram models, when the partition is upper
regular with respect to the law P, a condition also needed in [10] in this case. Indeed, we have
noticed in Section 3.3.3 that assumption (H2) can be weaken by (H2bis) where we assume
that
Kim 2 Amin >0

for some positive constant Apin. So, if we assume the upper regularity of the partition P with
respect to PX, that is

1P| ?161713 PX(I) < ypp < +00 (3.44)

for a positive constant ¢}, », we then have from identity (3.30)
Kia = 4E [0 (X) V3, (X)] ,

where from identity (3.29), we have in the case of histograms,

1 1per
\Il?\/[(x):—z ;E , forallz e X .
Pl & P (D

Now from inequality (3.44) we have

1
U2, () > (CJ\JFAP> >0, forallz e X',

2
and s0 Apin = 2 (cj\z P) lo]ly > 0 is convenient in (H2bis).

3.5 The case of piecewise polynomials

In this Section, we generalize the results given in Section 3.4 for models of piecewise constant
functions to models of piecewise polynomials uniformly bounded in their degree.

3.5.1 Existence of a localized basis

The following lemma states the existence of a localized orthonormal basis in (M, ||-||,) where
M is a model of piecewise polynomials and X = [0, 1] is the unit interval.

Lemma 3.4 Let Leb denote the Lebesgue measure on [0,1]. Let assume that X =[0,1] and
that PX has a density f with respect to Leb satisfying, for a positive constant cmin,

f(x) > cmin >0, z€[0,1] .

Consider a linear model M of piecewise polynomials on [0, 1] with degree r or smaller, defined on

a finite partition P made of intervals. Then there exists an orthonormal basis {¢r;, I € P, j € {0, ...

of (M, |-]ly) such that,
for all j € {0,...,r} @1 is supported by the element I of P,

and a constant L. . depending only on r, cmin exists, satisfying for all I € P,

1
max N < Ly ———— 3.45
5€{0,..r} lerilloc < Lr, Leb (1) (3.45)



3.5. THE CASE OF PIECEWISE POLYNOMIALS 75

As a consequence, if it holds

|P| Inel’lt; Leb (I) > CM,Leb (346)

a constant Lyc . ci 1o depending only on r,cmin and cprren exists, such that for all § =

D
(ﬁf,j)lep,je{o,...,r} eRY,

Z ﬁIJ(pIJ S LT7Cminyc]W,Leb \/B |ﬁ|oo (3'47)
Lj

o0

where D = (r + 1) |P| is the dimension of M.

Lemma 3.4 states that if X =[0,1] is the unit interval and P¥ has a density with respect
to the Lebesgue measure Leb on X uniformly bounded away form zero, then there exists an
orthonormal basis in Lo (PX ) of piecewise polynomials where the sup-norm of its elements
are suitably controlled by (3.45). Moreover, if we assume the lower regularity of the partition
with respect to Leb then the orthonormal basis is localized, where the constant of localization
in (3.47) depend on the maximal degree r. We notice that in the case of piecewise constant
functions we do not need to assume the existence of a density for PX or to restrict ourselves
to the unit interval. The proof of Lemma 3.4 can be found in Section 3.6.2.

3.5.2 Rates of convergence in sup-norm

The following lemma allows to derive property (H5) for piecewise polynomials.

Lemma 3.5 Assume that Inequality (3.11) holds, that is a positive constant A exists such that
Y| < A a.s. Denote by Leb the Lebesgue measure on [0,1]. Assume that X =10,1] and that
PX has a density f with respect to Leb, satisfying for positive constants cmin and cmax,

0 < Cmin < f(2) < Cmax < +00, z € [0,1] . (3.48)

Consider a linear model M of piecewise polynomials on [0,1] with degree less than r, defined
on a finite partition P made of intervals, that satisfies for some finite positive constants cps eb

|7D| inf Leb (I) > CM,Leb > 0. (3.49)
IepP
Assume moreover that D < Ayn (In n)_2 for a positive finite constant Ay. Then, for any o > 0,
there exists an event of probability at least 1 — n™% such that s, exists, is unique on this event
and it holds, for all n > ng (r, A4, Cmin, CM,Leb, V),

DInn

Hs” - SMHoo < LAurvA+7CminaCmaX7C]\/I,ch1a n . (3'50)

In Lemma 3.3 we thus obtain the convergence in sup-norm of the M-estimator s,, towards the

Dlnn
n

linear projection sj; at the rate . It is worth noticing that for a model of piecewise

polynomials satisfying the assumptions of Lemma 3.3, if we set

Dlnn

Acons - LAvraAJr7CminvcmaX7C]\l,Leb7O¢ \% A+ ’ anDva = LAarvAwL7CminacmaxchVI,Lebaa n ’

n1 = no (7, A4, Cmin, CM,Leb, V)

then Assumption (H5) is satisfied. To derive Inequality (3.38), we need to assume that the
response variable Y is almost surely bounded, we give the conditions to ensure that the model
is provided with a localized basis and also we assume that the density of PX with respect to
the Lebesgue measure on the unit interval is uniformly bounded from above. The proof of
Lemma 3.5 can be found in Section 3.6.2.
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3.5.3 Bounds for the excess risks

The forthcoming result is a straightforward application of Lemmas 3.4, 3.5 and Theorems 3.1,
3.2.

Theorem 3.4 Denote by Leb the Lebesque measure on [0,1] and fix some positive finite con-
stant . Assume that X =[0,1] and that P~ has a density f with respect to Leb satisfying, for
some positive finite constants cpin 0Nd Cmax,

0 < Cmin < f(2) < epax < 400, = € [0,1] . (3.51)

Consider a linear model M of piecewise polynomials on [0, 1] with degree less than r, defined
on a finite partition P made of intervals, that satisfy for a finite constant cprreb,

"P‘ }Iel;;Leb (I) = CM,Leb > 0. (3.52)

Assume that (H1) and (H2) hold. Then, if there exist some positive finite constants A_ and

AL such that
n

(Inn)*’

then there exists a positive finite constant Ag, depending on o, A, Omin, A—, AL, 7, CM Lebs Cmin
and cmax such that, by setting

{(lnn>1/4 <Dlnn>1/4}
en = Apmax — ,
D n

we h(l’Ue, fOT Clll n Z no (A,, A+7 Aa Ty Omin, CM,Leba Cminy Cmax; Oé),

A_(nn)? <D< A,

1D 1D

and
1D 1D
n ’ n ’

Moreover, if (3.51) and (3.52) hold together with (H1) and if we assume that

1§D§A+L

(Inn)?*’
then a positive constant A, exists, only depending on Ay, A,T,cpLeb, Cmin and o, such that for
all n Z no (A-‘m Aa Ty Cminy Cmax; CM,Leba Ck),

DVvinn

P [P(Ksn—KsM) > A,
n

] <3n ¢

and

DVI
P [Pn (Ksyr — Ksp) > Aun"] < 3n@

n

We derive in Theorem 3.4 optimal upper and lower bounds for the excess risk and its empirical
counterpart in the case of models of piecewise polynomials uniformly bounded in their degree
with reasonable dimension. We give also upper bounds for models of possibly small dimension,
without assumption (H2). Notice that we need stronger assumptions than in the case of
histograms. Namely, we require the existence of a density uniformly bounded from above and
from below for the unknown law PX, with respect to the Lebesgue measure on the unit interval.
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However we recover the bounds of Theorem 3.3 yet with different constants, since by Lemma

Dlnn
n

3.5 we still have R, p o as in the histogram case.

Moreover, as in the case of histograms, assumption (3.12) which is part of (H1) is a straight-
forward consequence of (3.11). Indeed, we easily see that the projection sj; of the regression
function s, onto the model of piecewise polynomials with respect to P can be written

su= Y.,  PVer)ern,
(I1.7)EPx{0,....r}

where 7 ; is the orthonormal basis given in Lemma 3.4. It is then easy to show, using (3.45)
of Lemma 3.4 and (3.11), that ||sasloc < LA com.cmax-

Again, we can consider vanishing noise at the prize to ask that the partition is upper regular
with respect to Leb. By (H2bis) of Section 4.3.3 if we show that

ICLM > Amin >0

for a positive constant Ay, instead of (H2), then the conclusions of Theorem 3.4 still hold.
Now, from identity (3.30) we have

K3y 2 4E [0 (X) %3, (X))

where from identity (3.29), it holds in the case of piecewise polynomials, for all x € X,

1 1 loer
2 (2) = ———— o2 > A (3.53)
M (r+1)|P] (1,]-)67;{0,...” D= (r+1) [P I;D PX(I)

Furthermore, if we ask that

|P| ilgLeb (I) < CJT/LP < 400 (3.54)

for a positive constant cj\r/LP7 then by using (3.51), (3.53) and (3.54), we obtain for all z € X,
-1
W3, (z) > (cmax X cj\rLP X (r+ 1)> >0,

~1/2
and so Apin, = 2 (cmax X CIJ\FJ,P x (r+ 1)) E[0? (X)] > 0 is convenient in (H2bis).

3.6 Proofs

We begin with the simpler proofs of Sections 3.4 and 3.5, in Sections 3.6.1 and 3.6.2 respectively.
The proofs of Theorems 3.1 and 3.2 of Section 3.3.2 can be found in Section 3.6.3.

3.6.1 Proofs of Section 3.4

Proof of Lemma 3.2. It suffices to observe that

> Brer

< [Bloo sup ller o
Iep IeP

e}

= 18|, sup (PX (1)) ?
IepP

< C]T/[l,P\/BI/B‘oo .

We now intend to prove (3.38) under the assumptions of Lemma 3.3.
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Proof of Lemma 3.3. Along the proof, we denote by misuse of notation, for any I € P,
P():=P(IxR)=PX(I) and P, (I) :== P, (I xR) .

Let a > 0 be fixed and let 8 > 0 to be chosen later. We first show that, since we have
D <Ain(In n)_2, it holds with large probability and for all n sufficiently large,

inf P, (I)>0 .
IeP

Since
11/l <1 and E[17] =P (1)

we get by Bernstein’s inequality (7.46), for any > 0 and I € P,

2P (D= + x] < 2exp(—zx) . (3.55)

P
n 3n

(P — P) (1) =

Further note that by (3.37), D > C?W’PP (I)™' > 0 for any I € P, and thus by taking z =

B lnn, we easily deduce from inequality (3.55) that there exists a positive constant L(B{ZM,P only

depending on ¢y, p and (3 such that, for any I € P,

(P = P) ()| _ () Dlnn -3
T TS e b L (3.56)

Now, as D < Ayn(Inn)~? for some positive constant A, a positive integer ng (3, cmps At)

exists such that
1 Dlnn 1
L/(G,')JM,P\/T < 5’ for all n > ng (ﬂ7 CM,P, A-i—) . (3.57)

Therefore we get, for all n > ng (5, car,p, A+),

P

PNV € P, P,(I)> 0]

>P [w ePp, Pél) > (P, — P) (I)!]

(B =P)(D] _ ;) [Dlan
VIeP, S p e <Lhly e\ T | by (357)

>1-2Dn"" .

> P

Introduce the event
Q. ={¥VIeP, P,(I)>0} .

We have shown that
P[Q]>1-2Dn"" . (3.58)

Moreover, on the event €2, the least-squares estimator s,, exists, is unique and it holds

_ P (ylzer)
Sp = Z T(I)lj

We also have
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Hence it holds on €2,

Pu(ylocr) P (ylocr)
Pu (1) P(I)

— sup P, (yleI) P (y]-:L“EI)
1€P | P (1) (1 4 #) P(I)

(Pn — P) (ylaer)

||Sn - SMHoo = sup
IeP

< sup
1P | P (1) <1 + %)
P(ylmel) 1
+ Sup |————>——| X sup 1 - - 3.59
rep| P(I) I€P 1+ % (3.59)

Moreover, by Bernstein’s inequality (7.46), as
lyleerle €A and  E|(Vixer?| < A2P(1)
we get for all [ € P,

2
(P P) (yhen)| 2 20T A7

P
n 3n

< 2exp(—z) .

By putting x = fGlnn in the latter inequality and using the fact that D > C%w, pP (I )_1 it

follows that there exists a positive constant LE?CM o only depending on A, cjr,p and 3 such

that
[(Pn — P) (ylaer)l _ (2 Dlnn s
P 50 > 1§, o\ ——| S (3.60)
Now define
|(P, — P) ()] (1) Dlnn |(Pn, — P) (ylzer)] (2) Dlnn
M= 1@: {{P @ < Lo\ T N 0 < Loy ps\ — :

Clearly, since D < n we have, by (3.56) and (3.60),
P[QS,] < 4n~FH1. (3.61)

Moreover, for all n > ng (3, cm,p, A+), we get by (3.57) that
1P = P) ()] _ 1
P(I) 2

on the event Q; 2, and so, for all n > ng (5, car,p, Ay), Q12 C Q4. Hence, we get that

P) (ylxel) P (yleI) 1

sup +sup |—=—+| xsup |l — ——o——5+
IeP P ( (Pn P)(I)) Iep P(I) Iep 1+%

(Pn = P) (y1ser) P (yleer) (P, — P) (I)’
< 2su + 2su X sup |—— 723V 7

rep P(I) rep| P(I) Ten | P (D)
(2 ) Dlnn (1) Dlnn P (ylzer)

<2 420 2 g (402
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Finally we have, for any I € P,
[P (yLeer)| < P (lyl 1oer) < AP (I), (3.63)

so by (3.59), (3.62) and (3.63) we finally get, on the event Q; 5 and for all n > ng (8, capr.p, A ),

2 1 Dlnn
I$n — sall < (2LE4}CM’Pﬁ L oArW )

B,em,p n

Taking = o + 3, we get by (3.61) for all n > 2, P [Qi”Q] < n~% which implies (3.38).

3.6.2 Proofs of Section 3.5

Under the assumptions of Lemma 3.4, we intend to establish (3.47).

Proof of Lemma 3.4. Let I be any interval of [0,1] and w a positive measurable function
on I. Denote by Ly (I,Leb) the space of square integrable functions on I with respect to the
Lebesgue measure Leb and set

Ly(I,w)={g:1 —R; gJ/we Ly (I,Leb)} .

This space is equipped with the natural inner product
@)1= [ @ hiz)w ) de.
zel

Write |||, its associated norm.
Now, consider an interval I of P with bounds a and b, @ < b. Also denote by fi; : x € [ — f ()
the restriction of the density f to the interval I. We readily have for g,h € Lo (I g I) ,

[ s@hie) i@ i

xel

- / g((b—a)y+a)h((b—a)y+a)fir (b—a)y+a)dy . (3.64)
y€[0,1]

Define the function f! from [0, 1] to Ry by
L) =fir(b=a)y+a), yelo,1].

If (p1,0,pr1,1,--p1r) is an orthonormal family of polynomials in Lo ([0,1], f7) then by setting,
forall x € I, j €{0,...,r},

6@ =13 (770) Tmm

we deduce from equality (3.64) that (9517j);:0 is an orthonormal family of polynomials in

Ly (I, fir) such that deg (¢r;) = deg (pr,5).
Now, it is a classical fact of orthogonal polynomials theory (see for example Theorems 1.11
and 1.12 of [33]) that there exists a unique family (qr,0,4r,1,-.-q1,r) of orthogonal polynomials
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on [0, 1] such that deg (qr ;) = j and the coefficient of the highest monomial 27 of g; ; is equal
to 1. Moreover, each g7 ; has j distinct real roots belonging to ]0,1[. Thus, we can write
J
qr; (z) = H (37 — o/f’j> , a’f’j €10,1[ and o/f’j # ale for k #1 . (3.65)
k=1
Clearly, |lq1,||,, < 1. Moreover,
lar i o, 1.0 = / (qr,5)° f'da

(0,1]

> Cmin / (q1,j)2d$ .
[0,1]

Now we set B (a,r) = |Ja —r,a + r[ for a € R, so that by (3.65) we get
va € 0,1\ Uiy B (o, (40)7)  lars ()] = (4) 7

and

. o 1
Leb ([0, 1\U/_,B (a’;,j, (49) 1)) 2z
Therefore,
HQI,j [2071]7]01 2 Cmin / (q1,j)2 dx
(0,1]
2 Cmin / (q1,j)2 dx

[0,1}\%:13(04';7].,(4]‘)*1)

Cmin N—27
> — (4 7
5 (47)

Finally, introduce py ; = HquH[BlH s1 41,5 and denote by ¢y ; its associated orthonormal family
of Lo (I, f|I) . Then, by considering the extension ¢y ; of @7 ; to [0,1] by adding null values, it
is readily checked that the family

{¢I,j7 I EP, ]E {07"’7T}}

is an orthonormal basis of (M, ||-||,) . In addition,

lerslloo = 191,31l
—1 —1/2
= llarsliphy e larsllo Leb ()7

< V2e,1? (4)" Leb (1) (3.66)
< V25 e @) (r+1)72VD (3.67)

where in the last inequality we used the fact that

|P| Iin7f)Leb (I) > CM,Leb and D = (7“ + 1) |7)| .
S

For all j € {0,...,7}, ¢r ; is supported by the element I of P, hence we deduce from (3.66) that
the orthonormal basis {¢rj, I € P, j € {0,...,r}} of (M, ||-||,) satisfies (3.45) with

LT’Cmin = \/56_1/2 (4T)T *

min
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To conclude, observe that

.
> Brjeri|| =max | Briern,
1, j

IeP
0o - [e's)
r

< 1Bl max § > llerly,

x Jep

=0
1
<) Flomax max {Jlorl.)

and thus, by plugging (3.67) into the right-hand side of the last inequality, we finally obtain
that the value
1/2 1/2

Lr »Cmin;CM,Leb = fCM Lebcmlr{ (4T)T (T + 1) /
gives the desired bound (3.47). B
We now turn to the proof of (3.50) under the assumptions of Lemma 3.5. The proof is based
on concentration inequalities recalled in Section 7.4.1 of Chapter 7 and on inequality (3.45) of
Lemma 3.4, that allows us to control the sup-norm of elements of an orthonormal basis for a
model of piecewise polynomials.

Proof of Lemma 3.5. Let o > 0 be fixed and v > 0 to be chosen later. The partition P
associated to M will be denoted by

= {107 ey Im—l} )

so that |P| = m and D = (r + 1) m where D is the dimension of the model M. By (3.45)
of Lemma 3.4 there exists an orthonormal basis {¢, j; k € {0,...,m —1}, j € {0,...,r}} of
(M, Lo (PX)) such that,

©1,.; 1s supported by the element I, of P, for all j € {0,...,r}

and a constant L depending only on 7, ¢y and satisfying

7,Cmin
ler, il <L _ for all k£ € {0 -1} (3.68)
max 1 . , Ior a yeeey M . .
je{0, oy 1 i lloo = Hrsemin /T (Iy)

In order to avoid cumbersome notation, we define a total ordering < on the set
T={(Ig,j);ke{0,...m—1}, 5€{0,...,r}} ,
as follows. Let < be a binary relation on Z x Z such that
(Ig,7) < (I1,4) if (<l or (k=1 and j <1i)),
and consider the total ordering < defined to be

(ks g) 2 (Ip3) i (g, J) = (I4) or (I, 5) < (11,4)) -

So, from the definition of <, the vector 3 = (/Bjk’j)(lk jez € RP has coordinate Br,,; at position
(r+1)k+j+ 1 and when the matrix

A= RDXD

(A(Ik,j)v(ll»i))(Ik,j),(ll,i)GIXI €
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has coefficient Ay, ;y (1,5 at line (r + 1)k +j + 1 and column (r + 1)1+ + 1.
Now, for some s = Z(Ik,j)efﬁlkyj(plkyj € M, we have

2
P, (K (s)) =P, Y- Z B1,j P15 (2)
(Ix.J)ET
=P’ —2 > B Pulyen; (@) + > B1,.iB1.iPn (P1,,5013) -
(Ix,3)€T (Ig:3),(L1,9)€TXT

Hence, by taking the derivative with respect to (y, ; in the last quantity,

2
1 0
§an U Z Bl P15 ()
fid (I1d)€T
= =Py (yer; (@) + Y BriPa(en.;en.) - (3.69)
(Il,i)EI
We see that if (") = (5§:?j)(1 er € RP is a critical point of
k.
2
Pn Yy— Z ﬂ[k,jgpflmj (x) )
(Ix.J)ET
it holds 9
9 n
gD [y | 2 Buavns @ () =0
Tiod (I4.4)€T

and by combining (3.69) with the fact that
P(en)® =1, forall (Iy,j) €T and  P(prjpri) =0 if (Ig,j) # (Id)
we deduce that 3" satisfies the following random linear system,
(Ip + Ln,p) B™ = Xy (3.70)

where Xyn = (P (y1,.5 (%)) (1, jyer € RP | Ip is the identity matrix of dimension D and

Lop = ((L”’D)(Ikvj)7(flvi))(Ik,j),(ll,i)eIxI is a D x D matrix satisfying

(L"»D)(Ik,j),(fl,i) = (Pn — P)(¢1,,5%14) -

Now, by inequality (3.82) in Lemma 3.6 below, one can find a positive integer ng (7, A+, ¢min, CM,Leb, V)
such that on an event €2, of probability at least 1 — 3Dn™7, we have

1

IZnpll <5 (3.71)
where for a D x D matrix L, the operator norm ||-|| associated to the sup-norm on vectors is
L
L] = sup 10
x#0 ‘x|oo

Then we deduce from (3.71) that (Ip + L, p) is a non-singular D x D matrix and, as a conse-
quence, that the linear system (3.70) admits a unique solution 5 on Q,, for all ng (r, A, cmin, ¢ M,Leb,7Y)-
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2
Moreover, since P, (y - <Z( Ie.j)eT PPy (1‘))) is a nonnegative quadratic functional with

respect to (ﬁjw-)( Ihj)eT € RP we can easily deduce that on Q,,, 3 achieves the unique mini-

2
mum of P, (y — (Z(lk,j)el Bre.i 1.5 (x))) on RP. In other words,
Sn = Z 5§:,)j901m
(Ik.d)€T

is the unique least-squares estimator on M, and by (3.70) it holds,

BN 1+ Y (P P)(onogena) | = Pulyen, (x)  forall (Iu,j) €T.  (3.72)
(I;3)eT

Now, as ¢y, j and ¢y, ; have disjoint supports when k # [, it holds ¢y, jor,; = 0 whenever
k # [, and so equation (3.72) reduces to

B, <1 +3 (P, - P) (golk,j(p[k7i)> = P, (yor,; (x) , forall (Iy,/) €.  (3.73)
=0

Moreover, recalling that sy =2, yezr P (91,5 () 1,5 » it holds

Isn = sulle =|| 3o (B = Plwores (@) w1

(Ik:d)€ET oo
= ke(0am-1) JZT; (ﬁg)f ~Plen (x))) Pl
<00, { s, [0 = P oo )]
< s llonl 374

where the first inequality comes from the fact that ¢y, ; and ¢y, ; have disjoint supports when
k # 1. We next turn to the control of the right-hand side of (3.74). Let the index (I, j) be
fixed. By subtracting the quantity (14 >"._, (P, — P) (¢1,.j¢1:.i)) X P (yer, j (z)) in each side
of equation (3.73), we get

(ﬁgzv)] - P (y(pfk,j (x))> X (1 + Z (P, —P) (SDIk,jSOIk,i)>

i=0
.
= (P — P) (yor,; () — (Z (Pn—P) (wfk,jsolk,i)) x P (yer,,; (z)) - (3.75)
i=0
Moreover, by Inequality (3.83) of Lemma 3.6, we have for all n > ng (r, Ay, Cmin, €M, Lebs 7)),
4 Inn 1
D (P = P) (21,,51.0)| < Lr Ay comens o nLeb (1) <5 (3.76)

1=0

on the event €2,,. We thus deduce that

(@:L = P (yen. (fﬂ))) X (1 +> (P,—P) (‘Plk,jSoIk,i)>

1=0
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and
: Inn
Z (Pn—P) ((Pfk,jcpfk,i) x P (y(PIkJ ()] < LT‘,A+,Cmin7cM,Lebﬂ WX’P (y@fk,j (@)l -
i=0
(3.78)
Moreover, by (3.11), (3.48) and (3.68) we have
1P (yer.i (0)] < Allenillo P (k)
< Acmax |01, [l oo Leb (k)
< Acmaer,cmin Leb (Ik)
S LAﬂ',CmimCmax Leb (Ik/') . (379)

Putting inequality (3.79) in (3.78) we obtain

[Inn
S LT1A+ »Cmin;Cmax,CM,Leb,”Y n . (380)

Hence, using inequalities (3.77), (3.80) and inequality (3.84) of Lemma 3.6 in equation (3.75),

we obtain that
/Inn
‘6Ik J y<p]k1j (x))‘ < LAvryA+quin7CmaXaC]\/I,Lebv’7 n

does not depend on the index (Iy,j) we

<Z (Pn—P) (SOIk,jSOIk,i)) x P (yer.j (7))

1=0

on 2,. Since the constant L, 4.,
deduce by (3.68) that

Cmin;Cmax;CM,Leb,”Y

max - P i (x ) X max -

(o ens @)]) < mox_lon il
Inn

< LAy Ay eminscmaxserr,LebyY o X jer{r(l)axr} 01,1l oo

Inn

S LA7T7A+vcminycmax,C]\/I,Leby'y m . (381)

Finally, by using (3.49) and (3.81) in (3.74), we get for all n > ng (r, A4, Cmin, CM,Leb, Y), ON
the event (2, of probability at least 1 —3Dn~7,

_ < 1
||Sn SMHoo — (T + )}ge{OI,I.l.?dT}f%—l} { <]€{0

< /Inn
— Ar,A min eb»
;T A4,C CM,Leb>Y kE{O m— 1} Leb Ik

|P|Inn
n

Dlnn
< LA7T7A+»CmimcM,Leb7'Y n .

To conclude, simply take v = ﬁ:—g +a+1, so that it holds for n > 2, P[QS] < n™* which implies
(3.50).
It remains to prove the following lemma that has been used all along the proof.

P e @)]) % max llonsl )

< LA1T7A+7Cminac]\4,Lebv'7

Lemma 3.6 Recall that L, p = ((Ln D>(Ik7j) (Il’i)>(1k D eTxT 18 a D x D matriz such that
for all (k,1) € {0,....,m —1}*, (j,9) € {0, ...,r}* ,

(Ln,D)(Ik,j),(Il,i) = (P — P) (¢1,,5%P11) -
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Also recall that for a D x D matriz L, the operator norm ||-|| associated to the sup-norm on
the vectors is L]
x
IL|| = sup == .
x#0 ’x|oo

Then, under the assumptions of Lemma 3.5, a positive integer ng (r, A4, Cmin, CM,Leb,Y) €Tists
such that, for all n > ng (r, A4, Cmin, CM Leb, Y), the following inequalities hold on an event )y,
of probability at least 1 —3Dn™7,

[Dlnn 1
”Ln,DH < LT,A+,CmimCM,Leb»“/ T < 9 (3'82)

and for all k € {0,....,m — 1},

r
Inn 1
P,— P ; ; <L ) —_ < - 3.83
je%?.}iv'} {Zz:; |( n )(SOIk,JSOIk:'L)’} = Lir Ay emin,Car,LebyY nLeb (Ik) =97 ( )
Inn
. max |(Pn - P) (wak,j (33))| < LA7A+,T7CminycM,Leb>'Y I (3'84)
j€{0,...,r} n

Proof of Lemma 3.6. Let us begin with the proof of inequality (3.84). Let the index
(I, 7) € T be fixed. By using Bernstein’s inequality (7.46) and observing that, by (3.11),

Var (e, (2)) < P [(ers (2)7] < V)% < 42
and, by (3.11), (3.68) and (3.49),

1Yer,; (Xle < Allen.i (X))o

S ALTycmin #
Leb (I1)

< LAvT:Cminvc]vI,Leb |P|
< LAJ‘,Cmin,CM,Leb VD,

we get

P

x LA7 »Cmin e \/5
|(P, — P) (yer, ; ()] > 2A25+ ne ;;f“ x] < 2exp (—x) . (3.85)

By taking x = yInn in inequality (3.85), we obtain that

1nn LA, »Cmin e \/57 hl'n —
(P = P) (g1 ()] 2 2420 4 AT Coinit ek <. (386)

Now, as D < Ayn (Inn) "2, we deduce from (3.86) that for some well chosen positive constant

LA,A+ JT,Cmin,CM,LebyY? WE have

P

Inn _
P |(Pn - P) (wak,j (I‘))| > LA7A+,7‘70min:C]\4,Leb>'Y n] <2n7"

and by setting

Inn
o= N {\(Pn = P) (4915 () < Lt memmennionr)] n}

(Ik,J)ET
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we deduce that
P (Q;U) >1-2Dn7. (3.87)

Hence the expected bound (3.84) holds on QS), for all n > 1.
We turn now to the proof of inequality (3.83). Let the index (Iy,j) € Z be fixed. By Cauchy-
Schwarz inequality, we have

r

> NP = P) (er 01,0 S VF+1, 1D ((Po = P) (pr501.4)° - (3.88)

1=0 i=0

Let write

T T T
XIi,j = Z ((Pn—P) (@Ik,j(pfk,i))z and By, = {Z Bni%ri s (ﬁfk,i)::o € R and Zﬁ%kﬂ = 1} :

i=0 i=0 i=0
By Cauchy-Schwarz inequality again, it holds

XIj = sup |[(Pn — P)(or1,.55)| -
SEB]k

Then, Bousquet’s inequality (7.47), applied with € = 1 and F =By, , implies that

T 4b[ i
Pixn, — Elxn.l 2 \/20?,“]5 +E ]+ 5 ';;J < exp (—x) (3.89)

where, by (3.68),

Lyc .
2 2 rcmln
= s Va. 5) < ; < : 3.90
and
bIknj S 2 Sup HSOII@JSHOO S 2 HSOIIQHJHOO Sup ||8||oo ° (39]‘)
SGB]k SEB[k

Moreover, for s = "7 B1,.i¢1,.i € Br,, we have max; |81, ] < /> i_ ﬁ%w. <1, so by (3.68),

,
Ly .
sup ||s < O i < “min
sGBIk H Hoo ; H g ZHOO Leb (Ik)
and injecting the last bound in (3.91) we get
. L. .
brg < lon il ——=22 o (3.92)

Leb (1) ~ Leb(Iy) -

/ > i—o Var (¢1,,j¢1,,i)
E[Xlk,j] <,4/E [X%Im]} = \/ 1=0 . ks Pl
T

im0 P (90%“)

n

In addition, we have

< lern.illo

r+1
= l¢5.5ll -

1
S Lrcpint| w77 - 3.93
— »yEmin nLeb(Ik) ( )
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Therefore, combining (3.90), (3.92), (3.93) and (3.89) while taking x = yInn, we get

1 Inn Inn
P > Ly <n 7. 3.94
[XI’“’J = T ominT (\/nLeb (Iy) + \/nLeb (Ix) + n Leb (I;J)] =" ( )
Now, since by (3.49) and the fact that D < A n (Inn)~* we have
1 n
<c

-2 -2
- D<ec Ay—
Leb (1) M,Leb™” = “M Leb*"+ (In n)2

we obtain from (3.94) that a positive constant L, 4,
v, 7, Ay, Cmin and cprren such that

[ Inn _
P [waj > LrvAwLaCminaC]\/I,Leby’Y nLeb(Ik)] <n 7. (3-95)

Inn

2

ol = N {le < Ly Ay conin,earrebsy nLeb(Ik)} :
(Ik,J)ET

earLeny €XiSts, depending only on

Cmin,

Finally, define

For all n > ng (7, Ay, Cmin, €M Leb; ¥), We have

Inn
VI 4+ 1 X Le Ay cminenrreny nLeb (I7)
Dlnn
S L”":A+1Cminvc]\/l,Lebv’7
n
1 1
S LT7A+7Cmin7CI\/I Lebs? S 5 (396)
’ lnn ~ 2
Moreover by (3.95) it holds
P (Q$3>) >1— Dn™? (3.97)

and, by (3.88), the expected bound (3.83) holds on Qg), for all n > ng (7, A+, Cmin, €M, Lebs Y)-

Next, notice that for a D x D matrix L = (L(Ik,j),(lz,i))(fk DnierxT Ve have the following

ILI = max > L) -

Ix,j)el =
(Ik.d) (hi)eT

classical formula,

Applied to the matrix of interest L,, p , this gives

ILnpll= max > [(Py— P) (¢1.5¢1.)]

= P, - P 01,4 . 3.98
el s | By ) ) o

Thus, using formula (3.98), inequalities (3.83), (3.49) and (3.96) give that for all n > ng (7, A+, Cmin, CM Lebs V)

(2)
/DInn
HLTL,DH < L7'7A+7Cmin>C]vI,Leba7 T < 5 :

we have on €y, 7,

Finally, by setting Q, = ol ﬂQg), we have P (£2,) > 1 —3Dn™ 7, and inequalities (3.83),
(3.82) and (3.84) are satisfied on £, for all n > ng (7, A1, Cmin, €M Leb, ¥), Which completes the
proof of Lemma 3.6. l
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3.6.3 Proofs of Section 3.3

In order to express the quantities of interest in the proofs of Theorems 3.1 and 3.2, we need
preliminary definitions. As usual, M is a linear space of finite dimension D. Furthermore, let
a > 0 be fixed and for R, p o defined in (H5), see Section 3.3.1, we set

- D1
Rn,D,a = mmnax {Rn,D,a ;i Aco ;n} (399>

where Ay is a positive constant to be chosen later. Moreover, we set

Inn Dlnn
n = ) y fin Do . 1
v max{\/ 5 \/ - R, p, } (3.100)

Following then heuristics given in Section 7.3.2 of Chapter 7, our analysis is localized in the
subset

Bty (531, Bupa) = {5 € Mills = sarllog < Fonpa}

of M.
Let us define several slices of excess risk on the model M : for any C' > 0,

Fo={s€ M,P(Ks— Ksy) < C}( By (SM, Rn,D,a)
Foc={s€M,P(Ks—Ksy)>C} B (SM, Rn,D,a)
and for any interval J C R,
Fy={s€M,P(Ks—Ksy) €T} B (sM,Rn,D,a) :
We also define, for all L > 0,
Dy ={s€ M,P(Ks— Ksy) = L} () Bar.) (sM,RmD,a) .

Recall that, by Lemma 3.1 of Section 3.2.2, the contrasted functions satisfy, for every s € M
and z = (z,y) € XxR,

(Ks) (2) — (Ksu) (2) = ¥1m (2) (s — snr) (2) + 2 ((s — smr) (@)

where 11 37 (2) = —2(y — sp (%)) and 19 (t) = t2, for all + € R. For convenience, we will use
the following notation, for any s € M,

Yoo (s—sy):x € X r—ho((s—sm)(z)) .

Note that, for all s € M,
P(im-s)=0 (3.101)

and by (H1) inequality (3.15) holds true, that is
10l <44 . (3.102)

Also, for K1,y defined in Section 3.3.3, we have

D
1
Kim = D ; Var (Y1, - ¢k)
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for any orthonormal basis () szl of (M, ||-||5) . Moreover, inequality (3.31) holds under (H1)
and we have

Assuming (H2), we have from (3.32)
0 < 20min < ICLM . (3.104)
Finally, when (H3) holds (it is the case when (H4) holds), we have by (3.16),

sup 8]l < Az VD (3.105)
seM, ||s||,<1

and so, for any orthonormal basis (gok)szl of (M,||-|l), it holds for all k& € {1,...,D}, as
P (o) =1,

ekl < Az VD . (3.106)
Proofs of the theorems

The proof of Theorem 3.1 relies on Lemmas 3.12, 3.13 and 3.14 stated in Section 3.6.4, and
that give sharp estimates of suprema of the empirical process on the constrasted functions over
slices of interest.

Proof of Theorem 3.1. Let a > 0 be fixed and let ¢ = (gok)szl be an orthonormal basis of
(M, ||-||5) satisfying (H4). We divide the proof of Theorem 3.1 into four parts, corresponding
to the four Inequalities (3.22), (3.23), (3.24) and (3.25). The values of Ap and A, respectively
defined in (3.21) and (3.99), will then be chosen at the end of the proof.

Proof of Inequality (3.22). Let r € (1,2] to be chosen later and C' > 0 such that
D
rC = EIC%M : (3.107)
By (H5) there exists a positive integer n; such that it holds, for all n > n,
P(P(Ksy — Ksy) <C) <P <{P (Ksn — Ksar) < C}) Qoo,a) t e (3.108)

and also

P ({P (Ksn — Ksa) < O Qoo,a)

§]P’<inf P, (Ks— Ksp) < inf Pn(Ks—KsM))
seFo seFsc

SIP’(inf P, (Ks— Kspy) < inf Pn(Ks—KsM)>

s€Fco s€Fc,ro)
=P| sup P, (Ksy — Ks) > sup P, (Ksy —Ks) | . (3.109)
seFc 86.7'—(077.(;]

Now, by (3.107) and (3.104) we have

D D
%Ufnin S C S (]. + A47/n)2 @’C%,M



3.6. PROOFS 91

where Ay is defined in Lemma 3.12. Hence we can apply Lemma 3.12 with o = 3, 4; = 02 /2
and A3 pr = rar (@), by Remark 3.1. Therefore it holds, for all n > ng (Ao, Acons, A+ Omin, @),

|CD _
P | sup P, (Ksy — Ks) > (1 F LA, Aras (0),0mim Ao X l/n) TICLM -C| <2n™ .

seEFco
(3.110)
Moreover, by using (3.104) and (3.103) in (3.107) we get
D D 9
go'?nin S TC S E (O'ma_x =+ 2A) .
We then apply Lemma 3.14 with
a = 67 Al = Uerninv Au = (Umax + 2A)2
and
Ano > 64V2Bo A (0ax +24) oL rar (9) (3.111)

so it holds for all n > ng (A—, A4, A, Ao, Aconss B2, "1 (©)  Omax, Omins ),

[rCD
P ( Sup Pn (KSM - KS) < (1 - LA—7A»A0070'max’0'min:rM(50)701 X Vn) s ICLM - TC) < 2n7% .
n

SEF(C,’I‘C]
(3.112)
Now, from (3.110) and (3.112) we can find a positive constant Ag, only depending on A_, A, A,
Omax; Omin, "M (@) and «, such that for alln > ng (A—, A4+, A, Ao, Aconss B2, 731 (©) , Omaxs Omin, @),
there exists an event of probability at least 1 — 4n~“ on which

- CD
sup P (Ksyr — Ks) < (1 n Aoyn) =Ky~ C (3.113)
seFo n
and
~ CD
sup P (Ksy — Ks) > (1 - Aoz/n> K —rC (3.114)
Sej:(C,TC] n
Hence, from (3.113) and (3.114) we deduce, using (3.108) and (3.109), that if we choose r € (1, 2]
such that
~ CD ~ CD
(14 Ao ) VoK —C < (1= Aow) /- Ky = rC (3.115)

then, for all n > ng (A_, A4+, A, Aso, Acons, B2, 701 (©) , Omax, Omin, N1, &) we have
P(Ksp—Ksy) > C
with probability at least 1 — 5n~%. Now, by (3.107) it holds

CD 1D
T K =2C =22

n 2n

’C%,M )
and as a consequence Inequality (3.115) is equivalent to
(1—2A0un>r—2(1+[10un) Vi+1>0. (3.116)

Moreover, we have by (3.100) and (H5), for all n > ng <A+,A_,Acons,flo, a),

. 1
Ao < 5 (3.117)
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and so, for all n > ng (A+, A_, Agons, Ao, a), simple computations involving (3.117) show that
by taking

r=1448\/ Agvp (3.118)
inequality (3.116) is satisfied. Notice that, for all n > ng <A+,A_,Acom,/~lo,a) we have
0 < 48v/Agvy < 1, so that r € (1,2). Finally, we compute C by (3.107) and (3.118), in such a
way that for all n > ng (A+, A, Avons, Ao, a),

C 1 1D ~ 1D
c="2- —Kin 2 <1 —48 Aoun> 1Kt >0 (3.119)
) n ’

T 1448 Agr, A1

which yields the result by noticing that the dependence on op,,x can be released in ng and Ay
since by (H1) we have opax < A.

Proof of Inequality (3.23). Let C >0 and 6 € (O, %) to be chosen later in such a way that

D
(1-6)C = RICiM (3.120)
and . D
Cz2,0+ Asvn)? E’C%,M ; (3.121)
where Ajs is defined in Lemma 3.13. We have by (H5), for all n > ny,
P (P (Ksy— Ksy) >C) <P ({P (Ksn = Ksu) > CH | Qocya ) +07° (3.122)
and also

p <{P (Ksn— Ksa) > CY[) Qoo,a)

§P(inf P, (Ks— Ksy) > inf Pn(Ks—KsM)>

seFc s€Fsc

seFc seFsc

=P (sup P, (Ksy — Ks) < sup P, (KSM—KS)>

<P sup P, (Ksy — Ks) < sup P, (Ksy —Ks) | . (3.123)

—= 56?(%,(1_6)0] 8€f>c

Now by (3.121) we can apply Lemma 3.13 with o = 5 and we obtain, for all n > ng (Ao, Acons, A+, @),

< (3.124)

]P’[ sup P, (Ksy — Ks) > (1+A5Vn)\/CTDIC17M - C

86.7:>C

where A5 only depends on A, A3y, Aso, Omin, A— and «. Moreover, we can take A3 yr = ras (¢)
by Remark 3.1. Also, by (3.120), (3.104) and (3.103) we can apply Lemma 3.14 with the
quantity C in Lemma 3.14 replaced by C/2, o = 8,7 = 2 (1 — 8), Ay = (0max + 24)%, 4y = 02
and the constant A, satisfying

Aso > 64V2BoA (0max + 24) ot rar () (3.125)
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and so it holds, for all n > ng (A—, Ay, A, Ao, Acons, B2, "M (¢) 5 Omax, Omins ),

P R O L <207 . (3.126)
- < (3
S (1 - LA*7A1Aocva'maxa0'min77'1\f(90)7a X Vn) . n) DICI»M - (1 - 5) ¢

Hence from (3.124) and (3.126), we deduce that a positive constant Ag exists, only depending
on A_, A, Ay, Omax; Omin, "M () and «a, such that

for all n > ng (A—, Ay, A, A, Acons, B2, 70 (¢) , Omaxs Omin, @) it holds on an event of proba-
bility at least 1 — 4n~%,

. 1-6)CD
sup Py (Ksy — Ks) > (1— Aovy) ¢K1,M —(1-6§)C (3.127)
Se}—(%,u—a)c]
and
/CD
sup P, (Ksy — Ks) < (1+ Aowy) 7lcl,M -C. (3.128)

SG]'—>C

Now, from (3.127) and (3.128) we deduce, using (3.122) and (3.123), that if we choose § € (0, 1)
such that (3.121) and

(14 Agvn) \/?ICLM —C < (1= Apwn) u_;?CDICLM -(1-6cC (3.129)
are satisfied then, for all n > ng (A_, Ay, A, Aso, Aconss B2, 701 (¢) , Omax, Omin, 11, @),
P(Ks,—Ksy) <C,
with probability at least 1 — 5n~%. By (3.120) it holds

1-6)CD 1D
<5)CICLM:2(1—5)C=2”1C§M,

and by consequence, inequality (3.129) is equivalent to
(1—240y) (1—6) —2(1+ Aovy) VI—0+1>0. (3.130)
Moreover, we have by (3.100) and (H5), for all n > ng (A+, A_, ACO”S,AO,A5,Q),

(Ao V As) vy < (3.131)

1
72
and so, for all n > ng (A+, A_, Acons, Ao, a), simple computations involving (3.131) show that

by taking
§=6 <\/A0v\/A5> Vn s (3.132)

inequalities (3.130) and (3.121) are satisfied and § € (0, 3). Finally, we can compute C' by

)
(3.120) and (3.132), in such a way that for all n > ng (AJF,A,,ACOHS, Ay, a)

0<C:(tl__‘525)cz<115)1D/c1M<<1+12<\/>v\ﬁ> >1D P (3.133)

which yields the result by noticing that the dependence on oy ax can be released from ng and
Ap since by (H1) we have opax < A.
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Proof of Inequality (3.24). Let C = 2K? ,, > 0 and let r = 2. By (3.103) and (3.104) we

have D D
<rC = /cl u < - = (Omax + 24)?

mln —

so we can apply Lemma 3.14 with « = (3, Al =02, and A, = (Omax + 2A)2. So if

Aoo > 64V2Bo A (0max +2A) oL rar (9) (3.134)

it holds, for all n > ng (A_, A+7 A, Aoo; Acons; B, rym (QO) » Omax Omin, O[),

rCD _
P sup P (Ksy — Ks) < (1 = LaA_ A, A 0max.ommrar(2)sa X Vn) \/ Kiy —rC) <2n7%.
SE.}—(C,TC] n
(3.135)

0070'maX7Umin7rM(90)7a

Since rC' = ICl M if we set Ay = 2LA a4
the constant in (3 135), we get

00;0max;%min,T" M (50)70‘ Wlth LA*vAvA

D
P ( sup Py (Ksy — Ks) < <1 - Aoyn> KE M> <on (3.136)
SE]:(C,TC] n

Notice that

P, (Ksy — Ksy) =sup P, (Ksyr — Ks) > sup P, (Ksy — Ks)
seEM s€F(c,rc)

so from (3.136) we deduce that

-\ D
i (Pn (Ksp — Ksn) > (1 - Aoyn) 4n/ciM) >1- 207" (3.137)

Remark 3.2 Notice that in the proof of inequality (3.24), we do not need to assume the consis-
tency of the least-squares estimator s, towards the projection sp;. Straightforward adaptations

of Lemma 3.14 allow to take
5 — ma Inn Dlnn
Up = max \/—D , -

instead of the quantity v, defined in (3.100). This readily gives the expected bound (3.26) of
Theorem 3.1.

Proof of Inequality (3.25). Let

1

where Aj is defined in Lemma 3.13 applied with 8 = a. By (H5) we have

P (P, (Ksy — Ks,) > C) <P <{Pn (Ksa — Ksq) > C}() Qoo,a) Iy (3.139)
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Moreover, on € o, we have

P, (Ksy — Ksyp) = sup P, (Ksy — Ks)
SEB(M, Loo) (50 B, D.,a)
= sup P, (Ksy — Ks) (3.140)
S€f>0

and by (3.198) of Lemma 3.13 applied with a = 3 it holds, for all n > ng (Aso, Acons, A+, @),

P ( sup P, (Ksy — Ks) > C’) <2n"%. (3.141)

86.7'—>0
Finally, using (3.140) and (3.141) in (3.139) we get, for all n > ng (Aoc, Acons, N1, A+, @),

P(P, (Ksy — Ksp) >C) <3n™“.

Conclusion. To complete the proof of Theorem 3.1, just notice that by (3.111), (3.125) and
(3.134) we can take
Aso = 64V2Bo A (0ax + 24) ot ()

and by (3.119), (3.133), (3.137) and (3.138),

Aozmax{48 Ay, 12 <@v \/AT)), \/;0, JA?}

is convenient. W

Proof of Theorem 3.2. We localize our analysis in the subset
B o) (SM; Bnpa) = {s € M, |[s = spmllo < Rnpat CM.

Unlike in the proof of Theorem 3.1, see (3.99), we need not to consider the quantity f%n D,as &
radius possibly larger than R, p . Indeed, the use of an D, Tather than R, p , in the proof
of Theorem 3.1 is only needed in Lemma 3.8, where we derive a sharp lower bound for the
mean of the supremum of the empirical process indexed by the contrasted functions centered
by the contrasted projection over a slice of interest. To prove Theorem 3.2, we just need upper
bounds, and Lemma 3.8 is avoided as well as the use of Rn D,a-

Let us define several slices of excess risk on the model M : for any C > 0,

Go ={s € M,P(Ks—Ksy) < C}( Bt (5:: Rnpa)
G-c = {8 S M,P(Ks — KSM) > C}ﬂB(M,Loo) (SM;Rn,D,a) .

We also define, for all U > 0,
Dy ={s € M,P(Ks—Ksy) =U}\Bar.) (a1, Rn.pya) -

I. Proof of Inequality (3.27). Let C; > 0 to fixed later, satisfying

D
C1> = =C.>0. (3.142)
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We have by (H5), for all n > nq,

P(P (s, — Ksu) > C1) < P ({P(Ksy = Ksur) > Cr}() Qo) +17° (3.143)
and also

{P (Ksp — Ksu) >Cl}ﬂQooa>

]P’<1nf P, (Ks— Ksp) > inf Pn(Ks—KSM)>

Segcl S€g>cl

:P<sup P, (Ksy — Ks) < sup Pn(KSM—KS)>

s€Go, s€0>cy

IP’( sup P, (KSM—KS)> . (3.144)

s€g>cl

Moreover, it holds

sup P, (Ksy — Ks)

s€G>cy
= ESgUP {Py (1 (s —8) =20 (s —sum))}
= sup (P P) (Wnar (on = 9) = (P = P) (420 (5 = sa0) = P (K5 = K}
= Sup {(Pn = P)(W1,m - (s —8)) = P(Ks = Ksy) — (Po— P) (Y20 (s —sm))}
= sup sup {(P,—P) (W1m-(smr—s)) —U— (P, —P)(¢p20(s—sm))}
U>Cq seDy
D
< sup S VUL (Pa 2(Yrar - op) — U + sup |(P, — P) (Yoo (s —sp))| p . (3.145)
U>Cq =1 s€Gy

Now, from inequality (3.164) of Lemma 3.7 applied with § = a, we get

D DVinn
P> (Po—P) (Y100 @k) = Laas o)/ —| <" (3.146)
k=1

In addition, we handle the empirical process indexed by the second order terms by straightfor-
ward modifications of Lemmas 3.10 and 3.11 as well as their proofs. It thus holds, by the same

type of arguments as those given in Lemma 3.10,
[CD
<8/—Rupa - (3.147)
n

Moreover, using (3.147), the same type of arguments as those leading to inequality (3.191) of
Lemma, 3.11, allow to show that for any ¢ > 1 and j € N*, for all x > 0,

E | sup |(Py—P) (¢35 - (s —sum))|

s€Gc,

2R3DanC_
P| sup |(Pn—P)(¢20(s—sm))| =16

s€G o

< exp(—x) . (3.148)
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Hence, taking z = yInn in (3.148) and using the fact that C_ = Dn=! > n~!, we get

¢@C_ (D Vlnn)
n

P| sup [(Pn—P)(W20(s—sm))l> LAcons,an,D,a\/ <n77. (3.149)

SqujC_

Now, by straightforward modifications of the proof of Lemma 3.11, we get that for all n >
no (Acons)a

U(DVI1
BIWU > O, sup |(Pa— P) (20 (5 — s30))| < Lo Ruprat] L2120

seGy n

>1-—n".

(3.150)
Combining (3.145), (3.146) and (3.150), we have on an event of probability at least 1 — 2n~%,
for all n > ng (Acons),

U(DVinn U(DVinn
sup Py (Ksy — Ks) < sup ¢ Laag o) y@vian) U+ Lacons.aftnDa)/ Y@ vinn)
S€g>cl U>Cq n n

U(DVinn
< sup {LA,ACW,AS,M,a (1+ Rup,a) yvim _ U} : (3.151)
U>Cq n
Now, as Ry, pa < Acons (In n)_1/2, we deduce from (3.151) that for
DVvin(n
Cl = LA:AconSyAS,]\/I,ai() > Cc- (3152)

with LA Acops Az .0 1arge enough, it holds with probability at least 1 —2n™ and for all n >

no (Acons)a
sup P, (Ksy — Ks) <0,

S€g>Cl

and so by using (3.143) and (3.144), this yields inequality (3.27).

I1. Proof of Inequality (3.28). Let Cy > 0 to fixed later, satisfying

D
Co>—=C_>0. (3.153)
n
We have by (H5), for all n > ny,
P (P, (Ksy — Ksy) > C) < P ({Pn (Ksy — Ksn) > Ca} ﬂQoqa) FnTY . (3.154)
Moreover, we have on Q q,
P, (Ksy — Ksy) = sup P, (Ksy — Ks)
SGB(M,LOO)(SMRn,D,a)
=max<s sup P, (Ksy —Ks) ; sup P, (Ksy — Ks)p (3.155)
s€Gcy s€G>

where (] is defined in the first part of the proof dedicated to the establishment of inequality
(3.27). Moreover, let us recall that in the first part of the proof, we have proved that an event
of probability at least 1 — 2n~% exists, that we call {21, such that it holds on this event, for all

n > ng (Acons)a
D
/DVinn
Z (Fn — P)2 (V1,0 - 1) < LA7A3,M,OJ —n (3.156)

k=1
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U(DVI1
VU>C7SWK&—PMwowﬂwMSme@&pa(nnm’ (3.157)
s€Gy

and

sup P, (Ksy —Ks) <0. (3.158)

s€G>0y

By (3.155) and (3.158), we thus have on Qu o ()21, for all n > ng (Acons),

0< P, (Ksy — Ksyp) = sup P, (Ksy — Ks) . (3.159)
s€Gc,

In addition, it holds
sup P, (Ksy — Ks)

s€gc,

= silglp {Py (Y1,pr - (s —8) — 2o (s —sum))}b

= zgp {(Po=P)(W1m - (s —8)) — (P — P) (Y20 (s —sm)) — P (Ks— Ksy)}

< szgp {(Pn = P) (1,0 - (s — )} + Szgp |(Pn — P) (20 (s —sm))| - (3.160)

Now, we have on Qy, for all n > ng (Acons),

D
sup {(Py = P) (rar - (sn =)} < VC1\| D (B = P (1,01 - )
se cy k=1
Cy1 (D Vinn)
D \len (n)

< Laasya by (3.156)

= LA Acons,As a0 by (3.152) (3.161)

and also, by (3.157) and (3.152),

Ci(DVinn
sup [(Pa—P) (o (s— )| < L. aBnpay L2V
s€Gc, n

D Vin(n)

S LAvAcon&AB,M,OéRTZ,D,a (3162)

Finally, as Ry.p.o < Acons (Inn) /2, we deduce from (3.159), (3.160), (3.161) and (3.162), that

it holds on Qo o [, for all n > ng (Acons),

DVin(n
Pn (KSM - KS”) S LA7ACOTL31A3,M7O{7,L<) )

and so, this yields to inequality (3.28) by using (3.154) and this concludes the proof of Theorem
3.2. 1

3.6.4 Technical Lemmas

We state here some lemmas needed in the proofs of Section 3.6.3. First, in Lemmas 3.7, 3.8
and 3.9, we derive some controls, from above and from below, of the empirical process indexed
by the “linear parts” of the contrasted functions over slices of interest. Secondly, we give upper
bounds in Lemmas 3.10 and 3.11 for the empirical process indexed by the “quadratic parts” of
the contrasted functions over slices of interest. And finally, we use all these results in Lemmas
3.12, 3.13 and 3.14 to derive upper and lower bounds for the empirical process indexed by the
contrasted functions over slices of interest.
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Lemma 3.7 Assume that (H1), (H2) and (H3) hold. Then for any 8 > 0, by setting

Inn_ VInn
Tn = LA,As,A{,UminuB 7 v W ’

It holds, for any orthonormal basis (gpk)szl of (M, ||-|l5),

D
\IZ P, — P)? (Y1ar - 9x) > (1 4+ 70) \/ficw <n ", (3.163)

1

If (H1) and (H3) hold, then for any 8 > 0, it holds

D
DVinn _
\IZ % (1.1 - px) >LAA3M,5\/T <n P, (3.164)

k=1

Proof. By Cauchy-Schwarz inequality we have

D
\IZ Wimon) = sup {|(Pn—P) (1)} -

k=1 s€EM, ||s]|,<1

Hence, we get by Bousquet’s inequality (7.48) applied with F ={¢1 -5 ; s € M, ||s|, <1},
forall z >0, § > 0,

1 1
P XM21/20'2E+(1+5)E[XM]+ -+ be <exp (—x) (3.165)
n 3 46)n

where

2 2 2 2

o2<  sup P [(%M . 5) ] < lral® <1642 by (3.102)
seM, ||s]|y<1

and

b< sup  |Yiar-s—P Wi s)| <4AVDA3 by (3.101), (3.102) and (3.105).
seM, |sll,<1

Moreover,

E[xu] < \/E[X3] = \/f’CI,M :

So, from (3.165) it follows that, for all z > 0, § > 0,

1 1\ 4Av/DA
xMz\/m?+(1+5)\/5/c1M+<+)w
n n 3 0 n

Hence, taking z = Blnn, § = Y2 in (3.166), we derive by (3.104) that a positive constant
ni/4

LA Ay 00,8 €Xists such that

Inn  VInn D
P [XM Z (1 +LA7A3,Alyo'minvﬁ (\/;\/ 711/4>> \/:ICLM

P <exp(—z) . (3.166)
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which yields inequality (3.163). By (3.103) we have K1 ys < 64, and by taking again z = Slnn
and § = Yinn

T in (3.166), simple computations give

D lnn DInn e
Py D (Pu—P)? (Y100 - pk) > Laagp n32 ’
k=1

and by consequence, (3.164) follows. H

In the next lemma, we state sharp lower bounds for the mean of the supremum of the empirical
process on the linear parts of constrasted functions of M belonging to a slice of excess risk.
This is done for a model of reasonable dimension.

Lemma 3.8 Let r > 1 and C > 0. Assume that (H1), (H2), (H4) and (3.17) hold and
let ¢ = (pr)p-, be an orthonormal basis of (M, |-|l,) satisfying (H4). If positive constants
A_ AL Ay, A, exist such that

Al i 5 >D>A (lnn)2 and Al—<rC’<AuQ ,
(Inn) n
and if the constant As, defined in (3.99) satisfies
Aoo > 64B2 AN/ 2A,0 1 rar () (3.167)

then a positive constant L g 4, A exists such that, for alln > ny (A—, A4, Ay, A1, A, B, 731 (¢) , Omin ),

4,0 min

Laa A o rCD
E sup (P, —P)(W - (sm—9))| > (1 — b m”‘) \/ Kim - (3.168)
SG]'—(C’TC] Y\ D n

Our argument leading to Lemma 3.8 shows that we have to assume that the constant A
introduced in (3.99) is large enough. In order to prove Lemma 3.8 the following result is
needed.

Lemma 3.9 Let r > 1, 8> 0 and C > 0. Assume that (H1), (H2), (H4) and (3.17) hold
and let p = (‘Pk)szl be an orthonormal basis of (M, ||-||5) satisfying (H4). If positive constants
Ay, A and A, exist such that

n

A
" (Inn)?

>D>A_(Inn)*, rC <A,

9

s|S

and if
Aso > 32Bo AN2A, B0t rar ()

then for alln > ng (A—, A+, A, Bo, 731 (©) , Omin, 3), it holds

4 rC (P P) (wl M - on) > Rn,D,oa < 2D +1

P
- B
ke{l, ,D} \/E] (P, p) (Y101 - ©5) v (©) VD n
Proof of Lemma 3.9. By Cauchy-Schwarz inequality, we get
D
XM = Z 2(iu - ox) = sup (P — P) (Y10 - 5)|

k=1 SGSM
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where S)s is the unit sphere of M, that is

D

Suy=<s€eM, s:Zﬂkgok and
k=1

D
> =1
k=1

Thus we can apply Klein-Rio’s inequality (7.50) to xas by taking F =Sy, and use the fact that
sup |10 -5 — P (Y1 -8)| o < 4AVDryr () by (3.101), (3.102) and (H4).  (3.169)

SESM

sup Var (117 -8) = sup P (107 -5)° <1642 by (3.101), (3.102)
SESM s€Sn

and also, by using (3.169) in Inequality (7.45) applied to xas, we get that

E[xun] > By 'W/E [x2,] - ‘WEHTM(@

We thus obtain by (7.50), for all e,z > 0,

P(XM< (1-¢)B \/7K1M—\/327—<1—5+<1+1) )4A‘FTM( )><exp(—$).

(3.170)
So, by taking ¢ = § and = Blnn in (3.170), and by observing that D > A_ (In n)? and
K1,m > 20min, we conclude that, for all n > ng (A—, A, Ba, 7 (¢) , Omin, 5),

B;' /D
xm < 722 — K1 m
n

Furthermore, combining Bernstein’s inequality (7.46), with the observation that we have, for
every k € {1, ..., D},

101 - okl < 4AVDry () by (3.102) and (H4)
P (i o) < il < 164% by (3.102)

we get that, for every = > 0 and every k € {1, ..., D},

P <n P, (3.171)

B 1P~ P) (nar - )| 2 3242 Wﬂ] < 2exp (~2)
and so
r  4AVDry (@) x
, — P . > 2422 4 T~ T < 2D —z) . 172
P[kef?f‘fp}KP ) (W - n)| 24 [3247 - + 3 ~| <2Dexp(-z) . (3.172)

Hence, taking x = flnn in (3.172), it comes

[32A23Inn  4AVDry (¢) Blnn 2D
_ . > < — Nl
: Le%ﬁ?ﬁD} ((Bn = P) (Wras - i) 2 n * 3n —nf’ (3.173)

then, by using (3.171) and (3.173), we get for all n > ng (A_, A, B2, 73 () , Omin, 5),

. 8BavrC /32A261nn N 4AVDrys (@) fBlnn _2D+1
\/>IC 3n - nf
1,M

VrC (P, — P) (Y101 - @)

XM

P max
ke{1,...,.D}
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Finally, as Ay —"— > D we have, for all n > ng (A, A,y (¢), 6),

(Inn)
4ANDry (¢) Blnn < [32A231nn
3n - n

and we can check that, since rC' < Au% and K1 a7 > 20min, if

Ano > 32By\/2A,A2B0 L ryy ()

then, for all n > ng (A—, A+, A, Bo, 737 () 4 Omin, 8),
S A /lnl < 2D +1
“ryu(e)Von | T P
which readily gives the result. B

We are now ready to prove the lower bound (3.168) for the expected value of the largest
increment of the empirical process over F(c,,cy-

VrC (P, — P) (Y10 - k)

XM

P [ max
ke{1,...,.D}

Proof of Lemma 3.8. Let us begin with the lower bound of
2
1
Ez | sup (Pn—P)(W1m-(sm—s))]
’SE]:(C,T'C]
a result that will be need further in the proof. Introduce for all k € {1, ..., D},

VrC (P, — P) (Y10 - %)

6k,n = ;
VIR (P = P (Y101 - ¢5)

and observe that the excess risk on M of <ZkD:1 BrenPr + SM) € M is equal to rC. We also

set
~ Rn D,a
Q= max |Opp| < —————— 5 .
{k€{17...,D} ‘ ’ | TM ((p) VD }

By Lemma 3.9 we have for all 8 > 0, if Ay > 3232\/2AUA2ﬁUI;ilnrM (¢) then, for all n >
no (A—7 A+7 A7 B27 M (‘P) » Omin, 5)7

~ 2D +1
P (Q) >1- = (3.174)
Moreover, by (H4), we get on the event ),
D ~
> Brntk|| < Rupa
k=1 00

and so, on (),

D
(SM + Zﬂk,n@k) € Feprey - (3.175)

k=1
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As a consequence, by (3.175) it holds

N|=

2
E ( sup  (Pn—P) (¢1,m - (s — 8)))

SGF(C,TC]

2

(( (%M (Zﬂkn%))) Q]
D

TCJE <Z<Pn—P>2<wl,M-¢k>> 191- (3.176)
k=1

Furthermore, since by (3.101) P (11 - ¢x) = 0 and by (H4) |l¢xll., < VDras (¢) for all
ke€{1,..,D}, we have

1
> K2

D
Z (Y1 - or)

< D ‘max ‘(Pn — P)?* (Y101 - sﬁk)‘
k=1

-----

=D max [P/ ($ru - )|
<D - opl?
<D, max 1,01 - ekl o
< 16A%D%r%, (o)

and it ensures

D
<Z (P, — P)* (Y1, - S%)) Ig

k=1

E

D
(Z (Po— P)* (1,1 - @k))

k=1

_16A2D%2, () P [(Q) ] .

(3.177)
Comparing inequality (3.177) with (3.176) and using (3.174), we obtain the following lower
bound for all n > ng (A—, Ay, A, Ba, 70 (¢) , Ommin, 5),

N

2
E ( sup (Pn—P)(szM.(sM—s))> >\/@JE

SEf(C,rC]

D
(Z (Po— P)? (410 - <Pk)>]
k=1

— 4Ary; () DVrC [P [(Q) }

1
>4/ riDICLM —4Ary () DVTC 2D +
(3.178)

We take g = 4, and we must have
Aco > 64AB2/2Au0 1m0 ()

Since D < Ain (In n) and ICy pr > 20min under (H2), we get, for all n > ng (4, A, 707 (¢) s Omin)s

2D 1 1 D
4Arys () DVRCy| =2 Dx,/’”i K1 (3.179)

and so, by combining (3.178) and (3.179), for all n > ng (A_, A4+, A, Ba, 751 (¢) , Omin), it holds

2
E% <s€]S:?CI?TC] (Pn - P) (wl,M . (SM — S))) Z (1 - \/15> \l TCDICl M- (3180)
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Now, as D > A_ (Inn)? we have for all n > ng(A_), DY/2 < 1/2. Moreover, we have
Kiyv > 20min by (H2) and rC > A;Dn~!, so we finally deduce from (3.180) that, for all
n > no (A*aAJrvA?B%AlvrM ((10) ,O-min),

2
E2 ( sup  (Py — P) (Y1 - (507 — s))) > aminmg . (3.181)

SGI(C,TC’]

We turn now to the lower bound of E [SUPse]-‘(c . (Pp,— P) (Y101 - (s — s))] First observe
that s € F(c o) implies that (2sy — s) € F(orcy, 50 that

E| sup (Pu—P)(@uar-(ss—9)| =E

SEF(C,TC]

sup  |(Pn —P) (Y1,m - (sm — s))\] . (3.182)

SGf(C’TC]

In the next step, we apply Corollary 7.2. More precisely, using notations of Corollary 7.2, we
set

F={trm-(snr —5) 5 s € Forol}

and
Z= sup |(Po—P)@1,m-(sm—9))| -
SE]'—(C,Tc]
Now, since for all n > ng(Ay, A_, Axo, Acons) We have RmD,a < 1, we get by (3.101) and
(3.102), for all n > ng (A4, A, Aso, Acons)

sup [|f = Pfllo = sup [[¥nr - (sar — )|l < 44Rn Do <44
feF s€F(c,rc)

we set b= 4A. Since we assume that rC < A, 2, it moreover holds by (3.102),

D
sup Var (f) < sup P (¢r1ar- (spr — 5))* < 164%rC < 16424, —
feF SE}-(C,TC] n

and so we set 02 = 16A2Au%. Now, by (3.181) we have, for alln > ng (A—, Ay, A, Ba, Aj, 70 (¢) , Omin) s
D
VEIZ?] 2 ouin VA . (3.183)

Hence, a positive constant L4 A, A, 005, ( MAX <4A\/AUA;1/2071 : 2\/ZA;1/4071/2) holds)

min min
exists such that, by setting
2 = LAvAlvAuyo'min
, = —ofbfuTmin
vD
we get, using (3.183), that, for all n > ng (A_, A4+, A;, Ay, A, Ba, 701 (¢) 5 Aconss Omin ),

J2

ﬁEVﬂZE—

)

s /E[Z%] >

Furthermore, since D > A_ (In n)2, we have for all n > ng (A_, A, Ay, Aj, Omin),

S|

xy € (0,1) .
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So, using (3.182) and Corollary 7.2, it holds for all n > ng (A—, Ay, Aj, Ay, A, Bo, 777 (©) 5 Omin )

E [ sup (P, — P) (1,1 - (5m — 5))

Sef(c,rc]

2

LA, Apom > 1

> (1 Daddiomn Y gh [ sup (P — P) (i (5w —9) | (3.184)
< \/5 <8€f<c,r01

Finally, by comparing (3.180) and (3.184), we deduce that for alln > ng (A_, A+, A, Au, A, Ba, 701 (¢) , Omin),

E

Ki,m

sup (P — P) (Y10 - (v — S))] > (1 -

SEF(c,rC)

LAvAhAuﬂ'min ) TC"D
vD n

and so (3.168) is proved. W
Let us now turn to the control of second order terms appearing in the expansion of the least-
squares contrast, see (3.6). Let us define

¥ ((s = sn) (2)) = ¢2 ((E = smr) ()]
|s (z) —t ()]

After straightforward computations using that s (t) = ¢ for all t € R and assuming (H3), we
get that, for all x € X,

fc (@)= s { €T sl A1)

SE}—(C’,«C]

O (2) =2 sup {Js (@) = sur &)} (3.185)
<2(RupaAVCDAzN) . (3.186)

Lemma 3.10 Let C > 0. Under (H3), it holds

E | sup (P~ P) (20 (s—st] <8P (Rupa AVTDAS)

seFc

Proof. We define the Rademacher process R,, on a class F of measurable functions from X
to R, to be

Ro(f)= - Saf(X), feF
=1

where ¢; are independent Rademacher random variables also independent from the X;. By the
usual symmetrization argument we have

E

sup |(P, — P) (20 (s — sM))]] <2E [sup Ry (g0 (s — snm))
seFc seFco

Taking the expectation with respect to the Rademacher variables, we get

E.
seFo

sup |Ry (420 (s — SM))I]

-2 [ oo (0 )
< <112?§an0 (Xl)> E. SSEL;% % ieigpi ((s —sm) (X3)) ] (3.187)

=1
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where the functions ¢; : R — R are defined by

o ()= { QeX))THe2 for [t] < supye e, {Is (X0) — sar (Xi)|} = Lefr)
%QC (X;) otherwise

Then by (3.185) we deduce that ¢; is a contraction mapping with ¢; (0) = 0. We thus apply
Theorem 7.4 to get

1< 1<
E. | sup |— gipi ((s —spr) (X <2E. | sup |— €i (s —sy) (X;
| |5 D (= san) () | <28 | sup |05 e o= san) (X0
=2E. | sup |Ry, (s — sar)| (3.188)
seFco

and so we derive successively the following upper bounds in mean,

E | sup |Ry, (20 (s — sM))]] =FE [EE [sup Ry (g 0 (s — SM))]”
seFc seFc
1 n
<E (lrgiaé(nﬂc (Xl)> E. su}P - Z&'%‘ ((s —sm) (XZ))‘” by (3.187)
== s€7c | i=1
< 2E [(@%90 (Xi)> E. Sup Rn (s — SM)!” by (3.188)

=2E

1<i<n seFo

(max Qc (Xi)> sup R (s — SM)!]

2
< 2\/E [max Q2 (XZ)] E (sup IR (S—SM)\>
1<i<n seFc

We consider now an orthonormal basis of (M, ||-||,) and denote it by (¢) szl. Whence

2
E (Sup IRy (s — SM)]>

seEFc

D

IN

&=
VS

w

o

ko)
—

to complete the proof, it remains to observe that, by (3.186),

\/E [max Q% (XZ)] <2 (Rn,D,a A \/CDA:;’M) .
1<i<n
|
In the following Lemma, we provide uniform upper bounds for the supremum of the empirical
process of second order terms in the contrast expansion when the considered slices are not too
small.
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Lemma 3.11 Let Ay, A_, A;,3,C_ > 0, and assume (H3) and (3.17). If C_ > Al% and

AJrn(hrln)_2 >D > A_ (lnn)Q, then a positive constant La_ A, 3 exists such that, for all
n 2> ng (AomAconsv A+7 Al);

CD -
P |VC > C_, sup [(P,—P)(W2o(s—su))| <La ap\/— Bnpa|>1-n".
seFc n

Proof. First notice that, as A, n (Inn)~? > D, we have by (3.17),

~ max {Acons ; Aoo\/ A+}

Rn,D,a S .

Vinn
By consequence, for all n > ng (Ao, Aconss A+ ),
Ropa<1. (3.189)

Now, since Ugsc_Fo C B(M,Loo) (sM, RmD,a) where

Biatse) (530 ) = {5 € M.lls = suile < Bupa}
we have by (3.189), for all s € Ugosc_Fe and for all n > ng (Aoo, Aconss A+ ),
P(Ks— Ksy) =P [(s - sM)Q}
<lls = smllZ
<Rp.<L
We thus have, for all n > ng (Ao, Acons, A+),

U se- U s

Cc>C_ C_A1<C<1

and by monotonicity of the collection F¢, for some ¢ > 1 and J = LMJ + 1, it holds

Ing
J
U FeclFpc.
C_A1<C<1 §=0

Simple computations show that, since D > 1 and C_ > Al% > %, one can find a constant
L 4, 4 such that
J < Ly, qlnn.

Moreover, by monotonicity of C +—— supycz,, [(Pn — P) (2 0 (s — spr))|, we have uniformly in
Ce(¢'C,¢C],

sup [(P, — P) (Y20 (s —sm))[ < sup  |(Po—P) (2o (s—sum)) -
seFc s€F j+1o_

Hence, taking the convention sup,cg (P, — P) (2 0 (s — sar))| = 0, we get for all n > ng (Ao, Acons, A+)
and any L > 0,

/CD -
P|VC >C_, sup |(P,—P)(o0(s—spy))| <L TRH,D,Q

seFo

JIC_D -~
>P|Vje{l,...J}, sup |(Pn—P)(Wso(s—su))| <Li/Z ——Rupa

Se}—qjC,
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Now, for any L > 0,

¢C_D

P|Vje{l,...,J}, sup [(P,—P)(W2o(s—sn))| <L

SEquc_

) ¢?C_D
=1-P|3je{1,..,J}, sup [(P, — P) (Y20 (s—sa))| > L - R, p,
SEFqJ'C,

J -
> I—ZIF’ sup [(P, — P) (Y20 (s—sp))] >L\/qJC1;7DRn7D7a . (3.190)

=1 se]-'qjc

Rn,D,a

Given j € {1,...,J}, Lemma 3.10 yields

JiC_D -~
E| sup [(Po—P)(tho(s—sm))l| <812 Rnpea

SEquC_

and next, we apply Bousquet’s inequality (7.48) to handle the deviations around the mean. We
have

sup g 0 (s —sar) — P (20 (s — sm))lloo
SG]'—qjC

<2 sup H(S*SM) H <2RnDa
SequC,

and, for all s € Fic
Var (19 o (s — spr))
<P [(s — sM)A‘}
< lls = sal% P |(s = 5a1)’]
<R} poad’C- .

It follows that, for e = 1 and all z > 0,

2R721 D an C_x

P| sup [(Py—P)(¥20(s—sm)) =16
sequc_
(3.191)
By consequence, as D > A_ (In n)2 and as Rmpa < 1 for all n > ng (Aso, Acons, A1), taking
x = yInn in (3.191) for some v > 0, easy computations show that a positive constant La_ 4, ~
independent of j exists such that for all n > ng (Acc, Acons, A+),

IC_D - 1
P| sup [(Pa—P)(20(s—su)l > La an\| " Rupal <—.
seF n n

i e

Hence, using (3.190), we get for all n > ng (Aso, Acons; A+),

/CD -
P(VC >C_, sup [(P,—P)(W20(s—sm)) <La_any an,D,a]

seFco

1o
nYy

<exp(—
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And finally, as J < Ly, 4Inn, taking v = 8+ 1 and ¢ = 2 gives the result for all n >
no (Aom ACOnS7 A—i—; Al)

|
Having controlled the residual empirical process driven by the remainder terms in the expansion
of the contrast, and having proved sharp bounds for the expectation of the increments of the
main empirical process on the slices, it remains to combine the above lemmas in order to
establish the probability estimates controlling the empirical excess risk on the slices.

Lemma 3.12 Let 5,A_, Ay, A;,C > 0. Assume that (H1), (H2), (H3) and (3.17) hold. A
positive constant Ay exists, only depending on A, A3y, Omin, 3, such that, if

D

n

(Inn)?

A= <C< >D>A_(Inn)?

|

D
(14 Agvy)? ZIC%’M and A

where v, = max {me", 1/ ng, Rn,D,a} is defined in (8.100), then for alln > ng (Aso, Acons, A+, A1),

D
P | sup Pp (Ksy = Ks) > (14 Law A v omin A 418 X Vn) |/ %’Cl,M ~Cl <27,
seFco ’
Proof. Start with
sup P, (Ksy — Ks) = sup {P, (Y10 - (s —8) —tp20 (s —sm))}
seFco seFco
= sup {(Pn = P)(W1m - (smr —8)) — (P — P) (Y20 (s —spm)) — P(Ks— Ksn)}
sefc
< Sup {(P = P)(Y1,m - (s —5)) — P(Ks— Ksuy)}
seFfc
+ sup |[(P, — P) (20 (s —sm))|- (3.192)
seFo

Next, recall that by definition,

Dy — {5 € Buro) <5M,Rn,D7a) , P(Ks— Ksy) = L} :
so we have

sup {(P, — P) (Y1,m - (sm —s)) — P(Ks— Ksy)}

seFc
= sup sup {(P,—P)(W1,m-(smr—s)) —L}
0<L<C seDy,

D
< sup VL Z(Pn_P)Q(wI,M'QDk)_L

0<L<C P

where the last bound follows from Cauchy-Schwarz inequality. Hence, we deduce from Lemma
3.7 that

P|sup {(P,—P) (W1 (sm—s)) — P (Ks—Kspy)} > sup {\/5(14—7%) \/flCLM—L}] <n P,

seFc 0<LLC
(3.193)
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Inn  +lInn

Tn = LAAs vr.0min 8 D v Tal/A
Inn Dlnn

S LA7A3,]\/Iao—minnB 7 \/ n

S LA7A3,]\4aa—minuB X Vn ° (3194)

where

So, injecting (3.194) in (3.193) we have

supser, {(Pn— P) (V1m0 - (5 —5)) — P(Ks — Kspy)} ,
<n-
> Supp<r<c {\E (14 LA Ag pr,0min 8 X V) \/g/Cl,M - L} =

and since we assume C < 1 (1 + LA, A3 01 0min,8 % l/n)2 %IC%,M we see that
D D
sup 3§ VL (1+ La Ay ar.n8¥n) \| —K1ar = L o = VO (14 La g 00 X Vn) \| —K1n—C
0<L<C n n

and therefore

/CD
P [51;? {(Pn—P) (W1,m - (s —s)) — P(Ks—Ksy)} > (1 +LA7A3,M,Uminyﬁl/n) TICI’M —C|l<n?.
serFc

(3.195)
Moreover, as C' > Al%, we derive from Lemma 3.11 that it holds, for all n > ng (Aco, Acons, 4+, A7),

CD -~ _
P [sup (P = P) (420 (s = s30)| = La_ a2 Fnpa| <07 (3.196)
seFo n
Finally, noticing that
- Dlnn
Rn,D,a = max {Rn,D,om Aso n }
/D1
S LAOOya'min max {RT’qD,OM nn} X ICI,M by (3104)
n
S LAooya'min X Un X ICLM Y

we deduce from (3.196) that, for all n > ny (Aeo, Acons, A+, Ap),

CD _
P [sup |(Pn — P) (W20 (s—5sm))| > LA oA A8 X Vm/nlcl,M] <n P (3.197)

seFc

and the conclusion follows by making use of (3.195) and (3.197) in inequality (3.192). B
The second deviation bound for the empirical excess risk we need to establish on the upper
slice is proved in a similar way.

Lemma 3.13 Let §,A_,A,,C > 0. Assume that (H1), (H2), (H3) and (3.17) hold. A
positive constant As, depending on A, A3 v, Aco, Omin, A— and 3, exists such that, if it holds

C> n

D
22K2,, and AL

(L Asvn)™ 20K, (Inn)

5 >D>A_ (Inn)?

o
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n

]P’[ sup P, (Ksy — Ks) > (1—|—A51/n)\/CTDIC17M—C

86..7:>C

where v, = max { W o /Dnn RmDﬂ} is defined in (3.100), then for alln > ng (Aco, Acons, A+ ),

< om P

Moreover, when we only assume C > 0, we have for all n > ny (Aso, Acons, A+),

oD
IP’[ sup P, (Ksy — Ks) > 1(1 + Asvp)? IC%,M] <o ", (3.198)
S€f>c n

Proof. First observe that

sup P, (Ksy — Ks)= sup {P, (Y1m- (s —s) —¢20(s—sn))}

s€Fsc s€Fsc
= 5w {(Pa=P) (11 (511 = 9)) = (Pa = P) ($20 (5 = sa)) = P (Ks = K1)}
= sup {(Pa=P) (s (sar = 9) = P (s = Ksar) = (Pa = P) (d20 (5 = sa1))}
= sup sup {(Pn — P) (Y100 - (sm — 8)) = L — (Po — P) (Y20 (s — sm))}
L>C seDy,
D
< sup § VI3 (Pa = P)* (s ) = L+ sup [(Py = P) (v 0 (5 = sa0))

k=1
(3.199)

where the last bound follows from Cauchy-Schwarz inequality. Now, the end of the proof is
similar to that of Lemma 3.12 and follows from the same kind of computations. Indeed, from
Lemma 3.7 we deduce that

D
D
P Z (P, — P)* (101 - o) > (1+LAA3Mamm3xyn)\/gKl,M <n?  (3.200)
=1
and, since

D
C> Z*’QM > fnlng )

we apply Lemma 3.11 with A; = and deduce that, for all n > ng (Aso, Acons, A+),

mln’

LD
P [VL >C, sup |(Po—P) (W30 (5= 5m))| = LaeopmA_ 8 X Vn\] — IClM <n 7P,
sEFT,
(3.201)
Now using (3.200) and (3.201) in (3.199) we obtain, for all n > ng (Ao, Acons, A+),

LD s

P| sup P, (Ksy — Ks) > sup (1 + LA As pp Ao o, A8 X I/n) —Kim—Lp| <2n

s€Fsc L>C ’ n

(3.202)

and we set As = LA A3 1/, Av,omin, A_,8 Where La A, 4 is the constant in (3.202).

For C > % (1+ A5Vn)2 %IC%’M we get

D CD
sup {\/Z(l + Asvp) | —Kim — L} =1+ Asv)/—Kim—C
L>C n n

00,0 min,A—,0
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and by consequence,

D
IP’[ sup P, (Ksy — Ks) > (14 Asvy) \/%ICLM—C

36.7:>C

<2 P

which gives the first part of the lemma. The second part comes from (3.202) and the fact that,
for any value of C > 0,

/D D
sup {\/Z(l + Asvp) A — K1 — L} < (14 Asvp)? =K2,, .
L>C no dn >

Lemma 3.14 Let r > 1 and C,3 > 0. Assume that (H1), (H2), (H4) and (3.17) hold and

let ¢ = (1), be an orthonormal basis of (M, |-|l,) satisfying (H4). If positive constants
A_ AL Ay Ay exist such that

D D
% >D>A_ (lnn)2 and Aj— <rC<A,—,
(Inn) n n

and if the constant As defined in (3.99) satisfies

Ay

Ase > 64BoAV/2A,0 L s (),

then a positive constant Lg_ a; Ay A, A ominra(0),3 ETISES such that,
fOT all n Z no (A,, AJr’ Au7 Ala Aa A007 Aconsa B2> M (90) 5 Omin)y

rCD
P sup Pn (KSM — KS) S (1 — LA—7A17Au7A7Aoo7Umin,7“M(<P)ﬁ X I/n)
s€F(c,rc) n

where v, = max{\/lnD", 1/ Dlrfm, Rn,D,a} is defined in (3.100).

’CLM — TC) S 2n_ﬁ N

Proof. Start with

sup P, (Ksy — Ks)

86.7'—(07,,.01

= sup {(P,—P)(Ksy —Ks)+ P (Ksy — Ks)}
SEF(C,’I‘C]

> sup (P,—P)Wim-(smw—s)— sup (P,—P)(Y20(s—sm))— sup P (Ks— Ksy)
SEF(CJC] SG‘F(C,T‘C] Sef(C,rC]

> sup (P,—P)(im-(sm—9))— sup (P, —P) (Y20 (s—sny)) —rC (3.203)
86.7:(077,01 s€Frc

and set

Sirc= sup (P, —P)(W1nm - (sm—5))
s€F(c,rC)

Mi,c=E| sup (P,—P)@Winm-(sm—5))

SE]:(C,TC]
birc= sup |[Yim-(sm—8)— PP (sm— 5))Hoo
Sef(c’rc]
ot o= sup Var (¢ (s —9)).

86.7:(0”«0]
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By Klein-Rio’s Inequality (7.50), we get, for all 4,z > 0,

202 x b
P Sinc < (1=0) Mipe — || =25 - <1+ 5) 1’;10 < exp(—z) . (3.204)

Then, notice that all conditions of Lemma 3.8 are satisfied, and that it gives by (3.168), for all
n > ng (A,, A+7 Aua Al7 Aa B2a M ((70) 7Umin)a

Laa A o rCD
Mi,c>(1—- ——£wmn ) 2
In addition, observe that
o, o< sup P (¢1 u - (501 — 5)2) < 16A%C by (3.102) (3.206)
s€F(c,rc)

and

birc= sup |[t1m - (sm — 95|l < 4Ara (p) VrCD by (3.102) and (H4)  (3.207)

Sef(cyrc]

Hence, using (3.205), (3.206) and (3.207) in inequality (3.204), we get for all x > 0 and all
n>no(A-, Ay, Ay, Aj, A, Bo, mar (9) 5 Omin),

2
(Slrc < (1 —6) (1 - LA Al7 u,O’Imn> \/m ( ) 4AT’M( 71\/@:1:)

<exp(-z) .

Inn

Now, taking z = flnn, § = Y773+ and using (3.104), we deduce by simple computations that
for all n > ng (A—, Ay, Ay, A1, A, Ba,mas (©) , Omin),

[Inn  VInn rCD _
P (Sl,r,C < (1 — LA,AZ,Au,Umin,TM(lp),ﬁ X ( f V nl/4>> nKl’M> <n B (3208)
and as
\/lnn Vinn \/lnn \/Dlnn
< v,
ISV

(3.208) gives, for all n > ng (A_, Ay, Ay, A1, A, Ba,mas (©) 5 Omin),

[rCD _
P (Sl,r,C < (1 - LAyAl,Auyo'minﬂ'M(@)»ﬂ X I/n) ’Cl M) <n p . (3209)

Moreover, from Lemma 3.11 we deduce that, for all n > ng (Aso, Acons, A+, Ap),

rCD ~
P [ sup |(P, —P)(¥20(s—sm))|>La_a,p TRn’D7a <n P (3.210)

s€F,c

and noticing that

Rn,D,a = max {Rn,D,a ;i Aso D lnn}

n

Dlnn
n

< LAOO,O'min max {Rn,D,a 5 } X ,CLM by (3104)

< LAy omn X Vn XK1y,
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we deduce from (3.210) that for all n > ng (Ao, Acons, A+, A,

rCD
n

P\ sup [(Pn—P) (%20 (s —sm))| = La_ 4, Ac.0mn8 X Vn X Kipr| <n7? . (3.211)

sEF, ¢

Finally, using (3.209) and (3.211) in (3.203) we get that,
for all n > no (A,, AJra Aua Ala A, AOOa Aconsa BZ» M (SO) s Umin)a

rCD

n

]P) ( Sup Pn (KSM - KS) S (1 - LA*7Al’Au7A7AOC7a'min,7"1\l(90)’ﬂ X Vn) ICLM - TC) S 2’)’]/_5

86.7:(07,‘0]

which concludes the proof. B



Chapitre 4

Slope heuristics in heteroscedastic
bounded regression

Abstract

In this chapter, we consider the estimation of a regression function with random design and heteroscedas-
tic noise in a non-parametric setting. More precisely, we address the problem of characterizing the opti-
mal penalty when the regression function is estimated by using a penalized least-squares model selection
method. In this context, we show the existence of a minimal penalty, defined to be the maximum level
of penalization under which the model selection procedure totally misbehaves. Moreover, the optimal
penalty is shown to be twice the minimal one and to satisfy a nonasymptotic pathwise oracle inequality
with leading constant almost one. When the shape of the optimal penalty is known, this allows to apply
the so-called slope heuristics initially proposed by Birgé and Massart [23], which further provides with
a data-driven calibration of penalty procedure. Finally, the use of the results obtained in Chapter 3
allows us to go beyond the case of histogram models, which is already treated by Arlot and Massart in
[10].

4.1 Introduction

Model selection by penalization has been the object of intensive research in the last decades.
Given a collection of models and associated estimators, two different tasks can be tackled :
find out the smallest true model (consistency problem), or select an estimator achieving the
best performance according to some criterion, called a risk (efficiency problem). We only
focus on the efficiency problem, where the leading idea of penalization, that goes back to early
works of Akaike [1], [2] and Mallows [59], is to perform an unbiased estimation of the risk
of the estimators. FPE and AIC procedures proposed by Akaike respectively in [1] and [2],
as well as Mallows’ C,, or Cp, [59], aim to do so by adding to the empirical risk a penalty
which depends on the dimension of the models. But the first analysis of such procedures
had the drawback to be fundamentally asymptotic, considering in particular that the number
of models as well as their dimensions are fixed while the number of data tends to infinity.
As explained for example in Massart [61], various statistical situations require to let these
quantities depend on the number of data. Pointing out the importance of Talagrand’s type
concentration inequalities in this nonasymptotic approach, Birgé and Massart [22], [26] and
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Barron, Birgé and Massart [13] have thus been able to build nonasymptotic oracle inequalities
for penalization procedures that take into account the complexity of the collection of models.
In an abstract risk minimization framework, which includes statistical learning problems such
as classification or regression, many distribution-dependent and data-dependent penalties have
been proposed, from the more general and thus less accurate global penalties, see Koltchinskii
[43], Bartlett & al. [16], to the refined local Rademacher complexities in the case where some
margin relations hold (see for instance Bartlett, Bousquet and Mendelson [17], Koltchinskii
[44]). But as a prize to pay for generality, the above penalties suffer from their dependence on
unknown or unrealistic constants. They are very difficult to implement and calibrate in practice
and satisfy oracle inequalities with possibly huge leading constants. In the general purpose,
there are other penalties such as the bootstrap penalties of Efron [38] and the resampling and
V-fold penalties of Arlot [7] and [5]. These penalties are essentially resampling estimates of
the difference between the empirical risk and the risk and can be used in practice since, in
particular, they avoid the practical drawbacks of the local Rademacher complexities. Arlot
[7], [5] also proves sharp pathwise oracle inequalities for the resampling and V-fold penalties
in the case of regression with random design and heteroscedastic noise on histograms models,
and conjectures that the restriction on histograms is mainly technical and that his results can
be extended to more general situations.

We address in this chapter the problem of optimal model selection, in a bounded het-
eroscedastic with random design regression setting. A penalty will be said to be optimal if it
achieves a nonasymptotic oracle inequality with leading constant almost one, i.e. converging to
one when the number of data tends to infinity. In the following we restrict ourselves to “small”
collections of models, where the number of models is not more than polynomial in the number
of data, a case where such an optimal penalty can exist. In more general settings, where the
collection of models is large, one should gather the models of equal or equivalent complexity
and derive an oracle inequality with respect to the infimum of the risk on the union of models
with the same complexities, as explained in Birgé and Massart [23]. This would allow to con-
sider optimal penalties for large collections of models, but this problem is anyway beyond the
scope of this chapter. Birgé and Massart [23] have discovered in a generalized linear Gaussian
model setting, that the optimal penalty is closely related to the minimal one, defined to be
the maximal penalty under which the procedure totally misbehaves. They prove sharp upper
and lower bounds for the minimal penalty and show that the optimal penalty is two times
the minimal one, both for small and large collections of models. These facts are called by the
authors the slope heuristics. The authors also exhibit a jump in the dimension of the selected
model occurring around the value of the minimal penalty, and use it to estimate the minimal
penalty from the data. Taking a penalty equal to two times the previous estimate then gives a
nonasymptotic quasi-optimal data-driven model selection procedure. The algorithm proposed
by Birgé and Massart [23] to estimate the minimal penalty relies on the previous knowledge
of the shape of the latter, which is a known function of the dimension of the models in their
setting, and thus their procedure gives a data-driven calibration of the minimal penalty. Con-
sidering the case of Gaussian least-squares regression with unknown variance, Baraud, Giraud
and Huet [11] have also derived lower bounds for the penalty terms for small and large collec-
tion of models, as well as Castellan [30] in the case of maximum likelihood estimation of density
on histograms where a lower bound on the penalty term is given only for small collections of
models - see also Chapter 5 where we validate the slope heuristics for the maximum likelihood
estimation of density on histograms and propose two directions of generalization. Then the
slope phenomenon has been extended by Arlot and Massart [10] in a bounded heteroscedastic
with random design regression framework. They consider least-squares estimators on a “small”
collection of histograms models. Heteroscedasticity of the noise allows them to validate the
slope heuristics without assuming a particular shape of the penalty, and in particular to con-
sider situations where the shape of the penalty is not a function of the dimension of the models.
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In such general cases, the authors propose to estimate the shape of the penalty by using Arlot’s
resampling or V-fold penalties, proved to be efficient in their regression framework by Arlot [5]
and [7], in order to derive an accurate data-driven calibration of the optimal penalty. Moreover,
their approach is more general than the histogram case, except for some identified technical
parts of their proofs, thus providing with some quite general algebra that can be applied in
other frameworks to derive sharp model selection results. The authors have also identified the
minimal penalty as the mean of the empirical excess risk on each model, and the ideal penalty
to be estimated as the sum of the empirical excess risk and true excess risk on each model.
The slope heuristics then heavily relies on the fact that the empirical excess risk is equivalent
to the true excess risk for models of reasonable dimensions. Arlot and Massart [10] conjecture
that this equivalence between the empirical and true excess risk is a quite general fact in M-
estimation, as well as, by rather direct consequence, the slope phenomenon for models not too
badly chosen in terms of approximation properties. A general result supporting this conjecture
is the high dimensional Wilks’ phenomenon discovered by Boucheron and Massart [27] in the
setting of bounded contrast minimization under margin conditions, where the authors derive
concentrations inequalities for the true and empirical excess risk when the considered model
satisfies some general condition on the moment of first order of the surpremum of the empirical
process on localized slices of variance in the loss class. This assumption can be explicated under
suitable covering entropy conditions on the model. Lerasle [56] proved the validity of the slope
heuristics in a least-squares density estimation setting, under rather mild conditions on the
considered linear models. The approach developed by Lerasle in this framework allows sharp
computations and the empirical excess risk is shown by the author to be exactly equal to the
true excess risk. Moreover, some improvements comparing to the technology of proofs given
by Arlot and Massart [10] can be found in [56], where Lerasle considers comparison between
all pairs of models, allowing in particular a more refined use of the bias of the models. Lerasle
also proves in the least-squares density estimation setting the efficiency of Arlot’s resampling
penalties, and generalizes these results for weakly dependent data, see [57]. Arlot and Bach [8]
recently consider the problem of selecting among linear estimators in non-parametric regression.
Their framework includes model selection for linear regression, the choice of a regularization
parameter in kernel ridge regression or spline smoothing, and the choice of a kernel in multiple
kernel learning. In such cases, the minimal penalty is not necessarily half the optimal one, but
the authors propose to estimate the unknown variance by the minimal penalty and to use it in
a plug-in version of Mallows’ C,. The latter penalty is proved to be optimal by establishing a
nonasymptotic oracle inequality with constant almost one.

In this chapter, we prove the validity of the slope heuristics in a bounded heteroscedas-
tic with random design regression framework, by considering a “small” collection of finite-
dimensional linear models, a setting that extends the case of histograms already treated by
Arlot and Massart [10]. Two main assumptions must be satisfied. First, we require that the
models have a uniform localized orthonormal basis structure in Lo (PX ), where P¥X is the law
of the explicative variable X. This kind of analytical property describing the L..-structure of
the models has already been used in a model selection framework by Birgé and Massart [22]
and Barron, Birgé and Massart [13] (see also Massart [61]). Considering for example the unit
cube of RY and taking PX = Leb the Lebesgue measure on it, it is shown in Birgé and Massart
[22] that the assumption of localized orthonormal basis are satisfied for some wavelet expan-
sions and piecewise polynomials uniformly bounded in their degrees. It is also known, Massart
[61], that in the case of histograms the property of localized basis in Ly (PX ) is equivalent to
the lower regularity of the considered partition with respect to PX, an assumption required
by Arlot and Massart in [10]. Moreover, we show in Chapter 3 that if P¥X has a density with
respect to the Lebesgue measure on the unit interval that is uniformly bounded away from zero
then, assuming the lower regularity of the partition defining piecewise polynomials of uniformly
bounded degrees ensures that the assumption of localized basis is satisfied for such a model.
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The second property that must be satisfied in our setting is that the least-squares estimators
are uniformly consistent over the collection of models and converge to the orthogonal projec-
tions of the unknown regression function. Again, such a property is shown in Chapter 3 to be
satisfied for suitable histograms and more general piecewise polynomial models. This allows
us to recover the results of Arlot and Massart [10] with the same set of assumptions when the
noise is uniformly bounded by upper and by below, and to extend it to models of piecewise
polynomials uniformly bounded in their degrees. Taking advantage of the sharp estimates of
the empirical and true excess risks for a fixed model given in Chapter 3, our proofs then rely on
the same algebra of proofs as those given in Arlot and Massart [10]. Moreover, our arguments
rely on the more general concept of regular contrast exposed in Chapter 7, and can be ex-
tended to other frameworks than least-squares regression, see for example Chapters 5 and 6 for
applications in the maximum likelihood and least-squares estimation of density, respectively.
The chapter is organized as follows. We describe in Section 4.2 the statistical framework,
the slope heuristics and the subsequent data-driven algorithm of calibration of penalties. We
state in Section 4.3 our main results and derive their proofs in the remainder of the chapter.

4.2 Statistical framework and the slope heuristics

4.2.1 Penalized least-squares model selection

We assume that we have n independent observations & = (X;Y;) € AR with common
distribution P. The marginal law of X; is denoted by PX. We assume that the data satisfy
the following relation

Y; = S« (XZ) +o (Xl) iy (4.1)

where s, € Lo (PX ), g; are i.i.d. random variables with mean 0 and variance 1 conditionally
to X; and o : X —R is an heteroscedastic noise level. A generic random variable of law P,
independent of the sample (¢, ..., &), is denoted by { = (X Y').

Hence, s, is the regression function of Y with respect to X, that we want to estimate. We are
given a finite collection of models M,,, with cardinality depending on the number of data n.
Each model M € M,, is assumed to be a finite-dimensional vector space, and we denote by
Djy its linear dimension and sj; the linear projection of s, onto M in Lo (PX ) . Furthermore,
by setting K : Lo (PX ) — Lj (P) the least-squares contrast, defined by

K (s)=(z,y) — (y—s(2))*, s€Ly(PY),
the regression function s, satisfy

Sy = ar min PK (s
* gsGLg(PX) (s)

and for the linear projections s); we have

sy = argmin PK (s) .
seM

For each model M € M,,, we consider a least-squares estimator s,, (M), satisfying
sp (M) € argmin {P, (K (s))}
seM
1 n
= inq =Y (V;—s(X;))”
arg?&lﬁ{ni:l( e }

where P, = n~! Dy d(x,,v;) is the empirical measure built from the data. We measure the
performance of the least-squares estimators by their excess risk,

[ (80,80 (M) = P (K5, (M) = K5,) = |8, (M) — 5.
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where [|s]|, = ([, SQdPX)l/2 is the quadratic norm in Ly (PX). Moreover, we have
U(S4y8n (M) =1(Sx,8m) + L (spry 80 (M))

where the quantity
I (54,800) = P (Ksy — Ks.) = ||sar — s[5

is called the bias of the model M and [ (sps, sp (M)) :== P (Ks, (M) — Ksp) > 0 is the excess
risk of the least-squares estimator s, (M) on M. By the Pythagorean identity, we have

L(sary sn (M) = [lsn (M) = sullz

and we prove sharp bounds for the latter quantity in Chapter 3, based on the concept of regular
contrast exposed in Chapter 2.
Given the collection of models M,,, an oracle model M, is defined to be

M, € arg MHelif\l}tn {l (84,80 (M))} (4.2)

and the associated oracle estimator s, (M,) thus achieves the best performance in terms of
excess risk among the collection {s, (M); M € M, }. Unfortunately, the oracle model is un-
known as it depends on the unknown law P of the data, and we propose to estimate it by a
model selection procedure via penalization. Given some known penalty pen, that is a function
from M,, to Ry, we thus consider the following data-dependent model, also called selected
model, .

M € arg Mnéﬁn {P, (Ks, (M))+pen (M)} . (4.3)

Our goal is then to find a good penalty, such that the selected model M satisfies an oracle
inequality of the form

l (S*,Sn (ﬁ)) <O X L (54,80 (M)

with some positive constant C' as close to one as possible and with high probability, typically
more than 1 — Ln~2 for some positive constant L.

4.2.2 The slope heuristics

Let us rewrite the definition of the oracle model M, given in (4.2). As for any M € M,,, the
excess risk [ (sx, s, (M)) = P(Ks, (M)) — P (Ks,) is the difference between the risk of the
estimator s, (M) and the risk of the target s., and as P (Ks,) is a constant of the problem, it
holds

M. € arg min {P(Ks, (M)}

=arg min {P, (Ksn (M)) + penj (M)}

where for all M € M,,,
penyy (M) := P (Ks, (M)) — P, (Ksy, (M)) .

The penalty function pen;q is called the ideal penalty, as it allows to select the oracle, but it
is unknown because it depends on the distribution of the data. As pointed out by Arlot and
Massart [10], the leading idea of penalization in the efficiency problem is thus to give some
sharp estimate of the ideal penalty, in order to perform an unbiased or asymptotically unbiased
estimation of the risk over the collection of models, leading to a sharp oracle inequality for the
selected model. A penalty term pen, is said to be optimal if it achieves an oracle inequality
with constant almost one, tending to one when the number n of data tends to infinity.
Concerning the estimation of the optimal penalty, Arlot and Massart [10] conjecture that
the mean of the empirical excess risk E [P, (Ksy — Ks, (M))] satisfies the following slope
heuristics in a quite general framework:
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(i) If a penalty pen : M,, — R is such that, for all model M € M,,,
pen (M) < (1—=90)E[P, (Ksy — Ksy (M))]

with § > 0, then the dimension of the selected model M is “very large” and the excess

risk of the selected estimator s, (]\7 > is “much larger” than the excess risk of the oracle.

(ii) If pen =~ (1 +0)E [P, (Ksy — Ks, (M))] with 6 > 0, then the corresponding model selec-
tion procedure satisfies an oracle inequality with a leading constant C' (§) < 400 and the
dimension of the selected model is “not too large”. Moreover,

pen,,; ~ 2E [P, (Ksy — Ksp (M))]
is an optimal penalty.

The mean of the empirical excess risk on M, when M varies in M, is thus conjectured to be
the maximal value of penalty under which the model selection procedure totally misbehaves.
It is called the minimal penalty, denoted by pen

for all M € M,, peni, (M) =E [P, (Ksy — Ksp (M))] .

The optimal penalty is then close to two times the minimal one,

bengpt ~ 2penmin :

Let us now briefly explain why points (i) and (ii) below are natural. We give in Section 4.3
precise results which validate the slope heuristics for models such as histograms or piecewise
polynomials uniformly bounded in their degrees. If the penalty is the minimal one, then for all
M e M,

P (Ksn (M) + penyy, (M)

=P, (Ksp(M))+E[P, (Ksy — Ksp (M))]

= P (Ksa) + (Pa— P) (Ksag) + (E[Py (Ksps — Ksn (M))] — Py (Ksyr — K (M)))
~ P (Ksy) .

In the above lines, we neglect (P, — P) (Ksys) as it is a centered quantity and if the empirical
excess risk P, (Ks, (M) — Ksys) is close enough to its expectation, then the selected model
almost minimizes its bias, and so its dimension is among the largest of the models and the
excess risk of the selected estimator blows up. As shown by Boucheron and Massart [27], the
empirical excess risk satisfies a concentration inequality in a general framework, which allows
to neglect the difference with its mean, at least for models that are not too small.

Now, if the chosen penalty is less than the minimal one, pen ~ (1 — J) pen,;, with § € (0, 1),
the algorithm minimizes over M,,,

P, (Ksy (M)) + pen (M)
~ P (Ksy) — 0P, (Ksy — Ksy (M)) + (P, — P) (Ksy)
+(1—0)(E[P, (Ksy — Ksp (M))] — P, (Ksy — Ksy, (M)))
~ P (Kspy)— 0P, (Ksy — Ksy (M))
where in the last identity we neglect the deviations of the empirical excess risk and the difference

between the empirical and true risk of the projections sp;. As the empirical excess risk is
increasing and the risk of the projection sjs is decreasing with respect to the complexity of the
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models, the penalized criterion is decreasing with respect to the complexity of the models, and
the selected model is again among the largest of the collection.

If on the contrary, the chosen penalty is more than the minimal one, pen = (1 + J) pen,;, with
0 > 0, then the selected model minimizes the following criterion, for all M € M,
P, (Ksy(M))+pen(M)— P, (Ksy)
~ A (Seysp) + 0P, (Ksy — Ksp (M) + (P, — P) (Ksy — Ksy)
+ (1490 (E[P, (Ksy — Ksp (M))] — Py (Kspy — Ksy (M)))
~ A (Sw,s0m) + 0P, (Ksy — Ksy (M)) (4.4)

So the selected model achieves a trade-off between the bias of the models which decreases with
the complexity and the empirical excess risk which increases with the complexity of the models.
The selected dimension will be then reasonable, and the trade-off between the bias and the
complexity of the models is likely to give some oracle inequality.
Finally, if we take § = 1 in the above case, that is pen ~ 2 X pen
empirical excess risk is equivalent to the excess risk,

min and if we assume that the

P, (Ksy — Ksp (M)) ~ P(Ksy, (M) — Ksy) (4.5)
then according to (4.4) the selected model almost minimizes
P(Kspy — Ksy)+ Py (Ksyy — Ksp (M) = (84, 80)+ P (Ksp (M) — Ksp) = (8,8, (M)) .

Hence,
¢ (3*,sn (1\7)) w0 (54, 5 (M)

and the procedure is nearly optimal. We give in Chapter 3 some results showing that (4.5) is
a quite general fact in least-squares regression.

4.2.3 A data-driven calibration of penalty algorithm

The slope heuristics stated in points (i) and (ii) in Section 4.2.2, include that a jump in the
dimensions of the selected models should occur around the minimal penalty, which can be
used to estimate the minimal penalty and by consequence, the optimal one. Let us denote by
PeNgp,pe the shape of the minimal penalty which is, according to the slope heuristics, equal
to the shape of the optimal penalty. Thus, for two unknown positive constants A, and A,
depending on the unknown distribution of the data, we have

pelyin = Anin P€hghape and Pelgny = A Pehghape >

where

A* =2X Amin

whenever the optimal penalty is twice the minimal one. We assume now that the shape of
the minimal penalty is known, from some prior knowledge or because it has been estimated
from the data, for example by using Arlot’s resampling and V-fold penalties as suggested in
Arlot and Massart [10]. Then, Arlot and Massart [10] propose to calibrate the optimal penalty
by the following procedure and by doing so, they extend to general penalty shapes a previous
algorithm proposed by Birgé and Massart [23].

Algorithm of data-driven calibration of penalties :
1. Compute the selected model J/W\(A) as a function of A > 0,

o~

M (A) € arg min {PK (sn (M) + Apengpape (M)} -
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2. Find flmm > 0 such that the dimension Dﬁ( A) is “very large” for A < /lmin and “reason-

ably small” for A > Apin.

3. Select the model M = M <2flmin> )

In this chapter, since our aim is not to apply the above algorithm in practice, we refer to
Arlot and Massart [10] for a detailed presentation of the algorithm and to Baudry, Maugis and
Michel [21] for an overview on the slope heuristics and further discussions on implementation
issues. Data-driven calibration of penalties algorithms have already been applied successively
in many statistical frameworks such as mixture models [63], clustering [20], spatial statistics
[86], estimation of oil reserves [54] and genomics [87], to name but a few. These applications
tend to support the conjecture of Arlot and Massart [10] that the slope heuristics is valid in a
quite general framework.

4.3 Main Results

We state here our results that theoretically validate the slope heuristics in our bounded het-
eroscedastic regression setting. In particular, we recover the results stated in Theorems 2 and
3 of Arlot and Massart [10] for histogram models and extend them to models of piecewise
polynomials uniformly bounded in their degrees. The proofs are postponed to the end of the
chapter, and heavily rely on results of Chapter 3 where we consider a fixed model, and on the
general algebra of proofs developed by Arlot and Massart [10]. We state now the assumptions
required to derive our results.

4.3.1 Main assumptions

Let us begin with the set of assumptions needed in the general case of models that are provided
with localized basis in Lo (PX).

General set of assumptions : (GSA)

(P1) Polynomial complexity of M,,: Card (M,,) < cpmn®M .

(P2) Upper bound on dimensions of models in M,,: there exists a positive constant A+
such that for every M € M,,, 1 < Dy < Apqqn (lnn)_2 <n.

(P3) Richness of M,,: there exist My, M; € M,, such that Dyy, € [v/n, Cricny/n] and Dy, >
Arichn (ln n)_2

(Ab) A positive constant A exists, that bounds the data and the projections sjs of the target
s« over the models M of the collection M,: |Y;| < A < oo, ||smllo, £ A < oo for all
M e M,

(An) Uniform lower-bound on the noise level: o (X;) > omin > 0 a.s.

(Apy) The bias decreases as a power of Djy: there exist f1 > 0 and Cy > 0 such that

C(ss,5Mm) < CJFDJTf* .



4.3. MAIN RESULTS 123

(Alb) Each model is provided with a localized basis: there ex1sts a constant 7 such that
for each M € M, one can find an orthonormal basis (cpk) M satisfying that, for all

(/Bk)D]W c RDM
Dy

Zﬁm <rmvVDur 16y

where |3|,, = max {|0| ; k € {1 ~ Dt}

(Aco) Consistency in sup-norm of least-squares estimators: an event (2, of probability at
least 1 — n_Q_O‘M, a positive constant Acons, a positive integer n; and a collection of
positive numbers (Rn,p,,) prenq, €Xist, such that

ACOTLS
sup R, p,, < (4.6)
MeM,, Inn
and for all M € M,, it holds on Q., for all n > nq,
5 (M) = 801l < Ry - (@)

We turn now to the set of assumptions needed for histogram models and models by piecewise
polynomials, respectively.

Set of assumptions for histogram models :

Given some linear histogram model M € M,,, we denote by Pjs the associated partition of X.
Take assumptions (P1), (P2), (P3), (An) and (Ap,) from the general set of assumptions.
Assume moreover that the following conditions hold true:

(Ab’) A positive constant A exists, that bounds the data: |Y;] < A < oo.

Alrh) Lower regularity of the partitions: there exists a positive constant ¢ , ,, such that,
M, P

for all M € My, \/|7)My inf PX () 2 chyp > 0.
M

Set of assumptions for piecewise polynomials models :

In this case we take X =[0,1], Leb is the Lebesgue measure on X, and given a linear model
M € M,, of piecewise polynomials, we denote by Pjs the associated partition of X.

Take assumptions (P1), (P2), (P3), (An) and (Ap,) from the general set of assumptions.
Assume moreover that the following additional conditions hold.

(Ab’) A positive constant A exists, that bounds the data: |Y;] < A < oo.

(Aud) Uniformly bounded degrees: there exists € N* such that, for all M € M,,, all I € Py
and all p € M,

deg (pu) <r.

(Adpe,) Density bounded from upper and from below: P¥ has a density f with respect to
Leb satisfying for some constants cpin and cpax, that

0<Cmin§f($)§6max<ooa VﬁE[O,l] .

(Alrpp) Lower regularity of the partition: a positive constant cp/a p exists such that, for all
M e M,,

0<cYLen < \/]PM\IéI%Df Leb (I) < 400 .

The sets of assumptions will be discussed in Section 4.3.3.
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4.3.2 Statement of the theorems

Theorem 4.1 Under the general set of assumptions (GSA) of Section 4.3.1, for Apen € [0,1)

and A, > 0, we assume that with probability at least 1 — Apn_2 we have

0 < pen (M) < ApenE [P, (Ksy — Ky, (M1))] (4.8)

where the model My is defined in assumption (P3) of (GSA). Then there exist two positive
constants Ay, Ao independent of n such that, with probability at least 1 — Ayn~2, we have, for
alln > ng ((GSA) , Apen),

D7 > Anln (n)~2

and

¢ (s*,sn (1\7)) >In(n)  inf {£(se,50 (M)} . (4.9)

Moreover, in the case of histograms and piecewise polynomials models, taking their respective
set of assumptions defined in Section 4.3.1 yields the same results.

Thus, Theorem 4.1 justifies the first part (i) of the slope heuristics exposed in Section 4.2.2.
As a matter of fact, it shows that there exists a level such that if the penalty is smaller than
this level for one of the largest models, then the dimension of the output is among the largest
dimensions of the collection and the excess risk of the selected estimator is much bigger than
the excess risk of the oracle. Moreover, this level is given by the mean of the empirical excess
risk of the least-squares estimator on each model.

The following theorem validates the second part of the slope heuristics.

Theorem 4.2 Assume that the general set of assumptions (GSA) of Section 4.3.1 hold.
Moreover, for some § € [0,1) and A,, A, > 0, assume that an event of probability at least
1-— Apn_2 exists on which, for every model M € M,, such that Dyr > Ap+ (In n)3, it holds

(2_5)E[Pn (KSM_KSn (M))] < pen(M) < (2+5)E[Pn (KSM_KSn (M))] (4.10)

together with
(Inn)?

n

pen (M) < A, (4.11)

for every model M € M, such that Dy < Apqy (Inn)®. Then, for $>n>(1-584), /2,
there exist a positive constant Az only depending on cpq given in (GSA) and on A, a positive
constant Ay only depending on constants in the set of assumptions (GSA), a positive constant
As only depending on constants in the set of assumptions (GSA) and on A, and a sequence

< Ay (1 N \/Acons)

0, =A4 sup e, (M), A Inn)® < Dy < nt1/2 4.12
+ Sup { (M), Am+ (Inn) M } (Inn)'/* (4.12)
such that with probability at least 1 — Agn=2, it holds for all n > ng ((GSA),n,d),
_D]/\Z S n7]+1/2
and
-2
. 146 P ((hl n) "+ 9n> (Inn)?
< . .
E(s*,sn <M>) < 1_5—1- e 0 (Su,8n (M) + As - (4.13)

Assume that in addition, the following assumption holds,
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(Ap) The bias decreases like a power of Dy : there exist 5— > B4+ > 0 and Cy,C_ > 0 such
that
C_D,/~ < (s, sm) < CyD* .

Then it holds with probability at least 1 — Asn=2, for all n > ng ((GSA),C_,3_,1n,9),
Ay (Inn)® < Dy < nt1/2

and

0 (5080 (M) < (ifg + (15_97;)2> 0 (50, 50 (M) . (4.14)

Likewise, in the case of models of histograms and piecewise polynomials, taking their respective
set of assumptions defined in Section 4.3.1, together with assumption (4.10) and, for the second
part of the theorem, assumption (Ap), yields the same results.

The quantity e, (M) used in (4.12) controls the deviations of the true and empirical excess
risks on the model M and is more precisely defined in Remark 4.1 above. From Theorems 4.1
and 4.2, we identify the minimal penalty with the mean of the empirical excess risk on each
model,

M)=EI[P, (Ksy — Ks, (M))] .

Pehnin (

Moreover, Theorem 4.2 states in particular that if the penalty is close to two times the minimal

procedure, then the selected estimator satisfies a pathwise oracle inequality with constant
almost one, and so the model selection procedure is approximately optimal.

4.3.3 Comments on the sets of assumptions

Let us now explain the sets of assumptions given in Section 4.3.1. Assumption (P1) states that
the collection of models has a small complexity, more precisely a polynomially increasing one
with respect to the amount of data. For this kind of complexities, if one wants to perform a
good model selection procedure for prediction, the chosen penalty should estimate the mean of
the ideal one on each model. Indeed, as Talagrand’s type inequalities for the empirical process
are pre-Gaussian, they allow to neglect the deviations of the quantities of interest from their
mean, uniformly over the collection of models. This is not the case for too large collections of
models, where one has to put an extra-log factor depending on the complexity of the collection
of models inside the penalty (see for example [22] and [13]). In assumption (P2) we restrict
the dimensions of the models by upper, in a way that is not too restrictive since we allow the
dimension to be of the order of the amount of data within a power of a logarithmic factor.
We assume in (P3) that the collection of models contains a model My of reasonably large
dimension and a model M; of high dimension, which is necessary since we prove the existence
of a jump between high and reasonably large dimensions. We demand in (Ap,,) that the quality
of approximation of the collection of models is good enough in terms of bias. More precisely, we
require a polynomially decreasing of excess risk of linear projections of the regression function
onto the models. Assumptions (Ab), (An), (Alb) and (Acy) essentially allow us to apply
results of Section 3.3, as further explained in Remark 4.1 below. The assumption (Ab) is also
necessary to control in the proofs the empirical bias term centered by the true bias by using
Bernstein’s inequality (see Lemma 4.2).

Assumption (Ab’) implies in the histogram case assumption (Ab), see Section 3.4.4 of Chapter
3. Moreover, assumption (Alrh) allows us in this case to deduce assumptions (Alb) and (Ac)
of the general set of assumptions (see Lemma 3.2 and 3.3 of Chapter 3). Moreover, using Lemma
3.3, it is straightforward to see that in the histogram case we have

[ Dyl
Rn,DM < Acons MTnn )
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where Acons 18 a uniform positive constant over the models of M,,. We obtain in the case of
histograms the same set of assumptions as given in Arlot and Massart [10]. Arlot and Massart
[10] also notice that they can weaken assumptions (Ab’) and (An), for example by assuming
conditions on the moment of the noise instead of considering that this quantity is bounded in
sup-norm. This latter improvement seems to be beyond the reach of our method, due to the
use of Talagrand’s type inequalities that require conditions in sup-norm. Arlot and Massart
[10] also show that the condition (Ap,) is satisfied when X CR* and the regression function s,
is a-Holderian. Moreover, they show that (Ap) is satisfied when in addition, s, is non-constant
with respect to the sup-norm.

As in the case of histogram models, assumption (Ab’) implies in the piecewise polynomial case
assumption (Ab), see Section 3.5 of Chapter 3. Assumptions (Aud), (Adre,) and (Arpp)
allow us to guaranty the statements (Alb) and (Acy,) of the general set of assumptions in this
case (see Lemmas 3.4 and 3.5 of Chapter 3). Moreover, we still have

[DyInn
RH,DM & MT )

within a uniform constant over the models of M,,. It is well-known that piecewise polynomials
uniformly bounded in their degrees have good approximation properties in Besov spaces. More
precisely, as stated in Lemma 12 of Barron, Birgé and Massart [13], if X =[0,1] and the
regression function s, belongs to the Besov space By p o (X) (see the definition in [13]), then
taking models of piecewise polynomials of degree bounded by r > o — 1 on regular partitions
with respect to the Lebesgue measure Leb on X, and assuming that PX has a density with
respect to Leb which is bounded in sup-norm, assumption (Ap,,) is satisfied. It remains to find
conditions in this context such that the lower bound on the bias in (Ap) is also satisfied.

Remark 4.1 Since constants in the general set of assumptions (GSA ) made above are uniform
over the collection M,,, we deduce from Theorem 3.1 applied with o« = 2+ap and A_ = A, =
A+ that if assumptions (P2), (Ab), (An), (Alb) and (Acs) hold, then a positive constant
Ao exists, depending on arg, Anm 4+ and on the constants A, omin and raq defined in the general
set of assumptions, such that for all M € M, satisfying

0< AM’JF (lnn)2 < Dy,

by setting

M n

Inn\ Y4 Dy lnn 1/4
en (M) = Ap max <D> ; <> s /R Dy (4.15)

we have, for all n > ng (Apm+, A, Aconss 15 T M, Omins OM) s

P [(1 — e, (M) iDM/c 20 <P (Ksp(M)—Ksy) < (1+e, (M) iDanc } > 1-10n 2™
(4.16)

and

P [(1 — e (M) EDTM’C T < Pu(Ksy — Ksp (M) < (14 (M)) iD—MIC } > 1-5n 2 oM
(4.17)

Moreover, for all M € M,,, we have by Theorem 3.2, for a positive constant A, depending on
A, Acons,Tm and apg and for all n > ng (Acons, 1),

Dy \/lnn]

P [P (Ks, (M) — Ksy) > Ay, < 3p2om (4.18)

and

(4.19)

Dy V1
P [Pn (Ksy — Ksp (M) > AuMn”] < 3p2em

n
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The remainder of this chapter is devoted to the proofs.

4.4 Proofs

Before stating the proofs of Theorems 4.2 and 4.1, we need two technical lemmas. In the
first lemma, we intend to evaluate the minimal penalty E [P, (Ksyr — K, (M))] for models of
dimension not too large and not too small.

Lemma 4.1 Assume (P2), (Ab), (An), (Alb) and (Acs ) of the general set of assumptions
defined in Section 4.53.1. Then, for every model M € M, of dimension Dys such that

0< Apv (Inn)* < Dy,

we have for all n > ng (Apm+, A, Aconss M1, "M Tmin, OM) s

D
(1= Laye s Amnranone O0) D2 K2 o B[, (Kan — Ks, O)] (4.20)
D
S (1 + LAM,+7A70'minv7”M704M€’I21 (M)) 47];4 ,C%,M ) (421>

_ Inn 1/4, Dylnn 1/4. . .
where e, (M) = Agmax < [ 22 ;| == i/ RnD 1s defined in Remark 4.1.
Dy n LM

Proof. As explained in Remark 4.1, under assumptions of Lemma 4.1 we can apply Theorem
31withA_ =A, = Ay 4 and o = 24+apy. Forall n > ng (A, A, Aconss M1, T M5 Omin, O ),
we thus have on an event Qy (M) of probability at least 1 — 5n=27Mm

1Dy 1Dy )

(1 —e, (M)) ZT’C%’M <P, (Ksy—Ksp (M) <(1+4¢e,(M)) ZTKLM ) (4.22)

1/4 1/4
where e, (M) = Ap max { G%) : (W) : /Rn,DM} . Moreover, as |Y;| < A a.s. and
|sumll < A by (Ab), it holds

n

0< Py (Ksy — Ksp (M) < PoKsyr = — Y (Vi — sar (X7))? < 44° (4.23)

1
n

and as Dy > 1, we have

Inn Dy lnn 1/4 1/8
en (M) = Ap max <DM> ; < ) . \/Rupy, ¢ > Agn V8. (4.24)

n

We also have

E[P, (Ksy — Ks, (M))]
=E [P, (Ksy — Ksp (M) 1o, )] +E [Pr (Ksayr — Ksn (M) 1o, ()] - (4.25)

Now notice that by (An) we have ICy pr > 20min > 0. Hence, as Dy > 1, it comes from (4.23)
and (4.24) that

80A? D
0 <E [P, (Ksy — Ksn (M)) Lo, )] < 204207270 < ng (M) TnM;ciM . (4.26)
0% min
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Moreover, we have e, (M) < 1 for all n > ng (Ao, Am,+, Acons), so by (4.22),

n

0< (1—5n279M) (1 -2 (M)) %/C%M <E [P (Ksy — Ksn (M) 1g, ()] (4.27)

D
< (1= 5n7279M) (1 4 €2 (M) TMicf M- (4.28)
n b
Finally, noticing that n=2=9M < A 2e2 (M) by (4.24), we use (4.26), (4.27) and (4.28) in (4.25)
to conclude by straightforward computations that
80A2 5
LAM,+aA70'min77'M:aM = +54,° +1

2 .2
AOUmin

is convenient in (4.20) and (4.21), as Ap only depends on ar, Aap 4, A, Omin and riq. B

Lemma 4.2 Let a > 0. Assume that (Ab) of Section 4.3.1 is satisfied. Then a positive
constant Aq exists, depending only in A, Apm,+, omin and « such that, by setting 6 (M) =
(P, — P) (Ksy — Ksy), we have for all M € M,,

IP’<|5(M)] zAd< E(SSM)IMQII”)) <om . (4.29)

n n

If moreover, assumptions (P2), (Ab), (An), (Alb) and (Acs) of the general set of assump-
tions defined in Section 4.3.1 hold, then for all M € M,, such that Ay 4 (In n)2 < Dy and
for all n > ng (Am,+, A, Acons, M1, "M, Omin, @), we have

- C(Sx,Sar) Inn B

P(|6( M) > —~—==F+ A;—=FE M <2n™ ¢ 4.30
where py (M) := P, (Ksy — Ksy, (M)) > 0.
Proof. We set

8A? 8A%a 16A%a
Ay = 4AV o ; . 4.31

d max { \/&7 3 (6% /7AM7+O_I2nin + 3AM7+O'min } ( )

Since by (Ab) we have |Y| < A a.s. and ||s.]|,, < A, it holds [|s.[[, = [[E[Y [X]||, < A, and so

llsar — s4llo < 2A. Next, we apply Bernstein’s inequality (7.46) to 6 (M) = (P, — P) (Ksy — Ksy) .
Notice that

K (sm) (z,y) = K (si) (z,y) = (s (x) — 54 (@) (sm1 () + 84 () = 2y)
hence || K'sy — K., < SA2 Moreover, as E[Y — s, (X) |X] = 0 and E [(Y — 5, (X))? yx} <
(24)?

= A? we have

E [(Ks M (X,Y) - Ks, (X, Y))ﬂ

=B | (40Y =5 (X)) + (s (X) = 5. (X)) (s (X) = 5. (X))?]
< 8A’E [(sM (X) — 5. (X))Z]

= 8A%( (s4,511)
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and therefore, by (7.46) we have for all x > 0,

P (‘5(]\4)‘ 2 \/16A2€(8*78M)x + 8A2x> <2exp(-z) .

n 3n

By taking x = alnn, we then have

_ 16.A42 . 1 A%2a1
P(}é(M)I Z\/ 64%at (5 50r)Inm | 8 3a nn) <o, (4.32)
n n

which gives the first part of Lemma 4.2 for A, given in (4.31). Now, by noticing the fact that

2v/ab < an + by~ for all > 0, and by using it in (4.32) with a = £ (s.,s17), b = W% and
—1/2 .

n=D,,’” , we obtain

P(\a(M)\ > ”;%MU <4@+§> AQO;;“") <o (4.33)

Then, for a model M € M,, such that Axq 4 (In n)2 < Dy, we apply Lemma 4.1 and by (4.20),
it holds for all n > ng (A +, A, Aconss 1, "M Tmin, XM ),

D
(1= Liy — dwsmraamen (M) 0K oy < Efpr (M) (4:34)

1/4 1/4
where €,, = Ag max { (15—;) , (DMTIH”) ) A /Rn,DM,a}- Moreover as Dy < Apq+n (lnn)_2

by (P2), Ru.p,, < Acons (lnn)_l/2 by (4.6) and A 4 (lnn)2 < Dy, we deduce that for all
n 2> ng (AM,+7 A, Aconss M5 Omin, a/\/l)a

LAM,qu,Uminv"'M)aMEgl (M) S 1/2 .

Now, since Ky ar > 20min > 0 by (An), we have by (4.34), E[ps (M)] > @% for all
n > ng (Apm+, A, Acons: M1, "M Omin, @aq). This allows, using (4.33), to conclude the proof for
the value of Ay given in (4.31) by simple computations. H

In order to avoid cumbersome notations in the proofs of Theorems 4.2 and 4.1, when generic
constants L and ng depend on constants defined in the general set of assumptions stated in
Section 4.3.1, we will note Ligga) and ng ((GSA)).

Proof of Theorem 4.2. From the definition of the selected model M given in (4.3), M
minimizes
crit (M) := P, (Ksy, (M)) + pen (M) , (4.35)
over the models M € M,,. Hence, M also minimizes
crit’ (M) = crit (M) — P, (Ksy) . (4.36)
over the collection M,,. Let us write
C(Suy8n (M) = P (Ksy (M) — Ksy)

=P, (Ksn(M))+ P, (Ksy — Ksp (M)) 4+ (P, — P) (Ksx« — Ksp)
+ P (Ksp (M) — Ksy) — Py (Ksy) -
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By setting
p1 (M) =P (Ks,(M)—Ksyp) ,
pe (M) =P, (Ksy — Ksp (M))
§ (M) = (P, — P)(Ksy — Ksy)
and
peniq (M) = p1 (M) + p2 (M) =6 (M) ,
we have
E(050 (M) = Py (K5 (M) +p1 (M) +p2 (M) =6 (M) = P, (Ks.)  (437)

and by (4.36),
crit’ (M) = € (sx, s (M)) + (pen (M) — peniy (M)) . (4.38)

As M minimizes crit’ over M,,, it is therefore sufficient by (4.38), to control pen (M )—penl, (M)
- or equivalently crit’ (M) - in terms of the excess risk £ (sy, s, (M)), for every M € M,, in
order to derive oracle inequalities. Let §2,, be the event on which:

e For all models M € M,, of dimension D) such that Ay (In n)® < Dy, (4.10) hold and

Ip1 (M) —E[p2 (M)]| < Ligsa)en (M) E [pa (M)] (4.39)
Ip2 (M) — E[pa (M)]| < Ligsa)es (M) E [py (M)] (4.40)
15 (M) < E(S*,\/%M) + L(GSA)\}%E [ps (M)] (4.41)
‘S(M)‘ < L(gsa) < W + lnnn) (4.42)

e For all models M € M,, of dimension Djs such that Dy < A4 (In n)?, (4.11) holds
together with

- l(ss,8p)Inn  Inn

|6 (M)| < Ligsa) ( f(s su) Inn ;Lw) + n) (4.43)
Dy Vinn Inn)?

p2 (M) < L(GSA)MT < L(GSA)( n) (4.44)
Dy Vinn Inn)

p1 (M) < Ligsa)———n < L(GSA)( ) (4.45)

n n

By (4.16), (4.17), (4.18) and (4.19) in Remark 4.1, Lemma 4.1, Lemma 4.2 applied with o =
2+, and since (4.10) holds with probability at least 1—A,n~2, we get for all n > ng ((GSA)),

P(Q,) >1- Apn_2 — 24 Z nT2TOM > ] LAp,CMn_2 .
MeM,

Control on the criterion crit’ for models of dimension not too small:

We consider models M € M,, such that A4 (In n)® < Dys. Notice that (4.41) implies by
(4.15) that, for all M € M,, such that Arq. (Inn)®> < Dy, for all n > ng ((GSA)),

|3 (21)|

IN

Dy D
Liasayen (M)E [l (s, s0m) +p2 (M)]

(Inn)® Inn i
Lgsa) ( : ) x E[€(sx,80m) + p2 (M)]

IN
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so that on €, we have, for all models M € M,, such that Ay (Inn)* < Dy,

|[penig (M) — pen (M)

< lp1 (M) + p2 (M) — pen (M)| + |6 (M)

< |p1 (M) + p2 (M) — 2E [py (M)]| + 6E [p2 (M)] + Ligsa)en (M) E [l (s, s0) + p2 (M)]

< Ligsa)en (M) E[p2 (M)] + 6E [p2 (M)] + Ligsayen (M) E [€ (s«, sar) + p2 (M)]

< (0+ Ligsayen (M) E [0 (54, s0r) + p2 (M)] . (4.46)
Now notice that using (P2) and (4.6) in (4.15) gives that for all models M € M,, such that
Apm+ (Inn)® < Dy and for all n > ng ((GSA)), 0 < Ligsa)en (M) < 3. As £(sy, 5, (M)) =
0 (8w, 80) + p1 (M), we thus have on Q,, for all n > ny ((GSA)),

0 <E[l(s4,50) + pa (M)]
< (84,80 (M) + |p1 (M) — E [p2 (M)]|
Ligsaen (M)

1 — Ligsa)én (M)
- 1+ Ligsa)en (M)
T 11— Ligsa)en (M)
(14 Ligsayen (M)) £ (54, 50 (M)) . (4.47)

< (50,80 (M)) + p1(M) by (4.39)

€ (85,80 (M))

IN

Hence, using (4.47) in (4.46), we have on €, for all models M € M,, such that Ay 4 (Inn)® <
Dy and for all n > ng ((GSA)),

‘pen{d (M) — pen (M)} < (6+ Ligsa)en (M)) £ (s«,5n (M)) . (4.48)

By consequence, for all models M € M,, such that Axy (Inn)® < Dy and for all n >
no ((GSA)), it holds on Q,,, using (4.38) and (4.48),

(1 -0 — Ligsa)en (M)) £ (sx, 80 (M)) < crit’ (M) < (146 + Ligsa)en (M)) £ (s«, sn (]\/([)) )
4.49

Control on the criterion crit’ for models of small dimension:

We consider models M € M,, such that Dy < Apq (Inn)®. By (4.11), (4.43) and (4.44), it
holds on €2, for any 7 > 0 and for all M € M,, such that Dy < Ay 4 (In n)3,

|[penjg (M) — pen (M)
< p1 (M) + p2 (M) + pen (M) + |6 (M))]

Inn)? Inn)
(n)’ >+L(GSA)<

< L(gsa) + A,

(84, 1 1
(Sx, S01) nn nn)

n n

(Inn)? Inn

+T€(S*,SM) + (7’_1 + 1) L(GSA)T

< L(gsA),A,

Inn)® l
U)o 7 (50,0 (M) + (72 4 1) Liasa)— - (4.50)

< L(Ggsa),A,

Hence, by taking 7 = (Inn)~? in (4.50) we get that for all M € M, such that Dy <
Ap 4 (In n)3, it holds on €,

[perfy (M) — pen (M)| (451)
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Moreover, by (4.38) and (4.51), we have on the event €, for all M € M, such that Dy <
A./\/l,'i‘ (hl n)37

(1 ~ (In n)”) 0 (50,50 (M)) — Ligsa).a, < crit’ (M) (4.52)
n
s (In n)3
< (1 @n) ) £ (50,50 (M) + Lisa) a, (4.53)
Oracle inequalities:
Recall that by the definition given in (4.2), an oracle model satisfies
M, in {0 (s«,sn(M))} . 4.54
€ arg i {£ (.50 (M)} (154

By Lemmas 4.3 and 4.4 below, we control on {2, the dimensions of the selected model M
and the oracle model M,. More precisely, by (4.66) and (4.68), we have on €,, for any
% >n>(1- 1), /2 and for all n > ng ((GSA),n,d),

Do < nt/*m (4.55)
Dy < nl/24m (4.56)

Now, from (4.55) we distinguish two cases in order to control crit’ (]/\/[\ ) If Apy (Inn)?® <
D7 < nl/2t0 we get by (4.49), for all n > ng ((GSA)),

crit! (]\//_7) > (1 — 5 — Ligsa)én (]\7)) ¢ (s*, Sn (1\7)) . (4.57)

Otherwise, if Dz < Apq 4 (In n)?, we get by (4.52),

-2 T (ln n)3 s (A7
_ — < . .

(1 (Inn) ) l (s*, Sn (M)) Ligsa),a, = crit (M) (4.58)

In all cases, we have by (4.57) and (4.58), for all n > ny ((GSA)),
crit’ <J\/4\> > (1 —5—(In n)_2 — Ligsa) sup En (M)) L (s*, Sn (]\//7))

MEMa, Apq, 4 (Inn)3<Dpr<nt/2+n
Inn)?

—L(GSAMT( - ) (4.59)

Similarly, from (4.56) we distinguish two cases in order to control crit’ (M,). If Apgy (Inn)® <
Dy, < n'/?41 we get by (4.49), for all n > ng ((GSA)),

crit’ (My) < (146 4 Ligsa)en (My)) £ (ss, sn (M) (4.60)

Otherwise, if Dys, < Apq 4 (In n)g, we get by (4.53),

nn)3
crit’ (M,.) < (1 + (In n)”) 0 (54,50 (M) + Ligsa).a, (Inn) (4.61)
In all cases, we deduce from (4.60) and (4.61) that we have for all n > ng ((GSA),d),
crit’ (M) < [ 146+ (Inn) 2 + Lgsa) sup en (M) | € (54, sn (M)
MeMm AMy+(1Hn)3§D]M§n1/2+"/
Inn)?
+L(GSA),AT ( ) . (462)
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Hence, by setting

On = L(gsa) ¥ sup en (M)
MeMu, Ap,+(Inn)><Dpy<nl/2+n

we have by (4.15) and (4.6), for all n > ng ((GSA),n,9),

1—
(Inn) 2 +6,+6<1, (nn)>+6,< T(S

Lgsa)

"o (lnn)1/4 ’

and we deduce from (4.59) and (4.62), since -1~ < 1+ 2z for all € [0, 3), that for all
n > ng ((GSA),n,9), it holds on €,

— —2 L 3
’ (S*’ . (M)) - 146+ (lnn)_2 + 0, 0 (50250 (M) + (GSA),éTQ (Inn)
1—=6—(Inn)™" 6Oy 1-6—(lnn)" " -6, n

-2
146 5 ((lnn) -+ Gn) (ln n)3
S 1—_¢ (1_5)2 6(8*,871 (M*))+L(GSA),AT .

(4.63)

Inequality (4.13) is now proved.

It remains to prove the second part of Theorem 4.2. We assume that assumption (Ap) holds.
From Lemmas 4.3 and 4.4, we have that for any % >mn > (1-p4),/2 and for all n >
no ((GSA),C_,5_,n,9), it holds on Q,,

Aps (Inn)® < Do < nt/20 (4.64)
Aps (Inn)® < Dy, < nt/240 (4.65)

Now, using (4.57) and (4.60), by the same kind of computations leading to (4.63), we deduce
that it holds on Q,,, for all n > ng ((GSA),C_,5_,n,9),

14 (s*,sn (]\7)) < <m> C(Suy Sn (M)

1+6 50,
< +
—<1—6 (1-90)

2) 0 (50,50 (M) .

Thus inequality (4.14) is proved and Theorem 4.2 follows. B

Lemma 4.3 (Control on the dimension of the selected model) Assume that the gen-
eral set of assumptions (GSA) hold. Letn > (1—34), /2. If n > ng((GSA),n,0) then,
on the event §y, defined in the proof of Theorem 4.2, it holds

Do < nt/#n (4.66)
If moreover (Ap) holds, then for alln > ny ((GSA),C_,(3_,n,06), we have on the event Qy,,
Apmg (Inn)® < D < /200 (4.67)

Lemma 4.4 (Control on the dimension of oracle models) Assume that the general set
of assumptions (GSA) hold. Letn > (1 —4), /2. If n > ng((GSA),n) then, on the event
Q,, defined in the proof of Theorem 4.2, it holds

Dy, < nt/2m (4.68)
If moreover (Ap) holds, then for alln > ng ((GSA),C_, 5_,n), we have on the event 2y,

Ay (Inn)® < Dy, < /20 (4.69)



134 CHAPITRE 4. SLOPE HEURISTICS IN HETEROSCEDASTIC REGRESSION

Proof of Lemma 4.3. Recall that M minimizes
crit’ (M) = crit (M) — P, Ksy = € (84, 80) — p2 (M) + 6 (M) + pen (M) (4.70)
over the models M € M,,.

1. Lower bound on crit’ (M) for small models in the case where (Ap) hold : let M € M,
be such that Dy < Ap 4 (In n)3 . We then have on €,

C(se,50m) > C,A/_\,ﬁ; (Inn) "%~ by (Ap)
>0

pen (M)
Inn)?
p2 (M) < L(GSA)( ) from (4.44)
= s 1 1
6 (M) = —Lasa) ( W + r;n) from (4.43).

Since by (Ab), we have 0 < £ (s4, sp1) < 442, we deduce that for alln > ng ((GSA),C_, 3_),

—B_
C_AM,+

5 (In n) 3= (4.71)

crit’ (M) >

2. Lower bound for large models : let M € M,, be such that Dy; > n'/?*7. From (4.10)
and (4.40) we have on §,,,

pen (M) —pa (M) > (1 -6 — Ligsa)es, (M)) E [p2 (M)] .

Using (P2), (4.6) and the fact that Dy, > n'/?*7 in (4.15), we deduce that for all
n 2 ng ((GSA)J% 5)a L(GSA)sgz (M) < %(1 _5) and as by (An)7 ICI,M > 20min We

also deduce from Lemma 4.1 that for all n > ng ((GSA),n), E[p2 (M)] > @% By
consequence, it holds for all n > ng ((GSA),n,9),

U?nin DM
pen (M) —p2 (M) > 4 (1—5)7 . (4.72)
From (4.42) it holds on €,
- l(s4,8m)Inn  Inn
5 (M) > ~Ligsa, ( L L n) ~ (4.73)

Hence, as Dy > n'/?t" and as by (Ab), 0 < £(s.,sp) < 442, we deduce from (4.70),
(4.72) and (4.73) that we have on €, for all n > ng ((GSA),n,9),

crit’ (M) > (1 - 8) Ligsayn” /*17 . (4.74)

3. A better model exists for crit’ (M) : from (P3), there exists My € M,, such that v/n <
Dy < ¢riechy/n. Then, for all n > ng ((GSA),n),

Aps (Inn)® < V/n < Dagy < crigny/n < n/240

Using (Apu),
0 (S4,8015) < Con™P+/2 (4.75)
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By (4.41), we have on Q,, for all n > ny ((GSA),n),

0 (S, SMy) Inn

+ Ligsa)y—F—
Dt (GSA) Do

|6 (Mp)| < E [ps (Mo)] (4.76)

and by (4.10),
pen (Mo) < 3K [py (Mo)] .

Hence, as K17 < 6A and /£ (s«,sp,) < 442 by (Ab) and as for all n > ng ((GSA))
en (M) < 1, we deduce from inequalities (4.75), (4.76) and Lemma 4.1 that for all n >
no ((GSA),n),

|6 (Mo)| < Lgsa) (nf(m/zﬂ/‘l) +1n (n) n*3/4)

and
pen (M) < Ligsayn™/*

By consequence, we have on €, for all n > ng ((GSA),n),
crit’ (Mo) < € (s« sm,) + |6 (Mo)| + pen (Mo)
< L(GSA) (n_ﬁ+/2 + n_1/2) . (477)
To conclude, notice that the upper bound (4.77) is smaller than the lower bound given in (4.74)
for all n > no ((GSA),n,d). Hence, points 2 and 3 above yield inequality (4.66). Moreover, the
upper bound (4.77) is smaller than lower bounds given in (4.71), derived by using (Ap), and
(4.74), for all n > no ((GSA),C_, 5_,n,6). This thus gives (4.67) and Lemma 4.3 is proved.

[ |
Proof of Lemma 4.4. By definition, M, minimizes

C(SuySp (M) =L (84, 801) + p1 (M)
over the models M € M,,.

1. Lower bound on £ (s, s, (M)) for small models : let M € M, be such that Dy <
Apgy (Inn)® . In this case we have

C($uy 50 (M) > £ (54, 501) > C_AY,7 (nn) ™%~ by (Ap). (4.78)

2. Lower bound of £ (s, s, (M)) for large models : let M € M,, be such that Dy, > n!/2+1.
From (4.39) we get on Q,,

p1 (M) > (1 — Ligsa)yen (M)) E[p2 (M)] .

Using (P2), (4.6) and the fact that Dy > n'/2¥7 in (4.15), we deduce that for all
n > ng ((GSA),n), Ligsa)en (M) < % and as by (An), iy > 20min we also deduce

from Lemma 4.1 that for all n > ng ((GSA),n), E[ps (M)] > UTQ“T‘“% By consequence,
it holds for all n > ng ((GSA),n), on the event 2,

o2. D o2.
{(5; 80 (M) 2 py (M) > =in nM > iy 12+n (4.79)

3. A better model exists for £ (s, s, (M)) : from (P3), there exists My € M, such that
v < Dy < ¢richy/n. Moreover, for all n > ng ((GSA),n),

Am+ (Inn)® <V < Dagy < ciany/n < 020
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Using (Apu),
¢ (3*7 SMO) < C+n_ﬁ+/2

and by (4.39)
p1 (Mo) < (1+ Ligsayen (M)) E [p2 (Mo)]

Hence, as Ky < 64 by (Ab) and as, by (4.6) and (4.15), for all n > ng ((GSA)) it
holds &, (M) < 1, we deduce from Lemma 4.1 that for all n > ng ((GSA)), on the event
O,

Dy -
p1(Mo) < L(GSA)T < Ligsayn '/
By consequence, on €, for all n > ng ((GSA)),
g (8*7 Sn (MO)) == g (8*7 SM()) +p1 (MO)
§ L(GSA) (n_ﬁ+/2 + 7’L_1/2) . (480)
The upper bound (4.80) is smaller than the lower bound (4.79) for all n > ng ((GSA),n), and
this gives (4.68). If (Ap) hold, then the upper bound (4.80) is smaller than the lower bounds

(4.78) and (4.79) for all n > ng ((GSA),C_, 3_,n), which proves (4.69) and allows to conclude
the proof of Lemma 4.4. B

Proof of Theorem 4.1. Similarly to the proof of Theorem 4.2, we consider the event €, of
probability at least 1 — L, 4,n"? for all n > ng ((GSA)), on which: (4.8) holds and

e For all models M € M,, of dimension Dy such that Ay (In n)2 < Dy it holds
lp1 (M) — E[p2 (M)]| < Ligsayen (M) E [p2 (M)] , (4.81)
p2 (M) —E [p2 (M)]] < Ligsa)es, (M) E [pa (M)] . (4.82)

e For all models M € M,, with Dy; < Ay (Inn)? it holds

2

Inn
p2 (M) < L(GSA)( - ) (4.83)
e For every M € M,
- £(ss,sp)Inn Inn
16 (M)| < Ligsa) ( £(sx, 53 Inm + ) : (4.84)
n n
Let d € (0,1) to be chosen later.
Lower bound on Dg;. Remind that M minimizes
crit’ (M) = crit (M) — P, K s, = £ (54, 80) — p2 (M) +6 (M) + pen (M) . (4.85)

1. Lower bound on crit’ (M) for “small” models : assume that M € M,, and
DM < dAm'chn (ln n)_2

We have
C(sx,8p) +pen (M) >0 (4.86)
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and from (4.84), as £ (s«, sp1) < 4A% by (Ab), we get on 2, for all n > ng ((GSA),d),

(s 500) 1 1
(SwyS1) nn+nn>

> —d x A% Ayie, (Inn) ™2 . (4.87)

Then, if Dy > Apqs (Inn)?, as Ky ar < 64 by (Ab) and as, by (4.6) and (4.15), for all
n > ng ((GSA)) it holds L(gsa)en (M) < 1, we deduce from (4.82) and Lemma 4.1 that
for all n > ng ((GSA)),

po (M) < 2E [py (M)] < 364221 < d x 36A%A,, (Inn) "2 .
n

Whenever Dy < Apq v (Inn)?, (4.83) gives that, for all n > ng ((GSA),d), on the event
),
(In n)2 2 -2
p2 (M) < Ligsa)— — < d x 3647 Aricp, (Inn)

Hence, we have checked that for all n > ng ((GSA), d), on the event Q/ ,
—po (M) > —d x 36A% Apiep, (In0) 2 (4.88)

and finally, by using (4.86), (4.87) and (4.88) in (4.85), we deduce that on 2, for all
n > no ((GSA),d),
crit’ (M) > —d x 37TA%A e, (Inn) ™2 . (4.89)

2. There exists a better model for crit’ (M) : By (P3), for all n > ng (A +, Aricn) a model
M, € M,, exists such that

A
AM,—l— (11171)2 < mchgl < DMl
(Inn)
We then have on €,
0 (8, 801,) < Ar_lf; (In n)w+ n~ P+ by (Ap,)
p2(M1) 2 (1 - Ligsayen (M) Ep2 (M1)] - by (4.82)
pen (M) < ApenlE [p2 (M7)] by (4.8)
- Inn
|6 (M1)] < Ligsa) — by (4.84) and (Ab)

and therefore,

. Inn _5. (Inn)?%+
rit’ (M1) < (=1 + Apen + Ligsa)en (M) E [p2 (M) + Liasa)\ — + A (nﬁ)+ '
(4.90)

Hence, as —1 4+ Apen < 0, and as by (4.6), (4.15), (An) and Lemma 4.1 it holds for all
n > ng ((GSA), Apen)

1— Apen Tpin DM Opin Arich -
Ligsayen (M) < —F%  and  Elpy (M))] > 25 =5 > "2 (Inn) 2
we deduce from (4.90) that on €, for all n > ny ((GSA), Apen),
1
crit’ (My) < —= (1 — Apen) 02inAricn (Inn) 2 . (4.91)

4
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Now, by taking

1 Omin \ 2 1
0<d= (Mgu—Apen) (7) >/\2<1 (4.92)

and by comparing (4.89) and (4.91), we deduce that on €, for all n > ng ((GSA), Apen), for
all M € M,, such that Dy; < dAienn (Inn) =2,
crit’ (My) < crit’ (M)

and so
D > dAyienn (Inn) > (4.93)

Excess Risk of s, (]\/4\ ) We take d with the value given in (4.92). First notice that for all

n > ng (Am+, Arich, d) , we have dApicpn (lnn)_2 > Am+ (lnn)2. Hence, for all M € M,
such that Dy; > dAipn (Inn) ™2, by (4.6), (4.15), (P2), (An) and Lemma 4.1, it holds on €,
for all n > ng ((GSA), Apen), using (4.81),

o2. D do?. Avic _
C(sy80 (M) 2 pr (M) > =50 =2 > Zmn = (Inp) 2

By (4.93), we thus get that on €, for all n > ny ((GSA), Apen),

l (s*, Sn <J\7>> > dazmm;hidz (Inn)~2 . (4.94)

Moreover, the model My defined in (P3) satisfies, for all n > ng ((GSA)),

AM,+ (1H7’L)3 < \/ﬁ < DMO < Crich\/ﬁ

and so using (Apy),
0 (4, 8010) < CynP4/2

In addition, by (4.39),
p1 (M) < (1+ Ligsayen (M)) E[p2 (M)] .

Hence, as K1 7 < 64 by (Ab) and as, by (4.6) and (4.15), for all n > ng ((GSA)) it holds
en (M) <1, we deduce from Lemma 4.1 that for all n > ny ((GSA))

D _
p1 (M) < L(GSA)TM < Ligsa)n vz,
By consequence, for all n > ng ((GSA)),
(5er50 (M) < Ligsa (7742 +n712) (4.95)

and the ratio between the two bounds (4.94) and (4.95) is larger than In(n) for all n >
no (L(asa), Apen), which yields (4.9). B



Chapitre 5

Slope Heuristics and nonasymptotic
optimality of AIC criterion for
penalized maximum likelihood on
histograms

5.1 Introduction

This chapter is devoted to the study of some penalized maximum likelihood model selection
procedures for the estimation of density on histograms. There is a huge amount of literature
on the problem of model selection by penalized maximum likelihood criteria, even in the more
restrictive question of selecting an histogram, that goes back to Akaike’s pioneer work. In the
early seventies, Akaike [2] proposed to select a model by penalizing the empirical likelihood
of maximum likelihood estimators by the number of parameters in each model. The analysis
of Akaike [2] on the model selection procedure defined by the so-called Akaike’s Information
Criterion (AIC), is fundamentally asymptotic in the sense that the author considers a given
finite collection of models with the number of data going to infinity. This asymptotic setting is
irrelevant in many situations and thus many efforts have been made to develop nonasymptotic
analysis of model selection procedures, letting the dimension of the models and the cardinality
of the collection of models depend on the number of data. As pointed out by Boucheron and
Massart [27], it is nevertheless worth mentioning that early works of Akaike [3] and Mallows
[59] in model selection relied, although in a disguised form, on the Wilks’ phenomenon (Wilks
[88]) that asserts that in smooth parametric density estimation the difference between the
maximum likelihood and the likelihood of the sampling distribution converges towards a chi-
square distribution where the number of degrees of freedom coincides with the model dimension.
This phenomenon has been generalized by Boucheron and Massart [27] in a nonasymptotic way,
considering the empirical excess risk in a M-estimation with bounded contrast setting, and is
actually one the main results supporting the conjecture that the slope heuristics introduced
by Birgé and Massart [23] hold in some general framework, see Arlot and Massart [10]. Let us
now describe some works related to the selection of maximum likelihood estimators.

Barron and Sheu [15] give some risks bounds on maximum likelihood estimation considering
sequences of regular exponential families made of polynomials, splines and trigonometric series.
They achieve an accurate trade-off between the bias term and the variance term considering that
log-density functions have square integrable derivatives. Considering general models, Barron,
Birgé and Massart [13] give strategies of penalization in a nonasymptotic framework and derive
oracle inequalities for the Hellinger risk. In particular, the considered penalty terms take into
account the complexity of the collection of models, but as a prize to pay for generality, they

139
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involve absolute constants that may be unrealistic.

Particularizing the structure of the models to histograms, Castellan [30] proposes a modified
Akaike’s criterion that also takes into account the complexity of the collection of models, and
that lead to significant changes compared to AIC criterion in the case of large collections
of irregular partitions. She derives nonasymptotic oracle inequalities for the Hellinger and
Kullback-Leibler risks of the selected model, with leading constants in front of the oracle
only depending on the multiplicative constant in the penalty term and being optimized for a
penalty term corresponding to AIC in the case of regular histograms. But, despite the fact
that she gives optimal controls from above and from below for the mean of the Hellinger and
Kullback-Leibler risks on a fixed model (see Proposition 2.4 and 2.6 in [30]), the derived oracle
inequalities are not sufficiently sharp to recover the asymptotic optimality of AIC in the case
of regular histograms, as the leading constants are bounded away from one even if the number
of data is going to infinity. Castellan [30] also give a lower bound for the penalty term that
corresponds to half AIC penalty, when the unknown density is uniform on the unit interval and
the partitions are regular. This result seems to indicate that the slope heuristics exhibited by
Birgé and Massart [23] is satisfied in the context of maximum likelihood estimation of density,
at least when the considered models are regular histograms. Castellan [31] has also been able
to generalize her study to exponential models where the logarithm of functions are piecewise
polynomials. By distinguishing between regular and irregular partitions defining the models,
she gives significant bounds in Hellinger risk for procedures of model selection based on a
modified Akaike’s criterion. We also refer to the introduction of Castellan [30] for a state of the
art on the problem of selecting histograms, and in particular the related question of optimal
cell width in the case of regular histograms.

We show in this chapter that the slope heuristics is valid when the collection of models is
of polynomial complexity with respect to the number of data and the considered partitions
satisfy some lower regularity assumption. More precisely, we identify the minimal penalty
as half AIC penalty. For a penalty function less than the minimal one, we show that the
procedure of model selection totally misbehaves in the sense that the Kullback-Leibler excess
risk of the selected model is much larger than the oracle one, and the selected dimension
is systematically large too. On the contrary, when the penalty function is larger than the
minimal one, assuming that the bias of the models are bounded from above and from below
by a power of the number of elements in each partition, we show a nonasymptotic pathwise
oracle inequality for the Kullback-Leibler excess risk of the selected model. The assumption
on the bias of the models holds true when the unknown density is a non constant a-Holder
function. Moreover, if the penalty function is close to two times the minimal one, the leading
constant in the oracle inequality is close to one, and is even converging to one when the number
of data is going to infinity, meaning that we are close to the optimal penalty. This allows us to
show nonasymptotic quasi-optimality of AIC in this context. From a practical point of view, as
our results theoretically validate the data-driven calibration of penalty exposed by Arlot and
Massart in [10] and as the penalty shape is known in this case and is equal to the dimension of
the models, we are able to provide a data-driven model selection procedure that asymptotically
behaves like AIC procedure. Moreover, this data-driven procedure should perform better than
AIC for small numbers of data. A simulation study about this fact is still in progress.

Our analysis, that significantly differs from Castellan’s approach in [30], is based on the
concept of regular contrast exposed in Chapter 7, which is shown to be satisfied on each
histogram model. Indeed, on each model, the Kullback-Leibler divergence with respect to the
Kullback-Leibler projection of the unknown density is shown to be close to a weighted Lo (P)
norm, locally around the Kullback-Leibler projection, where P is the sampling distribution.
Our approach then relies on two central facts : under a lower regularity assumption on the
partitions, the models are equipped with a localized basis structure, and assuming moreover
that the unknown density is uniformly bounded from above, the maximum likelihood estimators
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are consistent in sup-norm, uniformly over the collection of models, and converge towards their
corresponding Kullback-Leibler projections. We notice that this notion of convergence in sup-
norm, which is essential in our methodology, is also present in the work of Castellan, slightly
disguised in the term €2, (¢) defined in Section 2.3 of [30].

Finally, histogram models of densities combine two properties : on the one hand they are
a particular case of exponential models, and on the other hand they can be viewed as the
subset of positive functions in an affine space. Our approach is based on the second property,
whereas Castellan’s one relies on the first property, taking advantage of the linear structure of
the contrasted functions. We conjecture that the slope phenomenon discovered by Birgé and
Massart in a generalized linear Gaussian model setting can be extended in the two directions
described above. In each case, one of the main task will be to prove the consistency in sup-
norm of the maximum likelihood estimators on the considered models, as further explained in
Section 5.4.

The chapter is organized as follows. In Section 5.2 we describe the statistical framework,
the considered models and we investigate in Section 5.2.3 the regular structure of the Kullback-
Leibler contrast on histogram models. We state in Section 5.3 our main results. In Section
5.4 we give arguments concerning possible developments of the two possible generalizations
described above. The proofs are postponed to the end of the chapter.

5.2 Framework and notations

5.2.1 Maximum Likelihood Estimation

We assume that we have n ii.d. observations (i, ...,&,) with common unknown law P on
a measurable space (Z,7) and that £ is a generic random variable of law P on (Z,7) and
independent of the sample (&1, ...,&,). We also assume that there exists a known probability
measure 4 on (Z,7) such that P admits a density s, with respect to p :

_dp
e

Sx

Our goal is to estimate the density s,.
For a measurable suitable integrable function f on Z, we set

Pf="P(f)=E[f (&)
uf=u(f)=/zfdu
and if

1 n
P, = ﬁz(s&
=1

denote the empirical distribution associated to the data (&1, ..., &),
1 n
Pof =Pulf) =23 f(&) -
i=1

Moreover, taking the convention In (0) = —oo and defining the positive part as (z), = x V0,
we set

S:{S:Z—>R+; /sduzlandP(lns)+<+oo} . (5.1)
Z

We assume in the sequel that the unknown density s, belongs to S. In fact, in order to derive
our results, we will assume in Section 5.3 that s, is uniformly bounded away from zero and
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uniformly upper bounded on Z. For now, note that since P (Ins,)_ < +oo and s, € S, we
have P |In (s«)| < +00. Moreover, the Kullback-Leibler contrast K is defined on S to be

K:seS+—(z€ Z— —1n(s(2)))

and thus the risk
PK (s) = P(Ks) = PKs= P(Ins)_ — P(Ilns),

as well as the excess risk
l(s4,8) = P(Ks)— P(Ksy) =P (Ks— Ksy)
are well defined on § and can be possibly infinite. Now, for two probability distributions P, and

P, on (Z,T) of respective densities s and ¢ with respect to p, the Kullback-Leibler divergence
of P, with respect to Ps is defined to be

Szl (95 ) dPi = [yshn (3)dp if P < P

(5.2)
400 otherwise.

’C(P&Pt):{

By misuse of notation we will denote K (s,t) rather than IC (Ps, P;) and by Jensen inequality
we notice that K (s, t) is a nonnegative quantity, equal to zero if and only if s = ¢ p-a.s. Hence,
for any s € S, the excess risk £ (s, s) satisfies

l(s4,8) =P (Ks— Ksy)

= /Zln (S—S*) Sxd

=K (84,8) >0 (5.3)

and this nonnegative quantity is equal to zero if and only if s, = s u — a.s. We thus deduce
that the unknown density s, is uniquely defined by

.= in{P (-1
s argrsrélél{ (—Ilns)}

= arg Isrgg {PK (s)} . (5.4)

For a subset M C S, we define the maximum likelihood estimator on M , whenever it exists,
by

Sm (JTJ) € argmin { P, Ks} (5.5)
seM

:argmm{;Z—ln@(m)} .

seM (7" =1

Finally, for any s € Lo (P), we denote by

1/2
Isll, = ( / stP)
Zz

its quadratic norm.
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5.2.2 Histogram models

The models M that we consider here to define the maximum likelihood estimators as in (5.5)
are subsets of linear spaces M made of histograms. More precisely, for a finite partition Ajs of
cardinality |Aps| = Dy, we set

M=Ss= Y Bilr;B8=(B)es, €R™
IeAy

the linear vector space of piecewise constant functions with respect to Aj; and we assume that
any element I of the partition Ajs is of positive measure with respect to u :

forall I € Ay, p(I)>0. (5.6)

By misuse of language, the space M is also called “model” or “histogram model”. The linear
dimension of M is equal to Djs. In addition we associate to the model M the subset M of the
functions in M that are densities with respect to u,

M:{SGM;SZOand/sduzl}.
Z

As the partition Ay is finite, we have P (Ins), < +oc for all s € M and so M C S. Hence, by

(5.5), we can associate to M the maximum likelihood estimator s, (M ) and in the following

we denote it s, (M) rather than s, (M > We state in the next proposition some well-known

properties that are satisfied by histogram models submitted to the procedure of maximum
likelihood estimation (see for example Massart [61], Section 7.3).

Proposition 5.1 Let

_ P(I)
SM_IGEA:MM(I) 1;. (5.7)

Then spr € M and sy s called the Kullback-Leibler projection of s. onto M. Moreover, it
holds
sy = argmin P (Ks) . (5.8)
seM
The following Pythagorean-like identity for the Kullback-Leibler divergence holds, for every
seM,
K (S,8) = K (8, 5Mm) + K (spr, 8) - (5.9)

We also have the following formula

sn(M)= > Fn (If)h, (5.10)

e ed)

and so the mazximum likelihood estimator on M is well defined and corresponds to the classical
histogram estimator of s, associated to the partition Ayy.

Remark 5.1 Histogram models are special cases of general exponential families exposed for
example in Barron and Sheu [15] (see also Castellan [31] for the case of exponential models of
piecewise polynomials). The projection property (5.9) can be generalized to exponential models
(see Lemma 3 of [15] and Csiszdr [34]).
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Remark 5.2 As by (5.8) we have
P (Ksy — Ksy) =K (s4,5M)

and for any s € ]\7,
P (Ks— Ksy) = K (84,5)
we easily deduce from (5.9) that the excess risk on M is still a Kullback-Leibler divergence, as
we then have for any s € M,
P(Ks—Kspy)=K(sm,s) - (5.11)

Moreover it is easy to see using (5.10) that the maximum likelihood estimator on a histogram
model M is also the least-squares estimator.

As explained in Chapter 7, we shall ask for a particular analytical structure of the considered
models in order to derive sharp upper and lower bounds for the excess risk on each model of
reasonable dimension. Namely, we require here that the models are fulfilled with a localized
basis structure with respect to the Lo (P) norm. As stated in the following lemma, this property
is available when the unknown density of data is uniformly bounded away from zero and when
the partition Ay related to the model M satisfies some lower regularity property with respect
to the measure of reference pu.

Lemma 5.1 Let Apin, Ax > 0. Let Apr be some finite partition of Z and M be the model of
piecewise constant functions on the partition Ays. Assume that

inf * > min inf Z . A
inf s (2) > Amin >0 and DMIéI/l&M'u(I) Apr >0 (5.12)

Set ry = (AminAA)fl/2 and define, for all I € Ay,
pr=(P ()1
Then the family (¢1)rep,, i an orthonormal basis of (M, Lz (P)) that satisfies, for all 3 =

(ﬁ])[eAM € RDM;

Z Brorl| < ruv/Dar |8l (5.13)

IeAy o0

where |(|, = max {|6r] , I € Apy}. As a consequence,

sup  ||8|lo vV Dur - (5.14)
seEM, ||s]|y<1

The proof of Lemma 5.1 is straightforward and can be found in Section 5.5.1.

5.2.3 Regularity of the Kullback-Leibler contrast

Our goal is to study the performance of maximum likelihood estimators, that we measure by
their excess risk. So we are interested in the random quantity P (Ks, (M) — Ks,). Moreover,
since we can write

P(Ksp, (M) —Ks,) =P (Ks,(M)— Ksy)+ P (Ksy — Ksy)
and since the bias P (K sy — Ks,) is deterministic, we focus on the quantity

P (Ksp(M)—Ksy) >0,
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that we want to bound in probability. We will often call this last quantity the excess risk of
the estimator on M or the true excess risk of s,, (M), by opposition to the empirical excess risk
for which the expectation is taken over the empirical measure : P, (Ksy — Ksy, (M)) > 0.
We notice that by Proposition 5.1, the excess risk of the maximum likelihood estimator on M
is still a Kullback-Leibler divergence if M is a model of histograms, as we have

P(Ksp(M)—Ksy) =K (spysn(M)) .
The following lemma provides an expansion of the contrast around sp; on M as the sum of a

linear part and a second order part which behaves as a quadratic. This is an example of what
we call more generally a regular contrast, see Section 2.2 of Chapter 2.

Lemma 5.2 Assume that

i * > min .

Zuelgs (2) > Amin >0 (5.15)
and consider s € M such that

HS - SMHOO < Anin - (5.16)

Then we have inf.cz s(z) > 0 and it holds for all z € Z,

(K9) ()~ (o) () = s () s = o) () 40 ((52) ) 5D

M

with
1

sy (2)

Y1 (2) = —

and, for all t € (—1,+00),
ba () =t —In(1+1) .

SM
of the contrast (5.17) indeed behaves like a quadratic term, when the unknown density is

uniformly bounded from below and elements s — sy, are sufficiently small in sup-norm.

The two following lemmas ensure that the remainder term ((m) (z)) in the expansion

Lemma 5.3 Let 0 € [0, Amin/2]. Assume that

inf s, (2) > Amin >0 . (5.18)
zEZ

Then, for all z € Z and s € M such that |(s — spr) (2)| < 6, it holds

S — Sum 0 1
< < —
’( SM >(Z) _Amin_2
and for all (x,y) € [—ﬁ, ﬁ},
20
2 (@) =d2 (Y < T— e —y| - (5.19)

Lemma 5.3 allows us in the Technical Lemmas of Section 5.5.5 to apply the contraction principle
given in Theorem 7.4 of Chapter 7 in order to control the second order terms.

Now, the following lemma states that if s is close to s;; in sup-norm, then the Kullback-Leibler
divergence is close to a weighted Lo (P) norm.
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Lemma 5.4 Assume that

i > ; . .
2122 S5 (2) > Amin > 0 (5.20)

Let 6 > 0 such that

0<6§A;“n.

Then for all s € M such that ||s — sy, < 0, we have inf.czs(z) > 0, and if moreover
fz sdp =1 then s € M and it holds

1 7 20
2 3Amin

The proofs of Lemmas 5.3 and 5.4 are postponed to Section 5.5.1.

2
S— Sy

2<1c< )= P(Ks— Ksy) < (2422
2_ SM,S) = S SM) > 9 3Amin

R
(5.21)

SM SM

5.3 Results

We state here our main results. In Section 5.3.1, we investigate the convergence in sup-norm
of the histogram estimators towards the Kullback-Leibler projections. This will be needed to
derive the sharp upper and lower bounds in probability for the true and empirical excess risks
of Section 5.3.2. Finally, the results obtained in a model selection framework are stated in
Section 5.3.3.

5.3.1 Rates of convergence in sup-norm of histogram estimators

In order to handle second order terms in the expansion of the contrast (5.17) we show that the
histogram estimator s, (M) is consistent in sup-norm towards the Kullback-Leibler projection
syr- More precisely, for models having a not too large dimension, the following lemma ensures
the convergence in sup-norm of s, (M) towards s); at the rate

Dyl
Rn,DMOU/MTnn-

Proposition 5.2 Let o, Ay, Ax, Apn > 0. Consider the linear model M of histograms defined
on a finite partition Ay of Z, with |Ayr| = Dy its linear dimension. Assume

Isllo < Ay < 400 (5.22)
. < '
Dy inf (1) = Ay >0, (5.23)
and n
Dy <

<n
+(1nn)2 N

Then a positive constant A, exists, only depending on A, A, Ay and « such that

Dylnn
P llsn (M) = salloo > Aey| ==

In Proposition 5.2, we need to assume that the target s, is uniformly bounded from above
over Z, in order to derive the consistency in sup-norm of the histogram estimator towards the
Kullback-Leibler projection sp;. This rather strong assumption can be avoided by normalizing
the difference between the histogram estimator and the Kullback-Leibler projection by the

<o (5.24)
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latter quantity. The rate of convergence of the sup-norm of the normalized difference is the

same as in Proposition 5.2, that is
DM Inn
n 9

but we assume in Proposition 5.3 that the target s, is uniformly bounded away from zero over
Z.

Proposition 5.3 Let a, Ay, Amin, Ap > 0. Consider the linear model M of histograms defined
on a finite partition Ay of Z, with |Apr| = Dy its linear dimension. Assume

3 > . .
Zlgg S (Z) > Amin > +00 , (5 25)
Dy inf I)> Ap >0 5.26
a inf ) > Ar >0, (5.26)
and
n
Dy<Ai——<n.
(Inn)

Then a positive constant A, exists, only depending on Ax, Amin, A+ and o such that

Sp (M) — sy - I[Dylnn
SM o ¢ n

As claimed in Remark 5.3 below, Proposition 5.3 indeed suffices in the proof of Theorem 5.1
to handle the second order terms appearing in the expansion of the contrast (5.17).

P

<om . (5.27)

The proof of Proposition 5.2 can be found in Section 5.5.2.

5.3.2 True and empirical risks bounds

In this section, we fix the linear model M made of histograms and we are interested by upper
and lower bounds for the true excess risk P (Ks, (M) — Ksy) on M and for its empirical
counterpart P, (Ksy — Ks, (M)). We show that under reasonable assumptions the true ex-
cess risk is equivalent to the empirical one, which is one of the keystones to prove the slope
phenomenon and the optimality of AIC that we state in Section 5.3.3.

Theorem 5.1 Let o, Ay, A_, Amin, A, Ay > 0 and let M be a linear model of histograms
defined on a finite partition Apr. The finite dimension of M is denoted by Dys. Assume that

< . .
0 < Amin < ;225 (2) , (5.28)
sl < Av < +00 (529
0< Ax < Dy inf p (1) (5.30)
IEAM

and

0<A_ (Inn)*>< Dy <A S <n
(Inn)

Then a positive constant Ag exists, only depending on o, A_, Ay, Ay, Amin and Ap, such that

by setting
1 /4 /p 1/4
6nUM)::A0max{(]Tn> ,<”fn”> , (5.31)
DM n
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we have, for all n > ng (Ay, A_, Anin, Ax, @),

P [P (Ksp (M) — Ksp) > (1 — e, (M)) Dl‘gn_ ! >1—6n"", (5.32)
P [P (Ksp (M) — Ksp) < (14, (M)) D]‘gn_ 1 >1—6n"", (5.33)
P [Pn (Ksy — Ks, (M)) > (1 -2 (M)) D]gn_ 1 >1-—2n"", (5.34)
P [Pn (Ksy — Ksp (M) < (147 (M)) Dl‘;n_lz >1—4n"° . (5.35)

In the previous Theorem we achieve sharp upper and lower bounds for the true and empirical
excess risk on M. They are optimal at the first order since the leading constants are equal
in upper and lower bounds. Moreover, Theorem 5.1 establishes the equivalence with high
probability of the true and empirical excess risks for models of reasonable dimension.

Castellan [30] also asks for a lower regularity property of the partition, for example in Propo-
sition 2.5 where she derive a sharp control of the Kullback-Leibler excess risk of the histogram
estimator on a fixed model. More precisely she assumes that there exists a positive constant

B such that (1)’
i nn
Ig/l\f;w w(l)>B . (5.36)
This latter assumption is thus weaker than (5.30) for the considered model as its dimension
Dy is less than the order n (Inn) 2. We could assume (5.36) instead of (5.30) in order to derive
Theorem 5.1. This would lead to less precise results for second order terms in the deviations
of the excess risks but the first order bounds would be preserved. More precisely, if we replace
assumption (5.30) in Theorem 5.1 by Castellan’s assumption (5.36), a careful look at the proofs
of Lemma 5.1, Proposition 5.2 and Theorem 5.1 show that the conclusions of Theorem 5.1 are
still valid for
en = Ao (In n)71/4

where Ay is some positive constant. Thus assumption (5.30) is not a fundamental restriction in
comparison to Castellan’s work [30], but it leads to more precise results in terms of deviations
of the true and empirical excess risks of the histogram estimator.

Remark 5.3 In the proof of Theorem 5.1 given in Section 5.5.8 and relying on the technical
lemmas given in Section 5.5.5, we localize the analysis on the subset

BvLe) <5M7Rn,DM,a> = {S €M, |s—smll < Rn,DM,a} ,

where Rn,DM,a = Acc/Dyn~—lInn is defined in (5.78). This is possible by using Propostion
5.2, which states the convergence of ||sy (M) — syl towards zero at a rate proportional to
V' Dyn~tInn with high probability. Considering Proposition 5.3, where we establish the con-

vergence of ||(sn (M) — sar) /smll o towards zero, again at a rate proportional to \/Dym~11Inn
with high probability, we can rather localize the analysis on the subset

S —SMm ~
| <hu)
SM 00

{SGM,

The gain is that in Proposition 5.3 - on contrary to Proposition 5.2 - we do not have to assume
that the target s, is uniformly bounded from above over Z. Hence, a careful look at the proof of
Theorem 5.1, and especially at the proofs of Lemmas 5.2, 5.3 and 5.4 given in Section 5.5.1 and
the proofs of Lemmas 5.9, 5.10, 5.11 and 5.12 given in Section 5.5.5, show that we can make
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straightforward modifications in order to recover results of Theorem 5.1 - with different values
of the constants - without the assumption (5.29) of uniform boundedness of the target s, on Z.
More precisely, the other assumptions of Theorem 5.1 would stay the same, and assumption
(5.29) would be replaced by the much weaker moment condition

P(lnsy), <+oo,

ensuring that s, € S. The same remark apply to Theorem 5.2 below.

We turn now to upper bounds in probability for the true and empirical excess risks on models
with small dimensions. Our aim here is not to compute sharp constants. In fact, information
given by Theorem 5.2 suffices to our needs as we use it in the proofs of the results stated in
Section 5.3.3 in order to control model selection procedures for small models.

Theorem 5.2 Let a, Ay, Amin, A, Ax > 0 and let M be a linear model of histograms defined
on a finite partition Ayr. The finite dimension of M is denoted by Dys. Assume that

0 < Apin < inf s, (2) (5.37)
z2€EZ
Iulle < Au < +o0 (5.39)
0 < Apr < Dy inf p (1) (5.39)
TeAn

and n
1<Dy<Ar——5<n.
(Inn)
Then a positive constant A, exists, only depending on o, As, Ax, Amin, Ap, such that for all
n > ng (A+, A*, Amina AA7 Oé),

P {P (Ksn (M) — Ksy) > AuDvmn] <30, (5.40)

n

and Dyl
P [Pn (Ksy — Ksp (M)) > Auvn”} <3 (5.41)

n

The proofs of Theorems 5.1 and 5.2 can be found in Section 5.5.3.

5.3.3 Model Selection

We study in this section the behavior of model selection procedures by penalization of histogram
estimators of the density s,. Under reasonable assumptions stated below, we derive in Theorem
5.4 a pathwise oracle inequality for the Kullback-Leibler excess risk of the selected estimator,
with constant almost one in front of the excess risk of the oracle when the penalty is close to
Akaike’s one. Our result thus establishes in this case the nonasymptotic quasi-optimality of
AIC procedure with respect to the Kullback-Leibler risk. This is an improvement of results of
Castellan [30] in the case of “small” collections of models.

Moreover, we validate the slope heuristics first formulated by Birgé and Massart [23] and
extended by Arlot and Massart [10]. Indeed, we show in Theorem 5.3 that if the chosen penalty
is less than half of Akaike’s penalty then the model selection procedure totally misbehaves.
More precisely, the excess risk of the selected estimator is much bigger than the one of the
oracle and the dimension of the selected model also explode. This jump of dimension can
be exploited in practice to derive a data-driven procedure of calibration of AIC penalty, as
explained in Arlot and Massart [10]. This improvement should lead to better performances,
at least when the number of data is “small”. A comparison, based on simulations, of AIC



150 CHAPITRE 5. SLOPE HEURISTICS IN MLE

procedure and the calibration of the linear shape of the optimal penalty via the slope heuristics
is still in progress.

Let us now define the model selection procedure. Given a collection of models M, with
cardinality depending on the number of data n and its associated collection of maximum
likelihood estimators

and a nonnegative penalty function pen on M,
pen: M € M,, — pen (M) € Rt
the output of the procedure, also called the selected model is

]/W\E min {P, (K M + pen M)} 5.42
arg Me}vln { P (Ksn (M)) en (M)} ( )
The target of the model selection procedure is

M, € arngiAI/ll {P(Ks,(M))}
cEMn

and the associated M-estimator s,, (M,) is called an oracle. Let us now state the set of assump-
tions.

Set of assumptions (SA)

(P1) Polynomial complexity of M,, : Card (M,,) < cpnM.

(P2) Upper bound on dimensions of models in M,, : there exists a positive constant Axq 4
such that for every M € M,

n

Dy <A
M= /\/l’+(11r1n)2

<n. (5.43)

(P3) Richness of M,, : there exist My, My € M, such that Dy, € [v/n, Crichy/n] and Dy >
Arichn (h’l n)_2 :

(Abd) The unknown density s, is uniformly bounded from below and from above : there exist
some positive finite constants A, A+ such that,

[|8]] oo < Ax < 00 (5.44)
and
inf s, (2) > Amin > 0. (5.45)

z€EZ

(Apy) The bias decreases as a power of Dy : there exist 54 > 0 and Cy > 0 such that

C(su,500) < CLDPF

(Alr) Lower regularity of the partition with respect to p : A positive finite constant Ax such
that, for all M € M,

i > . .
DMIéI}\f;Wu(I)_AA>0 (5.46)
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Theorem 5.3 Under the set of assumptions (SA) defined above, we further assume that for
Apen € 10,1) and A, > 0, we have with probability at least 1 — Apn_2, for all M € M,

Dy —1

0 <pen(M) < Apen 57y

(5.47)

Then there exist two positive constants Ay, Ao independent of n such that, with probability at
least 1 — A1n=2, we have for n > ng ((SA), Apen),

Dy > Aanln (n)~2

and
e(*, (M))>1 inf {0 (5., 50 (M)} .
sevsn (V1)) 2 m(n) | inf {0 (52,50 (M)}
In Theorem 5.3 stated above we prove the existence of a minimal penalty, which is half of AIC.
It thus validate the first part of the slope heuristics. Moreover, by Theorem 5.1 of Section
5.3.2, we see that for models of dimension not too small we have, with high probability,
Dy —1

P, (Ksy — Ksp (M)) = o

In fact, a careful look at the proof of Theorem 5.3 - which follows from arguments that are
essentially the same as those of the proof of Theorem 4.1 - shows that, by Lemma 5.6 of Section
5.5.4, we can replace the condition (5.47) by the following one,

0 <pen (M) < ApenE [P, (Ksy — Ksy (M))] .

This latter formulation is also interesting because it presents our results as a particular case of
the general statement of the slope heuristics given by Arlot and Massart in [10].

Theorem 5.4 Assume that the set of assumptions (SA) hold together with

(Ap) The bias decreases like a power of Dy : there exist f— > B4+ >0 and Cy,C_ > 0 such
that
C_D,J~ < l(swsm) < CyD* .

Moreover, for § € (O7 %) and L > 0, assume that an event of probability at least 1 — Apn*2

exists on which, for every model M € M,, such that Dy > Ap 4 (In n)z,

Dy —1 Dy —1

(1-9) < pen (M) < (1+9) (5.48)
Then, for % >n > (1—B1), /2, there exists a constant Az and a sequence
6, = sup {gn (M) : Ay (Inn)® < Dy < n77+1/2} < Lea
MeM,, ’ 7 B B ~ (Inn)Y4
such that with probability at least 1 — Azn=2, it holds for all n > ng ((SA),C_,3_,n,6),
D]/\/[\ < n”]+1/2
and 5 0
—~ 142 560,
0 (s,,80 (M)) < { (50,50 (M) . 5.49
(S s < )) (1—25+(1—25)2) (84,80 (M.)) (5.49)
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Theorem 5.4 states that if the penalty is more than half AIC for models of reasonable dimen-
sion then the model selection procedure achieve a nonasymptotic oracle inequality. Moreover,
we prove the nonasymptotic quasi-optimality of the selected histogram estimator when the
empirical excess risk is penalized by Akaike’s criterion, which corresponds to the case where
0 = 0. Indeed, we derive in (5.49) a nonasymptotic pathwise oracle inequality with leading
constant almost one. So Theorem 5.4 validates the second part of the slope heuristics. In order
to recover the general formulation of the slope heuristics given by Arlot and Massart, we could
replace the condition (5.48) by the following one

2 (1= 8)E[P, (Ksys — K, (M))] < pen (M) < 2 (14 0) E[P, (Ksys — K, (M))]

and the conclusions of the theorem would be exactly the same.
The proofs of Theorems 5.3 and 5.4 can be found in Section 5.5.4.

Comments

Let us now comment on the set of assumptions (SA) . Assumption (P1) states that the
collection of models has a “small” complexity, more precisely a polynomially increasing one.
For this kind of complexities, if one wants to perform a good model selection procedure for
prediction, the chosen penalty should estimate the mean of the ideal one on each model. Indeed,
as Talagrand’s type inequalities for the empirical process are pre-Gaussian, they allow to neglect
the deviations of the quantities of interest from their mean, uniformly over the collection of
models. This is not the case for too large collection of models, where one has to put an extra-log
factor depending the complexity of the collection of models inside the penalty, see for example
[30] and Massart [61].

The assumption (5.45) stating that the unknown density is uniformly bounded by below can
also be found in the work of Castellan [30]. The author assumes moreover in Theorem 3.4
where she derives an oracle inequality for the Kullback-Leibler excess risk of the histogram
estimator, that the target is of finite sup-norm as in inequality (5.44). But in the case of the
Hellinger risk this assumption is replaced in [30] by the weaker assumption that the logarithm
of the unknown density s, is square integrable with respect to the sampling distribution.

In assumption (P3) we assume that we have a model M of reasonable dimension and a model
M, of high dimension. We demand in (Ap,,) that the quality of approximation of the collection
of models is good enough in terms of bias. More precisely, we require a polynomially decreasing
of excess risk of Kullback-Leibler projections of the unknown density onto the models. For a
density s, uniformly bounded away from zero, this is satisfied when for example, Z is the unit
interval, u = Leb is the Lebesgue measure on the unit interval, the partitions A,; are regular
and the density s, belongs to the set H (H, «) of a-hdlderian functions for some a € (0,1] : if
f € H(H,q), then for all (z,y) € Z2

1f (@) = f ()l < H |z —y|* .

In that case, B+ = 2« is convenient and when the chosen penalty is more than half AIC in our
case, the procedure is adaptive to the parameters H and «, see Castellan [30].

In assumption (Ap) of Theorem 5.4 we also assume that the bias £ (s4, spr) is lower bounded
by a power of the dimension Dj; of the model M. This hypothesis is in fact quite classical as
it has been used by Stone [67] and Burman [29] for the estimation of density on histograms
and also by Arlot and Massart [10] and Arlot [7], [5] in the regression framework. Combining
Lemma 1 and 2 of Barron and Sheu [15] we can show that

Sx — 2
;6—3Hln(SM)HOO/deu < 0(ss,50)
*
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and thus assuming (Abd) we get

A?nin 2
5 A / (sar — 8x) dp < L(s4,80M) -
x JZ

Now, since in the case of histograms the Kullback-leibler projection sys is also the Lo (u)
projection of s, onto M, we can apply Lemma 8.19 in Section 8.10 of Arlot [4] to show that
assumption (Ap) is satisfied for 3_ = 14+a !, in the case where Z is the unit interval, 4 = Leb
is the Lebesgue measure on the unit interval, the partitions Aj; are regular and the density s,
is a non-constant a-holderian function.

5.4 Two directions of generalization

We present here two possible generalizations of the results exposed in Section 5.3. Models of
piecewise constant densities have the particular property of been exponential models as well
as the subset of positive functions in an affine space and we expose below strategies to extend
our results in these two directions.

We first notice that the proofs of Theorems 5.3 and 5.4 of model selection follow from straight-
forward adaptations of the proofs of Theorem 2 and 3 in Arlot and Massart [10], only using the
results given in Theorems 5.1, 5.2 and Lemmas 5.6 and 5.7 of Section 5.5.4 where the quantities
of interest can be defined for more general models than histograms. For this reason, the proofs
given in Arlot and Massart [10] give some general algebra to derive the properties of the slope
heuristics considering a small collection of models and the main task is thus to deal with some
fixed model. Theorems 5.1 and 5.2 respectively provide with a sharp control of the excess risk
and the empirical excess risk for models of dimension not too large and not too small, and a
control of the same quantities for models of small dimension. In Lemma 5.6 we derive a sharp
control of the empirical excess risk in mean for models of reasonable dimension and in Lemma
5.7 we bound the difference between the bias and its empirical counterpart.

In the following, we emphasize on generalizations of Theorem 5.1. In fact, Lemma 5.7 that
follows from Bernstein inequality can be easily extended to more general models and Lemma
5.6 is a straightforward corollary of Theorem 5.1. Moreover, Theorem 5.2 directly follows from
the convergence in sup-norm of maximum likelihood estimators at the rate \/DjysIn (n) /n as
derived in the case of histograms in Proposition 5.2.

5.4.1 Affine spaces

We intend to point out here that results of Theorem 5.1 may be extended to more general
linear models M than piecewise constant functions. Let us set

Dy
M = {s =S Bupr s = (BOP € RDM} (5.50)

k=1

the vector space of dimension D), spanned by the basis (ka)f:Ml that we assume to be or-

thonormal in Ly (P). We also set the subset M of the functions in M that are densities with
respect to u,

M:{SGM;S>0and/sdu:1},
Z

and consider that the maximum likelihood estimator on M exists, denoted by sy, (M).

The proof of Theorem 5.1, that we give in Section 5.5, relies on purpose on more general
arguments than the ones strictly needed in the case of histograms. More precisely, using
explicit formula 5.7 and 5.10 for the Kullback-Leibler projection and the histogram estimator,
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we could have avoid the use of the slices in excess risk defined in (5.87) and (5.88) by controlling
the excess risk and the empirical excess risk directly on the estimator. But our aim is to point
out the generality of the method, and a careful look at the proof of Theorem 5.1 shows that
for more general models as in (5.50), we achieve the same bounds for the excess risks (with
different values of constants) if the five following points are satisfied :

e The target s, is uniformly lower and upper bounded : for A, As > 0,

0 < Anin < iggs* (2) <184l < As < +00
z

e The model is of reasonable dimension : A_ (Inn)? < Dy < Ay n.

n
(Inn)? <

. (gpk)kD:Ml is a localized orthonormal basis in (M, La (P)) : for some rjs > 0,

Dy

Zﬂk%pk <ruvDum|Bl, - (5.51)
k=1

o0

e The Kullback-Leibler projection sy is well-defined and the excess risk is, locally around
sy, close to the weighted Lo (P) norm : positive constants Ay and Ly exist such that,
if ||s — spmrlloo <0 < Ay then

()

e The maximum likelihood estimator is consistent towards the Kullback-Leibler projection
sy at the rate \/Dysln(n) /n : for any a > 0, positive constants A. and L. exist such

that
Dylnn
P [Hsn (M) = sl > Agy | 2L

Note that the assumption of lower regularity of the partition of Theorem 5.1 in the case of
histograms, stating that Dpysinfrep,, p(I) > Apx > 0 for some Ap > 0, is replaced here by
the more general assumption of localized basis (5.51). It is easy to see using Lemma 5.1
that the two properties are equivalent in the case of histograms. Moreover, Property (5.52)
is based in the case of histograms on the Pythagorean-like identity (5.9) given in Proposition

2
S — SMpm
SM

S — SMpm
SM

2
1
<P(Ks—Ksy) < (2 + LH6> (5.52)

2

2

< Len™® . (5.53)

5.1 and remains a work in progress for more general models M. In Csiszar and Matus [35],
general conditions are given under which Pythagorean-like identities for the Kullback-Leibler
divergence hold true. In their terminology, the Kullback-Leibler projection is called “reverse
I-projection”. Among other results, they show Pythagorean-like identities in the context of
convex sets, a property that is satisfied for M, but considering the “I-projection” rather than
the “reverse I-projection”. Nevertheless, generalized reverse I-projections onto convex sets of
probability measures can be found in Barron [12]. Property (5.53) remains an open issue for
general linear models as well.

5.4.2 Exponential models

In this section, we briefly describe how our strategy of proofs, based on the notion of regular
contrast, can be adapted to derive sharp bounds for the excess risks in the case of exponential
models and possibly recover the slope heuristics in good cases. This work is still in progress.
Let us set

Dy
M = {t = B B= (B € RDM}
k=1
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the linear vector space of dimension D), spanned by the basis (¢y) kD 2, that we assume to be
orthonormal in Ly (P). We assume that the constant function 1 € M and that M C Lo (1).
Then we set the associated exponential model M, defined to be

M:{s:exp(t) ;t € M and /sduzl}
z

and consider the maximum likelihood estimator s, (M > on M. It is well-known (see for

example Barron and Sheu [15] and also Csiszar and Matus [35]) that in this case s, (M) exists
with high probability as a solution of a family of linear constraints, and its uniqueness is a
familiar consequence of the strict convexity of the log-likelihood. It is also well-known (see
Lemma 3 of Barron and Sheu [15]) that the unknown density s, has a unique Kullback-Leibler
projection s;ron M , characterized by the following Pythagorean-like identity,

K (s, 8) = K (54, M)+IC( ,S) .

This property is essential, as it follows that the excess risk on M is the Kullback-Leibler
divergence with respect to the Kullback-Leibler projection s+

P(KS—KSM) :IC(S

M’
i 5)

and by consequence, we can relate the excess risk on M to the Ly (P) norm in M, due to the
following lemma of Barron and Sheu [15].

Lemma 5.5 (Lemma 3, [15]) Let p and q be two probability density functions with respect
to p such that |[In(p/q)|| o is finite. Then it holds

2
q

2
K (p,q) < %e”ln(p/q)’c”oo /p (lnp - c> dp
q

where c is any constant.

and

Hence, we have for any s € M,

1 _ In(s/s— S ?
0< e [ (s/55) oo /SM (m ) dp < P (Ks — Ks;) (5.54)

< Lelm(s/sy )Hm/s]\7 (lni)2du. (5.55)

o (1)

STf Inn
o0

M

Now, if we can show that

N

ln cons

IN

7

for some positive constant Acons and for all n sufﬁciently large, we can restrict our study to the
subset of functions in M satisfying Hln (s /8 ) H C""; by the same type of arguments that
are given in Section 7.3 of Chapter 7 - and so we have on this subset of interest, by inequalities

(5.54) and (5.55),
1 s \2
P(KS—KSM)N§ STf ln% du
1 s |12 1/ < s>2
+ = (s~—s*) In— | dp .
g 2 M Syt

4l
2 SM
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Moreover, for the right-hand term in the latter identity, it holds

[ 550 (ms;f’ﬁ)?dﬂ <

which should be negligible in front of the weighted Lo (P) norm % Hln =
M

2
‘ if the considered
2

model M has a small bias in sup-norm and if the unknown density is uniformly bounded away
from zero, in order to upper bound |||, () by [I*l1,(p)- Under the right assumptions on the
smoothness of the target s, and a suitable choice of M the assumption on the bias of the
model should be satisfied if at least its dimension is not too small ( a power of Inn should
be again sufficient in many cases). The importance of a control in sup-norm for the bias of
the models in maximum likelihood estimation of density has been pointed out by Stone [68]
considering log-splines models. The author provides with a sharp control of the bias in sup-norm
in this case, a work that should be inspiring for other situations and also in order to prove

. . n M .
the consistency in sup-norm of In (88(~)> By consequence, we can conjecture that under
M

reasonable assumptions, the weighted Lo (P) norm described above is a good approximation
of the excess risk on M for a model M of dimension not too small and it has the convenient
property to be Hilbertian : on a subset of interest on M,

1

2

>

Hlns—lnsMHZ (5.56)
Sarlla

where In (s) and In (s5;) belong to M.

Let us explain now how to take advantage of (5.56) for exponential models. The arguments
given below are close in the spirit to arguments of Chapter 7, considering the log-linearity of
exponential models, or in other words the linearity of the contrasted functions. If we set

tMZIHSMGM

and for any r > 0,

n (r) = E sup (P = Po) (t = tan)||
teM, |[t—tar||3=2r
J exp(t)du=1

then, as claimed in Chapter 7, we can approximately write for models of reasonable dimension,

P (Ksn (M) — KSM) ~ arg Rm%agrzo E . P(}s(inKs~)_r ‘(P —P,) (Ks — KS”M)‘ —r
’ M)

where we assume that

__ Sn (M) A
P (Ksn (M) _ Ks~> <|m | ——2 < R, p. < ‘cons
M . "D Ton

with high probability (of order 1—Ln~%, a > 0). Then, from (5.56) we have for R,, p,, > >0,

El s (PP (Ks - Ksg)|| ~ &)
s€M, P(Ks—Ksg)=r
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and so
P (Ksn (]\7) - K3M> ~arg max {& (r)—r} . (5.57)

Dy 2720

By the same type of reasoning, we can also conjecture that for models of reasonable dimensions,

P, (KSM ~ Ks, (JTJ)) ~  max {&(r)—7} . (5.58)

Ry, Dy 2120

Moreover, in good cases satisfying assumptions of Corollary 7.2 we have
2

&n (1) ~EY/? sup (P —P,) (t —tar)| (5.59)
teM, |[t—tpr]|2=2r
[ exp(t)dpu=1

and if we define

tos = Jar it (P = Po) (1) e
VR (P~ PR (o0)

+tM7

then it holds ||tcs — tar||5 = 2r and

sup (P =Py (t—ta) = (P — P) (tes — tar) (5.60)
teM, |[t—ty||2=2r

Dy
= Va3 (P - P (o).
k=1

Now, assuming that 1> R, p,, > L4/ W for a positive constant L sufficiently large, if we
can prove that with high probability,
ltcs —tmllo < Ru,py for r < Ry p,y,

which is typically the case when () E M is a localized basis, then

/exp(tcs)d# ~ /eXp(tM)dM+/(tcs —tm)dp
~1. (5.61)

Finally, taking into account (5.59), (5.60) and (5.61), we can conjecture that under some
assumptions on the model M that allow to control the sup-norm in a sufficiently sharp way,
we would have

Dy

60 (1) ~ | 20> Var (1)
k=1

for r < R, p,, and so, using (5.57) and (5.58), as

Dy Dy D
2r 2r > o Var (¢r)
U WA\ 2 Vo) T = max e 2 Ve e = o

Dy
for R, p,, > M, this would lead to

D
- > _heq Var (o)
2n
for models of reasonable dimensions having good enough properties with respect to the sup-

P (Ksn (JTI) ~ Ks M) ~ P, (KsM — Ksy, (JTI))

norin.



158 CHAPITRE 5. SLOPE HEURISTICS IN MLE

5.5 Proofs

5.5.1 Proofs of Section 5.2

Proof of Lemma 5.1. Remind that, for all I € Ay,
pr=(P(1)"1;.

Hence, (¢1)7¢y,, 18 an orthonormal basis of (M, La (P)) . Moreover, by (5.12) we have, for all
Ie AM,
P (I) > Amin,u (I) > AminAAD]T/ll >0

and so, by setting ry; = (AminAA)fl/z, we get for all T € Ay,
D
(P (I>)_1/2 < M — /D
AminAA

Now, as the elements ¢; for I € Ajpr have disjoint supports, we deduce that, for all g =
(B[)IEAM € RDM7

<
> Brer|| < IHEI/%AXI{|ﬁI‘ llerlloo}

TeAy o

< max {|81] (P (1))}
<rmv D |0

and Inequality (5.13) is then proved. Next, Inequality (5.14) easy follows by observing that,
for any s = >, Brpr € M satisfying [|s|ly < 1, we have

Imax 181] < Z B#2<1
IeAy

I5lloe < rarv/Das -

and so

|
Proof of Lemma 5.2. By (5.15)and (2.28), we have
inf sps(2) > Amin >0,
z€Z
then ¢ ar (2) and (Kspr) (2) = —In(sp(2)) are well defined for all z € Z. Moreover, as we

assume ||s — spr|| o, < Amin, we have

inf 5 (2) = inf {5 () + (5 = s) (2)} = nE a1 (2) = [1s = sar ], > 0

and

s—sul|l _ lIs=smll
SM o Amin
thus (Ks) (z) = —In (s (z)) is well defined for each z € Z as well as (sp (2)) ! and In (1 + =EM (z)),

SM

<1

so the expansion (5.17) is a simple rewriting of the identity

(19) () - (Ko) () = ~1n (221

sy (2)
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Proof of Lemma 5.3. Lemma 5.3 is straightforward, since

x
Hence, for all x € [—AL L} , with 0 < 6 < Apin/2,

min ’ Amin
5/Arnin o

<2
- 6/Arnin - Amin ’

W @) < 5

which yields the result.

Proof of Lemma 5.4. For s € M such that [|s — sps||, <9 < %, we have

min - 1
inf s (2) > inf sy (2) — ||s — samllo = >0and | SMH <.
2€Z 2€Z SM oo~ 2
and so, if [ sdu =1 then s € M. Moreover, in this case, by (5.11) we have
P(Ks—Ksy)=K(sum,Ss)
and it holds
_ M
IC(SM,S)—/ZIH( . )stu
:/ —ln(l—i—SSM)stu
z SM
0 (1 _ k
=3 G L ()
ok Jz\ osu
1 B 2 o 1)k _ k
:/ (SM—S)dH+/ <8 SM) SMdM+Z( ) / (s SM> Smdp.
z 2Jz\ sum — k Jz\ su
(5.62)
Now, as [ sdu = 1, we have
/ (s —8)dpp = 0 . (5.63)
z
Moreover, notice that by (5.7), for all I € Ay,
P(I)
1;spydpy=—=p(l)=P( :/ 17s.dp
/ pt ==
and so, for all t € M,
/t-stu:/t-s*du.
z z
2
Now, using the fact that (%) € M, it holds
1 —sur )’ 1 — s\’
/ U st,u:/ 5T oM Sxd it
2 /z Sy 2 )z SM
1 5—s 2
()
2 S\
1is—sy 2
= — 5.64
5| (5.64)
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Moreover, we have

k=3
<1/ <s 3M>2 p XZ SM
- s
=3/, p Map P sl
1/ <s—sM>2 d Xi s— sl
== s
3 Z SM < =1 SM 00
s — Sm 20
. 5.65
SM 23Amin ( )

Inequality (5.21) then follows by using (5.63), (5.64) and (5.65) in (5.62). B

5.5.2 Proof of Section 5.3.1

Proof of Proposition 5.2. Let 5 > 0 to be fixed later. Recall that, by (5.7) and (5.10)

IeAn

Hence, the sup-norm of the difference can be written
P,—P)(I
I ) (D] ) (5.66)

Sp (M) — s, = sup
[[sn (M) | f ey

By Bernstein’s inequality (7.46) applied for the random variable 1¢c; we get, for all © > 0

2P(I)x  =x
- >/ 2 < —2) .
P |I(Ba =Py (1)) 2 /20T T e ()
Taking = #lnn and normalizing by the quantity u (1) > 0 we get
P,—P)(I 1 20P (I)1 1
p(I) p (1) n (1) 3n
Now, by (5.22) and (5.23),
1 Dy
< M .
0< S A (5.68)
and
v P A.D
,/ \/ M (5.69)
So, injecting (5.68) and (5.69) in (5 67) and using the fact that Dy < A+( 7 e get
(5.70)

(Pa=PYDI DMlnn] —

v p (1) - n
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where A. = max {, / % ; ﬂg”AA+ } We then deduce from (5.66) and (5.70) that
A A

Dl 2D
P |0 (M) = sarllyg = Aey/ it | < 22N
o0 n np

and, since Djy; < n, taking § = o + 1 yields Inequality (5.24). B

Proof of Proposition 5.3. Let 5 > 0 to be fixed later. Recall that, by (5.7) and (5.10),

sn (M) = IGZAM 1; "((II)) 17, (5.71)
s = I;A:M 1:((2 1;. (5.72)

Hence, by (5.25) and (5.72) we get inf sps (2) > Amin > 0. By (5.71) and (5.72) we have

Sp (M) — sy — s

5.73
SM Hoo TeAy P(I) (5:73)

By Bernstein’s inequality (7.46) applied for the random variable 1¢c; we get, for all > 0,

P ([P~ P)(I)] > W#‘] < 2exp (—a) .

n 3n

Taking # = #1lnn and normalizing by the quantity P (1) > Apinp (I) > 0 we get

|(P, — P) ()] 2B1nn Blan -5
P 2 5.74
P N\NPOn P =" (5.74)
Now, by (5.25) and (5.26), we have
1 Dy
< . .
0< PO S oA, (5.75)
Hence, using (5.75) in (5.74) and using the fact that Dy < Ay 7(1117;)2 we get
|(P, — P)(I)] Dy/lnn 5
W Z )W S 4, <onB .
P\ 2 2| < 2m (5.76)

where A, = max 28 __ . 5 V‘A+ . We then deduce from (5.73) and (5.76) that
AN Amin 3AminAa

Dy lnn 2Dy
P[usnw)smwmzm\/ - ]s =

and, since Djy; < n, taking § = a + 1 yields Inequality (5.27). B




162 CHAPITRE 5. SLOPE HEURISTICS IN MLE

5.5.3 Proofs of Theorems 5.1 and 5.2

In order to introduce the quantities of interest, we recall some notations stated below and
add some new definitions. As usual, M denotes the finite dimensional linear vector space
of piecewise constant functions with respect to the finite partition Ay;. Moreover, we write
Dy = |Aps| the linear dimension of M. Assuming (5.46) and (5.45) we have, for all I € Ay,

P (I) > 0 and so, if we set
1;
= —, IeAy,
PI P M

the family (¢r);¢cp,, is an orthonormal basis of (M, Ly (P)) . We set

Vn—max{\/m \/DMIH”} (5.77)

In what follows « > 0 is fixed and for some positive constant A, to be chosen in the proof of
Theorem 5.1 and satisfying

Ao > A >0

where A, is defined in Proposition 5.2 and only depends on Ay, A,, Ay and «, we set

. Dyrlnn
Rn,DM,a = Aoo Mn (578)
and )
Qo = {50 (M) = s1rllg < Brpya} -
By Proposition 5.2 it holds, since A, > A,
P [nga] <2n7%. (5.79)
Moreover, our analysis is localized on the subset
B(M,Loo) <3M7Rn,DM,Oé> = {8 € M, HS - SMHoo < Rn,DM@é} :
Assuming that
Dy < Ayn(Inn) 2
we have, for all n > ng (A4, Amin, Ao ),
S Amin
RyDyra < 5 (5.80)

where Ay is defined in (5.45). Now, assuming (5.45), we have by (5.80) and Lemma 5.2, for
all n > ng (A4, Amin, Aco), for every s € By ... (SM,Rn,DM@) and all z € Z,

(569) () = (o) () = v () s = o) )+ ((F52) ) 680

where

Y1 (2) = —

sm (2)
and, for all t € (-1, 400) ,
o (t) =t —In(1+1) .

Recall that, by (5.45),
~1
1,01 o < <§2§ |sm (2)) <AL (5.82)
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Moreover, by (5.80) and Lemma 5.3 we have, for all n > ng (A4, Amin, Aso), for all s €

Bm,Loo) (sM, Rn,sz/z,a) and all z € Z, using that ¢ (0) =0,

(52| 52) 0

We also have by (5.80) and Lemma 5.3, for all n > ng (A4, Amin, Ax), for every s,t €

(5.83)

B(MvLoo) <5Ma RTL,DJ\/I,Q> and all z € Z’

w((5) @) - (5 <z>>\ <2 Rupyallt—s) () . (558

SM SM

For convenience, we will use the following notation,

o (50) reza((522)0).

We now define slices of excess risk on the model M. We set, for all C' > 0,

Fo = {s €M ; |[¢nar-(s—sa)l? < 20} N Bw.ooo) (sM,Rn,DM,a) (5.85)

Foc={s € M5 l[prar (s = sun)l3 > 20} (\ Borrw) (5305 Bupira ) (5.86)
and for any interval J,
~ 1 9 .
Fr={seM; lra-(s=sa)l} € T ¢\ B (sM,Rn,DM,a) : (5.87)
We also define, for all L > 0,

Dy = {s eM; |- (s—sm)|? = 2L} N Bosew) <3M,]§n7DM7a> . (5.88)

By Lemma 5.4, we have, for all n > ng (A4, Amin, Aco) and for any s € By .. <3M, Rn,DMﬂ)
such that [ sdp =1,

1 2 -
V< (2 - M.Rn,DM,a) lnar - (s = san)ll3 < K (sar,s) = P(Ks = Ksar) - (5.89)
1 2 - 2
< 3+ g2 fndaa ) Irar (s = sl - (5.90)

Finally, notice that, if we assume (5.45) and (Alr), then by Proposition 5.1, if we set rp; =
(AminAA)_l/2 then for all z € Z,

sup |8l <7 MV Dum (5.91)

seM, ||s||,<1
and moreover, for all 8 = (B1);cy,, € RPM

Z Brer|| <ruvVDum Bl - (5.92)

IeAy 0o
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Proofs of Theorems 5.1 and 5.2.

Proof of Theorem (3.22). We divide the proof of Theorem 5.1 in four parts corresponding
to the four Inequalities (5.32), (5.33), (5.34) and (5.35). The values of Ay and A, respectively
defined in (5.31) and (5.78), will then be fixed at the end of the proof. Note that, since
Dyr > A_(Inn)?, we have Dy; > 2 for all n > ng (A_) so we can assume in the following that
Dy > 2.

Proof of Inequality (5.32). By (5.78), it holds for all n > ng (A4, Amin, Aso),

A4
1-— 7RR7DM’,1 >

3Amin 5 .

Let 7 € (1,2] to be chosen later and C,C > 0 such that

Dy —1

C =
" 2n

(5.93)

and, for all n > ng (A4, Amin, Ao ),

- 4 -
C = <1 - M.anDAM»a> C > 0 .

By inequality (5.89), if
P (Ksy (M) = Ksy) <C and [sy (M) = syl < Rapyra

then
o101 - (sn (M) = sar)|3 < 2C,

foralln > ny (A4, Amin, Aso). Hence, by inequality (5.79), we get for alln > ng (A4, Amin, Aco),
P (P (Ksn (M) — Ksp) < 6) <P ({P (Ksn (M) — Kspr) < 5} ﬂQoo,a) tone

P ({llerar - (50 (M) = sa0)[ < 20} () Rca) +207
(5.94)

Now, by definition of the slices F¢ and Fx ¢ respectively given in (5.85) and (5.86), it holds

({nwl w - (sn (M) = san)l; < 20} () Qo)

<1nf P, (Ks— Ksy) < inf Pn(Ks—KsM)>

s€Fc s€Fsc

S]P’(ir}_f P, (Ks— Kspy) < inf Pn(KS—KSM))
serc

Sef(c’rc]
=P| sup P, (Ksy — Ks)> sup P, (Ksy —Ks) | . (5.95)
seFo s€Fc,rc)

Now, as by (5.93) we have

oDy —1
2n

— < C < (1+ Agwy)
n
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where Ay is defined in Lemma 5.13, we can apply Lemma 5.13 with o = 3, A; = 1/8 and it
holds, for all n > ng (A—, A4, Amin, "M, Aoo, @),

2C (Dyr —1
sup Pn (KSM - KS) > (1 + LA—vAmin:Aooﬂ"Mya x Vn) ¥
seFc "

where v, = max {1 / g—;, \/DMnln"}. Moreover, we can apply Lemma 5.15 with

a=p A =1/8 A, =1/2

P —C| <2n7%,

(5.96)

and

Aoo Z 32\@B2A*TM ;
and since rC' = (Dy; — 1) /2n, it gives, for all n > ng (A4, A—, a1, Amin, Aoo)s

Dy —1
n

1
P ( sup P (Ksy — Ks) < <2 =LA AninAcc.a X Vn>

SEJ:(C’TC]

) <2n7 (5.97)

Now, from (5.96) and (5.97) we can deduce that a positive constant Ay exists, only depending
on A_, Anin, Aco, " and a, such that for all n > ng (A—, A+, Amin, "M, Ao, @), it holds on
the same event of probability at least 1 — 4n~¢,

2C (Dar — 1)

sup P, (Ksy — Ks) < (14—1401/”) -C
seFco n
~ Dy—11 Dy —11
—(1+4 n) — - 5.98
( + Ao n o \r 2n 71 (5:98)
and D )
sup P, (Ksy — Ks) > (1 — 214101/”) ]\;[n_ . (5.99)

SE]“(C’TC]

Hence, from (5.98) and (5.99) we can deduce, using (5.94) and (5.95), that if we choose r € (1, 2]
such that . )
(1 - 2A01/n> r—2 (1 + Aoun) V1> 0 (5.100)

then, for all n > ng (A—, Ay, Amin, "M, Aco, @), P(Ks, (M) — Ksyr) > C with probability at
least 1 — 6n~“. Moreover, since

A_(Inn)* < Dy < Ayn(lnn)~2

we have, for all n > ng (A+, A_, flo>,

~ 1

and so, for all n > ny <A+, A_, flo>, simple computations using (5.101) show that by taking

r =1+ 48/ Agvy, (5.102)

inequality (5.100) is satisfied. Notice that, for all n > ng <A+,A,, flo), 0 < 48/ Agvy, < 1, so
that r € (1,2]. Finally, we can compute C by (3.107) and (3.118), for all n > ng (A+,A,, flg),

C 1 1D ~ 1D
1Pk (1o ey ) 1 2K > 0. (5.103)

C=-—"= _
T 1448 Agr, A1
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The result then follows the fact that by (5.103) and (5.77), it holds for all n > g <A+, A A, A, 210) ,

C = (1 - ?jm}?m[)hm) C

> (1 — ?u:;m}?”’DM’“> (1 — 48 Aoun> E%IC%,M
> (1 — ?)z;lmR"’DM’“> (1 — 48 Aoyn> i%lCiM
> (1= La, A, Vn) (1 — 48 Aoyn) i%ciM

1D
Z (1 o LAOOyAminyAO Vn) ZglC%VM ’

where the constant Ay only depends on A_, Apin, Ao, 737 and . W

To prove inequalities (5.33), (5.34), (5.35) and Theorem 5.2 it suffices to adapt the proofs
of inequalities (3.23), (3.24), (3.25) and Theorem 3.2 given in Section 3.6.3 of Chapter 4 in the
same way that we just did in the proof of inequality (5.32). We thus skip these proofs as they
are now straightforward.

5.5.4 Proofs of Section 5.3.3

Given Lemmas 5.6 and 5.7 below, the proofs of Theorems 5.3 and 5.4 follow from straight-
forward adaptations of the proofs of Theorems 4.1 and 4.2 given in Section 4.4 of Chapter
4.

Lemma 5.6 Let Apq,— > 0. Assume (P2), (Abd) and (Alr) of the set of assumptions defined
in Section 5.3.3. Then for every model M of dimension Djys such that

Apm— (Inn)? < Dy < Apgan(lnn) 2 |
we have, for all n > ng (Ap,+, Am,—, Ar, Amin, As, M),

Dy —1
2n

S (1 + LAMA,,AMyf,A*,Amin’AAs?% (M))

SE[P, (Ksy— Ksn (M))]  (5.104)

Dy —1
2n

(1 - LAM,+7AM,77A*=Amin7AAE721 (M))

(5.105)

n

B N ‘
where e, (M) = Ag max (5—;) , (M) is defined in Theorem 5.1.

Proof. Under assumptions of Lemma 5.6 we can apply Theorem 5.1 with o = 24 4. For all

n > ng (Am+, Am,—, Amin, Ax, apr), we thus have on an event Oy (M) of probability at least

1 —6n=27oM,

Dy —1
2n

1/4 1/4
n (M) = Ag max { (f;”) | (D v 1“”) } > Agn- Vs (5.107)
M

Dy —1
2n

(1—e2 (M)) < P, (Ksy — Ksp (M) < (142 (M)) (5.106)

where

n
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as Dys > 1. Moreover, we have,

0< P, (Ksy— Ksy (M) =P, <ln <$n (M))>

SM
_p IGZAM In (1;” g;) 1| = IEEA:M In (P, (1)) Py (1) + IGEA: In (%) Py (D)
< max {m (%) } <In ((AminAA)_l DM> : (5.108)

where the last inequality follows from (Abd) and (Alr). We also have

E[P, (Ksy — Ksy, (M))]

Hence, as n > Dy > Ap_ (Inn)?, it comes from (5.107) and (5.108) that, for all n >
o (AM,—7 A07 Amin7 AA)a

Dy — 1
0 <E [Py (Ksyr — Ksn (M) 10, ()] < 61n ((AmmAA)—lDM) n=2moem < g2 (1) ]‘gn
(5.110)
and, as we can see that €, (M) < 1 for all n > ng (Ap), we have by (5.106), for all
n > no (AM,-‘MAM,—a A07 Amina A*7 aM)v
1= en2oa) (122 () 2L cgip (ke Ksp (M))1 5.111
(1—6n ) (1 —e5 (M) ST [Po (Ksar — Ksy (M) 1o, (ar)] (5.111)
Dy —1
< (1—6n72M) (142 (M) =M= (5.112)

2n

Finally, noticing that n=27M < A;2e2 (M) by (5.107), we can use (5.110), (5.111) and (5.112)
in (5.109) to conclude by straightforward computations that

-2
LAM,+7AM,—7A*7Amin7AA = 6A0 +2

is convenient in (5.104) and (5.105), as Ag only depends on ap, A—, Ay, Ay, Apin and Ap. B

Lemma 5.7 Let a > 0. Assume that (Abd) of Section 5.3.3 is satisfied. Then by setting
§ (M) = (P, — P) (Ksy — Ks), we have for all M € M,

- 4Aal (Sx,8p) Inn A, \ alnn a
> < .
P | |6 (M)| > \/ Ao +1In ( Amin> el IRl (5.113)

and if moreover, assumptions (P2), (Abd) and (Alr) of Section 5.3.3 hold, then a positive
constant Ay exists, depending only in Ay, Amin and « such that, for all M € M., such that
Apm - (11171)2 < Dy and for all n > ng (Apm,+, Am,—, A, Amin, An),

P <|S(M)| > ”\5/%”) + Ad;%E [p2 (M)]) <om (5.114)

where pa (M) = Py, (Ksy — Ksy, (M)).
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Proof. First recall that

P(I
=2

IeAy K

[t
~
Il
/~
—
)
*
=
IS8
==
S~
[
~

Thus by (Abd) we deduce that

0 < Amin < iIelgsM (2) < lsmlly < Ax < +00 . (5.115)

Now, as we have

we get, by (Abd) and (5.115), that

K sy — Ksill, <In <AA* > : (5.116)

Hence, by Lemma 1 of Barron and Sheu [15], we have
P|(Ksy — Ks.)*| < 2exp (| Ksp — Ksyll o) IC (54, 80M) -
By Proposition 5.1, we also have
IC(Ss,s0m) = P (Ksy — Ksy) = £ (Sx,5Mm)
and thus by (5.116), it holds
2A,

P [(KSM — Ks,)?| < C(SwySpr) - (5.117)

We are now ready to apply Bernstein’s inequality (7.46) to
§(M) = (P, — P)(Ksy — Ksy) .
By (5.116) and (5.117) we have, for any = > 0,
P (150)] > %MWHH (f*) L) <oexp(-a) .

Aminn min 3n

Hence, taking x = alnn we have

- 4Aal (Si,spr) Inn A, \ alnn -
P M)| > 1 <2~ A1
‘5( )‘ > \/ Aon + In . ™ <27, (5.118)
which yields Inequality (5.113). Now, by noticing the fact that 2v/ab < an+bn~! for all n > 0,
and by using it in (5.118) with a = ¢ (s«, sp), b= w and 7 = D;;/Q , we obtain
- C(Sx,Sar) A, 1 A, alnn _
P(|o(M) > \/ D =1 <2n7¢. A1
(| ( )’ o VDM * <Amin mF 3 " Amin n = (5 9)

Then, for a model M such that Axq_ (In n)2 < Dy < Apm4n (lnn)_2, we can apply Lemma

5.6 and by (5.104), it holds for all n > ng (A4, Am,—, Ars Amin, As, ),

Dy —1
2n

2

(1 - LAM,+7AM,—7A*’Amin7AA81’L (M)> S ]E [pQ (M)] (5120)
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n

o\ /4 7 p N 1/4
where €, (M) = Ap max (5’—;) , <M> . Moreover as

Ap— (Inn)? < Dpr < Apgn(Inn) ™2,

we can deduce that for all n > ng (Ar+, Am,—, Asy Amin, Ar),
LAy 4 Ant,— AvsAmin, ArEp (M) < 1/2

and we have by (5.120), E[py (M)] > 2 for all n > no (Ar4, Am,—, Aey Amin, An). This
allows, using (5.119), to conclude the proof by simple computations. B

5.5.5 Technical lemmas

We state here some lemmas needed in the proofs of Theorem 5.1. Their proofs are quite similar
to the proofs given in Section 7.5.1 of Chapter 3 as we use the same generic approach exposed in
details in Chapter 7. More precisely, the least-squares contrast in regression and the Kullback-
Leibler contrast satisfy the same formal property of expansion (5.81) and the models that
we consider are endowed with localized basis. Moreover, the histograms estimators in MLE
satisfy the assumption of consistency in sup-norm (HS5) of Section 3.3.1 required in the case

of regression, at the rate R, p,, o o< y/w. The main technical difference comes from the
fact that the Kullback-Leibler excess risk is only close to an Hilbertian norm on the considered

functions of By 1..)(5M, Bn,Dya), Whereas in the least-squares regression the excess risk is
the Hilbertian Lo (P) norm itself.

Lemma 5.8 Assume (5.45), (Alr) and Dy > 2. Then for any 3 > 0, a positive constant
L,,, p exists, such that by setting

Inn  Vinn
Tn = Ly 6 ( v ) )

Dy | nl/a

we have

n

Bl S (PP (or) = (1+7)
IeAy

Proof. By Cauchy-Schwarz inequality we have

xu= > (Pa=PP(pr)= sup {[(Pa=P)(s)| ; se M & |s], <1} .
IeAy 86}—<C’TC]

Hence, we get by Bousquet’s inequality (7.48) with F ={s; s € M, |s|, <1}, for all z > 0,

6 >0,

xT 1 1\ bx

Pxar = /20° =+ (1+ ) Elxp] + { s+ 5 ) —| S exp(-2) (5.121)

n 3 6/ n
where

o< sup R {(s (X))2] =1

seM, ||s]l,<1

and

b < sup |s = P ()] <2 sup l5]loe < 2ramev/ D by (5.91).
s€M, ||s]|,<1 seM, [|s]|,<1
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Moreover, since

S Var(pn= 3 (1-P(I) =Dy -1,

IeAy IeAy

E[xm] < \/m: \/ZIEAM;}M (1) _ W

So, from (5.121) it follows that

IP’[XMZ \/§+(1+5),/DMTL_1 + <;+§> W] <exp(—z) . (5.122)

Vinn

ni/4

it holds

Hence, taking x = Blnn, § =
exists such that

Inn  vInn Dy —1 _
P[XMZ(l—FL,«Mﬁ( DMvn1/4>>1/ Mn ]gn 67

which gives the result.ll

in (5.122), we can derive that a positive constant L,,, g

Lemma 5.9 Letr > 1 and C > 0. Assume that (Abd) and (Alr) hold. If positive constants
A_ AL Ay, A, exist such that

D D
A+7n 5 >D>A (nn)® and A= <rC<A,—,
(Inn n n
and if the constant Ao defined in (5.78) satisfies
Ave > 64Boy/AyAiry | (5.123)

then a positive constant La, A, A, erists such that, for alln > ng (Be, Ay, A_, A, Ay, "My Amin) s

L A A 2rC (D — 1)
E| sup (P,—P)(Wim-(sm—39))| > (1— bt m”‘) : 5.124
e o P ”] VD " o124

In the previous Lemma, we state a sharp lower bound for the mean of the supremum of the
empirical process on the linear parts of contrasted functions of M belonging to a slice of excess
risk. This is done for models of reasonable dimensions. Moreover, we see that we need to
assume that the constant A, introduced in (5.78) is large enough. In order to prove Lemma
5.9 we need the following intermediate result.

Lemma 5.10 Letr > 1, Ay, A_, A, 5> 0 and C > 0. Assume that (Abd) and (Alr) hold
and that

D
Ay n 5 > Dy > A (lnn)2 and rC < AU—M .
(Inn) n
Set
V2 P,— P
ﬂn,[ = TC( )2(901) forall I € Ay,
Z (Pn - P) (901)
IeA
and

scs = Y Buipr €M .
IGA]W
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Then the following inequality holds,
/ (SMSCS+5M) du=1 (5.125)
Z

and if the constant As, defined in (5.78) satisfies
Ay > 3283 V Au/@A*TM s

then it holds, for alln > ng (Ba, Ay, A_,ry, 3),,

Rn Dyr,a 2l)M +1
P > M, < . 5.126
[m il 2 A*TM\r)M] < (5.126)

In this case, (sp X scs + sm) € Forc) with probability at least 1 — (2Dpy + 1) n=~.

Proof of Lemma 5.10. Let us begin with property (5.125). As [, sydp = 1, it suffices to
check that

/SMXSCSduzo.
zZ

Indeed, as by (5.7) we have sp; = ZIGAM %11’

QTC ]-I P(I) 1]
S scs = Po—P
M X SCs \/ SRS > ( )( p([)) w(l) \/P(I)

IeAy
IEA]W

2rC 1;
- (Pn—P) (1) —F -
\/Z (Pn—P)Z(W)IeZA:M ! p (1)

IeAy

So the expectation of sp; X sog with respect to u is proportional to

1;
: IEZA:M (P —P)(1r) mdu

= (P~ P)(12) = 0.

Thus property (5.125) is satisfied. We now turn to the proof of (5.126). As in the proof of
Lemma 5.8 we write

XM = Z(Pn_P>2(SOI)-

IEA]\/[

By Cauchy-Schwarz inequality, we get

X = sup |(P, — P)(s)] ,

SES\M

where S)s is the unit sphere of M, that is

Sy = seM,s:ZﬁjsOIand Zﬁ%:l
IeAy TeAy
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Thus we can apply Klein-Rio’s bound (7.50) to x since it holds

sup |ls — Psl|, <2 sup ||s]|,, < 2rmvDum by (5.91). (5.127)
seSn sESM

sup Var(s) <1

SGS}\{

and also, by Inequality (7.45), using (5.127),

_ 2rypv Dy
Bl > By ] - 2P

. B_1 DM —1 B QTM\/DM
T2y n n '
We thus obtain, for all €,z > 0,

IP’[XM< 1—e)B;! DM \/; <1—€+(1+ > >2TM\/7]§exp(—x).

So, by taking e = % andz = Blnn,and as Dy; > A_ (1nn)2, it holds, for alln > ng (B2, A—, a1, 3),

By' [D
P [XM <= M] <n P, (5.128)
n

Furthermore, combining Bernstein’s inequality (7.46) with the observation that we have, for
every I € Ay,

ler = Peorllog < 2|01l < 2rmv/ Dy by (5.92)
Var (¢7) <1,

we get that, for every = > 0,

P |2 - P )] 2 o it/ < e ()

Hence, for x = Blnn, it comes

P | max [(By — P) (0)] > /25:171 QTM\/DM,BIHTI] < 2713[;\4 | (5.129)

IeAy 3n

then by using (5.128) and (5.129), for all n > ng (B2, A—, a1, 5),

IcAy, Dy n 3n npf
n

8Byv2rC [ [281 2rav/Dar Bl 2Dy + 1
P | max |B,1] > 2v/2r <\/5n”+ "M Mﬁn”) <Pt l

> Dy we have, for all n > ng (A4, ry, 5),

2rayv Dy Blnn < [2681Inn
3n - n

Aso > 32Bor/ AyBAT M

Finally, as Ay —2— o )

and we can check that if
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then, for all n > ng (B2, Ay, A_, "z, 5),

A Inn 2Dy +1
P > — < —.
[mM on,r| 2 ] S

Arpg n

which readily yields Inequality (5.126). As a consequence, it holds with probability at least
1— 2Dy +1)n 5,

l(snr x scs +sm) = smlloe < lIsmllo 15500

< A llscs| by (5.44) and (5.7)
= A* Z /Bn,I(PI
IeAy o
< A*T‘M\/DM max |ﬁn,l| by (5.92)
Ty
< Rupya by (5.126) (5.130)

Now, by observing that

1 - ((sar % scs + su) — su)lla = llsesll
=2rC ,

we get by (5.125) and (5.130) that for all n > ng (Ba, A—, 7, ), (sm X scs +sm) € Forc
with probability at least 1 — (2Dp; +1)n~". B

We are now ready to prove the lower bound (5.124) for the expected value of the largest
increment of the empirical process over F(c ,cy-

2
Proof of Lemma 5.9. Let us begin with the lower bound of B2 (Supsej_-(c vl (Py,— P) (Y101 - (s — s))) ,
a result that will be needed further in the proof. By Lemma 5.10, if we set

Q= {(SM X SCS+SM) € F(C,TC}}

if we choose 8 = 4 and if
Ase > 6483 V AyAsrar

then it holds, for all n > ngy (Be, A+, A_, 1),

~ 2DM +1
P [Q] >1- = (5.131)
Also, it holds
2
1
E2 sup (Pn — P) (¢1,M . (SM — S))
56.7:(0,,.6«]
2
Z]E% (Pn_P) Z ﬁn,[@] ]-Q
IEA]W

>VorC |E || Y. (Pa—P)*(er) | 14] - (5.132)

IeAy
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Furthermore, since by (5.92) ||¢r|lo < vV Dura for all I € Ay, and since P () > 0 we have
> (Pa—P)*(on)| < Dur max [ler%, < 3D
IeAy
IeAy

and it ensures by (5.131), for all n > ng (Be, A+, A_,ry),

B[ S 2P0 )|1a| 2B || X (B PR o0 | | -0}, 2P0

IeA IeAy

Comparing the last inequality with (5.132), we obtain the lower bound, for alln > ng (Ba, A4+, A_,ry),

2
E2 ( sup (P, —P) (Y1 - (s — 3)))

SEf(C,rC]

2D 1
2rC |E Z (P, — P)*(¢1)| — raeDarV2rC M+

IeAy

n

Now, since Dy < Ayn (Inn)?, we get for all n > ng (Ay,ra),

2Dy + 1 1 2rC (Dpy — 1)
Dyv2 <
I8YE%Vi rC n4 < m X o

and so, if As > 64Ba/AyAsrys then, for all n > ng (B, A+, A_, 1),

2
B e 1 2rC (Dpy — 1)
[z v m =) = (1- o) (FERED e

D=

E

Now, as Dy > A_ (Inn)? we have for all n > ng (A_), D&lm < 1/2. Moreover we have

rC > A;Dyn~t, so we deduce from (5.133) that, for all n > ng (Ba, A1, A_,rpr),

4 Dy
2 n

[N

E (5.134)

2
( sup (P, — P) (1,1 - (sm — 8))) >

SEf(C’TC]

We turn now to the lower bound of E [supsef(c . (Pn — P) (V1,0 - (smr — 3))] First observe
that s € F¢,,c) implies that 2s); — s € Fc ¢y, so that

E| sup (Pu—P)(Wrm-(sm—s))| =E

86.7:(077,01

sup (P = P) (Y100 - (v = S))I] :

Sef(c’rc]

(5.135)
In the next step, we apply Corollary 7.2. More precisely, using notations of Corollary 7.2, we
set

F={1m-(ss1 —5), s € Fioro)}

and
Z= s |(Po—P) @i (sn— )| -

sef(C,rC}
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Now, since for all n > ng (A4, Ax), it holds Ry, p,, .« < 1/2, we get by (5.45),

sup [|f = Pflloe <2 sup  [dnar - (sar = 8)lloo < 2455, RnDyra < Ay, -
feF SET(C,TC]

we set b= A}

min- Oince we assume that rC' < Au%, it moreover holds

D
sup Var (f) < sup P (1 - (sar — 8))* < 2rC < 24,1
feF s€EF(c,rC) "

and so we set 02 = 2Au%. Now, by (5.134) we have, for all n > ng (Ba, A+, A_,ry),

VEZT > @DnM . (5.136)

Hence, a positive constant L4, 4, 4,,, €xists such that, by setting

min

_ LAlvAuyAmin

Hn
VD
we can get using (5.136), that for all n > ng (Be, A+, A_, 1),

o2

2K [Zz} >

n

AVE 2

and that, as Dy > A_ (lnn)2, we have for all n > ng (A4;, Ay, A—, Amin),
sn € (0,1) .

So, using (5.135) and Corollary 7.2, it holds for all n > ng (Ba, A+, A—, A, Au, Trry Amin)s

E

2
L A 1
sup (P = P) (s - (551 = 9)) | > <1 ey ) B ( sup (Po—P) (@i (sur =) |
s€F (0, Dy s€F(c,ro)
(5.137)
Finally, using (5.133) in the right-hand side of Inequality (5.137), we can deduce that for all

n = ng (B27 A—i—v A—7Alv Auaer Amin)7

E| sup (P,—P)Wim-(sm—9))

s€F(c,rc)

> 1 _ LAZ,Au,Amin 2TC (DM — 1)
o \/DM n

and so (5.124) is proved. B
The two following lemmas give some controls of the supremum over the second order terms in
the expansion of the contrast (5.81).

Lemma 5.11 Let C > 0 and Ay > 0. Under (5.45), assuming that

n

" _>Dy,
(Inn)* ~ M

Ay

it holds, for all m > ny (A4, Amin, Aso),

)

E

sup
seFc
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Proof. We define the Rademacher process R, on a class F of measurable functions from Z
to R, to be

e fe7

where ¢; are independent Rademacher random variables also independent from the &;. By the
usual symmetrization argument we have

E | sup |(P, — P) <¢2o <S_SM>)‘ < 2K | sup |R, (% 0 (S — SM))'] . (5.138)
seFc SM s€EFC SM
As A+( e > Dy, we have, for all n > ng (A4, Amin, Ao ),
S Amin
Rn,DM,a < 2 .

Hence, by Inequality (5.19) of Lemma 5.3 it holds for all n > ng (A+, Amin, A ), for all (z,y) €
. 2

A Rn sDr,as A_l Rn,DM,oz] 9

min min

|2 (2) = 2 ()] < 241 Rupyralz — )l - (5.139)

We define now the following real-valued function p,

~ -1 ~ ~
(2Ar:1}an Dy, a) P2 (2) if z € |:_Ar:1:ilan D00 Ar:lilan7DM7a]
~ -1
p (l’) = (QAI:ﬂIHRnyDMva) "/}2 ( mmRn DMaOZ) if z < AmmRn Dy,
<2AI;111HR”7DM70¢) 1/)2 ( min n DM@) if T > AmmR” Dy,

and since p (0) = h(0) = 0, it follows from (5.139) that p is a contraction mapping for all n >
no (A4, Amin, Aoo). Then, taking the expectation with respect to the Rademacher variables,
we then get for all n > ng (A4, Amin, Aoo),

e
il P((52) @) “ (5.140)

=2471 Rn Dps.alfle
We can now apply Theorem 7.4 to get for all n > ng (A4, Amin, Aso),

;sm << ) (&)) u < 2F,

= 2E. | sup
seFco

E.

sup |Rn
seFo

sup
seFo

sup
seFo n

E; | sup
seFo
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and so we derive successively the following upper bounds in mean, for all n > ng (A4, Amin, 4oo),

E | sup Rn<1/z2o(8_sM>>‘ =E |E. | sup Rn<¢go<s_SM>)‘
seFc SM seFc SM
~ 1 & _
< 240 Ry o | Ex | sup | =3 eip ((S SM) <£z->) by (3.187)
s€EFc | T i—1 SM
<AAL RapyoE | sup Ry ( — SM) u by (3.188)
seFco SM

1 5
S414mian,DM,C‘f E (Sel;_P
se€Fc

Ra <8;;M)D2 . (5.142)

Hence, for all n > ng (A4, Amin, Aco),

2
E sup |Rn (S — SM) ‘
seFc SM

- 2
= |E (sup R (1,01 - (sar — 5))|>

\ seEFco

r 2

< |E || sup Z arRn (or1)]; Z a2 <2C
L IGA]\,j IGAM
20(Dy — 1
— V20 B | Y (Rulen))?| = 2P =D (5.143)
IeA "

and the result follows by injecting (5.142) and (5.143) in (5.138). B

Lemma 5.12 Let Ay, A_, A;,3,C_ > 0, and assume (5.45) and (Alr). Then if C_ > Al%

and Ayn(Inn)™2 > Dy > A_ (Inn)?, then a positive constant La__a, 5 ewists such that, for
all n > ng (Amin, Ao, Ay, A4y),

s—35 C(Dy—1) ~ _
(Pn o P) <1/}2 °© ( SMM>>‘ S LA—yAlvAminnB ( ]X )RH,D]\/[,O[] 2 1_n p .

P|VC > C_, sup

seFco

Proof. First notice that, as A, n (Inn) "2 > Dy,
- Aso/A L
Rp Dyra < % :
As a consequence, for all n > ng (Amin, Aocos A+),

Ry pya < V2Amin - (5.144)

Now, since Uosc_Fo C B(MﬁLw) (sM, Rn,DM@) where

B(M,Loo) <5M7Rn,DM,Oc> = {5 €M,|s— SMHoo < RnﬂM@} )
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we have by (5.144) and (5.45), for all s € Uosc_Fe and for all n > ng (Amin, Ao, A4),

1 2
S onar - (s = sl
—2
<—5lls= sull%
- 2 n’Dklya - :
We thus have, for all n > ng (Amin, Aco, 4+),
Uosc_Fe = Uo_ai<c<1Fc

and by monotonicity of the collection F¢, for some ¢ > 1 and J = LWJ + 1, it holds

Uc_ni<c<1Fo C U}']:()j:qjc,

Simple computations show that, since Dy; > 1 and C_ > Al% > %, one can find a constant
Ly, 4 such that
J < Lpqglnn .

S—SMm

5 )) ‘, we have uniformly in
M

Moreover, by monotonicity of C'—— supec £, ‘(Pn - P) (¢2 o (
Ce (¢ 'C,¢dC],

= (e ()| = [ (e (52)) |

q

sup
seEFco

Hence we get, for all n > ng (Amin, Ao, A+) and any L > 0,

. (Po— P) <w20<s—SM>>‘SL Wﬂrl)gnﬁw]
SM

vC >C_, sup
seFc

— 2¢0C_ (Dy — 1) =
>P|Vje{l,..J}, sup ‘(Pn—P) <w20<388M>)’§L\/ ¢C-Du-Vp
M

SE]:qjC_ n

n

Now, for all n > ny (Amin, 4o, A+) and any L > 0,
— 2¢9C_(Dy — 1) =
o e (1200 £ T DT

SM n
_ 2¢°C_ (Dyr — 1) =
=1-P|3je{l,..,J}, sup |[(P, — P) <¢,20<3 3M>>‘>L\/ q (D )Rn,DM,a
86.7:(1]'07 SM n

; :
S-S F | s ’(PH_P) (wo<s;sM)>'>L\/2qyc_(DM—1)Rn1DM7a
M

j=1 SE.’quC_ n

P |Vje{l,..,J}, sup

SEquCL

(5.145)
Given j € {1,...,J}, Lemma 3.10 yields

_ J — ~
E| sup ’(Pn—m(wgo(s SM))' s8A;?n\/2qC‘(DM D R b

. S n
s€F o M
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and we can next apply Bousquet’s inequality (7.48) to handle the deviations around the mean.
Since for all n > ng (Amin, Ao, A+) we have for all s € F o,

Amin

s — SMHoo < RTMDM,OC <

we can apply Inequalities (5.45) and (5.83) to get, for all n > ng (Amin, Aoc, A+),

e () = (e (550) ) =2 et
M SM seF ;

sup ‘

SE]'—qj07 qIC_
- 1
<241 sup H (s — sar)?
s€EF o SM 00
<247 R’

min n,DM,a

and, for all s € F i, for all n > ng (Amin, Asos A1),

(o (52)
(12 (22)]

(s ;;M )2] by (5.83)

It follows that Inequality (7.48) applied with ¢ = 1 gives, for all x > 0 and for all n >
no (AmiIu AOO7 A+),

<P

< A2 s —sm|Z P

min

-2 p2 j
S 2Amian,Dm,anC— .

supsese |(Pu=P) (20 (5))| =

P 2¢9C_(D 1) 4A72 R2 ¢C_x 8A—2 R2 T < exp (—ﬂ?) )
—92 gl C_ M— = min” n,Dpr,« - min” n,Dpr,a
16Amin n Rn,D]u,O! + n + 3n

(5.146)
As a consequence, as Dy > A_ (lnn)Z, C_ > A Dyn~ ! and as Rypya < 1 foralln >
10 (Amin, Aoo, Ay ), taking x = yInn in (5.146) for some v > 0, easy computations show that a
positive constant La_ 4, 4,..,~ independent of j exists such that for all n > ng (Amin, Acc, A4),

5—5 JC_ (Dy — 1) = 1
P sup ‘(Pn - P) (7;Z)2 © ( M))} > LA—vAlaAmian\/q (D )RMDM,Q S — .

2
SE€EF o SM n n

Hence, using (3.190), we get for all n > ng (Amin, Aoo, At),

55— 2C (Day — 1) =~ J
]P) (Pn - P) <w2 © < M))’ S LAf,AlvAmirn'Y (]M)anD]Waa] 2 1_7 :

vC > C_, sup
seFo

SM n ny

And finally, as J < Ly, 4Inn, taking v = 8+ 1 and ¢ = 2 gives the result for all n >
10 (Amin, Aoo, A4, Ap).
|
Having controlled the residual empirical process driven by the remainder terms in the
contrast, and having proved sharp bounds for the expectation of the increments of the main
empirical process on our slices, it remains to combine the above lemmas in order to establish
the crucial probability estimates controlling the empirical excess risk on the slides.
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Lemma 5.13 Let 5,A_, Ay, A4;,C > 0. Assume that (5.45) and (Alr) hold. A positive con-
stant Ay exists, only depending on Amin, Aco, "M, B, such that, if

DM QDM—l n
A—— < C <1+ Ay, d A
— <C < (14 Aywy) ™ an +(lnn)2

where v, = max {,/%JZ, \/DMnlnn}, then for all n > ng (A;, A—, Ay, Amin, ™M1, Aoy B),

P

> Dy > A_ (Inn)?

2C (Dyy — 1
sup P, (Ksyr — Ks) > (14 La_ 4, Ain, Acosrar,3 X Vi) 200w =1)
seFco n

—Cl <o P,

Proof. Start with

sup P, (Ksy — Ks)
seFco

— sup {Pn <w1,M (sar—8) — g 0 (8 - sM))}
seFc SM

— sup {(Pn — P) (Y11 - (521 — 8)) — (Pu — P) <¢20 <5_3M>> —P(KS—KSM)}

s€Fe SM
< SSG%}% {(Pn = P) (Y10 - (smr — 8)) — P(Ks— Ksy)}
+ sup (P, — P) <¢2 o (5 ;};M» ‘ . (5.147)

Recall that by (5.89) we have, for all s € F¢ and for all n > ng (A4, Amin, Ao )s

4 -~ 1
P(Ks— Ksy) > <1 — ARH,DMQ) 5 1o (s - sa)ll3 (5.148)

min

Next, recall that

—~ 1 -
Dy, = {8 €M ; 3 [0 (s — sm)3 = L} ﬂB(M,LOO) (SM,Rn,DM,a) .

Moreover, we notice that, for any s € M,

S—SMm

Y (s —sm) = o

is a piecewise constant function with respect to the partition Aps. Thus 10 - (s —spr) € M
for any s € M, and we have

sup (P — P) (Y10 - (s — s))
seDy,

< sup (Pn - P) (t)
{seM,|tl3=2L}

<V2L Z (Pn — P)* (¢1)

IGA]M
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where the last bound follows from Cauchy-Schwarz inequality. Then, for all n > ng (A4, Amin, Ao ),

sup {(P, — P) (Y1, - (spr —s)) — P(Ks— Kspy)}

seFco
4 ~
< sup sup {(Pn —P) (Y1 - (S — 8)) — <1 - 3ARn,DM,a> L} by (5.148)
L<C seDy, min

4 -
<sup ¢ V2L [ Y (Po—P)*(p1) — (1 — 3Rn7DM,a> L

A
L<C TEA min

Hence, since Dy > A_ (Inn)? > 2 for all n > ng (A_), we deduce from Lemma 5.8 that for all
n Z no (A,, A+7 Amina AOO)?

supser, {(Pn — P) (V1m0 - (s —5)) — P(Ks — Kspy)} ,
- D <n". .14
z SupLSC {\/ﬁ(l + Tn) \/@ - <1 - 3Ailnian,DM,a> L} =n (5 9)

where

Inn +«Inn
Tn:LTM,5< —V )

Dy | nl/4
[Inn /Dy Inn
< LTM,ﬁ ( Dy v n )
< Ly, gVn - (5.150)
Assume now that D .
c< =M~ (5.151)
n
then we have for all 0 < L < C,
4 - Dyl Dy —1 Dy —1
7R”DMOC><LSLAminAoo M nnX\E M SLAminAooVn\/E M .
3Anmim M ’ n n ’ n

(5.152)
Hence, using (5.150) and (5.152) in (5.149), if C' < % it holds for alln > ng (A—, A4, Amin, Ao),

SuPser, {(Pn— P) (Y10 - (5 —8)) — P (Ks — Ksy)}

I~ [Dvr— <nP. 5.153
Z SupLSC { 2L (1 + LAminyAmkalz/@Vn) % - L} =" ( )
Now, we set Ay = L, A ry,3 the positive constant appearing in (5.153). If C' < (1 + A41/n)2 ngn_l
then for all n > ng (A4) (5.151) is satisfied and we get after simple calculations that
Dy —1 Dy —1
sup {\/ 2L (1 + Aqvy,) M - L} =V2C (14 Aywy) M -C
L<C n n
and as a consequence, for all n > ng (A_, A4, Anin, A4, Aco),
_DM - 1 —ﬁ
P | sup {(P,—P)(W1,m - (smr — ) — P (Ks— Kspy)} > V20 (1 + Agry,) - —C| <n™7.
seFco

(5.154)

Dy , we can derive from Lemma 5.12 that for all n > ng (Amin, Ao, A4, Ap),

n

§—s C(Dy—1) =
(PTL - P) (wQ o < M>>‘ 2 LAf,Al,Amin,’y WR?’L,D]M,O(] S n_ﬁ

Moreover, since C' > A;

SM n

P | sup
seFo
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and as
Rn,DM,a < LAooVn
we have, for all n > ng (Amin, 4oo, A4, A7),

S— S C(Dy—1) =
(P, — P) (w2o< M))l > LA Ay A As (M)Rn,DM,a] <n P,

P | sup
seFco

SM n

(5.155)
The conclusion follows by making use of (3.200) and (5.155) in Inequality (5.147). W

Lemma 5.14 Let ,A_,A;, Ay, C > 0. Assume that (5.45) and (Alr) hold. A positive
constant As, depending on Aco, ", Amin, A—, Ay, B, exists such that, if it holds

1 —1
AUD—M >C > (14 Asvy)? Du and A+L2 > Dy > A_ (Inn)?
n 4 (Inn)
where v, = max {\/Bﬁ, \/ DM,J“"} then for all n > ng (Aco, Acons, n1, Ay, @),
2C (Dpy —1
P| sup P, (Ksy — Ks) > (1+ Asvy) M—C <o P .
seFsc n

Moreover, when we only assume C > 0 (and keep the other assumptions unchanged), a positive
constant Ag exists, depending only on Aso,"pyr, Amin, A—, 3, such that we have for all n >
no <Amin7 A<>07 A+7 A—7 A5) ’

Dy —1
sup P (Ksy — Ks) > (14 Asvy,)? M
s€Fsc 2n

P

] <P (5.156)

Proof. The proof is similar to that of Lemma 5.13 and follows from the same kind of compu-
tations. First observe that

sup P, (Ksy — Ks)
86.7:>C

" oo (52)
se€Fsc SM

= swp {(Pu=P) rar (=) = (P = P) (w0 (S50 ) - P s = Ksan |

seFsc M
T {<Pn _P) (rar - (sap — 8)) — P (Ks — Ksnr) — (Pa— P) <wz o <8 ;;M» }
< sup sup {(Pu = P) rar- (s =) = (1= L ar) L= (P = P) (w0 (S52) )} by (559
< sup V2L Ig\:M (Pn = P)*(¢r) — (1 — LAy Acvn) L+ S (P = P) <¢2 ° (S ;J;M>> '}

(5.157)

where the last bound follows from Cauchy-Schwarz inequality. From Lemma 5.8 and since for
all n > ng (A_), Dy > A_ (Inn)? > 2, we can deduce that for all n > ng (A_),

Dy —1
Pl [ S (Pu—P) (1) > (1+ Loy gvn) | — <n . (5.158)

n
IEA]V[
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Now, since
C > Dum
— 2n

we can apply Lemma 5.12 with A; = 1/2, and deduce that, for all n > ng (Amin, Ao, A+),

— L(Dy—1
P [VL >C, sup |(P,—P) (sz o (5 SM))‘ > Las o a g v LMD s
seFy, SM n

(5.159)

Now using (5.158) and (5.159) in (5.157) we obtain, for all n > ng (Amin, Ao, A4, A_),
2L (Dpr —1
P| sup P, (Ksy —Ks) > sup { (14 Lary, A, A8 X Vn) ALOu=1) (1—Ly, 5Lyl <2n7F
SG]:>C L>C n

(5.160)

and we set A5 =Ly A_pV Ly, g where Ly A_pgand L,,, g are the constants

00,TM sAmin, 00" M sAmin, -
appearing in (5.160). Since, for all n > ng <A+,A_,f~15), 0 < 1:’3%? < 1+ 445, and for

~ 2 ~
C > (1 + 4A5Vn> Dgf{l we get by simple calculations, for all n > ng <A+, A_, A5>,

sup {\/ﬁ(l +A5yn) D=1 _ (1 —A5yn) L} - (1 +215Vn) w_(l B AW”) o

L>C n n

24uC(Du=1) 4 and as a
n

Moreover, we have C' < AUDTM, so for all n > ng(A-), C <

consequence, for all n > ng <A+, A_, 215),

10 {@ (1 Asw) DMn_ S (1= ) L} < (14 (14 VA) dsw) 2C(DnM_1)_C 7
so, for all n > ng (Amin,Aoo,AJ”A_jgs)7

2C (Dar — 1)

n

—C| <2on P

8€f>c

]P! sup P, (Ksy — Ks) > (1—!— (l-i- \/Aiu> A5Vn>

which gives the first part of the lemma by setting A5 = 445V (1 + \/Au) As. The second part
comes from (5.160) and the fact that, for any value of C' > 0, for all n > ny (A+, A, 1215),

sup {\/i<l+fl5un> Dy —1 - (1 —/ng,yn) L} < (1+4/~151/n)2 Dy —1 .

L>C n 2n

Lemma 5.15 Let r > 1 and C,8 > 0. Assume that (Abd) and (Alr) hold. If positive
constants A_, Ay, A;, A, exist such that

n

Du
(Inn)? ’

n

Ay

D
> Dy > A_ (lmn)2 and AZ—M <rC<A4,
n

and if the constant As, defined in (5.78) satisfies

Axo > 64Bo\/ Ay Asryr
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then a positive constant La_ A, Ay, Ay, A8 €TISts such that, for alln > ng (A4, A—, Ay, Au, 75 Amin, Aso)

2rC (Dyy — 1

P sup P, (Ksy — Ks) < (1 — LA A Au,Apin, Ace,B X I/n) M —rC | <2n79

86.7:(0’740] n
where v, = max{, /g—]\’;, \/DMnlnn}.
Proof. Start with

sup P, (Ksy — Ks)
56.7:(07,”0]
= sup {(P,—P)(Ksy—Ks)+ P (Ksy —Ks)}

86.7:(0’70]

S — Sy

> sup (P,—P)Wim-(smy—s)— sup (P, —P) <¢2 o < >> — sup P(Ks— Ksy)

se]:(C,rC] Sef(cﬂ,c] SM Sef(c’rc]

> sup (P~ P) (Y1 (sn —5) — sup (P, —P) (wgo(s_sM»—rc (5.161)

s€F(c,re) s€EF.c SM

and set

Sipc= sup (Pn—P) (W1 (sm—9))

SE]:(C,TC]
Miyc=E| sup (Pn—P)W1m-(sm—9))
SG}—(C,TC]
birc= sup |[Y1m-(sm—8) = P (sm—8)|
SG}—(C,TC]
U%,T,C = sup Var(Yium - (sm—s)) .
SE]'—(C,TC]

By Klein-Rio’s Inequality (7.50), we get, for all §, z > 0,

202 _x 1\ b
P Si,e<(1=68)M,c—1f 1TC - (1 + 5) 1Tcw < exp (—1). (5.162)

Then, notice that all conditions of Lemma 5.9 are satisfied and that it gives for all n >
no (A+,A7,AZ,AU,T‘M,Amin),

L A 2rC (Dpy — 1
B{, o0 (B P) (o (o - s>>] > (1 - Aj%) Pu = (5169
In addition, observe that
ot,c < sup P (wiM (sm — 8)2) <2rC (5.164)
s€Fcyrey
and for all n > ng (A4, Amin, Aoo ),
birc <2 sup |l (sa— )l < 2400 Rupya <1 (5.165)

86.7:(07140]
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Hence, using (5.163), (5.164) and (5.165) in Inequality (5.162), we get for all > 0 and all
n 2 no (A+7 A—7 Al7 A’lu M, AmirU AOO)7

Laa A \/ZrC(DM -1) \/4er 1\ z
< _ _ 141w y4Imin _ _ - - < _ .
P (Slmc < (1-9) (1 N ) - - 1+ e exp (—x)

Now, taking z = Blnn, § = \/g—; , we can deduce by simple computations that a positive

constant L4, A, A,,..3 €xists such that, for all n > ng (A4, A, Aj, Ay, 701, Amins Aso),

1 2rC' (Dy — 1
P(SMC < (1—LAl AuAs B n”) rC (Du )> <n P (5.166)
bl b min;s DM n
and as
Inn
m < U,
(5.166) gives, for all n > ng (A4, A_, A, Au, a1, Amin, Aco),
2rC (Dy — 1
P (SM,C < (1= La, Ay Ay ,5Vn) T(M)> <n . (5.167)
n

Moreover, from Lemma 5.12 we can deduce that, for all n > ng (Amin, Aco, A+, 4;),

s— s rC (Dy —1) = _
P [ sup (Pn - P) (w2 o < M))‘ 2 LAvalaAmim/B W)anDMva] S n g
SG}—TC SM n
(5.168)
and noticing that
~ /Dlnn
Rn,D,a = Aoo n < AooVn
we deduce from (3.210) that, for all n > ng (Amin, Aco, A+, A1),
- 2rC (Dy — 1
P [ sup |(Pn — P) (@02 ° <8 SM))‘ 2 LA_ A Ain,Aco,BYn 2C D= 1) <n 7.
sEF,c SM n
(5.169)

Finally, using (5.167) and (5.169) in (5.161) we get that, for all n > ng (A4, A—, Aj, Au, 731, Amin, Aco),

2rC (Dy — 1
P sup P, (Ksy — Ks) < (1 — LA A, Au,ApinAce,B X I/n) M —rC | <2n7 P,
Sef(C,TC’] n

which concludes the proof.
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Chapitre 6

Excess Risks bounds for
least-squares estimation of density

This chapter is devoted to least-squares estimation of density. For a detailed introduction to
penalized least-squares estimation of density from a nonasymptotic point of view we refer to
Chapter 7 of [61], and especially to Section 7.2.

In some recent works, Lerasle ([55], [56], [57]) studied the efficiency of some penalized least-
squares estimation procedures of density. The author validates in [56] the slope heuristics
first formulated by Birgé and Massart [23] in a generalized Gaussian linear model setting and
also proves nonasymptotic quasi-optimality of resampling penalties proposed by Arlot [5] in a
regression framework. Indeed, Lerasle shows for the latter penalties pathwise oracle inequalities
with leading constant almost one. The author also extends these results in [55] for stationary
data under various mixing conditions.

For a probability measure of reference 1, we denote by f the density with respect to u, to be
estimated, ||-|| the natural quadratic norm of Lo (1) and we set M C L (i) a linear model of
finite dimension D. Then for (gok)kD:l an orthonormal basis of (M, ||-||), the linear projection
sy of f onto M can be written

D
s =Y P(or) ¢ (6.1)
k=1

and the least-squares estimator s, on M satisfies

D
$n =Y Pu(k) ok - (6.2)
k=1

It thus can be easily derived that the excess risk of the least-squares estimator on M satisfies

D

sn = sarl®> = (P = Po)? (1) (6.3)
k=1

= sup{(P— P)%(s):s€ M,|s| < 1} .

Hence, the excess risk of the least-squares estimator on M is equal to the square of the supre-
mum of the empirical process on the unit ball of (M, ||-||). Moreover, if we set K the least-
squares contrast given by (6.6) below, we see by simple computations that

lsn — sarl|* = P (Ksy — Ksyr) = Py (Ksyr — Ksy) (6.4)

so the true excess risk on M is equal to the empirical one. Based on these observations, the
theoretical validation of the slope heuristics given in Theorems 2.2 and 2.3 of [56] heavily

187
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relies on sharp deviations bounds for the excess risk of the least-squares estimators. To do so,
the author gives a concentration inequality for the square of the empirical process by using
Bousquet and Klein inequalities, see Corollary 6.5 of [56].

In this chapter, our aim is to recover sharp bounds for the true and empirical excess risks
of the least-squares estimators of the density, but based on general arguments concerning M-
estimation with regular contrast explained in details Chapters 2 and 7. In particular, we avoid
the use of explicit formula given in (6.1), (6.2), (6.3), (6.4) and our results could be easily
extended to other linear contrasts. Moreover, the bounds that we provide in Section 6.2 are
optimal at the first order, and in the case of the empirical excess risk on M, we recover the
same magnitude of the deviations bounds as those given by Lerasle in Proposition 2.2.1 of
[56]. We do not consider the selection of least-squares estimators of density, as it has already
been done in Lerasle [56]. In particular, the author consider all pairs of models of the given
collection and this gives a slight improvement of the technology exposed in Arlot and Massart
[10].

The chapter is organized as follows. After introducing the precise framework in Section 6.1, we
derive in Section 6.2 sharp upper and lower bounds for the true excess risk of the least-squares
estimators and its empirical counterpart. We give two theorems, corresponding to different set
of assumptions depending of the fact that the unknown density f is of finite sup-norm or simply
an element of Ly (1), and compare ours results to Lerasle’s ones. The proofs are postponed to
the end of the Chapter.

6.1 Framework and notations

We assume that we have n i.i.d. observations (&1, ...,&,) with common unknown law P on a
measurable space (£,7) and that there exists a known probability measure p on (Z,7) such
that P admits a density f with respect to p :

We endow the space of square integrable measurable functions for the law p, namely

Lo = {5, 1 (s?) < +00} |
with its natural Hilbertian structure associated to the inner product
(5.8) = u(st) = [ st
z
and the Hilbertian norm ||.|| is defined by
Io17 = 51,0 = (5080 = () = [ S
We will always assume in the following that f is an element of Lo (1) but we will also consider

the more restrictive assumption (H1) of uniform boundedness of f on Z :

(H1) The unknown density f is uniformly bounded on Z : a positive constant A, exists such
that
[/l < Aoo < 400 .

Moreover, we assume that there exists a given function sg, typically so = 1 if Z is the unit
interval or sg = 0, and another function s, such that

f =50+ s« and/s*sodu:(].
Z
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Our goal is to estimate s,. Considering a generic random variable of law P independent of the
sample (&1, ...,&,), we denote expectations in a functional way : for a suitable function f

dp

Pf=P(f)=E[f (£
pf=p(f)=1[f
Z

and if
1 n
P, =— O¢,
nzgsl

denote the empirical distribution associated to the data ({1, ...,&,),
1 n
&szAﬁ=n§;ﬂ&%
1=

We also define the orthogonal vector space of sg in Lo (1), namely

{so}" ={s € La(n) , (s,50) =0} .
We thus have s, € {so}™. Now, let s € {so}*, we write

2 2 2
[ls = sull” = [Is[I” = 2 (s, ) + [|s«]
2 2
= [IslI” =2 (s, f) + [Is]]
= [Is[|* — 2Ps + ||s.||*
and we deduce that
Sy = arg min {HSH2 - 2P3}
SE{SQ}L
=arg min P (Ks) , (6.5)
se{so}t
where the least-squares contrast K : Lo (1) — Ly (P) satisfies
Ks=|s||* —2s, forall s € Ly (u) . (6.6)

Now, let us take a finite dimensional vector space M C {So}L. For every s € M,

(s,s0) = / ssodp =0 .
Z
The considered estimator on M is the least-squares estimator, defined as follows

Sp, € arg greuﬁ P, (Ks) (6.7)

= arggreliﬁ {HSH2 - 2Pn5} .

It is easy to check that such an estimator exists, and if (¢y) 5:1 is an orthonormal basis of
(M, -1,
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6.1.1 Excess risk and contrast

As defined in (6.7), sy, is the well-known empirical risk minimizer on M of the least-squares
contrast. For any s € Ls (1), the quantity P (Ks) is called the risk of the function s. We notice
that for any s € {so}™,

P(Ks— Ks,) =PKs— PKs,
= JIsl* = 2(s, f) = llssll* + 2 {5, /)
= [ls|* =2 (s, 54) + [l s:]”
= s —s.* >0, (6.8)

and so P (Ks — Ks.), which is called the excess risk of s, is the Lo (u) loss. If we denote by
sy the linear projection of s, onto M in Lo (u), we have

PKsy — PKs, = inj&{PKs—PKs*} , (6.9)
se

and from (6.9), we deduce that

sy = argmin PK (s) .
seM

We also notice that by the Pythagorean theorem we have for all s € M,
ls = s:ll* = lls = sarll* + llsar — s
and so it holds for all s € M,
P(Ks—Ksy)=|s—sul>>0.

Our aim is to study the performance of least-squares estimators, that we measure by their
excess risk. We thus look at the random quantity P (Ks, — Ks.). Moreover, as we can write

P(Ks,—Ks,)=P(Ks, — Ksy )+ P (Kspy — Ksy)
we more precisely focus on the quantity
P(Ks,—Ksy) >0,

that we want to bound with high probability. Abusively, we will often call this last quantity the
excess risk of the estimator (on M) or the true excess risk of s,, by opposition to the empirical
excess risk for which the expectation is taken over the empirical measure :

P, (Ksy — Ksyp) > 0.
Let us define
Yim (2) = -2 (6.10)
vg = lIsl* = llsal®
so that we can write for s € M,
Ks—Ksy =95+ vim-(s—su) - (6.11)

In doing so, our aim is to emphasize the fact that in the following analysis, no references are
needed to special values of ¥ )s and 5. More precisely we only need to assume that

1l < Arp < 400 (6.12)

for some positive constant A; ps and (6.12) is automatically satisfied for least-squares density
estimation with A; p; = 2 using (6.10). Moreover, it makes it easier to relate the situation of
this chapter where the contrast is linear to those of chapters 3 and 5 where second orders terms
appear in the expansion of the considered contrast.
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6.1.2 Linear models

Recall that the model M that we consider is a finite dimensional linear vector space. The linear
dimension is written D.
Let us define a function ¥j; on Z, called the unit envelope, such that

W (2) s (2)] - (6.13)

1
=—— sup
VD sem|s|<1
As M is a finite dimensional real vector space, the supremum in (6.13) can also be taken over
a countable subset of M, so ¥, is a measurable function. The assumption that we make on
M is classical, see for example [25] or [13], and rather weak. It states that the unit envelope of
M has a finite sup-norm :

(H2) The unit envelope is uniformly bounded from above on Z :

”\I/MHOO < A3’M < 0.

As shown in [13], assumption (H2) is satisfied for a very large class of linear models such as
some histograms and piecewise polynomials models, models with trigonometric basis or regular
wavelet basis, when for example Z is the unit interval [0, 1] and u is the Lebesgue measure Leb
on Z.

6.1.3 Complexity of a linear model M

As we will see in Section 6.2, the rate of convergence of the excess risks on a model M is
determined by a quantity that relates the structure of the model to the unknown law P. We
call this quantity the complexity of the model M and we denote it by Cj;. More precisely, we
define

1
CM = ZD X IC%}M

where )
’C%,M =P (¢%,M : ‘I’?w) ) sup [P (1,0 - 3)]2 . (6.14)
sEM, ||s||<1
We will see right below that IC% as is indeed nonnegative. The quantity K1 p = /K2, > 0 is

called the normalized complexity of the model M.
Let us take an orthonormal basis (gok)szl of (M, ||-|]) . By using Cauchy-Schwarz inequality in
(6.13), we have

D
1
Wy = Ezgoi . (6.15)
k=1
Moreover
D 2
sup [P (o -5)) = sup [Z B P (1,0 - ‘Pk)]
seEM, ||s]|<1 (ﬂk)szleRD, S 82<1 k=1
D
= Z [P (101 - 0x)])” (6.16)
k=1

where the last equality again follows from Cauchy-Schwarz inequality. By combining (6.14),
(6.15) and (6.16) we deduce that

D
1
K3 = D > " Var (Y11 - ¢x) 20, (6.17)
k=1
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which in particular proves that IC%, A 1S nonnegative.
As we have ¢ )y = —2, we deduce from (6.17) that

4 D
= 5Z:Var ((Pk) (6.18)
k=1

and thus it holds b
= Var (o)
k=1

From (6.18) and since for any k € {1, ..., D},

Var (o) < P (¢}) =1,

we can also deduce that
Kiv <2. (6.19)

We need the following assumption, ensuring that the normalized complexity Ky s indeed be-
haves like a constant.

(H3) Lower bound on the normalized complexity : a positive constant Ay _ exists such that

,Cl,M > A}Q_ >0. (6.20)

Assumption (H3) is automatically satisfied for standard finite dimensional linear models such
as histograms generated by a finite partition of Z or more generally, piecewise polynomials
generated by a finite partition of Z and uniformly bounded in their degree. Indeed, consider
the model of histograms generated by a finite partition Ay; of Z. The family () defined
by

IeAy
ler
(1)
is an orthonormal basis of (M, |-]|) and it holds

|AM! Z Var (¢r) |A4 | Z (1—u(I)):4(1—|AM]_1> )

IEA]\/[

pr:z€Zr—pr(z) = , forall I € Ay,

Hence, if the number of elements in the considered partition is larger than two, assumption
(H3) holds for the model M with Ax - = v/2. Now, consider more generally some r € N
and the model M, of piecewise polynomials generated by Ajp; and of degree less or equal
to r. We have M C M, (and M = M) and dim (M,) = (r+1)|Ap|, we thus deduce
that IC%MT >4(r+1)"" (1 - |AM|_1). Finally, if the number of elements in the considered
partition is larger than two, assumption (H3) holds for the model M, with

2
A _ = >0.

6.2 True and empirical excess risk bounds on a fixed model

In this section, we state upper and lower bounds for the true excess risk on M, P (Ks,, — Ksps)
and for its empirical counterpart P, (Ksy — Ksy). We show that under reasonable assump-
tions the true excess risk is equivalent to the empirical one for a dimension of model not too
small. Let us start with the weaker set of assumptions, where we only assume that the unknown

density f belongs to Lo () and that the model has a unit envelope uniformly bounded, see
(H2).
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Theorem 6.1 Let o > 0 and M a linear model of finite dimension D. Assume that assump-

tions (H2) and (H3) hold. If there exists a positive constant A_ such that
nZDZA_(lnn)3>O,

then there exists a positive finite constant Ay, only depending on o, As nr, ||f|| and Ax,—, such
that by setting

€n = 0% : (6.21)
we have for all n > ng (As pr, A —, || I, A=, @),
P [P (Ksp— Kspp) < (1—en) igzciM: <o, (6.22)
P [P (Ksy, — Ksyr) > (14 ¢,) %%K%,M <2, (6.23)
P {Pn (Ksy — Ksp) < (1—¢€2) %%K%,M <n %, (6.24)
P [Pn (Ksy — Ksp) > (1+¢2) if/ciM- <n7o. (6.25)

In the previous theorem we achieve sharp upper and lower bounds for the true and empirical
excess risks on M. They are optimal at the first order since the leading constants are equal for
upper and lower bounds. Moreover, although our proofs given in Sections 6.3.2 and 6.3.1 follow
from a rather general strategy and can be adapted for the estimation of a regression function
or maximum likelihood estimation of density, we recover in inequalities (6.24) and (6.25),
concerning the empirical excess risk on M, some results obtained by Lerasle [56] that are based
on a different approach relying on explicit formula (6.3), (6.4) and thus only valid for least-
squares estimation of density. Recall that in this case, P (Ks, — Ksyr) = B, (Ksy — Ksy,) by
(6.4) and so inequalities (6.24) and (6.25) are still valid for the excess risk P (Ks, — Ks).
Without using equality (6.4), we derive inequalities (6.22) and (6.23) for the true excess risk on
M, that only rely on the linear structure of the least-squares contrast. But in this case, there
is a loss in second order terms as the deviations from the first order change from the single for
the empirical excess risk to the square root for the true excess risk. We conjecture, due to a
comparison with results obtained by Arlot and Massart in [10] in the regression setting, see
the discussion in Section 3.4.3 of Chapter 3, that the loss in the deviations occurring for the
true excess risk compared the empirical one are quite necessary in general, that is when second
order terms appear in the expansion of the considered contrast.

Let us now compare our results to Lerasle’s ones. The results of Lerasle [56] related to Theorem
6.1 are exposed in Proposition 2.1 of [56] and can be stated as follows, using some of our
notations. Setting Cps = %DIC%M as in Section 6.1.3,

By ={s e M,|s| <1}
the unit ball of (M, ||-]|),
_1 2 2 _
ey = — sup ||s||5, and wj; = sup Var(s) ,
SEB s€By
it holds by Proposition 2.1 of [56], for all > 0,
3/4 2\1/4 / 2 2 2
C C (eMx ) +0.7y/Cpvg e + 0.15v5,2 + ey
P P(KS,—L—KSM)——M> M M Sefa:/ZO
n

n

(6.26)
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and

3/4 2\1/4 / 2 2

C 1.8Cy; (eMx ) + 1.714 /Cprvg,w + 4.06ep 2
P2 _P(Ks,— Ksy) >
n n

< 2.8¢7%/20

(6.27)
Take x of order In (n) in (6.26) and (6.27). Notice that by (6.19) and (H3), Cps is of the same
order as D. Moreover, we have by (H2),

DA
emMm S ﬂ
n
and
v?\/‘, < sup P (52)
SEBM
= sup /SQfd,U,
seBys
< |If]| sup HSQH by Cauchy-Schwarz inequality
SEB
< If1l sup [s]l, < sup |s]]
s€Bum sEBs
< |1 f1 A, VD by (H2).

Hence, ey and ’UJQ\/[ are respectively of order Dn~! and v/D and we see that the deviations in
(6.26) and (6.27) are of order

vV Inn 07M
DV4  n

as in inequalities (6.24) and (6.25) of Theorem 6.1.

We now turn to some upper and lower bounds for the true and empirical excess risks under the
assumption that the unknown density f is uniformly bounded on Z. We thus slightly improve
the bounds given in Theorem 6.1, where we only assume that f € Lo (u).

Theorem 6.2 Let o > 0 and M a linear model of finite dimension D. Assume that (H1),
(H2) and (H3) hold. If there ezists a positive constant A_ such that

n>D>A_(lnn)>>0,

then there exists a positive finite constant Ay, only depending on As nr, Ak, —, Ass and o, such

that by setting
Inn\ /4 (In n)1/4
En —Aomax{(D> 5 W 5

we have for all n > ng (As ar, Ax,—, Aoc, A—),

1D T
P [P (Ksp— Ksy) < (1—¢p) gg’ciM <27, (6.28)
1D 2 _ —«
PP (Ks,— Ksy) > (1+ep) ZEICI’M <2n~ % (6.29)
2 1D 2 | —a
PP, (Ksy — Ksp) < (1—¢;) ZE’CLM <n"9 (6.30)

1D
P [Pn (Ksy — Ksp) > (1+¢2) Z—IC% vl <ne (6.31)
n b
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As we have, for all 1 < D <n,

Inn\ 4 (lnn)1/4 < (lnn)1/4
Hax D Tonl/s - D8 7
we deduce that the deviations given in Theorem 6.2 slightly improve those of Theorem 6.1.
Again, straightforward computations using inequalities (6.26) and (6.27) given by Lerasle in

[56], allow to recover the same magnitude of deviations as in Theorem 6.2 in the case where
(H1) holds. The remainder of the chapter is dedicated to the proofs of Theorems 6.1 and 6.2.

6.3 Proofs

6.3.1 Proofs of the theorems

In order to express the quantities of interest, we need preliminaries definitions.
Elements of an orthonormal basis in (M, ||-||) are denoted by ¢, & = 1,..., D. Let us define
several slices of excess risk on the model M :

Fo={seM,P(Ks—Ksy)<C}

Fsc={seM,P(Ks—Ksy)>C}
and for any interval I C R,

Fr={seM,P(Ks—Ksy)el} .
We also define for any L > 0,

Dp={se M,P(Ks— Ksy)=1L} .

The proof of Theorem 6.1 relies on Lemmas 6.5 and 6.7 stated in Section 6.3.2 below, and that
give sharp estimates of suprema of the empirical process indexed by the constrasted functions
over several slices of interest.

Proof of Theorem 6.1. Let p = (cpk)szl be an orthonormal basis of (M, ||-||). We divide
the proof of Theorem 6.1 in four parts, corresponding to the four Inequalities (6.22), (6.23),
(6.24) and (6.25). The values of Ay defined in (6.21) will be then fixed at the end of the proof.

Proof of Inequality (6.22). Let r € (1,2] to be fixed later and C' > 0 such that

D
rC = %IC%M : (6.32)

It holds
P(P(Ksy,— Ksy) <C)

§P<inf P, (Ks— Ksp) < inf Pn(Ks—KsM)>

s€Fc s€Fsc

<P ( inf P,(Ks—Ksy)< inf P,(Ks—Ksy)
seFc s€EF(c,rC)

:}P’(suan(KsM—Ks)Z sup Pn(KSM—KS)>. (6.33)

seFo s€F(c,ro)
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Now, by (6.32) we have C < 1 (1+ ) DICQM where 7, = L _ Ay 0 If11.8 X D1/4 is defined
in Lemma 6.1, so we can apply Lemma 6.5 with = 8 and it holds,

D
P | sup P, (Ksy — Ks) > (14 7,) 4/ C—ICLM - C
seFo n

Moreover, by using (H3) and (6.19) in (6.32) we get

(6.34)

We then apply Lemma 6.7 with

a=0, A=A _/4, Au=1
so it holds for all n > ng (A3 ar, A, —, || fI] , A=)

Vinn rCD _
P sup P, (Ksy — Ks) < L= Lay o Ax_ Iflha X Kiy—rC| <n™ @
56.7:(0’7”0]

D1/4

] (6.35)
Now, from (6.34) and (6.35) we deduce that a positive constant Ay exists, only depending on
As v, A, || f]] and o, such that for all n > ng (A3, Ax,—, || f]|

> , , ,A_), it holds on the same
event of probability at least 1 — 2n™%,
Vinn\ [CD
sup P, (Ksy — Ks) < <1+A0 D lClM C (6.36)
seFco
and
VA D
sup P, (Ksy — Ks) > 1—Aom \/WIQM—TC. (6.37)
SEf(C,rC] D1/4 n ’

Hence, from (6.36) and (6.7) we deduce, using (6.33), that if we choose r € (1, 2] such that

Vin D Vi D
( A0D1/4>\/C K — C<< .y n"),/ri Kinr —rC

0 i/ (6.38)
then, for all n > ng (43 m, Ak, || f]], A=),

P (Ks, —
1 —2n~. Now, by (6.32) it holds

Kspr) > C with probability at least

1/TCDIC1M—2TC—EQIC1M,

and by consequence inequality (6.38) is equivalent to

~ vInn \/1

(6.39)
Moreover, since D > A_ (Inn)® we have for all n > ng (A_, flo)
~ vVlnn 1
Ao D/ < 1 (6.40)
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inequality (6.39) is satisfied. Notice that, for all n > ng (A_,A()) 0 < 48/ Ay hgi/g < 1, so

that r € (1,2). Finally, we compute C by (6.32) and (6.41). For all n > ng (A,, AO),

rC 1 1D (Inn) 1/4
027: — 17 IC <1—48\/ DS )4 IC , (6.42)

1+48\/fT0( ol )

which yields the result.

Proof of Inequality (6.23). Let C > 0 and § € (0,1) to be fixed later satisfying

D
(1-0)C = 47/ciM (6.43)
and ) D

where 7, = L _ a5, 151,8 ¥ D—Vlln/? is defined in Lemma 6.1. We have
P(P(Ksy,— Kspy) > C)

§]P’<inf P, (Ks— Ksy) > inf Pn(Ks—KsM)>

seFc s€EFsc

=P (sup P, (Ksy — Ks) < sup P, (Ksy —Ks))

seFc s€Fsc

<P sup P, (Ksy — Ks) < sup P, (Ksy — Ks) | . (6.45)

SE]'—( (- 6)0] s€Fsc

Now by (6.44) we apply Lemma 6.5 with a = 8 and we get

sup P, (Ksy — Ks) > (1+Tn)\/C£K1,M—C
SE]'->C n

Moreover, by (6.43), (H3) and (6.19) we can apply Lemma 6.7 with the constant C' in Lemma
6.7 replaced by C/2, a = B, r = 2(1-9), A, =1, A = AI2C,—/4 and so it holds, for all
n 2 no (A3,M7 A/C,*7 HfH 7A—))

P (6.46)

P, (K - K
P P (g aone) T 0 T ) <no . (647)
Vinn —0)C - ) )
< (1 - LAB,ILLA/C,—7Au7Ala||f||704 X D11/4) : n) D’CLM B (1 - 5) C

Hence, from (6.46) and (6.47), we deduce that a positive constant Ag exists, only depending
on Az, Ax,—, Au, A, || f]] and «, such that for all n > ng (Az ., Ak,—, || f|| , A=) it holds on
the same event of probability at least 1 — 2n~¢,

sup Py (Ksa— Ks) > ( i M) (1= i) Dy —a-6)C  (6.48)

075172
86}—(%’(175)0] D/
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and
- Vinn CD
sup Pn(KSM—KS)S <1+A0D1/4 T’CLM—C (649)
S€f>c

Now, from (6.48), (6.49) and (6.45), we deduce that if we choose § € (0, 3) such that (6.44)
and

<1+Aom>,/?K1,M—C<(1—A0m> (1_?CDIC1,M—(1—5)C (6.50)

D1l/4 D1/4

are satisfied then, for all n > ng (A3 ar, Ax,—, || ]|, A=), P (Ks, — Ksyr) < C with probability
at least 1 — 2n~%. By (6.43) it holds

1-6)CD 1D
()]CLM:z(l—(S)C:QnIC%,M,

and by consequence inequality (6.50) is equivalent to

< Vinn - Vinn
(1_2A0131/4 (1=0) =21+ Ao | VI=+1>0. (6.51)
Moreover, since D > A_ (Inn)* we have for all n > ng (Ax_, Az, || f]] s A, @),
< Vinn 1
max {A0D1/4 YT < E (652)
and so, for all n > ng (Ax,—, As || f]| , A—, @), simple computations show that by taking
« (In n)1/4 - (In n)1/4

for a positive constant Ag depending only on A3 as, Ak, —, Ay, Ay, || f]| and a. Hence, inequalities
(6.51) and (6.44) are satisfied and § € (0,1). Finally, we compute C by (6.43) and (6.53), for
all n > no (A’C,*aA&M) Hf” 7A—7a)7

1-48)C 1 1D - (Inn)/*\ 1D
0<C= ((1 _)5) -4 _5)15163M < (1 +12A0(D1)/8> gg’CiM , (6.54)

which readily yields the result.

Proof of Inequality (6.24). Let C' = %IC%M > 0 and let r = 2. By (H3) and (6.19) we
have

D D
C=_—2K2, <=
" 4n BM =

so we apply Lemma 6.7 with o« = 3, A; = AIQC,—/4 and A, = 1. Hence, it holds for all
n Z no (A3,M7A’C,—7AU7AZ7 HfH 7A—)7

2A27<
4dn ™

P sup Py, (KSM - KS) <|1- LAB,]W,AIC,—,Au,Al’Hf”’a X
SGF(C,T‘C]

| D
V;g) €Dy o) <ne
(6.55)
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D . 2 .
and as rC = EIC%M’ if we set Ag = 2LA3,MvAIC,77Au7A17Hf||704 with LA3,M7AIC,—7AuaAl7HfH=04 the
constant appearing in (6.55), we get

~ Vinn\ D
P sup P,(Ksy—Ks)<|[1—Ag~—7r | —K2y | <n . (6.56)
(sef(c,rC] " D4 4n e

Notice that

P, (Ksy — Ksyp) =sup P, (Ksyr — Ks) > sup P, (Ksy — Ks)

sEM s€F(o,rc)
so from (6.56) we deduce that
~ Vlnn\ D _

Proof of Inequality (6.25). Let

1 D
C=>(1+m)?=K2,,>0, (6.58)
4 n >
where 7, is defined in Lemma 3.13 applied with § = a. By (6.82) of Lemma 6.5 applied with
o = (it holds,

P (sup P, (Ksy — Ks) > C) <n %,
seM

which gives the result since sup,cys Pn (Ksy — Ks) = P, (Ksy — Ksy,) and since a positive
constant Ag exists, only depending on Ax —, A3 ar, || f|| and «, such that

1 — VIlnn\ D
C=3 (1 Ao pi ) Z]C%’M ' (6.59)

Conclusion. To complete the proof of Theorem 3.1, just notice that by (6.42), (6.54), (6.57)

and (6.59),
Ay = max {48\/21 , 124, ﬁ, \/Zlo}

is convenient. W

The proof of Theorem 6.2 follows from a straightforward adaptation of the proof of Theorem
6.1. Just replace the use of Lemmas 6.5 and 6.7 by Lemmas 6.6 and 6.35 stated in Section
6.3.2.
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6.3.2 Technical lemmas

We provide here with some lemmas needed in the proofs stated in the previous section.

Lemma 6.1 Let 3 > 0. Assume that (H2) and (H8) hold. Then a positive constant L, _ a4 ,,.11£].8

exists, such that by setting
Vinn
Tn = Lax _ A5 0 )1 £11,8 D4

we have, for any orthonormal basis (gok)kD:l of (M, |-]),

D
D
P Z > (W10 - o) > (1+Tn)\/:IC1,M <nP.

k=1

Proof. By Cauchy-Schwarz inequality we have,

D
X =D (P 2(Wrar - pr) = sup {|(Po— P) (100 - 8)| 5 8 € Lo (p) & ||s| <1} .
k=1

Hence, we get by Bousquet’s inequality (7.48), for all x > 0, § > 0,

P [x > \/EJF (14+0)E[x] + (; + (15) bﬂ <exp(-z) , (6.60)

o*< sup P ((wl,M : 3)2)
Isll<1

<4 sup /s2fdu

lIsll<1

where

<41l ||S|l|1£1 HSQH by Cauchy-Schwarz inequality
S~

<4 f]l sup |Isllo x sup [|s]|
lsl<1 lsl<1

< 443 ||fII VD by (H2) (6.61)
and

b< sup |1 -s5—PWim-s)|l, <2 sup || sl < 4VDAz by (H2). (6.62)
l[slly<1 l[sllo<1

Moreover,

<VE[x? = \/E’Q,M : (6.63)

So, by combining (6.61), (6.62) and (6.63) with (6.60), it follows that for all x > 0,

]P’[XZ \/8||f|’A3,M\/Ez+(1+5)\/>’C1M+ <3+5> 4\Ff3Mx

Hence, taking z = Slnn and 6 = \1{1117? < ﬁ

<exp(-z) .

gives the result. B
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Lemma 6.2 Let § > 0. Assume that (H1), (H2) and (H3) hold. Then a positive constant
LA}C,fyAS,A/I,Aoo,ﬂ exists, such that by setting

Inn  +Inn
o = Lag - g4, (\/ DV > ’

we have, for any orthonormal basis (apk)szl of (M, |-1),

D
Pl (P P (i on) = (1470 \/flcw <n .

k=1

Proof. By Cauchy-Schwarz inequality we have

D

X = Z(P”_P)Z(@/’LM'S%):SUP{|(Pn—P)(¢1,M-s)\, seM & |s|| <1} .
k=1

Hence, we get by Bousquet’s inequality (7.48), for all z > 0, § > 0,

P[X2M+(l+5)lli[x]+<;+2> bﬂ < exp(—z) | (6.64)

where
o? < sup P ((%,M ' 8)2>
lIslI<1
<4 sup /SQfd,u
lIsll<1
<4A, sup ||s|| < 4A (6.65)
lIslI<1
and
b < ”Sl}lp |’1ﬁ17M -s—P (wl,M . S)Hoo < 4\/51437]\/[ . (6.66)
s|l,<1

Moreover,

Elx] < VERZ = \/fICl,M : (6.67)

So, by combining (6.65), (6.66) and (6.67) with (6.60), it follows that

4V/DA
P XZWJr(Hé)\/ﬁKLMJF 11 DA
n n 3790 n

Hence, taking x = f1lnn and § = ”nllr}f gives the result. B

In the next lemma, we state sharp lower bounds for the mean of the supremum of the empirical
process on functions of M belonging to a slice of excess risk. The unknown density f is only
assumed to belong to Lo (u).

<exp(—z) .

Lemma 6.3 Let r > 1 and C > 0. Assume (H1) and (H3). If positive constants A_, A; and
A, exist such that

D D
n>D>A_Inn and A— <rC<A,—,
n n
then fOT' all n Z no (A3,M7A’C,—7AU7AZ7 HfH 7"4—)7

Lag Ak —AGALIE rCD
Di/A > KI,M >0.

n

E| sup (P,—P)Winm- (sM—s))] > <1—

Se}—(C,rC]

(6.68)
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Proof of Lemma 6.3. First observe that s € F(¢,,¢) implies that 2sy; — s € Fcrc), s0 that

E| sup (Pn—P)@Wrm-(sm—s))| =E

86.7:(077‘01

sup (P = P) (Y100 - (sm = 5))|] :

sef(C,rC]

In the next step, we apply Corollary 7.2. More precisely, using notations of Corollary 7.2, we
set

F= {%M SM—S) Seforc}a

> w 1 Aglfll 1
2 = A;c : {\/7 T 7B } (6.69)

< LAB,]VI»AIC,—7AU7Alva||D_ 12 (6.70)

and
Z= s |(Pu—P) @i (sn— )| -

SE]'—(C,TC]

We readily get by Cauchy-Schwarz inequality, using (H3),

CD D D
VE[Z7] = /- K 2 VAK T 2 VA (6.71)

Now, as we have

Jscugllf —Pfle <2 sup |1 - (snr = )|l <4VrCDAz by (H2),
S

36.7:(07,,”0]

we set b = 4vrCDAjz y, and it holds from (6.69) and (6.71),

2\E[Z2] > % (6.72)

Moreover, we have

sup Var (f) < sup P (1 - (spr — 8))?

feF SE‘F(C,TC]
<t sw [ (o= 9)* fn
SE]:(C,TC]
<A4|fll sup ||(sp— 3)2H by Cauchy-Schwarz inequality
SE}—(C’,TC]

<A4[fll sup [[s —smlloo X sup |[s — sl
Sef(c,Tc] Sef(c,Tc]

< 4As || f|| rCVD by (H2) .

Hence, we take 0% = 443 5/ || f|| rCv/D and we get by (6.69) and (6.71),

02

#E[Z2°] > (6.73)

n

Finally, since D > A_ Inn, we have for all n > ng (A3 v, Ax,—, Au, A1, || f1])s

0< 30 < LAS,M:A)C,—:AuvAl:“f”
iy n

< v <1
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and so, using (6.72) and (6.73), we deduce from Corollary 7.2 that for all n > ng (As ar, Ax,—, Au, Az || f1])s

E [ sup (P — P) (1,1 - (50 — 3))]

86]:(0,7"0]

2
> (1 - »,41_) E2 ( sup (P —P) (V1,0 - (smr — S)))

SE]'—(C’Tc]

LAy vr Axe— Au,ALS rCD
> _ 3, M A, — 3w A1,
> <1 Di/i " ,CI,M >0,

which yields the result. H
We give in the following lemma the same type of result as in Lemma 6.3, but in the more
restrictive assumption where the unknown density is of finite sup-norm.

Lemma 6.4 Let r > 1 and C > 0. Assume (H1), (H2) and (H3). If positive constants
A_,A; and A, exist such that

D D
n>D>A_Inn and A— <rC < A,— ,
n

n

then for all n > ng (A3 v, Ax,—, Au, Aty Ao, A,

LAs v A Au,ALA [rCD
> _ 5 kl y Uy 94100 .
= (1 WA N DI/ ) " /C17M>0

(6.74)

E| sup (P,—P)@Wi,m- (sm—9))

SEF(C,’I‘C]

Proof of Lemma 6.4. First observe that s € F(¢ ) implies that 2s); — s € F(c,rcy, S0 that

E! sup (P, —P)(Wrm-(sm—9))| =E

SEJF'(C’TC]

sup (P = P) (Y10 - (v — 8))] :

SE-T'(C,TC]

In the next step, we apply Corollary 7.2. More precisely, using notations of Corollary 7.2, we
set

F= {1!)1]\/[ SM—S)SE]:CTC}a

A, A A, 1
w = T max {Ag M\/ \f i D} (6.75)
< L7"7A3,]M7AIC,77Au=Al7Aoo max {n_1/2 ; D_l} (6.76)
and

Z= swp |(Pa—P) (i (sn— )| -

86.7:(0’7‘0]

We get by Cauchy-Schwarz inequality, using (H3),

rCD D D
\/E[ZQ] = " ,Cl,M > VAZ’CLME > VAZAIC,—g . (677)

Now, as we have

iug\lf —Pflee <2 sup |1 (s = 8)ll <4VrCDAz v by (H2)
S

SG}—(C,TC}
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we set b = 4vrCDAs jr, and it holds from (6.75) and (6.77),

x2\/E[Z2] > % : (6.78)

Moreover, we have

sup Var (f) < sup P (Y1,m - (Sm — 5))?

feF SEf(CﬂTC]
<t sw [ (o= 9* fdn
SG.F(C’TC]
<4As sup sy — s by (H1)
SEf(C,rC]
< 4ArC

Hence, we take 02 = 4A4,,rC and we get by (6.75) and (6.77),

o2

WE[7] > — . (6.79)

n
Finally, since D > A_ Inn, we have for all n > ng (A3, Ak,—, Au, A1, Aso),
0<s, < LAS,MAK,_,Au,Az,Aoo max {nil/ﬁl ; Dil/Q} <1

and so, using (6.78) and (6.79), we deduce from Corollary 7.2 that for all n > ng (Az v, Ak, —, Au, A1, Axo),

E

sup (P, —P) (Y1m - (sm — 3))]

Sef(C,rO]

2
> (1 — s, A1) E2 ( sup (P, — P) (Y1,m - (5m — S))>

SEf(C,rc]

> (1 Ly v A, Au,ArLAs rCD c
= nl/4 A D12 n LM

which yields the result. B
In the following lemma we give sharp upper bounds for the supremum of the empirical excess
risk on the slides of interest in the case where (H2) and (H3) hold.

Lemma 6.5 Let 3> 0 and C > 0. Assume that (H2) and (H3). If C < (1 + 70)? %IC%’M

where Tn, = L Ay 00 171,8 X D—‘lln/f is defined in Lemma 6.1, then it holds

CD
P | sup P, (Ksy — Ks) > (1+ 7)1/ —Kiy—C| <n P, (6.80)
seFco n

IfC > % (1+ Tn)2 %IC%M then it holds

P| sup P, (Ksy — Ks)> (14 1,) \/C—DICLM -C
SE]'—>C n

Moreover, we have

<n ", (6.81)

P [sup P, (Ksy — Ks) >

D
o (1 + Tn)z nK%’M] < niﬁ . (682)
S

I
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Proof. Start with

sup P, (Ksy — Ks) = sup {P, (1,01 - (501 — 8) — Vo) }
seFc seFc

= sup {(Pn —P)(Y1,m - (sm — ) — P (Ks—Ksy)} .
seFo
Next, recall that by definition
={seM,P(Ks—Ksy)=1L} ,

so we have

sup {(P, — P) (Y1,m - (spr —s)) — P(Ks— Kspy)}

seFc
= sup sup{(F, = P)(Yrar - (smr = s)) = L}
0<L<C Dy
D
= sup 1/1 M Pk Ly,
0<L<C Z ' )=

k=1

where the last bound follows from Cauchy-Schwarz inequality. Hence, we deduce from Lemma
6.1 that

P [sup {(Pn—P) (W1, - (s — ) — P (Ks— Ksp)} > sup {\/Z(1+Tn) \/flCl,M —L}] <n 7P,

seFc LLC

So, as C < i (1+ 7',1)2 DIC2 1.m Wwe get by simple calculations that

/D /D
sup {\/Z(l-i-’i’n) ,Cl,M_L}: \/C(l—i—’l‘n) *K:LM_C
0<L<C n n

and by consequence,

n=B

seEFc

P [sup {(Py—P) (W11 - (501 — 8)) — P(Ks — Ksp)} > VC (1 +7,) \/flCLM -C

which yields (6.80). Now inequality (6.81) follows from the same type of arguments Inequality
(6.82) is a straightforward corollary of (6.80) and (6.81) applied with C' = % (1 + ) DIC% M
since we have

sup P, (Ksy — Ks) = sup P, (Ksyr — Ks)V sup P, (Ksy — Ks) .
seM seFo seFsc

In the case where (H1) hold, we have the following result.

Lemma 6.6 Let 5 > 0 and C > 0. Assume that (H1), (H2) and (H3) hold. If C <

1“7" v lf}f) is defined in Lemma 6.2,

YA+ TR LR2 where 7% = L Ay 00,4008
then it holds

D
P | sup P, (Ksy — Ks) > (1 +T7?O)MCTK:17M—C

seFo

n% . (6.83)
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IfC > 5 (1+7)* 2K3 ), then it holds

D
P | sup Pn(KsM—Ks)Z(l—}—Tf)\/C—ICLM—C <n . (6.84)
S€f>c n
Moreover, we have
1 00\2 D 2 -0
P |sup P, (Ksy — Ks) > —(14+7°) —Ki | <n 7. (6.85)
seM 4 n '

The proof of Lemma 6.6 is similar to the proof of Lemma 6.5. Just replace the use of Lemma
6.1 and the related quantity 7,, given in the proof of Lemma 6.5 by the use of corresponding
Lemma 6.2 and related quantity 7,.° in the case of Lemma 6.6 where (H1) hold.

In the following lemma, we give a sharp bound for the supremum of the empirical excess risk
on a slide of interest in the case where (H2) and (H3) hold.

Lemma 6.7 Letr > 1 and C,3 > 0. Assume that (H2) and (H3) hold. If positive constants
A_, Ay, A, exist such that

D D
n>D>A_ (lnn)3 and A— <rC<A,—,
n n

then a positive constant L a, \, A _ A4 A, f],8 €Tists such that, for alln > ng (As ar, Axc,—, Au, As || f]], A=),
vinn rCD _
P( sup Pn(KSM—KS)§ (1_LA3,M7AIC,7AU7Al7f||7/6>< D1/4 " ICI,M—TC <n B .
SG]:(C,TC]

Proof. Start with

sup P, (Ksy — Ks)

SE‘F(C,T'C]

= sup {(P,—P)(Ksy—Ks)+ P (Ksy —Ks)}
Sef(cyrc]

> sup (P,—P)Wim-(smw—s))— sup P(Ks— Kspy)
S€EF(C,r0) s€F(c,re)

> sup (P,—P)Wim-(sm—s)) —rC (6.86)
86.7:(077‘0]

and set

Sirc= sup (P, —P)(W1,m- (sp—5))

SEF(CJC]
Mi,c=E| sup (P, —P)@1nm-(sm—9))
Sef(c’rc]
birc= sup |1m-(sm—8)— Pia - (sm—s)
SE]:(C,T'C]
O’ir’c = sup Var(¢ium - (sm—s)).
Sef(c,rc]

By Klein-Rio’s Inequality (7.50), we get, for all §,z > 0,

202 .z 1\ b
P{Sinc <00 Mp0 -\ T2 = (14 1) 22 ) <op(oa) . (68T
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Then, notice that all conditions of Lemma 6.3 are satisfied, and that it gives by (6.68), for all
n 2 no (A3,M7 AK:,—7 A’lMAla HfH 7A—)7

Ly A Au Ay rCD
Mo > <1 - e l”f) Kia >0, (6.88)
In addition, observe that
ol,c < sup P ((MM ~(sm — S))2>
SEF(C,TC]
<t sw [ (s =9 fin
SE.’F(C’,AC]
<A4|fll sup ||(spm — 3)2H by Cauchy-Schwarz inequality
Sef(c’rc]
<4fI sup fisar = sl X sup sy — 5]
SE}—(C,TC’] SE}—(C,TC’]
<443 || fIl7CVD by (H2) (6.89)
and
birc= sup |[Y1m-(sm—8)— P (s — )|l
s€EF(c,rC)
<2 sup |[Y1,m - (s —8)| o < 4A3 0V rCD by (H2). (6.90)
lIsll,<1

Hence, using (6.88), (6.89) and (6.90) in Inequality (6.87), we get for all x > 0 and all n >
no <A3,M7 A/C,—a A’IM Al7 ”f” ) A—)7

Dl/4

. /843 v || f|lrCVDx . (1 + l) 4A3 yVrCDx
n 0 n

Now, taking z = Slnn, § = % ﬁ‘}f <3 lln/lf < % for all n > ng (A_) since D > A_ (Inn)*, and us-

ing (H3), we can deduce by simple computations that a positive constant L, , ac _ 4..4,,f]I,8
exists such that, for all n > ng (Aszmr, Ax,—, Au, A1, || f]] s A=),

vinn rCD _
P (Sl,r,C < (1 - LAS,]\LA)C,—7Au:Alv||fHuB X D1/4 n lClvM sn ’ : (6'91)

Finally, using (6.91) in (6.86) we get that, for all n > ng (A3 ar, Ax,—, Au, A || fll A=),

L
SLT,C < (1 5) <1 A3J{,AK’_7Au,Al,|f> TCT'LD’CL
<exp(—x) .

Vinn rCD _
P sup P (Ksy — Ks) < | 1-— LAS,IM:A/C,f7Au)Al7||f||w6 X D1/4 Kiv—rC| <n ’ ’
sef(C,rC]

which concludes the proof. B
In the case where (H1) hold, we have the following result.

Lemma 6.8 Let r > 1 and C,3 > 0. Assume that (H1), (H2) and (H3) hold. If positive
constants A_, Ay, A;, A, exist such that

D D
nZDZA,(lnn)2 and Aj— <rC<A,—,
n n

then a positive constant L a, y; A Ay, A, As,p €TiSEs such that, for alln > ng (Asar, Ak, - Ay, Al Aso, A,

[Inn  VInn [rCD _
P sup P, (Ksy — Ks) < 1_LA3,M,A;<,_,Au,Al,Aoo,/3 ?\/17/4 —Kimy—rC | <n B
Sef(C,'r‘C] n n
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Proof. Start with

sup P, (Ksy — Ks)
86.7:(077«0]

= sup {(Pn—P)(Ksy — Ks)+ P (Ksy — Ks)}
86.7'—(07,,‘0]

> sup (P,—P)(W1m-(sm—s))— sup P(Ks—Ksy)

SG.F(C’TC] SG}—(C,TC’]

> sup (P,—P)Wim-(sm—s)) —rC

Sef(c’rc]

(6.92)

and set

Sipc= sup (Pn—P)@Wim-(sm—s))
SE.'F(C’TC]

Miyc=E| sup (Py—P)W1m-(sm—3))
SG}—(C’,TC’]
birc= sup |[Yim- (s —8)— P (sm— )l
SE]'—(C,TC]
U%,T,C = sup Var(Yium - (sm—s)).
Sef(cyrc]

By Klein-Rio’s Inequality (7.50), we get, for all §, z > 0,

202 _x 1\ b
P Sinc<(1—38)Mic—\f ITC - <1 + 5) ITC:C <exp(—z) . (6.93)

Then, notice that all conditions of Lemma 6.3 are satisfied, and that it gives by (6.68), for all
n > no (AS,My A/C,—? AU7 Al7 AO<>7 A—)7

[lInn  +Inn [rCD
M .o > (1 _LAs,M,A;c,_,Au,Az,Aoo ( ) V 174 )) - Kim>0. (6.94)

In addition, observe that

of,c< sup PP (su—s))?

SG.F(CJC]

<t _sw [ (o= 9" fdy

SE}—<C7,«C]
<4As sup |lsar—s|? by (H1)
Se}—(C’,rC’]
< 4ArC (6.95)
and
birc= sup |[Yiam- (s —8)— Prm - (sm— )l
SG.F(CJC]
<2 sup ||1,m - (sm— s)||C>o <4A3 yVrCD by (H2). (6.96)
lIsll,<1
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Hence, using (6.94), (6.95) and (6.96) in Inequality (6.93), we get for all z > 0 and for all
n > no (A3,M7 AK:,—7 A’lMAla AOO7A—)7

Sire < (1-9) <1 — Ly s, Axe,— Aus Ay A < oy ¥ ﬁ‘}f)) LI ar
<exp(—w)
o 8A3’]y[Hf||TC\/5LI: o (1 + l) 4A3,M\/7‘CD£E
V n o n

Now, taking 2 = 3Inn, § = Y0 < lnTn\/ Vinn o $forallm > ng (A_) since D > A_ (Inn)?,

ni/4 nl/4
and using (H3), we deduce by simple computations that a positive constant L As Ak Au, Ay Ao B
exists such that, for all n > ng (A3 a7, Ax,—, Au, A, Ao, A—),

[Inn  +Inn rCD _
]P) (SLnC S <1 - LA3,M,AIC,—,Au7Al,Aoo”8 ( ? V 7‘[,1/4>> n ’C17M> S n B . (697)

Finally, using (6.97) in (6.92) we get that, for all n > ng (Asm, Ax,—, Aus A, Aso, A-),

Inn  +Inn rCD _
P ( sup P (Ksy — Ks) < (1 = Lag A, Au, AL A B (\/ o Vv n1/4>> — Ky — 7"0> <n”

86‘7'—(07,,.01

which concludes the proof. B
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Chapitre 7

Optimal excess risks bounds in
regular contrast estimation

In this chapter, we derive upper and lower bounds with exact constants for the excess risk and
its empirical counterpart on a fixed affine model of finite dimensional underlying vector space,
in the general framework of regular contrast estimation exposed in Chapter 2. We refer to the
introduction of Chapter 3 for detailed references on the subject to be addressed.

Section 7.1 is devoted to the framework of our study. We state our results in Section 7.2.3. We
give some heuristics of the proofs in Section 7.3 and give the probabilistic tools needed, mainly
concentration inequalities for the empirical process and other tools of the theory of probability
in Banach spaces, in Section 7.4. The proofs of our results can be found at the end of this
chapter.

7.1 Framework and notations

7.1.1 Regular contrast estimation

Let (Z,7) be a measurable space, P an unknown probability measure on (2,7 ) and S a set of
measurable functions from (Z,7) to R. We also define &;, ...,&, to be n independent random
variables with common law P on (Z,7) and we take a generic random variable £ of law P,
independent of the sample (&1, ...,&,). We consider a contrast K on S for the law P, that is a
functional from S to L] (P),

S —Li(P)
K{ s»—>([1(3:zb—>(Ks)(z)) ’

such that there exists a unique element s, € S, called the target, satisfying

Sy = argmigP(Ks) and P (Ks.) < 400 . (7.1)
s€

Let us recall the definition of the space L] (P) of real-valued measurable functions on (Z,7)
whose negative part is of finite expectation with respect to P. The positive part of a real
number x € R is denoted (), := max{x , 0} > 0 and its negative part is (z)_ := (—x) =
max {—z , 0} > 0. We naturally extend these definitions to real-valued functions, and for a
function f defined from Z to R,

(fy:z2eZ2—(f(2)y » (NozeZ2—(f(2)_ .
Then, L (P) is defined to be

L7 (P)={f:Z >R T-measurable ; P(f)_ < +oo} .

211
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Notice that expectation with respect to P is well-defined on Li (P), by writing for any f €
Ly (P), B

Pfi=P(f), ~ P(f)_cR,
where R := RU{+o00}. We also set Lj (P) the set of integrable real-valued functions for the

law P,
L (P)={f:(2,T) >R ; P|f| < +oo} ,

Lo (P) is the set of square integrable real-valued functions for the law P,

Ly (P) = {f (ET) SR |fl, =P () < +oo} ,

and Lo (P) is the set real-valued functions essentially bounded on Z with respect to the law
P

)

Loo (P):={s:(2,T) =R ; [|s]l = essup.cz (|5 (2)]) < 400} .
The target s, is, according to (7.1), the minimizer of the risk P (Ks) over the set S. It is

an unknown quantity as it depends on the law P. Our goal is to estimate the target s, by
using the sample (&1, ...,&,). To that end, we consider a model M C S() Lo (P) and we take
a M-estimator s, on M, assumed to exist but non necessarily unique, satisfying

Sp, € arg mlﬁ P, (Ks) with P, (Ks,) < +00 a.s., (7.2)
s€

where
1 n
=

is the empirical distribution of the sample ({1, ..., &,).

Moreover, we assume that the contrast K is regular for the model M and the law P. A precise
definition of a regular contrast can be found in Section 2.2 of Chapter 2, that recall now. First,
we assume that there exists a unique projection sp; of s, on M, defined to be

Sp o= argireliﬁP(Ks) with P (Ksp) < 400 . (7.3)

In addition, for all s € M and P-almost all z € Z, the following expansion hold,

Ks(2) = Ky (2) = g + i (2) (s — sm) (2) + 2 (Ysar (2) (5 — sm) (2)) (7.4)

where ) is a constant depending on s but not on z, 11 5 and 3 ps are functions defined on
Z not depending on s and not identically equal to 0 satisfying ¢ ar € L2 (P), ¥3,m € Loo (P)
and 9 is a function not depending on s, defined on a subset Dy C R such that 0 € 2032, where
D5 denotes the interior of Da, 12 (D2) C R and 1) (0) = 0. Moreover, there exists Ly > 0 such
that for all € [0, Ly '], it holds [~d,4d] C Dy and for all (z,y) € [, 4],

12 () — P2 (y)| < Lad |z —y . (7.5)

Thirdly, if we denote -
My :=Span{s — sy ; s€ M} ,

then there exists an Hilbertian norm ||-|[; 5, on My and positive constants Az, Ly > 0 such
that
I-lly < Ag -l g s (7.6)

and for all § € [0, Ly;'], for all s € M such that ||s — syl <6 < Ly, it holds

(U= Lud) lls = saal3 0 < P (Ks — Ksar) < (14 Ligd) s — sarllZppy - (77)
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We further assume in this chapter that the model M is affine, that is
My :={s—sy; s€ M} (7.8)

is a linear vector space, and we demand that My has a finite linear dimension that we denote
D. This gives My = My and so, |||, is an Hilbertian norm on Mj. By abuse, M is also
called a model. 7

The framework described above contains least-squares regression and least-squares estimation
of density on finite dimensional linear models, the latter being indeed special cases of affine
spaces, and maximum likelihood estimation of density on histograms, as further explained
in Chapter 2. Considering the case of a model M of histograms for maximum likelihood
estimation, see Chapter 5, one has to restrict to histogram densities with respect to some
known probability measure p on (Z,7),

M = S:Z/BI]-I;(ﬁ[)]eAMERA,SZ()v/SdM:]- )
IeAy z

where Ajy is some finite partition on Z and A = Card (Ays). Thus, for any s € M, it holds
/ (s— sa)dp =0, (7.9)
z

a property also satisfied on ]TI/O = Span{s — sy ; s € M}. However, the set
My={s—sy; se€ M}

is not a linear vector space, since for any s € M, s > 0. In fact, it is only “star-shaped” at 0.
But in Chapter 5 we further assume that there exists a positive constant A, such that

inf > Amin > 0.

zng SM (Z) Z Amin

This allows to recover some “linearity” on the set My locally around the projection sz, in the
sense that it holds

M ﬂB(M,LOO) (571, Amin) = Mo ﬂB(M,Loo) (575 Amin) »

where B(ys 1.y (SM; Amin) = {s € M ; |ls —sm| < Amin}. As everything happens in the
subset B(n 1.y (80, Amin) of M due to the assumption of consistency in sup-norm of the
maximum likelihood estimator towards the projection sp; made in Chapter 5 and also in
this chapter, see Section 7.1.3, straightforward adaptations of the formalism developed in the
present chapter allow to consider the maximum likelihood estimation of density on histograms
as a special case of our general framework.

7.1.2 Excess risks

Our aim is to study the performance of the M-estimator s, in terms of excess risk, defined to
be the following random quantity

P(Ks,—Ksy)>0. (7.10)

Notice that the excess risk given in (7.10) is well-defined. Indeed, by (7.1), we have P (Ks,) <
+00, and as s, € S we also have P (Ks,)_ < +o0o, and thus |P (Ksy)| < P (|Ks«|) < 400, or
in other words Ks, € Ly (P). Moreover, as s, € M C S it holds P (Ks,) € R and we conclude
that

P(Ks,—Ks,) =P (Ks,)—P(Ks.) €R.
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The fact that the excess risk is nonnegative directly follows from the definition of the target
Sx, namely s, is the minimizer of the risk over S.

The excess risk of the M-estimator s, decomposes into the sum of the bias of the model and
the excess risk of the estimator on M :

P(Ksy,—Ksy)=P(Ksy, — Ksy )+ P (Kspy — Ksy) .

The excess risk on M, P (Ks, — Ksjs) is well-defined by the same arguments showing that
the excess risk P (Ks, — Ks,) is well-defined. As the projection sj; is the minimizer of the
risk over the model M, it holds

P(Ks,—Ksp)>0.

Furthermore, since Ksy, Ksy € L (P), the bias of the model is finite, P (Ksy — Ksi) < +00
and as s, is the minimizer of the risk over S, we have

P(Kspy — Ksy) >0

The bias term is deterministic and we only focus here on the excess risk on M of the estimator
Sn- We do not discuss on the possible behaviors of the bias of the model, neither on the trade-off
that can be achieved between the bias and the excess risk on M.
Another key quantity will be studied in this chapter, which is closely related to the excess risk
on M of the M-estimator, namely the empirical excess risk on M of the M-estimator, defined
to be

P, (Ksy — Ksyp) >0.

We notice that since Ks,, € L (P) and P, (Ks;,) < 400 a.s. by definition of s,, given in (8.2),
we have |P, (Ksy)| < +00 a.s.. As Ksyr € Ly (P), we have |P, (Ksy)| < 400 a.s. and so the
empirical excess risk on the estimator is well-defined. The fact that this quantity is nonnegative
directly follows from the definition of s,,, as s, is the minimizer of the empirical risk over M.

7.1.3 Assumptions on the model

We state here the two assumptions needed on the model M in order to derive the results of
Section 7.1.2. These assumptions, that relate the Lo (P)-structure and the Lo, (P)-structure of
linear models, were first formulated by Birgé and Massart in [25] - see also Barron, Birgé and
Massart [13] and Massart [61] Section 7.4.2 - in order to derive accurate excess risk bounds in
a general M-estimation setting. The authors also generalized these assumptions to non-linear
cases by considering suitable entropy numbers, see [25].

Our first assumption requires the following preliminary definition. Recall that the model M
is affine, with underlying vector space My pointed at the projection s); and that |||/, is an
Hilbertian norm on M. Moreover, My has a finite linear dimension D. 7

Definition 7.1 The unit envelope ¥y of the model M, for the Hilbertian norm |||y 5y, s
a function defined on Z, such that for any z € Z,

1
Ui (2) = — sup t(z)| . 7.11
) \/ﬁtGMO:“t”H,NIS1| = ( )

Since My is a finite dimensional real vector space, the supremum in (7.11) can also be taken
over a countable subset of My, so Wy is a measurable function.

We must require in the following assumption that the unit envelope of the model My defined
in (8.8) is uniformly bounded on Z.



7.2. EXCESS RISKS BOUNDS 215

e (A1) The unit envelope of My is uniformly bounded on Z : a positive constant Ay exists
such that

|9l < Aw < o0

The following assumption is stronger than (A1).

e (A2) Existence of a localized basis in (Mo, (RIF*2 M) : there exists an orthonormal

basis ¢ = (o) p, in (Mo, HHHM) that satisfies, for a positive constant rs (¢) and all
D
B = (ﬁk)k:l € RD7

D
> Brer| <rum(p) VDIl
k=1

where |3 = max {|B|;k € {1,..., D}} is the sup-norm of the D-dimensional vector 3.

[e.9]

Remark 7.1 (A2) implies (A1) and if (A1) holds then Ay = rur (@) is convenient.

In Birgé and Massart [25] and also in Section 7.4.2 of Massart [61], it is shown that models
of histograms, piecewise polynomials and compactly supported wavelets are typical examples
of models with localized basis for the Ly (Leb) structure, considering for instance that Z CRF.
Moreover, Fourier expansions on the unit interval with respect to the Lebesgue measure Leb
satisfy (A1) but their index of localization ry; () are typically of order Lv/D for some positive
constant L.

In Chapter 3, where we study the least-squares regression on a fixed linear model, we show
that histogram models are endowed with a localized basis structure in Lo (PX ), where PX is
the marginal law of the explicative variable X, under the assumption that the finite partition
defining the model is lower-regular with respect to the law PX, see Section 3.4.1 of Chapter
3. We also consider the case of piecewise polynomials defined on a finite partition of the unit
interval and that are uniformly bounded in their degree. We show in Section 3.5.1 of Chapter
3 that if the law P¥ has a density, with respect to the Lebesgue measure on the unit interval,
which is uniformly bounded away from zero and if the partition is lower-regular with respect
to the Lebesgue measure then the piecewise polynomials are again endowed with a localized
basis structure in Lo (PX).

7.2 Excess risks bounds

We state in Section 7.2.3 below the main results of this chapter. We show in particular that
when the considered model has a “reasonable” dimension, the excess risk on M of the M-
estimator is equivalent to the empirical excess risk on M, which is a keystone to prove the
slope heuristics of Birgé and Massart. We find rates of convergence that are optimal at the
first order. These rates involve a key quantity that relates the structure of the image by the
regular contrast K of the model M with the unknown law P and that we call the complexity
of the model, see Section 7.2.2. To derive results of Section 7.2.3, we need to assume that the
Me-estimator is consistent in sup-norm towards the projection of the target onto the model.
This assumption is stated in Section 7.2.1.

7.2.1 Assumption of consistency in sup-norm

The following assumption states that the M-estimator s, is consistent towards the projection
sy of the target onto the model, at a rate not slower than (In n)_1/2.
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e (A3) Assumption of consistency in sup-norm : for any A; > 0, if My is a model of

dimension D satisfying
n

D<A
N +(11171)2

)

then for all & > 0, we can find a positive integer n; and a positive constant A, satisfying
the following property : there exists R, p.o > 0 depending on D, n and «, such that

ACOTLS

Rn,D,a < (712)
Inn
and by setting
Qc>o,o¢ = {”Sn - SMHOO < Rn,D,a} s (713)
it holds, for all n > nq,
PQeal >1—n"7. (7.14)

In Chapter 3, we prove in a regression framework that the least-squares estimator achieves
assumption (A3) - which is denoted by (H5) in Chapter 3 - for suitable histogram models
and models of piecewise polynomials, see Sections 3.4.2 and 3.5.2 respectively. In such cases,
we need to assume, among other things, that the partitions defining the models are lower-
regular with respect to the law PX of the explicative variable X. In Chapter 5, we show that
the maximum likelihood estimator on histograms is consistent towards the Kullback-Leibler
projection of the target onto the model, when the partitions defining the models are lower-
regular with respect to a measure of reference i, see Section 5.3.1 of Chapter 5. We also notice
that in the case of least-squares estimation of density, studied in Chapter 6, the consistency
assumption (A3) is not needed, which is due to the fact that the least-squares density contrast
is linear - which means that 19 = 0 where 15 is defined in (7.4).

7.2.2 Complexity of the model

Recall that the model M is assumed to be affine, with underlying vector space My pointed at
the projection sp;. Moreover, My has a finite linear dimension D and there exists an Hilbertian
norm ||| 7 5, on Mo, such that for some positive constant Ay and any t € Mo,

[ty < Ar 1t g7 ar -

The unit envelope of the model M for the norm ||| 5, is written Way, see Defintion 7.1.

Definition 7.2 The complexity of the model M under the reqular contrast K and the law P
is written Cps and is defined by

1
CM:ZDXIC%,M 5

where

P (ZD%,M' sup 1t2> - sup [P (1,01 - 1)) (7.15)

teMo, (It g a < teMo, [|t|l g, ar <1

1
Py -¥4)—=  sup  [P@a-t)?>0, (7.16)
D veMo, ]y pr<t

The quantity K1y = \/@ > 0 is called the normalized complexity of the model M .
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We shall prove that the quantity given in (7.16) is well-defined and nonnegative. Let us take
an orthonormal basis (gpk)szl in <M0, |1l M> . By using Cauchy-Schwarz inequality in (7.11),

we have

1 D
5 > gt (7.17)
k=1

Now, as M C Lo (P) we have My C Ly (P) and by (7.17) it moreover holds Ws C Lo (P).
Since Y1 € Lo (P), we thus get

P (¢7 y- Vi) < +oo. (7.18)

Furthermore, since Mo C Lo (P) and 91, € Lo (P), P (¢1,m - t) is well-defined for any ¢ € M.
Moreover,

D 2
sup [P (101 - 1)) = sup [Z BiP (Y1, - @k)]
teMo, [[t]] g, <1 (Br)P_ €RD, S 52<1 [—1
D
=[P W en)? (7.19)
k=1

where the last equality follows from Cauchy-Schwarz inequality. From (7.19), we deduce that
SUPe My, [t 0p<1 [ (¥1,01 - t)]> < +o0 and so, by (7.16), we get IC%M < 4o00. By combining
(7.16), (7.17) and (7.19) we also deduce that

D
1
K3 = D E Var (1,01 - px) > 0, (7.20)
k=1

which also proves that IC% A 1s nonnegative.

Remark 7.2 The model M is affine and thus star-shaped in the sense of Definition 2.9 of
chapter 2. By Proposition 2.2 of Chapter 2, for each k € {1,...,D}, there exists a constant
ai € R such that 1 - i is defined up to the constant ay, on Z. Now, since Var (11, a1 - ¢k) 18
independent of the value of ay, we deduce that the normalized complexity K1 ar is independent
of the choice of 11y whenever M is affine, and so does the complexity Cpy.

Let us now assume that ¢y € Loo (P) and ¥3 01 € Lo (P).

e (A4) Coefficients 11 a7 and 13 3; appearing in the expansion of contrast are uniformly
bounded on Z : There exists a positive constant Ay such that

10l < A1 < o0 (7.21)
0 <Az = [[¥3mll, <+oo. (7.22)

Since we have by (7.6) and (7.22), for any k € {1,..., D},

Var (1 or) < P (001 #7) < AT llerlls < (A1An)* llonllfra = (A1Am)*

we get
]Cl,M < AlAH . (723)

We further need the following assumption, ensuring that the normalized complexity Ki y
indeed behaves like a constant.
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e (A5) Lower bound on the normalized complexity : a positive constant Ax exists such
that

ICl,M > Ak >0. (7.24)

In the regression framework, assumption (A4) is satisfied when the response variable Y is
almost surely bounded, see Section 3.3.3 of Chapter 3. In fact, (7.22) is in this case automat-
ically satisfied as we fix 13, = 1. In Chapter 5, considering maximum likelihood estimation

of density, we have

1
Yim = Y3 = —
SM

and considering a linear model made of histograms, we show that (A4) is satisfied if the
density s, to be estimated is uniformly bounded on Z, see Section 5.5.3. In the case of
least-squares estimation of density, assumption (A4) is automatically satisfied since 11 as is a
constant function and 3 s is equal to zero.

We show in Section 3.3.3 of Chapter 3 that assumption (A5) is satisfied in the regression
setting if the noise level or the unit envelope are uniformly bounded away from zero. In our
general regular contrast setting, if we assume that there exists A1, Ay > 0 and c € (0,1)
such that

inf |¢1,M| > Alﬁ >0, (7.25)
Z2EZ

Illy = As— [l 00 (7.26)

and for some orthonormal basis (@), of <M, HHHM> it holds

Ay _Apg
sup B [lyl] < et
ke{1,....D} 1

then it is easy to check that (A5) holds with Ax = (1 — ¢?) (A1 _Ag_)* > 0.

7.2.3 Theorems

We state now the main results of this chapter. The following theorem generalizes Theorem 3.1
of Chapter 3, from least-squares regression to regular contrast estimation.

Theorem 7.1 Let Ay, A_,a >0 and let (K, S, P) be such that K : S — L] (P) is a contrast
on S for the law P. Take a model M C S() L (P) and assume that K is regular on M for
the law P. Assume moreover that M is an affine space, with underlying linear vector space
My pointed at the projection spr. Assume that My has a finite linear dimension D and that

(A2), (A3), (A4) and (A5) hold. Take ¢ = (o), an orthonormal basis of (Mo, HHHM)
satisfying (A2). If it holds

n

(Inn)?

A_(lnn)* <D < A, ,
then a positive finite constant Ag exists, only depending on o, A_, on the constants Lo, Ay, Ly

defined in Section 7.1.1 and on the constants ryr (@), A1, Ax respectively defined in the as-
sumptions (A2), (A4) and (A5), such that by setting

Inn 1/4 Dlnn 1/4
€n = Ag max - , s VRBuDap s (7.27)

n
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we have for alln > ng (A—, Ay, Lo, A, Ly, ra (0), A1, Ak, As, Acons, N1, @),

1D 1
P [P (Ksp—Kspr) > (1—¢gy) ZE’C%»M >1-5n"2, (7.28)
1D 2 : —«
2 1D 2 ] -«
P|P, (Ksy — Ksp) > (1—¢;) ZEICLM >1-2n"%, (7.30)
2 1D 2 ] —a
P| P, (Ksy — Ksp) < (1+¢;,) ZgKl»M >1—-3n"°. (7.31)

In addition, when (A8) does not hold, but (A2), (A3), (A4) and (A5) hold, we still have for
alln Z no (A—7 A-‘r) L2a AH) LHv M (@) 7A1) AK? A37 a);;

Inn [Dlnn D o
P(Pn(KsM—Ksn)z(1—A0max{,/D,,/ - })%IC%M)ZI—%L . (7.32)

Theorem 7.2 Let A_, o > 0 and let (K,S,P) be such that K : S — Ly (P) is a contrast on
S for the law P. Take a model M C S() Loo (P) and assume that K is regular on M for the
law P. Assume moreover that M is an affine space, with underlying linear vector space My

pointed at the projection syr. Assume that My has a finite linear dimension D and that (A1),
(A3) and (A4) hold. If it holds

n

lsDs 4y (lnn)2

)

then a positive finite constant A, exists, only depending on o, A_, on the constants Lo, Ap, Ly
defined in Section 7.1.1 and on the constants Ay, A1, Ax respectively defined in the assumptions
(A2), (A4) and (A5), such that for all n > ng (Acons, 1),

DVl
P [P (Ks, — Ksy) > Auvn”] <3 (7.33)
n
and
DVl
p [Pn (Ksn — Ksn) > Aunn"} <3 (7.34)

7.3 The problem of upper and lower bounds

7.3.1 Rewriting the problem

We reformulate here the mathematical problems of upper and lower bounds in order to achieve
a formulation involving tractable mathematical quantities. We shall emphasize the fact that
no references to a linear structure of the model are needed, so that this is still valid for other
non-linear M-estimation problems such as supervised classification or level set estimation. This
allows us also to identify the keystones of the proofs in order to propose directions of research
to generalize our results.

The question of upper bound for the true excess risk on the model can be stated as follows.
Find the smallest level C such that the probability

P[P (Ks, — Ksp) > C]



220 CHAPITRE 7. EXCESS RISKS BOUNDS IN RCE

is bounded from above by a negative power of n. Traditionally, the proofs begin by symmetriz-
ing the true excess risk with respect to the empirical one. Indeed, since by definition of s, it
holds P, (Ks, — Kspr) <0, we have

P(Ksy,—Kspy) < (P—P,)(Ksy,— Ksp) (7.35)
so that

P[P (Ks, — Ksy) > C]
<P[(P—P,)(Ks, — Ksp)>C].

Then, one can use various empirical process techniques. For example, by observing that

(P—PR,) (Ksn—KsM)gsglg)\(P—Pn) (Ks— Ksu)| (7.36)

where G is a subset of M, for instance a subset of uniformly bounded functions, we can apply
chaining techniques to evaluate the mean of the supremum of the empirical process and Tala-
grand’s type concentration inequalities to control the deviations from the mean. But there is
generally a huge loss in (7.36). In fact, if we have an explicit bound ¢y, () such that, with high
probability, it holds

sup (P — Pp) (Ks— Ksu)| < én (6) (7.37)
{S,P(KS—KSAI)S(;}

then, using (7.35) we get
P (Ksy, —Kspy) < ¢ (P(Ksp, — Ksy))

so with the same probability as for (7.37), P (Ks, — Ksys) is bounded from above by the
largest solution of § < ¢y, ().

Now, bounding the supremum of the empirical process requires to evaluate the variance term
of the indexes, so that inequality (7.37) asks for a control of the variance at a point of the
model by the excess risk at the same point. This kind of relation is called a margin relation,
the name coming from the classification setting, see [75]. It is usually of the form

Var (Ks — Ksyr) < k(P (Ks— Ksp))®

for some k >0 and 0 < a < 1.

This refinement of the control of local increments leads to sharper and faster rates of conver-
gence, that are often minimax, with sometimes discussions on some extra log factor, see [39]
and [62]. But the use of (7.35) has two major drawbacks with respect to our problem. First,
our aim is to upper and lower bound the true and the empirical excess risks, non only at the
right and same rate, but with the right constant in front of the speed in order to prove that

P (Ks, — Ksy) ~ P, (Ksy — Ksy) .
Unfortunately, the use of (7.35) would multiply the constant at least by two. Another drawback
is that the control of the excess risk in (7.35) is useless for lower bounds where the goal is to
find the largest C' such that the probability
P[P (Ks, — Ksy) < (]

is bounded from below by a negative power of n.
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We recall that by definition
sp € argmin P, Ks
seM

=argmin P, (Ks — Ksy)
seM

= argmij\r/}{(Pn —P)(Ks—Ksy)+ P(Ks— Ksy)} .
s€

So we are dealing with the argument of the minimum over a class of functions of an empirical
process drifted, the deterministic drift being the excess risk. Moreover, we want to localize this
argument by the value of his drift. So a natural idea, that can be found in [44], [39] or in the
pealing lemma of [62], is to cut the class of functions into slices of drift, in order to estimate the
values of the empirical process on each slice as sharply as possible and compare these values to
determine their argument of minimum. In particular this requires to obtain upper and lower
bounds for each slice, on the contrary of (7.37) where one just needs upper bounds. This is in
essence what we do in our proofs. More precisely, if we set

Mc={se M;P(Ks— Ksy)<C}
M.c={se M;P(Ks— Ksy)>C}
and, for an interval I,
Mr={se M;P(Ks—Ksy) €I}

then we can write, assuming that s,, exists,
{P(Ks,— Kspy) <C}

seM-c

{ supsenr, (P — Po) (Ks — Ksar) — P (Ks — Ksar)} }
> supgens, , {(P — Pn) (Ks — Ksy) — P(Ks— Ksy)}

g{ inf P, (Ks— Ksy) < inf Pn(KsKsM)} (7.38)
sEM¢

and also
{P(Ksy— Ksp) > C}

§{ inf P, (Ks— Ksp)> inf Pn(Ks—KsM)} (7.39)

seEM¢o seEM~c

:{ SUPge e {(P — Po) (Ks — Ksy) — P (Ks — Ksy)} }
§supS€M>c{(P—Pn) (Ks— Kspy ) — P(Ks— Ksy)} '

Then we intend to apply empirical processes techniques in order to handle these suprema.
Notice that the formulation (7.38) and (7.39) is rather general and free from any reference to
the structure of the contrast or the structure of the model.

Moreover, after working out this approach, we are eventually able to explain the accurate
relation that can occur between the true excess risk and the empirical one. Indeed, if one can
find upper and lower bounds for the true excess risk, that is C., C_ > 0 such that, with high
probability,

Cy>P(Ksy,—Ksy)>C_

then by (7.38) and (7.39), we have, with the same probability,

sup P, (Ksyy — Ks) = sup P, (Ksy — Ks) . (7.40)

seM SEM[C,,C+]
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Since we have, by definition of s,,,

sup P, (Ksyr — Ks) = P, (Ksy — Ksp)

seM
we deduce that, if we are able to upper and lower bound with high probability the right-hand
side of (7.40), where the infimum is taken over a localized slice of the model, then we can
derive upper and lower bounds for the empirical excess risk. In addition, if Cy < (1 +¢)C.
and C_ > (1 —¢) C, for some very small € > 0 and

sup P, (Ksy — Ks) = C, (7.41)
s€ M,
[c-.c4]

with high probability, then we have P (Ks, — Ksy) ~ P, (Ksy — Ksy). We recognize in
(7.41) the classical argument of fized point used to derive upper bounds of the excess risk in
the context of margin relations, see for example [62] or [44].

We now turn in the following section to a more precise heuristics in the case of bounded
regression with a linear model.

7.3.2 Heuristics of the proofs
As we have seen in Section 7.3 above, we have

P[P (Ks,—Ksy) <C]|<P|sup P,(Ksy—Ks)> sup P, (Ksy — Ks)| .
sEMc s€M~c

Since we have, for any r > 1,

sup P, (Ksy—Ks)> sup P, (Ksy —Ks) ,
sEMs ¢ sEM(c,roy

we deduce that

P[P (Ksp — Ksy) <C|<P|sup P, (Ksy —Ks)> sup P, (Ksy—Ks)| .
seMc SEM(C,TC]
Now, by setting
Sr = M[L,L] = {S € M,P(KS —KSM) = L}

we have

sup P, (Ksy — Ks)= sup sup P, (Ksy — Ks)
seMc 0<LLC se8,

and

sup P, (Ksy —Ks)= sup sup P, (Ksy — Ks) .
SE]\4]C7T01 C<LLrCseSt,

As a consequence, the core of the proof is to understand how fast grows sup,cg, P (Ksy — Ks),
and the lower bound as well as the upper bound will be very close to

C, = argmax sup P, (Ksy — Ks) .
seST,

To fix ideas, we take the example of least-squares regression. We recall that in this case,
2
Ksy—Ks =i (sp—s) — (s —sum)

and
P(Ks—Ksy)=P(s—sm)? = Is = salg,px) -
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So we have

sup P, (Ksyr — Ks)

seEST,
= sup {(Pn — P) (101 - (501 — 5)) — (P — P) (s — s31)> — P (Ks — KSM)}
= sup { (P~ P) (01 (sn1 = 8)) = (P = P) (s = sx)” = L} .

seSy,

This is where the hypothesis of consistency in sup-norm plays a role by allowing to neglect
the second order term sup,cg, {(Pn —P)(s— sM)Q}. Indeed, if we assume that with high
probability

[sn = smlloe < Bnp <1,

we can localize our analysis in the ball Bys 1y (sa, Ry p) with high probability instead of the
entire M. So S, should be replaced by Dy, = S, N B 1) (Sm, RBn,p) and in Lemma 7.4 we
show that the mean of the second order term is negligible, the deviations being handled in the
proof by Bousquet’s inequality. So let us write

sup P, (Ksy — Ks) ~ sup {(P, — P) (Y1,m - (sm —s)) — L}
seDp, s€DL

= sup {(Py = P)(Y1m - (s —8)} — L.

At that stage, a fundamental remark is that s € Dy implies 2s); — s € Dy, and hence

sup {(Pn — P) (Y100 - (s — )} = sup [(Bn — P) (Y100 - (sm — 3))] - (7.42)
seDp, seD,
Indeed, as we want to bound as sharply as possible the value of C, we have to bound from
below the right-hand side of the latter inequality, and this is possible thanks to the “linearity”
recovered on the functions ¥ s - (sp — s), s € Dp. This is indeed one of the main reasons
why we expanded the contrast. As a matter of fact, separating the linear term from the second
order term allows us to put the absolute values, whereas we unfortunately have

sup {(P, — P)(Ksy — Ks)} # sup |(P, — P) (Ksy — Ks)|

seDp, seDy,
in general. Moreover, linearity is lost on the contrasted functions, even if the model M is
linear or affine. So in other situations than regression or M-estimation with regular contrast,
if one wants to apply the approach developed in Section 7.3, the first question to address is to
understand how to put absolute values inside the supremum of the empirical process, as in (7.42)
above, and how to bound from below the considered moment of order one for the supremum
of the empirical process. The strict equality in (7.42) could be relaxed, and a manner to relate
the one-sided supremum of the empirical process to the two-sided supremum is for instance to
control sufficiently sharply the variance of the one-sided supremum of the empirical process.
Furthermore, a lower bound for the moment of order one for the supremum of the empirical
process can be found in Giné and Koltchinskii [39], Theorem 3.4, under regularly varying
entropy bounds, providing a first general answer to this probabilistic question. However, this
is done under the assumption of a lower bound on the variance of the elements of the index set
that could be restrictive, considering the problem of lower bounds for the empirical excess risk
in the general context of M-estimation.
As Dy, C Sp, we get by Cauchy-Schwarz inequality that

D
SUp |(Po = P) (Y100 - (sar = 9))| < Y (Pu=P) (W - 1)) (7.43)
sEPL k=1
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where (gpk)szl is an orthonormal basis of M and so, with high probability,

sup |(Bn = P) (Y101 - (s — 5))]

seDy,
~E sup [(Pn = P) (Y1,m - (s — 8))|]
2
<E!/? (SG%D [(Pn = P) (Y10 - (51— 8))|> (7.44)

As we need to prove that

sup [(Pu — P) (1,01~ (511 — 8))| =\ 22 K

seDy,

we should reverse the inequalities (7.43) and (7.44). The first inequality can be reversed if
we show that the function in Sp, achieving the Cauchy-Schwarz inequality belongs with high
probability to B 1) (sm, Rn,p) . This is done in Lemma 7.3, that strongly relies on the
structure of localized basis of the model. To reverse the second inequality, we use the moment
inequality established in Corollary 7.2, and the proper lower bound is obtained in Lemma 7.2.
Hence, we have with high probability that

LD
sup P, (Ksy — Ks) = —Kim— L .
seDy, n

Finally, taking the argument of the maximum over values of L in the right-hand side of the

latter inequality we get

1D

In order to fix ideas we obtain in the simple case of homoscedastic regression, taking for instance
a model M of histograms defined on a partition P, by using (3.33) given in Section 3.3.3 of
Chapter 3 and denoting o the constant noise level, a rate of order
1D Do* 1
Com——Kiy=—+-Y VEY|X]|X€eI].
i = S+ L D VEW X €]

7.4 Probabilistic Tools

7.4.1 Classical tools

We recall here the main probabilistic results that are instrumental in our proofs.
Let us begin with the L,-version of Hoffmann-Jgrgensen’s inequality, that can be found for
example in [53], Proposition 6.10, p.157.

Theorem 7.3 For any independent mean zero random variables Y;, j = 1,...,n taking values
in a Banach space (B,||.||) and satisfying E[|Y;||*] < 400 for some p > 1, we have

p
n n P
0[S0 <, (B S0w | B (s i)

j=1 =1 =

where B, is a universal constant depending only on p.
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We will use this theorem for p = 2 in order to control suprema of empirical processes. In order
to be more specific, let F be a class of measurable functions from a measurable space Z to
R and (X1, ..., X,,) be independent variables of common law P taking values in Z. We then
denote by B = [*° (F) the space of uniformly bounded functions on F and, for any b € B, we
set [|b]] = supsez[b(f)]. Thus (B, |.||) is a Banach space. Indeed we shall apply Theorem 7.3
to the independent random variables, with mean zero and taking values in B, defined by

Vi ={f(X;) - Pf, feF}.

More precisely, we will use the following result, which is a straightforward application of The-
orem 7.3. Denote by
1 n
=1
the empirical measure associated to the sample (X1, ..., X},) and by
[Pn = Pl z = sup [(Pn — P) (f)]
feF

the supremum of the empirical process over F.

Corollary 7.1 If F is a class of measurable functions from a measurable space Z to R satis-

Jying
supsup | f (2) = Pf| = sup |f — Pf, < +o0
z€Z feF feF
and (X1, ..., Xy) are n i.i.d. random variables taking values in Z, then an absolute constant

Bs exists such that,

(7.45)

supser ||f — Pf|
B2 (17, - PIE] < B (1P, - P11+ SR =)
Another tool we need is a comparison theorem for Rademacher processes, see Theorem 4.12 of
[53]. A function ¢ : R — R is called a contraction if |¢ (u) — ¢ (v)| < |u —v]| for all u,v € R.

Moreover, for a subset T' C R"™ we set
1 @)l = l[Ally = sup | (2)] -
teT

Theorem 7.4 Let (e1,...,6,) be n i.i.d. Rademacher variables and F : Ry — Ry be a
conver and increasing function. Furthermore, let ¢; : R — R, ¢ < n, be contractions such that
©i (0) = 0. Then, for any bounded subset T C R",

T)

% T A

The next tool is the well known Bernstein’s inequality, that can be found for example in [61],
Proposition 2.9.

Theorem 7.5 (Bernstein’s inequality) Let (X1,...,X,) be independent real valued random
variables and define

S = (X; —E[X]).

n

~
[y

Assuming that
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and
X; <b a.s.

z  bx
> -4+ —| < —x). .
P[|S|_”2vn+3n] < 2exp(—x) (7.46)

We now turn to concentration inequalities for the empirical process around its mean. Bousquet’s
inequality [28] provides optimal constants for the deviations above the mean. Klein-Rio’s
inequality [41] gives sharp constants for the deviations below the mean, that slightly improves
Klein’s inequality [42].

we have, for every x > 0,

Theorem 7.6 Let (&1,...,&,) be n i.i.d. random variables having common law P and taking
values in a measurable space Z. If F is a class of measurable functions from Z to R satisfying

|f (&) —Pfl<b as., foral feF, i<n,

then, by setting
o% = sup {P (1%) = (Pf)’},

feF

we have, for all x > 0,
Bousquet’s inequality :

P [nPn — Py —E[| P, - Pl > \/2 (0% + E[|P, — Pll5)) < + Sjj] < exp(—a) (7.47)

T
n

and we can deduce that, for all e,x > 0, it holds

x 1 1\ bx
P |IPu = Ple = BIIP,— PLA > /2032 + 1P~ Plel + (24 ) 2] < exp(-a).
(7.48)

Klein-Ri0’s inequality :

P |BIP,— PLA -~ 1P~ Pl 2 2 (03 + 2E (17, - Pll) 2 + 2] <exp(-0) - (709

and again, we can deduce that, for all e,x > 0, it holds

x 1 bz
P B0~ Pl = 1P, - Plle 2 2032 + <1~ P+ (£ +1) 2] < exp(-a).
(7.50)

7.4.2 A moment inequality for the supremum of the empirical process

For short let us denote by Z = || P, — P||z the supremum of the empirical process over a class
of functions F. Our goal here is to show that the moments of order 1 and 2 of Z are equivalent,
in good cases among which those relevant for our needs. In such cases we would like a result
of the form

‘Eﬂ 2] - EY2 [27] ‘ < E[Z] (7.51)

and we can notice that it suffices to show that /V (Z) = \/E[Z%] — E[Z] < E[Z] . In order to
derive Inequality (7.51) - see Corollary 7.2 for a precise result - we thus begin by establishing
in Theorem 7.7 below a general upper bound on the variance V (Z) of the supremum of the
empirical process over a class of functions F.
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Theorem 7.7 Let F be a class of uniformly bounded functions from Z to R. For n i.i.d.
random variables (&1, ...,&§,) taking values in Z, denote by Z = ||P, — P||z the supremum
over the class F of the empirical process associated to (&1,...,&,). If 0 and b are two positive
constants such that 0® > sup ez Var (f), b > supser | f — Pfll . then by setting

-2

An,a,é,b = 2no? (1 + 5_1) b2

for any 6 > 0, we get

V(Z) < (6E[2])? +—+4F(5E[ ]\/ﬁ (7.52)
~1\2 ;92

+16 (Aposp + 1) exp (= Anosp) (1+5n2)b (7.53)

+ 8OF [Z]mexp(_/ln,g,&b) . (7.54)

In Theorem 7.7, we control the variance of the supremum of the empirical process for a
general class of functions F. Indeed, it can be applied to deduce sharp relations between
moments of order 1 and 2 of the supremum of the empirical process in various contexts. We
use it in Corollary 7.2 under the minimal assumptions pertaining to the situations described
in Chapters 3, 5 and 6 so that the control is sharp enough for our needs.

Corollary 7.2 Under notations of Theorem 7.7, if some », € (0,1) exists such that
o2
R [Z%] > —
n

and

2VEZ > 2
n

then we have for a numerical constant Ay — (129 + 4v/2m holds),
(1= s, ) VE[Z2] <E[7] .

We can notice that Hoffman-Jgrgensen’s inequality - see Theorem 7.3 - can be applied to
compare moments of Z, but only up to a universal constant. From this point this point of
view, Corollary 7.2 thus provides an improvement over Inequality (7.45) under more restrictive
assumptions.

We now establish the proofs of the results stated in Theorem 7.7 and Corollary 7.2.

Proof of Corollary 7.2. We use Theorem 7.7, noticing the fact that

E[Z?]-E[Z] < /V(Z) . (7.55)

Hence, we shall control the terms given by the right-hand side of the last inequality of Theorem
7.7. We take § = ¢, and so

(6E [2])? = 562 (E[2))* < 5B [2%] (7.56)
Moreover, we have

1602

[]é; 16522E [Z%] + 4v/2736,\/E [2%] % 300/ [27]
< (16+4v2r) 2K [27] . (7.57)
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Hence, using (7.56) and (7.57) we can bound the term given by (7.52), and more precisely,

1602 o
427oE [ Z] —=
- + 4V 27K [Z] NG
We turn now to the control of the term given by (7.53). As A;, 555 = 2no? (1 + 5‘1)_2 b2>0
and d = 5, < 1, we have

(SE[2])* +

< (17+4v2r) 2E [77] . (7.58)

exp(—Anosp) <1 and 1+ o t<25t
and so it holds

1+671)%p2
16 (An,a,ﬁ,b + 1) (77,2) €xXp (_An,a,é,b)
1+6 1282 1+6 1202
< 16An,0,5,b( + 2 ) + 16( + 2 )
2 —22
<32% 4yl
n n
< 32:2F [Z2°] + 6450, [Z*] = 965K [Z7] . (7.59)
It remains to control the term given by (7.54). We have
1+671)0
80K [Z] u exp (—Anoop)
b
<16—+/E[Z?]
n
< 1652E [Z7?] . (7.60)

Now, using (7.58), (7.59) and (7.60), we get by Theorem 7.7 that
V(2) < (129 +4v2r) 22K [27] .

for some positive constant As independent of D and n. Combining the last inequality with
(7.55) gives the result. W
We conclude the section by proving our general bound.

Proof of Theorem 7.7. From (7.48) and (7.50) with e = §, we deduce that for any §,z > 0,
it holds

P {yz -E[Z]] > \/50\/54- SE[Z]+ (1+071) b:;] < 2exp(—x). (7.61)
Moreover, .
v(2)=E[z-El2f] = [ P1Z-E(Z) = )20y (7.62)
and we have SE(Z]
[ IZ=E 121 = vpudy < GE(2)?, (7.63)
<1

Now, if x < A,, 555 then

x/ia\/z +(1+07Y b% < <\/§a +b(1+671) A""’"”’)

n
= 2\/50\/E,
n

x
n
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so, by (7.61), we get for x < A,, 55,

P [|Z -E[Z]| > 2\@;\/z+ SE [Z]] < 2exp (—z)

and thus

/2\[0\/ An,os, —0:0b 4 §E[Z]
b

P[|Z - E[Z]| > y] 2ydy
E[Z]

- /OA"’“’é’b P [\Z —E[Z]| > 2\/50—\/5+ SE [Z]} <2¢§a\/§+ SR [Z]> 2\/‘%’@

Ano,8b 8g2 29 Ano.sb 1
< / 2exp (—) 27 dz + OE [Z] V20 / 2exp (—z) —=dz
0 n vnoJo VT
1602
<

2] 7.

Next we remark that for z > A,, ; 55, we have

\/E \f
n nU(Sb naébn

which yields

2 146 p) L
\[a\/> ( + ) <\[a Ana§b (1+5 )b>n
=2(14+6 b*.
(14571)0°
Hence, we obtain by (7.61) that for z > A, ;5.
P [yz —E[Z]]|>2(1+67") b% + OE [Z]} < 2exp (—z).
We also remark that
TL a, — ATLO’
2v20 n‘”’+5E[ J=2(14+6")b n5b+6E[ ].
Therefore,
+oo
Pl|Z — E|Z]| > y]| 2ydy
/zfa\/mﬂmm H 712 4]
“+oo
[ P(|Z ~ E[Z)| 2 y] 2ydy
2(146—1)p =20k | 57 7]
+oo 2(1+6 Y0
:/ pliz-Ez) > 2000 p |
An,o‘,é,b
-1 E 2 (1 + (571) b
2(2(1+071) b= + 0B [2]) ————da
1467102 14+671)p [+
< 16% / xexp (—z) dx + 80E [Z] M / exp (—z) dx
n An o,8,b n An,o‘,é,b
14 671)%p2 1+67 )b
< 16 (An,a,é,b + 1) exp (_An,a,(S,b> (n2) + 80E [Z] Q exXp (_An,a,é,b) .

229

(7.64)

(7.65)

As we divided the integral given in (7.62) in three parts, it suffices to sum bounds given in

(7.63), (7.64) and (7.65) to conclude the proof.
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7.5 Proofs

7.5.1 Proofs of Section 7.2.3

In order to express the quantities of interest in the proofs of Theorems 7.1 and 7.2, we need
preliminary definitions. Let oo > 0 be fixed and for R, p o defined in (A3), see Section 7.2.1,
we set

Dl
Rn,D,a = mmax {Rn,D,a , Ao nn} (766)

n

where A is a positive constant to be chosen later. Moreover, we set

/Inn [Dlnn
Vp = maX{ f’ T7 Rn7D7a} ) (767)

Following then heuristics given in Section 7.3.2, our analysis is localized in the subset

B(M,LOO) <3M7Rn,D,a) = {3 S M7 HS - SMHOO < Rn,D,a}

of M.
Let us define several slices of excess risk on the model M : for any C' > 0,
9 -
Fo={seMlls = snlar < C} N\ Borrw) (53 Bupia) (7.68)
Foc={s € M, |ls = suill}yas > €} Birnrwy (511 Rupia) (7.69)

and for any interval J C R,

Fj= {s € M,|s— SM”?{,M € J} mB(M,Loo) (SM,RmDﬂ) .

We also define, for all L > 0,

Dy = {S € M, ||s — sl = L} (B <3M7Rn:D,a> :

The set of constants Ag, Lo, Ay and Ly defined in Section 7.1.1 will be denoted by (RC).
Recall that by assumption (A4) given in Section 7.2.2, it holds

[Y1,mll o < 4A (7.70)

and
0 < Az = ||Y3m],, < +oo. (7.71)

By (7.20), the normalized complexity i as defined in Section 7.2.2 satisfies

D
1
Kim = D ;Var (1,01 - o)

for any orthonormal basis (¢) szl of (M(], [RIF*2 M) . Moreover, inequality (7.23) holds under

(A4) and we have
K:LM < A1Ag . (772)

By assumption (A5) given in Section 7.2.2, we further have

Kiv > A >0. (7.73)
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Furthermore, notice that since D < Ayn (Inn)~'/2, it holds by assumption (A3) stated in
Section 7.2.1, for all n > ng (Acons, L),

0<Rupa<Ly.

Hence, using inequality (8.7), we have for all n > ng (Acons, Lx) and for any s € M such that
Is = salloo < Ruypa < Ly

0 < (1~ LirRupa) s — surlly g < P(Ks — Ksa) < (U+ LerRupa) s — sarll3ay - (7.74)

Finally, when (A1) holds - which is the case when (A2) holds, see Remark 7.1 -, we have by
(7.11),

sup Is — snllo, < AgV'D (7.75)

teMo, |Itl g <1

and so, for any orthonormal basis (gpk)szl of (Mo, H||HM), it holds for all k € {1, ..., D}, since

1okl e =1,
okl < AuVD . (7.76)

Proofs of the theorems

The proof of Theorem 7.1 relies on Lemmas 7.6, 7.7 and 7.8 stated in Section 7.5.2, and that
give sharp estimates of suprema of the empirical process on the constrasted functions over slices
of interest. We skip its proof as it follows, using Lemmas 7.6, 7.7 and 7.8 stated in Section 7.5.2,
from straightforward adaptation of the proof of Theorem 5.1 of Chapter 5 given in Section 5.5.3
of Chapter 5. The proof of Theorem 7.2 follows from straightforward adaptations of the proof
of Theorem 3.2 given in Section 3.6.3 of Chapter 4. To fix ideas let us give in the case of
Inequality (7.28), the arguments that lead to the use of Lemmas 7.6, 7.7 and 7.8.

Sketch of proof for Inequality (7.28). Let a > 0 be fixed and let ¢ = (gok)szl be
an orthonormal basis of (M, ||-|,) satisfying (A2). Since D < A+n(lnn)_1/2, it holds by
assumption (A3), for all n > ng (Acons, L),

0<Rupa<Ly .

Let 7 € (1,2] to be chosen later and C,C > 0 such that

D
rC = %IC%’ o (7.77)
and, for all n > ng (Acons, L),
C=(0-LyRypa)C>0. (7.78)

By inequality (7.74), if
P(Ks,—Ksy) <C and s, — $M|loo < RuDa

then
||Sn - SM”%,M S C )
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for all n > ng (Acons, Lrr). Hence, by (A3) there exists a positive integer n; such that it holds,
for all n > ng (Acons, L, n1),

P (P (Ksp — Ksar) < 6) <P ({P (Ksp — Ksar) < 6} ﬂﬂm,a) 4o
<P ({Hsn —sullZar < c} N Qoo,a) ey (7.79)

Now, by definition of the slices F and F> ¢ respectively given in (7.68) and (7.69), and since
by definition of Ry, p o given in (7.66) it holds

Rn,D,a < Rn,D,a 3
we can write
P ({llsn = sarllirar < OF ) o)

<P| inf P,(Ks— K < inf P,(Ks—K
<P (nf P (s~ Ko < Py (s~ Ksu) )

S]P’(inf P,(Ks—Kspy) < inf Pn(Ks—KsM))

seFc SG}—(CJC]
=P | sup P, (Ksy — Ks)> sup P, (Ksy—Ks) | . (7.80)
seFc SEf(C,rC]

Now, the proof of Inequality follows from straightforward adaptations of the proof of Inequality
(5.32) of Theorem 3.1 given in Section 5.5.3 of Chapter 5.

7.5.2 Technical lemmas

We state here some lemmas needed in the proofs given in Section 7.5.1. First, in Lemmas
7.1, 7.2 and 7.3, we derive some controls, from above and from below, of the empirical process
indexed by the “linear parts” of the contrasted functions over slices of interest. Secondly, we
give upper bounds in Lemmas 7.4 and 7.5 for the empirical process indexed by the “quadratic
parts” of the contrasted functions over slices of interest. And finally, we use all these results in
Lemmas 7.6, 7.7 and 7.8 to derive upper and lower bounds for the empirical process indexed
by the contrasted functions over slices of interest.

Lemma 7.1 Assume that (A1), (A4) and (A5) hold. Then for any > 0, by setting

Inn  +VInn
Tn = LAy A A 8 D v nl/4 )

we have, for any orthonormal basis (cpk)szl of (Mg, ||'HH7M>,

D
Py D (Po—P)? (Yrar - ok) = (14 70) ﬁnl,M <n’.

k=1

Proof. By Cauchy-Schwarz inequality we have

D
Xt = 4| S (Po= P2 (Wrar i) = sup {|(Pa— P) (rar )]}
k=1 teMo, ||t g <1



7.5. PROOFS 233

Hence, we get by Bousquet’s inequality (7.48) applied with F = {1/)1,M ty t€ Mo, |tz < 1},
for all z >0, § > 0,

JE 2 ) B + (5+3) %] <ewi-a (751)

< s Pl s’ Slenll s B < (4Ag)® by (7.70)
teMo, [|t]] g, pr <1 teMo, [[t]l g, pr <1

where

and

b < sup 10t — P (W1 t)]| o < 241A9V/D by (7.70) and (7.75).

teMo, It <1

Moreover, since by identity (7.20) of Section 7.2.2,

D
1
K =\|5 ; Var (V101 - @) -

we easily see that

E[xam] < \E[X3] = \/fICLM :

So, from (7.81) it follows that, for all x > 0, § > 0,

D 1 1\ 241Agyv D
P [XM >\ [2(A1Ay)? % +(1+96) \/EICLM + <3 + 5) W] <exp(—z) . (7.82)

Hence, taking 2 = Blnn, § = Y2 in (7.82), we can derive by (7.73) that

ni/4

Inn +Vinn D
P [XM > (1 + LA, Ac,Ag 3 (\/ ) V n1/4>> \/ glCl,M

which gives the result.ll

In the next lemma, we state sharp lower bounds for the mean of the supremum of the empirical
process on the linear parts of constrasted functions of M belonging to a slice of excess risk.
This is done for a model of reasonable dimension.

<n P

)

Lemma 7.2 Let r > 1 and C > 0. Assume that (A2), (A4) and (A5) hold and let p =
(‘Pk)kD:1 be an orthonormal basis of (MO, HHHM> satisfying (A2). If positive constants A_, A, Ay, Ay

exist such that

b

n

Ay n >DZA_(lnn)2 and AZQSTCSAU
n

(Inn)* ~
and if the constant A~ defined in (7.66) satisfies
Ao > 32Bo A1 A /24, A s () (7.83)

then, n > ng (Ay, A—, A, Au, A1, A, A, man (@) Acons, B2),

L
E| sup <PH—P><¢1,M-<SM—5>>]z(1— el e Kin . (7.84)

’SE]:(C,T'C] V D
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Our argument leading to Lemma 7.2 shows that we have to assume that the constant A
introduced in (7.66) is large enough. In order to prove Lemma 7.2 the following result is
needed.

Lemma 7.3 Letr > 1, 3> 0 and C > 0. Assume that (A2), (A4) and (A5) hold and let
¢ = (r)_, be an orthonormal basis of (MO, HHHM) satisfying (A2). If positive constants
Ay, A_ and A, exist such that

" _>D>A (nn)?, rC<A,

A
* (Inn)* =

bl

|G

and if
Ao > 16Ba Ay Ap\/2A, A5 10 ()

then, for alln > ng (Ay, A_, A1, Ag, A, rr (@), Be, 3), it holds

VrC (P, — P) (Y10 - 1) S Rup.a < 2D +1

P
hethop) \/Zg V(PP (rar- )| T (@)VD n”

Proof of Lemma 7.3. By Cauchy-Schwarz inequality, we get

D
Xar = | Y (Po—=P)? (Y1 - k) = sup [(Po— P) (b1 - 1)]

k=1 tESM/O
where Sy, is the unit sphere of My, that is
D

SMOZ tEMo;t:ZBkcpkand
k=1

Thus we can apply Klein-Rio’s concentration inequality (7.50) to xas by taking F =Sy, and
use the fact that

sgp 1, -t — P (10 - t)Hoo < 2A1\/57“M (¢) by (7.70) and (A2). (7.85)
teS,

sup Var (17 -t) < sup P (¢ -1)° < (A1Ag)? sup [[t)F,, = (A1Ar)® by (7.70)
tESIMO tES]MO tESIMO

and also, by using (7.85) in Inequality (7.45) applied to xas, we get that

E[xuml > By 'WE [X3,] —

_ D 2A1v/Dr
= B;! /gKl,M— 1 M (¢) .

n

241V Dryy (p)

We thus obtain by (7.50), for all e,z > 0,

P(XM< (1-¢)B \/7IC1M—,/ 2 (A1 Ap)? —<1—5—|—<1+1> >2A1\/::M( )>§exp(—x).

(7.86)
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So, by taking ¢ = % and z = Blnn in (7.86), and by observing that D > A_ (Inn)?, Kiyv >
Ak > 0 by (A5), we conclude that, for all n > ng (A_, A1, Ag, A, ram (@), B2, 5),

B;' /D
xm < 722 — K1 m
n

Furthermore, combining Bernstein’s inequality (7.46), with the observation that we have, for
every k € {1,..., D},

P <n P, (7.87)

1,01 - @il o, < A1V Drag () by (7.70) and (A2)
P (s - or)” < A % lowl7rar < (A1Am)? by (7.70)

we get that, for every = > 0 and every k € {1, ..., D},

A1V D
n — LM c0k)| >4 /2(A1AR) —+ ———————F—| <2exp(—=x
P (1P~ P) (w100~ 00| = 1 [2 (414 ”;Wg] (~)
and so
AVDry (@) x
- o]l > 22 AvDrar(p)z| _ o
P[kegl’éfD}’(Pn P) (1 - on)l 2 ()2 (A1An)” — + 3 | <2Dexp(—2)

(7.88)
Hence, taking x = Blnn in (7.88), it comes

2(A1AH)2ﬁ1nn n AV/Drys (@) Blnn < 2D
n 3n — nf’

(7.89)

P| max [(P,—P) 1M er)| > \/

ke{1,....D}

then, by using (7.87) and (7.89), we get for all n > ng (A_, A1, Ax, A, (), Ba, 5),

P| max VrC (Po = P) (Y1,m - ¢) > S5avrC \/2 (i)’ flan + 41D (p) flnn
ke{l,...D} XM B \/EIClM " sn
2D +1

< .

> B

Finally, as A+ﬁ > D we have, for all n > ng (A4, A1, Ag,ra (@), B),

A1V Dry (p) Blnn < \/2 (A1Ag)? Blnn

3n - n
and we can check that, since rC' < Au% and Ky pr > A > 0, if

Ao > 16Ba Ay Ap\/2AuBA s ()
then, for all n > ng (A4, A, Ay, Ag, A, M (), B2, B),

S A llnin < 2D +1 ’
@V on | T nf
which readily gives the result. B

We are now ready to prove the lower bound (7.84) for the expected value of the largest increment

VrC (P, — P) (Y10 - 1)
XM

P [ max
ke{1,....D}

of the empirical process over F(c ¢
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2
Proof of Lemma 7.2. Let us begin with the lower bound of B2 (Supsef(c vl (Pn,— P) (Y101 - (s — s))) ,
a result that will be need further in the proof. Introduce

D

sos =5+ Y Brner €M
k=1

where for all k € {1, ..., D},
- VrC (Po = P) (¥1,m - #)
LS B PP ()

g

Observe that

IscslFiar =rC (7.90)
We also set 3
Q max  |Brn| < _Mupa
= X k,TL ~ .
ke{l,...,D} rar () VD

By Lemma 7.3 we have for all 8 > 0, if

Ao > 16Bo A1 Apn/2AuBA T ()
for all n = ng (A-i-vA—aAlaAHaA/CarM (SO) 7B27/8)7

~ 2D +1
P (Q) >1- = (7.91)
Moreover, by (A2), we get on the event €2,
D ~
Z ﬁkz,n@k < Rn,D,a s
k=1 00
and so, on €,
scs € Ferc - (7.92)

As a consequence, by (7.92) it holds

N[

2
E ( sup (P, —P) ({1,mr - (s — 5)))

SE]:(C,rC]

D 2
> E3 ((Pn —P) <¢1,M~ (Z ﬁk,nw))) lg
k=1

D
(Z (Pn— P)* (1,0 - @k)) 1@] : (7.93)

k=1

=vrC,|E

Furthermore, since by (A2) ||¢kll, < VDr () for all k € {1,..., D}, we have

D

(Pn = P)* (1,01 - k)

<D ’ P _ py? ' ‘
k=1 =20, (Pn = P)” (Y10 - 1)

< 4D o2
< k:rrllﬁfDllwl,M ol

< AID*r; (¢)
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and it ensures

D
<Z (Pn = P)? (¢ - SOk)) lg

k=1

E _A2D%2, (o) P [(QH .

(7.94)

Comparing inequality (7.94) with (3.176) and using (7.91), we obtain the following lower bound,
for all n > ng (A+7 A—7 A17 AH7 AIC? M (SO) ) B27 ﬂ)a

2 D
E: ( Sup (Pn = P) (Y1, - (sm — s))> > TC\J E <Z (P, — P)* (Y. - %))]
s€F(c,ra) k=1

— Ayrar (9) DVCy [P [(Q)]

Z \/ TCT;D]CLM — A17’M( )D\/@ 2D + !
(7.95)

(ED: 2 (Y1 - sm:))

k=1

We take 8 = 4, and so we must have

Ao > 32By A1 A/ 2A A T ()

Since D < Ain (lnn)_2 and Cq p > Ax > 0, we get, for all n > ng (A1, A4, Ak, v (@),

2D 1
Airar (0) DVrCy/ + \/ lClM (7.96)

and so, by using (7.95) and (7.96), for all n > ng (A4, A_, A1, Ag, Axc,mar (), B2),

2
1 rCD
(Se]s:l(g)rc] (P — P) (Y1, - (Sm — s))> > (1 — \/5> \/ T’CLM . (7.97)

Now, as D > A_(Inn)* we have for all n > ng(A_), D~Y2 < 1/2. Moreover, we have
Kiam > Ax > 0 and 7C > A;Dn™!, so we finally deduce from (7.97) that, for all n >
no (A+7 A—)Alv A17 AH7 A’Ca M (@) )B2)7

[

E

2
E%(mm mrfme«w—@ﬂzX?¢mf. (7.98)

86.7:(0"40]

We turn now to the lower bound of E |sup.cr ., ., (P, — P) (Y101 - (s — 5))} First observe
that s € F(¢,,c) implies that

25 —s=5p — (s —sm) € Fora

so that

E| sup (Pu—P) (Wi (ssr—9)| =E

86.7:<C’TC]

sup (P — P) (Y1, - (sm — S))\] - (7.99)

SEF(C,TC]

In the next step, we apply Corollary 7.2. More precisely, using notations of Corollary 7.2, we
set

F={1m-(sn1 —5),s € Fope)}
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and
Z= s |(Pa—P) @i (sn— )| -

SE}—(C,TC]

Now, since for all n > ng (A4, A_, Aso, Acons) We have RmD,a < 1, we get by (7.70), for all
n > ng (A+7 A—7 Aom Acons)v

?ugﬂf —Pfllo=2 sup |v1um- (sm—8)|ly <241R0pa <24
c

36]:(0,7“0]

we set b= 2A4;. Since we assume that 7C < 4,2, it moreover holds by (7.70),

sup Var (f) < sup P (P - (sar — 8))° < (A1Aw)?rC < (A1 Ap)* A,
feFr s€EF(c,rC)

T

and so we set 02 = (A1 Ag)? Au%. Now, by (7.98) we have, for all
n>ng (A, A, A, A1, A, A, mu (@) 5 Ba),

JEZ > %@% | (7.100)

Hence, a positive constant L4, A, A, A,,4, ( max <2A1AHA,51\/AU/AI : 2\/A1A,E1A;1/4) holds)
exists such that, by setting
_ Lajauax.a44

=
vD

we can get, using (7.100), that,
for all n Z no (A+a A,, Ala Alm Alv AHv A’Ca M (SO) 3 Aco’nsa BQ),

2 2 o?
%RIE[Z]EZ,
P E[Z2]>9.
" —n

Furthermore, since D > A_ (In n)2, we have for all n > ng (A_, Aj, A, Ak, A1, Al),
sy € (0,1) .

So, using (7.99) and Corollary 7.2, it holds for all n > ng (A4, A, Ay, Au, A1, A, A, mar (9) , Acons, B2),

E [ sup (P, — P) (Y10 - (sm — 3))]

Sef(C,rC]

2

L

> <1 _ Az,Au,A;c,AhAH) IE% sup (P, —P) (W1 (sm—9)) ) (7.101)
V D SGf(c’Tc]

Finally, by comparing (7.97) and (7.101), we can deduce that
for all n > ng (A+7 A—7 Ala A?,u A17 AH7 AlC; ™ (SD) 7ACO7L57 BQ);

E K1 v

)

L
sup  (Pn — P) (Y100 - (50 — s))] > <1 _ ZAvdu A, A Al

> rCD
56-7:(6,7-6’] \/5

and so (7.84) is proved. W
Let us now turn to the control of second order terms appearing in the expansion of the regular
contrast K, see (7.4).
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Lemma 7.4 Let C >0 and AL > 0. Assume that

" _sp.

(Inn)* ~

It holds, for alln > ny (A4, Acons, Aoy As, L2),

Ay

~ CD
E | sup [(P, — P) (20 (Y301 - (s —sur)))|| < 8LaA3AnR, Do .

seFo

Proof. We define the Rademacher process R, on a class F of measurable functions from Z
to R, to be

Ro(f)= 3 af(&), feF
=1

where €; are independent Rademacher random variables also independent from the &;. By the
usual symmetrization argument we have

e (e (520

Recall that A3 := [[3p]|, > 0. As A+ﬁ > D, we have for all n > ny (A4, Acons, Aoy As, L),

E

sup <2E

seFco

Sup R (Y20 (3,01 - (5 = SM)))I] - (7.102)

Rypa < (AsLy)™" .
~ - 2
Hence, for all 7 > 10 (A, Aconss Aoo; Az, L) and for all (z,y) € |—AsRn.p.a, ARy, D,a] it
holds from (7.5), since A3Rn,D7a

W () — b2 (y)] < LoAsRypalz —y| - (7.103)

We define now the following real-valued function p,

(L2A3Rn,D,Q)_1¢2 (z) if v € [—Agﬁzn,aa, AsRop.a
p(z) = (L2A3Rn,D,a>_1 () <_A3Rn,D,a> ife < —A_l R,pa
(L2A3Rn,0,a>il o <A3Rn,D,a) if > A1 R, pa

and since p (0) = 12 (0) = 0, it follows from (7.103) that p is a contraction mapping for all
n > ng (A4, Acons, Acos A3, Lo). Then, taking the expectation with respect to the Rademacher
variables, we then get for all n > ng (A4, Acons, Aco, A3, L2),

Ec | sup [Rn (20 (¥3m - (s — 8M)))|]
seFco
= LyA3R, p oE. Selég % Z gip (U3 - (s —sumr)) (&) ] (7.104)

i=1

We can now apply Theorem 7.4 to get for all n > ng (A4, Acons, Aoo, As, L2),

1 & 1 &
E. 5861;_% - ;&P(WS,M (s —sn)) (&)) ] < 2E. SSEUfI; - ;Ei (V3,01 - (5 —sm)) (&) ]
=2E. | sup |Ry (3,0 - (s — sM))\] (7.105)
seFco
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and so we derive successively the following upper bounds in mean, for all n > ng (A4, Acons, Aco, As, La),

=E |E;

sup |Ry (Y20 (Y3 - (s — SM)))!”

seFc

E [sup IRy (20 (Y3 a1 - (s —sm)))

s€eFc

- 1 <&

< L2A3Rn7D7aE Ee SI;P E Zé‘l‘p (1/)37]\/[ . (S — SM) (&))‘” by (7.104)
sefc i=1
S 2L2A3RnyD7aE Sl;}_) |Rn (1/)37M . (S — SM))|] by (7105)
sefc
2
<2L9A3R, po |E (stg) IRy (V3,01 - (s — SM))|) . (7.106)
serco

We consider now an orthonormal basis of (Mo, IRIF* M) and denote it by (cpk)szl. Whence

=
E (sup IR (3,01 - (5 — 3M))|>
seFc

< |e <p{

=VC,|E

(=
KX
N0
IN
Q
—
N———
™)

D
> Bk (Vs ar - ok)|;
h=1

= k=1

D
> (R (301 - w)ﬁ]

k=1

D 2

—_ )

n n

and the result follows by injecting (7.106) and (7.107) in (7.102). H

In the following Lemma, we provide uniform upper bounds for the supremum of the empirical
process of second order terms in the contrast expansion when the considered slices are not too
small. We skip its proof as it follows, using Lemma 7.4, from straightforward adaptations of
the proof of Lemma 3.11 given in Section 3.6.4 of Chapter 3.

Lemma 7.5 Let Ay, A_, A;,3,C_ >0, and assume (H3) and (HS5). Then if C_ > A2 and
Ain (lnn)_2 >D>A_(In n)z, then a positive constant La_ A, 1, 45,43 €xists such that, for
alln > no (A+7 Al7 ACO’nSa Aocn A37 LQ)’

CD - B
PIVC > Coy sup |(Po = P) (Y20 (s —sm))|l < La_ aLo45,40,6\| =~ Bupa| 21-n ’.

se€eFo

Having controlled the residual empirical process driven by the remainder terms in the contrast,
and having proved sharp bounds for the expectation of the increments of the main empirical
process on the slices, it remains to combine the above lemmas in order to establish the probabil-
ity estimates controlling the empirical excess risk on the slices. We skip the proofs of the three
next lemmas as they follow, using Lemmas 7.1, 7.2 and 7.5, from straightforward adaptations
of Lemmas 5.13, 5.14 and 5.15 given in Section 5.5.5 of Chapter 5.
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Lemma 7.6 Let 3,A_, Ay, A;,C > 0. Assume that (A1), (A3), (A4) and (A5) hold. A
positive constant Ay exists, only depending on A1, Ax, Ay, A_, A;, Ls, As, Ag, B, such that, if

1+ Agvy) ;K%,M and A >D>A_(Inn)?

(In n)?

where v, = max {\/ln”, Dlon Rn,D,a} is defined in (7.67), then
fOT’ alln Z no (A+7AZ7A007ACO'IZ$7AOO;A37L27n17a)7

CD _
P sup By (Ksu — K5) > (14 Lay ac Au A Ay Lo Ag,Am 8 X Vn) \| = —Kan = C| <2077

seFo

Lemma 7.7 Let 3, A_,A;,C > 0. Assume that (A1), (A3), (A4) and (A5) hold. A positive
constant As, depending on Ay, Ax, Ay, A_, Ay, Lo, As, Ap, B, exists such that, if it holds

C>

1 o D n
Z (1 + A5Vn) g’CiM and A+ (ln n)2 Z D Z A (1n n)2

\/ B, RnDa} is defined in (7.67),
then for all m > ng A+,Al,Aoo,Acons,AOOaA37L27n17 a),

——

where v, = max

< on=h

]P’[ sup P, (Ksy — Ks) > (1+A5Vn)HCTD’C1,M -C

S€f>c

Moreover, when we only assume C' > 0, we have for alln > ng (A, Aco, Acons, Aoo, Az, La,n1, ),

P [ sup P, (Ksy — Ks) > <o ", (7.108)

SE]'—>C

D
(14 Asvn)” —K3 yy

=

Lemma 7.8 Letr > 1 and C,3 > 0. Assume that (A2), (A8), (A4) and (A5) hold and let
w = (gpk)szl be an orthonormal basis of (M, H||HM) satisfying (A2). If positive constants
A_ Ay A, Ay exist such that

)

D
>D>A (Inn)® and A— <rC<A,~—,
(lnn) n n

and if the constant A~ defined in (7.66) satisfies
Aco > 32By A1 A/ 2A,A i ()

then fOT’ alln Z no (A—7A+7AU7AlaAlaAHaAOO7Acon57B27TM (30) 7AIC7n17a)7

rCD _
P ( sup Py (Ksar = Ks) < (1= Da 4,404, A A Av Asran(9),8 X Vo) \| — =K1 = TC) <207’

SEf(CVTC]

_ Inn
where v, = max {\/D,

Rn,D,a} is defined in (7.67).
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Chapitre 8

Slope heuristics in regular contrast
estimation

This chapter is devoted to the validation of slope heuristics in the general context of regular
contrast estimation described in Chapter 2. This heuristics, that claims the existence in a
model selection via penalization framework of an optimal penalty and a minimal penalty such
that the optimal penalty is twice the minimal one, was first formulated by Birgé and Massart in
[23] in a generalized Gaussian linear model setting. The formulation of the slope heuristics has
then been extended by Arlot and Massart to a general M-estimation setting and the authors
validate it in a heteroscedastic with random design regression framework, considering suitable
linear histogram models, see [10]. For a more precise presentation of this subject and definition
of the slope heuristics, we refer to the introduction of Chapter 4 and also to Section 4.2.2 of
the latter chapter.

As shown in Chapter 2, regular contrast estimation contains at least heteroscedastic regres-
sion on finite dimensional linear models, least-squares estimation of density on affine models
with finite dimensional underlying vector space and maximum likelihood estimation of density
on histograms. The slope heuristics will be derived under the assumption that the considered
collection of models has a number of elements which is polynomial in the amount of data. This
condition is also assumed in [10] and to our best knowledge, the slope heuristics considering
more general collections of models has only been proved in a Gaussian setting by Birgé and
Massart [23].

The Chapter is organized as follows. Section 8.1 is devoted to the statistical framework. We
state in Section 8.2 our theoretical results and we comment on the set of assumptions needed.
The proofs are postponed to the end of the chapter.

8.1 Statistical framework

Let (Z,7) be a measurable space, P an unknown probability measure on (Z,7) and S a set of
measurable functions from (Z,7) to R. We also define &1, ..., &, to be n independent random
variables with common law P on (Z,7) and we take a generic random variable £ of law P,
independent of the sample (&1, ...,&,). We consider a contrast K on S for the law P, that is a
functional from S to L] (P),

S —Li(P)
K{ s»—>([1(s:z»—>(Ks)(z)) ’

such that there exists a unique element s, € S, called the target, satisfying

Sy = argmigP(Ks) and P (Ks.) < 400 . (8.1)
s€

243
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Let us recall the definition of the space L] (P) of real-valued measurable functions on (Z,7)
whose negative part is of finite expectation with respect to P. The positive part of a real
number = € R is denoted (z), := max{z , 0} > 0 and its negative part is (v)_ := (-x)_ =
max {—z , 0} > 0. We naturally extend these definitions to real-valued functions, and for a
function f defined from Z to R,

flyizeZ2— (), (l:zeZ2—(f(2)_ .
Then, L (P) is defined to be
L7 (P)={f:Z —R T-measurable ; P(f)_ < +oo} .

Notice that expectation with respect to P is well-defined on Li (P), by writing for any f €
Ly (P), B
Pf:=P(f)y—P(f)- €R,

where R := RU{+oo0}. We also set Li (P) the set of integrable real-valued functions for the
law P,
Li(P)=A{f:(2,T)=R; P|f| <400} ,

Lo (P) is the set of square integrable real-valued functions for the law P,

Ly (P) = {f (ET) SR |fll, =P < +oo} ,

and Ly (P) is the set real-valued functions essentially bounded on Z with respect to the law
P,
Loo (P):={s:(2,T) =R ; ||, := essup,cz (|5 (2)]) < +o0} .

The target s, is, according to (8.1), the minimizer of the risk P (Ks) over the set S. It is an
unknown quantity as it depends on the law P. Our goal is to estimate the target s, by using
the sample (&1, ...,&,). To that end, we consider a finite collection of models M,, such that for
all M € M,,, we have M C S() L (P). For each M € M,, we take a M-estimator s,, on M,
assumed to exist but non necessarily unique, satisfying

Sy, € arg mﬁ P, (Ks) with P, (Ksp) < +o0 a.s., (8.2)
s€

where
1 n
P, =— O¢.
A n; 3

is the empirical distribution of the sample (1, ...,&,).

Moreover, we assume that the contrast K is uniformly regular for the models M of the collection
M, and the law P, which means that the contrast is regular for each M € M,, and that the
constants involved in the definition of its regularity, which is given in Section 2.2 of Chapter
2, are uniform over the collection M,,. Let us now explicitly state our definition of contrast in
our model selection framework. First, for every M € M,, there exists a unique projection sys
of s, on M, defined to be

Sy = arg miﬁP(Ks) with P (Ksp) < 400 . (8.3)
ElS
In addition, consider a function o defined on a subset Dy C R such that 0 € 7092, where 7032

denotes the interior of Do, ¥ (D2) C R and 2 (0) = 0. For all M € M,, for all s € M and
P-almost all z € Z, the following expansion hold,

Ks(2) = Ksp (2) = g + i (2) (s = sm) (2) + 2 (Ysar (2) (s — sm) (2)) (8.4)
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where 1) is a constant depending on s but not on z, ¥ s and 3 s are functions defined on
Z not depending on s and not identically equal to 0 satisfying ¥ ar € Lo (P), ¢33 € Lo (P).
Moreover, there exists Ly > 0 such that for all § € [0, L5 1], it holds [—4, ] C D9 and for all
(x7y) € [_57 5]7

b2 (x) — b2 (y)| < Lob |z —y| . (8.5)

Thirdly, for each M € M,,, we denote
My := Span{s — sy ; s € M}

and there exists positive constants Ag, Ly > 0 such that for all M € M,, there exists an
Hilbertian norm |[[-[| 5, on My satisfying

-lle < A ll-ll ez (8.6)
and for all § € [0, Ly'], for all s € M such that ||s — sa|,, <& < Ly, it holds
(1= Lid) s — snrliy < P(Ks — Ksa) < (14 Lud) s — sullyar -+ (87)

We further assume in this chapter that for every M € M,,, the model M is affine, which means
that

My:={s—sy; se M} (8.8)

is a linear vector space, and we demand that My has a finite linear dimension that we denote
Dyys. This gives My = My and so, |||/ 5, is an Hilbertian norm on My. By abuse, My is also
called a model for all M € M,,. 7

For comments on the previous definition and its relation to situations treated in Chapters 4, 5
and 6, see Section 8.2.3 below.

Let us now define the model selection procedure. We measure the performance of the M-
estimators by their excess risk,

[(Sx,8n (M)):= P (Ks, (M) — Ks,) . (8.9)

Moreover, we have

[(Sx,8n (M) =1(84,80) + 1 (spry 80 (M))

where the quantity
[ (sx,80m) := P (Kspy — Ksy)

is called the bias of the model M and [ (sps, sp (M)) :== P (Ks, (M) — Ksp) > 0 is the excess
risk of the M-estimator s, (M) on M. Notice that we prove sharp bounds for the latter quantity
in Chapter 7.

Given the collection of models M,,, an oracle model M, is defined to be

M, € arg MHel}\r/ltn {l (84,80 (M))} (8.10)

and the associated oracle estimator s, (M,) thus achieves the best performance in terms of
excess risk among the collection {s, (M); M € M, }. Unfortunately, the oracle model is un-
known as it depends on the unknown law P of the data, and we propose to estimate it by a
model selection procedure via penalization. Given some known penalty pen, that is a function
from M,, to R, we thus consider the following data-dependent model, also called selected
model,

M € arg \min {Py (Ksy (M)) +pen (M)} . (8.11)
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The primary goal for a statistician using a model selection via penalization procedure is then
to find - and use - a good penalty, such that the selected model M satisfies an oracle inequality.
By an oracle inequality, we mean here an inequality of the form

l (s*,sn (]\7)) < C X (84,80 (M)

with some positive constant C' as close to one as possible and with high probability, typically
more than 1 — Ln~2 for some positive constant L.

Our aim in this chapter is to theoretically validate the slope heuristics as it has been formulated
in [10] by Arlot and Massart, and thus to prove the existence, under suitable assumptions that
are stated in Section 8.2.1 below, of an optimal penalty and a minimal one such the optimal
penalty is close to two times the minimal one. More precisely, our aim is to theoretically justify
the following facts:

(i) If a penalty pen : M,, — R is such that, for all model M € M,,,
pen (M) < (1—-0)E[P, (Ksy — Ksy, (M))]

with § > 0, then the dimension of the selected model M is “very large” and the excess

PG

risk of the selected estimator s, (M ) is “much larger” than the excess risk of the oracle.

(ii) If pen ~ (1 4+ 0)E [P, (Ksy — Ksy, (M))] with § > 0, then the corresponding model selec-
tion procedure satisfies an oracle inequality with a leading constant C' (§) < +oo and the
dimension of the selected model is “not too large”. Moreover,

pen,,; ~ 2E [Py, (K sy — Ksy (M))]
is an optimal penalty.

The mean of the empirical excess risk on M, when M varies in M, is thus conjectured to be
the maximal value of penalty under which the model selection procedure totally misbehaves.
It is called the minimal penalty, denoted by pen,;, :

for all M € M, pen, i, (M) =E[P, (Ksy — Ksp, (M))] >0 .
The optimal penalty is then close to two times the minimal one,

penopt ~ 2penmin .

8.2 Results

8.2.1 Set of assumptions

We state now the set of assumptions needed to derive the results of Section 8.2.2 below.

Set of assumptions : (SA)

(P1) Polynomial complexity of M,,: Card (M,,) < cpmn®M .

(P2) Upper bound on dimensions of models in M,,: there exists a positive constant A+
such that for every M € M,,, 1 < Dy < Apgqn (lnn)_2 <n.

(P3) Richness of M,,: there exist My, M; € M,, such that Dyy, € [v/n, Cricny/n] and Dy, >
Apichn (ln n)_2 :
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(Aurc) As described in Section 8.1, where we defined the constants La, Ay and Ly, the
contrast K is uniformly regular over the collection M,,.

(Ab) Coefficients in the contrast expansions over the models of the collection M,, are uni-
formly bounded on Z: There exist two positive constants Aq, Az such that for all M €

M,
1Ml < Aty (8.12)

Y3l < As . (8.13)

(AK1) The normalized complexities are bounded from below, uniformly over the collection
M,,: There exists Ax > 0 such that for all M € M,,,

’CLM > A}C >0. (8.14)
(Ap,) The bias decreases as a power of Dy;: there exist Gy > 0 and C; > 0 such that
(54, 50) < Cy D

(Alb) Each model is provided with a localized basis: there exists a constant rxq such that

for each M € M,, one can find an orthonormal basis (gok)kD:Ml of (MO, [l M) satisfying
that, for all (35); Y € RPM,

Dy

> Brer
k=1

where |G|, = max {|G| ; k€ {1,...,Dn}}.

(Aeu) The Ls (P)-norms of the empirical excess risks are uniformly bounded from above:
there exist Ag, > 0 and oy, > 0 such that for all M € M,,,

<rmvVDum 18l s

o0

0 < EV2 [(Pn (Ksar — Ksn (M))?] < Agun®e |

(Acs) Consistency in sup-norm of the M-estimators: an event (s, of probability at least
1 —n=%, where as = max{2ae, +3; 2+ ayp} a positive constant Agons, a positive
integer n1 and a collection of positive numbers (R, p,,) /e M, €xist, such that

ACO?’LS

Sup RTL,DA{ S (815)
MeM, Inn
and for all M € M,, it holds on g, for all n > nq,

(Abv) Uniform margin conditions hold between the target and its projection onto the models
of the collection: There exists Ay, > 0 such that for all M € M,,,

Var (Ksp — Ksi) < Apy X £ (84, 80) - (8.17)

(Abu) The contrasted projections, centered by the contrasted target are uniformly bounded
on Z: There exists Ay, > 0 such that for all M € M,,,

1K sy — Ksullo, < Ap - (8.18)

Some comments on these assumptions can be found in Section 8.2.3.
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8.2.2 Theorems

Theorem 8.1 Under the set of assumptions (SA) of Section 8.2.1, for Apen € [0,1) and
Ap >0, we assume that with probability at least 1 — Aprf2 we have

0 < pen (M) < ApenE [Py (Ksy — Ky (Mh1))] (8.19)

where the model My is defined in assumption (P3) of (SA). Then there exist two positive
constants Ay, Ao independent of n such that, with probability at least 1 — Ayn~2, we have, for
alln > no ((SA), Apen),

Dy > Agnln (n)~2

and

1 (s*,sn <M>) > 1n(n) Mlenj\f/ln {l (54,80 (M))} . (8.20)
Thus, Theorem 8.1 justifies the first part (i) of the slope heuristics exposed in Section 8.1. As
a matter of fact, it shows that there exists a level such that if the penalty is smaller than this
level for one of the largest models - namely M; in the statement of the theorem -, then the
dimension of the output is among the largest dimensions of the collection and the excess risk
of the selected estimator is much bigger than the excess risk of the oracle. Moreover, this level
is given by the mean of the empirical excess risk of the least-squares estimator on each model.
The following theorem validates the second part of the slope heuristics.

Theorem 8.2 Assume that the general set of assumptions (SA) of Section 8.2.1 hold.
Moreover, for some 6 € [0,1) and Ap, A, > 0, assume that an event of probability at least
1 — Apn=2 exists on which, for every model M € My, such that Dy > A+ (In n)3, it holds

(2= 8)E [P, (Kspr — Ksp (M))] < pen (M) < (24 0)E [P, (Ksy — Ksn (M))] (8:21)

together with

(Inn)®
n

for every model M € M, such that Dy < Apq+ (Inn)®. Then, for F>n>(1- B1)y /2,

there exists a positive constant As only depending on caq given in (SA) and on Ay, a positive

constant Ay only depending on constants in the set of assumptions (SA), a positive constant

As only depending on constants in the set of assumptions (SA) and on A, and a sequence

< A4 (1 \% \/Acons)

pen (M) < A,

(8.22)

0, =Ay sup e, (M), Apm, Inn)® < Dy < nH1/2 8.23
o sp {en (M), A () P (323)
such that with probability at least 1 — Agn=2, it holds for all n > ng ((SA),n,9),
D]/w\ S n7’]+1/2
and
-2
e 1+68 © <(1nn) +9n) (Inn)®
*9 9N S *9 9N * - - .
€(s s (M)) s " 1 5) 0 (84,80 (My)) + As " (8.24)

Assume that in addition, the following assumption holds,

(Ap) The bias decreases like a power of Dy : there exist f— > 4+ >0 and C;,C_ > 0 such
that
C_D,J~ < l(su,50) < CyDyf* .
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Then it holds with probability at least 1 — Asn=2, for all n > ng ((SA),C_,3_,n,6),
Apy (Inn) 3 < Dy < nt1/2

and

l (s*,sn (]\7)) < (i i_g + (15_97;)2> 0 (8w, 8 (My)) . (8.25)

The quantity €, (M) used in (8.23) controls the deviations of the true and empirical excess
risks on the model M and is more precisely defined in Remark 8.1 above. From Theorems 8.1
and 8.2, we identify the minimal penalty with the mean of the empirical excess risk on each
model,

pelnin (M) = E[PTL (KSM — Ksy, (M))] :

Moreover, Theorem 8.2 states in particular that if the penalty is close to two times the minimal
procedure, then the selected estimator satisfies a pathwise oracle inequality with constant
almost one, and so the model selection procedure is approximately optimal. If we just assume
that the bias of the models decrease at least polynomially with the dimension of the models
as it is required in (Ap,), then we need to take into account an additional term in the right-
hand side of the oracle inequality (8.24), which is proportional to (In n)3 /m and corresponds
in the proof of Theorem 8.2 to a uniform upper bound of the model selection criterion on
small models of dimension less than A 4 (In n)g. Moreover, in this case the dimension of the
selected model is much smaller than the largest models as it is smaller than n?, for a suitable
A € (0,1). If in addition, we assume that the bias of the models decrease like a power of their
dimension, as stated in assumption (Ap) where a polynomial lower bound is required on the
bias as well as the same upper bound as in (Ap,), then there is no residual term in the nearly
optimal pathwise oracle inequality given in (8.25) and the excess risk of the selected estimator
is equivalent to the excess risk of the oracle. Moreover, the dimension of the selected model is
then larger than A+ (In n)3.

8.2.3 Comments on the set of assumptions

Comments on (P1), (P2), (P3): assumption (P1) states that the number of elements in the
collection M,, is at most polynomial in the amount of data. This assumption allows us to sum
the probabilities of deviation of the quantities of interest over the collection M,,. Under (P1),
a good criterion uses a penalty function such that the empirical criterion plus this penalty
gives an (asymptotically) unbiased estimation of the risk on each model. For more general
situations than (P1), the penalty term should take into account the number of elements in the
collection M,,, as explained for instance in [61]. Assumption (P2) imposes an upper bound
on the dimensions of the considered models and is not too restrictive, as it allows to deal with
models than are of the dimension of the amount of data within a power of a logarithmic factor.
In assumption (P3), we ask for the existence of a model in M,, of dimension of order y/n, and
another model of dimension among the largest possible. This is unavoidable to assume the
existence of a large and a reasonably large model to show the jump in the dimension of the
selected model in regard of the value of the penalty term.

Comments on (Ap,) and (Ap): We assume in (Ap,,) that the quality of approximation of
the models of the collection M,, is good enough in terms of risk. More precisely, we require that
the bias of the models are smaller than a power of their dimensions. We recall in Chapter 4
that this is the case considering suitable histogram models if the target is a-Ho6lderian, and this
is again the case when if the models are piecewise polynomials models of uniformly bounded
degrees defined on suitable partitions, and if the target belongs to a Besov space of suitable
regularity in function of the maximal possible degree of the piecewise polynomials. Assumption
(Ap) asks moreover that the bias of the models are bounded from below by a power of their
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dimension, which is a quite classical assumption when one wants to deal with the optimality of
a model selection procedure, and it has ever been expressed by Stone [69], Burman [29], Arlot
[5], [7] and Arlot and Massart in [10]. The latter authors prove in [10] that this is satisfied by
considering suitable histogram models when the target is a non-constant a-Hoélderian function.
We show that this is again the case in maximum likelihood estimation of density, see Section
5.3.3 of Chapter 5, for suitable histogram models and again when the density to be estimated
is a non-constant a-Holderian function.

Comments on (Aurc), (Ab), (AKIl), (Alb), (Ac): As more precisely stated in Remark
8.1 below, these assumptions allow to apply Theorem 7.1 of Chapter 7 with a = a5, where ag
is given in (Acs). Assumptions (Aurc), (Ab) and (AKI) are satisfied in heteroscedastic re-
gression, when the data is uniformly bounded from above, the noise level is uniformly bounded
away from zero, and the projections of the target onto the models are uniformly bounded
from above in the sup-norm, see Chapter 4. However, considering histograms or more gen-
eral piecewise polynomials defined on suitable lower-regular partitions, assumptions (Aurc),
(Ab), (AKI1), (Alb) and (Acs) are satisfied if the data is uniformly bounded from above,
and if the noise level is uniformly bounded away from zero. Moreover, assumptions (Aurc),
(Ab), (AKl), (Alb) and (Acs) are satisfied in maximum likelihood estimation of density
on histograms if the considered partitions are lower-regular for the unknown law of data and
if the density to be estimated is uniformly bounded from above and uniformly bounded away
from zero.

Comments on (Abv), (Abu): these assumptions allow to control the quantity & (M) =
(P, — P) (Ksp — Ksy) in Lemma 8.2, by applying Bernstein’s inequality. Assumption (Abv)
states the existence of a uniform margin relation for the projections of the target. This is
satisfied in least-squares regression when the projections are assumed to be uniformly bounded
in sup-norm, which is the case if the data is uniformly bounded on Z and if the considered
models are histogram or piecewise polynomial models, see Section 2.1.2 of Chapter 2. From the
latter section we also easily deduce that (Abv) is satisfied in maximum likelihood estimation
of density on histograms when the target is uniformly bounded from above and uniformly
bounded away from zero. Again, assumption (Abu) is satisfied in regression when the data
is uniformly bounded on Z and if the projections of the target are uniformly bounded in sup-
norm. In maximum likelihood estimation of density, it is the case when the target is uniformly
bounded from above and uniformly bounded away from zero.

Comments on (Aeu): these assumption permits us to derive sharp bounds for the mean of the
empirical excess risk on models not too small, see Lemma 8.1 below. It is satisfied in bounded
heteroscedastic regression for o, = 0, see Lemma 4.1 of Chapter 4, and in maximum likelihood
estimation of density on histograms defined on a lower-regular partition, for any ., > 0, see
Lemma, 5.6 of Chapter 5. This assumption could be avoided if we achieve concentration bounds
for the empirical excess risk of the form: there exist n. € N, zg > 0 and Ay > 0 such that for
all n > n. and for every x > xg, there exists B, ; > 0 such that

P (P, (Ksy — Ksy) > Bpa) < Apexp (—x) .

Indeed, if (Bn,z), ., are sufficiently small, this would lead to (Aeu). We believe that this would
be possible to adapt the proof of Theorem 7.2 of Chapter 7 in order to obtain such bounds, if
we assume that the same type of concentration bounds hold for the quantity ||s, — sl . By
a careful look of the proof of Theorem 7.2, we believe that the form of B, , should be

Bn,x =By, (\/E"i'l‘) )

with B,, > 0 depending on the constants of the problem and on the number of data. This work
is still in progress.
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Remark 8.1 Assume (P2), (Aurc), (Ab), (AKIl), (Alb) and (Acs) of the set of assump-
tions (SA) and consider M € M,, such that

Ap s (Inn)* < Dy .

Let

as =max{2ae, +3; 24+ apm} >0. (8.26)
Notice that conditions of Theorem 7.1 are satisfied and that we can apply this theorem with
A_ = Ay = Apm+ > 0 and o = a5 > 0. Hence, a positive finite constant Ay exists, only

depending on os, Ap,+ and on Lo, Ag, Ly, vy, A1 and Ax defined in the set of assumptions
(SA), such that by setting

Inn 1/4 Dy lnn 1/4
En (M) = AO max <D]w> y < > s A/ Rn)DJVI s (827)

n

we have for all n > ny ((SA)),

1Dy
4 n

1D
’C%M SP(KSn—KSM) < (l—fn)ziM
5 n
1D 1D
P [(1 — ) ;K 0y < P (Ksag — Ksn) < (1+62) 7=

P [(1 — &) IC%M] >1—10n"% , (8.28)

n

IC%M] >1-5n"%, (8.29)

Notice that the constant Ag in (8.27) is independent of M when M varies in M,, and satisfies
Apy (Inn)? < Dyr. Morever, if it holds (P2), (Aurc), (Ab), (Alb) and (Ac,) then the con-
ditions of Theorem 7.2 are satisfied for every M € M, since (Alb) implies assumption (A1)
of Chapter 7. Hence, a positive finite constant A, exists, only depending on o, Ap 4+ and on
the constants Lo, A, Ly, Ay, A1 and A defined in (SA), such that for alln > ng (Acons,n1),

DM\/lnn]

P [P (Ksp — Kspyr) > Ay < 3n~ % (8.30)

and

Dy V1
P [Pn (Ksy — Ksp) > AUMD”]

< 3% . (8.31)

Again, notice that the constant A, is independent of M when M varies in M.

8.3 Proofs

Before stating the proofs of Theorems 8.2 and 8.1, we need two technical lemmas. In the
first lemma, we intend to evaluate the minimal penalty E [P, (Ksyr — K, (M))] for models of
dimension not too large and not too small.

Lemma 8.1 Assume (P2), (Aurc), (Ab), (AKl), (Alb), (Acs) and (Aeu) of the set of
assumptions (SA) defined in Section 8.2.1. Then, for every model M € M,, of dimension Dy
such that

0< Apv (Inn)® < Dy,

we have for all n > ny ((SA)),

(1 —2¢2 (M)) %VIIC{M <RI[P, (Ksy — Ksy, (M))] (8.32)
< (14225 (M) %’CiM , (8.33)

_ Inn 1/4 .(Dplnn 1/4. : :
where €, (M) = Apmax (D—M) (LR i/ Ry, ¢ is defined in Remark 8.1.
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Proof. Let M € M, satisfying Dy > Arq 4 (In n)2. As explained in Remark 8.1, under
assumptions of Lemma 8.1 we can apply Theorem 7.1 with A_ = A, = Ay 4 and o = a,
where a5 is given by (8.26). For all n > ng((SA)), we thus have on an event Q; (M) of

Qs

probability at least 1 — 5n~%,

1DM 1DM

ICZM < Py (Ksy — Ks, (M) < (14, (M)) 17ic%,M , (8.34)

Inn 1/4 Dylnn 1/4 ~1/8
en (M) = Ap max Dy ; - i VRBnpy ¢ = Aon : (8.35)

We also have

E[P, (Ksy — Ks, (M))]

Hence, as Dps > 1, it comes from (AK]1), (Aeu) and (8.35) that for all n > ng (Ao, Ak, Aew),

0 < E[P(Ksy —Ksn (M) 1(91< )]
< EY2[(P (Ksu - Ksn )| VI=P(Q: (M)
< Apnten/mne < - n( )Z—MICM. (8.37)
Moreover, we have e, (M) < 1 for all n > ng (Ao, Am,+, Acons), so by (8.34),
0< (1-5n7%) (1—c2(M)) %K{M <E [Py (Ksy — Ksn (M)) 1o, ()] (8.38)
< (1422 (M) %K%M . (8.39)

Finally, since we have by (8.35), for all n > ng (Ao),

(1—=5n"%)(1—e2(M)) >1— ggi (M),
the result follows by using (8.37), (8.38) and (8.39) in (8.36). W

Lemma 8.2 Let a > 0. Assume that (Abv) and (Abu) of Section 8.2.1 are satisfied. Then
a positive constant Aq exists, depending only in A, Ap 4+, Omin and o such that, by setting
0(M) = (P, — P)(Ksy — Ksx), we have for all M € M,

P(]é(M)\ zAd< E(S‘SM)h”ler)) <one . (8.40)

n n

If moreover, assumptions (P2), (Ab), (An), (Alb) and (Acs) of the general set of assump-
tions defined in Section 8.2.1 hold, then for all M € M,, such that Ay 4 (In n)2 < Dy and
for all m > no ((SA)), we have

P (\S(M)\ > 5(3*\/%” +Ad;£ s (M)]> <one, (8.41)

where pa (M) := P, (Ksy — Ksp (M)) > 0.
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Proof. We set

Apy  8a(Apy + Apy/3
Ad:max{\/QAbvoz; Tboz; o bA—Z u/ )} . (8.42)
K

Since by (Abu) we have
[Ksar — Kl < An

and by (Abv) we have
Var (Ksyr — Ksi) < Apy X £(Sx,SM)

we apply Bernstein’s inequality (7.46) to § (M) = (P, — P) (Ksy — Ks,) and we get for all

x>0,
- 2A . Apy,
P(M(M)l 2\/ bve(i SM)w n ?i,nx> §2€Xp(—:l)) ‘

By taking x = alnn, we then have

p (‘5(M)} > \/2Abva€ (Sx,Spr) Inm N Abualnn> <on-e (8.43)

n 3n

which gives the first part of Lemma 8.2 for A, given in (8.42). Now, by noticing the fact that
2v/ab < an + by~! for all n > 0, and by using it in (8.43) with a = £ (s,, spr), b= 2=Inn 5nd

n

n= D;;/Z , we obtain

P(]S(M)\ > g(s*,\/%M)Jr <Abvm+ ‘?) al;”) <om . (8.44)

Then, for a model M € M,, such that Axq 4 (In n)2 < Dy, we apply Lemma 8.1 and by (8.32),
it holds for all n > ng ((SA)),

(1 =222, () T2 0y < Efp (M) (5.45)

1/4 1/4 -
where &, = Ap max { <1§—;) , (%m) , w/Rn,DM,a}. Moreover as Dy < Apq4n (Inn) >

by (P2), Ry p,, < Acons (Inn)~Y/2 by (8.15) and Apiy (Inn)? < Dy, we deduce that for all
n > ng (AM,+7 Acon57 AO)’

e2 (M) <~ .

n

-

Now, since K1 > Ac > 0 by (AKI), we have by (8.45), E[py (M)] > “2E2x for all >
no ((SA)). This allows, using (8.44), to conclude the proof by simple computations, for the
value of Ay given in (8.42). B

We turn now to the proofs of Theorems 4.2 and 4.1. These proofs follow from straightforward
adaptations of the proofs of Theorems 4.2 and 4.1 given in Chapter 4.

Proof of Theorem 8.2. From the definition of the selected model M given in (8.11), M
minimizes
crit (M) := P, (Ksy, (M)) +pen (M) , (8.46)

over the models M € M,,. Hence, M also minimizes

crit’ (M) := crit (M) — P, (Ksy) . (8.47)
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over the collection M,,. Let us write
C(S4,8n (M) =P (Ksy, (M) — Ksy)

=P, (Ksn,(M))+ P, (Ksy — Ksp (M) + (P, — P) (Kss« — Ks)
+ P (Ksp (M) — Ksy) — P (Ksy) .

By setting
p1(M) =P (Ksp (M) - Ksu) ,
p2 (M) = Py (Ksy — Ksp (M))
§ (M) = (P, — P)(Ksy — Ksy)
and
peniy (M) = p1 (M) +pz (M) — 6 (M) ,
we have
0(52y80 (M) = Py (K, (M) +p1 (M) + pa (M) =5 (M) = P, (Ks,)  (8.48)

and by (8.47),
crit’ (M) = € (sx, s (M)) + (pen (M) — peniy (M)) . (8.49)

As M minimizes crit’ over M,,, it is therefore sufficient by (8.49), to control pen (M )—penl, (M)
- or equivalently crit’ (M) - in terms of the excess risk £ (sy, s, (M)), for every M € M,, in
order to derive oracle inequalities. Let §2,, be the event on which:

e For all models M € M, of dimension Dy, such that A, (Inn)® < Dy, (8.21) hold and

1p1 (M) — E po (M)]] < Lisayen (M) E [p2 (1) (8.50)
1p2 (M) = E [po (M)]] < Lysa) (M) E [p2 (1) (8.51)
5] < L= 500) % g s (A1) (8.52)

7+L _
= VDu (SA) /D

- £(s«,sp)Inn Inn
\5(M)\gL(SA)< (M)+) (8.53)

n n

e For all models M € M,, of dimension Dy, such that Dy; < Apgy (Inn)®, (8.22) holds
together with

{(s«,8p)Inn Inn

6 (M)| < Liga ( (T]L”) + n) (8.54)
Dy Vinn Inn)

po (M) < Lga)y—2 < L(SA)( ) (8.55)
Dy Vinn Inn)

p1 (M) < Ligay—2 < (SA)( ) (8.56)

By (8.28), (8.29), (8.30) and (8.31) in Remark 8.1, Lemma 8.1, Lemma 8.2 applied with o =
2+, and since (8.21) holds with probability at least 1 —A,n~2, we get for all n > ng ((SA)),

P(Q,)>1-Amn2—24 > n 2 "M>1-Ly o n?.
MeM,,

Control on the criterion crit’ for models of dimension not too small:
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We consider models M € M, such that A4 (In n)®> < Dy. Notice that (8.52) implies by
(8.27) that, for all M € M,, such that Ay (Inn)® < Dy, for all n > ng ((SA)),

- (Inn)® Inn A
6(M)| < L(SA)< Dus DM> X B[l (4, s0) + p2 (M)]

< Lsayen (M)E[€(ss,sm) +p2 (M)]
so that on €, we have, for all models M € M,, such that Ax 4 (In n)3 < Dyy,
|[peny (M) — pen (M)
< |p1 (M) + p2 (M) — pen (M)| + |5 (M)]
< |p1 (M) + p2 (M) — 2E [p2 (M)]| + OE [p2 (M)] + Lsa)en (M) E[€ (54, snr) + p2 (M)]
< Liga)en (M) E [pa (M)] + 0E [pa (M)] + Lisayen (M) E[€ (54, spr) + p2 (M)]
< (0+ Ligsayen (M) E [0 (54, s00) + p2 (M)] . (8.57)
Now notice that using (P2) and (8.15) in (8.27) gives that for all models M € M,, such that
Amt (Inn)® < Dy and for all n > ng ((SA)), 0 < Liga)en (M) < 1. As (5., 5, (M)) =
0 (8x,80) + p1 (M), we thus have on €, for all n > ng ((SA)),
0 <E[£ (54, 50m) + p2 (M)]
< U(ss, 80 (M) + [p1 (M) — E[p2 (M)]]
Lisayen (M)
1 — Liga)en (M)
1+ Lga)en (M)
T 1—Lga)en (M)
< (14 Lisayen (M) £ (54,50 (M)) . (8.58)

<L (sx, 50 (M) + p1 (M) by (8.50)

€ (85,8 (M))

Hence, using (8.58) in (8.57), we have on €2, for all models M € M,, such that Ay (In n)? <
Dy and for all n > ng ((SA)),

[peniy (M) — pen (M)| < (6 + Lisa)en (M)) € (54, 50 (M)) . (8.59)

By consequence, for all models M € M, such that Aa (han)3 < Dy and for all n >
no ((SA)), it holds on €, using (8.49) and (8.59),

(1 =0 — Ligsayen (M)) £ (54,80 (M)) < crit’ (M) < (146 + Ligayen (M)) £ (sx, sn (M)() : |
8.60

Control on the criterion crit’ for models of small dimension:

We consider models M € M,, such that Dy < Apq (Inn)®. By (8.22), (8.54) and (8.55), it
holds on €, for any 7 > 0 and for all M € M,, such that Dy; < Ap4 (In n)3,

|peniq (M) — pen (M)]
< p1 (M) + p2 (M) + pen (M) + |6 (M))]

(Inn)? LA (Inn)?

l(sy,sp)Inn Inn
< L(sa) (54, 531) )

+L<SA>< —n T

Inn

)
(nn) + 70 (84, 8Mm) + (7'_1 +1) L(SA)T

< L(sa).a,

3 Inn

(nn)” | 7l (5080 (M) + (771 +1) Lisa)=— - (8.61)

< L(sa),A.
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Hence, by taking 7 = (Inn)"? in (8.61) we get that for all M € M, such that Dy <
Ap+ (In n)g, it holds on €,

(Inn)?

n

|peniy (M) — pen (M)] < (54,80 (M))

< (8.62)

+ L(sa),4,

Moreover, by (8.49) and (8.62), we have on the event €,, for all M € M,, such that Dy; <
AM,-I— (ln 7’L)3,

(1 ~ (In n)—2) £(ses 50 (M) = Lisa),a,—— < crit’ (M) (8.63)
< (14 @) ) £ (5000 (O0)) + Lisiay 1, : (8.64)
Oracle inequalities:
Recall that by the definition given in (8.10), an oracle model satisfies
M, € arg Mneli\r/lln {l(Ssy8n (M))} . (8.65)

By Lemmas 8.3 and 8.4 below, we control on 2, the dimensions of the selected model M
and the oracle model M,. More precisely, by (8.77) and (8.79), we have on €,, for any
1>n>(1-p4), /2 and for all n > ng ((SA),n,6),

Do < nt/*m (8.66)
Dy, < nl/24m (8.67)

Now, from (8.66) we distinguish two cases in order to control crit’ (]\7 ) If Ay (Inn)® <
Dy < n'/?t1 we get by (8.60), for all n > ng ((SA)),

crit’ (M) = (1= 6 Lsayen (M) ) € (050 (M) ) - (8.68)

Otherwise, if D7 < Ar,+ (In n)g, we get by (8.63),

(1 — (In n)72> 14 (s*, Sn (]\/Z)) — Lsay,a, < crit/ (]\7) . (8.69)

In all cases, we have by (8.68) and (8.69), for all n > ny ((SA)),

crit/ (]\7) > 1—5—(1nn)72—L(SA) sup en (M) é(s*,sn (]\7))
MeMy, Ap 1 (Inn)3<Dpr<nl/2+n
(Inn)?
~Lsaya,— - (8.70)

Similarly, from (8.67) we distinguish two cases in order to control crit’ (M,). If Apgy (Inn)® <
Dy, < n'/?41 we get by (8.60), for all n > ng ((SA)),

crit’ (M,) < (1464 Lisa)en (M) £ (sx, 50 (M) (8.71)
Otherwise, if Dys, < Apqy (Inn)?, we get by (8.64),

(Inn)?

crit! (M) < (1 + (In n)*2) 0 (80,50 (M) + Lisa).a, (8.72)
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In all cases, we deduce from (8.71) and (8.72) that we have for all n > ng ((SA),0),

crit’ (M,) < (1 +6+ (Inn)~? + Lga, sup En (M)) (84, n (M)
MEMan, Apq 1 (Inn)2<Dpr<nt/2+n
+L(sA),A, (nn)” (8.73)
Hence, by setting
O = Lsa) X sup en (M)

MEMap, Apq, 4 (Inn)3<Dpr<nt/2+n
we have by (8.27) and (8.15), for all n > ng ((SA),n,9),

(Inn) 246, +5<1, (11(171)_2—i-9n<ﬂ

L
(SA)
<
O 5

~ (Inn)/*’

and we deduce from (8.70) and (8.73), since -1~ < 1+ 2z for all z € [0, 3), that for all
n >ng ((SA),n,d), it holds on Q,,

— -2 19 3
’ (3*7 . (M)) - 1446+ (lmn)i2 +40, 0 (50250 (M) + (SA),A:2 (Inn)
1—-0—(Inn)"" -0, 1-6—(lnn)"" -6, n

-2
1+6 P (UH”) +9n) (Inn)®
EPR=17) * . .74
O T C(8xs 80 (M) + Lisay,a,— (8.74)

Inequality (8.24) is now proved.

It remains to prove the second part of Theorem 8.2. We assume that assumption (Ap) holds.

From Lemmas 8.3 and 8.4, we have that for any 1 > n > (1— B1), /2 and for all n >

no ((SA),C_,B_,n,d), it holds on €,

Apms (Inn)® < Dy < nt/24n (8.75)
Aps (Inn)® < Dy, < nt/240 (8.76)

Now, using (8.68) and (8.71), by the same kind of computations leading to (8.74), we deduce
that it holds on ,, for all n > ng ((SA),C_,3-,n,0),

l (s*,sn (]\7)) < <m> C(Sxy Sn (My))

<<1+5Jr 56,
“\1-0 (1-6)?

)E(s*,sn (M) .

Thus inequality (8.25) is proved and Theorem 8.2 follows.

Lemma 8.3 (Control on the dimension of the selected model) Assume that the gen-
eral set of assumptions (SA) hold. Let n > (1 —p34), /2. If n > no((SA),n,d) then, on
the event ), defined in the proof of Theorem 8.2, it holds

Do < nt/2n (8.77)
If moreover (Ap) holds, then for all n > ny ((SA),C_,B-,n,0), we have on the event )y,

Apms (Inn)® < Do < /200 (8.78)
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Lemma 8.4 (Control on the dimension of oracle models) Assume that the general set
of assumptions (SA) hold. Letn > (1 —B4), /2. If n > no((SA),n) then, on the event Q,
defined in the proof of Theorem 8.2, it holds

Dy, < nl/?4m (8.79)
If moreover (Ap) holds, then for alln > ny ((SA),C_,3-,n), we have on the event ),
Apy (Inn)® < Dy < /20 (8.80)
Proof of Lemma 8.3. Recall that M minimizes
crit’ (M) = crit (M) — P, Ks, = £ (54, 80) — p2 (M) + 6 (M) + pen (M) (8.81)
over the models M € M,,.

1. Lower bound on crit’ (M) for small models in the case where (Ap) hold : let M € M,,
be such that Dyr < A4 (Inn)®. We then have on €,

0($x,501) > C_Ay, 7 (Inn) =~ by (Ap)
pen (M) > 0

Inn)3
p2 (M) < L(SA)( n)

6 (M) > —Lga) < £(sw; sar)Inn + lnn) from (8.54).

from (8.55)

n n

Since by (Abu), we have 0 < 0 (s, snm) < ||Ksy — Ksy|| o < Apy, we deduce that for all
n > no ((SA),C-, (),

71(3_
C_Ay

5 (n n) - (8.82)

crit’ (M) >

2. Lower bound for large models : let M € M, be such that Dy; > nt/2+1_ From (8.21)
and (8.51) we have on Q,,

pen (M) —py (M) > (1 — 6 — Liga)es, (M)) E [p2 (M)] .
Using (P2), (8.15) and the fact that Dy, > n'/2t7 in (8.27), we deduce that for all
n > ng((SA),n,8), Lisayes (M) < 3(1—0) and as by (AKI), iy > Ag > 0 we

also deduce from Lemma 8.1 that for all n > ng ((SA),n), E[p2 (M)] > %%. By
consequence, it holds for all n > ng ((SA),n,9),

Az Dy
pen (M) —p2 (M) > —(1—-6)— . (8.83)
16 n
From (8.53) it holds on €,
5(M) > —Lisa, < Lonsa)lun lnnn> | (554)

Hence, as Dy > n'/?* and as by (Abu), 0 < £ (s, s57) < Apy, we deduce from (8.81),
(8.83) and (8.84) that we have on Q,, for all n > ng ((SA),n,9),

crit’ (M) > (1 — &) Ligayn /2. (8.85)
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3. A better model exists for crit’ (M) : from (P3), there exists My € M,, such that /n <
Dy, < ¢richy/n. Then, for all n > ng ((SA),n),
Am+ (Inn)® < Vn < Dagy < criny/n < 0/

Using (Apy),
(84, 501,) < Cyn P+/2 (8.86)
By (8.52), we have on Q,, for all n > ny ((SA),n),

08,58 Inn
Coesm) g o 100 g (o)) (.87)
Dot

o (M0)] < D,

and by (8.21),
pen (Mo) S 3E [pg (Mg)] .

Hence, as by (8.12) and (7.23) we have Ky < A1Ag and by (Abu) € (s, sn,) < Apy
by (Ab) and as for all n > ng ((SA)) e, (M) < 1, we deduce from inequalities (8.86),
(8.87) and Lemma 8.1 that for all n > ng ((SA),n),

‘5(M0)‘ < L(SA) (n*(ﬁ+/2+1/4) +1n(n) n73/4>
and
pen (My) < L(SA)n_1/2
By consequence, we have on €, for all n > ng ((SA),n),
crit’ (Mo) < € (s« smy) + |6 (Mo)| + pen (Mo)
< Lisa) (n7/2 40712 (8.88)
To conclude, notice that the upper bound (8.88) is smaller than the lower bound given in (8.85)
for all n > ng ((SA),n,d). Hence, points 2 and 3 above yield inequality (8.77). Moreover, the
upper bound (8.88) is smaller than lower bounds given in (8.82), derived by using (Ap), and

(8.85), for all n > ng ((SA),C_, 3-,n,d). This thus gives (8.78) and Lemma 8.3 is proved. W
Proof of Lemma 8.4. By definition, M, minimizes

0 (84,50 (M)) = L£(84,50) +p1 (M)
over the models M € M,,.

1. Lower bound on #(sy,s, (M)) for small models : let M € M, be such that Dy, <
Apm 4 (In n)? . In this case we have

0($uy 50 (M) > € (54, 80) > C- A5 (Inn) ™~ by (Ap). (8.89)

2. Lower bound of # (s, s, (M)) for large models : let M € M,, be such that Dy, > n!/2+1,
From (8.50) we get on Qy,,

p1 (M) > (1= Ligayen (M)) E[p2 (M)] .
Using (P2), (8.15) and the fact that Dy, > n'/?*7 in (8.27), we deduce that for all
n > no((SA),n), Ligaen (M) < 3 and as by (AKI), K1y > Ax > 0 we also deduce
from Lemma 8.1 that for all n > ng ((SA),n), E[p2 (M)] > %%. By consequence, it
holds for all n > ng ((SA),n), on the event Q,,
> Ak D Ak

—1/24n
> TREM S Sk, . (8.90)

C(Sxy8n (M) > p1 (M)
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3. A better model exists for £ (s, s, (M)) : from (P3), there exists My € M, such that
v < Dagy < ¢rich/n. Moreover, for all n > ng ((SA),n),

Aps (Inn)® < V/n < Dagy < crigny/n < n/2H0
Using (Apu),
C(Se,80,) < C+n_ﬁ+/2

and by (8.50)
p1(Mo) < (14 Ligayen (M)) E [p2 (My)]

Hence, as by (8.12) and (7.23) we have K s < A1 Ay and as, by (8.15) and (8.27), for all
n > ng ((SA)) it holds &, (M) < 1, we deduce from Lemma 8.1 that for all n > ng ((SA)),
on the event €2,,,

D _
p1 (M) < L(SA)TM < Lisa)n 1/2
By consequence, on ,, for all n > ngy ((SA)),

(84,50 (Mo)) = € (54, 501) + p1 (Mo)
< L(sa) (n_ﬁ*/2 + Tfl/z) : (8.91)

The upper bound (8.91) is smaller than the lower bound (8.90) for all n > ng ((SA),n), and
this gives (8.79). If (Ap) hold, then the upper bound (8.91) is smaller than the lower bounds
(8.89) and (8.90) for all n > ng ((SA),C_, 3—,n), which proves (8.80) and allows to conclude
the proof of Lemma 8.4. B

Proof of Theorem 8.1. Similarly to the proof of Theorem 8.2, we consider the event €2/ of
probability at least 1 — L, a,n"? for all n > ng ((SA)), on which: (8.19) holds and

e For all models M € M,, of dimension Dy such that Apq (Inn)? < Dy it holds

1 (M) = E[pa (M)]| < Lsayen (M) E[p2 (M)] (8.92)
[p2 (M) —E[p2 (M)]| < Ligayen (M) E[p2 (M)] (8.93)

e For all models M € M,, with Dy; < Apq (Inn)? it holds

Inn)?
p2 (M) < L(SA)( n) : (8.94)
e For every M € M,
- £(s,sp)Inn Inn
|6(M)| < Liga ( (7]1”) + n) : (8.95)

Let d € (0,1) to be chosen later.
Lower bound on D]\A/[. Remind that M minimizes

crit’ (M) = crit (M) — PyKs. = £ (84,50) — p2 (M) + 6 (M) + pen (M) . (8.96)
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1. Lower bound on crit’ (M) for “small” models : assume that M € M,, and
Dy < dAyicpn (In n)72

We have
0 (ss,sm) +pen (M) >0 (8.97)

and from (8.95), as £ (s«, spr) < Apy by (Abu), we get on Q/,, for all n > ng ((SA),d),

. ((sesa)nn 1
5<M)Z_L(SA)< <88M>nn+n">

n n
Inn
= ~heay o
> —d x (A1 Ag)? Aviep, (Inn) ™2 . (8.98)

Then, if Dy > Apq (Inn)?, as Kim < A1Ag by (8.12) and (7.23) and as, by (8.15)
and (8.27), for all n > ng ((SA)) it holds L(ga)en (M) < 1, we deduce from (8.93) and
Lemma 8.1 that for all n > ngy ((SA)),

p2 (M) < 2E [py (M)] < (A1 Ap)? DTM < d x (A1Ax)? Ayien, (Inn) 2

Whenever Dy < Ap+ (In n)?, (8.94) gives that, for all n > ng ((SA),d), on the event
O,
(Inn)?

n

p2 (M) < L(sa) <d x (A1Ag)? Ayien (Inn) 2

Hence, we have checked that for all n > ng ((SA),d), on the event €,
—p2 (M) > —d x (A1An)* Apier, (Inn) ™2, (8.99)

and finally, by using (8.97), (8.98) and (8.99) in (8.96), we deduce that on €, for all
n > no ((SA),d),
crit’ (M) > —d x 2 (A1 Ag)? Avier, (Inn) ™2 (8.100)

2. There exists a better model for crit’ (M) : By (P3), for all n > ng (Ap,+, Arich) @ model
M, € M,, exists such that

AM,Jr (lnn)2 < Arichz < DM1
(Inn)
We then have on €,
C(8x,80,) < A;’f}f (In n)%+ n~P+ by (Ap,)
p2 (My) > (1 — Ligaes (M) E [p2 (M1)] by (8.93)
pen (Ml) < ApenE [p2 (Ml)] by (819)
= Inn
|6 (My)] < Lga) - by (8.95) and (Abu)

and therefore,

Inn —g, (Inn

28+
exit! (M) < (~1+ Apen + Lisay (V) E o (M) + sy o+ sy B0

nﬁJr
(8.101)
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Hence, as —1+ Apen < 0, and as by (8.15), (8.27), (AKI) and Lemma 8.1 it holds for all
n >ng ((SA), Apen)

A72}CDM > AIQCAm'ch

1—Apen _
Lsayen (My) < ——  and  Elp (M)] > s, = g (nn) 2,
we deduce from (8.101) that on €, for all n > ngy ((SA), Apen),
1
crit’ (M) < —15 (1= Apen) A% Avien, (Inn) 2 . (8.102)
Now, by taking

0<d=—(1— Apn) i2<1 (8.103)

- 33 P\ 414 ‘

and by comparing (8.100) and (8.102), we deduce that on €, for all n > ng ((SA), Apen), for
all M € M,, such that Dy; < dAiepn (In n)_Q,

crit’ (My) < crit’ (M)

and so
D> dAyenn (Inn) > (8.104)
Excess Risk of s, (]\/4\ ) We take d with the value given in (8.103). First notice that for all

n > ng (Am+, Arich, d) , we have dAp;cpn (lnn)72 > Am+ (lnn)Q. Hence, for all M € M,
such that Dy; > dA,;cnn (lnn)_Q, by (8.15), (8.27), (P2), (An) and Lemma 8.1, it holds on
Q, for all n > ng ((SA), Apen), using (8.92),

A2 Dy dA%A,..
Elsusn (M) 2 py (M) = SEZM > SERSnch

By (8.104), we thus get that on €, for all n > ngy ((SA), Apen),

(Inn)~2 .

—~ dAZ Avich,
> IC41ree -2 ) )
¢ <s*, 5 (M)) > S (I (8.105)
Moreover, the model My defined in (P3) satisfies, for all n > ng ((SA)),

AM,+ (1H7’L)3 < \/ﬁ < DMO < Crich\/ﬁ

and so using (Apy,),
0 (5, 501p) < Cyn™P+/2

In addition, by (8.50),
p1 (M) < (1+ Ligayen (M)) E[p2 (M)] .

Hence, as K1y < A1 Apg by (8.12) and (7.23) and as, by (8.15) and (8.27), for all n > ng ((SA))
it holds e, (M) < 1, we deduce from Lemma 8.1 that for all n > ng ((SA)),

Dy _
. < Lgayn vz

p1 (M) < L(sa)
By consequence, for all n > ng ((SA)),
0 (54,80 (Mp)) < Liga,) (n*m/? + n*1/2> (8.106)

and the ratio between the two bounds (8.105) and (8.106) is larger than In(n) for all n >
no (L(sa), Apen), which yields (8.20). B



Conclusions and prospects

En se rendant & Chartres, Péguy voit sur le bord de la route un homme qui casse

des cailloux a grands coups de maillet. Son visage exprime le malheur et ses gestes la rage.
Péguy s’arréte et demande : “Monsieur, que faites-vous 7 ” “Vous voyez bien, lui

répond ’homme, je n’ai trouvé que ce métier stupide et douloureux. ”Un peu plus loin, Péguy
apercoit un autre homme qui, lui aussi, casse des cailloux, mais son visage est calme et ses
gestes harmonieux. “Que faites-vous, monsieur ? 7, lui demande Péguy. “Eh bien,

je gagne ma vie grace a ce métier fatigant, mais qui a ’avantage d’étre en plein air 7, lui
répond-il. Plus loin, un troisiéme casseur de cailloux irradie de bonheur. Il sourit en abattant
la masse et regarde avec plaisir les éclats de pierre. “Que faites-vous 7 ”, lui demande Péguy.
“Moi, répond cet homme, je batis une cathédrale ! ”

BORIS CYRULNIK

Along this manuscript, which apart if it is explicitly mentioned, is a personal and original work
of the author, we have developed a methodology based on the concept of regular contrast that
allows to derive upper and lower bounds for the empirical and true excess risks on a fixed
model that are optimal at the first order, and we have applied these results to validate the
slope heuristics in several classical frameworks. We give now some prospects based on these
advances.

Consistency of M-estimators in regular contrast estimation

A central issue in regular contrast estimation is the behavior in sup-norm of the considered M-
estimators. More precisely, in order to control second order terms that appear in the expansion
of a regular contrast, we require that the considered M-estimator for a fixed model is consistent
in sup-norm towards the projection of the target onto the model, at a rate at least (In n)fl/ 2,
Considering models of dimension proportional to n (In n)_z, the rate of convergence in sup-norm

must be close to
Dlnn

n

We show that this is satisfied in particular cases, such as histograms and more general models of
piecewise polynomials in the least-squares regression setting, or histogram models of densities
when considering the maximum likelihood density estimation. An important problem in regular
contrast estimation is thus to find some systematical way to derive the required consistency in
sup-norm of the M-estimators. Based on the same type of ideas than those exposed in Section
7.3 of Chapter 7, we propose the following systematical approach, which for now, is a work in
progress.
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Consider a regular contrast K : & — L] (P) in the sense of Definition 2.6 and let M C
S Lo (P) be a model. Let us set, for any C' > 0, the slices of the model related to the
sup-norm,

F&={seM; |s=sul,<C},
Se={seM; |ls—sull,>C}=(F&) ,
D ={seM; [s—sul,=C},
and, for an interval I C Ry,
FiP={seM; |s—sul, €I} .
Then, for any C > 0, we write
P (llsn (M) = sarllo > C)

§]P’( inf P, (Ks— Kspy) < inf P, (Ks— Ksyr)

SEFS, SEFE

:]P’< sup P, (Ksy — Ks) > sup Pn(KsM—Ks)>

SEFX, SEFE
and
P(llsn (M) = sumllo < C)

SIP’( inf P,(Ks— Ksy) < inf Pn(Ks—KsM))

SEFE SEF,

:P<sup P, (Ksy — Ks) > sup Pn(KsM—Ks)>

SEFF sefgoc

SP(sup P, (Ksy — Ks) > sup Pn(KsM—Ks)>,

SEFE SEFE

for any r > 1. Now, to fix ideas, take for instance K to be the least-squares regression contrast.
We have for instance, for any L > 0,

sup P, (Ksy — Ks)

s€D°

— 2 2

= sup {(Po—P) (a0 (sar = )) = (Pa = P) (sas = )° = s = sual }
s€D°

> sup (Pu— P) (Y1 (517 = ) = sup (P = P)(sar = 5)° = sup [ls — surf}3 -
$EDY sEDY s€EDP

In order to derive upper bounds and also lower bounds for the rates of convergence in sup-norm
of the M-estimator, it remains to connect the sup-norm with the excess risk and the Hilbertian
norm ||-[|;; 5, which in the regression case are given by the quadratic norm ||-[|5. For instance,
if M is a histogram model, given by

M = S = Z ﬁfl[; (ﬁI)IGAN[ ERD
IeAy

for a finite partition Ay, with Card (Ays) := D, we can exactly compute the slices in terms of
coordinates of their functions in the natural basis of M, made of the indicators of the elements
of the partition A,;.



More precisely, we have

FE={seM; |s—sullo <CY=S > Brir; sup |B|<C ),
I€Ay IeAy

So={seM; |ls—sullo>C=14 Y Bilr; sup |Bi]>C 3,
IGA]\/I IEAJW

and

D ={seM; |ls—smle=L}=14 > Brlr; sup |Bi]=C
Ty TeAnm
To control the slices in sup-norm in terms of coordinates in an orthonormal basis associated
to the Hilbertian norm ||| 5/, it seems that the localized basis assumption is a convenient
property, and let us recall that in the histogram regression case this property is equivalent the
lower-regularity of the partition Ajps, which claims the existence of a positive constant cps,p
such that

D inf PX(I)>cyp>0.
IeP

However, the localized basis property seems to be not sufficient for this systematical approach,
which would more precisely require a control of the sup-norm of the functions in the model
from above and from below in terms of their coordinates in a suitable basis.

More examples of regular contrasts on suitable models

The three examples of regular contrast estimation studied in this manuscript are classical
non-parametric frameworks, and allow us to recover most of the recent results related to the
theoretical study of the slope heuristics, initiated by Birgé and Massart in [23]. A central task is
now to further investigate the scope of regular contrast estimation. For a M-estimation problem,
existence of a projection of the considered target onto a model can be derived from arguments
of compacity. Unicity of the projection typically follows from convexity arguments. Hence,
we have now to find situations where both an expansion of the contrast and an equivalence of
the excess risk on the model with a suitable Hilbertian norm can be derived. A careful look
at the three examples of regular contrasts derived in Chapter 2 seems to indicate that the
equivalence of an excess risk with some Hilbertian norm follows in particular from some kind of
orthogonality of the model with respect to the target and more precisely that Pythagorean-like
identities play a center role in this question.

Even if the binary classification setting stated in Section 2.1 of Chapter 2 seems, in its full
generality, to be beyond the reach of our regular context, it nonetheless connected to convex
frameworks employed in SVM, boosting or logistic regression methods, see for instance Bartlett
& al [18]. These procedures are practically tractable by the use of a convex surrogate ¢ of the
0-1 loss in the minimization problem, that corresponds to a contrast of the type

K:s— (Ks:z=(x,y) — (Ks)(z) =¢(y-s(x))) . (8.107)

Moreover, typical models in this context are taken to be scaled convex hull of a finite dimen-
sional base class. If the convex function ¢ is smooth, it highly likely that the contrast stated
in (8.107) could be expanded as required in the definition of a regular contrast, the convexity
property as well as the scaling one allow to think that accurate risk bound could be derived
in this setting. The proximity of the ¢-risk with an Hilbertian norm has also to be tackled in
order to strictly recover a regular contrast estimation setting, and consequently the possibility
to derive accurate lower bounds of convergence, at least for the ¢-risk.



Arlot’s resampling penalties

Resampling penalties and V-fold penalties introduced by Arlot respectively in [5] and [7] are of
general purpose and proved to be efficient in least-squares regression with random design and
heteroscedastic noise, on histograms models. In particular, this framework is sufficiently general
to show that Arlot’s resampling and V-fold penalties give accurate data-driven penalization
procedures, even in the case where the noise is highly heteroscedastic, a case where the ideal
penalty is typically not a function of the dimension of the models and where linear penalties
are - highly - sub-optimal, see Arlot [6].

For V-fold and sub-sampling cases, the control of Arlot’s penalties can be derived for the
concentration inequalities derived from the empirical and true risk. It is thus natural to think
that such penalization methods are indeed efficient in general regular contrast estimation. A
work is at its beginning on this subject with Sylvain Arlot, and sharp results seem to be
attainable, combining Arlot’s methods and ours, at least in the V-fold case.

Sparse recovery problems

It seems that the notion of regular contrast is closely related to the notion of “loss function
of quadratic type” introduced in sparse recovery problems, see for instance Koltchinskii [47],
[46], and see also Koltchinskii [45] for a study of the Dantzig selector in regression with random
design. A challenging problem, which is at our top priorities, would be to adapt our methods to
derive lower bounds for the rates of convergence of the excess risk in this context. It seems that
exact constant would be only possible if the dictionary is assumed to be “Lg (II)-orthonormal”,
where 1I is a probability measure on the set defining the elements of the dictionary.
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