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Résumé

Cette thése porte sur 'étude d’algorithmes stochastiques en grande dimension ainsi qu’a
leur application en statistique robuste. Dans la suite, I'expression grande dimension pourra
aussi bien signifier que la taille des échantillons étudiés est grande ou encore que les va-
riables considérées sont a valeurs dans des espaces de grande dimension (pas nécessaire-
ment finie). Afin d’analyser ce type de données, il peut étre avantageux de considérer des
algorithmes qui soient rapides, qui ne nécessitent pas de stocker toutes les données, et qui
permettent de mettre a jour facilement les estimations. Dans de grandes masses de données
en grande dimension, la détection automatique de points atypiques est souvent délicate. Ce-
pendant, ces points, méme s’ils sont peu nombreux, peuvent fortement perturber des indica-
teurs simples tels que la moyenne ou la covariance. On va se concentrer sur des estimateurs

robustes, qui ne sont pas trop sensibles aux données atypiques.

Dans une premiére partie, on s’intéresse a 1’estimation récursive de la médiane géomé-
trique, un indicateur de position robuste, et qui peut donc étre préférée a la moyenne lors-
qu’une partie des données étudiées est contaminée. Pour cela, on introduit un algorithme de
Robbins-Monro ainsi que sa version moyennée, avant de construire des boules de confiance

non asymptotiques et d’exhiber leurs vitesses de convergence L? et presque stire.

La deuxieme partie traite de I'estimation de la "Median Covariation Matrix" (MCM), qui
est un indicateur de dispersion robuste lié & la médiane, et qui, si la variable étudiée suit une
loi symétrique, a les mémes sous-espaces propres que la matrice de variance-covariance. Ces
dernieres propriétés rendent 1’étude de la MCM particulierement intéressante pour 1’Analyse
en Composantes Principales Robuste. On va donc introduire un algorithme itératif qui per-
met d’estimer simultanément la médiane géométrique et la MCM ainsi que les g principaux
vecteurs propres de cette derniere. On donne, dans un premier temps, la forte consistance
des estimateurs de la MCM avant d’exhiber les vitesses de convergence en moyenne quadra-

tique.

Dans une troisiéme partie, en s’inspirant du travail effectué sur les estimateurs de la mé-

diane et de la "Median Covariation Matrix", on exhibe les vitesses de convergence presque
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stre et L7 des algorithmes de gradient stochastiques et de leur version moyennée dans des
espaces de Hilbert, avec des hypothéses moins restrictives que celles présentes dans la litté-
rature. On présente alors deux applications en statistique robuste : estimation de quantiles
géométriques et régression logistique robuste.

Dans la derniere partie, on cherche a ajuster une sphere sur un nuage de points répar-
tis autour d’une sphére complete ot1 tronquée. Plus précisément, on considere une variable
aléatoire ayant une distribution sphérique tronquée, et on cherche a estimer son centre ainsi
que son rayon. Pour ce faire, on introduit un algorithme de gradient stochastique projeté et
son moyenné. Sous des hypotheses raisonnables, on établit leurs vitesses de convergence en

moyenne quadratique ainsi que la normalité asymptotique de I’algorithme moyenné.

Mots-clés : Grande Dimension, Données Fonctionnelles, Algorithmes Stochastiques, Algo-
rithmes Récursifs, Algorithmes de Gradient Stochastiques, Moyennisation, Statistique Ro-
buste, Médiane Géométrique.



Abstract

This thesis focus on stochastic algorithms in high dimension as well as their application
in robust statistics. In what follows, the expression high dimension may be used when the
the size of the studied sample is large or when the variables we consider take values in high
dimensional spaces (not necessarily finite). In order to analyze these kind of data, it can be
interesting to consider algorithms which are fast, which do not need to store all the data, and
which allow to update easily the estimates. In large sample of high dimensional data, outliers
detection is often complicated. Nevertheless, these outliers, even if they are not many, can
strongly disturb simple indicators like the mean and the covariance. We will focus on robust
estimates, which are not too much sensitive to outliers.

In a first part, we are interested in the recursive estimation of the geometric median,
which is a robust indicator of location which can so be preferred to the mean when a part of
the studied data is contaminated. For this purpose, we introduce a Robbins-Monro algorithm
as well as its averaged version, before building non asymptotic confidence balls for these
estimates, and exhibiting their L¥ and almost sure rates of convergence.

In a second part, we focus on the estimation of the Median Covariation Matrix (MCM),
which is a robust dispersion indicator linked to the geometric median. Furthermore, if the
studied variable has a symmetric law, this indicator has the same eigenvectors as the cova-
riance matrix. This last property represent a real interest to study the MCM, especially for
Robust Principal Component Analysis. We so introduce a recursive algorithm which enables
us to estimate simultaneously the geometric median, the MCM, and its 4 main eigenvectors.
We give, in a first time, the strong consistency of the estimators of the MCM, before exhibiting

their rates of convergence in quadratic mean.

In a third part, in the light of the work on the estimates of the median and of the Median
Covariation Matrix, we exhibit the almost sure and L? rates of convergence of averaged
stochastic gradient algorithms in Hilbert spaces, with less restrictive assumptions than in the
literature. Then, two applications in robust statistics are given : estimation of the geometric
quantiles and application in robust logistic regression.
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In the last part, we aim to fit a sphere on a noisy points cloud spread around a complete
or truncated sphere. More precisely, we consider a random variable with a truncated sphe-
rical distribution, and we want to estimate its center as well as its radius. In this aim, we
introduce a projected stochastic gradient algorithm and its averaged version. We establish
the strong consistency of these estimators as well as their rates of convergence in quadratic

mean. Finally, the asymptotic normality of the averaged algorithm is given.

Keywords High Dimension, Functional Data, Stochastic Algorithms, Recursive Algorithms,
Stochastic Gradient Algorithms, Averaging, Robust Statistics, Geometric Median.
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Présentation

Mon travail de theése se situe a la croisée de deux thématiques assez distinctes, I’optimi-
sation stochastique et la statistique robuste. Il est de plus en plus fréquent en statistique
d’avoir a traiter de gros échantillons de variables a valeurs dans des espaces de grande
dimension. Dans ce contexte, il est important de repenser les problemes d’estimation. La
construction d’estimateurs repose bien souvent sur la résolution d"un probléeme d’optimisa-
tion et il existe, dans la littérature, de nombreux algorithmes qui sont tres efficaces en "petite
dimension" mais qui peuvent rencontrer des difficultés pour traiter de gros échantillons a va-
leurs dans des espaces de grande dimension. Ils nécessitent souvent de stocker en mémoire
toutes les données, ce qui peut devenir tres compliqué, voir impossible, dans ce contexte de
données massives. De plus, les procédures d’estimation classiques, basées par exemple sur
des algorithmes de point fixe ou de Newton ([BV04]), ne peuvent pas toujours étre mises
a jour facilement, et ne permettent donc pas de traiter les données qui arrivent de maniere
séquentielle. Enfin, ’acquisition de données massives peut s’accompagner d"une contamina-
tion de celles-ci, ce qui peut dégrader de maniere significative la qualité des estimations. Je
développe dans cette these des algorithmes qui permettent d’estimer rapidement et en ligne
des indicateurs robustes tels que la médiane géométrique ([Hal48], [Kem87]) ou la "Median

Covariation Matrix", et j’étudie leurs propriétés mathématiques.

Au Chapitre 3, on fera une synthése des principaux résultats de cette thése. L'objectif de
cette partie est de permettre au lecteur d’avoir acces aux principaux éléments (hypotheses,

résultats,...) de cette these, et ce, sans avoir a connaitre tous les détails.

On commence, dans le Chapitre 1, par rappeler quelques résultats usuels d’optimisation
déterministe avant de s’intéresser a leurs versions stochastiques. Plus précisément, afin de
minimiser une fonction on introduit les algorithmes de Robbins-Monro ([RM51]) avant de
donner quelques résultats classiques sur leur forte consistance ([Duf97]). On énonce ensuite
des résultats de la littérature sur leur vitesse de convergence presque sfire ainsi que sur leur
normalité asymptotique ([Pel98], [Pel00]). Enfin, on donne des résultats non asymptotiques
tels que des majorations de l’erreur quadratique moyenne ([BM13]). De plus, comme il est
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souvent compliqué en pratique d’obtenir la vitesse de convergence paramétrique (O (1)) ou
bien une variance optimale pour les algorithmes de gradient stochastiques, on introduit leur
version moyennée ([PJ92]). De la méme fagon que pour l'algorithme de Robbins-Monro, on

donne des résultats de la littérature sur la vitesse de convergence de ces algorithmes.

L'objectif du Chapitre 2 est de fournir une introduction simple a la statistique robuste
([HR09], [MMYO06]). Dans un premier temps, on donne un exemple qui illustre 1'intérét de
considérer des indicateurs ou des estimateurs robustes. On introduit une classe importante
d’estimateurs appelés M-estimateurs (ces estimateurs consistent a minimiser une fonction,
et peuvent étre une alternative aux algorithmes de gradient introduits au Chapitre 1 pour
traiter des données de taille raisonnable) avant de donner leur comportement asymptotique
et des méthodes de construction. De plus, on définit des indicateurs de robustesse comme la
fonction d’influence, le biais asymptotique maximum et le point de rupture. Chaque défini-

tion et critere abordé est illustré a travers les cas de la moyenne et de la médiane géométrique.

Le Chapitre 4 se focalise sur la médiane géométrique, qui est trés utilisée en statistique
du fait de sa robustesse. On rappelle une méthode de construction d’algorithmes récursifs
qui permettent de l'estimer ([CCZ13]) : un algorithme de type Robbins-Monro et sa version
moyennée. Des boules de confiance non-asymptotiques sont déterminées, ainsi que leurs
vitesses de convergence en moyenne quadratique. Pour ce dernier résultat, la preuve s’ap-
puie sur une nouvelle technique de démonstration qui peut étre considérée comme la pierre
angulaire de ce travail. Cette technique consiste a majorer simultanément, a 1’aide d"une ré-
currence, la vitesse de convergence en moyenne quadratique et la vitesse L*. Les preuves des
lemmes techniques sont données dans I’Annexe A.

Le Chapitre 5 établit des majorations des erreurs L? de l’algorithme d’estimation de la
médiane géométrique de type Robbins-Monro ainsi que de sa version moyennée. Ces ma-
jorations permettent ensuite d’établir les vitesses de convergence presque stire des algo-
rithmes. Ce chapitre est particulierement important pour 1’obtention de la bonne vitesse de
convergence des estimateurs de la "Median Covariation Matrix" (voir [KP12] et le Chapitre

6). Les preuves des lemmes techniques sont données dans I’ Annexe B.

Au Chapitre 6, on introduit la notion de "Median Covariation Matrix" (MCM), qui est un
indicateur de dispersion robuste multivarié lié a la médiane. Un des principaux intéréts de
cet opérateur robuste est que si la loi de la variable étudiée est symétrique, il a les mémes
espaces propres que la matrice de variance-covariance (voir [KP12]). On présente ensuite
des algorithmes récursifs permettant d’estimer simultanément la médiane géométrique et la
MCM. La construction de ces algorithmes consiste a reprendre les algorithmes d’estimation

de la médiane, et de les "injecter" dans un algorithme de gradient stochastique et sa version
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moyennée pour estimer la MCM. La forte consistance de ces algorithmes est établie avant
de donner les vitesses de convergence en moyenne quadratique. Finalement, on présente
une application a I’ACP robuste en ligne avec un algorithme itératif permettant d’estimer
les principaux vecteurs propres de la MCM. Une étude sur des données réelles, I'audience
TV mesurée a un pas de temps fin pour un échantillon de plus de 5000 individus, confirme
I'intérét de cette méthode. Les preuves techniques sont détaillées dans I’Annexe C, a laquelle

on ajoute également des compléments sur I'algorithme de Weiszfeld.

Le Chapitre 7 propose un cadre plus général permettant d’obtenir les vitesses de conver-
gence des algorithmes de type Robbins-Monro et de leur version moyennée dans des espaces
de Hilbert. Notons que les hypotheses sont proches de celles introduites par [Pel98] pour
les algorithmes en dimension finie, mais les preuves ne dépendent pas de la dimension de
I'espace. De plus, sous ces hypotheses, on obtient les vitesses de convergence L7 des algo-
rithmes, et ce, sans avoir a introduire d’hypothese de forte convexité globale (voir [BM13])
ou sans avoir a supposer que le gradient de la fonction que 1'on veut minimiser est borné
(voir [Bac14]). Les preuves techniques sont données dans 1’Annexe D.

Le Chapitre 8 traite de 1’ajustement d"une sphere sur un nuage de points 3D répartis au-
tour d"une sphere complete ou tronquée. On considére des variables aléatoires suivant des
lois elliptiques tronquées de la forme X = u + rWlq, ou W est une variable aléatoire a va-
leurs dans R et Uq suit une loi uniforme sur une partie Q de la sphére unité dans R?. On
estime les parametre y (le centre) et r (le rayon) avec un algorithme de type Robbins-Monro
projeté et sa version moyennée. Les vitesses de convergence en moyenne quadratique ainsi
que la normalité asymptotique de I'estimateur moyenné sont établies. Finalement, on montre
l'efficacité de cette méthode a travers des simulations. Remarquons que cette partie repré-
sente une ouverture sur les algorithmes de gradient stochastiques projetés. Des propriétés

de convexité ainsi que les preuves sont données dans I’Annexe E.
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Chapitre 1

Quelques résultats sur les algorithmes
stochastiques

L'objectif de cette partie est de donner une version stochastique de quelques algorithmes
déterministes usuels (voir [NNY94] et [BV04] parmi d’autres) de recherche de zéro d"une

fonction. Plus précisément, on cherche a estimer la solution d"un probléme de la forme
(h) = E [p(X, h)] = 0, (L1)

ot X est une variable aléatoire a valeurs dans un espace X et ¢ : X x R? — R“. Sous

certaines conditions, cela peut revenir a minimiser la fonction
G(h) :==E[g(X,h)],

ot Vyg(x,h) = ¢(x,h) et VG(h) = ®(h). Pour estimer cette solution, on s’intéresse aux
méthodes de gradient stochastiques.

Ces algorithmes représentent un réel intérét pour 'estimation a partir de gros échan-
tillons a valeurs dans des espaces de grande dimension. En effet, de maniere générale, ils ne
demandent pas trop d’efforts de calculs, ils ne nécessitent pas de stocker en mémoire toutes
les données, et ils peuvent étre facilement mis a jour, ce qui représente un réel intérét lorsque

les données arrivent de maniére séquentielle.
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1.1 Algorithmes déterministes

1.1.1 Recherche des zéros d’une fonction

On introduit maintenant des algorithmes de gradient déterministes. Soit ® : RY — R?
une fonction continue, on cherche m tel que ®(m) = 0. Pour estimer m, on considere 1’algo-
rithme récursif défini pour tout n > 1 par

My1 = My — P (my), (1.2)

avec m; € R%. De plus, la suite de pas (7,),~; est réelle, positive, et vérifie les conditions
usuelles suivantes

Y v = +oo, Y 92 < too. (1.3)

n>1 n>1

On donne maintenant deux premiéres propositions naives qui permettent de comprendre
facilement pourquoi cet algorithme converge bien vers m sous de bonnes conditions. Re-
marquons qu’il est possible, dans le cas déterministe, d’obtenir une vitesse de convergence
exponentielle, mais nous ne donnerons pas ces résultats. L’objectif ici est plus de présenter
des résultats déterministes analogues aux résultats classiques dans le cas stochastique.

Proposition 1.1.1. On suppose qu’il existe un point m qui annule la fonction et

— qu'il existe une constante strictement positive C telle que pour tout h € RY,
IR < Cl[h—m],
— et qu'il existe une constante strictement positive c telle que pour tout h € RY,
(@(h),h—m) > c|lh—m|?.
Alors, m est I'unique zéro de la fonction ®, et
lim [|m, — m]| = 0

Démonstration. On montre d’abord que le point m est 'unique zéro de la fonction ®. Soit
m' € R4 tel que m’ # m. Alors,

(D(m),m —m) >c|m' — mH2 > 0,
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et en particulier ®(m’) # 0. Le point m est donc bien 1'unique zéro de la fonction ®. On

montre maintenant la convergence de 'algorithme. Pour cela, grace aux hypotheses,

1 = m[|* = [l = m|[* = 25 (@ (), 1y — 1) + 73 || D () ||

<l — m||* = 2¢7, ||y — m||* +95C* ||y — m|?

< (1= 2c9n + C*92) ||y — m||?.

Comme la suite (), converge vers 0, il existe un rang n tel que pour tout n > 1o, on
ait 1 — 2cy, + C?*92 <1 —cv, < 1. Alors,

n
1 —m|)* < TT (1= 2e7x + C*93) |lmy — m|>

k=1
n np—1 )
< (H (1- C’Yk)) (H (1—2cm + Czﬁ)) |1 —ml||
k:no k=1

De plus, comme

(ﬁ (1- cw)) = exp (ki log (1 — cw))

k:'rl(] =Ny

< exp (—C ) ’Yk) ,

k=1’lo

on obtient
) n no—1 )
1141 —m||* < exp (—c Y ’m) (H (1 —267k+C2%3)> [y —m]|”.
k=1

k=110

Enfin, comme ), 7 = +00, on obtient le résultat. O

Les hypotheses précédentes sont tres restrictives, mais elles permettent de se faire une
premiére idée du fonctionnement de ces algorithmes. On énonce maintenant un résultat avec

des hypotheses et un résultat plus usuels.

Proposition 1.1.2. On suppose qu'il existe un point m qui annule la fonction O et

— qu'il existe une constante positive C telle que pour tout h € RY,

[e(m)[| < C(A+ |7 —ml]),
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— et que pour tout h € RY tel que h # m,
(®(h),h —m) > 0.
Alors, m est l'unique zéro de ® et la suite (my ), définie par (1.2) vérifie

lim ||m, —m| = 0.
n—o0

Démonstration. On obtient l'unicité de m de maniére analogue au théoréme précédent. De
plus,

[0 = | = Yl —m* =2 (@ (), my — 1) + 73 | () |*

< [l — m | = 2 (D) 1y — ) + 95 C* (L [y — m]|)?
<1 +2C2'Y%) [ — mH2 — 29 (D (1), 1ty — 1) +2C%;.

Comme Y~ 72 < +ooetcomme (®(my), m, —m) > 0, remarquons que la suite (Hmn - m||2> .
= nz

est bornée. De plus, la suite (V) définie par

1 2 < 2w 2
Vi = ([ —m|"+2 ) i (P(mi), my —m) +2C ) i |,
S (120 ( : ’y L

est positive. Enfin cette suite est décroissante. En effet,

1 ) n+1 ) oo )
Vi1 = My —m||”+2 ) yx (P(my), m —m) +2C Yi
" T 20 ( : = X,
1 2 5 2w 2
< [y —m||”+2 )y (®(my), my —m) +2C* Y vp
[T (142C%3) ( k=1 k=n
1
= n
142C292

S Vn.

La suite (V;),-, est donc convergente. En particulier, comme la suite (ITi=1 (1 +2C%93) )n21

. 2 .. ..
est convergente, la suite <||mn —ml| ) | converge vers une limite finie et
n>

2 Tn <q>(mn),mn — m) < 400,

n>1
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Comme Y~ vn = 40, on a alors

liminf (®(m,), m, —m) = 0.
n

Rappelons que la suite (||m, —m||),-; converge vers une limite finie /, et donc, la suite
(my),~, estbornée, et on peut extraire (car RY est de dimension finie) une sous suite (my,) 1
convergeant vers une limite m’. Par continuité de ®, on a alors

et donc, par hypothese, si m’ # m, on aurait
0= (®(m'),m —m) > 0.
Par conséquent, m’ = m et on obtient finalement
) 2 . 2
| = lim ||m, —m|" = lim ||m, —m|" = 0.
n—00 k—oc0
OJ

Cette preuve permet de mettre en lumiere le role des hypotheses sur la suite de pas
(7n),>1- Notons aussi que cette preuve n’est pas directement applicable dans le cas des
espaces de dimension infinie. En effet, dans ce cas, les boules fermées ne sont pas néces-

sairement compactes, et on ne peut donc pas extraire une sous-suite convergente.

1.1.2 Recherche des minima d’une fonction

Comme mentionné en préambule, on peut assimiler, dans un certain contexte, la re-
cherche d'un zéro de ® a la recherche du minimum global d"une fonction. En effet, soit

G : R? — R une fonction de classe C! et de gradient VG, on veut résoudre

m:= arggg} G(h). (1.4)

Le point m € R? est alors un zéro du gradient de G, et 'algorithme s’écrit
My1 = my — v VG(my), (1.5)

avec m; € RY et les mémes hypothéses que dans la partie précédente sur la suite de pas
(71),>1- Les Propositions 1.1.1 et 1.1.2 peuvent alors se réécrire en remplacant la fonction
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¢ par la fonction VG(.). De plus, généralement, on considére une fonction G convexe et
on peut se référer aux résultats usuels d’analyse convexe (voir [Rocl5] par exemple) pour

obtenir I’existence et I'unicité d"un minimum global.

1.2 Algorithmes de gradient stochastiques

1.2.1 Définition et premiers résultats

Dans ce qui suit, on considere une variable aléatoire X a valeurs dans un espace X". L'ob-
jectif est d’estimer une solution de 1’équation (1.1). De maniere générale, on a seulement
acces a une échantillon de X et donc seulement acces a plusieurs observations d’une va-
riable aléatoire de moyenne @(.). On ne peut donc pas utiliser directement 1’algorithme de
gradient déterministe. On se donne maintenant une suite de variables aléatoires indépen-
dantes (Xy),~; de méme loi que X. On introduit I'algorithme de gradient stochastique (voir

[RM51]) défini de maniere itérative pour tout n > 1 par

ml’l+1 = my — r)/fl()b (Xl/l+1/ mn) 7 (1'6)

avec (Yn),~; une suite de réels positifs vérifiant (1.3). On donnera plus de précision sur
le point in;tial my dans les résultats de convergence. Néanmoins, il est usuel de prendre
my borné, déterministe, ou admettant un moment d’ordre 2. Introduisons la suite de tribus
définies pour toutn > 1 par F, := 0 (Xy, ..., X,;) = 0 (my, ..., my,), comme la variable aléatoire
Xp41 estindépendante de F;;, on a alors

E (¢ (Xyt1,mp) | Fn] = @ (1) -
On peut alors écrire 1’algorithme défini par (1.6) comme :
My4+1 = My — ')’ncb (mn) + ')’nérn+1/ (17)

avec Cpt1 = P (my) — ¢ (X141, my). Notons que () est une suite de différences de mar-
tingale adaptée a la filtration (F,). On peut alors écrire une version stochastique du Théo-
réme 1.1.1.

Je remercie Anatoli Juditsky pour ses précieuses remarques bibliographiques qui m’ont permis de rétablir
la vérité sur la paternité de plusieurs résultats et méthodes de décomposition (voir [DJ92] et [DJ93] pour la
décomposition de 'algorithme moyenné par exemple).
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Proposition 1.2.1. On suppose qu'il existe un point m € RY qui annule la fonction ® et

— qu'il existe une constante positive C telle que pour tout h € RY,
[e(R)|| < Cl[h—m],

— que la fonction ¢ est uniformément bornée : il existe une constante positive M telle que pour
tout tout x € X eth € H,
lp (x, )| < M,

— et qu'il existe une constante strictement positive c telle que pour tout h € RY,
(@(h),h—m) > c||h—m|?.
Alors, m est I'unique zéro de la fonction @ et la suite (my ), ., définie par (1.6) vérifie

lim E [Hmn - muz} ~0.

n—oo

Démonstration. On obtient 1'unicité du zéro de la fonction @ de la méme fagon que pour le

cas déterministe. Montrons maintenant la convergence de l’algorithme. On a

1 = m[|* = [|m = m]|* =20 (P (X1, 1) 11— 1) + 73 |9 (X1, 110) |

< g = m|* = 29 (@ (Xowy1, 1) 10 — ) + MP7.
Comme m,, est F,,-mesurable, et par hypothese,

E [[|mns1 = m[]* 1 7] < llmy = m|? =290 B[ (Xopr, ) [F] s — ) + 72 M2
< = > = 29 (@ () 11y — ) + VM3
< (1207 [ — m|[* + 72 M2

On obtient donc la relation de récurrence
2 2
E [||mns1 = m|’] < (1= 207) E [||my — m|P] + 2202,

et on peut conclure en appliquant un lemme de stabilisation (voir [Duf96], Lemme 4.1.1) ou
a l’aide d"une récurrence sur n. ]

Afin de pouvoir donner un premier résultat usuel sur la convergence des algorithmes

de type Robbins-Monro, on va énoncer un résultat classique, analogue a celui utilisé dans la
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preuve du Théoreme 1.1.1 pour la suite (V).

Théoréme 1.2.1 (Théoréme de Robbins-Siegmund [RS85]). Soient (Vi1 , (an);>1, (bn)y>1/ (€n) 51
des suites de variables aléatoires réelles positives telles que

2 a, < 400 p.s, Z by < 40 p.s.
n>1 n>1
Soit (Fu),~, une suite de tribus telle que Vy,, a,, by, c, soient F,-mesurable pour tout n > 1. Enfin,

SUpposons
E [Vis1|Fu] < (1 +ay) Vi + by — cp.

Alors, la suite (V,,),~, converge presque siirement vers une variable aléatoire presque stirement finie
Vet

Y o< +oo ps.

n>1

On peut maintenant donner des conditions moins fortes pour obtenir la forte consistance
de l'algorithme.

Proposition 1.2.2. On suppose qu'il existe un point m € R? qui annule la fonction & et

— qu'il existe une constante positive C telle que pour tout h € RY,
E |lo(X, )] <€ (1+ [Ih - m|*),
— que pour tout h € RY tel que h # m,
(®(h),h—m) >0,

— et que la variable my admet une moment d’ordre 2.
Alors, m est I'unique zéro de la fonction O et la suite (my,),>1 définie par (1.6) vérifie

lim m, =m p.s.
n—oo

De plus,
. 2
lim E an —ml| } = 0.

n—oo

Notons que cette proposition est tres usuelle pour les algorithmes de gradient stochas-
tiques, mais reste un résultat faible. En effet, il ne donne pas la vitesse de convergence de
I'algorithme, et il ne donne aucune garantie sur le comportement de l’algorithme pour une

taille d’échantillon n fixée. Cependant, de la méme fagon que pour le cas déterministe, ce



1.2 Algorithmes de gradient stochastiques 31

résultat permet de mettre en lumiere le role de la suite de pas (7,),, et les grandes lignes
de la preuve représentent une méthode classique pour obtenir la forte consistance des algo-
rithmes de gradient stochastique, et ce, méme dans le cas ot1 la dimension de 1’espace n’est

pas finie.

Démonstration. De la méme fagon que dans la preuve précédente, comme m,, est F,,-mesurable,

on a

E [[[myr = m|? | Fa] < llmy = m| =27, (@ (), my = m) + 22E |19 (X, ma) [P | 72|
< (14 C23) [lmn = m|* = 29 (@ (my) 1y —m) + CP. - (18)

A l'aide d’une récurrence, comme 7, (® (m,) ,m, —m) > 0, et comme ¥ >, 7> < + oo, on

peut montrer qu’il existe une constante positive M telle que

n n n
E [||myi1 —m|] < (H (1 +zc2%%>> E [[lm - m?] + ( (1+zc2fyi)> Y 2C%7 < M.
k=1 k=1 k=1

De plus, en appliquant le Théoreme 1.2.1 et l'inégalité (1.8), comme ¥ 5172 < + oo et
comme (®(m,), m, —m) > 0, la suite ||m, — m||* converge presque stirement vers une va-
riable aléatoire finie et

Z Y (P (my),my —m) < 400 p.s.

n>1

Donc, pour tout w € (), ona
liminf (®(m,(w), my(w) —m) = 0.
n

La fin de la preuve est alors analogue au cas déterministe, et on obtient la convergence en

moyenne quadratique par convergence dominée. O

Remarquons que de la méme facon que pour le cas déterministe, cette preuve ne peut

pas s’appliquer directement si ’on est dans des espaces de dimension infinie.

Application a I'optimisation stochastique :

De la méme fagon que pour le cas déterministe, on peut voir ce probleme comme un

probléeme de minimisation de la forme

m:= arg Prlrel]er} G (h), (1.9)
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avec G : R? — R une fonction de la forme
G(h) :=E[g(X,h)],

oit g : X x RY — R. Supposons de plus que la fonction G est de classe C! et que pour
presque tout x, g(x,.) I'est aussi, avec

VG(h) =E[V,g(X, h)],

ou VG désigne le gradient de G et Vg le gradient de g par rapport a la seconde variable.
L’algorithme de type Robbins-Monro s’écrit alors

My1 = My — Yn Vg (Xps1, Mn) - (1.10)

Dans ce contexte, la Proposition 1.2.2 est vérifiée en remplagant ¢ par Vg et ® par VG.

1.2.2 Vitesses de convergence

La littérature sur les vitesses de convergence des algorithmes de type Robbins-Monro
est trés vaste, et I'on ne donnera que quelques exemples de résultats : des résultats asymp-
totiques comme la vitesse de convergence presque stire et la normalité asymptotique (voir
[Pel98]), et des résultats non asymptotiques comme la vitesse de convergence en moyenne
quadratique (voir [BM13]). Dans ce qui suit, on considere une suite de pas (), de la
forme .

Yn=cmn * avec ¢, >0 et ac <;,1> . (1.11)

Le cas &« = 1 existe dans la littérature (voir [Pel98] et [Pel00] par exemple), mais nécessite des
informations au préalable sur la fonction dont on cherche le zéro, et plus précisément sur les
valeurs propres de sa différentielle en m. On donnera par la suite une méthode permettant

d’obtenir la vitesse de convergence optimale, sans avoir a prendre un tel type de pas.

Remarque 1.2.1. Notons que dans ce qui suit, on considere deux types résultats : asymptotiques
(vitesse de convergence presque stire, normalité asymptotique...), qui ne donnent aucune garantie sur
le comportement de I'algorithme pour une taille d’échantillon n fixée, et non-asymptotiques (vitesse
de convergence en moyenne quadratique, vitesses L?, ...).

Remarque 1.2.2. Bien que l'on ait fait le choix, dans cette partie, de se concentrer sur les résultats
introduits par [Pel98] et [BM13], la littérature est trés riche sur les vitesses de convergence des algo-
rithmes de gradient stochastiques (voir [NJLS09] pour les algorithmes de gradient a pas constant, ou
[INT14] pour les algorithmes "Primal dual”, par exemple).
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Vitesses de convergence asymptotiques :

Notons que la littérature est large sur les vitesses de convergence presque stire des algo-
rithmes de gradient stochastiques (voir [Duf97] et [Bot10] parmi d’autres). Dans cette par-
tie, on se concentre sur les résultats introduits par [Pel98]. On considere le probleme (1.1),
avec ¢ : X x R — R? et m une solution du probléme. On souhaite donner la vitesse de
convergence de l’algorithme de Robbins-Monro défini par (1.6). Pour cela, on suppose que
les hypotheses suivantes sont vérifiées :

(P1) Lasuite (m,),-, converge presque sirement vers 7.

(P2) Il existe une constante 2 > 1 et un voisinage U, de m tels que pour tout i € Uy,
®(z) = H(z—m)+ 0 (||lz—m]|"),

avec H une matrice dont la partie réelle des valeurs propres est strictement positive.
(P3) Notons 41 := ® (my,) — ¢ (X,41,my), il existe des constantes positives M > 0 et
b > 2 telles que presque stirement

supE [HCnHHb |J:n} L)y —m) <y < +00.

n>1

De plus, il existe une matrice symétrique définie positive X telle que

lim E 6187 Fa] =% pis.

Remarquons que I'on peut se ramener a la Proposition 1.2.2, par exemple, pour vérifier 1'hy-
pothese (P1). Les théorémes suivants donnent la vitesse de convergence presque stire ainsi

que la normalité asymptotique des estimateurs.

Théoreme 1.2.2 ([Pel98]). Supposons que les hypotheses (P1) a (P3) sont vérifiées. Alors, pour tout

6 >0,
Inn)’
|y —ml| = o <(nvc/2) )

Théoreme 1.2.3 ([Pel98]). Supposons que les hypotheses (P1) a (P3) sont vérifiées. Alors, on a la

convergence en loi

. My —m
lim
n—00 \ /’yn

~N(0,8),

avec
T H H
Y/ ::/ e Sy e St s,
0

Remarque 1.2.3. Soit (ay), >, (bn), >, deux suites de variables aléatoires réelles. On note
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a, = O (by) p.s si il existe une variable aléatoire presque silrement finie K telle que

lim 2 <K p.s.

n—oo by,

De la méme fagon, on note a, = o (by,) p.s si

. an
nlgroloa—o p.s.

Enfin, soient X,Y deux variables aléatoires de méme loi, on note alors X ~ Y.

Heuristique de preuve. Vitesse de convergence presque siire : Rappelons que 'algorithme de

type Robbins-Monro peut s’écrire comme

My = My — 'an)(mn) + 'YnénJrl/

avec &pq1 = ®(my) — ¢ (Xy41,my,). Notons que la suite () est une suite de différences
de martingale par rapport a la filtration (). De plus, en linéarisant la fonction ® grace a
I'hypothése (P2), on obtient

Myl —M = (Id - ’)’nH) (mn - m) + YnCnt+1 — YnOn,

avec 0, := ®(my,) — H (m, — m). Enfin, a I'aide d"une récurrence sur n, on obtient

My —m = By_q (M —m) + Bp_1My — Br—1Ry,

avec
n n—1
Bn:=1]s—1H), My =Y By Crer,
k=1 k=1
n—1
Bo := 14, Ro:= Y "B o
=1

Notons que (M), ., est une martingale par rapport a la filtration (F,). De plus, on mon-
trera que le terme B, _1 M, est le terme dominant et le lemme suivant en donne la vitesse de

convergence.

Lemme 1.2.1 ([Pel98]). Supposons que les hypotheses (P1) a (P3) sont vérifiées, alors pour tout
5>0,

1Bu1M, | = O (%7;2)5)
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Pour conclure la preuve, on introduit maintenant la suite des restes (A;),,-, définie pour
tout n > 2 par
ANy =my —m— Byu_1 M.

On a alors

App1 =My —m— BpyM;iq
= (Id - 'YnH) (mn - m) + Ynlnt1 — Ynln — (Id - ')’nH) (Mn + ')’ngn—i-l)
= (I; — vuH) Ay — Y10

En appliquant un lemme de stabilisation (voir [Duf96], Lemme 4.1.1), on obtient
[An]] = O([|6n]])  ps.

De plus, comme la suite (||m, —m||),-, converge presque stirement vers 0 d’apres I'hypo-
thése (P1), et grace a 'hypothese (P3), on a

[8n]l = O ([[my —m||*) = o (|lmy —ml) ps.
En appliquant le lemme précédent, pour tout 6 > 0,

([0 = || <[ Br1 M| + [0l

=0 (U5 o=l ps

ce qui conclu la preuve pour la vitesse de convergence.

Normalité asymptotique : Rappelons que I'algorithme peut s’écrire
my —m = ,Bn—l (ml - m) + ,Bn—an + ,Bn—an-

Le terme B,,_1 (m; — m) converge exponentiellement vite vers 0. Avec la vitesse de conver-

gence presque siire, on peut montrer

1
|Bn-1Ru| = O (Hmn - mHa) =0 (nzx/2> pe
Bna My

II ne "reste donc plus qu’a" appliquer un TLC au terme NI O

Remarque 1.2.4. Un point important est que ces preuves ne sont pas directement applicables en
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dimension infinie. Plus précisément, afin de démontrer le lemme 1.2.1, différentes méthodes sont utili-
sées dans [Pel98] qui reposent, par exemple, sur I'existence de la trace d" une matrice, ou sur le fait que
des sous-espaces propres d'une matrice soient de dimension finie, ce qui n’est pas automatiquement le
cas en dimension infinie. Durant ma these, une des difficultés a donc été de trouver de nouvelles mé-
thodes de démonstration qui ne dépendaient pas de la dimension de ’espace. Par exemple, une version
du lemme 1.2.1 est donnée dans le cadre général des espaces de Hilbert au Chapitre 7.

Vitesse de convergence en moyenne quadratique et premiers pas vers la dimension infi-

nie:

La littérature sur les vitesses de convergence non asymptotiques (voir [Bacl4] par exemple)
est bien moins vaste que pour celle avec les vitesses asymptotiques. Dans cette partie, on se
concentre sur le cadre introduit par [BM13]. Plus précisément, on cherche a estimer la solu-
tion du probleme (1.9), avec G : H — RR, out H est un espace de Hilbert séparable. Pour
cela, on considere I'algorithme récursif défini par (1.10) et on suppose qu’il existe m € H tel

que VG(m) = 0 et que les hypotheses suivantes sont vérifiées :
(BM1) Il existe une constante positive L telle que pour tout 1,1’ € H,
N2 2 7112
E [[|Vig (X,h) = Vig (X, 1) [[*] < L2 [ =1

(BM2) La fonction G est fortement convexe : il existe une constante strictement positive
u telle que pour tout i, h' € H,

Gl) = G(H) + (VG b — ')y + L || — ]|
(BM3) Il existe une constante positive o telle que
E |[Vig (X,m)|*] < o2

Alors, m est le minimum globale de la fonction G et on a la convergence en moyenne qua-
dratique suivante :

Théoreme 1.2.4 ([BM13]). Supposons que les hypotheses (BM1) a (BM3) sont vérifiées et que I'on
a une suite de pas vérifiant (1.11). Alors, il existe une constante positive C telle que pour tout n > 1,

E [l —m|P?] <
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Démonstration. Pour tout n > 1, comme m,, est F,,-mesurable,
E | [msa = m|? | Fa] < llma = m|* =27, (E (Vg (Xns1,m0) | Fa] 11— m)
+2E Vg (Xns1,mn) |1 7|
< o = m* = 29 (VG (), 1y — m) + 22 [ [ Vg (Xsr,ma) I 1 72 )
Grace a I'’hypothese (BM2), on a pour tout h € H,
K 2 _ K 2
G(h) = G(m) +(VG(m),h—m) + 5 ||k —m|" = G(m) + = |[h —m]||",

ce qui assure bien, dans un premier temps, que m est le minimum global de la fonction G, et
dans un deuxiéme temps, pour tout h € H,

(VG(),li—m) = G(h) = G(m) + £ [l —m|* = £ |1 —m|”.
De plus, grace aux hypotheses (BM1) et (BM3), on a pour touth € H,

E |[|Vag (X, 1)[] < 2B [ Vig (X, 1) = Vag (X, m)||*] + 2 [[Vig (X, m)]’]
<212 ||h — m|* 4 202

Finalement, on obtient

E [[lmy i1 — mlP] < E [y —m|*] = pyuE [l = m|*] + 2021 [, —m|’] + 27302

< (1= + 2L E [[lmy — m|*] +2130%

et on peut conclure la démonstration a I'aide d’une récurrence sur n. O

Remarque 1.2.5. Le résultat exact donné dans [BM13] donne plus de précisions sur la constante
C, précisions que nous ne donnons pas pour simplifier les notations. Ce résultat reste vrai quelle que
soit la dimension de I'espace (finie ou infinie), et est assez représentatif des problemes que I'on peut
rencontrer pour obtenir des résultats non asymptotiques. En effet, alors que I'on peut se contenter
d’hypothéses locales pour avoir les résultats non asymptotiques, on est souvent obligé d'imposer des
hypothéses de majoration uniforme et/ou de forte convexité globale et non plus locale.
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1.2.3 Algorithme projeté

Il peut arriver que le probleme (1.1) admette plusieurs solutions, ou que les hypothéses
nécessaires a la convergence de l'algorithme ne soient vérifiées que sur un sous-ensemble
de I'espace H. Il peut alors étre judicieux de projeter cet algorithme sur ce sous-ensemble.
Plus précisément, on se donne un convexe fermé K de H. Le convexe K peut étre connu
(voir [BF12] parmis d’autres) ou peut étre estimé a 1’aide d'une partie de ’échantillon (voir

Section 8.5 par exemple). L'algorithme projeté s’écrit alors

ﬁnJrl =T (fﬁn - ')/n(P (Xn+1z ﬁn)) ’ (112)

ou 7t est la projection euclidienne sur K. Rappelons que 7t(h) = hsih € Kett(h) € oK si
h ¢ K (ou oK est la frontiere de K). De plus, pour tout i, h' € H,

() — ()| < I~ 1]
De plus, notons que 1'algorithme peut aussi s’écrire
ﬁ\/lnqtl = fﬁn - /)’n(p (fﬁn) + ')’ngnJrl + T,

avec 41 = O (M) — ¢ (X411, My ). La suite (¢,) est une suite de différences de martingale
par rapport a la filtration (F;,), et

rn = 70 (g — Yud (Xny1,n)) — (Mg — Yudp (Xny1, n)) -

Notons que r, = 0 lorsque i, — ynp (X141, M,) € K, i.e lorsque 'on n’a pas besoin de
projeter. On peut donc le voir comme un algorithme de Robbins-Monro "contaminé” et la

projection comme une garantie que notre algorithme ne sorte pas de I'ensemble convexe K.

Convergence presque siire :

On s’intéresse maintenant a la forte consistance de 1’algorithme.

Proposition 1.2.3. On suppose que les hypothéses de la Proposition 1.2.2 sont vérifiées pour tout
h € K. Alors m est l'unique zéro de la fonction ® sur K et la suite (i), définie par (1.12) vérifie
r}grO\o My, =m p.s.

De plus,
. AN 2
lim E [Hmn — m|| } ~0.

n—oo
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Démonstration. Comme pour tout i, h' € R? on a ||7w(h) — t(K')| < ||k — K|, et comme

m e K,onarm(m)=met

s = ml> < (17 (i — pup (X1, 00)) — ]

< |17 (g — Yu (X1, i) — 7 (m)]|

< |y —m — Yy (Xus1, n) HZ ’

2

et pour tout n > 1, par définition de 1’algorithme, 711, € K. On obtient alors
E |[|sn —m | | Fa| < it = m* = 29 (@), ity = m) +2E |9 (Xaa, )|

et on peut donc montrer la convergence de 'algorithme de la méme fagon que pour 1'algo-

rithme de Robbins-Monro non projeté. O

Vitesse de convergence asymptotique :

De maniere analogue a l'algorithme non-projeté, on suppose que les hypotheses sui-

vantes sont vérifiées :

(P1’) La suite (71,),-, converge presque slirement vers 1, ott m a 'intérieur de K.
(P2) 1l existe une constante 2 > 1 et un voisinage U,, C K de m tels que pour tout
h € Un,
®(z) =H(z=m)+ 0O (|z—m|),

avec H une matrice dont la partie réelle des valeurs propres est strictement positive.
(P3’) Notons &,11 := P () — ¢ (Xy+1, M), il existe des constantes positives M > 0 et

b > 2 telles que presque stirement
b
Sup B [[Guen | 1] Ly, <ty < +oo.
n>1
De plus, il existe une matrice symétrique définie positive X telle que

lim E 6,180, F] =% ps.

Notons que I'hypothése (P2’) ne peut étre vérifiée que si m est a l'intérieur de K. Les théo-
rémes suivants donnent la vitesse de convergence presque stire ainsi que la normalité asymp-

totique des estimateurs.
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Théoreme 1.2.5. Supposons que les hypothéses (P1°) a (P3’) sont vérifiées. Alors, pour tout 6 > 0,

_ Inn)’
|, —m| =o <(n“/2) ) p.s.

Théoréeme 1.2.6. Supposons que les hypotheses (P1’) a (P3’) sont vérifiées. Alors, on a la convergence

en loi N
. My —m ,
lim ~N (0,2,
tim v (0,2)
avec

—+o0
¥ = / e iy e=sH s,
0

Vitesse de convergence en moyenne quadratique :

On veut maintenant estimer une solution locale du probleme défini par (1.9), avec G :
H — R, ou H est un espace de Hilbert séparable. On suppose que G est convexe sur un
sous espace convexe et fermé K de H et que la fonction g(x,.) est de classe C! sur K pour
presque tout x € X'. On cherche

m:= arg}rlreli’g G(h),

avec K° I'intérieur de K. Soit 7t la projection euclidienne sur X, rappelons que 1'algorithme

z 4

projeté s’écrit alors sous la forme
My =70 (ﬁin — "nVig (Xn+1/ n/in)) .

On suppose qu'il existe m a l'intérieur de K tel que VG(m) = 0. On a alors la convergence

en moyenne quadratique suivante.

Théoreme 1.2.7. Supposons que les hypothéses (BM1) et (BM2) sont vérifiées seulement pour tout
h, W € I, que I'hypothése (BM3) est vérifiée et que I'on a une suite de pas de la forme 7y, 1= c,n™",
avec ¢, > 0 et « € (0,1). Alors, m est 'unique minimum de la fonction G sur K et il existe une
constante positive C telle que pour tout n > 1,

<

E |||, —m||*] < .
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1.3 L’algorithme moyenné

1.3.1 Retour sur l’algorithme de Robbins-Monro

Dans les exemples précédents, on a vu que sous certaines hypotheses et en prenant un

pas vérifiant (1.11), ’algorithme défini par

Mp1 = My — Yn@ (Xn+1; mn)

converge avec une vitesse de l'ordre X, ce qui n’est pas la vitesse paramétrique (qui est de
Vordre 1, car a # 1) pour les algorithmes stochastiques. Une premiére idée, pour obtenir la
vitesse optimale serait donc de prendre un pas de la forme ;. Le théoréeme suivant donne
alors la normalité asymptotique de 1'estimateur avec ce type de pas et un bon choix de la

constante c.

Théoreme 1.3.1 ([Pel98]). Supposons que les hypotheses (P1) a (P3) sont vérifiées. De plus, soit
Amin la plus petite partie réelle des valeurs propres de H. Si on prend un pas de la forme | avec
c> ﬁ, on a alors la convergence en loi

lim v/n (m, —m) ~ N (0,cX).

n—oo

Remarque 1.3.1. Un résultat analogue est donné par [Wal77] dans le cadre général des espaces de
Hilbert.

Afin d’obtenir une meilleur covariance, on peut introduire un algorithme de la forme
(voir [Pel98])

A
mr?+1 = mi + g‘l’ (Xnﬂ,mﬁ) ,

avec A une matrice d x d et inversible telle que la matrice AH — 11, ait des vecteurs propres
dont la partie réelle est positive.

Proposition 1.3.1 ([Pel98]). Supposons que les hypotheses (P2) et (P3) sont vérifiées, et que mi
converge presque silrement vers m. On a alors la convergence en loi

lim \/n (m? — m) ~ N (0,%(A)),

n—00

oit X(A) est la solution de I'équation de Lyapounov

(AH — ;&) L(A)+Z(A) <HTAT - ;1d> = ATAT, (1.13)
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Le choix optimal de la matrice A pour résoudre ’équation de Lyapounov est A = H™L.

En prenant A = H~!, on obtient donc I'algorithme de Newton

N N, H! N
My =My + T(P (Xn+1/mn > .

Cependant, la matrice H est généralement inconnue. Une idée pour régler ce probleme serait

d’avoir un estimateur H,, de H et d’écrire I'algorithme comme

Hfl
N N— #(P (Xn+1/mn) :

My = My
Plusieurs problemes se posent alors. Cela nécessiterait d'inverser une matrice d x d a chaque
opération, ce qui en terme de temps de calcul devient conséquent si 'on a des données a
valeurs dans un espace de grande dimension. Une autre possibilité serait d’estimer la ma-
trice H, puis de l'inverser, et d’injecter cet estimateur dans "l’algorithme de Newton", mais
on perd alors le coté itératif de l'algorithme, et cela demanderait, par exemple, de stocker
en mémoire toutes les données. Enfin, en pratique, ces algorithmes, avec ce choix de pas, ne
sont pas nécessairement plus performants pour une taille d’échantillon n fixée que 1'algo-
rithme de Robbins-Monro avec un pas vérifiant (1.11). Enfin, une idée serait de trouver une
estimateur récursif de H !, ce qui n’est pas évident, et ce qui demanderait quand méme d’ef-
fectuer une opération matricielle a chaque itération. Pour résoudre ce probléme, on introduit

I'algorithme moyenné.

1.3.2 Définition et comportement asymptotique

On rappelle que 'algorithme de Robbins-Monro est défini de manieére itérative pour tout
n > 1 par

Mpy1 = My — Y (Xyg1, M) .

On prend une suite de pas vérifiant (1.11). L’algorithme moyenné introduit par [Rup88] et
[PJ92] est défini pour tout n > 1 par

1 n
my = — Z my,
=
ce qui peut s’écrire de maniére récursive comme

M1 = T+~ (Mgt = Tn), (1.14)
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avec m; = mj. Notons que grace au lemme de Toeplitz, si ’algorithme de Robbins-Monro
converge presque sirement vers m, alors son moyenné aussi. L'idée de la moyennisation
est de "lisser" I'algorithme de Robbins-Monro lorsque celui-ci "tourne autour” de m. Afin
de donner les résultats asymptotiques introduit par [Pel00], rappelons que si les hypotheses
(P1) a (P3) sont vérifiées, alors pour tout 6 > 0,

Inn)°
s —mll =0 (S27) ps

Théoréme 1.3.2 ([Pel00]). Supposons que les hypotheses (P1) a (P3) sont vérifiées, et que & > 1

(avec a défini dans I’hypotheése (P2)). On a alors la vitesse de convergence presque sfire :

|mwwm=o<1$?m> ps.

Remarquons que sia > 2, on se ramene alors aux restrictions usuelles sur le pas. De plus,

on a la normalité asymptotique suivante :

Théoreme 1.3.3 ([Pel00]). Supposons que les hypothéses (P1) a (P3) sont vérifiées et que & > }1

(avec a défini dans I’hypotheése (P2)), on a alors la convergence en loi

lim /71 (77, — 1) ~ N (o, H*12H*1) .

n—oo

La covariance H !ZH ! ainsi obtenue est la solution optimale de 1’équation de Lyapu-
nov (1.13).

Heuristique de preuve. Rappelons que 'algorithme de type Robbins-Monro peut s’écrire (voir

(1.7))

Myp1 —m = my —m — y®(my) + ¥ului1,
avec i1 := ®(my,) — ¢ (Xy41,my). La suite (§,) est une suite de différences de martingales

adaptée a la filtration (). En linéarisant la fonction ®, on obtient

Myy1 —m = (Ig — yuH) (my —m) + yu8ni1 — Yubn,

avec 0, := ®(m,) — H (m, — m). L'inégalité précédente peut aussi s’écrire

nmy —m m —m
H(mn — m) — nl)/n _ n*‘rf)l/]q + gn—i—l — 5;/1-

En sommant ces inégalités, en appliquant la transformée d’Abel et en divisant par /1, on
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obtient (voir [D]93], [D]92])

_ mi—m My —Mm 1 & /1 1 1 &
VnH (m, —m) = — + (— me—m) — — Y O
(7 ) Vi V1Y \/ﬁk; Ye o Yk-1 ( ) ﬂkg

1 n
+—=Y & (1.15)
n =

On doit donc maintenant donner la vitesse de convergence de chacun de ces termes. Comme
pour tout 6 > 0, on a

Inn)°
|my, —m| =o <(n"‘/2) > p-s,

et grace a I'hypothese (P2)

n 6
Joul = 0 (s —m*) =o (527)

De plus, comme ’yk_l — ’yk_jl < Zac;lk”‘_l, eta € (%, 1), on obtient

melfvTH ( ) P
Hm%%m\! < > "
[EG-)m

ﬁ k=2 Yk Yi—1

(&)

Enfin, la suite (}_}_; Ck+1),~, est une martingale par rapport a la filtration (F; ), on peut donc

()

appliquer, respectivement, la loi du log itéré et un Théoréeme Central Limite pour les mar-
tingales (voir [Duf97] par exemple) pour obtenir, respectivement, la vitesse de convergence
presque stire et la normalité asymptotique. O

Remarque 1.3.2. Notons que ces résultats sont basés sur ceux obtenus par [Pel98] pour I'algorithme
de type Robbins-Monro, et qui, comme mentionné précédemment, ne sont pas prouvés dans le cas
d’espaces de dimension infinie. Les preuves du Théoréme précédent ne sont donc pas directement
applicables en dimension infinie. Cependant, on donne au Chapitre 5, dans le cas particulier des esti-
mateurs de la médiane, les vitesses de I'algorithme moyenné dans des espaces de Hilbert. De maniere
analogue, au Chapitre 7, on donne des hypotheses suffisantes pour obtenir la vitesse de convergence
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presque siire de I'algorithme moyenné, pour des espaces de dimension finie ou non.

De la méme facon, afin d’obtenir la normalité asymptotique de I'estimateur, des résultats classiques
sur les martingales en dimension finie sont utilisée dans [Pel00]. Cependant, ceux-ci ne sont pas
démontrés en dimension infinie. On peut alors, par exemple, considérer le Théoreme Central Limite
pour les martingales introduits par [Jak88] pour obtenir la normalité asymptotique de I'algorithme

moyenné dans le cadre plus général des espaces de Banach.

1.3.3 Vitesse de convergence en moyenne quadratique

On cherche maintenant a estimer la solution du probléme défini par (1.9),avecG : H — R
et H un espace de Hilbert séparable. Pour ce faire, on considére la suite d’estimateurs (11,,),~,
définie par (1.10) ainsi que la suite d’estimateurs moyennés (71,),~, définie par (1.14). On
suppose qu'il existe m € H tel que VG(m) = 0, et que les hypothé;es (BM1) et (BM2) ainsi
que les hypotheses suivantes sont vérifiées :

(BM3) Il existe une constante positive o2 telle que pour tout h € H,

E || Vig (X B)|F] < o>

(BM4) Pour presque tout x € X, la fonction g(x,.) est deux fois différentiable et pour
tout h € H, on note Vﬁg(x,h) sa Hessienne en h. De plus, il existe une constante
positive M telle que pour tout i, i’ € H,

|Vig(x, i) — V%g(x,h’)”op <Mlh—-H|.
(BM5) Il existe une constante positive T telle que
E ||V (X,m)||] <7,
et il existe un opérateur auto-adjoint positif X tel que
E [Vig (X, m) ® Vg (X, m)] = 2.

Sous ces hypotheses, m est le minimum global de la fonction G et on a la vitesse de conver-

gence en moyenne quadratique suivante.

Théoreme 1.3.4 ([BM13]). Supposons que les hypotheses (BM1) a (BMb5) sont vérifiées et que I'on
a une suite de pas vérifiant (1.11). Alors, il existe une constante positive C telle que pour tout n > 1,

C

E |||, —m|| < =.
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Remarque 1.3.3. De la méme fagon que pour I'algorithme de type Robbins-Monro, obtenir des résul-
tats de convergence non-asymptotiques nécessite en général des hypotheses beaucoup plus fortes que
pour obtenir des résultats asymptotiques. Dans [BM13], il est nécessaire d’avoir la forte convexité de
la fonction que I'on veut minimiser pour obtenir ces résultats, tandis que dans [Bac14], des hypotheses
trés restrictives sur ses dérivées sont imposées. Aux Chapitres 4 etb, on donne ce type de résultats pour
les estimateurs de la médiane, et ce alors que la fonction que I’on veut minimiser ne vérifie pas ce type
de conditions. De plus, nous proposons au Chapitre 7, des hypotheses moins restrictives pour obtenir

les vitesses de convergence LV des algorithmes de gradients stochastiques et de leur version moyennée.

On a donc vu que les algorithmes de gradient stochastiques sont des outils performants
pour traiter de gros échantillons a valeurs dans des espaces de grande dimension, et on a
présenté différents résultats de la littérature. Afin d’avoir une étude plus approfondie sur
ces estimateurs, il est intéressant d’étudier leur comportement lorsqu’un partie des données

est contaminée, ce qui est 1’objet du Chapitre suivant.



Chapitre 2

Introduction a la notion de robustesse

2.1 Introduction

Avec le développement informatique, il est de plus en plus usuel en statistique de traiter
de gros échantillons de données. Malheureusement, 1’acquisition d"une importante quantité
de données peut s’accompagner d’une contamination de celles-ci, ce qui peut conduire a de
mauvaises estimations. Prenons par exemple un échantillon de 20 données dont la derniere

est contaminée.

1.1 1.1 12 12 13
14 15 16 16 17
1.7 18 18 19 20
21 21 22 22 200

On obtient alors une moyenne empirique Xoy = 11.575, alors que si on enléve la donnée
contaminée, on obtient X9 = 1.66. Si l'on regarde la médiane, on obtient myy = 1.7 et
my9 = 1.7. On peut dong, a travers cet exemple, conjecturer que l'estimateur de la médiane
est moins sensible aux données atypiques que I'estimateur de la moyenne. Plus précisément,
a travers différents criteres, on montrera dans ce que suit que 'estimateur de la médiane est

"robuste" au contraire de celui de la moyenne.

Dans tout ce qui suit, on considere deux exemples d’estimateur : la moyenne empirique
et un estimateur de la médiane que ’on définira par la suite. On considére une variable aléa-
toire X a valeurs dans R?, avec d > 1 et on se donne des variables aléatoires indépendantes
et identiquement distribuées Xj, ..., X;;, ... de méme loi que X. Rappelons que la moyenne
empirique X, est définie par

_ 1 2
Xn = - Z Xk.
3
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Rappelons maintenant que la médiane géométrique m de X est définie par (voir [Hal48] et
[Kem87])

m:=argminlE ||| X —m| — || X]||], 2.1

g min E [ X — m| — |X]| @)

ou

.|| est la norme euclidienne. Un estimateur de la médiane (voir [VZ00] par exemple) peut

consister a minimiser la fonction empirique, i.e
n
m, 1= arg min X —h|| = | X
= argmin ) (1%~ bl = 1)),

ce qui revient a résoudre le probleme de Fermat-Weber (voir [WF29]) généré par 1’échan-
tillon. Notons que I'on peut approcher cette solution a 1’aide de l'algorithme de Weiszfeld
([Wei37b]).

Remarque 2.1.1. La littérature est tres vaste sur les estimateurs robustes et I'on aurait pu se concen-
trer sur I'un des plus usuels, la fonction de Huber (voir [Hub64] et [HR09]). Du fait des thématiques
abordées dans cette these, j'ai préféré me concentrer sur la médiane géométrique et faire le parallele
avec la moyenne arithmétique.

2.1.1 Une premiére définition de la robustesse

On donne maintenant une idée plus précise de la notion de robustesse. Soit H = R" et
M l'ensemble des mesures de probabilités sur H que I’on munit d’une métrique 4. Soient
Xj, ..., Xy des variables aléatoires indépendantes a valeurs dans H et de méme fonction de
répartition F. Soit T, = T, (Xj, ..., X;;) une suite d’estimateurs. On dit que cette suite d’esti-
mateurs est robuste en Fj si la suite qui a toute fonction de répartition F associe la fonction
de répartition de T}, notée L r(T,), est equicontinue (voir [HR09]). Plus précisément, on dit
que la suite d’estimateurs est robuste si pour tout € > 0, il existe § > 0 et un rang ng tels que
pour tout n > ny,

d(F,F) <d=d(Lr(Tn), Lr(Tn)) <e.

De plus, en pratique, il est intéressant de savoir dans quelle mesure une perturbation F
change la loi £f(T,) d’'un estimateur. On suppose maintenant que 1'on a la convergence
en probabilités de notre estimateur T, vers T(F) et la convergence en loi

lim \/n (T, — T(F)) ~ N (0, A(F, T)),

n—00

ot A(F,T) est la variance asymptotique de 'estimateur. On peut donc chercher a mesu-
rer I'impact d"une perturbation de F sur ces deux indicateurs. Pour cela, on se donne une
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constante € > 0 et un voisinage Ve (Fy). On peut prendre, par exemple, le voisinage de conta-
mination (voir [HR09]) défini par

Ve(Ro) ={F, F=(1-¢)Fh+¢eG, Ge M},

ou M est 'ensemble des fonctions de répartition. D’autres voisinages peuvent étre considé-
rés, comme celui de Lévy :

Le(Fy) ={F, VYt ,F(t—e)—e<F(t) <F(t+e)+e}.

On peut alors, par exemple, définir le biais maximum by (€) et la variance maximum v; (€)
par

bi(€) :=sup d(Tr, T(Fy)),
FeV,

vi(€) :=sup A(F, T).
FeV,
A travers cette définition et ces exemples un peu abrupts, on voit que mesurer la robustesse
demande d’avoir des connaissances sur le comportement asymptotique des estimateurs. On
va dong, dans un premier temps, introduire les M-estimateurs, dont on donnera le compor-

tement asymptotique, avant de donner des "quantificateurs" de la robustesse.

Remarque 2.1.2. ['ai fait le choix, dans cette partie, de me concentrer sur différents critéres usuels en
dimension finie plutot que de faire une synthese exhaustive des résultats de la littérature sur la robus-
tesse. Cependant, dans le cadre de la dimension infinie, on aurait pu s’intéresser a la généralisation
des travaux de [Ham71] proposée par [Cue881, ainsi qu’a des travaux plus récents comme [KSZ12]
et [Zih16].

2.2 Me-estimateurs

Dans cette section, qui s'inspire grandement de [HR09] et [MMYO06], on va introduire
la notion de M-estimateur. Pour cela, on commence par faire quelques rappels sur un des
M-estimateurs les plus usuels, I'estimateur du maximum de vraisemblance, avant de "géné-
raliser" cette définition et de donner 1’exemple des M-estimateurs de position.
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2.2.1 L’estimateur du Maximum de Vraisemblance

Dans ce qui suit, on considére des variables aléatoires réelles Xj, ..., X;, de méme loi que
X, ou X est a valeurs dans R et a pour fonction de répartition Fy, et pour densité fy. On

suppose que la fonction de vraisemblance est donnée par
n
L(Xl, veey Xn, ]/l) = Hf() (Xk —
k=1

L'estimateur du maximum de vraisemblance ji,, est ’estimateur qui maximise la vraisem-
blance L(X3, ..., Xy, pt), i.€
fin = argmax L(Xy, ..., Xy, it).
ueR

Cela s’écrit aussi

in = rgg;lﬂglﬂ log (fo (X — 1)) (22)

2.2.2 M-estimateurs
L’estimateur du maximum de vraisemblance est en réalité un cas particulier de M-estimateur.

Définition 2.2.1. Un M-estimateur est un estimateur de la forme
n
jiy :=argmin ) _ ¢ (Xy, 1), (2.3)
HER? =

avec g: X x RY — R.

Dong, si ¢ est de classe C! par rapport a la seconde variable, fi, est alors solution de
I'équation

Y. Vg (X p) =0, 2.4)
k=1
ot V(.) est le gradient de g par rapport a la deuxiéme variable.

Remarque 2.2.1. Au niveau de la "population”, i.e asymptotiquement, cela peut s'écrire

Ho := arg mﬁ; E[g (X, u)],

et si g est de classe Cona
E [Vyg (X, “l/lo)] =0

On consideére maintenant une variable aléatoire X a valeurs dans RY.
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Définition 2.2.2. Un M-estimateur de position est un estimateur ji, de la forme
n
jin = argmin Y ¢(X — p), (2.5)
HER? =

avec ¢ : R* — R.

Si la fonction g est de classe C!, on peut alors réécrire le probleme comme
n
). V8 (Xi—fin) =0,
k=1

ot Vg(.) est le gradient de la fonction g. Remarquons qu’en prenant g : u — ||, on

retrouve la moyenne empirique. En effet, cela revient a résoudre

n

Y (X —fin) = 0.

k=1

Enfin, en prenant g : u — ||u||, on retrouve 'estimateur de la médiane (voir [VZ00] parmi
d’autres).

2.3 Comportement asymptotique des M-estimateurs de position

Dans ce qui suit, on considere une suite de M-estimateurs de position (ji,,),,~, et on s’in-
téresse a son comportement lorsque 7 tend vers l'infini. L'objectif ici est de donner des in-
tuitions permettant de comprendre comment obtenir le comportement asymptotique d'un
M-estimateur, sans nécessairement rentrer dans le détail de la facon dont on obtient ces ré-
sultats.

2.3.1 Cas unidimensionnel

Dans ce qui suit, on considere une fonction ¢ : R — R de classe C2. De plus, on se
donne un échantillon Xj, ..., Xj,, ... et on s’intéresse a la suite de M-estimateurs de position
(in),~, définie pour tout n > 1 par

1, = arg min X —u).
Fin = arg min ), &(Xic— )

De plus, on pose

Ho = argminE [g (X —p)],
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et on suppose que (}in),~, converge en probabilité vers i et que la fonction g est dérivable.
Remarquons qu’en appliquant la loi des grands nombres, si pour tout y € R la variable
aléatoire ¢(X — ) admet un moment d’ordre 1, alors, pour tout ;2 € R, on a la convergence

presque stre (et donc en probabilités)

1
lim —
n—oo 11

knfig’ (Xe—u)=E[¢ (X—wu)] ps.

On peut donc supposer, par exemple, que la fonction g est fortement convexe pour obtenir
la convergence en probabilité de la suite (i, ),~, vers po. De plus, comme la fonction g est

deux fois dérivable, alors, sous certaines conditions, on a la convergence en loi (voir [HR09]

et [MMY06]) [ }
, ~ E |g' (X — o)’
hmx/ﬁ(unuo)NN(OfE[ ( )

n—00

On donne maintenant une idée de la preuve de ce résultat. Rappelons que ji,, vérifie
n
). 8 (X —fin) = 0.
k=1

A l'aide d"une décomposition de Taylor, on obtient

n n

0=Y & (Xc—po) — (jin—po) }_ 8" (Xx — po) + 0 (jin — pio) -
= =1

De plus, comme E [¢' (X — pp)] = 0, en divisant par n 1'égalité précédente, on obtient
n

B[S (X )] (7 —10) = 5, 18/ (% — o) ~E[¢ (X 0]

— (fin — po) ié (g” (Xk —mo) — E [g” (X — VO)]) +o (M) )

En appliquant un Théoréme Central Limite au premier terme sur la droite de I'équation
précédente et la loi des grands nombres au deuxiéme terme, et comme (ji,),~, converge en

probabilité vers o, on obtient le résultat.
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2.3.2 Cas multidimensionnel

On considére maintenant une fonction ¢ : RY — R de classe C? et de gradient Vg(.), on

s’intéresse a la suite de M-estimateurs (jin),~ définie pour tout n > 1 par
n
jly = argmin Y ¢ (X — ).
HeR 5

De plus, on pose

po = arg min E [g (X — p)],
neRrd

et on suppose que la suite (i,),~, converge en probabilité vers . De la méme fagon que
pour le cas unidimensionnel, on peut utiliser la loi des grands nombres pour obtenir la
convergence de la suite d’estimateurs. De plus, pour tout 4 € R?, on note V2g(.) la Hes-
sienne de g, et sous certaines conditions, on a la convergence en loi

Tim v/ (fin = po) ~ N (0, T E [Vg (X = io) @ Vg (X — o) T} ),
avec I, := E [V?g (X — pio)]. De la méme fagon que pour le cas unidimensionnel, on donne

maintenant une idée de la preuve de ce résultat. Dans un premier temps, rappelons que

I'estimateur ji, vérifie
n

Z (Xy — #n) = 0.

Grace a la décomposition de Taylor, on obtient

O—ng Xk — ZVZ (Xk — o) (Jin — o) + 0 (Jin — po) -
k=1

En divisant par n et comme E [Vg (X — yg)] =0,0na

E [V?g (X — o)) (jin — po) kzl Vg (Xx — o) —E[Vg (X —po)]

On obtient donc le résultat en appliquant un Théoréme Central Limite (voir Théoreme 2.1.9
dans le livre [Duf97] par exemple, ou voir aussi [Bil13]) au premier terme sur la droite de
I'équation précédente et la loi des grands nombres au deuxieéme terme. Remarquons que
I'on peut généraliser ce type de méthodes et résultats a 'ensemble des M-estimateurs (voir
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[Gee00]).

2.3.3 Exemples
Estimateur de la moyenne

Rappelons que la moyenne empirique est définie par

X, =

|-

n
Y X,
k=1

Si la variable aléatoire X admet un moment d’ordre 1, la convergence en probabilité et la
convergence presque sire vers [E[X] sont des conséquences de la loi des grands nombres. De

plus, si X admet un moment d’ordre 2, on a la convergence en loi

lim v/n (X, — E[X]) ~ N (0,%).

n—o0

Estimateur de la médiane

Rappelons que la suite de M-estimateurs de la médiane (m,),-, est définie pour tout

n > 1 par
n
m, := arg min X — .
= argmin 31X~ |

On suppose maintenant que les hypotheses suivantes sont vérifiées :

(A1) La variable aléatoire X n’est pas concentrée sur une droite, i.e pour tout i € RY, il
existe i’ € RY tel que (h,h') = 0 et

Var ((X,h")) > 0.

(A2) La variable aléatoire X n’est pas concentrée autour de la médiane m, i.e

1
E || <
[X—m

Sous ces hypotheses, la suite d’estimateurs (11, ),-, converge presque stirement vers la mé-

diane m, et on peut montrer la convergence en loi (voir [ON85])

lim /71 (11, — 1) ~ N (o, r,jzr,;l) ,
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avec

X — X —
Z:E[ m m]

®
X =m| = [ X —m]]

1 X—m X—m
r ;:E{Qd_ ® )]
" X =ml| \® [ X—m| = [X—m|

On retrouve ainsi le résultat précédent.

2.4 Comment construire un M-estimateur

On s’est intéressé, dans la partie précédente, au comportement asymptotique des M-
estimateurs. Cependant, contrairement au cas de la moyenne, on n’a quasiment jamais de
formule explicite des ces estimateurs. Néanmoins, on va voir qu’il est possible de construire
"aisément” des M-estimateur de positions réels, ainsi que de construire le M-estimateur de
la médiane dans RR¥.

2.4.1 Estimateur de position dans R

Dans cette partie, on va introduire des algorithmes permettant d’obtenir des M-estimateurs
de positions dans le cas unidimensionnel. On considere une suite de M-estimateurs de posi-
tion (}in),~, de la forme (2.5) avec g : R — RR. Supposons de plus que g est de classe C!, on

a alors
n
Z Xk — ]/ln =0.
Si g, € R\{X;,i=1,..,n}, on pose alors wy = g(;(kkiﬂf’”) et on peut réécrire 1’'équation

précédente comme
n
Z Xk - ,un -
On obtient donc ;
7, = Y1 Wi X
n — .
Y1 Wk
L'estimateur ji, est donc un point fixe de la fonction Px,, x, : R\ {X;,i=1,..,n} — R
définie pour tout € R\ {X;,i =1,...,n} par

n & (Xe—p)
Lk=1 X Xi

g (X—n) 7
Zk— Xk n

PX11~~-/Xn (‘u) =
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et on peut donc batir un algorithme de recherche de point fixe de la forme

ﬁ;(akH) = Px,,. x, (A;(f)) .

2.4.2 Cas multidimensionnel

Pour un M-estimateur a valeurs dans un espace multidimensionnel, on ne peut pas intro-
duire la suite de poids (wy),~;, et on ne peut donc pas obtenir directement de formule aussi
explicite. Cependant, on peu_t utiliser des outils classiques de recherche du zéro d"une fonc-
tion tel que la méthode de Newton-Raphson cf Chapitre 1) pour construire cet estimateur.
De plus, il existe des exemples classiques de M-estimateurs de positions pour lesquels on

peut obtenir un algorithme "explicite" : la moyenne arithmétique et la médiane géométrique.

La moyenne

Rappelons que le M-estimateur de la moyenne est défini par
X, = arg min X — ,
" gyewk;!l k—Hl

ce qui peut s’écrire
n
Y, (Xk—in) =0,

k=1

et l'on retrouve bien I'estimateur usuel X, = 1 Y/ X;.

La médiane

Rappelons que le M-estimateur de la médiane est défini par
n
m, := arg min X — ull,
n 1= arg min k; 1% = wll

ce qui revient a retrouver la solution du probléme de Fermat-Weber ([WF29]) généré par
I’échantillon. De plus, on peut voir le M-estimateur de la médiane comme la solution de
I’équation

ke S L — 2.6
L X, = 26
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Il peut aussi étre vu comme le point fixe de la fonction Py, x, : R%\ {X;,i=1,..,n} — R4,
définie pour tout u € R\ {X;,i =1,...,n} par

n Xk
Yo

PX /~-~rX11 (‘u) =
1 Eiet TR

4

et on retrouve ainsi l’algorithme de Weiszfeld (voir [Wei37b]), i.e

m{™ =Py (m’gk)) '

2.5 Fonction d’influence

Dans cette section, on cherche a quantifier l'influence de la présence de données aty-
piques dans I"échantillon sur le comportement des estimateurs. Pour cela, on va introduire

la notion de fonction d’influence.

2.5.1 Définition

Dans ce qui suit, (},),~, est une suite d’estimateurs "générée" par une suite de variables
aléatoires X, ..., X, ... indgpendantes et identiquement distribuées. Pour toute fonction de
répartition F, on notera jio(F) la limite de la suite d’estimateur (i,,),~ lorsque les variables
aléatoires Xj, ..., Xj, ... ont pour fonction de répartition F. On va s’ir_ltéresser au comporte-
ment de 'estimateur lorsqu'une portion de I’échantillon est contaminée. Plus précisément,
pour tout xp € RY, on va s’intéresser au comportement de 1’estimateur lorsque X admet une
fonction de répartition du type F. := (1 —€) F 4 €dy,. Pour cela, on introduit la notion de

fonction d’influence, qui est définie par

IF,,(x0, F) := lim po ((1—€) F + €dxy) — po(F)
10 7 «—

2.7
e—0 € ( )

avec € > 0. De plus, on a

.0
IRy (0, F) = lim < jig ((1— €) F + b,
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En effet, on a

po((1—€e—h)F+(e+h)dx) —po((1—€) F+edy)

lim iyo ((1—€)F+edy,) = limlim

=0 0€ e—=0h—0 h
— lim Jim P (A —e =) F+ (e +h) dx) = po (1 —€) F + €b,)
h—0e—0 h
— lim po (1 —h) F+ h5xO) — }lo(F)'
h—0 h

Notons qu’a l'aide de I'égalité (2.7), on peut approcher la limite de 1'estimateur contaminé

par
po ((1 —€) F 4 €dy,) ~ o(F) + €lFy,(x0, F).

2.5.2 Fonction d’influence d’un M-estimateur

L’objectif ici est de donner une formule explicite de la fonction d’influence d'un M-
estimateur. Pour cela, on se donne des variables aléatoires Xj, ..., X,,, ... a valeurs dans un es-
pace X, indépendantes et de méme fonction de répartition F, et une suite de M-estimateurs
(fin),>; définis par l'équation (2.3), avec g : X x R? — R. De plus, on suppose que la
fonction g(x,.) est différentiable pour presque tout x, et on note V,g(x,.) son gradient, les
estimateurs vérifient alors 1’équation (2.4). Enfin, on note

po = argmin E [g (X, )]
HERA

Pour tout € > 0 et xg € R?, on note F. = (1 — €) F + €4y,. De plus, pour toute fonction de ré-
partition F, on note Ej I'espérance lorsque la variable aléatoire a pour fonction de répartition

F. Par définition et en reprenant les notations de la partie précédente, on a

Er [¢' (X, po)] =0,
—0

Er, [Vug (X, po(Fe))] = 0= (1—¢€) Er [Vug (X, po(Fe))] +€Vyug (xo, po(Fe)) -

Si po(Fe) converge vers uo(F) lorsque € tend vers 0 et si jo(Fe) est continument dérivable par

rapport a €, on obtient, en dérivant par rapport a €,

0 = —Ex [V (X, o Fo)] + (1= €) Seim(FEr |55 (X, po(Fe))| + Vg (10 (o)

0
+ Ggﬂo(lse)/
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et par passage a la limite, on obtient

e—0 0€

. 0 0
0 = lim 2% o (Fo)Er | 5598 (X, o) | + ¥, G o))
Donc, comme lim,_,q % to(Fe) = ICyy(xo, F), on obtient

-1
ICyy(x0, F) = —Ep L Vug (X mo(F))| Vg (x0,p0(F)). (2.8)
op

2.5.3 Exemples
Moyenne

Soit xg € RY, pour tout € > 0, on pose F. = (1 — €)F + €y,. Soient Xc1,..., Xc, des
variables aléatoires identiquement distribuées et de fonction de répartition F., on note X,
la moyenne empirique associée

_ 1 M
Xen ==Y Xeg
=
Sous des conditions usuelles, cet estimateur converge presque stirement vers
te = (1 —€) po + €xo.

On obtient dong,

Remarquons que la fonction d’influence IF,(., F) n’est pas bornée et est donc sensible a la
contamination.

Médiane

Soit (m,,e),~, la suite de M-estimateurs de la médiane générée par les observations
contaminées X1, ..., Xe, ... Ces estimateurs vérifient alors I'équation (2.6) et on obtient,
asymptotiquement,

X —me } Xo — Me 0
’ )

1—¢e)E =
(1=¢) hX—mJ o — me]
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Avec des calculs analogues a ceux permettant de trouver 1'équation (2.8), on obtient (voir

[Ger08])
1 I X =m)® (X —m) B Xo—m
I1X —m] \ "% X — m|? [l — m|”

-1
Notons que la matrice (]E {Hxliml\ (Ile - %)D existe bien lorsque la variable

aléatoire X n’est pas concentrée autour d"une droite (voir [Kem87] parmi d’autres).

IF(x0) = — (]E

Notons que contrairement a la moyenne, pour une fonction de répartition F fixée, on peut
borner uniformément la fonction d’influence ICy, (., F). Plus précisément, pour tout 1 € RY,

1
[1HEx(R)|| <

_— 4
/\min

ol Amin est la plus petite valeur propre de la matrice [E {
[CCZ13] pour plus de détails).

(I]Rd — W)] (voir

1
| X—m]| | X—m|?

2.6 Biais asymptotique maximum et point de rupture

2.6.1 Définitions

Dans cette partie, I’objectif est d’introduire deux nouveaux quantificateurs de robustesse.
Pour cela, on définit le biais asymptotique maximum et le point de rupture d'un estimateur.
Dans ce qui suit, on considére une variable aléatoire X a valeurs dans IR¥ ayant pour fonction
de répartition F. On considére une suite de M-estimateurs (ji,;),~,; générée par un échan-
tillon Xj, ..., Xy, ... et on notera po(F) la limite de la suite d’estimateurs (7in),~; lorsque que
pour tout i > 1, X; a pour fonction de répartition F. De plus, pour tout € > (i on considere
le voisinage de contamination V. (F) défini par

Ve(F):={(1—€)F+e€G, Geg},

oi1 G est I'ensemble des fonctions de répartition dans R%.

Définition 2.6.1. Pour tout F. € V(F), le biais asymptotique de pg en Fe est défini par

byo(Pe) = po(Fe) — po(F).
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Le biais maximum de yg est défini par

BM (po, €) = sup {||by,(Fe)||, Fe€Ve}.

On donne maintenant une premiere définition du point de rupture.

Définition 2.6.2. Le point de rupture de g en F, noté €* (uo, F), est le plus grand e* € (0,1) tel
que pour tout € < €*, la fonction qui a toute distribution G associe o ((1 — €) F + €G) est bornée.

De maniere équivalente, on peut définir le point de rupture par

€ (po, F) =sup{e € (0,1), BM (pg,€) < +o}. (2.9)

2.6.2 Exemples
La moyenne

Soit X une variable aléatoire a valeurs dans IR, de fonction de répartition F et admettant
un moment d’ordre 1. L'estimateur de la moyenne converge alors vers yo(F) = E[X]. On
considére maintenant une variable aléatoire Y de fonction de répartition G. Pour tout € > 0,

onnote F, = (1 —€)F +€G, etona
mo(Fe) = (1 —€) E[X] + €E[Y].
On obtient donc, pour tout € > 0,

by (Fe) = —€B[X] + €E[Y],

et en particulier

BM (po,€) = 400,
€*(po, F) =0.

En d’autres termes, pour tout € > 0, il est possible de contaminer 1’échantillon de telle sorte

que l'estimateur de la moyenne diverge vers l'infini.
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La médiane

Soit X une variable aléatoire a valeurs dans IR et de fonction de répartition F. Rappelons

que la médiane géométrique est définie par

m(F) := arg min E [||X — k|| — || X]]

Théoreme 2.6.1 ([Kem87],[Ger08]). On suppose que la variable aléatoire X n’est pas concentrée
sur une droite. La médiane est alors unique (voir [Kem87]) et a un point de rupture différent de 0.
Plus précisément,

€*(m,F) = 0.5.

De plus, on a
lim BM(m,€) = 0.

e—0

Démonstration. Point de rupture La médiane ne peut pas avoir un point de rupture plus
grand que 1 (voir [MMY06]). On va maintenant montrer par 'absurde que pour toute € (0, 1
le biais maximum est fini. §'il existe € € (0, %) tel que BM(m,e) = +oo, alors il existe une
suite de fonctions de répartition F, telles que en notant F, ¢ := (1 — €)F + €F,, on ait

lim ||m (Fpe)|| = +oo,

n—00

ot m(F, ) est la médiane d'une variable aléatoire ayant F, . comme fonction de répartition.

De plus, pour tout h € RY, on a (voir [Ger08])

Guelh) = [ (Il = hll = 1]} dEse(x)
= (=e) [ U =nll =) () +e [ (x =l = lx]) dFi(x)
> (1=¢) [, (lx =]l = | dE(x) — e n].

De plus, on a

o e (=1 = <] dF ) _

=1.
(KRS it
On obtient donc, comme limy, o || (Fye) || = +00,
F
timing Sne (1 Fne)) 4 o

11 (Eue) |

),
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De plus, comme m(F, ¢) est le minimiseur de la fonction G, ¢, on obtient
Gn,e(m(Fn,e)) S Gn,e(o) - 0/

et en particulier

1 2¢ < liminf S (" (Fue))

<0,
[l (Fue) |

Onadonce > 1/2,d ot la contradiction.
Convergence du biais maximum Supposons que lim¢_,o BM(m,€e) # 0. Il existe alors
une constante strictement positive J, une suite (en)n21 convergeant vers 0, et une suite de

fonctions de répartition (F; ), telles que pour toutn > 1,
[m(F) —m (Fye)l| >4,

avec F, ¢ := (1 —€,)F + €,F,. De plus, prenons €, < %, et comme le point de rupture est
égal a 3, la suite (||m (Fye) — m(F) |),>1 est bornée. On peut donc extraire une sous-suite
(m (Fyye))>q convergeant vers un point m’'(F) # m(F). On a alors

lim Guge (m (Fue)) = Go (m'(F)) -
De plus, par unicité de la médiane, Go(m’) > Go(m(F)). Enfin, par définition de m (F,, ¢), on
a
Go(m(F)) = lim Gy (m (Fu,e)) = Go(m'(F)),

n—o0

d’ot la contradiction. O
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Chapitre 3

Synthése des principaux résultats

3.1 Estimation récursive de la médiane géométrique dans les es-

paces de Hilbert : boules de confiance non asymptotiques

Dans cette partie, on rappelle la définition de la médiane géométrique ainsi que les esti-
mateurs récursifs introduits par [CCZ13]. On donne ici la vitesse de convergence en moyenne
quadratique de l’algorithme de type Robbins-Monro, ce qui nous permettra ensuite de don-
ner des boules de confiance non asymptotiques pour cet algorithme, ainsi que pour sa ver-

sion moyennée.

3.1.1 Définitions et hypothéses

On consideére une variable aléatoire X a valeurs dans un espace de Hilbert séparable H,

pas nécessairement de dimension finie. La médiane géométrique m de X est définie par
m:=argminE [|| X — k|| — || X]|] . (3.1)
heH

Le terme || X || permet de ne pas avoir a faire d’hypotheses sur l'existence des moments de X,
puisque E [|[| X — k|| — || X]||] < [|#]|- On fait maintenant les hypotheses suivantes :

(A1) La variable X n’est pas concentrée autour d’une droite : pour tout & € H, il existe
W' € Htel que (h,h') =0et
Var ((X,h")) > 0.

(A2) La variable X n’est pas concentrée autour de points isolés : il existe une constante C
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telle que pour touth € H,

1
e[t =
X —h

Sous I'hypotheése (A1), la médiane est bien définie et est unique ([Kem87]). De plus, on

I1X — h|®

notera G : H — R la fonction que 1’on veut minimiser, la médiane m est 1'unique solution
de I'équation

VG(h) = —E [M] ~0.

On rappelle maintenant 1’algorithme de type Robbins-Monro introduit par [CCZ13], défini

de maniére itérative pour tout n > 1 par

Xn+1 - Zn

Zpi1 =72 Sl T o
T M R = 2

(3.2)
avec Z; choisi borné. Par exemple, on peut prendre Z; = Xi1yx,<m}, avec M > 0. De plus,
la suite de pas (n),> de la forme 7, := c,n~* avecc, > Oeta € (1,1). Il est possible de
prendre & = 1, mais pour ce faire, on doit faire un bon choix de la constante c,, (voir Section
1.3.1). Pour contourner ce probleme et pour obtenir une convergence optimale, on introduit

I'algorithme moyenné (voir Section 1.3) défini par
_ 1
Zy=— Z Zr,
==}

ce qui peut aussi s’écrire de fagon itérative : pour tout n > 1

1 _
w1 Zni—Zu), (3:3)

NI
N

n+1 = n+

avec Z1 = Z;.

3.1.2 Vitesses de convergence de 1’algorithme de type Robbins-Monro

Sous ces mémes hypotheses, il a été établi dans [CCZ13] qu'il existait une suite croissante
d’événements (QN)N21 et des constantes Cy telles que pour tout n > N,
Inn

E [||Zn - m||2110N} < Cn-.

Cet algorithme est implémenté dans le package "Gmedian" pour le langage "R".
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Malheureusement, ce type de résultat est insuffisant pour obtenir des boules de confiance
non asymptotiques. En effet, on n’a aucune information sur le comportement des constantes
Cn et sur la vitesse a laquelle la suite d’évenements (Qy),~; converge. Un premier résul-
tat de cette these a été d’établir une meilleure majoration de lerreur quadratique moyenne
([CCGB15]).

Théoreme 3.1.1. Supposons que les hypotheses (A1) et (A2) sont vérifiées. Alors, pour tout
x < B < 3a—1, 0na les vitesses de convergence suivantes :

E [Hzn . mﬂ ~0 <nl) ,

Il y a dong, par rapport a [CCZ13], une nette amélioration sur la vitesse de convergence

E [[|Zy — m]*]

en moyenne quadratique de l’algorithme, car le conditionnement sur les événements Qy a
disparu ainsi que le terme en Inn. Plus précisément, la vitesse de convergence en moyenne
quadratique obtenue est la vitesse optimale.

Proposition 3.1.1. Supposons que les hypotheses (A1) et (A2) sont vérifiées. 1l existe alors une
constante strictement positive c telle que pour tout n > 1,

2 c
E [||Z,—ml] = .
3.1.3 Boules de confiance non asymptotiques
Boules de confiance pour 1'algorithme de type Robbins-Monro

L'objectif est d’obtenir une majoration, si possible fine, de IP ||

Z, —m| >t], pour t > 0.
On pourrait obtenir une premiere majoration grossiére a ’aide de 1'inégalité de Markov et du
Théoréme 3.1.1. On se propose de donner des intervalles plus précis. Pour cela, on introduit
une nouvelle inégalité exponentielle pour des termes qui sont "presque” des martingales, in-
galité analogue a celle du Théoreme 3.1 dans [Pin94]. On obtient alors les boules de confiance

suivantes.

Théoreme 3.1.2. Supposons que les hypotheses (A1) et (A2) sont vérifiées. 1l existe alors une
constante positive C telle que pour tout 6 € (0,1), il existe un rang n; tel que pour tout n > ny,

C 4
P |||Z, —m]| < Wln ((5)] >1-6.

On parle de boules de confiance non asymptotiques car n; est déterministe. De plus, en reprenant et en
affinant tous les calculs, ce qui est particulierement exhaustif, il est possible de donner une majoration de ;.
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La constante C dépend de la constante qui apparait dans '’hypothése (A2) et des valeurs
propres de la Hessienne, tandis que le rang 15 dépend de ¢ et des termes de restes, et est
estimable. Remarquons de plus que si I'on avait directement appliqué 1'inégalité de Markov
et le Théoréme 3.1.1, on aurait obtenu un résultat de la forme

c1 >1-9,

P Zn—ml < =751 2

et donc moins précis.

Boules de confiance pour 1’algorithme moyenné

Dans [CCZ13], la normalité asymptotique de I'estimateur a été établie, c’est a dire

lim v/ (Zy = m) ~ N (0,T,'Er, ),

n—00

avec I',, la hessienne de G en m et

Z::IE[X_m X—m}

®
|X = m| — [|X —m]]

Cependant, en pratique, ce résultat est difficilement exploitable du fait de la difficulté pour
obtenir une estimation de la covariance en grande dimension. On propose donc, a l'aide
d’une inégalité exponentielle pour les termes de martingales ([Pin94]), de donner des boules

de confiance non asymptotiques.

Théoréme 3.1.3. Supposons que les hypotheses (A1) et (A2) sont vérifiées. Pour tout 5 € (0,1),
il existe un rang n; tel que pour tout n > ng,

= 4 2 1 4

0l Amin est la plus petite valeur propre de T'y,.

On parle de boules de confiance non asymptotiques car n; est déterministe. De plus, en reprenant et en
affinant tous les calculs, ce qui est particulierement exhaustif, il est possible de donner une majoration de ;.
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3.2 Estimation de la médiane géométrique dans les espaces de Hil-
bert a I’aide d’algorithmes de gradient stochastiques : vitesses

de convergence L et presque stire

L’objectif ici est de donner une étude non asymptotique plus poussée des algorithmes in-
troduits précédemment, en donnant leurs vitesses de convergence LF. Cela permettra ensuite
d’obtenir leurs vitesses de convergence presque stire. Enfin, ces résultats sont particuliere-
ment utiles, par la suite, pour établir la convergence des estimateurs récursifs de la "Median
Covariation Matrix".

3.2.1 Décomposition de 1’algorithme de type Robbins-Monro

Dans ce qui suit, on suppose que les hypotheses (A1) et (A2) sont vérifiées. L’algorithme
défini par (3.2) peut s’écrire

Zn+1 = Zn - ')’nq)(zn) + ’)/ngn-q—l/ (34)
avec &pyq = ®(Z,) + % Introduisons la suite de tribus (F),, définie pour tout
n > 1par F,, := 0(Xy,..., X,). Alors, la suite (¢,,) est une suite de différences de martin-

P

gales adaptée a la filtration (F;) (voir aussi 'équation (1.7) au Chapitre 1). Finalement, en

linéarisant le gradient, on obtient la décomposition suivante :

Zn+1 —m= (IH - ’)’nRﬂ) <Zn - m) + ’)’ngn-&-l - ’)’nfsnz (35)

avec I';, la hessienne de G enm, et 9, := ®(Z,) — I',(Z,, — m) estle reste de la décomposition
de Taylor du gradient.

3.2.2 Vitesses de convergence L’ des algorithmes
Vitesses de convergence L” de 1’algorithme de type Robbins-Monro

On a obtenu précédemment la vitesse de convergence en moyenne quadratique optimale
de l'algorithme de type Robbins-Monro. Afin, par exemple, d’obtenir la vitesse de conver-
gence en moyenne quadratique de l’algorithme moyenné, on donne maintenant les vitesses
de convergence L de l'algorithme de type Robbins-Monro. Pour cela, on prend une suite de
pas vérifiant (1.11).
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Théoreme 3.2.1. Supposons que les hypotheses (A1) et (A2) sont vérifiées. Pour tout entier p, il

existe une constante positive K, telle que pour tout n > 1,

K
E (|2, —m|[*] < . (3.6)

La preuve repose sur une récurrence sur p > 1. On suppose que le Théoreme 3.2.1 est
vérifié pour tout entier k < p — 1 et on va prouver a 'aide d’une récurrence sur n > 1 que
pour tout g € (tx, pTTzzx — %), il existe des constantes positives Cy, C, g telle que pour tout
n>1,

E [z~ m?] < 2,
E [|Zy—m|?*?) < S22

On procede donc par une double récurrence. Pour ce faire, on a besoin de majorer le moment
d’ordre 2p. Grace a la décomposition (3.5), on obtient le lemme suivant.

Lemme 3.2.1. Supposons que les hypotheses (A1) et (A2) sont vérifiées. Soit p > 1, supposons que
pour tout k < p — 1 l'inégalité (3.6) est vérifiée. Alors, il existe des constantes positives co, C1, Co et
un rang ny tel que pour tout n > ny,

C
2P _ 2P 1 2P H2
E || Zus = ml[*] < (1= com) B [|1Zs = m][| + —cFlor 4 ComaE [[|Z, — m |72
On doit donc majorer le moment d’ordre 2p + 2 qui apparait dans la majoration précé-
dente. Grace a la décomposition (3.4), on a:

Lemme 3.2.2. Supposons que les hypotheses (A1) et (A2) sont vérifiées. Soit p > 1, supposons que
pour tout k < p — 1 'inégalité (3.6) est vérifiée. Alors il existe des constantes positives Cj, Ch et un

rang n, tel que pour tout n > ng,

/

2\P*! C
B 1z (1-2) B 12— S i 12, -]

Vitesses de convergence L? de 1’algorithme moyenné

On s’intéresse maintenant a ’algorithme moyenné défini par (3.3). Avec 'aide du Théo-

réme 3.2.1, on obtient les vitesses de convergence L? suivantes :

Théoreme 3.2.2. Supposons que les hypothéses (A1) et (A2) sont vérifiées. Pour tout entier p > 1,

il existe une constante positive K, telle que pour tout n > 1, la suite d'estimateurs définie par (3.3)
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vérifie
— 2p K,
E[|Z0—m] < 0.

Remarque 3.2.1. Dans la littérature, il n’est souvent donné que la vitesse de convergence en moyenne
quadratique, mais avoir les vitesse LP est crucial pour montrer la convergence des estimateurs de la
"Median Covariation Matrix”. Notons enfin que nous avons obtenus ce résultat sans avoir a faire
d’hypothése supplémentaire par rapport a [CCZ13] et [CCGB15].

Finalement, la proposition suivante assure que la vitesse de convergence en moyenne

quadratique ainsi obtenue est optimale.

Proposition 3.2.1. Supposons que les hypotheses (A1) et (A2) sont vérifiées. 1l existe une constante
strictement positive c telle que pour tout n > 1,

E || Zy—m|] =

c
n

De plus, en appliquant 1'inégalité de Holder, la derniére proposition assure que les vi-
tesses LP obtenues sont elles aussi optimales.

Remarque 3.2.2. Notons que les hypothéses introduites dans le Chapitre 1 ainsi que dans [Bac14] ne
sont pas vérifiées dans ce contexte. Plus précisément, nous avons réussi a obtenir ce type de résultats
avec des conditions moins restrictives que celles qui existaient dans la littérature.

3.2.3 Vitesses de convergence presque siire des algorithmes

En appliquant le lemme de Borel-Cantelli et le Théoreme 3.2.1, on obtient une majoration
de la vitesse de convergence presque siire suivante :

Théoréme 3.2.3. Supposons que les hypotheses (A1) et (A2) sont vérifiées. Pour tout p < a,

1
|Zn —m|| =0 <nﬁ/2> ps.

En appliquant le résultat précédent, on obtient une majoration de la vitesse de conver-

gence presque siire de I'algorithme moyenné.

Corollaire 3.2.1. Supposons que les hypotheses (A1) et (A2) sont vérifiées. Pour tout 6 > 0,

B ) 1/2+6/2
|Zy —m|| =0 (%) p.s.
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Remarque 3.2.3. Nous avons obtenu, pour I'algorithme moyenné, la méme vitesse de convergence
presque stire que dans [Pel00] et au Chapitre 1, et ce pour des données a valeurs dans un espace de

Hilbert qui n’est pas nécessairement de dimension finie.

3.3 Estimation rapide de la "Median Covariation Matrix" et appli-

cation a I’Analyse des Composantes Principales en ligne

L’Analyse des Composantes Principales (ACP) est trés utile en statistique pour réduire
la dimension lorsque 1’on traite de grands échantillons a valeurs dans des espaces de grande
dimension. Dans ce contexte, la détection de données atypiques peut étre difficile, et les
composantes principales issues de 1’analyse spectrale de la matrice de covariance peuvent
étre trés sensibles a ces données atypiques.

On s’intéresse a une nouvelle méthode robuste pour ’ACP, basée sur l'analyse spec-
trale de la "Median Covariation Matrix" (MCM). Cette matrice (ou opérateur) peut étre vue
comme une médiane géométrique dans 1'espace des matrices carrées (ou opérateurs) équipé
de la norme de Frobenius (que 1’on définit ci-apres), et est donc, de la méme fagon que la mé-
diane (voir [Kem87] et [Ger08] parmi d’autre), un indicateur de dispersion robuste. L’analyse
spectrale de la MCM représente un réel intérét du fait que sous certaines conditions, elle a

les mémes espaces propres que la variance (voir [KP12]).

De la méme fagon que pour la médiane, afin d’estimer la MCM, on introduit deux algo-
rithmes récursifs : un algorithme de gradient stochastique et sa version moyennée. De plus,
on introduit un algorithme récursif permettant d’estimer les principaux vecteurs propres de
la MCM.

3.3.1 Définition et hypotheses

Dans ce qui suit, on suppose que les hypotheses (A1) et (A2) sont vérifiées. On considere
maintenant 1’espace des opérateurs linéaires de H dans H, noté S(H). Soit {e;,i € I} une

base orthonormée de H, I'espace S(H) muni du produit scalaire

VA,Be S(H), (AB);:=Y (A(e),Ble)),,

iel
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et de la norme associée ||.||; (norme de Frobenius) est aussi un espace de Hilbert séparable.
La Median Covariation Matrix I';, est alors définie par

Ly o= arg min E[|(X—m)@ (X —m) V[~ |(X=m)& (X-m)|],  (7)

ot pour tout h,h' € H h®@h' = (h,.)h' et m est la médiane géométrique de X. On peut
donc voir la Median Covariation Matrix I';, comme la médiane géométrique de la variable
aléatoire (X — m) ® (X — m). De maniére analogue a la médiane, afin d’assurer 1’existence et
I'unicité de la MCM, on suppose maintenant que les hypothéses suivantes sont vérifiées :

(A3) Il existe des vecteurs Vi, V, € S(H) linéairement indépendants telles que
Vie {12}, Var ((V;, (X —m) ® (X —m))g) > 0.
(A4) 1Tl existe une constante positive C telle que pour tout V € S(H) eth € H,

@: E[Ix=mex—n V']

<C
(0): E||(X=heX-h)-V|? <cC

3.3.2 Les algorithmes
Cas ou la médiane m est connue

Si la médiane m est connue, comme la MCM est la médiane géométrique de la variable
aléatoire (X —m) ® (X — m), on peut I'estimer avec 1’algorithme de gradient stochastique et

sa version moyennée définis récursivement par :

(Xpt1 —m) @ (Xpy1 —m) — Wy,
|(Xn1 —m) @ (Xyy1 —m) — WHHF,

(Wn - Wn+1) ’

W1 =Wy + 7

|
— — 1
WnH:W"_n—i—l

avec Wy = Wj borné et (’yn)nZl une suite de pasvérifiant (1.11). On peut alors se référer a
[CCZ13], [CCGB15] ou [GB15] pour la convergence de cet algorithme.

Cas ou la médiane est inconnue

En général, on ne connait pas la médiane géométrique m et on ne peut donc pas estimer
directement la Median Covariation Matrix I';, a l'aide de 1’algorithme de Robbins-Monro

et de son moyenné. Cependant, il est possible d’estimer simultanément m et I';, a l'aide
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de deux algorithmes de gradient stochastiques et de leur versions moyennées qui évoluent

simultanément. Plus précisément, pour tout n > 1, on peut considérer

X —m
Mysq = My + %([n) n+1

HXn-H - m” ’
i = Tl — —— (insq — Ti)
n+1 — Mn "+ 1 n—+1 n)s
(Xn+1 - mn) X (Xn+1 - mn) - Vn
Vie1 =V + — — ,
i ! T H(Xn-i-l - mn) & (Xn-i-l - mn) - Vn”p
_ _ 1
Vn+1 =Vy— n+1 (Vn - Vn+1) ’
ol 1 = my, V1 = Vj sont bornés et les suites de pas (7,(;“) ) " (Yn),>1 sont de la forme
> >
'ynm) 1= Cpyn " et vy 1= cyn %, avec oy, ¢y > Oetayy, a € (3,1). Lobjectif est donc d’étudier

le comportement de I'estimateur V.

3.3.3 Résultats de convergence

Le premier théoreme donne la forte consistance des algorithmes.
Théoreme 3.3.1. Supposons que les hypotheses (A1) a (A4a) sont vérifiées. Alors,

lim ||V~ Tl =0 ps,

lim ||V, =Ty =0 ps

n—00

On donne maintenant la vitesse de convergence en moyenne quadratique ainsi que la

vitesse L* de l’algorithme de gradient stochastique.

Théoréeme 3.3.2. Supposons que les hypothéses (A1) a (A4b) sont vérifiées. 1l existe une constante
C' et pour tout B € (a,2a), il existe une constante Cg telles que pour tout n > 1,

E [V - Tul}] < &,
B [V~ Tult] < 2

S

Finalement, le théoréme suivant donne la vitesse de convergence en moyenne quadra-

tique de l'algorithme moyenné.

Cet algorithme est implémenté dans le package "Gmedian" pour le langage "R".
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Théoreme 3.3.3. Supposons que les hypothéses (A1) a (A4b) sont vérifiées. 1l existe une constante

positive C" telle que pour tout n > 1,

. > C//
E [V~ Tully| < =~
n
Afin d’avoir une étude plus approfondie, il serait intéressant d’établir la normalité asymp-
totique de l'algorithme moyenné, ainsi que de donner les vitesses de convergence L des
algorithmes.

3.4 Vitesse de convergence des algorithmes de Robbins-Monro et

de leur moyenné. Application a la statistique robuste

On se concentre maintenant sur le probleme (1.9), avec G(h) := E [g¢ (X, h)], ot H est un
espace de Hilbert séparable. De plus, la fonction G : H — R est convexe. Nous avons vu
précédemment les cas de la médiane (voir aussi les Chapitres 4 et 5) et de la "Median Cova-
riation Matrix" (voir aussi Chapitre 6). Au Chapitre 2, nous avons vu qu’une méthode usuelle
pour estimer la solution de ce type de probléme, en se donnant un échantillon Xj, ..., Xy, ...,
est de considérer le probleme empirique généré par I'échantillon, i.e de considérer le M-
estimateur

1 n
iy = in= Y ¢ (X, h),
iy, argr;ggnk:lg( wh)

et de construire 71, a I'aide de méthodes d’optimisation déterministes usuelles. Cependant,
ces méthodes peuvent étre trés couteuses en temps de calcul, et nécessitent de stocker en
mémoire toutes les données, ce qui n’est pas toujours possible pour de gros échantillons a
valeurs dans des espaces de grande dimension.

Dans ce contexte, nous avons vu au Chapitre 1 que les algorithmes de gradient stochas-
tiques et leur version moyennée, définis par (1.10) et (1.14) sont de sérieux candidats pour
contourner ce genre de probléeme. Dans cette partie, en s’inspirant de [CCGB15], [GB15] et
[CGB15], on établit les vitesses presque stire de ces algorithmes ainsi que leurs vitesses L7, et
ce, avec des hypotheses moins restrictives que dans la littérature (voir ([BM13]) ou ([Bac14])

parmi d’autres).

3.4.1 Hypothéses

Dans ce qui suit, on suppose que les hypotheses suivantes sont vérifiées :

(A1) La fonction g est Fréchet-différentiable par rapport a la seconde variable. De plus,
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G est différentiable, et en notant @ son gradient, il existe m € H tel que
d(m) := VG(m) = 0.

(A2) La fonction G est deux fois continiment différentiable et pour toute constante po-
sitive A, il existe une constante positive C4 telle que pour touth € B (m, A),

ITullop < Ca,

ou I'; est la Hessienne de la fonction G en & et ||.[|,, est la norme spectrale usuelle
pour les opérateurs linéaires.

(A3) II existe une constante strictement positive € telle que pour tout h € B (m,e), la
Hessienne I'j, set diagonalisable. De plus, on note Amin la limite inférieure des valeurs
propres de Iy, alors Apmin > 0. Finalement, pour tout 1 € B (m, €), et pour toute valeur
propre A, deI'y, ona A, > % > 0.

(A4) Il existe des constantes strictement positives €, Ce telles que pour tout 1 € B (m,€),
|®(h) = T (h = m)|| < Ce ||k —ml||*.

(A5) Soit f : X x H — Ry et soit C une constante positive telle que pour presque tout
x € X etpourtouth € H, |Vyg (x,h)| < f(x,h) + C||/h — m|| presque stirement, et
(a) Il existe une constante positive L; telle que pour tout € H,

E [f(x,h)ﬂ < L.

(b) Pour tout entier positif p, il existe une constante positive L, telle que pour tout
h e H,
E [f(x,h)”] <L,

L'hypothese (A1) est cruciale pour introduire un algorithme de gradient stochastique, tandis
que les hypothéses (A2) et (A3) assurent la forte convexité locale de la fonction G (et non glo-
bale comme dans [BM13]), tout en ayant un contrdle sur la "perte" de forte convexité. Notons
que ces hypotheses sont aussi présentes dans [Bac14], mais de maniére plus restrictive. L'hy-
potheése (A4) permet de borner localement le terme de reste dans la décomposition de Taylor
du gradient de G. Finalement, '’hypothese (A5) permet, au lieu de borner uniformément le
gradient de g (voir [Bac14]), de séparer la majoration en deux parties : une dont I'espérance

est bornée uniformément, et une autre qui dépend de l'erreur d’estimation.

Remarque 3.4.1. On a ici des hypotheses assez proches de celles introduites au Chapitre 1 et par
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[Pel00] pour obtenir les vitesses de convergence presque siire des algorithmes mais avec des résultats
valables pour des espaces de dimension infinie. De plus, ces hypotheses sont clairement moins restric-
tives que celles introduites par [BM13] ou [Bac14] pour I'obtention des vitesses de convergence en

moyenne quadratique.

Remarque 3.4.2. Soient H, H' deux espaces vectoriels normés, et U un ouvert de H. Soit a € U,
une fonction f : U — H' est Fréchet-différentiable en a si il existe une application linéaire Df :
H — H' telle que

lim f@+h) = f(a) =Df(h) _

h—0 |||

3.4.2 Vitesses de convergence

On donne maintenant les vitesses de convergence des algorithmes définis par (1.6) et
(1.14).

Théoreme 3.4.1. On suppose quie les hypotheses (A1) a (A5a) sont vérifiées. Alors, pour tout 5,6’ > 0,

)
1Zo—m|? =0 (““”) ) ps,

n«

o 1 144
HZn — mH2 =0 <(nn)> , p.s.

n

Remarque 3.4.3. Notons que des résultats analogues sont donné dans [Pel98] et [Pel00], mais seule-
ment dans le cas d’espace de dimension finie, et les preuves ne peuvent pas étre directement appliquées
en dimension infinie. En effet, elles reposent sur le fait que les sous-espaces vectoriels de la Hessienne
G soient de dimension finie, et que la trace d’une matrice existe, ce qui n’est pas toujours le cas en
dimension infinie.

En s’inspirant de [CCGB15], [GB15] et [CGB15], on obtient les vitesses L de 1’algorithme

de gradient stochastique.

Théoreme 3.4.2. On suppose que les hypotheses (A1) a (A5b) sont vérifiées. Alors, pour tout entier
positif p, il existe une constante positive K, telle que pour tout n > 1,

E[|z, - m|] < 21

Finalement, on obtient les vitesses de convergence L” de I’algorithme moyenné.

Théoréme 3.4.3. On suppose que les hypothéses (A1) a (A5b) sont vérifiées. Alors, pour tout entier
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positif p, il existe une constante positive K, telle que pour tout n > 1,

7 2p Ky
E [|Ze—m¥] < 7.
Remarque 3.4.4. Avec une restriction sur la suite de pas (y,), on peut remplacer I'hypothese (A4)
par une hypothese plus usuelle. En effet, soit p € (1,2], on obtiendrait la méme vitesse de conver-
gence en moyenne quadratique et presque silre pour I'algorithme de Robbins-Monro en remplagant
I'hypothese (A4) par
|0 (k) = Ty (h = m)]| < [ —m]?

pour tout h € B (m, €). De plus, on aurait les mémes vitesses pour I'algorithme moyenné en prenant
une suite de pas de la forme 7y, := c,n™* avec & € (%, 1).

3.4.3 Applications
Application aux quantiles géométriques

Soit H un espace de Hilbert séparable et X une variable aléatoire a valeurs dans H. Le

quantile géométrique m” correspondant a la direction v, ot v € H et ||v|| < 1, est défini par
m” := argminE [||X — k|| — || X[|] = (r,v). (3.8)

Notons que si v = 0, on retrouve alors la médiane géométrique (voir la Section 3.1.1).
On note G, la fonction que I’'on veut minimiser, et elle est définie pour tout # € H par
Go(h) := E [||X —h|| + (X — h,v)]. On suppose maintenant que les hypotheses de la Sec-
tion 3.1.1 sont vérifiées. Alors m” est bien défini, unique (voir [Cha96]) et est solution de
I'équation

@, (1) = VGo(h) = [M] -

Les hypotheses (A1) et (A5b) sont alors vérifiées, et les algorithmes définis pour tout n > 1
par

X1 —my >
7

mo ., =m, + < + 0
n+1 n Tn HXn+1 _ mvH

mn+1 = my + (mn+1 - mn) ’

n+1

vérifient les théorémes précédents.
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Application a la régression logistique robuste

Soitd > 1et H = R? Soit (X,Y) une paire de variables aléatoires a valeurs dans
H x {—1,1}, on veut minimiser la fonction G, définie pour tout i € R4 par (voir [Bac14])

G;(h) :=E[log(cosh (Y — (X, h)))]. (3.9)

Afin d’assurer l'existence et 1'unicité de la solution, on suppose maintenant que les hypo-
theses suivantes sont vérifiées :

(B1) Il existe m" € RY tel que VG, (m") = 0.

(B2) La Hessienne de la fonction G, en m" est définie positive.

(B3) Pour tout entier positif p, la variable aléatoire X admet un moment d’ordre p.
L’hypothese (B1) assure 1'existence d'une solution, tandis que I'’hypothese (B2) assure son
unicité. Finalement, '’hypothése (B3) permet de vérifier (A5). Les hypotheses (A1) a (A5b)
sont alors vérifiées et les algorithmes définis pour tout n > 1 par

sinh (Yn+1 — <Xn+1r m1;1>)
cosh (Y41 — (Xpt1,m})) n+l,

r T
mn+1 =my, +r)’1’l

My 1 = Tl + (1 —711)

1
n+1

vérifient alors les théoremes précédents.

3.5 Un algorithme de Robbins-Monro projeté et sa version moyen-
née pour l’estimation des parametres d’une distribution sphé-

rique tronquée

Dans cette partie, on propose un algorithme permettant d’ajuster une sphere a un nuage
de points 3D distribué autour d’une sphere complete ou tronquée (voir [BP14]). Pour ce
faire, on suppose que les observations sont des réalisations indépendantes et identiquement
distribuées d"un vecteur aléatoire X défini comme

X :=u+rWlq, (3.10)

ott W est une variable aléatoire réelle positive telle que E[W] = 1 et U est uniformément
distribuée sur une partie Q de la sphere unité de R?, avec d > 2. Les paramétres u € R? et
r > 0 sont respectivement le centre et le rayon de la sphere que 1’on veut ajuster sur le nuage
de points.
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Afin d’estimer ces parametres, on introduit un algorithme de gradient stochastique pro-
jeté et sa version moyennée. On établit des résultats asymptotiques tels que la forte consis-
tance de ces algorithmes ainsi que la normalité asymptotique du moyenné. De plus, quelques
résultats non-asymptotiques sont donnés, telles que les vitesses de convergence en moyenne

quadratique.

3.5.1 Cadre de travail
Hypothéses

Dans ce qui suit, on suppose que les variables aléatoires W et Uq définies en introduction
sont indépendantes. On s’intéresse a 1’estimation des parametres y et r* := rIE[W], et on note
6 := (u,r*). On suppose a partir de maintenant que les hypothéses suivantes sont vérifiées :

(H1) La variable aléatoire X n’est pas concentrée autour du centre p :

< 400

2
[1X = ull
(H2) La variable aléatoire X admet un moment du second ordre :
E [[|X — || < +oo.
Ces hypotheéses assurent que la variable aléatoire X n’est pas concentrée autour du centre
mais bien autour de la sphere, et ce, sans trop de dispersion.
Quelques propriétés

Afin d’introduire deux algorithmes qui permettent d’estimer le parametre 6, on com-
mence par remarquer que le parametre 6 peut étre vu comme un minimiseur local d"une
fonction. En effet, soit G : R? x R* — R, définie pour tout y = (z,a) € R? x R* par

Gly) = B [(1X ]|~ a)?] . 311)

La fonction G est Fréchet-différentiable et on note ®(.) son gradient, qui est défini pour tout
y = (z,a) € R? x R* par

®(y) = VG(y) = (z _L]:E[—X]]]EBIZIE— @fﬁb . (3.12)
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Remarquons que l'on a en particulier ®(6) = 0. Une idée serait donc d’introduire un algo-
rithme de gradient stochastique pour estimer 6. Cependant, la fonction que 1'on veut mini-
miser n’est pas convexe sur R? x R et I'algorithme de Robbins-Monro ne converge donc
pas nécessairement. On va donc chercher a le projeter sur un sous-espace avec de bonnes

propriétés. On suppose a partir de maintenant que I’hypothese suivante est vérifiée :

(H3) Tl existe des constantes positives R, et R, telles que pour tout
vy =(z,a) € B(u,R,) x B(r*R,),

2
_ 1 Ug] > /A

sup  Amax (I'(2)) 1 3R
2N

zeB(y,Ry)

7

avec A telle que || [Ug]||* < A < 1, et Amax(M) donne la plus grande valeur propre

1 (Id - (X—z)(X—z)T>]
X —z|] X —z| '

Notons que cette hypothese est vérifiée des que la sphere n’est pas trop tronquée et que la

de la matrice M et

['(z):=E

variable aléatoire n’est pas trop dispersée autour de la sphere. En effet, dans le cas de la
sphere complete, on a

r(6) = [vlv] (I — E U ® U])

2 1
=ZE|—| L.
3 ]

La principale conséquence de cette hypothése est la proposition suivante, qui est cruciale

pour introduire un algorithme de gradient projeté et assurer sa convergence.

Proposition 3.5.1. Supposons que les hypotheses (H1) a (H3) sont vérifiées. Alors, il existe une

constante positive c telle que pour tout y € B (u,R,) x B (r*,R;),
(@(y),y —6) = clly 6|

3.5.2 Les algorithmes

Afin d’'introduire un algorithme projeté, dans ce qui suit, on considere un sous ensemble

K de B (u,Ry) x B(r*,R,) compact et convexe, et tel que 6 ¢ 0K. On verra en simulation

(voir Section 8.5) comment construire un tel compact. De plus, on se donne une projection 7t
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sur K telle que pour tout y € K, on ait 7t(y) = y et pour tout y ¢ /C, on ait 7(y) € oK. Enfin,
la projection 7 est 1-lippschitzienne, i.e pour tout y,y’ € R? x R*,

l7e(y) = 7)) < fly = v/'[l-

Notons que 'on peut prendre, par exemple, la projection euclidienne sur K. On considere
maintenant des variables aléatoires Xj, ..., X, ... indépendantes et de méme loi que X et on
introduit I’algorithme de Robbins-Monro projeté (PRM) (voir Section 1.2.3), défini récursive-

ment pour tout n > 1 par

~

b1 =7 (00— 108 (X1, 8) ), (3.13)

ot pour tout y = (z,a) € RY x R} etx € RY,

zZ—x—ar—==
T )

a—|lz—x|

De plus, on prend 6; € K et une suite de pas (7n) > vérifiant (1.11). Afin d’améliorer
la convergence, on peut maintenant introduire 1’algorithme moyenné défini récursivement

pour tout n > 1 par
_ _ 1 /~ _
Gn-i-l =0+ m (971—0—1 - Gn) ’ (3-14)

avec 0, = 6.

3.5.3 Vitesses de convergence

On donne maintenant donner la vitesse de convergence en moyenne quadratique et les
vitesses L (sous conditions) de 1’algorithme projeté ainsi qu’une majoration de la probabilité

avec laquelle le vecteur aléatoire @n =1 Vy8 | Xut1, §n sort du compact K.

Théoreme 3.5.1. Supposons que les hypothéses (H1) a (H3) sont vérifiées. Alors, il existe une
constante positive Cy telle que pour tout n > 1,

d

De plus, soit p un entier positif, supposons que E [HX - ,uHZp } < 400, alors il existe une constante

d

o] <

C, telle que pour tout n > 1,

~ 2p Cp
o)< &
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et pour toutn > 1,
P [6,— 1 Vyg (Xn1,8,) # K] < 57—

0l dyin 1= infyGE)IC {Hy - GH} > 0.

Afin de donner la vitesse de convergence de 'algorithme moyenné, on introduit mainte-

nant une derniére hypothese :

(H4) La Hessienne de la fonction G en 0, notée I'g et définie par

L= B [y (1= S5550)] B [
1

X
Iy = Xl

est définie positive.
Le théoréme suivant donne alors la convergence en moyenne quadratique de l'algorithme

moyenné.

Théoréme 3.5.2. Supposons que les hypotheses (H1) a (H4) sont vérifiées et que E [HX —ul 12} < + 0.

Alors, il existe une constante positive C telle que pour tout n > 1,

IEU }si

Notons qu’a notre connaissance, les résultats sur les algorithmes projetés et moyennés

sont rares dans la littérature. Enfin, on peut donner la normalité asymptotique de 1'estima-

teur moyenné.

Théoreme 3.5.3. Supposons que les hypotheses (H1) a (H4) sont vérifiées et que IE [HX —ull 12} < +oo.
Alors,
lim v/ (8, — 6) ~ N (0,T3215 "),

n—oo

v (=X v =N\ T
s E (V X—r w—x) (V X ’w—xn)
™ — | —X|| = |lu—X||

En particulier, on a

avec

lim /nZ 2Ty (0, — 0) ~ N (0, Iz41) -

n—00

Notons que contrairement a [BP14], on peut obtenir pour les vitesses de convergence des
algorithmes, et ce, méme dans le cas de la sphére tronquée.
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Premiere partie

Estimation récursive de la médiane

géométrique dans les espaces de
Hilbert






Chapitre 4

Online estimation of the geometric
median in Hilbert spaces : non
asymptotic confidence balls

Résumé

On a vu au Chapitre 1 que les algorithmes de gradient stochastique et leur version moyen-
née sont des outils efficaces pour traiter de gros échantillons a valeurs dans des espaces de
grandes dimensions. De plus, on a vu au Chapitre 2 que contrairement a la moyenne, la mé-
diane géométrique est un indicateur de position robuste. Dans ce contexte, on s’intéresse aux
estimateurs de la médiane développé par [CCZ13]. Des résultats de convergence ont déja été
établis, tels que la normalité asymptotique, mais ne donnent aucune garantie sur le compor-
tement des algorithmes pour une taille d’échantillon 7 fixée. Ce travail vise a étudier plus
précisément le comportement non asymptotique de cet algorithme non linéaire en donnant
des boules de confiance non-asymptotiques dans des espaces de Hilbert.

Pour ce faire, on se concentre dans un premiers temps sur les vitesses de convergence de
I'algorithme de type Robbins-Monro. Plus précisément, on en donne la vitesse de conver-
gence en moyenne quadratique ainsi qu’une majoration de la vitesse L* (Théoreme 4.3.1).
Dans un deuxiéme temps, on introduit une nouvelle inégalité exponentielle pour des termes
qui sont presque des martingales (Proposition 4.4.1). Cela permet alors d’obtenir des boules
de confiances non asymptotiques pour l'algorithme de gradient stochastique (Théoreme

4.4.1) ainsi que pour son moyenné (Théoréeme 4.4.2).

This Chapter is based on a work with Hervé Cardot and Peggy Cénac accepted in the Annals of Statistics
([CCGB15])).
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Abstract

Estimation procedures based on recursive algorithms are interesting and powerful tech-
niques that are able to deal rapidly with very large samples of high dimensional data. The
collected data may be contaminated by noise so that robust location indicators, such as the
geometric median, may be preferred to the mean. In this context, an estimator of the geome-
tric median based on a fast and efficient averaged non linear stochastic gradient algorithm
has been developed by [CCZ13]. This work aims at studying more precisely the non asymp-
totic behavior of this non linear algorithm by giving non asymptotic confidence balls in ge-
neral separable Hilbert spaces. This new result is based on the derivation of improved L?
rates of convergence as well as an exponential inequality for the nearly martingale terms of
the recursive non linear Robbins-Monro algorithm.
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4.1 Introduction

Dealing with large samples of observations taking values in high dimensional spaces,
such as functional spaces, is not unusual nowadays. In this context, simple estimators of
location such as the arithmetic mean can be greatly influenced by a small number of outlying
values and robust indicators of location may be preferred to the mean. We focus in this work
on the estimation of the geometric median, also called L'-median or spatial median. It is a
multivariate generalization of the real median introduced by [Hal48] that can be defined in
general metric spaces.

Let H be a separable Hilbert space, we denote by (.,.) its inner product and by ||.|| the
associated norm. Let X be a random variable taking values in H, the geometric median m of
X is defined by :

m := argmin E [[| X — k|| — || X]|]. (4.1)

Many properties of this median in the the general setting of separable Banach spaces,
such as existence and uniqueness, as well as robustness are given in [Kem87] (see also the
review [Sma90]). Recently, this median has received much attention in the literature. For
example, [Min14] suggests to consider, in various statistical contexts, the geometric median
of independent estimators in order to obtain much tighter concentration bounds. In functio-
nal data analysis, [KP12] consider resistant estimators of the covariance operator based on
the geometric median in order to derive a robust test of equality of the second-order struc-
ture for two samples. The geometric median is also chosen to be the central location indicator
in various types of robust functional principal components analysis (see [LMS"99], [Ger08]
and [BBT"11]). The posterior geometric median of estimators has also been used in a ro-
bust bayesian context by [MSLD14]. Finally, a general definition of the geometric median on
manifolds is given in [FV]09] and [ADPY12] with signal processing issues in mind.

Consider a sequence of i.i.d copies Xi, Xy, ..., Xy, ... of X. A natural estimator 71, of m,

based on Xj, ..., X, is obtained by minimizing the empirical risk
n

Tty 1= arggggi:1[!|Xi—h\! — [IXll] - (42)

Convergence properties of the empirical estimator 7, are reviewed in [MNO10] when the

dimension of H is finite whereas the recent work of [CC14] proposes a deep asymptotic study

for random variables taking values in separable Banach spaces. Given a sample Xj, ..., X,

the computation of i, generally relies on a variant of the Weiszfeld’s algorithm (see e.g.

[Wei37b] and [Kuh73]) introduced by [VZ00]. This iterative algorithm is relatively fast (see
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[BS15] for an improved version) but it is not adapted to handle very large datasets of high-

dimensional data since it requires to store all the data in memory.

However huge datasets are not unusual anymore with the development of automatic
sensors and smart meters. In this context, [CCZ13] have developed a much faster algorithm,
which thanks to its recursive nature does not require to store all the data and can be updated
automatically when the data arrive sequentially. The estimation procedure is based on the

simple following recursive scheme,

Xn+1 - Zn

Zps1 =72 _Lntl T om
S TR~ Z

(4.3)
where the sequence of steps () controls the convergence of the algorithm and satisfy the
usual conditions for the convergence of Robbins Monro algorithms (see Section 4.3). The
averaged version of the algorithm is defined as follows

_ 1 _
n+1 = Zn+ m (Zn+1 - Z”) ’ (4.4)

NI

with Zg = 0, so that Z, = %2?:1 Z;. The averaging step described in (4.4), and first stu-
died in [P]92], allows a considerable improvement of the convergence compared to the ini-
tial Robbins-Monro algorithm described in (4.3). It is shown in [CCZ13] that the recursive
averaged estimator Z, and the empirical estimator i, have the same Gaussian limiting dis-

tribution.

However the asymptotic normality shown in [CCZ13] does not give any clue of how far
the distribution of the estimator is from its asymptotic law for any fixed sample size n. The
aim of this work is to give new arguments in favor of the averaged stochastic estimator of
the geometric median by providing a sharp control of its deviations around the true median,
for finite samples. Indeed the obtention of finite sample guarantees with high probability is
always desirable for the statisticians who have to study real data, since the samples under
study will always have a finite sample size. Nice arguments for considering non asymp-
totic properties of estimators are given for example in [RV10]. The obtention of such results
generally requires much more mathematical efforts compared to more classical weak conver-
gence results as well as more restrictive conditions on the existence of all the moments of the
variable (see for example [Woo72] or [TY14]). Note also that, as far as we know, there are
only very few results in the literature on non asymptotic bounds for non linear recursive
algorithms (see however [BDF13] for recursive PCA or [BM13]).

The construction of our non asymptotic confidence balls (see Theorem 4.4.1 and Theo-
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rem 4.4.2) rely on the obtention of the optimal rate of convergence in quadratic mean (see
Theorem 4.3.1) of the Robbins-Monro algorithm used for estimating the geometric median
as well as new exponential inequalities for "near" martingale sequences in Hilbert spaces (see
Proposition 4.4.1), similar to the seminal result of [Pin94] for martingales. These properties
do not require any additional conditions on the moments of the data to hold The proof of
Theorem 4.3.1 is based on a new approach which consists in obtaining first, relations bet-
ween the L? and the L* estimation errors and then make an induction using these relations
to get the optimal rate of convergence in quadratic mean of Robbins-Monro algorithms. This
new approach may give keys to obtain non asymptotic results when the objective function
only possesses locally strong convexity properties.

The paper is organized as follows. Section 4.2 recalls some convexity properties of the
geometric median as well as the basic assumptions ensuring the uniqueness of the geome-
tric median. In Section 4.3, the rates of convergence of the stochastic gradient algorithm are
derived in quadratic mean as well as in L*. In Section 4.4, an exponential inequality is de-
rived borrowing ideas from [TY14]. It enables us to build non asymptotic confidence balls
for the Robbins-Monro algorithm as well as its averaged version. The most innovative part
of the proofs is given in Section 4.5 whereas the other technical details are gathered in a
supplementary file.

4.2 Assumptions on the median and convexity properties

Let us first state basic assumptions on the median.

(A1) The random variable X is not concentrated on a straight line : for all 1 € H, there
exists i’ € H such that (h,h') = 0 and

Var ((K, X)) > 0.

(A2) X is not concentrated around single points : there is a constant C > 0 such that for
allh € H:
E [HX . hu—l] <C.

Assumption (A1) ensures that the median m is uniquely defined ([Kem87]). Assumption
(A2) is closely related to small ball probabilities and to the dimension of H. It was proved in
[Cha92] that when H = R¢, assumption (A2) is satisfied when d > 2 under classical assump-
tions on the density of X. A detailed discussion on assumption (A2) and its connection with
small balls probabilities can be found in [CCZ13].
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We now recall some results about convexity and robustness of the geometric median. We
denote by G : H — R the convex function we would like to minimize, defined forallh € H

by
G(h) :==E[||X —h| — [IX][]. (4.5)

This function is Fréchet differentiable on H, we denote by & its Fréchet derivative, and for
allhe H:

@(h)::VhG:—IE{ X ]

IX =

Under previous assumptions, m is the unique zero of ®.

Let us define U, := —% and let us introduce the sequence of c-algebra F,, :=

o(Zy,..,Zy) =0(Xy,..., Xy,). For all integer n > 1,
E [unJrl‘fn] = qD(Zn) (4.6)

The sequence (¢,,),, defined by 41 := ®(Z,) — U,y is a martingale difference sequence
with respect to the filtration (). Moreover, we have for all n, ||¢,11|| < 2 and

E [||&ns [P Fn] < 1—]|@(Z)|* < 1. (4.7)

Algorithm (4.3) can be written as a Robbins-Monro or a stochastic gradient algorithm :
Zpy1 —m = Zy —m— 7 P(Zn) + YnGnt1- (4.8)
We now consider the Hessian of G, which is denoted by I', : H — H. It satisfies (see

[Ger08]) ( Y& )
1 X—h)(X-h
b =E {nx—hn (IH‘ X — 1|2 H

where I is the identity operatorin H and u ® v(h) = (u, h)v forallu, v, h € H. The following

(local) strong convexity properties will be useful (see [CCZ13] for proofs).

Proposition 4.2.1 ( [CCZ13] ). Under assumptions (A1) and (A2), for any real number A > 0,
there is a positive constant c 4 such that for all h € H with ||h|| < A, and forall i’ € H :

calll|* < (i, Tyh') < ClIH|2.
As a particular case, there is a positive constant c,, such that forall ' € H :

cml|H||> < (W, Tuhy < C||H|%. (4.9)
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The following corollary recall some properties of the spectrum of the Hessian of G, in

particular on the spectrum of T'y,.

Corollary 4.2.1. Under assumptions (A1) and (A2), for all h € H, there is an increasing sequernce
of non-negative eigenvalues (A; ) and an orthonormal basis (v;y,) of eigenvectors of T, such that

Thvjn = Ajn0in,
o(Ty) = {Ajnj e N},
A <C.

Moreover, if ||h]| < A, forall j € N we have cy < Ajy, < C.
As a particular case, the eigenvalues Ajy, of Ty satisfy, ¢,y < Ajy < C, forall j € IN.

The bounds are an immediate consequence of Proposition 4.2.1. Remark that with these
different convexity properties of the geometric median, we are close to the framework of
[Bac14]. The difference comes from the fact that G does not satisfy the generalized self-

concordance assumption which is central in the latter work.

4.3 Rates of convergence of the Robbins-Monro algorithms

If the sequence (,),, of stepsizes fulfills the classical following assumptions :

Y 1i<oco and ) vy, =oo,

nz1 n>1
and (A1) and (A2) hold, the recursive estimator Z, is strongly consistent (see [CCZ13], Theo-
rem 3.1). The first condition on the stepsizes ensures that the recursive algorithm converges
towards some value in H whereas the second condition forces the algorithm to converge to
m, the unique minimizer of G.

From now on, Z; is chosen so that it is bounded (consider for example Z; = X;1 (IX|| <M’}
for some non negative constant M’). Consequently, there is a positive constant M such that
foralln >1:

E [[1Z, - m|?] < M.

Let us consider now sequences (), of the form v, = c,n™* where ¢, is a positive

n
constant, and & € (1/2,1). Note that considering « = 1 would be possible, with a suitable
constant c, which is unknown in practice, in order to obtain the optimal parametric rate of
convergence. The algorithm can very sensitive to the values c,. That is why we prefer to

introduce an averaging step with « < 1, which is in practice and theoretically more efficient,
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since it has the same asymptotic variance as the empirical risk minimizer ([CCZ13], Theorem
3.4).

In order to get confidence balls for the median, the following additional assumption is
supposed to hold.

(A3) There is a positive constant C such that forall# € H :

E[|X— |2 < C.

This assumption ensures that the remainder term in the Taylor approximation to the gra-
dient is bounded. Note that this assumption is also required to get the asymptotic normality
in [CCZ13]. It is also assumed in [CC14] for deriving the asymptotic normality of the empi-
rical median estimator. Remark that for the sake of simplicity, we have considered the same
constant C in (A2) and (A3). As in (A2), Assumption (A3) is closely related to small ball pro-
babilities and when H = RY, this assumption is satisfied when d > 3 under weak conditions.

We state now the first new and important result on the rates of convergence in quadra-
tic mean of the Robbins Monro algorithm. A comparison with Proposition 3.2 in [CCZ13]
reveals that the term logn has disappeared as well as the constant Cy that was related to a
sequence (Qn)n of events whose probability was tending to one. This is a significant im-
provement which is crucial to get a deep study of the estimators and to get non asymptotic

results.

Theorem 4.3.1. Assuming (A1)-(A3) hold, the algorithm (Z,) defined by (4.3), with v, = c,n™*,
converges in quadratic mean, for all « € (1/2,1) and for all &« < B < 3a — 1, with the following

rate :
E [|Z, —m|*] =0 (nla> , (4.10)
E [Hzn - m\ﬂ ~0 <nlﬁ> . (4.11)

Upper bounds for the rates of convergence at order four are also given because they will
be useful in several proofs. Remark that obtaining better rates of convergence at the order
four would also be possible at the expense of longer proofs, and since it is not necessary here,
it is not given.

The proof of this theorem relies on a new approach which consists in an induction on n
using two decompositions of the algorithm which enables us to obtain an upper bound of
the quadratic mean error and the L* error. Note that this approach can be used in several

cases when the function we would like to minimize is only locally strongly convex.
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Lemma 4.3.1. Assuming (A1)-(A3) hold, there are positive constants Cy, Cp, C3, C4 such that for all
n>1:
E [[|Z, — m|?] < Cre~ """ + 9 +C; sup E [sz — muﬂ : (4.12)
n n/2—1<k<n
The proof of Lemma 4.3.1 is given in Section 4.5. In order to get a rate of convergence of
the last term in previous inequality, we use a second decomposition (see equation (4.8)), to

get a bound of the 4-th moment.

Lemma 4.3.2. Assuming the three assumptions (A1) to (A3), for all « € (1/2,1), there are a rank
ny and positive constants Cy, C such that for all n > n, :

2
1EZ-4<1—11EZ—4C—5C’L1EZ—2 413
1Zuir —mll*] < (1= ) B1Za—ml*| + S0+ G B [|Zs —m|?].  (413)

The proof of Lemma 4.3.2 is given in Section 4.5. The next result gives the exact rate of
convergence in quadratic mean and states that it is not possible to get the parametric rates of
convergence with the Robbins Monro algorithm when a € (1/2,1).

Proposition 4.3.1. Assume (A1)-(A3) hold, for all & € (1/2,1), there is a positive constant C' such
that foralln > 1,

/

E[1Z0—ml?] = =

The proof of Proposition 4.3.1 is given in the supplementary file.

4.4 Non asymptotic confidence balls

4.4.1 Non asymptotic confidence balls for the Robbins-Monro algorithm

The aim is now to derive an upper bound for PP [||Z, — m|| > t], for t > 0. A simple and
first result can be obtained by applying Markov’s inequality and Theorem 4.3.1. We give
below a sharper bound that relies on exponential inequalities that are close to the ones given
in Theorem 3.1 in [Pin94]. The following theorem gives non asymptotic confidence balls for
the Robbins-Monro algorithm.

Theorem 4.4.1. Assume that (A1)-(A3) hold. There is a positive constant C such that for all § €

This result is considered as non asymptotic since the constant C can be calculated and since the rank 7; can
be bounded.
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(0,1), there is a rank ns such that for all n > ng,

C 4

The proof is given in a supplementary file. This result is obtained via the study of a
linearized version of the gradient (4.8),

Zy1i—m=2Zy—m— v, Up(Zy —m) + vnCpi1 — Ynbn, (4.14)
where 6, := ®(Z,) — I',(Z, — m). Introducing for all n > 1, the following operators :

Ky = Iy — ')’nrm/

n

n
Bun:=]Tox=]1Un—nTlx),
k=1 k=1
Po := In,
by induction, (4.14) yields
Zy—m = ﬁn—l(zl - m) + ﬁn—an - ﬁn—anr (4-15)
with R, := 22;11 'yk,Blzl(Sk and M, := 2]’(’;11 7kﬁ;1€k+1. Note that (M,) is a martingale se-
quence adapted to the filtration (F; ). Moreover,
t t t
P(1Zs =l 2 8 <P IBoabMall 2 5| +P |IBwsRoll = | +P [IB1-s(21 - m)] > g

n—18n E n— Z1—m 2
EllaciRall 6 [1Bra( = m)IP]

t
<P [Igaatl = 5] +4

(4.16)

Then, we must get upper bounds for each term on the right-hand side of previous in-
equality. As explained in Remark 4.4.1 below, it is not possible to directly apply Theorem 3.1
of [Pin94] to the quasi martingale term but the following proposition gives an analogous
exponential inequality in the case where we do not have exactly a sequence of martingale
differences.

Proposition 4.4.1. Let (B, k) (kn)eNxN De a sequence of linear operators on H and (Cn) be a sequence
of H-valued martingale differences adapted to a filtration (F,). Moreover, let (vy,) be a sequence of
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positive real numbers. Then, for all v > 0 and for alln > 1,

n—1 n
P YeBu-1alisn || = V] <2"|T1 (1 +E [e"%lﬁ"fl'};l@” — 1= |l ri-1Bur gl “]:j_l]) H
k=1 j=2
n
< 2exp (—r+ Y E |:e||'yjfl/3n—l,jfl§j|| —1—||7j-1Bn-1,-1Gj|| ’|.7:]71]
=2

)

The proof of Proposition 4.4.1 is postponed in the supplementary file. As in [TY14], it
enables to give a sharp upper bound for IP [sz;ll YieBrn—1xkCk+1 H > t} .

Corollary 4.4.1. Let (B, k) be sequence of linear operators on H, (&) be a sequence of H-valued
martingale differences adapted to a filtration (F,) and (y,) be a sequence of positive real numbers.
Let (N,,) and (0?) be two deterministic sequences such that

n—1

Nu > sup [|7eBu1iCir1ll as. and o5 > Y E [|viBu1xCrs1ll| Fn] -
k<n—1 k=1

Forallt > 0andalln > 1,

n—1
YiBrn—1kCk+1

P
k=1

tZ
> < _ | .
- t] <20 (33 ,73))

In our context, Corollary 4.4.1 can be written as follows :

Corollary 4.4.2. Let (Ny),~ and (U,%)Dl be two deterministic sequences such that

NiZ sup | yiBuiBi'Gen| as. and azz’éE[Hvkﬁn_lﬁ#aHH\fn}.

k<n-—1
Then, for all t > 0 and foralln > 1,

n

P >t

1 2
—1 < _
» VeBn-1By " Gr+1 = 2exp < 2(02 + th/3)> '

k

Remark 4.4.1. Note that (B,-1M,) is not a martingale sequence. Then, a first idea could be to
apply Theorem 3.1 in [Pin94] to the martingale term M, = Y;_{ 1?1’)’k¢§k+1 but this does not
work. Indeed, although there is a positive constant M such that ||B,—1My|| < M forall n > 1, the

sequence ||Bn—1|| ||Mn|| may not be convergent (|| B,—1|| denotes the usual spectral norm of operator
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Br—1). Then, it is possible to exhibit sequences () such that for all t > 0,

Tim P[]}, [M]] > 1] = 1,
lim P (||, M| > 1] = 0.

Indeed, let Amin and Amax be the lim inf and lim sup of the eigenvalues of the hessian I',, and suppose
that Amin < Amax and suppose yuAmax < 1 forall n > 1. Then ||B,_1| = Hz;ll (1 — Amin7k)-
Moreover, there exists a sequence (hy),~, such that ||h,|| = 1 forall n > 1, and a positive constant
A such that Apin < A < Amax, and B

n—1

= Z Yk
k=1

_1hk

ﬁa —Ay)

Thus,
_1hk

—— fo0.
n—oo

4.4.2 Non asymptotic confidence balls for the averaged algorithm :

The following theorem, which is one of the most important result of this paper, provides
non asymptotic confidence balls for the averaged algorithm.

Theorem 4.4.2. Assume that (A1)-(A3) hold. For all 6 € (0,1), there is a rank ns such that for all

n = ng,
4 2 1 4
HZ —m” <<3n+\f)ln((5>] >1-9.

The proof heavily relies on the following decomposition, which is obtained, as in [CCZ13]
and [Pel00], using decomposition (4.14). Indeed, summing and applying Abel’s transform,

we get:

— Z1——1n Zn+4<—7n 1 & [1 1 ]
Ty (Zy —m) = - FEY S S Zeem) - =Y Gt -
m(Zn—m) == Yull nk; PP Ek ng“
' 417)

Noting that } }'_; Cx+1 is a martingale term adapted to the filtration (), the proof of Theo-
rem 4.4.2 relies on the application of Pinelis-Bernstein’s Lemma (see [TY14], Appendix A) to
this term and on the fact that, thanks to Theorem 4.3.1, it can be shown that the other terms
at the right-hand side of (4.17) are negligible.

This result is considered as non asymptotic since the rank #; can be bounded.
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Remark 4.4.2. We can also have a more precise form of the rank ns (see the Proof of Theorem 4.4.2) :

1 1 1
/ 1/2=a72 ! =172 ! 2
N5 := max (51?1C(14)> , (51?1C(24)> , <5§1C(34)> , (4.18)
5 3 5

where C}, C, and C} are constants. We can remark that the first two terms are the leading ones and if
the rate « is chosen equal to 2/3, they are of the same order that is ns = O ((ﬁ)é) .

Remark 4.4.3. We can make an informal comparison of previous result with the central limit theo-
rem stated in ([(CCZ13], Theorem 3.4), even if the latter result is only of asymptotic nature. Under
assumptions (A1)-(A3), it has been shown that

Vit (Zy—m) = N (01,121, ),

with,

Z:IE[(X—W) (X—m)]

X —=m| [ X —m]|
This implies, with the continuity of the norm in H, that for all t > 0,
lim P [[| Vi1 (Zy —m) | > 1] =P[|V]| > 1],
where V is a centered H-valued Gaussian random vector with covariance operator Ay = T,'XT,,".
Operator Ay is self-adjoint and non negative, so that it admits a spectral decomposition Ay =

Y.i>11jvj @ vj, where 11 > 112 > ... > 0 is the sequence of ordered eigenvalues associated to the
orthonormal eigenvectors vj, j > 1. Using the Karhunen-Loeve's expansion of V, we directly get that

2
IVI*= Y niv}
j>1

where V1, Vo, ... are i.i.d. centered Gaussian variables with unit variance. Thus the distribution of
A% Hz is a mixture of independent Chi-square random variables with one degree of freedom. Computing
the quantiles of || V|| to build confidence balls would require to know, or to estimate, all the (leading)
eigenvalues of the rather complicated operator Ay and this is not such an easy task. Indeed, it would
be necessary to project on a finite dimensional space to get the inverse of the Hessian before extracting
the leading eigenvectors of the covariance. Finally, the last problem of using the central limit theorem
to get confidence balls is that, as far as we know, we do not know its rate of convergence.

On the other hand, the use of the confidence balls given in Theorem 4.4.2 only requires the know-
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ledge of Amin. This eigenvalue is not difficult to estimate since it can also be written as

1
3
[X = m]]

Amin = E {nximu] Ao (uz <X—m>®(x—m>]>,

where Amax(A) denotes the largest eigenvalue of operator A.

Remark 4.4.4. Under previous assumptions, with analogous calculus to the ones in the proof of
Theorem 4.4.2 and applying Theorem 4.3.1, it can be shown that there is a positive constant C' such
that foralln > 1,

_ C’
E {2, ] < =
Moreover, assuming the additional condition & > 2 /3, it can be shown that there is a positive constant
C" such that

o C//
E [Hzn _mHz] < e

The averaged algorithm converges at the parametric rate of convergence in quadratic mean.

4.5 Proofs

4.5.1 Proof of Theorem 4.3.1

As explained in Section 4.3, the proof of Theorem 4.3.1 is based on Lemma 4.3.1, which
allows to obtain an upper bound of the quadratic mean error, and on Lemma 4.3.2, which
gives an upper bound of the L* error. We first prove Lemma 4.3.1. In order to do so, we have
to introduce a new technical lemma which gives a bound of the rest in the Taylor’s expansion
of the gradient. This will enable us to bound the rest term 8,1 R, in decomposition (4.15).

Lemma 4.5.1. Assuming assumption (A3), there is a constant Cy, such that foralln > 1 :
164 < Conl|Zos = m|f?, (4.19)

where 6, := ®(Z,) — Ty (Zy, — m) is the second order term in the Taylor’s decomposition of ®(Z,).

The proof is given in a supplementary file. We can now prove Lemma 4.3.1.

Proof of Lemma 4.3.1 : Let us study the asymptotic behavior of the sequence of operators (B;).
Since I'y, admits a spectral decomposition, we have ||ay|| < sup; |1 — 7A;| where (7)) is the
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sequence of eigenvalues of I'y,. Since for all j > 1 we have 0 < ¢;; < A; < C, there is a rank
ng such that for all n > ng, 7,C < 1. In particular, for all n > ny we have ||a,|| < 1 — yucpm.

Thus, there is a positive constant ¢; such that foralln > 1:

n

—1 n—1
)y 7k> < ciexp <_Cm Y. 'Yk) , (4.20)

[Bn-1ll < crexp <—/\mm
k=1 k=1

where Anin > 0is the smallest eigenvalue of I';,. Similarly, there is a positive constant c; such
that for all integer n and for all integer k <n —1:

n—1
‘ ,Bn—lﬁlzlu < cpexp (—cm Z 'y]-> ) 4.21)
j=k+1
Moreover, for all n > ng, k > ng such that k < n — 1, (see [CCZ13] for more details),
n—1
‘ ﬁn,llB;lH <exp | —cm Z vi ] - (4.22)
j=k+1

Using decomposition (4.15) again, we get
E (/1o — m|]?] < 3E [ Bu1(Z1 — m)|P] +3E [I1Bsr1Mall2) +3E [[BaiRal?].  (423)

We now bound each term on the right-hand side of previous inequality.

Step 1 : The quasi-deterministic term : Using inequality (4.20), with help of an integral test
for convergence, foralln > 1:

n—1
E [[|Bn-1(Z1 —m)|*] < ciexp (—2cm ) w) E []|Z1 — m]|?]
k=1

n
< (—2cmc7/ t"‘dt) E [[1Z; — m|]
1

< ciMexp <21Cm_Cr;> exp <—2 EmCy nl_”‘> .

11—«

Since & < 1, this term converges exponentially to 0.
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Step 2 : The martingale term : We have

2

1Bn—1Mal|* = ¢ Gk

<Z'Yk‘

Buabi!|| H%!FHZ ¥ v (Br 1B Gen, Bu 1B Can).

=1k'<k
Since (¢,,) is a sequence of martingale differences, for all k' < k we have E [(k11,Cx+1)] = 0.
Thus,

n—1
E [||Bn_1Ma|*] < Zvi( g (4.24)
k=1

Burbi’|

because for all k € N, E [||&1][?] < 1. The term ||B,—18; '|| converges exponentially to 0
when k is lower enough than n. We denote by E(.) the integer function and we isolate the
dominating term. Let us split the sum into two parts :

E(n/2)—

2
Buab!| = Z BB P+ T bR @29)

k=E(n/2)

n—1
Y 1|
k=1

We shall show that the first term on the right-hand side in (4.25) converges exponentially to
0 and that the second term on the right-hand side, which is the dominating one, converges

at the rate ;. Indeed, we deduce from inequality (4.21) :

E(n/2)-1 2 E(n/2)-1 , L E(/2)-1
2 1 2,—2 mﬂ% —Cm e 2
Z Yk ’ ,Bn—lﬁk H S Co Z Yie Cmy g S cre CmCyNl Z 7.
= k=1 k=1

Since Y92 < oo, we get Yr 2192|1812 =0 (efcmcvnlﬂx).
We now bound the second term on the right-hand side of equality (4.25). Using inequality
(4.22), for all n > 2ny :

n—1 ’ 1 2 n—2 5 D¢ anl A 2
> 7k‘/5nfll3;? H < ) ome 4y,
k=E(n/2) k=E(n/2)
<oy yre T
E(n/2) k=E(n/2)
[
< 2y Z e 2 E k“%+’7n 1
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Moreover, forall n > 2ngand k <n — 2,

n—1

Z f)/jg/kn CldS: 1C_'Y[X [ﬂlﬂx—(k—i—])lﬂx},

j=k+1 +1 8%

-1 —
“2em Y1) < e—zcml%[nl *— (k+1)1-*] Smce L <

and hence ¢ < (k+1)

n—2 n—2 1

2m =g (k+1 20 2 (k+1)12
DR L VAN )
(n/2) k=E(n/2)

< 2%, /n_l !
- En/2) (F+1)%

< 20‘71 e2cm1 n
< -

1-a

Note that the integral test for convergence is valid because there is a rank 1, € IN such that
2cm] (t+1)—

the function  — (t+11) e is increasing on [ng, c0). Let n; := max{2ng +1,n}},

foralln > ny:

n—1 12 220(—16, 1 1
Y o ] Bu1Bi ! H TRl e (4.26)
k=E(n/2) m

Consequently, there is a positive constant C, such that foralln > 1,

1
3E [[|Bu-1Ma|*] < Cp—. (4.27)
Remark 4.5.1. Note that splitting the sum in equation (4.25) is really crucial to get the good rate of
convergence of the martingale term. Remark that a different split was considered in [CCZ13], which
leads to a non optimal bound of the form

C2 Inn
n*

E ||Ba-1Malf°] <

Step 3 : The rest term : In the same way, we split the sum into two parts :

E(n/2)-1

n—1
Y YeBu-1By 0k = Z YiBr-1B; 0 + Z YBr-1B; k- (4.28)
k=1

k=E(n/2)

One can check (see the proof of Lemma 4.5.3 for more details) that there is a positive constant
M such that foralln > 1,
E [||zn —mH4] <M. (4.29)
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Moreover, by Lemma 4.5.1, ||0,] < Cu||Z, — m||2. Thus, for all k, k' > 1, the application of
Cauchy-Schwarz'’s inequality gives us

E {16160 11) < CAE [1Zi = m2|Zy —m|?] < CLsupE [||Z, —m|*| < CiM.

n>1

As a particular case, we also have E [| (6, 6 )|] < C2M. Applying this result to the term on
the right-hand side in (4.28),
2

IE{
~ (n/2)— 2
< e2Cp Me 2" ( » vk>

_ 1-a _
S Ci@ 2cpcyn le 21x.

E(n/2)—1

E(n/2)— 2
kZ: ')’kﬁnflﬁlzlfsk Z ')’k”ﬁn LBk H]
=1

This term converges exponentially to 0. To bound the second term, we use the same idea
as for the martingale term. Applying previous inequalities for the terms E [||6¢]||| 0k ||] which

appear in the double products, we get :

n—1 2 2
JE{ Y ebuiBi ]<c; sup IE[sz—mHﬂ Y wllBiafi H]
k=E(n/2) E(n/2)<k<n-1 k=E(n/2)

<C sup E [sz - mHﬂ /
E(n/2)<k<n—1

2
since {ZZ;E (n/2) Yell Br-1 ﬁ;l ||] is bounded. Indeed, one can check it with similar calculus
to the ones in the proof of inequality (4.27). We put together the terms which converge expo-
nentially to 0. O

To prove Lemma 4.3.2, we introduce two technical lemmas. The first one gives a bound

of the decomposition in the particular case when ||Z,, — m|| is not too large.

Lemma 4.5.2. If assumptions (A1) and (A2) holds, there are a rank n, and a constant c such that for
alln > ny, || Z, — m|| < cn=* yields

1
(®(Zy), Zy — m) > W”Z” —m|% (4.30)
Y

As a corollary, there is also a deterministic rank n’, such that for all n > n, ||Z, — m|| < cn'=*
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yields
Ha—m—w¢aww§(r—)na ml. (431)

Proof of Lemma 4.5.2. We suppose that || Z, — m|| < cn'~*. We must consider two cases.

If |Z, — m| < 1, then we have in particular ||Z,|| < ||m| + 1. Consequently, we get with
Corollary 2.2 in [CCZ13] that there is a positive constant ¢; such that (®(Z,), Z, —m) >
clHZn — m||2

. 1
If[|Z, — m| > 1, since ®(Z,) = [y Tone(z,—m)(Zn — m)dt,

1
(®(Zy), Zy — m) = /0 <zn T U m)> dt.

Moreover, operators I';, are non negative for all 1 € H. Applying Proposition 2.1 of [CCZ13],

and since for all t € [0 } we have ||[m + t(Z, —m)|| < |m]|| + 1, there is a positive

1
7 1Zy—m|
constant ¢, such that:

(@(Za), Zu = m) = [ (2o M Ty (2~ m) )
1/11Zn— mH
Z/ _mlrm+t(Zn—m)(Zn_m>>dt
e )
2/ e[ Zy — m|2dt
> 2|7~

We can choose a rank n, such that for all n > n, we have ¢; > Cn% which concludes the
Y
proof of inequality (4.30) with ¢ = cac,.

We now prove inequality (4.31). For all n > n, || Z, — m|| < cn! = yields

2
1—a pa
Cyn n

2 C
— (1 - +c2n;06> 1Zy — m|>.

2
Thus, we can choose a rank 7, > n, such that for all n > n), we have Czn% < % Note that

1Zn = m — @ (Za) |* < (| Zy = m|? ~ |2y = m |2+ 42C2 Zy — m?

this is possible since & > 1/2. O

The second lemma shows that the probability for ||Z, — m|| to be large is very small as n
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increases.

Lemma 4.5.3. There is a positive constant C, such that for alln > 1,

Ca

P [Hzn —m| > an] <

where ¢ has been defined in the previous lemma.

The proof is given in the supplementary file.

Proof of Lemma 4.3.2. Foralln > 1,

E || Zus1 = ml*| = E [I1Zuss = m*Yy 7, yzeni-e| +E [|Zusr = mll* Yz, jcem-e]
(4.32)
with ¢ defined in Lemma 4.5.2. Let us bound the first term in (4.32). Since ||Z,+1 — m|| <
|Zn —m| 4+ vn < ||Z1 — m|| + X} 7 and since Z; is bounded or deterministic, there is a
constant C}, such that for all integer n > 1,

1Zn —ml| < Cn' ™.

Consequently,

4 / — 4
E Mzn+1 —m| ]1\|zrm||2cn1—a} (C (n+1)! ) L)z, — ) zent—=

E

4
( (n+1)- “) P [HZH—mH > an‘}.
Thus, applying Lemma 4.5.3, we get

CiCu(n + 1) _ s GG
714 o nSa :

(CLn+ 1) P2y~ m] > en' =] <

We now bound the second term. Suppose that ||Z, — m| < cn'~*. Since ||&,11]| < 2, using
Lemma 4.5.2, there is a rank n, such that for all n > n,,

HZn—H —m Hzﬂ|\Z,1—mH<cn1*"‘

= (Hzn —m— v, D(Zy) HZ + 7721”6114-1”2 + 29 (Zp —m — ’an)(zn)/§n+1>) ]IHZn

—m||<cnl—«

1
< ((1 - n> HZ” - mH2 —1—4'7% + 2’7n<ZH —m-— 'YH(D(Z”/ €n+1>> ]lHanmH<cnlf“'
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Moreover, since (&,+1) is a sequence of martingale differences for the filtration (F),

E [(Za = m = 10®(Z0), En1)1yz, -y <om -+ F] = 0,

E [(Zn = m = 3a®(Zn), Ens1) | Z = 1|25,y <om—<|Fu] = 0.
Applying Cauchy-Schwarz’s inequality,

1 2
E [HZnJrl - m|‘4]l\|Zn—m||§cn1*"‘:| < <1 - n) E [HZn - mH41HZn—mH§cn1*"‘} +167,

+87 (1= 1) E[120 ~ P17, pcon]

+492E [(Zo — 1 = 70 ®(Z), 6011) 1) 2, - < |

< (1- i)zm (120 = ml*] + 1674 + 892 [[1Z, = m|?
+47E [HZH —m — 1, ®(Zy)|”E [H‘§n+1uz‘}—n] ]1||Z,,fm|\§cn1*'¥] .

Finally, since E [||&,+1]/?|Fx] <1, applying Lemma 4.5.3 we get

E (12001 sy cene] < (1= ) B 120 ] + 160 82 (12, —
a2 (1= ) E (120~ mif]
< (1= 1) B 1 1] 1698 4 1203 (12 ).
Since ’yﬁ =0 (ﬁ), there are positive constants Cj, C} such that for all n > n,,

E [[1Zu1 = ml*| = B 1 Zus1 = mll"Yz, s | + B [1Zns1 =m0z, ) ccurs]
24—dacrdc 1 2
ST (1 - n> E [HZn —m||4} + 1675 + 1292E [|| Z, — m|]?]

1

B (1 Z = m|].

1\? A 1
S (1_1’l> IE|:HZn—m||i|+Ciﬁ+C£

Proof of Theorem 4.3.1. Let B € (a,3a — 1), there is a rank ng > n, (1, is defined in Lemma

4.3.2) such that for all n > ng we have (1 — %)2 (”Tﬂ)ﬁ + (C{ 4+ Ch) 2‘”@ <1(C, G
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are defined in Lemma 4.3.2). Indeed, since < 30 —1 < 2,

<1—i>2(”:1>ﬁ+(q+c§)23am:1—(2—5)i+o<i).

We now prove by induction that there are positive constants C’, C" such that 2C' > C"” >
C’' > 1 and such that for all n > ng,

C/
E (|20 —m|?] < —
C/l
E |12, - m|*] < =

Let us choose C" > ngE {HZ% — mHZ} and C" > ngE {HZnﬁ — mHﬂ. This is possible since

there is a positive constant M such that foralln > 1, sup {IE (1Z, —ml|]?*] , E [HZ” - m||4] } <
M. Let n > ng, using Lemma 4.3.2 and by induction,

1\? c,  C
E[1Zoss—ml*] < (1= 3 ) B (120 = mlil] + 2 + 2B (120 ]

1\*c" ¢  oc
SO_»;wﬂm+ﬁw

Moreover, since C' < C"” and since C"” > 1,

nb nd« TEL

1 2 " c'c c.c”
E[1Zs1—ml?] < (1-3) -+ <

Factorizing by (niil;)ﬁ, we get

1 2 1 B c 1 3u 1 c
. 4 < L - - ! / -
B[z -] < (1-0) (1+3) Gemp+ @+ (143) Grmermey

< <<1_31>2 <1+i)ﬁ+ (C} + ) 2% (n+1)3aﬁ> n _C,_”1)/3'

By definition of ng,

C//
(n+1)F

We now prove that E [||Z,41 — m|?] < ﬁ Since C” < 2C’/, by Lemma 4.3.1 and by

E [[|Zus1 —m|l!] < (4.33)
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induction, there is a constant C"”” > 0 such that

C///
E[||Zy1—m|*] < ———+C3 su E ||| Z¢ — m||*
U2+ } (n4+1)" n/2+1gfgn+1 “' | }
C/// 1 C/
< - 2ﬁ+lc
~ (n+1)* * Y+ 1P (n+1)"

To get E [[| Zy11 — m|?] < (1157/1)4” we only need to take C' > C" + 2/3+1C3W, which

concludes the induction.

The proof is complete for all # > 1 by taking C' > maxy<n,; {n*E [[|Z, —m||*]} and C" >
max, <y, {nPE [||Z, —m|*] }. O

4.5.2 Proof of Theorem 4.4.2

Let us recall the decomposition of the averaged algorithm

_ Zi—m  Zypr—m ”(1 1 ) 1 1
Iy (Zpn—m) = - + —— — | (Zg—m)— =) o+ — .
m (Zn ) ny1 nyn k; Yoo Yk-1 (Z ) ”k; ¢ n}gék+1

We now bound each term on the right-hand side of previous inequality. Note that since
E [||Z, —m|]*] < &, applying Cauchy-Schwarz’s inequality, we have E [||Z, — m||] < /<.
Then,

ne 2C’ 1
< SB[ Zip —m|] <

Cy

e [|=

nyn

2—a”
Cy N

Since « < 1, remark that 2%"‘ > % Moreover, since 7y, 1 'yk_}l < 2ac,, lga=1 thereisa positive
constant C; such that :

1 & B B 2uc;t 1 B
E EZ(Zk_m) (7k1_7k31> u < n’y Z]E[sz—mn]k'x 1
k=2 k=2
2ac1y/C 21 C
7 /2-1 1
= n k; S ek

Note also that since & < 1, we have 1 — a/2 > 1/2. Moreover, since ||6,] < Cp||T,||?, there
is a positive constant C; such that

! n
S
no/ n«

E

Ly
— 0
nk:lk

Cn & 2
< 721[3 [sz_mH ] <
k=1
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<5

We now study the martingale term. Let M be a constant and () be a sequence of positive
real numbers defined by M := 2 > sup;, ||&;|| and 02 :=n > Y} E [||¢k||*| Fk—1]. Applying

Pinelis-Bernstein’s Lemma, we have for all ¢t > 0,

IP( sup
1<k<n

Z1—m
mn

Finally, there is a positive constant C3 such that IE H

k
Y i

j=i

t2
i f) <20 5wz

Consequently,

P <sz1n el t) P ( up

1<k<n

k
Y i

j=1

t2
; t”) <209 |~ s

with ¢/? :== 1/n and N/, := 2/n. As in the proof of Theorem 4.1, there are positive constants
C1, Ch, C} such that for all t > 0,

2 / / /
]P[Hfm(Zn—m)HZt]SZexP[_z (t/2) } c c C

24 T8 ot .
(0/2+ N!'t/6)| nl-a/2 Tt g(t,n)

We search values of t such that g(t,n) < ¢ and we must solve the following system of in-
equalities,

/ /

C C C!
<6/2, —L < 2 < 3 < )
] <6/2, s = 6/6, RS 6/6, s 5/6

(t/2)*
Zexp [_2(%2 T Nut/6)

We get that t must satisfy (see [TY14] , Appendix A, for the martingale term) :
N, 4 6C; 1 6C5 1 6C; 1
f24<3+‘7n>h‘<5>' P2 2w PRy

Since (N% + U,Q) =2+ ﬁ, the other terms are negligible for n large enough and we can

1 1 1
! 1/2=a/2 / =172 / 2
ns 1= max { <5lf1c(14)> p <(51§1C(24)> , <5lf1c(34)> } . (4.34)
5 5 5

choose




Annexe A

Online estimation of the geometric
median in Hilbert spaces : non

asymptotic confidence balls. Appendix

Résumé

Dans cette partie, on rappelle les décompositions des algorithmes avant de donner les
preuves des propositions et lemmes techniques. Plus précisément, on donne la preuve du
Lemme 4.5.1 (lemme qui permet de borner le terme de reste dans la décomposition de Tay-
lor du gradient) ainsi que la preuve de la Proposition 4.3.1 (qui assure que la vitesse obtenue
est bien la vitesse optimale). Finalement, on donne la preuve de la Proposition 4.4.1, qui est
analogue a celle du Théoreme 4.1 dans [Pin94] avant de l'utiliser dans la preuve du Théo-
reme 4.4.1.
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A1 Decomposition of the Robbins-Monro algorithm

First, let us recall some decompositions of the Robbins-Monro algorithm :
Zni1—m=Zy—m—7,DP(Zy) + Ynlni1, (A1)

with ®(h) = —E [Hi(f%zll} forallh € Hand {41 := ®(Z,) + % Note that () is a
sequence of martingale differences adapted to the filtration (F,). Moreover, linearizing the
gradient,

Zy1i—m=2Zy—m— YT (Zy —m) + ¥nCnt1 — Ynbn, (A.2)

with I, the Hessian of the functional G at m and 6, := ® (Z,,) — ', (Z, — m) is the remainder
term in the Taylor’s expansion of the gradient. Finally, by induction, we have

Zn —m = ﬁnfl (Zl _ m) + ‘anan + ﬁnfan, (A.3)
with
n n—1 "
Bu:i=11Un—nTm), My ==Y By 'Crrs
k=1 k=1
n—1
Bo = In, Ro:= Y "B o
k=1

Note that equations (A.1), (A.2) and (A.3) correspond respectively to equations (4.8), (4.14)
and (4.15) in the main document.

A.2 Proof of technical lemma and of Proposition 4.3.1

Proof of Lemma 4.5.1. Using Taylor’s expansion with integral rest,

1
O(Zu) = | Tossizy m(Ze = m)at, (A4)

and 4, = fol (FmH(Zrm) — Fm> (Z, —m)dt. Forall h, i € H, we denote by ¢y, j» the function
defined as follows :

th,h/ . [0, 1] — H
t— @n(t) := Ly (H).
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Let Uy : [0,1] — Ry and Vjr : [0,1] — H be two random functions defined for all
t €10,1] by

1
Unt) = = =]

X —m—thh')(X —m—th)
| X —m — th||?

Vh,h/(t) = h/ - <
Let V], () = Vi (£) = limy o 2070 @ ang 17 (1) = 211, (1) = limy o 21 ©)
Let ¢}, 1,/ (t) = £ @, (1), by dominated convergence, gy, is differentiable on [0,1] and | e <
E [| U (8)] || Vi (B)]] + U (E) | V7 (1) ||] . Using Cauchy-Schwarz inequality,

1
h|
!/ < ||
Vi ()] < 2[[],
4[]l [I%"]
iy s —— .
HVh,h (t)H — ||X—m . fh“

Finally, using assumption (A3),
O 4 e —
Prar i = X — m — th|]2
< 6|h|l|[H'|C.
We obtain forallh € H
1
|@(m +h) =T < [ [Torn(h) = ()]
1
S/O | @nu(t) — @nn(0)]|dt
1
< [ sup llgh () at
t'e[0,t]
< 6C||h|>.
Taking h = Z, —m, foralln > 1:

6]l < CullZn — mHZ/
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with C,,, = 6C. O

Proof of Lemma 4.5.3. In order to use Markov’s inequality, we prove by induction that for all

integer p > 1, there is a positive constant M, such that for all 7 :
E [|Z, — m||*] < M,.

[CCZ13] have proved previous inequality in the particular case p = 1. Decomposition (A.1)

yields
1Zu1 — m|* = |Zw — m|]> + 72 | D(Za) IIP + v2llGnia |1
= 29u(Zn —m, D(Zy)) — 2')’31 (Cnt1, D(Zn)) +29n(Cns1, Zn — m).
Moreover, (Gu1, ®(Zy)) = —(Unt1, ©(Zy)) + |®(Zy)||?. Since [ @(Zu)|| < 1, [|Gusall < 2

and (®(Z,), Z, — m) > 0, applying Cauchy-Schwarz’s inequality, for all n > 1
1Zusr = ml* < 1 Zn = m® + 677 + 270 (Eus1, Zn — m). (A.5)
Using this inequality,
1Zu 1 — m| < (1 Zn — m|? + 672 + 27n(Ens1, Zn — m — 1u®(Z)))"
= 1 (1) @nnlevn, 2= m) (120 =P+ 613)"
= (120 = m? +672)" + 2070 (G, Zo = m) (| Z = m* +692)" " (A6)

+Z( ) @nin, Za = m)) (12— mlP +672)"

—k

—k

We now bound the three terms in (A.6). First, using induction assumptions,
p—1
2=l + X (4120 - muzk(m%)P-k]
k=0
R p
=K [1Z, -] + 3 (§)E 12 - mHZ"} (672
<E [[|1Z0 —m|*] + Z ( >Mk 672)"

—k

E [(||zn — m? +67§)”} —E

Since for allk < p — 1 we have (v2)"" = 0 (72), there is a positive constant C, such that for
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alln > 1,
E | (12— m|? +673)"| <E [1Zu —m]] +Cp}: (A7)

Remark that C, does not depend on 7. Let us now deal with the second term in (A.6). Since
(&n) is a sequence of martingale differences adapted to the filtration (F,) and since Z, is

JF-measurable, forall n > 1,
-1
E (270 (Ens1, Zo — m) (120 —m|> + 692) " 1 7] =0

It remains to bound the last term in (A.6). Applying Cauchy Schwarz’s inequalities, for all
n>1,we get

3 ()8 [@nnleven, 20— m)) (12, — P+ o)

k=2

@rnlEnst Zo—m)) T (” - ") (120 — m|2)P (67%)’]

=0\ J

= Z pzk (P - k) (;}Z) 2k+j3j,y£+2]']E [(@Hllzn _ m))k 1Z, — m||2(p_k_j)}

k=2j=0 \ /

PoEE (p—k\ (p ktinj, k+2i k 2p—k—2j
<y )23 [l 120 — )]

k=2 j=0 \ J

Forall n > 1, since ||&41]] <2,

K o , .
)33 (1) (D)2 [ 120 -]
k=2 j=0
p=k s " . ,
G () (e i)
k=2j=0 \ J k
Finally, using Cauchy-Schwarz’s inequality and by induction, we get
A inj k2] 2p—k—2j
L (77 ) ()29 iz - mipr
k=2 k=2
p—k
. . k 2 T e
( j ><k>22k+]3]7”+]\/]'5 (12— m|[20 =]\ [ Z, — m| 2o+

Z ( i > <k> 22k+j3j7ﬁ+2j\/Mp—l—j\/Mpfkfjﬂ-

| A
o

~.

=
>

| A

¥
i
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Moreover, for all k > 2 and j > 0, 'yﬁj R O(732), so there is a constant C;, such that for all
n>1:

p
k —k
3 (4 (@6 2~ m))* (12, = mlP +602)" ] < 2
k=2

Remark that C;, does not depend on 1. Since Z; is chosen bounded or deterministic, we get

by induction

2
=N

E (| Zus1 — m[[?] <E[|Zy—m]*] + (Cp+C)

D=
=

<E|[|Z1 —m|*] + (CP +C;)

»
I
—_

e
o

<E[|Z—m|*] + (Cp + C;)

T
(X

S Mp/
which concludes the induction.

Applying Markov’s inequality, for all integer p > 1 :

_ E [||Z, — m|?P] M
1 n p
P [Hzn —m| >cn a} = (cnl—a)2p = (ent—0)2p°

To get the result, we take p > ﬁ. This is possible since a # 1.

Proof of Proposition 4.3.1. A lower bound for || Z, —m — ®(Z,)|| is obtained by using decom-
position (A.1). Using Corollary 2.1, for all h € H,

1
1+ 1)1 < | [ T ()t

1
< [ ()
< C||A.

So, there is a rank 7y such that for all n > n,,

1B =y ®(m + ) || = [[|1]] = yul[©@(m + )]
> [[B]l = CoyullR]-
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In a particular case, for all n > ny,
1Zn —m = yu®(Zy)[| = (1= Cyn) [|Zn — m]].
Since limy e IE [||Z, — m||?] = 0, there is a rank 1, such that for all n > nj,
E [Inal?] = 1- B [|9(Z0)7] 2 1- CE |12, - ml].

Finally, since (G,+1) is a sequence of martingale differences adapted to the filtration (F;),
there is a rank 117 > nj, such that for all n > n;,

E [[|Zis1 —m|*] > (1= Cya)*E [ Zy — m|*] + 75 (1-2C7E [||Z, — m|*])
> (1=2Cy) E [[|Zn — m|*] + 7.
We can prove by induction that there is a positive constant Cy such that for all n > 4,
Co
E (12— m]?) > 2.

To conclude the proof, we just have to take C' := min {minj<,<y, {E [||Z, — m||*] n*} ,Co}.
O

A.3 Proofs of Proposition 4.4.1 and Theorem 4.4.1

Proof of Proposition 4.4.1. As in [Pin94], For all integer j,n > 1 such that 2 < j < n, let us
define

j—1
fj,n = Z 'Yk,anl,BlzlékJrl/
k=1

dj,n = fj,n _fjfl,n = ﬁn—lﬂfjlvjflgj/
ejn:=E [ede,nH 1- de,nH\]:jq} )

with fp,, = 0. Remark that forallk <n —1,

E {ﬁn—lﬁ;?lékﬂffk] =0.

We cannot apply directly Theorem 3.1 of [Pin94] because the sequence (ﬁn_l ﬁk_lng) is
not properly a martingale differences sequence. As in [Pin94], for all t € [0, 1], let us define
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u(t) := ||x + to||, with x,v € H. We have for all t € [0,1], u'(t) < [|v|| and (u2(t))" < 2[|o||
Moreover, since for all u € R, coshu > sinh u, we also get

(coshu)”(t) < ||v]|? coshu
Let ¢(t) := E [cosh (|| fj—1,» + td;.|) |F;],

¢" () < E [||d;a* cosh ([ fi-1,n + tedjull) | Fj1]
<E [||d].,n||zetnd/,n>|| cosh (|| fi—1.0]) |fj_1] ,

Moreover, since (§,) is a sequence of martingale differences adapted to the filtration (F,),
forallj > 1, E [dj,|Fj_1] =0and ¢'(0) = 0. We get for all j > 1 such that j <,

E [cosh (|} 17i-1] = p(1)
1
= p(0)+ [ (=g (t)at
< (1+ej,) cosh (|| fi—1,ll) -

cosh([ i)

Let Gy :=1and forall2 <j <mn,letG; := —;
Hf:2(1+ei,n)

. Using previous inequality, since ¢; 1,

is ]-}measurable,

cosh (|| fi+1n
sicpir] =& [il22li
_ E [cosh ([| i) | 7]

i+1
?J:rz (1+ein)

(1 + ej1,) cosh (]| i)

i1
giz (1+ein)

<

=G,
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By induction, E [G,]| < E [G1] < 1. Finally,

Pl fanll > 7] <P |Gy > coshr ]

n —
i HH?:z(l‘f’ej,n)

cplg, >l ew)
2|, +¢j)

n
<2E [Gule " [JTJ(1 +en)
j=2
n
<2 " (T +ejn)
j=2

O

Proof of Theorem 4.4.1. Using Theorem 4.3.1, one can check that E [||8,_1R,[]] = O (:k). In-
deed, applying Lemma 4.5.1,

n—1
E [[|Bn-1Rnl]] < kZ Yll Bru-1Bi* I1E [[I k1]
=1
n—1
< Cm k; Yl BBy IE [1Z6 — ml?] .

Moreover, with calculus similar to the ones for the upper bound of the martingale term in
the proof of Lemma 4.3.1 and applying Theorem 4.3.1,

n—1 B n—1 1 B
Cm Z ’YkH;anLBk 1H]E [sz - m”z] < Cmclcv Z kﬁ”ﬁrzfllgk 1H
k=1 k=1

-o(2)

Finally, the deterministic term B,_1(Z; — m) converges exponentially to 0. So, there are po-
sitive constants Cy, C{, C; such that

P(1Z, —ml 2 1 < P10 2 | LGl (AS)

t I Clefqnlia G 1
t2 n* t

We now give a "good" choice of sequences (N,;) and (¢2) to apply Corollary 4.4.2.
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Step 1 : Choice of N, : Since ‘

ﬁn,LB,;lH < ¢ MYk and since ||&,11]| < 2, we have

. n—1 X
1Bn—1B; ' Ehsall < 2eyyge MM Likn Y if k £ n — 1, where Amin is the smallest eigenvalue of
I';,. With calculus analogous to the ones for the bound of the martingale term in the proof of
Lemma 4.3.1, one can check thatif k < n/2,

_ _ . 1—u
1Bu—1Bi vilril| < 2000 Fhminea™

Moreover, if k > n/2and k #n —1,

—Amin V-[:lirl Y o 1

2cryke j= < 20077k < 2¢92 Cvﬁ-
Finally, if k =n —1,
_ 1

|Bn-1By 1'Yn71§n’| < Cvzaﬁ~
Let Cy := max {SuprZZl {e_umi“””mn”‘} ,2¢7, 1}, thus foralln > 1,
SUP< 1 {1Bn-1BivkCrsall} < %V So we take

C
N, = an (A.9)

2
l%nflﬁi?l'Yk‘:kHH ‘fk] <

Indeed, we just have to divide the sum into two parts, the first one converges expo-

Step 2 : Choice of 7 : In the same way, for n enough large, we have Y/ | E D

2ua+1 ¢y 1
cp ntct
nentially to 0, and is lower than the second one from a certain rank. For n large enough, we

can take
21+oz 1

0'1% — CV?E' (A].O)

Using inequality (A.8) and Corollary 4.4.2,

(t/2)2 Cle—qnl_”‘ G, 1 B
2(U%+Nn(t/2)/3)> t Ty = flm).

P[||Zy —m]| > t] <2exp (—
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We look for values of t for which f(t,n) < . We search to solve :

(t/2)?
2exp <_2(0'%-|-I\]nt/6)> S 5/2/

7C/n1*06
ac <o,
Gl

<0/

We get (see [TY14], Appendix A, for the exponential term) :
N, 4
t>4 (3” —|—¢7n> lng,

Cle_qnlﬂx
t>24) —,
- )

G 1
t>4—=—.
- n*d

Let us take a rank n; such that for all n > n;, with (A.10),

N, 4 Cie Gt
— In=- > P
4< 3 +(Tn> n(s >2 5 ,

N, 4 G 1

Thus, for all n > ns, with probability at least 1 — ¢ :

N 4
|Zy —m| <4 <3"—|—Un> lng

(A.11)
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Chapitre 5

Estimating the geometric median in
Hilbert spaces with stochastic gradient
algorithms : LP and almost sure rates of

convergence

Résumé

Au Chapitre 4, nous avons donné des boules de confiance non asymptotiques pour les
estimateurs de la médiane introduits par [CCZ13]. Cependant, ces résultats ne nous per-
mettaient pas de pouvoir établir la convergence des estimateurs de la "Median Covariation
Matrix", par exemple. Ce travail a pour but d’étudier plus précisément le comportement
asymptotique des estimateurs récursifs de la médiane géométrique définis par (4.3) et (4.4).
Pour cela, on donne les vitesses L7 de I'algorithme de gradient stochastique (Théoreme 5.4.1)
ainsi que celles de 1’algorithme moyenné (Théoreme 5.4.2). De plus on montre que ces der-
nieres vitesses sont optimales (Proposition 5.4.1). Enfin, on donne les vitesses de conver-
gences presque stre de I'algorithme de Robbins-Monro (Théoréme 5.5.1) et de son moyenné
(Corollaire 5.5.1).

This Chapter is based on a work accepted in Journal of Multivariate Analysis ([GB15]).
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Abstract

The geometric median, also called L!-median, is often used in robust statistics. Moreo-
ver, it is more and more usual to deal with large samples taking values in high dimensional
spaces. In this context, a fast recursive estimator has been introduced by [CCZ13]. This work
aims at studying more precisely the asymptotic behavior of the estimators of the geometric
median based on such non linear stochastic gradient algorithms. The L” rates of convergence
as well as almost sure rates of convergence of these estimators are derived in general sepa-
rable Hilbert spaces. Moreover, the optimal rates of convergence in quadratic mean of the
averaged algorithm are also given.
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5.1 Introduction

The geometric median, also called Ll-median, is a generalization of the real median in-
troduced by [Hal48]. In the multivariate case, it is closely related to the Fermat-Webber’s
problem (see [WF29]), which consists in finding a point minimizing the sum of distances
from given points. This is a well known convex optimization problem. The literature is very
wide on the estimation of the solution of this problem. One of the most usual method is to
use Weiszfeld’s algorithm (see [Kuh73]), or more recently, to use the algorithm proposed by
[BS15].

In the more general context of Banach spaces, [Kem87] gives many properties on the me-
dian, such as its existence, its uniqueness, and maybe the most important, its robustness. Be-
cause of this last property, the median is often used in robust statistics. For example, [Min14]
considers it in order to get much tighter concentration bounds for aggregation of estimators.
[CCM12] propose a recursive algorithm using the median for clustering, which is few sen-
sitive to outliers than the k-means. One can also see [CC14], [Cuel4], [BBT"11] or [Ger08]
among others for other examples.

In this context, several estimators of the median are proposed in the literature. In the
multivariate case, one of the most usual method is to consider the Fermat-Webber’s pro-
blem generated by the sample, and to solve it using Weiszfeld’s algorithm (see [VZ00] and
[MNO10] for example). This method is fast, but can encounter many difficulties when we
deal with a large sample taking values in relatively high dimensional spaces. Indeed, since
it requires to store all the data, it can be difficult or impossible to perform the algorithm.

Dealing with high dimensional of functional data is more and more usual. There exists
a large recent literature on functional data analysis (see [BSGV14], [FV06] or [SR05] for
example), but few of them speak about robustness (see [Cad01] and [Cuel4]).

In this large sample and high dimensional context, recursive algorithms have been in-
troduced by [CCZ13]; a stochastic gradient algorithm, or Robbins-Monro algorithm (see
[RM51], [BDMO1], [Duf97], [BMP90], [KY03] among others), and its averaged version (see
[PJ92]). It enables us to estimate the median in Hilbert spaces, whose dimension is not ne-
cessarily finite, such as functional spaces. The advantage of these algorithms is that they can
treat all the data, can be simply updated, and do not require too much computational efforts.
Moreover, it has been proven in [CCZ13] that the averaged version and the estimator pro-
posed by [VZ00] have the same asymptotic distribution. Other properties were given, such
as the strong consistency of these algorithms. Moreover, the optimal rate of convergence in
quadratic mean of the Robbins-monro algorithm as well as non asymptotic confidence balls
for both algorithms are given in [CCGB15].
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The aim of this work is to give new asymptotic convergence properties in order to have
a deeper knowledge of the asymptotic behaviour of these algorithms. Optimal L” rates of
convergence for the Robbins-Monro algorithm are given. This enables, in a first time, to get
the optimal rate of convergence in quadratic mean of the averaged algorithm. In a second
time, it enables us to get the L? rates of convergence. In a third time, thanks to these results,
applying Borel-Cantelli’s Lemma, we give an almost sure rate of convergence of the Robbins-
Monro algorithm. Finally, applying a law of large numbers for martingales (see [Duf97] for
example), we give an almost sure rate of convergence of the averaged algorithm.

The paper is organized as follows. In Section 5.2, we recall the definition of the median
and some important convexity properties. The Robbins-Monro algorithm and its averaged
version are defined in Section 5.3. After recalling the rate of convergence in quadratic mean
of the Robbins-Monro algorithm given by [CCGB15], we give the LP-rates of convergence
of the stochastic gradient algorithm as well as the optimal rate of convergence in quadratic
mean of the averaged algorithm in Section 5.4. Finally, almost sure rates of convergence of
the algorithms are given in Section 5.5. The lemma that help understanding the structure of
the proofs are given all along the text, but the proofs are postponed in an Section 5.6 and in
a supplementary file.

5.2 Definitions and convexity properties

Let H be a separable Hilbert space, we denote by (.,.) its inner product and by ||.|| the
associated norm. Let X be a random variable taking values in H, the geometric median m of
X is defined by

= inE [|| X — k| — || X]]- 5.1
m = argmin E (| X — | | X|] 1)

We suppose from now that the following assumptions are fulfilled :
(A1) X is not concentrated on a straight line : for all # € H, there is i/ € H such that
(h,h') = 0and Var ((X,h')) > 0.
(A2) X is not concentrated around single points : there is a positive constant C such that
forallh € H,

1 1
B[] <© =
X -1 HX—hW]

Remark that since E {ﬁ} < C, as a particular case, E [m] < +/C. Note that for

the sake of simplicity, even if it means supposing C > 1, we take C instead of v/C. As-
sumption (A1) ensures that the median m is uniquely defined [Kem87]. Assumption (A2) is
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not restrictive whenever d > 3, where d is the dimension of H, not necessarily finite (see
[CCZ13] and [Cha92] for more details). Note that many convergence results can be found
without Assumption (A2) if we deal with data taking values in compact sets (see [ADPY12]

or [Yan10] for example).

Let G be the function we would like to minimize. It is defined for all » € H by
G(h) == E[|[X —h| - [X]].

This function is convex and many convexity properties are given in [Cha92], [Ger(08], [CCZ13]
and [CCGB15]. We recall two important ones :

(P1) G is Fréchet-differentiable and its gradient is given for all 1 € H by

@@%:VAL:—E[X_h].

| X —h]|
The median m is the unique zero of ®.

(P2) G is twice differentiable and for all i € H, I, stands for the Hessian of G at h. Thus,
H admits an orthonormal basis composed of eigenvectors of I';, and let (A, ;) be the
eigenvalues of ', we have 0 < A, < C.

Moreover, for all positive constant A, there is a positive constant c4 such that for all
heB(0,A),ca <A <C.

As a particular case, let Apmin be the smallest eigenvalue of I'y,, there is a positive
constant ¢;,; such that 0 < ¢, < Apin < C.

5.3 The algorithms

Let Xy, ...., Xy, ... be independent random variables with the same law as X. We recall the

algorithm for estimation of the geometric median, defined as follows :

Xﬁ+1_‘Zn

—_—, 52
i1 — Za] 62

Zn+1::Zn*‘7n

where the initialization Z; is chosen bounded (Z; = Xi1y)x,|<m) for example) or determi-

nistic. The sequence (7, ) of steps is positive and verifies the following usual conditions

Y =00, Y Y < .

n>1 n>1
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The averaged version of the algorithm (see [PJ92], [CCZ13]) is given iteratively by

1
n+1

NI

n+1 = Zi’l — (zn - Z1’l+1) 7 (53)

where Z; = Z;. This can be written as Z,, = 1 Y1, Z;.

The algorithm defined by (5.2) is a stochastic gradient or Robbins-Monro algorithm. In-
deed, it can be written as follows :

Zn+1 - Zn - ’)’nq)(zn) + ')’nén—q—l/ (54)

where {11 1= D(Z,) + % Let F, be the o-algebra defined by F, := o (X3, ..., Xn) =

o (Zi,...,Zy). Thus, (&,) is a sequence of martingale differences adapted to the filtration (F,).
Indeed, for all n > 1, we have almost surely E [¢,11|F,] = 0. Linearizing the gradient,

Zn+1 —m= (IH - 'anm) (Zn - m) + 'Ynén—&-l - /)’nén/ (55)

with §, := ®(Z,) — T, (Z, — m). Note that there is a positive deterministic constant C,, such
that for all n > 1 (see [CCGB15]), almost surely,

16ull < Con | Zs — m|>. (5.6)

Moreover, since ®(Z,) = fol Lyit(z,—m)(Zn — m)dt, applying convexity property (P2), one
can check that almost surely
16ul] < 2C [ Zy —m][ (5.7)

5.4 L’ rates convergence of the algorithms

We now consider a step sequence () of the form v, = ¢,n™* with¢, > 0 and a €
(1/2,1). The optimal rate of convergence in quadratic mean of the Robbins-Monro algorithm
is given in [CCGB15]. Indeed, it was proven that there are positive constants ¢/, C' such that
foralln > 1,

(5.8)

¢ <E 1Zn = m|?] < <

Moreover, the L? rates of convergence were not given, but it was proven that the p-th mo-
ments are bounded for all integer p : there exists a positive constant M, such that for all
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n>1,
E [||Z, - m|*] < M, (5.9)

5.4.1 L rates of convergence of the Robbins-Monro algorithm

Theorem 5.4.1. Assume (A1) and (A2) hold. For all p > 1, there is a positive constant Ky such that
foralln > 1,

K
— ml* -r
E (|2, —m|[*] < L. (5.10)
As a corollary, applying Cauchy-Schwarz's inequality, for all p > 1 and for all n > 1,
VK
E [[|Zy —m[|"] < 5" (5.11)

nz
The proof is given in Section 5.6. Since it was proven (see [CCGB15]) that the rate for
p = 1is the optimal one, one can check, applying Holder’s inequality, that the given ones
for p > 2 are also optimal. In order to prove this theorem with a strong induction on p
and n, we have to introduce two technical lemma. The first one gives an upper bound for
E [HZHH —m|* } when inequality (5.10) is verified for all integer from 0 to p — 1, i.e when
the strong induction assumptions are verified.

Lemma 5.4.1. Assume (A1) and (A2) hold, let p > 2, if inequality (5.10) is verified for all integer
fom 0 to p — 1, there are a rank n, and non-negative constants co, C1, Ca such that for all n > n,,

C
o 2p - o 2p 1 - 2p+2
E [1Zus = ml] < (1= comn) B[ 1Z0 = ml?] + — 2o+ ConE [120 = m| }(5.12)

The proof is given in Section 5.6. The following lemma gives an upper bound of
E [HZHl — m|* +2} when inequality (5.10) is verified for all integer from 0 to p — 1,i.e when
the strong induction assumptions are verified.

Lemma 5.4.2. Assume (A1) and (A2) hold, let p > 2, if inequality (5.10) is verified for all integer
from 0 to p — 1, there are a rank n, and non-negative constants Cy, C} such that for all n > n,,

/

2\ P*! C
B 1z (1-2) "5 1z Sl i 12, - i)
(5.13)

The proof is given in 5.6. Note that for the sake of simplicity, we denote by the same way
the ranks in Lemma 5.4.1 and Lemma 5.4.2.
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5.4.2 Optimal rate of convergence in quadratic mean and L7 rates of converge of
the averaged algorithm

As done in [CCZ13] and [Pel00], summing equalities (5.5) and applying Abel’s transform,

we get
_ E o Tn+1

o n 1 1 n n
nl'y, (£, —m) = — + Ty ( - > + O + Chkat, (5.14)
" ( " ) T Yn k; Ye o Vk-1 k; k:Z{ o

with Ty := Z; — m. Using this decomposition and Theorem 5.4.1, we can derive the L? rates

of convergence of the averaged algorithm.

Theorem 5.4.2. Assume (A1) and (A2) hold, for all integer p > 1, there is a positive constant A,
such that foralln > 1,

E|[|[Z,—m|”] < Ay (5.15)

= W

The proof is given in Section 5.6. It heavily relies on Theorem 5.4.1 and on the following
lemma which gives a bound of the p-th moments of the sum of (non necessarily independent)
random variables. Note that this is probably not a new result but we were not able to find a

proof in a published reference.

Lemma 5.4.3. Let Y1, ..., Y, be random variables taking values in a normed vector space such that for
all positive constant q and for all k > 1, E [||Yx||7] < oo. Thus, for all constants ay, ..., a, and for all

integer p,
P
E

n n 1 p
3| | < (z el (B ummw) 516)
k=1 k=1

The proof is given in a supplementary file. Finally, the following proposition ensures that

the rate of convergence in quadratic mean given by Theorem 5.4.2 is the optimal one.

Proposition 5.4.1. Assume (A1) and (A2) hold, there is a positive constant ¢ such that foralln > 1,

= 2 c
E [Ze - ml] > &.
n
Note that applying Holder’s inequality, previous proposition also ensures that the L
rates of convergence given by Theorem 5.4.2 are the optimal ones.

5.5 Almost sure rates of convergence

It is proven in [CCZ13] that the Robbins-Monro algorithm converges almost surely to the
geometric median. A direct application of Theorem 5.4.1 and Borel-Cantelli’s lemma gives
the following rates of convergence.
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Theorem 5.5.1. Assume (A1) and (A2) hold, for all B < a,

1
|Zp —m|| =0 <115/2> a.s. (5.17)

The proof is given in a supplementary file. As a corollary, using decomposition (5.14)
and Theorem 5.5.1, we get the following bound of the rate of convergence of the averaged

algorithm :
Corollary 5.5.1. Assume (A1) and (A2) hold, for all 6 > 0,
_ 1
|Zy —m|| =0 (%) a.s. (5.18)

The proof is given in a supplementary file.
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5.6 Proofs

5.6.1 Proofs of Section 5.4.1

First we recall some technical inequalities (see [Pet95] for example).
Lemma 5.6.1. Let a, b, c be positive constants. Thus,

2 2 2
a b=c c a
b< —+ —, < -4 —.
a_2c+2 a_2+2c

Moreover let k, p be positive integers and ay, ..., a, be positive constants. Thus,

Poo\* p
(£a) i L4
i=1 i=1

Proof of Lemma 5.4.2. We suppose from now that for all k < p — 1, there is a positive constant

Ky such that foralln > 1,
Ke

E (|12, —m|*] < 2k,

(5.19)
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Using decomposition (5.4) and Cauchy-Schwarz’s inequality, since by definition of ¢, 1 we
have ||€1’l+1H -2 <<I)(Zn)/ €n+1> <1

1 Zows1 — m))* = (| Zu — 1 = 0@ (Z) > + 22 | Enra |+ 29n (Zoe — 11— 1u®(Z), Enta)
< || Zn — m = yu®(Z)||* + V2 + 290 (Zu — 1, Epr) -

LetV, := ||Z, —m — v, P(Z,) HZ Using previous inequality,

+1
HZn—i-l - mH2p+2 < (Vn + '7% + 2p <€n+1/ Ly — m>)P
+1
= (Vu+22)"" +2(p + 1) 7 (Ens1, Zu — m) (Vu +12)" (5.20)
p+1
+1 1—k
+) (p L > (290 (€1, Zn — m))* (Vs +7§)”+ . (5.21)
k=2

We shall upper bound the three terms in (5.20) and (5.21). Applying Cauchy-Schwarz’s in-
equality and since almost surely ||®(Z,)|| < C ||Z, —m]||,
Vi = 1|1Zn = m|* = 290 (Zy — m, ®(Z)) + 77 ||CD<ZH>||2
<N Zu—m|* +2Cyn | Zu = ml|* + 75 C* | Zo — m||*
< (14¢,C) || Zy — m|*. (5.22)

We now bound the expectation of the first term in (5.20). Indeed,

E|(Va+ 7)) | =BV + (p+ DR V] +:Z: <P:1>ﬁ(”“‘k)ﬂi vi]

<E [V + (p+1) (14 6,00% 22 [ 20 — m|¥]

_I_
p—1
+1 _
S8 (MET) e 0 R [z, - ).
Applying inequality (5.19),

p —I|{— 1) (1+ CWC)Zk r)/%(p—&-l—k)&

R p+1 % 2(p+1-k) 2%k
L (771) (oo R [z, - m] < K

k=0 k

n(2p+2—k)a
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As a conclusion, there is a non-negative constant A; such that foralln > 1,

Ay

[(Vn + vn)”“} <E [V,f“} +(p+1) (1+c,C)? 12E [Hzn - muzf’} n (5.23)

We now bound the second term in (5.20). Using the facts that (&,,+1) is a sequence of martin-
gale differences adapted to the filtration (F,) and that Z, is F,-measurable,

E [2(10 + 1) yn (Cns1, Zn — m) (Vi + 'r%)”} =0. (5.24)

Finally, we bound the last term in (5.21), denoted by (x). Since almost surely ||&,| < 2,
applying Cauchy-Schwarz’s inequality,

p+1p+1—k ) .
Y1\ (p+1—k e
sl L (0 ] i £ A R O

p+1 p+1 —k 1 1—k ) )
<y Z (p + ) (p +], )z%ﬁ”k 1Z,y — m|* VTR (5.25)
k=2 j=

Since almost surely V,, < (1+ C7C)2 1Z,, — m||* (see inequality (5.22)),

p+1p+1-k 1 1_k ) ) .
< Z Z <p + > (p +] >22k,)/721]+k (1 + C7C)2p+272k72] HZn o mHZP-FZ—k—Z]

p+1 p+l k _ , ' _
=3 E (P —]|{— 1) (p +} k) 22k7%]+k (1+ C7C>2p+272k72] 12 — mH2p+27k72] (5.26)

p+1
+1 ks :
+Y <” )zzk (14 ¢, C)2F 222 | 7, — gy 22K

+16<szr >75 (1+c%,c2‘)2’” 1 Zy — m|* . (5.27)

We bound the expectation of the two first terms on the right-hand side of (5.26). For the first
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one, applying Cauchy-Schwarz’s inequality,
pplymg y q Y

p+1 p+1—k 1 1k , _ ‘
Z Z <p + ) (p +j )zzk,)/ﬁ]-‘rk (1+ cA,C)Zp“*Zk’Z] 12, — mH2p+2k2}]

EE e

92k 2k (1+ CWC)2P+2—2k—2]' \/]E [Hzn - m||2(p—]')} E [HZ” _ m||2(p—k—j+z)]

Applying inequality (5.19),
p+1p+1—k 1 1—k , ' '
Z E <p + ) (p +j )22k,y$z]+k (1+ cAYC)Z’”*Z*Zk*Z] 12, — mHZp—i—Z—k—Z]]
1p+1—k

<EZ ] Py npk1+2

n 2
o 1 .

Similarly, for the second term on the right-hand side of (5.26), applying Cauchy-Schwarz’s
inequality, let

s, p+1\ ok 2p4+2-2k 2p+2—k
(o= 1 (73 )P (4 0P R E [z, - ]

p+1
+1 ) B
< <”k )22% (1+¢,C) 2% E [||Zn—m|\2p+2 k}

k=4
.+64<p ; 1) (1+4¢,C)" *E [||zn - mHZP*l}

ARSyENES AN 2p+2-2k 2(p+3—k) 2(p-1)
<3 (") e e (12— ) E [z, )

1 . .
+64<”§ >(1+07C)2p ‘E [||zn—m|\2P 1}.
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Applying Lemma 5.6.1 and inequality (5.19)

p+l K, 3 K,

3
1 +1 -
o) (157 o]

Finally, let us denote by (* * %) the expectation of the term in (5.21), there is a positive
constant A, such that foralln > 1,

-+&(V*§<1+qcfp43( (10— mI?] +E [0~ miP )

+1
(rr0) < +16<p2 >(1+CVC)%211E 1Z0 = m ||
1 _
+32(’”3r >(1+c,yc:)2” ‘3K [Hzn—muzf’}. (5.28)

Applying inequalities (5.23),(5.24) and (5.28), there are positive constants C, C} such that for
alln > 1,

//

n()

E || Zus —m|?) <E [V + +CRE [|1Zu—m?]. (529

In order to conclude, we need to bound E [V,f H} . Applying Lemma 5.2 in [CCGB15], there

are a positive constant c and a rank n, such that for all n > n,,

2\ 2p42
E [V M 2, <emt- a}} (1—n> ]E[HZn—mHV } (5.30)

1—a

Finally, since there is a positive constant ¢y such that almost surely ||Z, —m|| < con'™* and

since almost surely V;, < (1 + ¢,C)*(|Z, — m||?,

2 2 2p+2
IE[V 2, - «}} (14, C)F" [HZn—mH a ﬂ{nzn—mnmlfa}}

< (146, €72 a0 (1, s sy

= (14¢,C)# 2P 2r+20-0p (||Zn —m| > cn1*”‘> :
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Applying inequality (5.9) and Markov’s inequality,

—
JE (12— m|]
(Cn)Zq(lfa)

2p+2 -
_ (1+ CWC)2P+2 COP+ n(2p+2)(1-a) M,
- c29(1-a) n2q(1—a)

1 2p+2 _
E V,er ﬂ{”Z,ﬁmHchl*”‘}} < (1 +C7C)2p+2 COP+ n(2P+2)(1 o

1
=0 <n2q<1—a>—<2p+z)<1—a)> '

Taking g > p+1+ L2122,

p+1 - 1
E VI M 7, -myseny | = O <n(p+2)) . (5.31)

Finally, using inequalities (5.29) to (5.31), there is a positive constant C; such that for all
n 2 N,

2 p+1 C!
el 7] ¢ (1- 2 " [ S ).
(5.32)

O]

Proof of Lemma 5.4.1. Since the eigenvalues of I';, belong to [Amin, C], there are a rank 1, and

a positive constant ¢’ such that for all n > n,, we have ||Ig — v, < 1 — Aminyn and

lop
0 < (1- /\min'yn)z +4C%92 < 1 —cy,. Using decomposition (5.5) and Cauchy-Schwarz’s
inequality, since ||6,|| < 2C||Z, — m|| and ||Eps1||* — 2 (D(Z,), Ens1) < 1, we have for all

n 2 Ny,

||Zn+1 - mH2 < (1 - )\min')/n)z HZn - mH2 + 2, <‘§n+1/ Zy—m— 'YnCD(Zn»
— 29 (It = aTm) (Z = m) , 8) + 73 18u)1 + 72 10 |

< (1= ) 1Zo = mlP + 290 1 Zu = m ]| 18]+ 92 + 27 (Zo — m, i)
(5.33)
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Thus, for all integers p > 1 and n > n,,

E (| Zos1 = m| < (1= 0) B 120 = m | Zoss = m] 77|
+ 294 || Zo = m [3u | Zos1 = ml™ 7] + 72 [ Zsr — ] 7]
+ 290 [(Zy = 1, G | Zusa — ml? 2] (5.34)
In order to bound each term in previous inequality, we give a new upper bound of ||Z,, 1 — m|* 2.

By convexity of G, we have almost surely V,, < ||Z, —m H2 + 92, and inequality (5.20) can be
written as

2p—2 2 p-1 p—2
1Zasr = ml? < (1Z0 = mlP+22)" "+ 20p = D (@t Zo— m) (120 — m]> +2)

p—1 -1 p—1-k
# X (") 2w i za = (12, - i+ 2)
k=2 k

Applying Cauchy-Schwarz’s inequality, since ||&,+1]| < 2,

— p-1 p—2
Zuss =2 < (1Z0=mIP+22)" 4200 =130 @asr, Zo— m) (120 = ml+72)

(5.35)
(= =1\, k k 2 2\
+ % (P )zl (12— ml +3)
k=2

Note that if p < 2, the last term on the right-hand side of previous inequality is equal to 0.

Applying previous inequality, we can now bound each term in inequality (5.34).

Step 1: Bounding (1 —¢y,) E [||Zn —m|* || Zps1 — m||2”_2} )

We will bound each term which appears when we multiply (1 — ¢, || Z, — m||* by the
bound given by inequality (5.35). First, applying inequalities (5.19),

p—1
[ (1- ) 12—l (120l +3)"]
p—2 -1 L
=(1-cm)E [HZn - MHZ’”} +y <p ; ) (1=c'y,) 7a?YE [Hzn _ mHZ"“]
k=0

=2/, 1 - K
<(1—d7)E [||zn —ml\ﬂ +k§ <p L > (1= ) P Hﬁ-



138 Estimating the geometric median : L? and almost sure rates of convergence

Since for all k < p — 2, we have 2p —1 — k > p + 1, there is a positive constant B; such that
forall n > n,,

2 2, 2\t 2 By
E[(l—c'w 1Z0 = m? (1120 = m|* +13) }s(l—cmm[nzn—mu |+

(5.36)
Moreover, using the facts that (¢, ) is a martingale differences sequence adapted to the filtra-
tion (F,), and that Z, is F,-measurable,

E [(1 — V) 1 Zn = m)*2(p = 1) Y (G, Zu — m) (HZn —m|*+ vﬁ)pz} =0. (537)

We can now suppose that p > 3, since otherwise the last term in inequality (5.35) is equal to
0. Let

(*):=(1—cvu) E

Pl q 1k

k p

jzo =l T (7 )2 12—l (120 =l 72) ]
k=2

< (1 . C/%) Z;: (P ; 1>2p—2+k,)/17<1 (]E [HZ” . mHprk} _’_,ﬁl(p—l—k)ﬂa [Hzn B mHkHD .

Applying Cauchy-Schwarz’s inequality,

Pl
() < (T=cm) ) <p ¢ 1>2’“+"7’,§

k=2
<\/IE (10 = 7 0) B 12 = w2210 4 20710, i 2, = ] 12 - m||4]>

Finally, applying inequality (5.19),

= (p- VKK k
(5) < (1—cm) ¥ (” X 1)2P—2+k7§ <ppk (p1-0) VKK )

(p—k/2)a Tn (20

k=2 n 2

1
_0 (NH)) , (5.38)

because forall2 <k <p—1landp > 3,wehavep+k/2>p+1land2p — %k—l >p+1
Thus, there is a positive constant B] such that for all n > n,,

B
n(p“rl)ﬂ( '

E (1= ¢va) 1 Zn = mlP | Zosa = m|™ 7] < (1= 7a) E [[|Z0 —m|*] + (5.39)
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Step 2: Bounding 27, E [(gnﬂ,zn —m) || Zps1 — m||2p_2} )

Applying the fact that () is a martingale differences sequence adapted to the filtration
(Fn) and applying inequality (5.35), let

(5x) 1= B |27 (Gus1, Zo — m) || Zusa — |7

<4(p—1)VE [<¢n+1,zn —m)? (1120 = ml + “@p_z]

Since ||, +1]| < 2 and applying Cauchy-Schwarz’s inequality,
() < 4(p = D [ ([Eusall 12— ml)? (120 =P+ 22)"
< 16(p ~ 12E |20~ P (12, - m]*+2)" .
With the help of Lemma 5.6.1,
(x0x) 27 2(p = )72 (B [1Z0 = mP" V] + 2272 E 120 = m?] ),

Applying previous inequality and inequality (5.19), there is a positive constant B} such that

- B’
E (270 (€1, Zn = m) | Zuy = m|[ %) < 2 (5.40)
. : 2 2p-2
Step 3 : Bounding v;E [HZHH —ml| }
Applying inequality (5.19),
K,_
2p-2 1
72E [HZnJrl —m|| } < ’Y%W
1

Step 4 : Bounding 2, E [HZH — 1| |8n | | Zns1 — mHprz} .

Asinstep 1, we will bound each term which appears when we multiply 2y, || Z, — m|| ||6x]]
by the bound given by inequality (5.35). Since almost surely ||6,| < 2C ||Z, — m||, applying
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inequality (5.38), one can check

Pl q 1k
k 2 p
23 (120 =l 16l T, (7 ) 2ok 120 =l (120 =+ 72) ]
k=2
Pl rp—1 “1-k
k p
<acn |12, - w2 T (P 1) 2k 120 = ml (120 i+ 72) ]
k=2

_ 1

Moreover, since (§,) is a martingale differences sequence adapted to the filtration (F;,),
2 2\P?
E |29 1|Z0 = m 812 (p = 1) (G, Zn = m) (1w = m|* +12)" 7| =0.
Finally, since almost surely ||, || < Cy, ||Z, — m||*and ||6,|| < 2C || Z, — m||, applying Lemma 5.6.1,

p—1
(ke %) i= B [zvn 120 =] 3l (1120 = m]l* +2) ]
_ — —1 2p—-1
< 27U [||Z0 — mlPP 10l | + 207 T B (1120 — ) 10l

< 2N Coult |10 — m|[P7 ] 2 Cl T (12— .

Applying Lemma 5.6.1,

1 ’ 2p 2p—2C1%1 2p+2 1
(k%) < SCVE | Zy = m|[*"| + 2222y, E |2, — m][ 772 + O s )

Thus, there are positive constants Bj, B such that

2p-2] _ 1 2 2p+2 B,
2 |1 Zu = m]| 18]l |1 Zur = m|* 72| < S0l [1Z = m][P ]+ Bayalf |12 — m|[72] + — P,
(5.42)

Step 5 : Conclusion. Taking cy = %c’ , applying inequalities (5.39),(5.40),(5.41) and (5.42),

there are positive constants Cy, C, such that for all n > n,,

2 2 G 2p+2
E |1 Zuer = mlP?| < (1= cova) B [[1Z = m|[*] 4+ o2+ Covalf [ 112, — m|772]

Proof of Theorem 5.4.1. We prove with the help of a complete induction that for all p > 1, and
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forall B € (a, prz(x — %), there are positive constants K, Cg , such that forall n > 1,

E [z - mlP"] < 2 B (12, - m|??] < B2,

This result is proven in [CCGB15] for p = 1. Let p > 2 and let us suppose from now that for
all integer k < p — 1, there are positive constant Ky such that foralln > 1,

E (12, - mlP] < 2 5.43)

We now split the end of the proof into two steps.

Step 1: Calibration of the constants.

In order to simplify the demonstration thereafter, we introduce some constants and nota-

tions. Let B be a Constant such that £ ;2 % > B > aandletK), K p g be constants such that
/
iy > Kp > 1. By definition

K, > 214PxCycy et (Cy is defined in Lemma 5.4.1), and 2K, > K]
of B, there is a rank n, g > 1, (n, is defined in Lemma 5.4.1 and in Lemma 5.4.2) such that
foralln > n, g,

n+1\" 1 20+PP e, Gy
— = <
(1= cov) ( > TR0t (n+1)c+B-a)p = L
2\ S 1\ PP L 1
S (p+2)a
<1 n) < - ) + (C1+Cic3) 2 TR <1, (5.44)

with C; defined in Lemma 5.4.1 and C}, C}, are defined in Lemma 5.4.2. Because > «,

S| 20 PP Hle, G, . 1 1
> Mt e B C‘”"*O( >+ C””+O< +(ﬁ—a>p>

_ 1 1
—1_§c07n+0 ﬁ .

In the same way, since § < p+21x - f, pB < 2p+2and

NPT NP 1 1 1
_ =z (p+2)a —1_ _ il il
(1 n> ( n ) (Gt Cz%) 2 (n+1)(p+2)a—pp 1-@p+2-pp) n to <n> '

n+1

(1 —arm) (

Step 2 : The induction.

Let us take K’ > nZ‘J;gIE U

Zn,, —mHzp] and K;ﬁ > npﬁlE “

2p+2 .
Zn,, — mH , we will
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prove by induction that for all n > n, g,

K/ K 8
2 2p+2 ,
B (12— ml?] < % E [l - m|7*2] < 55

Applying Lemma 5.4.1 and by induction, since ZK; > K;ﬂ,ﬁ > K;, >1,

E [1Z01 = ml] < (1= coma) E [120 = ] + — Ao + Coni [12 = ml 7+

K! C K
4 1 r.B
< (1—covn) prry + (D + CZ'YnW
/ Cl /
P P
< (1—corn) Ty + ) + 2C2')’nﬂ-
Factorizine by <
actorizing by Ty
) n+1\" K n+1\" 1
E [HZ”H —m| p} < (1= comm) < n ) (n +pl)P"‘ T\ G (n+1)Pene
ne 1\ K,
e (TELY K 2t 2l K
= 0T\ " ()P ()P (g 1)aBp (n+ 1)Pe
Since Kj, > 21+P“C1c;1c0_1,
2 n—+ 1 pa K/ 1 K,
E [||Zn+1 —ml| p} < (1—covn) ( " ) (n—i—pl)i”‘ + E’YnCOi(n_’_pl)pa
2“+ﬁp+1C«,C2 K;

T e e (n g 1)e

n+1\" 1 2P Hle, Gy K,
< — — .
> ((1 CO')’n) ( " ) + 2C0')’n + (TZ T 1)zx+(ﬁfﬂt)ri (TZ i 1)pzx

By definition of 1, g (see (5.44)),

/

K
E [HZH-H - mHZP} < W~ (5.45)

. . . . / /
In the same way, applying Lemma 5.4.2 and by induction, since K,g =2 K, 2 1, for all
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n > I’lp,ﬁ,

B[1Zoss =P < (1-2) 7 E[12 -l + - + GRE [, - ml ]

n(p+2)u
2 p+1 K/ ,B C/ K/
= (1_71) o o T e
2\ K G oK
: (1 - n> P -
Factorizing by 0 +1)”/5 ,
P AVARNETEE A ¢
_ 2p+2 < _ - p.p
E[[1Zy — m|#*?] < (1 n) ( : ) e
(p+2)a 1 K
+ Ci (n + 1> - p.B
n (n+1)(Pt2)a=pp (n + 1)rP
;o (n+1 (p+2)a 1 K;ﬁ
+ CZC’Y ( n > (n + 1)(P+2)“*P5 (n + 1)Pﬁ
- 1_% p+1 n+1 pﬁ+2(p+2)¢x C{+Céc% K;‘B
- n n (n+1)p+2a=pp | (n+1)PF’
By definition of 1, 5,
K/
o 2p+2 < p.B
E [||z,1+1 m|| } < (5.46)

which concludes the induction. In order to conclude the proof, we just have to take

K, > I |||z — m|*P K,p > E |||z — m|**?] .
g [Hk MH} pp = max 1 [Hk | }

5.6.2 Proofs of Section 5.4.2

The following lemma give the L? rates of convergence of the martingale term. Note that
this is probably not a new result, but we were not able to find a proof in a published reference.

Lemma 5.6.2. Let (G,) be a sequence of martingale differences taking values in a Hilbert space H
adapted to a filtration (F,). Suppose that there is a non-negative constant M such that for alln > 1,
1Gn|| < M almost surely. Then, for all integer p > 1, there is a positive constant C,, such that for all



144 Estimating the geometric median : L? and almost sure rates of convergence

n>1,
n Zp
E < Cpn?.
k=2
Démonstration. The proof consists in an induction on p and is given in a supplementary
file. O

Proof of Theorem 5.4.2. We give there a succinct proof, and a more detailed one is given in a
supplementary file. Using decomposition (5.14), let Ain > 0 be the smallest eigenvalue of

I';,, we have with Lemma 5.6.1,

2p—1 2p—1 2p
= 2p 5 P 5P~ Tit1
E||[Z, —m| } [H ] o E ||
2p 2p
52p—1 1 1 52r—1 &
+ 5 E ZTk<—> + B || Lo
A 2P = Tk V-1 in/1? k=1
- 2
52p71 n
+ ———E
)\Iznpin]’ZZP k:X:l §k+1

We now bound each term at the right-hand side of previous inequality. Since Z; is almost

2p
L ) ] =0 ( anp> Moreover, with Theorem 5.4.1,

2p T

1 Toia|* 1
—FE [H”HH] -0 <> , (5.47)
n<pP 2p np
Tn

since « < 1. In the same way, since ‘— — —‘ < 2ac,'k*~1, applying Lemma 5.4.3 and

Theorem 5.4.1,
1 1
L1 ()| |0 () 549

Finally, since ||6,|| < Cy || Z4 — m||%, applying Lemma 5.4.3 and Theorem 5.4.1,

2p 1
ﬂﬁ[ ]ogm>. 549

Since a > 1/2, we have 1 [sz 10n ||2p] = 0 (%) . Finally, applying Lemma 5.6.2, there is

surely bounded, we have %IE “

2p

n

20

k=1
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a positive constant C,, such that foralln > 1,

1 i 1
1y [ ] “o(2). 550

We deduce from inequalities (5.47) to (5.50), that for all integer p > 1, there is a positive
constant Ay, such that foralln > 1,

n
Y ki
k=1

_ A
E [||Z0 —m|”] < 22 (5.51)

O]
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Annexe B

Estimating the geometric median in
Hilbert spaces with stochastic gradient
algorithms : LP and almost sure rates of
convergence. Appendix

Résumé

Dans cette partie, on donne les preuves des lemmes techniques. De plus, la preuve du
résultat sur les vitesses de convergence L” de l'algorithme moyenné est donnée ainsi que
celle des résultats sur les vitesses de convergences presque siire des algorithmes. Plus préci-
sément, on donne les preuves des Lemmes 5.4.3 et 5.6.2, qui permettent respectivement de
majorer les moyennes L d"une somme de variables aléatoires et d"'une somme de différences
de martingales. On prouve alors le Théoréme 5.4.2 et la Proposition 5.4.1, qui donnent les vi-
tesses L? de I'algorithme moyenné et assurent que ce sont les vitesses optimales. Finalement,
les preuves du Théoreme 5.5.1 et du Corollaire 5.5.1 (qui donnent les vitesses presque stire

des algorithmes) sont données.
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B.1 Proofs of Section 5.4.2

Proof of Lemma 5.4.3. For all integers p > 1and n > 1, there are positive constants ¢;, b € IN”,
such that for all non-negative real numbers yx, k =1, ..., 1,

14
n
(Zw) = ) oy (B.1)
k=1 b=(b1,..,by) ENP by +by+..4by=p

As a particular case, applying a classical generalization of Holder’s inequality (see [Sma96],
page 179, for example) ,

n P n p
Y aYi (ZWH\YkH)
k=1 k=1
_ y ACESTHES AN R A
b=(b1,...,bn) EN" by +by+...4+-by,=p
by b
= L ¢y laa|" . an| " ( [IIY2lI"]) 7 .. ( [IIYal"]) ¥

b=(by,....bn ) EN" by +by+...4+b,=p

_ y e (laal (B [1%a1P))7) "l (E [ ]7])

: E]N” b1 +bo+..4-by= p

(2 e (E muﬂ);)p.

==

)bn

O]

Proof of Lemma 5.6.2. We prove Lemma 5.6.2 with the help of a strong induction on p > 1.
First, if p = 1, since (¢,) is a sequence of martingale adapted to a filtration (F,),

n
E
k=2

=2k'=

] =:Z§JE [l2)1?] +22 Z E (&, &)

<(n—1) M2+2221E (&0 E [0 | Fie—1])]

—2k'=
= (n—1)M>.

Letp > 2and foralln > 2, M, :== Y }_, Cx. We suppose from now that forall k < p — 1, there
is a positive constant C; such that for all n > 2,

E [||M,1||2’<} < Celn — 1)k,
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Foralln > 2,

M1 = | Ma]|> +2 (M, Eni1) + || Enia]?
< M |)* 42 (My, Ei1) + M2

Thus,
p P
| M| < (r|MnuZ+M2) +2 (M, &rsn) ([ M| + M2)

+ Z ( ) 12 (M, &) [ (!!Mn\\2+M2>p_k. (B.2)

We now bound the expectation of the three terms on the right-hand side of previous inequa-
lity. First, by induction,

E [(HMnHZjLMz)P} _E :HMHHZP 4 E ( )MzklE [|MnH2p Zk}

<E -||MnH2p- + Z (Z) MZkafknp_k
- h k=1

<E[|Ma]*) +0 (n71).

Moreover, since () is a sequence of martingale differences adapted to a filtration (), and
since M,, is F,,-measurable,

E (0 ) (107 + 02) | = E [0, B Gl (100 +22) ] =0, 83
Finally, applying Cauchy-Schwarz’s inequality and Lemma 5.6.1, since ||{,|| < M, let
()= 35 (D)8 20t (100,175 02) ]
(0)2mE Il (1o P+ 002)"

< £ (D)ot (e anr] e [l ]
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Applying Cauchy-Schwarz’s inequality and by induction,

(%) < Z <Z>2p1Mk <\/]E [HMnHzp_ﬂ E [HMnHZ(P-&-l—k)} +M2P2k\/]E [||Mn\|2} E [HM”HZk_ZD

k=2
p

< Z <Z> 2p—1Mk( /Cp_lcp+1_knp—k/2+M2p—2kmnk/z>
k=2

=0 (n), (B4)

since p > 2. Thus, thanks to inequalities (B.2) to (B.4), there is a non-negative constant A,
such that foralln > 1,

E [[|My 1] PP] < E [[|M, ] + Apnr~?
n
< el + Ay YK
k=2

< M? + Apnt,

which concludes the induction and the proof. O

Proof of Theorem 5.4.2. Let us recall the following decomposition

Tl Tn +1

ﬂﬂa—mw:—+iT<1—>+Z@+2aﬂ, (B.5)

T1 Tn k=2 Yk Yi—

T
T

Tn+1
Tn

with T, = Z,, — m. Let Amin > 0 be the smallest eigenvalue of I';;, we have with Lemma 5.6.1,
2p 52r—1
E ||| Z,—m|”] < 2L
AL neP

2p 52p—1 2p
' ’ A2 nZP]E
min
p]

min
- 2
52r—1 1 52p—1
+ ——FE Ty ( — ) + -
2p Z :| /\
We now bound each term at the right-hand side of previous inequality. Since Z; is almost

O
AP n2p =2 Yoo Yk n2r Z

min

- 2
52p—1 n
S| ]
k=1
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r 2
surely bounded, we have ﬁIE ‘ L p] =0 (%) Moreover, with Theorem 5.4.1,
T n<r
R 7Y i P S S <
n2p 7%;7 - CVP n2p—2pa (n+1)re
1
since & < 1. In the same way, since ﬁ - %‘ < 2ac; k%!, applying Lemma 5.4.3 and
Theorem 5.4.1,
2p] 2p
1 1 1 1 1 "1 1 2071\ 2
e |BnGan)| | 5w (B G ms) Elm))”
n k=2 Yk Tk-1 n = \ Tk TYk-1
_ o
1 L a1 (Kp\ 7
k=2
2p o 2p 2P n 2p
S e 27 Kp <E 1—104/2>
n<p =k
=0 o (B.7)
o n(z—“)l’ ’ )
Finally, since ||6,|| < Cy || Z4 — m||%, applying Lemma 5.4.3 and Theorem 5.4.1,
Le|[$a] | < 2 (Z (e fla)) )
5y, k = 5, k
n k=1 n? \ o
2p
C;%qp u 4 2p
= n2 D (lE [HZ" —m| pD
k=1
2
— n2p = e
1
=0 <n2ap> . (B.8)

Since a > 1/2, we have - [HZZZl Sl } = 0 (%) . Finally, applying Lemma 5.6.2, there is
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a positive constant C;, such that foralln > 1,

nZP {
1

We deduce from inequalities (B.6) to (B.9), that for all integer p > 1, there is a positive
constant Ay such that forall n > 1,

A
7.

E [||Zy—m|”] < =2 (B.10)

O

Proof of Proposition 5.4.1. We now give a lower bound of E Mzn —m HZ} . One can check that
% Y #—1 Ck+1 is the dominant term in decomposition (B.5). Indeed, decomposition (B.5) can be

written as
n

_ 1 1
U (Zn —m) = o k;CkH + ERn/ (B.11)

with
T Ty

RW:—+iT<1—>+Z&

g Tn =2 Tk Yk-1 =1
Applying inequalities (B.6), (B.7) and (B.8), one can check that

1 1
2 IR =0 (1) (B.12)

(g

Applying Cauchy-Schwarz’s inequality and Lemma 5.4.3, there is a positive constant C; such

Moreover,

+ 2B [IRal] + (B.13)

E 10 (Za—m) ] = 1
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that foralln > 1,

n

Y G ||Rnu]

k=1

| LE[IR,P]
k=1 n? "

E[IRP]

2 1
“E —

<2E

f£en)
k=1

I
S

S|
N———

Moreover, since E _||§n+1]|2} =1—-E {H(ID( )l } (see [CCZ13] for details), using the fact
that (&,) is a sequence of martingale differences adapted to the filtration (F;), we get

)
1 n n n
= S Y E[lgnl?] 2 ¥ E (@ 8en))
k=1 k=1k=k+1
1 n n
S Y E[IRZ0IP] +2) Y (@1 E Gl Fel)]
k=1k'=k+1

[ch Al ] .

1 n

“umLE

1 n
= - ;
Moreover, since | ®(Z,)|| < C||Z, — m||, applying Theorem 5.4.1, we have,

ZZIE[nchkM_ ZIE[sz—mM

C2K1

n? Z:k"‘

Finally,
E || (Zn —m)|| = % +o (i) . (B.14)

Thus, since the largest eigenvalue of T’ satisfies Amax < C, there is a rank 7, such that for all

n > Ny,
1

E[|Z0 - m] > 2
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Let ¢ := min {mimgkgn,x {kIE [HZ{ — mHz} }, zlﬁ}, foralln > 1,

Cl/
—. B.15
_ (B.15)

E [|Z0—m] >

B.2 Proofs of Section 5.5

Proof of Theorem 5.5.1. Let ' € (1/2,1) such that p’ < a. In order to apply Borel-Cantelli’s

Lemma, we will prove that

1

n>1

Applying Theorem 5.4.1, forall p > 1, foralln > 1,

1 ) )
P (HZn —m| = W) <E[||Z, — m|?] n*

Ky
= prla=p)’

Since p’ < «, we can take p > a%ﬂ, and we get

P (12 2 ) < Kt <
Applying Borel-Cantelli’s Lemma,
|Zy —m| =0 <n_ﬁzl> a.s, (B.17)
for all B’ < a. In a particular case, for all < «,
|Zy —m| =0 (n’g> a.s. (B.18)



B.2 Proofs of Section 5.5 155

Proof of Corollary 5.5.1. Let us recall decomposition (B.5) of the averaged algorithm :

= 1 (T T, 1 1 1 L 1
Ly (Zn—m) = (1—”“+2Tk (—) +k;5k+k_21§k+1>.

T Tn k=2 Yk Yk—1

We will give the almost sure rate of convergence of each term. First, since Z; is bounded, we

have Tyl = O (1) almost surely. Applying Theorem 5.5.1, let f’ < a,
_E
LIS (R (7’11 - ) a.s
nyy n--*

) (;ﬁ) as.

Indeed, we obtain the last equality by taking « > B’ > 2a — 1, which is possible since & < 1.
Moreover, since "y,: 1 'y,:_ll’ < 2ac;, 1k*=1, let B’ < a, applying Theorem 5.5.1,

YTl | — = —

1 1 1
[y} Ye-1 Yk

ol

k=2 Yk Yi—1

I
S

Indeed, we get the last equality taking 8/ > 2a — 1. Moreover, since ||6,|| < Cu || Z, — m 2,
g q y g
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forall p/ < a,

Ly al<iy
=) 0l < = ) 1okl
3 =
Co & )
< Sy ze—m)

Indeed, we obtain the last equality by taking & > ' > 1/2. Finally, since
E [HZQZl §k+1||2] = n + o(n) (see [CCGB15] and proof of Theorem 5.4.2), applying the
law of large numbers for martingales (see Theorem 1.3.15 in [Duf97]), for all § > 0,

1 & B (lnn)ﬂ
- k; Cnr1=0 (ﬁ) a.s, (B.19)

which concludes the proof. ]

Remark B.2.1. Note that the law of large numbers for martingales in [Duf97] is not given for general
Hilbert spaces. Nevertheless, in our context, this law of large numbers can be extended. We just have
— 1
/nlin(n)e
a finite random variable. Since (&) is a sequence of martingale differences adapted to the filtration
(Fn), and since E {H(jnHHz ‘]-"n] <1,

to prove that for all positive constant 6, U, : 131 Cks1|| converges almost surely to

n(In(n))'*+
(n+1)(In(n+1))1+e

1
(n+1)(In(n+ 1))+

E[I2,,|7)] = uz+

1
(n + 1)(ln(n + 1))1+(51E [Hgn+1”2 }f‘n}

< U2+

Thus, applying Robbins-Siegmund Theorem (see [Duf97]), (U, ) converges almost surely to a finite
random variable, which concludes the proof.
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Chapitre 6

Fast Estimation of the Median
Covariation Matrix with Application
to Online Robust Principal
Components Analysis

Résumé

Nous avons vu au Chapitre 2 que la médiane géométrique est un indicateur de posi-
tion robuste et on peut lui associer la "Median Covariation Matrix", qui est un indicateur
de dispersion multivarié robuste pouvant étre généralisé sans aucune difficulté aux données
fonctionnelles. A 'aide des estimateurs de la médiane définis par (4.3) et (4.4), on introduit
un algorithme de gradient stochastique et sa version moyennée (voir le Chapitre 1) pour esti-
mer la "Median Covariation Matrix". On donne les propriétés de convergence asymptotiques
de ces estimateurs récursifs sous des conditions faibles. Plus précisément on donne la forte
consistance des algorithmes (Théoreme 6.3.2) avant de donner les vitesses de convergences
en moyenne quadratiques de l'algorithme de gradient (Théoreme 6.3.3) et de son moyenné
(Théoreme 6.3.4). L'estimation des composantes principales peut elle aussi se faire en ligne, et
cette approche peut étre tres utiles pour la détections de données atypiques en ligne. L'étude
de simulations montre clairement que cet indicateur robuste est une alternative compétitive
au "minimum covariance determinant" ([RvD99]) quand les données sont a valeurs dans des

espaces de petite dimension, et a ’analyse en composantes principales robustes basée sur la

This Chapter is based on a work with Hervé Cardot ([CGB15]).
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"projection pursuit” (voir [CRGO05]) et sur les projection sphériques ([LMS"99], [Ger08]) dans
le cas o1 les données sont a valeurs dans des espaces de grande dimension. Une illustration
sur un gros échantillon a valeurs dans un espace de grande dimension, consistant en les au-
diences TV individuelles mesurées a chaque minute sur une période de 24 heures, confirme
I'intérét de considérer I'analyse robuste des composantes principales basée sur la Median

Covariation Matrix.
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Abstract

The geometric median covariation matrix is a robust multivariate indicator of dispersion
which can be extended without any difficulty to functional data. We define estimators, ba-
sed on recursive algorithms, that can be simply updated at each new observation and are
able deal rapidly with large samples of high dimensional data without being obliged to store
all the data in memory. Asymptotic convergence properties of the recursive algorithms are
studied under weak conditions. The computation of the principal components can also be
performed online and this approach can also be useful for online outlier detection. A simu-
lation study clearly shows that this robust indicator is a competitive alternative to minimum
covariance determinant when the dimension of the data is small and robust principal com-
ponents analysis based on projection pursuit and spherical projections for high dimension
data. An illustration on a large sample and high dimensional dataset consisting of individual
TV audiences measured at a minute scale over a period of 24 hours confirms the interest of
considering the robust principal components analysis based on the median covariation ma-

trix.
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6.1 Introduction

Principal Components Analysis is one of the most useful statistical tool to extract infor-
mation by reducing the dimension when one has to analyze large samples of multivariate or
functional data (see e.g. [Jol02] or [RS05]). When both the dimension and the sample size are
large, outlying observations may be difficult to detect automatically. Principal components,
which are derived from the spectral analysis of the covariance matrix, can be very sensitive
to outliers (see [DGK81]) and many robust procedures for principal components analysis
have been considered in the literature (see [HRVAO08], [HR09] and [MMY06]).

The most popular approaches are probably the minimum covariance determinant esti-
mator (see [RvD99]) and the robust projection pursuit (see [CRG05] and [CFOO07]). Robust
PCA based on projection pursuit has been extended to deal with functional data in [HUOQ7]
and [BBT*11]. Adopting another point of view, robust modifications of the covariance ma-
trix, based on projection of the data onto the unit sphere, have been proposed in [LMS*99]
(see also [Ger08] and [TKO12]).

We consider in this work another robust way of measuring association between variables,
that can be extended directly to functional data. It is based on the notion of median covaria-
tion matrix (MCM) which is defined as the minimizer of an expected loss criterion based on
the Hilbert-Schmidt norm (see [KP12] for a first definition in a more general M-estimation
setting). It can be seen as a geometric median (see [Kem87] or [MNO10]) in the particular Hil-
bert spaces of square matrices (or operators for functional data) equipped with the Frobenius
(or Hilbert-Schmidt) norm. The MCM is non negative and unique under weak conditions.
As shown in [KP12] it also has the same eigenspace as the usual covariance matrix when the
distribution of the data is symmetric and the second order moment is finite. Being a spatial
median in a particular Hilbert space of matrices, the MCM is also a robust indicator of central
location, among the covariance matrices, which has a 50 % breakdown point (see [Kem87] or
[MMYO06]) as well as a bounded gross sensitivity error (see [CCZ13]).

The aim of this work is twofold. It provides efficient recursive estimation algorithms of
the MCM that are able to deal with large samples of high dimensional data. By this recur-
sive property, these algorithms can naturally deal with data that are observed sequentially
and provide a natural update of the estimators at each new observation. Another advantage
compared to classical approaches is that such recursive algorithms will not require to store
all the data. Secondly, this work also aims at highlighting the interest of considering the
median covariation matrix to perform principal components analysis of high dimensional

contaminated data.

Different algorithms can be considered to get effective estimators of the MCM. When the
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dimension of the data is not too high and the sample size is not too large, Weiszfeld’s algo-
rithm (see [Wei37a] and [VZ00]) can be directly used to estimate effectively both the geome-
tric median and the median covariation matrix. When both the dimension and the sample
size are large this static algorithm which requires to store all the data may be inappropriate
and ineffective. We show how the algorithm developed by [CCZ13] for the geometric me-
dian in Hilbert spaces can be adapted to estimate recursively and simultaneously the median
as well as the median covariation matrix. Then an averaging step ([PJ92]) of the two initial
recursive estimators of the median and the MCM permits to improve the accuracy of the
initial stochastic gradient algorithms. We also explain how the eigenelements of the estima-
tor of the MCM can be updated online without being obliged to perform a new spectral
decomposition at each new observation.

The paper is organized as follows. The median covariation matrix as well as the recursive
estimators are defined in Section 2. In Section 3, almost sure and quadratic mean consistency
results are given for variables taking values in general separable Hilbert spaces. The proofs,
which are based on new induction steps compared to [CCZ13], allow to get better conver-
gence rates in quadratic mean even if this new framework is much more complicated because
two averaged non linear algorithms are running simultaneously. One can also note that the
techniques generally employed to deal with two time scale Robbins Monro algorithms (see
[MPO06] for the multivariate case) require assumptions on the rest of the Taylor expansion
and the finite dimension of the data that are too restrictive in our framework. In Section 4, a
comparison with some classic robust PCA techniques is made on simulated data. The inter-
est of considering the MCM is also highlighted on the analysis of individual TV audiences,
a large sample of high dimensional data which, because of its dimension, can not be analy-
zed in a reasonable time with classical robust PCA approaches. The main parts of the proofs
are described in Section 5. Perspectives for future research are discussed in Section 6. Some
technical parts of the proofs as well as a description of Weiszfeld’s algorithm in our context

are gathered in an Appendix.

6.2 Population point of view and recursive estimators

Let H be a separable Hilbert space (for example H = RY or H = L?(I), for some closed
interval I C R). We denote by (.,.) its inner product and by ||-|| the associated norm.
We consider a random variable X that takes values in H and define its center m € H as

follows :

m:=argminkE [|| X —u| — || X]|]. (6.1)
ueH
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The solution m € H is often called the geometric median of X. It is uniquely defined under
broad assumptions on the distribution of X (see [Kem87]) which can be expressed as follows.

Assumption 1. There exist two linearly independent unit vectors (uy,uy) € H?, such that
V((u,X)) >0, forue {ujux}.

If the distribution of X — m is symmetric around zero and if X admits a first moment that
is finite then the geometric median is equal to the expectation of X, m = [E [X]. Note however
that the general definition (6.1) does not require to assume that the first order moment of || X||
is finite since |E [|| X — u|| — | X||]] | < ||u]-

6.2.1 The (geometric) median covariation matrix (MCM)

We now consider the special vector space, denoted by S(H), of d x d matrices when
H = RY, or for general separable Hilbert spaces H, the vector space of linear operators
mapping H — H. Denoting by {e;,j € J} an orthonormal basis in H, the vector space S(H)
equipped with the following inner product :

<A, B>F = Z<A€],B€]> (62)
jel

is also a separable Hilbert space. In S(IRY), we have equivalently

(A, B)p = tr (ATB) , (6.3)

where AT is the transpose matrix of A. The induced norm is the well known Frobenius norm
(also called Hilbert-Schmidt norm) and is denoted by ||.|| .

When X has finite second order moments, with expectation E [X]| = p, the covariance
matrix of X, E [(X — u)(X — u)T] can be defined as the minimum argument, over all the
elements belonging to S(H), of the functional G2 : S(H) — R,

Gual) = E | (x = x =" =1} = | x = wix =[]

Note that in general Hilbert spaces with inner product (., .), operator (X — ) (X — 1) should
be understood as the operator u € H — (u, X — u)(X — p). The MCM is obtained by remo-
ving the squares in previous function in order to get a more robust indicator of "covariation".



6.2 Population point of view and recursive estimators 165

For a € H, define G, : S(H) — R by
Ga(V) :=E [H(X — ) (X —a)T — vHF - H(X — &) (X — a)TM . (6.4)

The median covariation matrix, denoted by I',, is defined as the minimizer of G, (V) over all
elements V € S(H). The second term at the right-hand side of (6.4) prevents from having to
introduce hypotheses on the existence of the moments of X. Introducing the random variable
Y := (X —m)(X —m)T that takes values in S(H), the MCM is unique provided that the
support of Y is not concentrated on a line and Assumption 1 can be rephrased as follows in
S(H),

Assumption 2. There exist two linearly independent unit vectors (V1,Va) € S(H)?, such that
V((V,Y)) >0, forVe{W,Vhl.

We can remark that Assumption 1 and Assumption 2 are strongly connected. Indeed, if
Assumption 1 holds, then V((u, X)) > 0 for u € {uj, u2}. Consider the rank one matrices
Vi = wul and Vo = upul, we have (V4,Y); = (u1, X — m)? which has a strictly positive
variance when the distribution of X has no atom. More generally V((V;,Y);) > 0 unless
there is a scalar a > 0 such that P [(u1, X — m) = a] = P [(u1, X — m) = —a] = ] (assuming
also that P [X —m = 0] = 0).

Furthermore it can be deduced easily that the MCM, which is a geometric median in
the particular Hilbert spaces of Hilbert-Schmidt operators, is a robust indicator with a 50%
breakdown point (see [Kem87]) and a bounded sensitive gross error (see [CCZ13]).

We also assume that
Assumption 3. There is a constant C such that forallh € Hand all V € S(H)
-1
(a): E [H(X — (X -7 - VHF ] <cC.

®): E [H(x— (X — )T — vHFZ] <c

This assumption implicitly forces the distribution of (X — )(X — k)T to have no atoms.
In the case where H = RY, it is more "likely" to be satisfied when the dimension d of the data
is large (see [? ] and [CCZ13] for a discussion). Note that it could be weakened as in [CCZ13]
by allowing points, necessarily different from the MCM I';,, to have strictly positive masses.
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Considering the particular case V = 0, Assumption 3(a) implies that for all h € H,

X h||2] - -

and this is not restrictive when the dimension d of H is equal or larger than 3.

Under Assumption 3(a), the functional Gy, is twice Fréchet differentiable, with gradient

B (X—-h)(X-hnT-Vv
Va) = ~E [ ity (c0
and Hessian operator, V2G(V) : S(H) — S(H),
2 _ 1 _(Y(h) —V)®r (Y(h) - V)
Vi) = | [vm - v, (IS<H> OB ) ©7)

where Y(h) = (X —h)(X —h)T, I5(p) is the identity operator on S(H) and A ®f B(V) =
(A, V)rB for any elements A, B and V belonging to S(H).

Furthermore, I';, is also defined as the unique zero of the non linear equation :
VGyu(Tm) = 0. (6.8)

Remarking that previous equality can be rewritten as follows,

1 (X —m)(X—m)T

E ||(X7m)(Xfm)T7rmHF:| ||( )( ) ||F

(6.9)

itis clear that I'y, is a bounded, symmetric and non negative operator in S(H).

As stated in Proposition 2 of [KP12], operator I';, has an important stability property
when the distribution of X is symmetric, with finite second moment, i.e E [||XH2] < oo,
Indeed, the covariance operator of X, ¥ = E [(X — m)(X — m)T], which is well defined in
this case, and I'y, share the same eigenvectors : if ¢; is an eigenvector of ¥ with correspon-
ding eigenvalue A;, then I'y,e; = }thej, for some non negative value 7Lj. This important result
means that for Gaussian and more generally symmetric distribution (with finite second or-
der moments), the covariance operator and the median covariation operator have the same
eigenspaces. Note that it is also conjectured in [KP12] that the order of the eigenfunctions is

also the same.
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6.2.2 Efficient recursive algorithms

We suppose now that we have i.i.d. copies Xj, ..., X, ... of random variables with the
same law as X.

For simplicity, we temporarily suppose that the median m of X is known. We consider a
sequence of (learning) weights v, = c,/n%, with ¢, > 0and 1/2 < & < 1 and we define the

recursive estimation procedure as follows

(X1 —m)(Xpp1 —m)T — W,

6.10
(X1 —m)(Xnp1 _m)T_WnHF ( )

W1 = Wi+ 7 H

— — 1
W1 = Wy, —
n+1 n n 1

(Wy — Wyi1) (6.11)

This algorithm can be seen as a particular case of the averaged stochastic gradient algorithm
studied in [CCZ13]. Indeed, the first recursive algorithm (6.10) is a stochastic gradient algo-

rithm,
<Xn+1 - m)<Xn+1 - m)T — Wy
(X1 — m)(Xnr —m)T = Wy

where F, = 0(Xj,...,X,) is the o-algebra generated by Xj, ..., X, whereas the final es-
timator W, is obtained by averaging the past values of the first algorithm. The averaging
step (see [P]92]), i.e. the computation of the arithmetical mean of the past values of a slowly
convergent estimator (see Proposition 6.3.1 below), permits to obtain a new and efficient es-
timator converging at a parametric rate, with the same asymptotic variance as the empirical
risk minimizer (see Theorem 6.3.1 below).

In most of the cases the value of m is unknown so that it also required to estimate the
median. To build an estimator of I'y,, it is possible to estimate simultaneously m and I';, by
considering two averaged stochastic gradient algorithms that are running simultaneously.
Forn > 1,

X —m
i1 = My + ,)/Slm) n+1 n

[1 X1 = ma]
My 1 = My — 1141_1 (M — M) (6.12)
Vit = Va+ &T__Z ”))(g”:__nz n))TT—_‘Zan (6.13)
Vit = Vo~ - i (Vo Vi), (6.14)

where the averaged recursive estimator 71,11 of the median m is controlled by a sequence of

descent steps ')/Slm). The learning rates are generally chosen as follows, 'yy(lm) = c¢un~ %, where
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the tuning constants satisfy ¢, € [2,20] and 1/2 < & < 1.

6.2.3 Online estimation of the principal components

It is also possible to approximate recursively the g eigenvectors (unique up to sign) of
I';, associated to the g largest eigenvalues without being obliged to perform a spectral de-
composition of V.41 at each new observation. Many recursive strategies can be employed
(see [CD15] for a review on various recursive estimation procedures of the eigenelements of
a covariance matrix). Because of its simplicity and its accuracy, we consider the following

one :

Ujpp1 = Ujn + n-lu (V"HHZ;ZH — uj,n> , j=1,...,9 (6.15)
combined with an orthogonalization by deflation of u1,,11,...us,41. This recursive algo-
rithm is based on ideas developed by [WZHO03] that are related to the power method for
extracting eigenvectors. If we assume that the g first eigenvalues Ay > --- > A, are dis-
tinct, the estimated eigenvectors 11,11, . . . tg,,+1, Which are uniquely determined up to sign
change, tend to Aquy, ..., Aguy.

Once the eigenvectors are computed, it is possible to compute the principal components
as well as indices of outlyingness for each new observation (see [HRVAOQS8] for a review of
outliers detection with multivariate approaches).

6.2.4 Practical issues, complexity and memory

The recursive algorithms (6.13) and (6.14) require each O(d?) elementary operations at
each update. With the additional online estimation given in (6.15) of the g eigenvectors asso-
ciated to the g largest eigenvalues, O(qd?) additional operations are required. The orthogo-
nalization procedure only requires O(g2d) elementary operations.

Note that the use of classical Newton-Raphson algorithms for estimating the MCM (see
[FFC12]) can not be envisaged for high dimensional data since the computation or the ap-
proximation of the Hessian matrix would require O(d*) elementary operations. The well
known and fast Weiszfeld’s algorithm requires O(nd?) elementary operations for each sample
with size n. However, the estimation cannot be updated automatically if the data arrive se-
quentially. Another drawback compared to the recursive algorithms studied in this paper is
that all the data must be stored in memory, which is of order O(nd?) elements whereas the
recursive technique require an amount of memory of order O(d?).

The performances of the recursive algorithms depend on the values of tuning parameters
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v, cm and «. The value of parameter « is often chosen to be « = 2/3 or & = 3/4. Previous
empirical studies (see [CCZ13] and [CCC10]) have shown that, thanks to the averaging step,
estimator 71, performs well and is not too sensitive to the choice of ¢, provided that the
value of ¢, is not too small. An intuitive explanation could be that here the recursive process
is in some sense "self-normalized" since the deviations at each iteration in (6.10) have unit
norm and finding some universal values for c;, is possible. Usual values for c;; and c, are in
the interval [2,20]. When 7 is fixed, this averaged recursive algorithm is about 30 times faster
than the Weiszfeld’s approach (see [CCZ13]).

6.3 Asymptotic properties

When m is known, W,, can be seen as an averaged stochastic gradient estimator of the
geometric median in a particular Hilbert space and the asymptotic weak convergence of
such estimator has been studied in [CCZ13]. They have shown that :

Theorem 6.3.1. ([CCZ13], Theorem 3.4).
If assumptions 1-3(a) hold, then as n tends to infinity,

Vit (W —Ty) ~ N(0,8)

where ~ stands for convergence in distribution and A = (an(l"m))f1 Y (VZ(Tw)) L is the limi-

(Y(m) _rnl)®F (Y(m) _rm)

ting covariance operator, with ¥ = [E
J P 1Y (m) Tl 7

As explained in [CCZ13], the estimator W, is efficient in the sense that it has the same
asymptotic distribution as the empirical risk minimizer related to G, (V) (see for the deriva-
tion of its asymptotic normality in [MNO10] in the multivariate case and [CC14] in a more
general functional framework).

Using the delta method for weak convergence in Hilbert spaces (see [DPR82] or [CGER07]),
one can deduce, from Theorem 6.3.1, the asymptotic normality of the estimated eigenvectors
of W,,. It can also be proven (see [GB15]), under Assumptions 1-3, that there is a positive
constant K such that foralln > 1,

B [[W, - Tull}] < -

Note finally that non asymptotic bounds for the deviation of W, around T';, can be derived
readily with the general results given in [CCGB15].

The more realistic case in which m must also be estimated is more complicated because
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V,, depends on 7, which is also estimated recursively with the same data. We first state the

strong consistency of the estimators V;, and V.

Theorem 6.3.2. If assumptions 1-3(b) hold, we have
lim Vi —Tullp =0 as.
and

7}1_1){)10 |V — I’mHF =0 as.

The obtention of the rate convergence of the averaged recursive algorithm relies on a
fine control of the asymptotic behavior of the Robbins-Monro algorithms, as stated in the
following proposition.

Theorem 6.3.3. If assumptions 1-3(b) hold, there is a positive constant C' and for all B € (w,2a),
there is a positive constant Cﬁ such that foralln > 1,

E [Iva - Tul] < 5,
B [Iva~Tulld] < .

The obtention of an upper bound for the rate of convergence at the order four of the
Robbins-Monro algorithm is crucial in the proofs. Furthermore, the following proposition
ensures that the exhibited rate in quadratic mean is the optimal one.

Proposition 6.3.1. Under assumptions 1-3(b), there is a positive constant ¢’ such that foralln > 1,

E [V, - Tul] = £

Finally, the following theorem is the most important theoretical result of this work. It
shows that, in spite of the fact that it only considers the observed data one by one, the avera-
ged recursive estimation procedure gives an estimator which has a classical parametric \/n

rate of convergence in the Hilbert-Schmidt norm.
Theorem 6.3.4. Under Assumptions 1-3(b), there is a positive constant K' such that foralln > 1,

B (|7, -ral3] < X
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Assuming the eigenvalues of I';, are of multiplicity one, it can be deduced from Theo-
rem 6.3.4 and Lemma 4.3 in [Bos00], the convergence in quadratic mean of the eigenvectors

of V,, towards the corresponding (up to sign) eigenvector of ', .

6.4 An illustration on simulated and real data

A small comparison with other classical robust PCA techniques is performed in this sec-
tion considering data in relatively high dimension but samples with moderate sizes. This
permits to compare our approach with classical robust PCA techniques, which are generally
not designed to deal with large samples of high dimensional data. In our comparison, we
have employed the following well known robust techniques : robust projection pursuit (see
[CRGO5] and [CFOO07]), minimum covariance determinant (MCD, see [RvD99]) and spheri-
cal PCA (see [LMS'99]). The computations were made in the R language ([R D10]), with the
help of packages pcaPP and rrcov. Our codes are available on request.

If the size of the data n x d is not too large, an effective way for estimating I';, is to em-
ploy Weiszfeld’s algorithm (see [Wei37a] and [VZ00] as well the Supplementary file for a
description of the algorithms in our particular situation). Note that other optimization algo-
rithms which may be preferred in small dimension (see [FFC12]) have not been considered
here since they would require the computation of an Hessian matrix whose size is d* and this
would lead to much slower algorithms. Note finally that all these alternative algorithms do
not admit a natural updating scheme when the data arrive sequentially so that they should

be completely ran again at each new observation.

6.4.1 Simulation protocol

Independent realizations of a random variable Y € R are drawn, where
Y = (1-0(8)X+0(d)e, (6.16)

is a mixture of two distributions and X, O and € are independent random variables. The ran-
dom vector X has a centered Gaussian distribution in R? with covariance matrix [Z]e; =
min(¢, j)/d and can be thought as a discretized version of a Brownian sample path in [0, 1].
The multivariate contamination comes from €, with different rates of contamination control-
led by the Bernoulli variable O(J), independent from X and €, with P(O(d) = 1) = ¢ and
P(O(6) = 0) = 1 — 4. Three different scenarios (see Figure 6.1) are considered for the distri-

bution of € :
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FIGURE 6.1 — A sample of n = 20 trajectories when d = 50 and § = 0.10 for the three different
contamination scenarios : Student t with 1 degree of freedom, Student t with 2 degrees of
freedom and reverse time Brownian motion (from left to right).

— The elements of vector € are d independent realizations of a Student ¢ distribution
with one degree of freedom. This means that the first moment of Y is not defined
when 6 > 0.

— The elements of vector € are d independent realizations of a Student ¢ distribution
with two degrees of freedom. This means that the second moment of Y is not defined
when § > 0.

— The vector € is distributed has a "reverse time" Brownian motion. It has a Gaussian
centered distribution, with covariance matrix [X],; = 2min(d — ¢,d — j)/d. The co-
variance matrix of Y is (1 — 6)X + 0Ze.

For the averaged recursive algorithms, we have considered tuning coefficients ¢;, = ¢, =
2 and a speed rate of « = 3/4. Note that the values of these tuning parameters have not been
particularly optimised. We have noted that the simulation results were very stable, and did
not depend much on the value of ¢,, and ¢, for ¢, ¢, € [1,20].

The estimation error of the eigenspaces associated to the largest eigenvalues is evaluated
by considering the squared Frobenius norm between the associated orthogonal projectors.
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FIGURE 6.2 — Estimation errors (at a logarithmic scale) over 200 Monte Carlo replications,
for n = 200, d = 50 and a contamination by a t distribution with 2 degrees of freedom
with § = 0.02. MCM(W) stands for the estimation performed by the Weiszfeld’s algorithm
whereas MCM(R) denotes the averaged recursive approach.

Denoting by P, the orthogonal projector onto the space generated by the g eigenvectors of
the covariance matrix X associated to the g largest eigenvalues and by ﬁ, an estimation, we

consider the following loss criterion,
~ ~ T /.
R(P,, P,) = tr [(Pq ~P,) (P - m,)]
= 29— 2tr [PP,]. (6.17)

Note that we always have R(P,,P;) < 2g and R(P,,P;) = 29 means that the eigenspaces
generated by the true and the estimated eigenvectors are orthogonal.
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t1df t2df inv.B. t1df t2df inv.B.

6 Method d =50 d =200
0% PCA 0.015 0.015
2% PCA 313 118 0677 395 1.8 0.691
pr 0.097 0.087 0.090 0.099 0.088 0.093
MCD 0.022 0.021 0.021 - - -
Sph. PCA 0.029 0.028 0.029 0.031 0.027 0.028

MCM (Weiszfeld) 0.021 0.021 0.022 0.023 0.021 0.021
MCM (recursive) 0.023 0.024 0.025 0.026 0.023 0.026

5% PCA 382 191 0884 396 198 0.925
PP 0.100 0.099 0.096 0.097 0.091 0.098
MCD 0.022 0.020 0.024 - - -
Sph. PCA 0.029 0.029 0.033 0.030 0.029 0.038

MCM (Weiszfeld) 0.022 0.021 0.029 0.023 0.023 0.033
MCM (recursive) 0.026 0.024 0.033 0.027 0.026 0.038

10% PCA 383 195 1.05 396 199 1.12
pP 0.107 0.109 0.099 0.100 0.105 0.093
MCD 0.023 0.022 0.023 - - -
Sph. PCA 0.031 0.031 0.059 0.030 0.028 0.056

MCM (Weiszfeld) 0.024 0.023 0.059 0.022 0.023 0.056
MCM (recursive) 0.030 0.027 0.072 0.028 0.026 0.069

20% PCA 384 202 1.19 396 201 1.25
PP 0.114 0.132 0134 0.084 0.115 0.132
MCD 0.025 0.026 0.026 - - -
Sph. PCA 0.038 0.036 0.140 0.033 0.035 0.155

MCM (Weiszfeld) 0.030 0.029 0.167 0.025 0.026 0.184
MCM (recursive) 0.040 0.035 0.211 0.035 0.031 0.224

TABLE 6.1 — Median estimation errors, according to criterion R(lA’q, Pq) with a dimension
g = 2, for datasets with a sample size n = 200, over 500 Monte Carlo experiments.

6.4.2 Comparison with classical robust PCA techniques

We first compare the performances of the two estimators of the MCM based on the Weisz-
feld’s algorithm and the recursive algorithms (see (6.14)) with more classical robust PCA
techniques.

We generated samples of Y with size n = 200 and dimension d € {50,200}, over 500
replications. Different levels of contamination are considered : 6 € {0,0.02,0.05,0.10,0.20}.
For both dimensions d = 50 and d = 200, the first eigenvalue of the covariance matrix of X
represents about 81 % of the total variance, and the second one about 9 %.

The median errors of estimation of the eigenspace generated by the first two eigenvectors
(9 = 2), according to criterion (6.17), are given in Table 6.1. In Figure 6.2, the distribution of
the estimation error R(ﬁq, P;) is drawn for the different approaches.

We can make the following remarks. At first note that even when the level of contami-
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nation is small (2% and 5%), the performances of classical PCA are strongly affected by the
presence of outlying values in such (large) dimensions. When d = 50, the MCD algorithm
and the MCM estimation provide the best estimations of the original two dimensional ei-
genspace, whereas when d gets larger (d = n = 200), the MCD estimator can not be used
anymore (by construction) and the MCM estimator remains the most accurate. The perfor-
mances of the spherical PCA are slightly less accurate whereas the median error of the robust
PP is about four times larger. We can also note that the recursive MCM algorithm, which is
designed to deal with very large samples, performs well even for such moderate sample

sizes (see also Figure 6.2).

6.4.3 Online estimation of the principal components

We now consider an experiment in high dimension, d = 1000, and evaluate the ability
of the recursive algorithms defined in (6.15) to estimate recursively the eigenvectors of I'y,
associated to the largest eigenvalues. Note that due to the high dimension of the data and
limited computation time, we only make comparison of the recursive robust techniques with
the classical PCA. For this we generate growing samples and compute, for each sample size
the approximation error of the different (fast) strategies to the true eigenspace generated by
the g eigenvectors associated to the g largest eigenvalues of I'y,.

We have drawn in Figure 6.3, the evolution of the mean (over 100 replications) approxi-
mation error R(P,, f’q), for a dimension q = 3, as a function of the sample size for samples
contaminated by a 2 degrees of freedom Student t distribution with a rate § = 0.1. An impor-
tant fact is that the recursive algorithm which approximates recursively the eigenelements
behaves very well and we can see nearly no difference between the spectral decomposition
of V,, (denoted by MCM in Figure 6.3) and the estimates produced with the sequential al-
gorithm (6.15) for sample sizes larger than a few hundreds. We can also note that the error
made by the classical PCA is always very high and does not decrease with the sample size.

6.4.4 Robust PCA of TV audience

The last example is a high dimension and large sample case. Individual TV audiences
are measured, by the French company Médiamétrie, every minutes for a panel of n = 5422
people over a period of 24 hours, d = 1440 (see [CCM12] for a more detailed presentation of
the data). With a classical PCA, the first eigenspace represents 24.4% of the total variability,
whereas the second one reproduces 13.5% of the total variance, the third one 9.64% and the
fourth one 6.79%. Thus, more than 54% of the variability of the data can be captured in a four
dimensional space. Taking account of the large dimension of the data, these values indicate
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FIGURE 6.4 — TV audience data measured the 6th September 2010, at the minute scale. Com-
parison of the principal components of the classical PCA (black) and robust PCA based on
the Median Covariation Matrix (red). First eigenvectors on the left, second eigenvectors on
the right.

a high temporal correlation.

Because of the large dimension of the data, the Weiszfeld’s algorithm as well as the other
robust PCA techniques can not be used anymore in reasonable time with a personal com-
puter. The MCM has been computed thanks to the recursive algorithm given in (6.14) in
approximately 3 minutes on a laptop in the R language (without any specific C routine).

As seen in Figure 6.4, the first two eigenvectors obtained by a classical PCA and the ro-
bust PCA based on the MCM are rather different. This is confirmed by the relatively large
distance between the two corresponding eigenspaces, R(ﬁf c4, 1321VICM) = 0.56. The first ro-
bust eigenvector puts the stress on the time period comprised between 1000 minutes and
1200 minutes whereas the first non robust eigenvector focuses, with a smaller intensity, on a
larger period of time comprised between 600 and 1200 minutes. The second robust eigenvec-
tor differentiates between people watching TV during the period between 890 and 1050 mi-
nutes (negative value of the second principal component) and people watching TV between



178 Estimating the Median Covariation Matrix and application to Robust PCA

PC 3 PC 4
(oo}
O_ —
o
©
O_ —
© ° —— PCA
S — MCM
e —— PCA s |
— MCM S
oy
C)_ —
o N
Q —]
o
N
o
= 8 |
[S)
o
S - Y]
S) S |
<
N
o _] <
S I
' by
S | g |
=4 o
1 T T T T T T 1 1 T T T T T T 1
0 200 400 600 800 1000 1200 1400 0 200 400 600 800 1000 1200 1400
minutes minutes
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minutes 1090 and 1220 (positive value of the second principal component). Rather surprisin-
gly, the third and fourth eigenvectors of the non robust and robust covariance matrices look
quite similar (see Figure 6.5).

6.5 Proofs

We give in this Section the proofs of Theorems 6.3.2, 6.3.3 and 6.3.4. These proofs rely on

several technical Lemmas whose proofs are given in the Supplementary file.
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6.5.1 Proof of Theorem 6.3.2

Let us recall the Robbins-Monro algorithm, defined recursively by

(Xn-l-l - mn) (Xn—i-l —m )T B Vﬂ

Vig1 = Vi + 7 —
(X1 —n) (Xnt1 — ) - Vi F
— Vn - ')/nun—Hr
with U1 := — (Xori1 ) (Ko 1 = m") .Since F, := 0 (Xy, ..., X»), we have E [U,, 11| F,] =

H (Xn+17mn)(xn+1 *mn Vn H

VG, (Vy). Thus &1 := Vi, G(Vy) — Ups1, (En) is a sequence of martingale differences
adapted to the filtration (F;). Indeed, E [§,+1|Fn] = VG, (Va) — E [Uy41|Fx] = 0. The

algorithm can be written as follows

Vi’l+1 = V1’l - ’)’nVGm” (Vn) + ’)’ngn+]~

Moreover, it can be considered as a stochastic gradient algorithm because it can be decom-
posed as follows :

Vier = Vi = 1 (VG (Vi) = VG, (D)) + Ynn1 — YT, (6.18)
with r,, := VGg, (I'n) — VG (T ). Finally, linearizing the gradient,
Vst =T = (Lsy = 1 VAG(Tn) ) (Vo = ) + Tt = atn = ulh = Yadus (619)
with

(V3,G(Tw) = VG (Tw)) (Va —Tw),
VGW( 4) = VG, (Tm) — V3, G (Tp) (Vi — ).

()q
i

The following lemma gives upper bounds of these remainder terms. Its proof is given in
the Supplementary file.

Lemma 6.5.1. Under assumptions 1-3(b), we can bound the three remainder terms. First,

16a]l g < 6C ||Viy — T |%. (6.20)
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In the same way, for alln > 1,

Irallp < 4 (xfc+ ¢/ HrmHF) oy (621)

Finally, foralln > 1,
7| < 12 (C\/ I Tm | + C3/4> [y — m|| [V — T |- (6.22)

We deduce from decomposition (6.18) that for alln > 1,

Vi1 — rm“% = [|Vu— Fm”zzf =29 (Vi = T, VG, (Vi) — VG, (T) )
+ 77 VG, (Vi) = ¥ G, (T I
+ 75 ||§n+1”12: + 290 (Vi = T — 10 (VGai, (Vi) = VG, (Tm)) , Gns1)
+7; ||”nH% =290 (tn, Voo = T p — 275 (rnsGur = VG, (V) + VG, (Tm)) p -

Note that for allh € H and V € S(H) we have ||VG,(V)||; < 1. Furthermore, ||r,|; < 2
and ||§u41]|p < 2. Using the fact that () is a sequence of martingale differences adapted to
the filtration (),

E [[Vis1 = Tl 1] < 1V = TnllF = 270 (Vi = T, Vi, G (V) = Vi, G (T))

+ 2892 — 29 (tu, Vs — T -
Let o, = n=F, with B € (1 —a,a), we have

E [[|Vas1 = Tl 17| < (1 yutn) Vi = Tnll = 270 (Vi = Do, Vi, G (Vr) = Vi, G (Tn))
(6.23)

+ 2897 + 1% I
n

Moreover, applying Lemma 6.5.1 and Theorem 5.1 in [GB15], we get for all positive

_ Inn)' ™
Iralft = O (I —m|[?) =0 (H)

constant ¢,

n

Thus, since 2, (Vi — I', Vi, G (Vi) — Vi, G (T'))p > 0, the Robbins-Siegmund Theorem
(see [Duf97] for instance) ensures that ||V}, — I, || converges almost surely to a finite random
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variable and
Z r)/n rm, Vn/lnG (Vn) vﬁnG (rm)>F < +OO a.s.

n>1

Furthermore, by induction, inequality (6.23) becomes

(o]

E [[Va1 —Tull}] < (H (va)) E |[Vi — Tull] +28< (1+ e > N
=1

k=1 k
o Tk 2
u+nm>§M£Mw4.

()

Since B < a, applying Theorem 4.2 in [GB15] and Lemma 6.1, there is a positive constant Cy
such that

e

Il
—_

Z WIE [lIrlF] = Co Y- k™71 7F < oo,

k=1 k=1
Thus, there is a positive constant M such that foralln > 1, [E [H Vi —Tm Hﬂ < M. Since m,
converges almost surely to m, one can conclude the proof of the almost sure consistency of
V, with the same arguments as in the proof of Theorem 3.1 in [CCZ13] and the convexity
properties given in the Section B of the supplementary file.

Finally, the almost sure consistency of V, is obtained by a direct application of Topelitz’s

lemma (see e.g. Lemma 2.2.13 in [Duf97]).

6.5.2 Proof of Theorem 6.3.3

The proof of Theorem 6.3.3 relies on properties of the p-th moments of V;, for all p >
1 given in the following three Lemmas. These properties enable us, with the application
of Markov’s inequality, to control the probability of the deviations of the Robbins Monro
algorithm from T',.

Lemma 6.5.2. Under assumptions 1-3(b), for all integer p, there is a positive constant M, such that
foralln > 1,

2
E [||V, — Tl ] < M,
Lemma 6.5.3. Under assumptions 1-3(b), there are positive constants Cy, Cy, Co, C3 such that for all
n>1,

e C
E[|Va—TulP| <G+ 2 4G sup  E|[Ve—Tal],
E(n/2)+1<k<n—1
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where E(x) is the integer part of the real number x.

Lemma 6.5.4. Under assumptions 1-3(b), for all integer p' > 1, there are a rank n,y and positive
constants Cy 1, Cp 1, C3 1, Cpr such that for all n > Ny,

1= C / C / C /
4 7 4 1, 2, 2 3,
E [||Vas1 — Tullf] < (1_%%71 z )]E [1Va = Tallt] + =37 + 35 [IVa = Tullf] + 52

3a—312 "
n p

We can now prove Theorem 6.3.3.

Let us choose an integer p’ such that p’ > 3/2. Thus, 2 + a — 31;,”‘ > 3w, and
applying Lemma 6.5.4, there are positive constants Cy 1, C; v, ¢,y and a rank n, such that for

all n > Ny,

— 1= Cl, / Cz/ /
EMMHVJ%ﬁ}s(l—%ww P)EMW—TMQ%-MZ+H£E[W%—RMQ-

(6.24)

Let us now choose € (a,2«a) and p’ such that p’ > 211;_“/5. Note that3a — B > a + 1;/".

One can check that there is a rank n;g, > Ny such that for all n > n;,,

! 1—a 1

1
(Tl + 1)“C1€_C1n + E + C32ﬁ+1

R 1,

CESVae
—ize\ (n+1NP L Cup 4 Cop

(1 - Cp/’)/n]’l P > (n) +2 m S 1.

With the help of a strong induction, we are going to prove the announced results, that is to
say that there are positive constants Cp/, Cﬁ such that ZCP/ > Cﬁ > Cp/ > 1and Cp/ > et
(with C; defined in Lemma 6.5.3), such that for all n > 1,

E [IVe - Tal] < 7.

nzx

C
4 B
E [|Va — Tullf] < -
First, let us choose C,y and Cg such that

Cy = max {KE [V~ TullF] }

=
4
Cp > max {kﬁIE “ Vn;, — FmHF] } .

kgn?
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Thus, for all k < n;],,

E[IV-Tal2] < 2

E [V Talt] < 2

We suppose from now that n > #n/, and that previous inequalities are verified for all k <

p
n — 1. Applying Lemma 6.5.2 and by induction,

i C
E[Huﬂi—lyuﬂ < Cre Gt 4 22 1 G sup {E[HWr—FMﬁ}}
n E((n+1)/2)+1<k<n

11— C
< Cle*Cl”1 + % +GCs sup {kg}
E((n+1)/2)+1<k<n
Cz

C
2 4 c2f L.

! 1—a
< C e—Clﬂ
>~ L1 ,3

Since 2C,y > Cg > Cy > 1 and since Cy > 2**1C;, factorizing by (nil)

2C,,

nﬁ

n >IX Cp/ n C325+1 Cp/
n+1) 2n+1)*  (n+1)p*n+1)*

1-a

, 1
E [HVnH — rmHﬂ < CpyCre O™ "4 Cp2 vt —

< G
= i1
. C; 1 P’ 1 CP’
~ (n+1) 2(n+1) (n+1)P~%(n41)"

/1 1 1 C /
< 1)% —C'nl - 2ﬁ+1 P )
< ((”+ )*Cre™ 1 +2+C3 (m+1)f =) (n+1)®

(7’1 + 1)0&C1€*C£n1*zx +2704 (

Ci(n+1)% G " 4 + C52P 11

. ey /
By definition of n o

Cy
e (6.25)

In the same way, applying Lemma 6.5.4 and by induction,

E [[Vas — Tull}] <

— 1= Cl, / Cz
E [IVosn = Talt] < (1= cpmn™ 7 ) IV = Tult] + 58 + S22 (Vi — Tl

_ 1= C C/ C/C/
SQﬂWWﬂ>ﬁ+Lﬁk“p

Tlﬁ n3a¢ 1/12“ n .
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Since Cﬁ > Cp/ > 1, factorizing by (niiﬁl)ﬂ’

np (n+1)3F (n+1)F
n-+1 B n 23¢x Cl,p’ + Cz,p/ Cﬁ
n (n+1)3%F ) (n+1)F

Cp
(n+1)F’

n
<n 1 ) P Cy Lol t Gy Cp
n

. ege /
By definition of n o
E [ Vit — Tull}] < (6.26)

which concludes the induction and the proof.

6.5.3 Proof of Theorem 6.3.4

In order to prove Theorem 6.3.4, we first recall the following Lemma.

Lemma 6.5.5 ([GB15]). Let Y1, ..., Y, be random variables taking values in a normed vector space
such that for all positive constant q and for all k > 1, E [||Y,||"] < oco. Then, for all real numbers
ai, ..., a, and for all integer p, we have

p
E

n
Z akYk
k=1

< (ké |ax| (B [||Yk||p})’l’) (6:27)

We can now prove Theorem 6.3.4. Let us rewrite decomposition (6.19) as follows

T, T
V2G(Ty) (Vy —Tp) = 2 — 2 e =1 — 6y, (6.28)
Yn Tn

with T,, := V;, — I';y. As in [Pel00], we sum these equalities, apply Abel’s transform and
divide by n to get

) o 1(T1 Ty n 1 1 n n no n
VmG(l"m)(Vn—l"m):— f—i—{-ZTk _ ] = 5k—2rk—21’k—|—2§k+1 .
n 2 k=1 k=1 k=1 k=1

Y1 Ynrl = Yoo Yk-1

We now bound the quadratic mean of each term at the right-hand side of previous equality.
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First, we have 2lE “

2
4 F] —0 (%) Applying Theorem 6.3.3,

1 T |?] 1 Cc? 1
nZIEU'y S =\ )
n lF
Moreover, since "y — Y 1‘ < 2ac‘1k”‘ 1, the application of Lemma 6.5.5 and Theorem 6.3.3
gives
1 n 2 1 n 2
-1 _ -1 -1 _ -1 2
2B || O ) | <5 (kz 7t = mh |y E [HTknF})
- F -

1 L 1 ?
2 =2~/
S EAJ:OC C,)/ C (}(X:Z kl—(X/Z)

since &« < 1. In the same way, since |0,/ < 6C ||Tn||%, applying Lemma 6.5.5 and Theo-

rem 6.3.3 with g > 1,
1 & ?
—E
k=1 F

IN

2%

1(; IE[H(SkH%DZ
S36c2 (Z E[|\Tk||ﬂ>2

k=1

2
36C2C/3 (Z 1 )
k= 1k'B/2

1

o(3)
(5)

= 0 — ,

n

Moreover, let D := 12 (\E—i— Cy/ ||Fm||F) Since ||r,||p < D |m, — m||, and since there is a
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positive constant C” such that for alln > 1, E an - mHZ} <C'n"t,

1y [ ] <3 (& e lm])

n
)
k=1

F

IA
N ‘ UN
- ~
ngs
Q

eyl

E]

|

=
N~

IA
<9
NEO)
P
1=
~
\)—\
N
N——
N

Since |7, ||z < Co ||y — m|| |V, — I“m||lzcwith Co := 12 (C\/|[T[[f + C3/%), Cauchy-Schwarz’s
inequality and Lemma 6.5.5 give

. 2
n2]E[ ]_nz
F
n

<9 (Z (i [, — )]

k=1

n

2"

k=1

N
| =
N
™=
&=
—
=X
o
[
N————
N

IN
:N‘O(P\)
VO
M:

NS
IS

)2.

(E [1Va = Tull2])

Applying Theorem 4.2 in [GB15] and Theorem 3.3,

2 2
1 E < C3\/CpvKz [ & 1
n2 = n2 2 kB/A+1/2

F

k=1

n
L
k=1

since B > 0. Finally, one can easily check that [E {Hénﬂ H%} < 1, and since (&,) is a sequence
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of martingale differences adapted to the filtration (F,),

2

oE ([ S| | = (kDE lecnll] +23 3 [<¢k+1,§k/+1m)
= F = k=
= % <1§1E [HékHHﬂ +2k;k/§+11]3 [<Ck+1/1E [gk%l‘}—k’} >FD
= 2 L E [l
<1
n

Thus, there is a positive constant K such that foralln > 1,
2 — 2 K
E [|V2G () (V= Tu)[7] < .

Let Amin be the smallest eigenvalue of VG (T';,). We have, with Proposition B.1 in the sup-
plementary file, that Apin > 0 and the announced result is proven,

_ K
]E[ V,—T 2} < .
Vi = T [ 2

6.6 Concluding remarks

The simulation study and the illustration on real data indicate that performing robust
principal components analysis via the median covariation matrix, which can bring new in-
formation compared to classical PCA, is an interesting alternative to more classical robust
principal components analysis techniques. The use of recursive algorithms permits to per-
form robust PCA on very large datasets, in which outlying observations may be hard to
detect. Another interest of the use of such sequential algorithms is that estimation of the me-
dian covariation matrix as well as the principal components can be performed online with
automatic update at each new observation and without being obliged to store all the data in
memory.

A deeper study of the asymptotic behaviour of the recursive algorithms would certainly
deserve further investigations. Proving the asymptotic normality and obtaining the limiting
variance of the sequence of estimators V,, when m is unknown would be of great interest.
It a challenging issue that is beyond the scope of the paper and would require to study the
joint weak convergence of the two simultaneous recursive averaged estimators of m and I'y,.
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The use of the MCM could be interesting to robustify the estimation in many different
statistical models, particularly with functional data. For example, it could be employed as an
alternative to robust functional projection pursuit in robust functional time series prediction
or for robust estimation in functional linear regression, with the introduction of the median

cross-covariation matrix.
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Annexe C

Fast Estimation of the Median
Covariation Matrix with Application
to Online Robust Principal
Components Analysis. Appendix

Résumé

Dans cette partie, nous commencgons par rappeler comment estimer la médiane géomé-
trique et la Median Covariation Matrix a I'aide de 1’algorithme de Weiszfeld. Ensuite, nous
donnons des propriétés de convexité de la fonction que I'’on veut minimiser, avant de rappe-
ler quelques décompositions des algorithmes. Enfin, les preuves des lemmes et propositions
techniques sont données. Plus précisément, on donne la preuve du Lemme 6.5.1, qui per-
met de majorer les termes de reste. De plus, on prouve les Lemmes 6.5.2, 6.5.3 et 6.5.4 qui
permettent d’obtenir la vitesse de convergence en moyenne quadratique de 1’algorithme de
gradient stochastique.
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C.1 Estimating the median covariation matrix with Weiszfeld’s al-

gorithm

Suppose we have a fixed size sample Xj, ..., X, and we want to estimate the geometric

median.
The iterative Weiszfeld’s algorithm relies on the fact that the solution m1;; of the following

optimization problem

n
Yy
min 2 1 =

satisfies, when m}, # X;, foralli=1,...,n

where the weights w;(x) are defined by
1% x|

gw&—wl

w;i(x) =

Weiszfeld’s algorithm is based on the following iterative scheme. Consider first a pilot

estimator (%) of m. At step (e), a new approximation 771,(16“) to m is given by

1 n
At =Y w, (rﬁ,(f)) X;. (C.1)
i=1
The iterative procedure is stopped when Hﬁfﬂ) — nﬁﬁf) H < ¢, for some precision € known in

advance. The final value of the algorithm is denoted by 7i,,.

The estimator of the MCM is computed similarly. Suppose T'(¢) has been calculated at step
(e), then at step (e + 1), the new approximation I'“*1) to I, is defined by

B = YW (1) (X5 — ) (0 — ) 2
i=1

The procedure is stopped when Hf(‘*“) -TE . < ¢, for some precision € fixed in advance.
Note that by construction, this algorithm leads to an estimated median covariation matrix

that is always non negative.
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C.2 Convexity results

In this section, we first give and recall some convexity properties of functional Gj,. The
following one gives some information on the spectrum of the Hessian of G.

Proposition C.2.1. Under assumptions 1-3(b), for all h € H and V € S(H), S(H) admits an
orthonormal basis composed of eigenvectors of V2G (V). Let us denote by {Ay,y;,i € IN} the set of
eigenvalues of V2G(V). Foralli € N,

0< Ay, <C.
Moreover, there is a positive constant c,, such that for all i € N,
0< m < Am,l”m,i < C.

Finally, by continuity, there are positive constants €, €’ such that for all h € B (m,€) and
Ve BTy, €),and foralli € N,

1

5om < Ay < C

The proof is very similar to the one in [CCZ13] and consequently it is not given here.
Furthermore, as in [CCGB15], it ensures the local strong convexity as shown in the following

corollary.

Corollary C.2.1. Under assumptions 1-3(b), for all positive constant A, there is a positive constant
ca such that forall V.e€ B (T, A)and h € B (m,€),

(ViG(V) = V,G(Tw), V =Tu)y > callV —Tullz.

Finally, the following lemma gives an upper bound on the remainder term in the Taylor’s

expansion of the gradient.

Lemma C.2.1. Under assumptions 1-3(b), forallh € Hand V € S(H),

IVGi(V) = VGy (T) = VAG (T) (V = T || < 6C ||V = T 7. (C3)

Proof of Lemma C.2.1. Let 6y ), :== VG,(V) — VG, (Ty) — V3G (Tyy) (V — T), since
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VGy(V) — VG, (Tw) fo VG (T +t(V —Tw)) (V —Ty)dt, we have

Iovalle = [ V36 (Tt 1V = 1) (V= ) dt = T36.(0) (v = T2)

F

/ |V2G T+t (V=Tw)) (V—=Tw) — V3G (T) (V —T)||  dt

As in the proof of Lemma 5.1 in [CCGB15], under assumptions 1-3(b), one can check that for
allh € H,and t € [0,1],

Hvic (T +t(V—=Tp) (V—=Tp) = VG (Ty) (V- T)|[p <6C|V —rmH%,

which concludes the proof. O

C.3 Decompositions of the Robbins-Monro algorithm and proof of
Lemma 6.5.1

Let us recall that the Robbins-Monro algorithm is defined recursively by

(X1 — 71n) (Xug1 — i)’ — Vi

Vn+1 Vn + Yn — N
(Xn+1 - mn) (Xn+1 - mn) —Vu F
=Vy— ’)’nunJrl/
. Xy n) (X1 —T7) " =V, )
with U, 1 = —x ( n++11 n’fn I ngl—ﬁni))T—VnHF' Let us remark that &,1 := Vi G(V,) — U441,

(Cx) is a sequence of martingale differences adapted to the filtration (F,) and the algorithm

can be written as follows

Vn+1 - Vn — Yn (VGW,,(VH> - VCWH <rm>) + 'Yné’nJrl — Yu"n, (C4)

with r, := VG, (T'm) — VGu(I'y,). Finally, let is consider the following linearization of the
gradient,

Vigr =T = <IS(H) - ')’nvic(rm)) (Vi = T) + Yn8ut1 — Yuln = Yul' — YnOn, (C.5)
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with

(Vi,G (Tn) = VA,G (Tw)) (Va = Tn),
VC’fm( w) = VG, (Cn) = Vi, G (T) (Vo = Tn) -

Proof of Lemma 6.5.1. The bound of ||6,|| is a corollary of Lemma C.2.1.
Bounding ||7,||

Let us recall that for all i € H, Y(h) := (X —h) (X —h)". We now define for all h € H
the random function ¢y, : [0,1] — S(H) defined for all t € [0,1] by

_ Y(m+th) —
pu(t) == |Y(m+th) —Tpllp

Note thatr, = E [(pmn,m (0) — @z1,—m(1) ).7-},} . Thus, by dominated convergence,
I7ully < sup B [[lpf, (O] | 7]
te[0,1]

Moreover, one can check that forall h € H,

/ h(X—m—th)" (X — m— th) hT
pp(t) = — _
+ (Y (m + th) =T, b (X —m — th)") Yo+ ) =T
FAY(m + th) — Tz
Y (m + th) —

+{Y(m+th) —T,, (X —m—th)h" )
(x )= T ) >F|w<m+th>—rm||%

We now bound each term on the right-hand side of previous equality. First, applying Cauchy-
I
F—

Schwarz’s inequality and using the fact that for all /1, b’

)h(thh)THF] <HhH]E{|| X — m — th] ]
= Y

1Y (m +th) — Tl (m+th) —Tullg

<[] &

< ||l (E

1Y (m + th) [
1Y (m + th) =T[5

VTl

1Y (4 th) — L[

+E

1
VY (m + th) _FWZHF]> '
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: 1
Thus, since E {M} <_,

Hh (X —m— th)TH

YWHthm£]<h<C Tl +VE). o

In the same way,

(X —m —th) hT||
1Y (m + th) = T

< ||n|| <C\/HrmHF+\/E). (C.7)

Applying Cauchy-Schwarz’s inequality,

E

1Y (m + th) — T || Hh(X_m_th)TH
‘<Y(m+th)_F’"’h(X_m_th)T>F HY(m+th)—TmH§] = [Y<m+th>rm£

X —m—th
<[]

1Y (m + th) — Tl ¢

1Y (m + th)]]
< ||| [Hy(erth) —FmFHF] '

Thus, since [E [M} < C, and since for all positive constants a,b, Va+ b < \/a + N

MCETDIE Tl |
hl|IE < ||h E +E
Vel G o) = Tl | < VI TG+ ) — Tl NCETOEP
< ||| (cw/urmuﬁfc).
Finally,

E ‘<Y(m+th)—1"m,h(X—m > ‘ [Y(m 3 th) r’””§_ < ||| <c\/||rm|yF+\Fc>,

1Y (m +th) — Tl

(C.8)

E || (YO + th) ~ T, (X = — i) 0T Hié:ii’;;:x”g < |In] (c\/urmHﬁ\E).

(C.9)
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Applying inequalities (C.6) to (C.9) with h = m,, — m, the announced result is proven,
Il <4 (VE+ €y ITule ) 75, = m].
Bounding ||7;,||
Forallh € Hand V € S(H), we define the random function ¢,y : [0,1] — S(H)

such that for all t € [0,1],

eny(t) ==

(Y(m + th) —

Tw) @ (Y(m + th)

1
Hymﬁ+m>—nwF<%“”‘

Y (m + th)

—Tn) V).
— Tl >()

Note thatr}, = E [(Pﬁn—m,vn—rm (1) — ¢m,—m,v,-r,,(0) ‘]—"n} . By dominated convergence,

Irille < sup E {llgh, . ()] |72]

Moreover, as for the bound of |7, ||, one can check, with an application of Cauchy-Schwarz’s
inequality, that forallh € H,V € S(H),and t € [0,1],

Y th
Y+ th)

— Tl [T (X —m —

e v,

Pry(t) <
" Y (m + th) — T2

Y (m +th) —

Tonllp Hh(X— m—

|WW+m>rmi
12”]’1(X—1’ﬂ HF || ||
1Y (1 + th) — T |7

Finally,

[7(X —m — ‘“nn] !mmm—m
1Y (m+th) —Ty|> " | = Y (m+ th) —

< [[hI[ 1Vl E

+ VI E

)"l (Y (m + th)

— thl|

5 ||V||p]
ml|F

1Y (m

VTl ]
Dol [7

+th) — Ty}

1

1Y (m

+ th) — rm||3/2]

s@wMMﬁf“)wwwp

—Tn) (Vg

(C.10)

Then the announced result follows from an application of inequality (C.10) with h = m,, — m
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andV =V, —T,,

Il < 12 (c\/urmHF +c3/4) 7 — ]| [ Vi — Dol

C.4 Proofs of Lemma 6.5.2, 6.5.3 and 6.5.4

Proof of Lemma 6.5.2. Using decomposition (C.4),

Vit = Tl = 1V = Tudll? = 2 (Vie — T, VG, (Vi) — VG, (To))
+ 73 VG, (Vi) = VG, (T) 17
+ ’)’31 H‘:nHHIZF + 290 (Vi = Top — vu (VGii, (Vi) = VG, (Ti)) , Cut1) £
+ 92 7all? = 270 (Fs Vi = Ton) p — 293 (i, €t — VG, (Vi) + VG, (D)) -

Note that forallh € Hand V € S(H) we have ||VG,(V)| < 1. Moreover, ||r,]| < 2 and
|Cnt1]lp < 2. Since for all h € H, Gy, is a convex function, we get with Cauchy-Schwarz’s

inequality,
HVn—H - rm”l2E a< ||Vn - rmu% + 36731 + 2, <€n+1/ Vi — rm>p — 2% <rn/ Vi — rm>p . (C-ll)

LetC' := 4 <\f+ C«/HFmHF), let us recall that ||r,||; < C ||, — m||. We now prove by

induction that for all integer p > 1, there is a positive constant M, such that foralln > 1,
2

E [||V, — Tl 7] < M,

The case p = 1 has been studied in the proof of Theorem 3.2. Let p > 2 and suppose from
now that for all k < p — 1, there is a positive constant My such that foralln > 1,

E [[[Vi — Tull] < M.

Bounding E [HVn — FmHip} .
Let us apply inequality (C.11), for all p > 2 and use the fact that (&,) is a sequence of mar-
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tingales differences adapted to the filtration (F,),

E [IVass = Tull¥] < E [(IVe = Tullt 3672 + 29 Il Ve = Tl

p—k
32 (0 [ ¥ = T fasd) (195 Tl 3603 + 2 Il IV~ Eul) .
(C.12)
Let us denote by () the second term on the right-hand side of inequality (C.12). Applying
Cauchy-Schwarz’s inequality and since ||, 11| < 2,
n

Y (PYE (24, (V,—T K(IV, =T |2 + 3672 + 2 v )
—Z k (27n (Vu mrGnt1))” (| Va m”P“‘ 67, + 'YnHVnHFH n mHF

P —k
k P
< Y. (D)2 |1V = Tl (1Va ~ Tl #3692 + 230 Il 1V~ Tull) |
k=2

With the help of Lemma C.5.1,
4 4
#) < YO 2K IE [V — T[] + 15 2230136747 || Vi — Ll
k=2 k=2
. kap—k—1 —k
+ Y 2R3 KL (a1 Vi — Tl -
k=2
Applying Cauchy-Schwarz’s inequality,

P P

—k— 2p—k —k— -1 +1-k
Y- 228V [ ||V, — Tl ] = 30 228 F 9k [||Ve — Tl |V — D]
k=2 k=2

P
S Z 22k3p7k71,y£
k=2

B [1Va = Tl ] [V - Tal2719).

By induction,

P
%3P —k—1kE ||V, — T HZP—k 22k3p k-1 M M
k:zz n [ n ml|F } k \/ p— 1\/ p+1-k

~-0 (yﬁ) _ (C.13)
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In the same way, applying Cauchy-Schwarz’s inequality and by induction,

p p

—k— — —k —k— — —k _
Y 228P 1360 kol N [||V, — T[] = ) 2237+ 1367 92 Y || Vi — Tl | Vi — TlF]
k=2 k=2

p
< Yo 223 er Rl /My My
k=2
=0 (1), (C.14)

since p > 2. Similarly, since ||7, || < 2 and since p > 2, applying Cauchy-Schwarz’s inequa-
lity and by induction,

P 4
—k— —k —k—
3" 273 | ra|f Ve — Tullf] < Y 223710 (Vi — ]

k=2 k=2
4
< 22;73pfk71,)}j M/ M,_1
L My
=0 (v3). (C.15)

Finally, applying inequalities (C.13) to (C.15), there is a positive constant A} such that for all
n>1,

p—k

P
e <Z> (27 (Vi = T Gus1)e)* (11Va = Tonl[F 43672 + 27 Il 1Ve = Tnll )" | < 4G9

k=2

(C.16)
We now denote by (xx) the first term at the right-hand side of inequality (C.12). With the
help of Lemma C.5.1 and applying Cauchy-Schwarz’s inequality,

P k _
(%) S E [V =Tl ] + ) (Z)IE (3672 + 27 {ru, Vo = Tudp) Vi = T[]
k=1

P

2 — k k 2p—2k

<[V~ Tul?] + 1 (§)2 B [ (3643 + 295 Il 1V = Tols) 1V = Tl ).
k=1

Moreover, let
_ k k 2p—2k
(3% %) 1= Z <£>2k 'E {(361(7%]{ +2k7§ [7nllF |V — Fm”F) Vi — rmHFp ]

P p
- 2p—2k o k 2k
— Z (Z)Zk 136k731k]E [HVn —Fm||F” ] + Z <Z>22k 1,Y£<I]E [HVHHF ||Vn _rmHFP } )
k=1
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By induction,

P P

y (Z)zk—l%kryﬁkﬂz [I1Va = Tl ] = 2( >2k 136592 M,

k=1 k=1

=0 (1)
Moreover,

SN AW k 2p—k 2 (P k-1, k 2p—k
- (B )22k [l (Ve =Tl 2] = X (7 ) 22724 [l 1V — T[]
k=1 k k=2 k

2p—1
+2p7E [JIrallg Ve = Tl

Applying Cauchy-Schwarz’s inequality and by induction, since |7, ||z < 2,

' 3k—1,k 2p—k
Z 27 B [HVn_rmHP }
;

23k71,)/k M 1k M,l
_2<> i
”a)-

Moreover, applying Theorem 4.2 in [GB15] and Holder’s inequality, since ||r,, || < C' ||, — m]],

|4
_ k 2p—k
3 (2)24 A (Il e - Tl ] <

k=2

IN
-~

O

2p-1 — 2p—1
297 [l 11V = Tl 7] < 2C pyuE [ [ — m| [V = Tl

<2y (B i) (2 [1¥, - 1w?])
1
2p

<20t (B [IVa-Tal?]) ©

Finally,

1 1
2p 2p-1 2p

2 p b (B [IVa—Tal¥]) ™ < 2Cpn o max {1, E Vi~ Tl ¥]}

1

2p

< 2C' pyn ff/z (1 +E [||Vn - rm||§’”]) .
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Thus, there are positive constants A}, A] such that
1 2p 1 1
() < (14 A —r ) B[V = Tl ] + A (C.17)

Finally, thanks to inequalities (C.16) and (C.17), there are positive constants A{, A} such
that

2 1 2 1
E [HVnH _rmHFp] 1+ A D¢+1/2> E [HVn —rmep] +A1W

n 1 »
< a1 (1 + A()ka-i—l/Z) E {HW - rmHFp]
L 1 1

/ /
(1 + 49 'a+1/2> La+1/2
1j=k+1 J
1 2
(1 + A6k4x+1/2> E {HVI - FMHPP]

1 - 1
/ /
(1 T AOja+1/2> kZl A a+1/2
] =

S Mp/

=

+
g
—

k

e

<

T
(X

+

—,

Il
—_

which concludes the induction and the proof.

Proof of Lemma 6.5.3. Let us define the following linear operators :
= Is) — 1V G(T),
Bn = fok IQ ( ) — YV G(l"m))
Bo = Ls(n)-

Using decomposition (C.5) and by induction, for alln > 1,

Vn - rm = ﬁnfl (Vl - rm) + ﬁnfan - ﬁnfan - ﬁYZ*lR]{[ - ﬁnflAn/ (C-18)
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with
n—1 n—1
My =Y 7By ' Cest, Ru:=Y mBi e
k=1 k=1
n—1 n—1
R, =Y Wby i Ani=Y By o
k=1 k=1

We now study the asymptotic behavior of the linear operators B, and f,_1; ' Asin [CCZ13],
one can check that there are positive constants ¢, c; such that for all integers k,n > 1 with
k<n-1,

Hﬁ'ﬂ*lHop S COeiAmi“ZZ:l 'Yn’ ‘

ﬁn—hglleop < cre Mmin Lk (C.19)

where |.||op is the usual spectral norm for linear operators. We now bound the quadratic
mean of each term in decomposition (C.18).

Step 1: the quasi deterministic term S,_1(V; — I'y,).
Applying inequality (C.19), there is a positive constant cj such that

2 2 2
E [[1Br-1 (Vi = Tw) 7] < 1Ba-1ll5, B V2 = T3]
< coe 2 B M [V — T

< coe~ 0" R [HVl - FmH%} ’ (C.20)

This term converges exponentially fast to 0.

Step 2 : the martingale term S, M,,.
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Since ({,) is a sequence of martingale differences adapted to the filtration (F),

E [H,Bn—anHﬂ = )E]E D

Bu-1Bi Gkt Hi]

+22 Z YivwE [<5n,1/3;1§k+1,/3,1,1/3,;1(?;«+1>F}

1 Kkt 1
n—1 2
=) E U :Bnlﬁk_lr)/kaJrlHP]
=1
+ 2’2 . Zk;ﬂ Yy E [<ﬁn,1ﬁ;1§k+1,ﬁn,1ﬁ,;1lli [5k/+1\fk/]>F]

= kil]E U ,Bnlﬁlzl')’kngrlHi] :

Moreover, as in [CCGB15], Lemma C.5.2 ensures that there is a positive constant Ci such that

foralln > 1,
C/
2
E [ 1Ma7] < L

s (C.21)

Step 3 : the first remainder term §,,_1R,.

Remarking that ||r,|| < 4 (ﬁ+ c,ﬁurmup) 77, — m|),
5 n—1 1 2
E [Ipwaol] < B | onfga-ipi?], Il
=1
2
<16 <ﬁ+,/y|rm |F) {(ka

Applying Lemma 4.3 and Theorem 4.2 in [GB15],

E [[1B2-1RalF] <16 (fc+CM) (Z ve [Buibi | \/JE[Hmk—ng})Z
<16 <\7C+C\/ﬂ>2 (Z'}’k‘ﬁn 187 pk11/2>2.

2
Bn-1By H pHmk—mH> ]
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Applying inequality (C.19),
2 2 nl Yy 1 2
E [HﬁnfanHF] S 16 (\/E-i- C\/ Fm) K1 Z Yke j=k ]7]{1/2

2
2 T
<16 (\fC+C\/1“m) Ky <Z’yke ka%k1/2> :
k=1

Splitting the sum into two parts and applying Lemma C.5.2, we have

2 (n/2) 2
1
E |:H,Bn—1RnH%:} <32 <\/€+ C HF ‘F) ( E Yie ij%kl/Z)

n

2 2
_yn oo 1
+ 32 <\/E+ C HFmHF> Kl (k EZ Yre ):]k'Y]kl/z)

=E(n/2)+1
-o(5)-
n

Thus, there is a positive constant C} such that foralln > 1,

C/
E [IBr1Rall?] < =2. c2)

Step 4 : the second remainder term f,,_1R),.
Letusrecall that foralln > 1, ||r}||; < 12D ||, — m|| ||V — T || with D := C/|[T[p + C¥/%.

Thus,
2
BB, Hri\h) ]

n—1
(Z Yk ‘
k=1

n—1
(Z Yk ‘
k=1

A HES

< 144D*E

2
Bucrby | I = ml Vi —rm|\p> ] -

Applying Lemma 4.3 in [GB15],

2
e RV Hvk—rmui}) .
op

Thanks to Lemma 6.5.2, there is a positive constant M, such thatforalln > 1, E [H Vi —T'm ||ﬂ < Mo.

£ [lpcam ] < w07 ('
=1
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Thus, applying Cauchy-Schwarz’s inequality and Theorem 4.2 in [GB15],

s, (el (o))

2
bt ) -

As in step 3, splitting the sum into two parts, one can check that there is a positive constant
C{ such that foralln > 1,

E [[|B:-1R) 7] < 144D? (li |
=1

n—1
< 144D*/M,K, (Z - )
k=1

G
n

E [[B.-1R) 7] < (€23)

Step 5 : the third remainder term : 3,,_1A,
Since ||04]|p < 6C||Viy — T'||3, applying Lemma 4.3 in [GB15],

B 2
E [||Bra8l}] <E {( kz 7 [Buibi]| HaknF) ]
B 2
< 36C%E {(zl e[ Bart| IV - mn%) ]
k=1 op

:anlﬁk_luop \/]E [HVk - FmHﬂ>2~

Thanks to Lemma 6.5.2, there is a positive constant M, such that foralln > 1, E [H Vo —Tu ||ﬂ < M.
Thus, splitting the sum into two parts and applying inequalities (C.19) and Lemma C.5.2,
there are positive constant c¢(, C} such that foralln > 1,

-1
< 36C? (Z |
k=1

2
(n/2)
E [IBs-18llF] < 7262M%( L me z,m)

2
+72C2 sup {IE [HVk —T,, H ( e~ Yk 'Yj)
E(n/2)+1<k<n-—1 k=E(n/2)+1

<c  sup  {E[[Vi—Tul}]}+0 (e ).

E(n/2)+1<k<n-1

Thus, there is a positive constant C} such that foralln > 1,

E[|liadul}] <G+ sup  {B[|Ve-Tal}]}. (C24)
E(n/2)+1<k<n-1
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Conclusion :

Applying Lemma C.5.1 and decomposition (C.18), for alln > 1,

E |[Vi = T[] < SE [ [1Bams (Vi = L) 2] +5E | 1B Mal2] +5E [[|BusRo 7]

+5E {H;anlR;,qHﬂ +5E [H;anlAnlef} :

Applying inequalities (C.20) to (C.24), there are positive constants Cy, C{, C,, C3 such that for
alln > 1,

2 oyl C2 4
IE[||Vn—rm|\ ] < Cre G" +-5+C  sup IE[HVk_rmHF}'
E(n/2)+1<k<n-1

Proof of Lemma 6.5.4. Let us define W, := V, — Ty — v, (VGg, (Vi) — VG, (T')) and use
decomposition (C.4),

Vi1 = Tunllz = IWallz + 92 18nsa 7+ 72 7l + 270 (Gns1, Vi = Td p + 293 (Gnst, VG, (Vi)
- 2')’% (T, VCW,Z(Vn) — VG, (rm)>F =29 (ru, Vi — rm>F-

Since ||Cu11llp < 2, ||7al|p < 2 and the fact thatforallh € H, V € S(H), V;,G(V) < 1, we get
with an application of Cauchy-Schwarz’s inequality

Vi1 — rm”% < HWHH% + 29 (Cnv1, Vi — rm>P + 2y H”nHF Vi — FMHP +20')’%-

Thus, since () is a sequence of martingale differences adapted to the filtration (), and
since ||W, |7 < (1+C%3) |V — I',||7 (this inequality follows from Proposition C.2.1 and
from the fact that for all # € H, G, is a convex application),
4 4 2
E [[|Vas1 = Tllt] < E[IWallf] + 270 [I7allg [ Wall}11Va — Tl
+40 (14 C*) 2E ||| Vi — TullF]
+ 492 [(@ns1, Vo — D)7 + 40074 + 4093 [l IVi — T }]

+ 492 [l 1 Vi = Tull3]

Since ||Cu+1||p < 2and ||7,]|p < 2, applying Cauchy-Schwarz’s inequality, there are positive
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constants Cj, C} such that foralln > 1,

c )
L+ —2E [|[Va — Tl -

(C.25)

E [ Vi1 = Tullf] < B [IWallF] +270E [[lralle IWalF 1V = Tl ] +

We now bound the two first terms at the right-hand side of inequality (C.25).

Step 1: bounding E [||W ||4}
Since VG, (Vy) — VG, fo V2. G (T +t (Vi —Tw)) (Vi — T) dt, applying Propo-
sition C.2.1, one can Check that

IIWnIIZZIIVn—leli—Z%W = Lo, VG, (Vi) — VGmn( m))H +7nIIVC‘fm< W) = VG, (T |7

Since for all h € H, Gy, is a convex application, ||W, ||F (14 c3C?) |V — T ||F Let p’ be a
positive integer. We now introduce the sequence of events (A, )neN defined for all n > 1

by
1-a
Ay = {w €O, ||Valw)=Tullp<n?, and |my(w)—m]| < e} , (C.26)

with e defined in Proposition C.2.1. For the sake of simplicity, we consider that €’ defined in
Proposition C.2.1 verifies €’ < 1. Applying Proposition C.2.1, let

= (VGam, (Vi) = VG, (Tm), Vo = D) p 1a, (v, -1l <€)
_ / (V2,G (T +t (Vi = Tn)) (Va = Tr) , Vie = D) vy r )y <ery L,
Cm Vi — Tm||F v, -1, <ey1a, - (C.27)
In the same way, since Gy, is convex, let
= (VGm, (Vi) = VG, (Tm), Vo = T) p 1a, (v, -1, >
_ /01 (V2 (Tt (Vi = T)) (Va = Tn) Vi = T Ly, 1, ey L,

=
> /O Vio—Tmlf <V2mn (I'm +t (Vn — rm)) (Vn — rm) Vi, — Fm> 1{HVn*rme>€’}1An,p/dt
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Applying Proposition C.2.1,

Tostaly 1 2
B, > /0 ' 5 Cm Vi — Iﬂfﬂ”F1{HVn—rm||F>e'}1An,p,diL

€' e )
Z st 1o Ve = Dl Lgv,— 01
2|V —Tullg Vi = Dol Ly, —r,) >y 14,

S €cy
- 2

1l
n Ve = Tl gy, -r, ey 14, (C.28)

1—«a

There is a rank n’p, such that for all n > n;,, we have %niT < %cm. Thus, applying

inequalities (C.27) and (C.28), for all n > n;/,
l;lzx
4

€'c _
HWHH% lAn,p/ S (1 - Tm’)/nn ) ||V7’l - rmH% 1An,pl'

Thus, there are a positive constant Cpr and a rank n P such that foralln > n Pl

€'c EA
E[IWili1s,,] < <1_ ST > E[|[Va~Tullt1s,,]

1
< (1 — 2y yun 7 ) E [an - rmuﬂ . (C.29)

Now, we must get an upper bound for E [HWnH% 14c ,} .Since ||[Wy |7 < (14 2C?) ||V — T|[
n,p
and since there is a positive constant ¢y such that foralln > 1,
- 1
Vi = Tillp < |Vi =Tl + Z’Yk < con "
k=1

we have

2
E[IWalt1ac ] < 14+ EC)E Vo~ Tulli 1 ]

/

< (1+EC) cn* P AL, |

1-a
<(1 +C§C2)2c3n4_4"‘ <]P |77, —m| > €] + TP [HVH —Tullp=n? }) :
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Applying Markov’s inequality, Theorem 4.2 in [GB15] and Lemma 6.5.2,

7 ! 2
E[Iwliie ] < (1+2c)ie 444a(E[mnm2”}+E[‘@rm;1)

29 1-a
ol n2q I

K// L
< 2 Ny (1+C CZ) C0n4 da—p" + (1+C CZ) qu‘l 4o qup’ ‘

Taking p”" > 4 —a and q > p’ﬁ,

1
E [Hwnu‘;u;p,} 0 <W> . (C.30)

Thus, applying inequalities (C.29) and (C.30), there are positive constants ¢,/ Cy ;y and a rank
ny such that for all n > ny,

_1;/u Cl, /
E [[Wal}] < (1—2cp%n z )IE (Ve = Tal] + =32 (C31)

Step 2 : bounding 27, [[[7u[ W} | Vi = Tl -
Since || W, ||F (1+¢2 CZ) |V — I’m||%, applying Lemma C.5.1, let

2
Dy : = 29ulE [ [l [ Wal[F Vi = Tl
<2 (14 WE [|Irally Ve — T3]

2 2 1 1 i
< = 1+ un 7 E [ IrallF 1V = TullF] + 5epvan™ 7 E [1Va = Tullf]
p/
2 4 3L 4 — L 4
< 5 (143C) 7’ TE [Irallf] + cprun” 7 E [V = Tul?] .
p/

Since |7y ||p < (ﬁ +Cy/ HFmHF> ||\, — m|| and applying Theorem 4.2 in [GB15],

2 4 1-a o 1
Dy < %x1+c@)(¢E+cwwwm)wmﬁﬂmﬁwm—mW}+%ww 7E ||V — Tl
<2

3la 1 N
K> (1+C CZ) <\F+C\/HF HF) Yt ¥ — T CpYnnt v IE[HVn—FmHﬂ

C n

/

=N



C.5 Some technical inequalities 209

Step 3 : Conclusion.
Applying inequalities (C.25), (C.31) and (C.32), there are a rank 7,y and positive constants
¢y, Crprs Copr, G, such that for all n > nyy,

,1;/06 Cl, / Cz/ /
E [V = Tull] < (1= cman™ 7 ) B [V = Tult] + 5 + 22E (1~ Tol]
Cs,pr
24a—3L8 "
n P

C.5 Some technical inequalities

First, the following lemma recalls some well-known inequalities.

Lemma C.5.1. Let a, b, c be positive constants. Then,

Moreover, let k, p be positive integers and ay, ..., a, be positive constants. Then,
. ’ k-1 k
Y| <p Yl
j=1 j=1

The following lemma gives the asymptotic behavior for some specific sequences of des-
cent steps.

Lemma C.5.2. Let a, B be non-negative constants such that 0 < a < 1, and (uy), (v,) be two
sequences defined for all n > 1 by
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with ¢y, ¢y > 0. Thus, there is a positive constant cy such that for alln > 1,

E(n/2) . -
Yo e Htuo =0 (e ), (C.33)
k=1
n
Y e H e =0 (o), (C.34)
k=E(n/2)+1

where E(.) is the integer part function.

Proof of Lemma C.5.2. We first prove inequality (C.33). For alln > 1,

E(n/2) . E(n/2) N
E e Ljk Lljukvk = CuCy Z e Lkt
k=1 k=1
E(n/2) a1
S CuCo Z efcu Zj:k .
k=1

ke+p

Moreover, for all k < E(n/2),

Thus,
E(n/2

(
X

k=1

)
_yn . _Cy -
e~ DYy o < cucone” 2N

We now prove inequality (C.34). With the help of an integral test for convergence,

n n 1
Yo =cu) %
j=k J

j=k

n+1 1
CM / idt
k te

v

Cu ( 1—a fac)
> 1 —k™").
T 1—u (n+1)
Thus,
n _ymn . 1—u n klfzx
Y, e Lik Uiy o < cucpe” Y Yoo e kh
k=E(n/2)+1 k=E(n/2)+1

With the help of an integral test for convergence, there is a rank n,,, (for sake of simplicity,
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we consider that n,, , = 1) such that foralln > n,,,,

1
i A /n+ el gy
k=E(11/2)+1 E(n/2)+1

1

[e“’“t—ﬁr +B / ’ el 1Pgy
11—« E(n/2)+1 E(n/2)+1
n+1

E(n/2)+1

n

) K kP =0 (e”lﬂx”fﬁ> )

k=E(n/2)+1

since & < 1. Thus,

As a conclusion, we have

1 _yn . 1—u 1—a
2 o~ Lk i, = O (e—(n+1) +n Un)
k=E(n/2)+1

=0 (v,).
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Troisieme partie

Vitesse de convergence des
algorithmes de Robbins-Monro et de
leur moyenné






Chapitre 7

LP and almost sure rates of
convergence of averaged stochastic
gradient algorithms and applications
to robust statistics

Résumé

On a rappelé au Chapitre 1 différents cadres de travail pour obtenir les vitesses de conver-
gence des algorithmes de gradient stochastiques moyennés. On a notamment présenté le
cadre introduit par [Pel98] et [Pel00], pour lequel les vitesses de convergence presque stire
de ces algorithmes sont établies. Cependant, ces résultats n’avaient été démontré que dans
le cas d’espaces de dimension finie. De plus, on a présenté au Chapitre 1 le cadre introduit
par [BM13], qui permet d’obtenir la vitesse de convergence en moyenne quadratique des al-
gorithmes dans des espaces de Hilbert, mais ce, avec des hypotheses trés restrictives sur la
fonction que I’on veut minimiser.

Dans ce contexte, en s’appuyant sur les méthodes de démonstration mises en place au
Chapitre 4 et améliorées aux Chapitres 5 et 6, on donne un cadre de travail dans les espaces
de Hilbert, moins restrictif que ceux introduits par [BM13] et [Bac14], qui nous permet d’éta-
blir les vitesses de convergence presque stire des algorithmes (Théoreme 7.3.2) ainsi que leurs
vitesses L? (Théoréemes 7.3.3 et 7.3.4)
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Abstract

It is more and more usual to deal with large samples taking values in high dimensional
spaces such that functional spaces. Moreover, one usual stochastic optimization problem is
to minimize a convex function depending on a random variable. In this context, Robbins-
Monro algorithms and their averaged version are good candidate to approximate the so-
lution of these kind of problems. Indeed, they usually do not need too much computational
efforts, do not need to store all the data, which is crucial when we deal with big data, and can
be simply updated, which is interesting when the data arrive sequentially. The aim of this
work is to give a general framework which is sufficient to get asymptotic and non asymptotic
rates of convergence of stochastic gradient algorithms as well as of their averaged version.
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7.1 Introduction

With the development of automatic sensors, it is more and more usual to deal with large
samples of observations taking values in high dimensional spaces such as functional spaces.
In this context, it may be possible that usual methods in stochastic approximation encoun-
ter some computational issues due to the large dimension and size of the data. One usual

stochastic convex optimization problem is to minimize the following kind of function

G(h) :==E[g(X,h)],

where H is a Hilbert space and X is a random variable taking value in a space X and
g : X x H — RR. Moreover, the functional G : H — R is convex. Many examples exist
in the literature such as the L!-median (see [Kem87] or [CCZ13] among others), geometric
quantiles (see [Cha96]) or several regressions (see [BM13]). One usual method to approxi-
mate the minimizer of this kind of function, given a sample Xj, ..., X, is to consider the
empirical problem generated by the sample, i.e to consider the M-estimate (see the books of
[HR09] and [MMYO06] among others)

. R
My 1= argmhmakglg(Xk,h),

and to estimate 71, using usual deterministic optimization methods (see [VZ00] and [BS15]
for the special case of the median). Nevertheless, one of the most important problem of this
method is that it requires to store all the data, which can be exhaustive if we deal with large
samples taking values in high dimensional spaces. Thus, in order to overcome this, stochastic
gradient algorithms introduced by [RM51] are efficient candidates. Indeed, commonly, they
do not need too much computational efforts, do not require to store all the data and can be

simply updated, which represents a real interest when the data arrive sequentially.

The literature is very large on this domain (see the books of [Duf97], [KY03] among
others) and a method to improve their convergence, which consists in averaging the Robbins-
Monro estimators, was introduced by [P]92]. Many asymptotic results exist (see [Duf97],
[Pel98], or [Pel00] for instance) but they often depend on the dimension of the space and the
proofs can not be directly adapted for infinite dimensional spaces such as functional spaces.

Moreover, an asymptotic result such as a Central Limit Theorem does not give any clue
of how far the distribution of the estimator is from its asymptotic law for a fixed sample size
n. Through non asymptotic results, the aim is to obtain finite sample guarantees with high
probability, which is always desirable for statisticians who deal with real data. Nice argu-
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ments for considering non asymptotic properties are given in [Rud14], for example. Note
that the obtainment of such results often requires much more efforts and assumptions com-
pare to classical weak convergence results. Moreover, as far as we know, there are only few
results in the literature on non asymptotic rates of convergence. However, in recent works,
[CCGB15] and [GB15] give a deep non asymptotic study of the estimators of the median,
giving non asymptotic confidence balls as well as general L? rates of convergence. In the
same way, [BM13] and [Bac14] give some general conditions to get the rate of convergence
in quadratic mean of averaged stochastic gradient algorithms.

The aim of this work is, in a first time, to give assumptions which will enable us to
get asymptotic results such as almost sure rates of convergence of the Robbins-Monro al-
gorithm as well as of its averaged version in general Hilbert spaces. Nevertheless, as men-
tioned above, asymptotic results are often non sufficient, and we propose to generalize the
method introduced by [CCGB15] and improved by [GB15] and [CGB15] to get the L? rates
of convergence of the algorithms. These assumptions consist in assuming the local strong
convexity of the function we would like to minimize, and in having a control on the loss of
this strong convexity. This allows, in a first time, to obtain the L” rates of convergence of the
Robbins-Monro algorithm. In a second time, this enables us to get the rates of convergence

of the averaged algorithm.

The paper is organized as follows. Section 7.2 introduces the framework, assumptions,
the algorithms and some convexity properties of the function we would like to minimize
are given. In Section 7.3, the strong efficiency of the algorithms will be given as well as their
almost sure and L7 rates of convergence. Two examples of application are given in Section
7.4. First, we will be interested in estimating geometric quantiles in Hilbert spaces, which
are a generalization of the real quantiles introduced by [Cha96]. An important fact is that
they are robust indicators which can be useful in statistical depth and outliers detection (see
[Ser06], [CDPB09] or [HP06]). In a second time, these algorithms and results can be applied
in several regressions an we will focus on an example of robust logistic regression. Finally,
the proofs are postponed in Section 7.5 and in a supplementary file.

7.2 The algorithms and assumptions

7.2.1 Assumptions and general framework

Let H be a separable Hilbert space such as R? or L*(I) for some closed interval I C R. We
denote by (.,.) its inner product and by ||.|| the associated norm. Let X be a random variable
taking values in a space X, and let G : H — R be the function we would like to minimize,
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defined for all 1 € H by
G(h) == E[g(X,h)], 71)

where ¢ : X x H — IR. Moreover, let us suppose that the functional G is convex. We
consider from now that the following assumptions are fulfilled :

(A1) The functional g is Frechet-differentiable for the second variable almost everyw-
here. Moreover, G is differentiable and denoting by @ its gradient, there exists m € H
such that

®(m) :=VG(m)=0.

(A2) The functional G is twice continuously differentiable almost everywhere and for all

positive constant A, there is a positive constant C4 such that forallh € B (m, A),
||rh||op < Ca,

where I’y is the Hessian of the functional G at i and |.[|,,, is the usual spectral norm
for linear operators.

(A3) There exists a positive constant € such that for all 1 € B (m, €), there is a basis of
H composed of eigenvectors of I',. Moreover, let us denote by Amin the limit inf of
the eigenvalues of Iy, then Anin is positive. Finally, for all h € B (m,e), and for all

eigenvalue Aj, of I'y, we have Aj, > )“5‘“‘ > 0.

(A4) There are positive constants €, Ce such that for all h € B (m,€),
| (h) = Tpu(h —m)|| < Ce |l —m]|*.

(A5) Let f : X x H — Ry and let C be a positive constant such that for almost every
x € Xandforallh € H, ||Vyg(x,h)|| < f(x,h) + C ||h — m|| almost surely, and
(@) There is a positive constant L; such that forall h € H,

E [f(X,h)*] < L.
(b) For all integer g, there is a positive constant L, such that forall h € H,
E [f(X,h)*] < L,.

Note that for the sake of simplicity, we often denote by the same way the different
constants. We now make some comments on the assumptions. First, note that no convexity

assumption on the function g is required.
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Assumption (A1) is crucial to introduce a stochastic gradient algorithm. Moreover, note
that one can relate to deterministic optimization’s literature to ensure the existence of a mi-

nimizer of the functional G or equivalently to ensure the existence of a zero of the gradient.

Assumptions (A2) and (A3) give some properties on the spectrum of the Hessian and
ensure that the functional G is locally strongly convex. Note that assumption (A3) can be
resumed as Amin (I';) > 0, where Apin(.) is the function which gives the smallest eigenvalue
(or the liminf of the eigenvalues in infinite dimensional spaces) of a linear operator, if the
functional i — Apin (T',) is continuous on a neighborhood of m. Note that in a space of
finite dimension, assumption (A3) reduces to an assumption on the existence of the Hessian

almost everywhere if the functional h — I is continuous.

Moreover, assumption (A4) allows to bound the remainder term in the Taylor’s expan-
sion of the gradient. Note that since the functional G is twice continuously differentiable
and since ®(m) = 0, it comes ®(h) = fol Cyttn—m)(h —m)dt, and in a particular case,
®(h) —Ty(h—m) = fol <I’m+t(h,m)(h —m) — Ty (h— m)) dt. Thus, assumption (A4) can be
verified by giving a neighborhood of m for each there is a positive constant C, such for all 1
in this neighborhood, if we consider the function ¢y, : [0,1] — H defined for all t € [0, 1] by
@n(t) == Tppsn — my(h — m), then forall t € [0,1],

loh(B)] < Cellh—m]*.

Assumption (A5) enables us to bound the gradient under conditions on the functional f.
More precisely, assumption (A5a) allows to get the almost sure rates of convergence while
assumptions (A5b) enables us to obtain the L? rates of convergence, which represents a signi-
ficant relaxation of the usual conditions needed to get non asymptotic results. For example,
a main difference with [Bac14] is that, instead of having a bounded gradient, we split this
bound into two parts : one which has to admits g-th moments for all 4, and one which de-
pends on the estimation error. Moreover, note that is is possible to replace assumption (A5)
by

(A5a’) There is a positive constant L! such that forallh € H,

E [[IV3g (X 0)IP| < Ly (14 1 —m]P).
(A5b”) For all integer g, there is a positive constant L, such that for all 1 € H,

E |[|Vig (X, 1)I?| < Ly (1+ [} — m]|*7)
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Remark 7.2.1. Note that we have analogous assumptions to the usual ones in finite dimension (see
[Pel00] among others) but our proofs remain true in infinite dimension, which was not the case in
previous works. Moreover, note that these assumptions represent a real improvement compare to the
ones introduced in [BM13] since apart from assumption (B5), we just introduce local hypothesis and

not uniform ones.

7.2.2 The algorithms

Let Xy, ..., Xy, ... be independent random variables with the same law as X. The Robbins-

Monro (or stochastic gradient) algorithm is defined iteratively by

Lyl =2y — %th (Xn+1r Zn) (7.2)
=:Zy — Ynlps1,
where Z; is chosen bounded and U, 41 := Vg (Xy41, Zn). Moreover, () is a decreasing

sequence of positive real numbers which verifies the following usual assumptions for almost

sure convergence of Robbins-Monro algorithms (see [Duf97])

2’)/,1:00, Z’y%<oo

n>1 n>1

The term U, ;1 can be considered as a random perturbation of the gradient ® at Z,,. In-
deed, let (F,) be the sequence of c-algebra defined for all n > 1 by F, := 0 (X1, ..., Xu) =
o (Z1,..., Zn), then

E [Uy11|Fu] = ©(Zy).

In order to improve the convergence, we now introduce the averaged algorithm (see
[P]92]) defined recursively by

_ _ 1 _
Zl’l+1 — Z1’l —|— m (Zl’l+1 _— Zn) ’ (7.3)

with Z; = Z;. This also can be written as follows

N
Zn = — Z Zk.
3
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7.2.3 Some convexity properties

We now give some convexity properties of the functional G. First, since ®(m) = 0 and
since G is twice continuously differentiable almost everywhere, note that

1
(1) = ©(h) = D(m) = [ Ty (h = m)a,
The first proposition gives the local strong convexity of the functional G.

Proposition 7.2.1. Assume (A1) to (A3) and (A5a) hold. For all positive constant A, there is a
positive constant c 4 such that for all h € B (m, A),

(@), h—m) > ca |h—m|?.
Moreover, there is a positive constant C such that for all h € H,

[(@(1), = m)| < C [l —m]|?.
This result remain true replacing assumption (A5a) by (A5a’).

The following corollary ensures that our problem have a unique solution.

Corollary 7.2.1. Assume (A1) to (A3) and (A5a) hold. Then, m is the unique solution of the equation

and in a particular case, m is the unique minimizer of the functional G.

Remark 7.2.2. Note that Assumption (A3) and Proposition 7.2.1 enables us to invert the Hessian
at m and to have a control on the "loss” of the strong convexity. Then, assumption (A3) could be
replaced by
(A3’) There is a basis composed of eigenvectors of I'y, and its smallest eigenvalue Amin (or the
liminf of the eigenvalues in the case of infinite dimensional spaces) is positive. Moreover
there is a positive constant c such that for all A > 0 and forall h € B (m, A),

c
(@ (), =) = =]

Finally, the last propositions gives an uniform bound of the remainder term in the Tay-
lor’s expansion of the gradient.
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Proposition 7.2.2. Assume (A1), (A2) and (A5a) hold. Then, for all h € H, there is a positive
constant Cy, such that forallh € H,

19 () = Tua(h —m)|| < Cu B —m|.

This result remain true replacing assumptions (A3) and/or (A5a) by (A3’) and/or (A5a’).

7.3 Rates of convergence

In this section, we consider a step sequence ('\yn)n21 of the form 7, := cyn™* withc, >0

and « € (1/2,1). Note that taking « = 1 could be possible with a good choice of the constant

¢, (taking ¢, > - for instance). Nevertheless, the averaging step enables us to get the

/\min

optimal rate of convergence with a smaller variance than the Robbins-Monro algorithm with

a fastly decreasing step sequence v, = c,n"! (see [P]92], [Pel98] and [Pel00] for more details).

7.3.1 Almost sure rates of convergence

In this section, we focus on the almost sure rates of convergence of the algorithms defined

in (7.2) and (7.3). First, the following theorem gives the strong consistency of the algorithms.
Theorem 7.3.1. Suppose (A1) to (A3) and (A5a) hold. Then,

lim ||Z, —m| =0 as,
n—oo

lim || Z, —m| =0 as.
n—oo

This result remain true replacing assumptions (A3) and/or (A5a) by (A3’) and/or (A5a’).

The following theorem gives the almost sure rate of convergence of the Robbins-Monro

algorithm as well as the averaged algorithm’s one under the additional assumption (A4).

Theorem 7.3.2. Suppose (A1) to (A5a) hold. For all 5,6' > 0,

1Zy —m|* =0 <(lnn)‘5> a.s.

an

. nn)ite
HZn — mH2 =o0 <(I)> a.s.

n

This result remain true replacing assumptions (A3) and/or (A5a) by (A3’) and/or (A5a’).
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Note that similar results are given in [Pel98], but only in finite dimension. More preci-
sely, the given proofs are not available if the dimension of H is infinite. For example, these
methods rely on the fact that the Hessian of the functional G admits finite dimensional
eigenspaces, which is not necessarily true for general Hilbert spaces. Another problem is
that norms are not equivalent in infinite dimensional spaces, and consequently, the Hilbert-

Schmidt norm for linear operators does not necessarily exist while the spectral norm does.

7.3.2 L7 rates of convergence

In this section, we focus on the L7 rates of convergence of the algorithms. The proofs are
postponed in Section 7.5. The idea is to give non asymptotic results without focusing only
on the rate of convergence in quadratic mean. Indeed, recent works (see [CGB15] and [GB15]
for instance), exhibits the fact that having L? rates of convergence can be very useful. More
precisely, these kind of results can be useful to get non asymptotic results when we need
to inject an estimator in an algorithm. A simple example is to consider the usual iterative
estimator of the variance. First, we give the L? rates of convergence of the Robbins-Monro

algorithm.

Theorem 7.3.3. Assume (A1) to (A5b) hold. Then, for all integer p, there is a positive constant K,
such that foralln > 1,

K
E (12, —m|[?] < L. (7.4)

This result remain true replacing assumptions (A3) and/or (A5b) by (A3’) and/or (A5b’).

Remark that it is also possible to get the rate of convergence in quadratic mean taking
only a finite numbers of g such that E [f (X, 1)7] < L, (with f defined in assumption (A5)),
but it would require to introduce additional conditions on « (see the remark below).

Finally, the last theorem gives the L” rates of convergence of the averaged algorithm.

Theorem 7.3.4. Assume (A1) to (A5b) hold. Then, for all integer p, there is a positive constant K,
such that foralln > 1,
— K
E|[|Z,—m|”] < 2.
npP

This result remain true replacing assumptions (A3) and/or (A5b) by (A3’) and/or (A5b’).

As proved in [CCGB15] and [GB15], these rates of convergence are the optimal ones for
the Robbins-Monro algorithm and its averaged version. An extension of this work could be,
under the same assumptions, to verify the asymptotic normality of the averaged algorithm

as well as a to give a recursive and fast estimator of the covariance.
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Remark 7.3.1. Let B € (1,2], one can obtain the same rate of convergence in quadratic mean and

almost sure rate of convergence of the Robbins-Monro algorithm replacing assumption (A4) by
|9 (1) = T (h —m)|| < Cp |[h —m||”

forall h € B(m,e), and get the same rate of convergence in quadratic mean and almost sure rate
of convergence for the averaged algorithm taking a step sequence of the form vy, = c,n™* with

ae (B71,1).

Remark 7.3.2. Let p be a positive integer, note that it is possible to get the L?F rates of conver-
gence of the Robbins-Monro algorithm just supposing that there is a positive integer q such that
q > 2p + 2 and a positive constant L, such that |E [f (X, h)zﬂ < L, (orsuch that E [V,g (X, h)] <

L, (1 + ||h — mqu)) and taking a step sequence of the form vy, := c,n™* witha € (%, ﬁ).

7.4 Application

7.4.1 An application in general separable Hilbert spaces : the geometric quantile

Let H be a separable Hilbert space and let X be a random variable taking values in H.
The geometric quantile m” of X corresponding to a direction v, where v € H and ||v|| < 1, is
defined by

Y= in (E[||X —h|| — || X]|] = (hv)).
it := argmin ( [| X — b = |X]] - (h,2))

Note that if v = 0, the geometric quantile m° corresponds to the geometric median (see
[Hal48] or [Kem87] for instance). Let G, be the function we would like to minimize, it is
defined for all h € H by G, := E[|| X — h|| + (X — h,v)]. Moreover, since ||v|| < 1,

and G, admits so a minimizer m” which is also a solution of the following equation

X—h

@, (h) 1= VGy(h) = —E [HX—hH

}—vzo,
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and assumption (A1) is so verified. Then, the Robbins-Monro algorithm and its averaged
version are defined recusively by

v 0 Xn—H Z
My = My + Yn m
_ _ 1 _
My g = T, + ] (M1 — 1),
with m] = mj chosen bounded. In order to ensure the uniqueness of the geometric quantiles

and the convergence of these estimators, we consider from now that the following assump-
tions are fulfilled :

(B1) The random variable X is not concentrated on a straight line : for all # € H, there is
h' € H such that (h,h’') = 0 and

Var ((X, 1)) > 0.

(B2) The random variable X is not concentrated around single points : for all positive

constant A, there is a positive constant C4 such that forall h € H,

1
E |: :| SCAI
| X — Al

1
— | < (Cq4.
||X—h|\2]‘ .

Note that, as for the median, Assumption (B2) is not restrictive since we deal with a high
dimensional space. For example, if H = RY with d > 3, as discussed in [Cha92] and [CCZ13],
this condition is satisfied since X admits a density which is bounded on every compact subset
of RY. Finally, this assumption ensures the existence of the Hessian of G,, which is defined
forall h € H by

1 X—h X—h
2 _
V' Galh) = Ehx i <IH x- h||®ux—hm'

Then, Corollary 4.2.1 ensures that if assumptions (B1) and (B2) are fulfilled, assumptions
(A2) and (A3) are verified. Moreover, Lemma 4.5.1 ensures that assumption (A4) is fulfilled.
Finally, for all positive integer p > 1and h € H,

2p
< 2%,

gy

Then, assumptions (A5a) and (A5b) are also verified. Thus, the estimators of the geometric
quantiles verify Theorem 7.3.1t07.3.4 .



7.4 Application 227

7.4.2 An application in R? : a robust logistic regression

Letd > 1and H = R? Let (X,Y) be a couple of random variables taking values in
H x {-1,1}. We want to minimize the functional G, defined for all i € R? by (see [Bac14])

G;(h) :=E[log(cosh (Y — (X, h)))].

In order to ensure the existence and uniqueness of the solution, we consider from now that
the following assumptions are fulfilled :

(B1’) There exists m" such that VG, (m") = 0.
(B2’) The Hessian of the functional G, at m" is positive.
(B3’a) The random variable X admits a 2-th moment.
(B3’b) For all integer p, the random variable X admits a p-th moment.
Assumption (B1’) ensures the existence of a solution while (B2’) gives its uniqueness. As-

sumption (B3a) ensures that the function is twice Fréchet-differentiable and its gradient and
hessian are defined for all & € R? by

[ —=sinh (Y — (X, 1))
VG (h) = E [ cosh (Y — (X, h)) X] ’
V3G, (h) = E ! SX®X|.
(cosh (Y — (X, h)))

Thus, assumption (B2’) is verified, for example, since there are positive constants M, M’
such that the matrix IE [X @ X1y x| <mLjyv|<m}] is positive. Then, the solution m” can be
estimated recursively as follows :

sinh (Yy, 11 — (Xj41, m},))
cosh (Y41 — (Xy41,m}))

r T
My = my + Yn Xn+1/

My g = Ty + P (0 — 11y,
with m] = m] bounded. Under assumptions (B1’) to (B3’a), assumptions (A1) to (A5a) are
satisfied and Theorems 7.3.1 and 7.3.2 are verified. Under additional assumption (B3’b), as-

sumption (A5Db) is satisfied and Theorems 7.3.3 and 7.3.4 are verified.

Remark 7.4.1. Remark that these results remain true for several cases of regression. For example, one
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can consider the logistic regression

ml = arg min [E [log (1 +exp (_Y <X/h>))] ’
helRd

with (X, Y) taking values in R? x {—1,1}. Then, we can introduce algorithms of the form

exp (_Yn+1 <Xn+1,qu>)
14 exp (—Yyui1 (Xpg1, ml,

1 1
mn+1 =my + Tn

N Y41 X041,

1 1 -
ey = Ty + g (#y =70, )

7.5 Proofs

7.5.1 Some decompositions of the algorithms

Let us recall that the Robbins-Monro algorithm is defined by

Zni1 = Zy — Ynlyya,

with Uy, 11 := V¢ (Xy41,Zy). Then, let &1 := ®(Z,) — U1, the algorithm can be decom-
posed as follows :
Zps1—m=2Zy—m—v,D(Zy) + vnCni1- (7.5)

Note that (§,) is a martingale differences sequence adapted to the filtration (). Further-
more, linearizing the gradient, the algorithm can be written as

Zn+1 —m= (IH - 'anm) (Zn - m) + 'Ynén—&-l - /)’nén/ (76)

where §, := ®(Z,) — T}, (Z, —m) is the remainder term in the Taylor’s expansion of the
gradient. Note that thanks to Proposition 7.2.2, there is a positive constant C,, such that
for all n > 1, ||6,]] < Cu || Zs — m|]*. Finally, by induction, we have the following usual
decomposition

Zyn—m=By_1(Z1 —m)+ By 1My — Bu_1R;, (7.7)
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with
n—1 n—1
Bn-1:= H (In — vlm) M, = Z 'Ykﬁk_lgkﬂr
k=1 k=1
n—1
Po := In, Ry = Z 'yk[ﬂlzlék.
k=1

In the same way, in order to get the rates of convergence, we need to exhibit a new de-

composition of the averaged algorithm. In this aim, equality (7.6) can be written as

_Zn—m_ZnH—m
Tn Tn

rm (ZVI - m) —‘I— §n+1 - 61»1.

As in [Pel00], summing these equalities, applying Abel’s transform and dividing by n, we

have

_ 1 (Zi—m Zyy—-m & <1 1 > - 1y
I'v(Zy —m) = — — + — = — | (Zxy—m) =) O | +— k+1-
m (Zn ) n( 7 Tn k; Yoo V-1 (2 =m) kzzlk nI;C+1
(7.8)

7.5.2 Proof of Section 7.3.1

Proof of Theorem 7.3.1. Using decomposition (7.5) and since () is a sequence of martingale
differences adapted to the filtration (F,),

2
E [[|1Zus1 = mIP1Fa] = 120 = ml = 290 (Zo = m, @(Z0)) + 72 | 9(Z0) | + R2E [1G0a || 7] -
Moreover, with Assumption (A5a),

E |11 17 1F0] = B [ Ui P 1Fa] =2 (B [Unia | 7], @(Z0)) + | 9(Za)
< E [(f(Xnt1, Zu) +C 1 Zn = m]) 1 Fa] = 9(Za) I

< 2B [f (Xus1, Zu)?| Fu] +2C% | Zo — m|* — || @(Zy) |
< 2Ly +2C% | Zy — m|* — [|@(Z2) |

Thus,

E || Znir = ml* | Fa) € (142C202) |1Zs = m|[* = 270 (D(Z0), Zn = m) + 293 L1.
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Since (®(Z,), Zy —m) > 0and )5 92 < 400, Robbins-Siegmund theorem (see [Duf97] for
example) ensures that || Z, — m|| converges almost surely to a finite random variable and that

Z Y (P(Zn), Zy —m) < 400 as.

n>1

Moreover, since (® (Z,),Z, —m) > 0, by induction, there is a positive constant M such that
foralln > 1,
E [[|Zu1 — mlP] < (1+2C*2) E [|Z, — m|?] +293L1

(1
( (1420 ))E[HZl—mHZ]JFZLl(g (142C%? );’Yk
M.

IN

Thus, one can conclude the proof in the same way as in the proof of Theorem 3.1 in [CCZ13]
for instance. Finally, one can apply Toeplitz’s lemma (see [Duf97], Lemma 2.2.13) to get the
strong consistency of the averaged algorithm.

O

In order to get the almost sure rates of convergence of the Robbins-Monro algorithm, we
now introduce a technical lemma which gives the rate of convergence of the martingale term
Brn—1M, in decomposition (7.7).

Lemma 7.5.1. Forall 6 > 0,

|Bn—1 M| =0 <(lnn)‘5> a.s.

n«

Proof of Lemma 7.5.1. Since (¢,) is a sequence of martingale differences adapted to the filtra-
tion (F,), and since M, 11 = M,, + %ﬁ;lgnﬂ,

E [[|B1Musa | 1] = 18aMal* + 270 (Mo, E [Eni| Fal) +22E |[Enia 7]
= [BuMal* + 2 [[Enia ] 7]
< st = all3y IBo-1Mal* + 22 s 1)

Since each eigenvalue A of I'y, verifies 0 < Amin < A < C and since (v, ) converges to 0, there
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is a rank ng such that for all n > ny, || Ig — yuI'm ||0p < 1= AminYsn- Thus, for all n > ny,

E [[1B:Musa|” 1 7] < (1= Aminya)? 1BaaMa|” + 72 [ G |1 ] -

Letd >0,foralln >1,letV, .= 1n2;j 11+5 | Bn— 1MnH then for all n > no,

(

20—1 1)t
E Vol 7] < (1—Amin7n)2(1£1n(:j)1))1+zs||ﬁ” M, |17 +(1:1(++>1))1+57 [||€n+1"2|fn}
_ » (n+1\*! Inn "
= (1~ Amin¥n) <n> <ln(n+1)> o
(n+l)2a 1

WV &l 1 72] -

Moreover, there are a positive constant c and a rank n(’) (let us take n’o > ng) such that for all
n > ny,

20—1 140
—w [(n+1 Inn a
— . [ — <1-— .
(1 AminCyT ) ( n > <ln(n +1) 1=cn

Moreover, cn ™%V, = ¢ || By_1M,||*. Thus, for all n > ng,

lnn

a—1

120(1
n+1) e R

n
B [VaalFal < Vot quer gy Vo (16l 7] -

(lnn

Moreover, since E [HCnHHZ |]-'n} < 2Ly +2C || Z, — m||* and since ||Z, — m|| converges al-
most surely to 0, the application of the Robbins-Siegmund theorem ensures that (V;,) converges
almost surely to a finite random variable and ensures that

a—1

n
X (Inn)i’e 1Bu_1My||* < oo as.

n>n
Previous inequality can also be written as

1
Z 1111’11’1 <(lnn)5 H.Bn 1MnH ) < oo a.s,

n>n

so that we necessarily have, applying Toeplitz’s lemma for example,

(1nn)<5 1Bu-1Mu]|* = 0. (7.10)
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O]

Remark 7.5.1. Note that this proof is the main difference with [Pel00]. Indeed, in order to prove
the same result, many methods were used but they cannot be applied directly if H was a infinite
dimensional space. Theorem 7.3.2 is quite straightforward.

Proof of Theorem 7.3.2. Rate of convergence of the Robbins-Monro algorithm
Applying decomposition (7.7), as in [Pel98], let

Ap = Bn- (Zl - m) — Bn-1Ry = (Zn - m) — Bu—1M,,.

We have

AnJrl - Zn+1 —m— ﬁnMnJrl
= (IH - ')/nrm) (Zn — m) + ')’nén—i—l - ’)’nfsn — 7n§n+1 - (IH - ’anm) ,Bn—an
= (IH - 7nrm) An - ’)’nfsn-

Thus, applying a lemma of stabilization (see [Duf96] Lemma 4.1.1 for instance), and since
164 < C ||Z1 — m||* almost surely,

2
18all = O (l8all) = O (1|Zs = m|*)  as.
Finally, since (Z,) converges almost surely to m, ||A,|| = o (||Z, — m||) almost surely and

1Zn = m|| < [Bn-aMall + [[An]

Inn)%/2
o <(n/)2) +o0(|Zs—m|) as,

which concludes the proof.
Rate of convergence of the averaged algorithm
With the help of decomposition (7.8),

5 lzi=ml’, 5 |Zua—ml®,
: Aiﬁnnz R T
n 1 1 2
|| 4 (wwk_l)

e

mm

1Z0 = m]”

Z §k+1

/\2

mm

As in [GB15], applying the almost sure rate of convergence of the Robbins-Monro algorithm,
one can check that
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Lzl (1)
———=o0(=] as,
n T n
1 _ 2
—Z—HZ”H 5 il 0 <1> as,
n Y2 n
2
1 [|& 1 1 1
= I1Y (Z —m) (—) :0<> a.s,
n k=2 Tk Yi—1 n
n 2 1
Y | =o () a.s
k=1 n

Leté > 0and Mj := \/# 17 T G| = \/ﬁ 14=1 Ck+1]|- Since (&) is a mar-

tingale differences sequence adapted to the filtration (), and since

E {H@HZHZ |]'—n+1} <2E [f(XnJrZan—s-l)z’]:nH] +2C2 HZHH - mHZ
< 2Ly +2C? || Zysr — m?,

we have

n(lnn)!+e M2 1
Dm0 T i+ 1) (In(n 1))+

<M2+ 2Ly +2C? || Zps1 — mH2> .

E [M;zz+1|fn+1] =

E [|1gnsal® | Fs1]

(n+DﬂMn+Dﬂ“<

Since ||Z,+1 — m|| converges almost surely to 0, applying Robbins-Siegmund theorem, M;?
converges almost surely to a finite random variable, which concludes the proof. O

7.5.3 Proof of Theorem 7.3.3

In order to prove Theorem 7.3.3 with the help of a strong induction on p, we have to
introduce some technical lemmas. Note that these lemmas remain true replacing assump-
tions (A3) and/or (A5b) by (A3’) and/or (A5b’) but the proofs are only given for the first
assumptions.

The first lemma gives a bound of the 2p-th moment when inequality (7.4) is verified for
all integer from O to p — 1.

Lemma 7.5.2. Assume (A1) to (A5b) hold. Let p be a positive integer, and suppose that for all
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k < p —1, there is a positive constant Ky such that for alln > 1,

K
E [|1Z, —m|] < 2. (7.11)

Thus, there are positive constants co, C1, Co and a rank n, such that for all n > n,,

C
e - %] £ 1 1] o ]

Then, the second lemma gives an upper bound of the (2p + 2)-th moment when inequa-
lity (7.4) is verified for all integer from 0 to p — 1.

Lemma 7.5.3. Assume (A1) to (A3) and (A5b) hold. Let p be a positive integer, and suppose that for
all k < p — 1, there is a positive constant Ky such that for all n > 1,

E (12— ml*] < k.

Thus, there are positive constants C', Cy and a rank ny such that for all n > n,,

!

E 17 2p42] < (4 2 p+11E 7 2p+2 (@ ClA2E 117 2p
(Zusr il 7] < (1= 2) [z - mi# 7] - S ot [, mi?)].

Finally, the last lemma enables us to give a bound of the probability of the Robbins-Monro

algorithm to go far away from m, which is crucial in order to prove Lemma 7.5.3.

Lemma 7.5.4. Assume (A1) to (A3) and (A5b) hold. Then, for all integer p > 1, there is a positive
constant M, such that foralln > 1,

E [||Z, - m|*] < M,.

Proof of Theorem 7.3.3. As in [GB15], we will prove with the help of a strong induction that

for all integer p > 1, and for all B € (IX, P2, 1) , there are positive constants K, Cg , such

p p
thatforalln > 1,

E (12— ml¥] < 2,
B [I1Z, — 2] < B2,

Applying Lemma 7.5.4, Lemma 7.5.2 and Lemma 7.5.3, as soon as the initialization is satis-
fied, the proof is strictly analogous to the proof of Theorem 4.1 in [GB15]. Thus, we will just
prove that for p = 1 and for all 8 € («,3a — 1), there are positive constants Ky, Cg 1 such that
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foralln > 1,

E (12, —ml?] < 2L
E [z~ m)] < B2
n

We now split the end of the proof into two steps.

Step 1 : Calibration of the constants. In order to simplify the demonstration thereaf-
ter, we now introduce some notations. Let Ki,C;;,1 be positive constants such that K| >
21+“C1C5 1c; 1 (co,Cy are defined in Lemma 7.5.2), and 2K} > C/,3,1 > Ki > 1. By defini-
tion of B, there is a rank ng > n, (n, is defined in Lemma 7.5.2 and in Lemma 7.5.3) such that

forall n > ng,

n+1 ) & + 1 2“+l3+1c7C2

(1_C0’)/71)< ECO’)/I’Z—F (n—f—l)ﬁ >~ 4,

2\ (n+1NP o
<1 - n) < n > + (Cl +C2C,Y) 2 m S 1,

with C; defined in Lemma 7.5.2 and Cj, C} defined in Lemma 7.5.3. The rank ng exists be-
cause since 8 > «,

n+1\* 1 24P e, Gy v 1 1
(1 - CO')’n) <n> + ECO')’n + W =1—coyn+ o + ECO'Yn +0 (nﬁ)
B 1 1
_1—§c07n+0 pr R

Moreover, since p < 3x — 1, we have < 2, and

(-2 (122 s oo 1o -mndon () o i)
<

)

:1—(4—2/3)%+o

Step 2 : The induction on n. Let us take K| > maxj <g<p, {k"‘IE [sz _ m||2} } and
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Ch1 = maxi<x<n, {kﬁlE [||Zk - m||4} } We now prove by induction that for all n > ng,

K

n*’

E |12y —m|?| <
E [Z0—m] < 2L

Applying Lemma 7.5.2 and by induction, since 2K} > C;; > Kj > 1,

E (1201 = ] < (0= com) B [1Z0 = ml] 4+ o+ ComaE [ 70— m]7+

< (1—coyn) Ka + % + Coyn Cﬁﬁl
< (1= covn) Ki + % + 2Cz'rnK/§-
Factorizing by (nfiial)a,
E [Hzn—&-l - m||2] < (1 —covn) (n:1>a (n —Iﬁl)“ - (nl_l)“q (n +11)“”“
+2¢,Cy <n+1>w+ﬁ(n+K1;)”‘ﬂg

< (1-covn) nt1t K Zasy W+2a+ﬁ+1%c2 S
- " n (n+1)x " (n+1) (n+1)F (n+1)"

Taking K| > 21+"‘C1c;100 1

n+1\" K| 1 K] 24P, Gy K
E[||Zps1 —m|?] < (1- TR : ) 1
[H i1 — m|| } < (1 —covn) ( . ) CESIE + 57nco CESIE + (n+1)F (n+1)

n+1\* 1 20+p+le C, K
< ((1_C0')’n) <n> +§C07n+ (n—}—l’)y/s (71 +11)oc'

By definition of ng,
K]
(n 1) 7.12)

In the same way, one can check by induction and applying Lemma 7.5.3 that

4 2\2 /n+1\* 3 C{—FCS_C% Cllzl
]E[\]Zn+1—m|\]§<(1—n> ( ” ) +2 1P ) 1)

E[|1Zy1 —m?)] <
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By definition of ng,

C! 1
E [ Zua —m|*] < L2, (7.13)

which concludes the induction on 7, and one can conclude the induction on p and the proof

in a similar way as in [GB15]. O

7.5.4 Proof of Theorem 7.3.4

Proof of Theorem 7.3.4. Let Amin be the smallest eigenvalue of I';,, with the help of decompo-
sition (7.8), for all integer p > 1,

: ] st B[ Zu ]
£ [Z0— ] < 5 E[1Z—ml”] st E[1Zu —m|
’ AR 2 2p 2P p2p 2p
min’? 71 min’? Tn
] ” .
52r—1 n 52p—1 n 1 1
+— F 5 | +——F Zrm1<—>
At k:zl A P k;z< A
- "
52p71 n
+—> —F
2 k;‘fkﬂ

As in [GB15], applying Theorem 7.3.3 and Lemma 4.1 in [GB15], one can check that

[ 2
1 E (|11 m|¥] !
2 =0(. )
T
i .
| E [||Zus1 = m|¥] |
2 2p =0 2-a)p )’
n r)/n n
1 [ 1 1\ 1
—E Zi—m) [ — — —— -0 )
nr kgz( ¢ ><’Yk 7k1> <n(2“)p>
. ”
1 n 1
ﬁIE k:Zl&k ] = O <n2“}7> .

We now prove with the help of a strong induction that for all integer p > 1, there is a positive

2p
E ! ] < Cpn?.

constant C,, such that

n
Y e
k=1
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Step 1 : Initialization of the induction. Since (§,) is martingale differences sequence
adapted to the filtration (F;,),

2

IE{ Yan| | = LE @l 42 Y B &)
k=1 k=1 - k=1 k' =k+1
— Y E[|&alP] +2Y Y E[(&1E Gl Fel)]
k=1 - - k=1k'=k+1
— Y E[|&al?].
k=1 - -

Moreover, since [E [H@HHZ \]—"n} <E [HUnHHZ ]]—"n} < 2 [f(Xps1, Zn)?| Fu] +2C% || Z, — m|%,
applying Theorem 7.3.3,

n
E ||| &k
k=1

k=1

2
] <2 B [f(Xin, Z?I ) +2C YK [ 2~ m)]
k=1

< 2]:2% L +0 <n1*“)

< Cln.

Step 2 : the induction. Let p > 2, we suppose from now that for all p’ < p — 1, there is a

positive constant C, such that for all n > 1,

2p
n
E Z gk-‘rl < Cp/Tlp .
k=1
Moreover,

n+1 2 n 2 n 5
Yo G| = || G| F2( Y Crrn Cuva )+ 1Gnsall”
k=1 k=1 k=1

Thus, let M,, := Y}, k.1, with the help of previous equality and applying Cauchy-Schwarz’s
inequality,

P p—1
IMuia 7 < (1Ml + ls2ll?) +2 (Mo, Gus2) (IMal* + [Ens2])

p —k
K 14
+z<”)z’<uMn|| Ensall® (Ml + 1Ensal®)
k=2 k
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We now bound the expectation of the three terms on the right-hand side of previous inequa-

lity. First, since

[Unga || < f (Xus1,Zn) +C || Zy —m]|,
[®(Zn)|| < VL1 +Cl|Zy —m]|,

we have

E [[Gual™ 1Fua] <327 (B [£(Xur2, Z0)* | Fusa| +22C 1 Zus — m| ™ + 15)

S 32](—1 (Lk + Lllc +22kc2k HZn+1 . m||2k> )

Then, since M,, is F,;1-measurable,

B (11" +leval)"] < B (11 + 1 (7) [B [1eal® 1] 2]
(1) sy [

P
4 Z (Z> 32k7122kc2k1E [||Zn+1 o mHZk HMn||2p_2k:|
k=1

<E | M|

p
+)
k=1

p
+
k=1

By induction,

f () ) ) < () ) 0o ).

k=1

Moreover, since for all positive real number 4 and for all positive integer q, a < 1+ af,
applying Holder’s inequality and by induction, let

( >32k—122kC2k]E [Hzn+l B mHZk HMnHzpfzk]

4
)=y (F
k=1
: 4
<y (P)3zk—1zzkczk]E [IIMnIIZP_Zk} +) (P)3zk—1zsz2kE [||Zn+1 _mHqu HMn||2”_2k}
= o1 \k
D (P a2k—152k 2k 2]\ ¥ N :
- — m||*7 p _
§k_21<k>3 2% (B [ Zysr = m*])" (B [IMaf?]) 7 40 (n71).

2p—2k

Note that (]E [HMHHZPD 7 <1+E [HMHHZP] Thus, taking ¢ > 2 and applying Theo-
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rem 7.3.3, there are positive constants Cy, C] such that

) < ki (Z>32k—122kC2k (qu)% n:klx (1 LE [HMnHZpD +0 (nP—l)

< Co2E [| My |[*] + CinP .

Finally, there are positive constants Cy, C; such that

E [(IMal + 1G0s2)?) "] < (14 Covd) B [IMa] 7] + Con? . 714)

Moreover, since (¢,,) is a martingale differences sequence adapted to the filtration (F,) and
applying Lemma A.1 in [GB15],

2F [<Mn,§n+z> (||Mn\|2+!|¢n+z||2)p1}= é( ) [(Ma, G2} Gl (1M 772
1< ) w2l ™2 (M2

; < > [H‘fn+2||2k ||MnH2P—2k}

| /\
"3 >\~
'—‘ H

Since p > 2 and by induction, as for (x), one can check that there are positive constants C}), C
such that foralln > 1,

p-1 _
IE[<Mn,¢n+z>(uMn|\2+ucn+zuz) }scavﬁm[wnuz'ﬂhcinp L @)

Moreover, let

,.\
*
>
Il
M":

p—k
(2)2°8 1o sl (1M1 + )
(8)2 1 (1M Wonsal (1172 4 sl )]

p
(5)2 [l 1] + 3 (1) 21 (1040l ).
k=2

T
N

IN
M‘E

T
N

IN
M'E

T
N
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We now bound the two terms on the right-hand side of previous inequality. First, let

() = ). (Z)Z”‘”E LM 2]

k=2

< 1 ()25 (114 18012 (1Ereal? 22 )]

As for (%), one can check that there are positive constants C{/, C{’ such that for all n > 1,
(#') < CY12E [ || My || + i1,

In the same way, let

(o)1= 3 (§) 2B [Jgwsal 0,1

< 37 (2)2 8 [(1gwsal? + 1wl -2) (1027272 + 1, 17)]

As for (%), there are positive constants C})’, C{’ such that
() < CY'7RE [ 1M P ] + €',

and in a particular case

() < (CF + C") V2 [IMa]PP] + (Cf +Cf) P, (7.16)

Thus, thanks to inequalities (7.14) to (7.16), there are positive constants By, B; such that for
alln > 1,

E [[|My1]*7] < (14 Boyd) E [[|My]7] + By~

< (k (1+Bw,%)) E|[|m7] + (H 1+ Bonf ) Y Bk

k=1
S <
k

which concludes the induction and the proof. O

T—e
3

3

e

U+%ﬁOEMMﬂﬂ+<

@+%ﬁ0Bmﬂ

I
—

k=1
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Annexe D

LP and almost sure rates of
convergence of averaged stochastic
gradient algorithms and applications
to robust statistics. Supplementary
proofs

Résumé

Dans cette partie, on commence par prouver les Propositions 7.2.1 et 7.2.2, qui permettent
d’assurer la forte convexité locale de la fonction que I’on veut minimiser ainsi que de majorer
le gradient ainsi que le terme de reste dans la décomposition de Taylor du gradient. Enfin,
on donne les preuves des Lemmes techniques 7.5.2, 7.5.3 et 7.5.4, qui permettent de majorer
les moments d’ordre 2p et 2p + 2, ce qui est crucial pour obtenir les vitesses de convergence
de I’algorithme de Robbins-Monro.
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D.1 Proofs of Propositions 7.2.1 and 7.2.2 and recall on the decom-

positions of the algorithms

D.1.1 Proofs of Propositions 7.2.1 and 7.2.2

Proof of Proposition 7.2.1. If h € B (m, €), under assumptions (A2) and (A3) and by dominated

convergence,

/\

Fm+thm (h —m)dt,h — m>

Il
\/\

m+th m) m)/h_m> dt

mln
h—
> 2|y .

In the same way; if || — m|| > €, since G is convex, under assumptions (A2) and (A3) and by

dominated convergence,

1
m+th m) h m)dt,h—m>

/ <m+thm (h—m),h— m>dt
/ . Loit(nmy(h —m), h — m>dt

mll’le
= h —
— [ —ml[.

Thus, let A be a positive constant and h € B (m, A),

(@(h),h—m) > calllh—m|?,
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with ¢4 := min Ami", Amin€ L We now give an upper bound of this term. First, thanks to
2 7 24 g ppP

assumption (A2), let A be a positive constant, forallh € B (m, A),

1
(D(h),h — m) = /0 (T sy (= ), o — )
< [ [Fatum = )|

: /o1 Hr’”ﬂ(hfm) H0p |l —m|* dt

< Cypllh—m|?.

Moreover, applying Cauchy-Schwarz’s inequality and thanks to assumption (A5a), for all
h € H such that |1 —m|| > A,

[{(@(h), b —m)| < [[@R)] |1 —m]|
< (B[f (X, W]+ Cllh—m]) |1 — m]|
< VL |l —ml| +C |l —m|?
< (ﬁj +c> |h—m|?,

which concludes the proof. O

Proof of Proposition 7.2.2. Let us recall that there are positive constants €, Ce such that for all
heB(me),
|®(h) = Tl = m)|| < Ce ||~ m|.

Let h € H such that ||h — m|| > €. Then, thanks to assumptions (A2) and (A3),

|P(h) =T (h —m)|| < H W)+ [Tl 11— m]
E[f(X,1)] + C |k —ml|) + Co[[h —m|

C C
(\ﬁ+ T 0) e — m|2,

which concludes the proof. ]

IN
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D.1.2 Decomposition of the algorithm

Let us recall that the Robbins-Monro algorithm can be written as
Zn+1 —m= Zn —m— ')/nq)(zn) + ')’né{nJrl/ (Dl)

where ®(Z,) is the gradient of the function G at Z,, and §,41 := ®(Z,) — V38 (Xn+1,Zn)-
Moreover, let us recall that denoting by (F;),~; the sequence of c-algebra defined for all
n > 1by o, := 0(Xy,..., X,), then (&) is a ;equence of martingale differences. Finally,
linearizing the gradient, the Robbins-Monro algorithm can be written as

Zn+l —m= (IH - ’)’nrm> (Zn - m) + ’)’nén+1 - ’)’n‘sn/ (DZ)

where 0, := ®(Z,) — T}, (Z, —m) is the remainder term in the Taylor’s expansion of the
gradient.

D.2 Proof of Lemma 7.5.4

Proof of Lemma 7.5.4. We prove Lemma 7.5.4 with the help of a strong induction on p. The
case p = lis already done in the proof of Theorem 3.1. We suppose from now that p > 2 and
that for all k < p — 1, there is a positive constant My such that foralln > 1,

E [Hzn - mHZk} < M.
LetV, := Z, — m — v,P(Z,), and with the help of decomposition (D.1)

1Zus1 — m|* = [|Vall® + Y2 | Ensal” + 290 (Vi Engr)
<|Vall? + 92 U || + 290 (Zo — 11, Enin) -

Thus, applying Cauchy-Schwarz’s inequaltiy
P p—1
1Zusa = ml < (1Vall? + 72 12 l?) "+ 2070 (Zn = G} (1Yl + 72 [ Ui |?)

P -
+) (Z)Z"vﬁ 1Z0 = m [ Wt (Va2 + 92 Ui 2) (D3)
k=2
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Moreover, since |[ Uy || < f (Xie1, Zu) +C | Zy — ml| it comes | (Z,)[| < C || Zy —m|| + /Ly,
and

1641l < U] + [|2(Zn)]]
< f(Xn-H,Zn) +2C HZn — mH + v Ll.

Applying Lemma A.1 in [GB15], for all positive integer k,

U || < 2570 f (Xopin, Zn) +2571C5 )| 20 — m||* s, (D4)

k
1Ensa* < 3 (Xuyr, Zn)* +3125CH || 2, — m ||+ 3L} as. (D.5)
Moreover, since (® (Z,),Z, —m) > 0 and since |®(Z,)|| < C||Z, — m| + /L1,

[Vall> < (142C%92) (| Zn — m|* +292L4,
IVal < (142C*2) ||Zy — m|)* + 292 L.

We now bound each term on the right-hand side of inequality (D.3).

Bounding E [ (H Vol + 92 Ui H2> p} . Applying previous inequality and inequality (D.4),
let

(#) = B [(IVall+ 22 Ntk P)]

— E [Ival?] + kﬁ (5) 72 [1Valr 2 [1tha 1

IN

r P
E ||Vn‘|2pi| -+ Z (Z) 'Yflpzzpszf*kIE |:]E |:f<Xn+];Zn>2k’fni| + CZk ||Zn o mHZk]
i k=1
p —
# L ()2 (14 208) B [1Z - I E [0, 2017
P

— —k —
+) (’]Z) YEH2 (14 2C22) T E [ (12, — ml T C |12y — )]
k=1

Moreover, since E [ (X1, Zn)2k|.7-"n] < Ly and by induction, there are positive constants
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Ay, A1 such that
p—1
_ o p—k
wmmWwﬂ+ﬁﬂ2@+WwwmeD+E@%%”% (Li+ C M)
=1
2 = (p —k
+ 7 2Py + Z <k> 272 (142C7) T LMy

+Z< >2p+k 202k (1 4 2C%c 2) [HZn—me]

<E [[|Val®] + AV |12y = m|? | + A1, (D:6)

Since ||V,||* < (14 2C292) || Zy — m||* + 2L19?2 and by induction,

E |:‘|Vn||2p] S (1 +2C2’y%)p]E :||Zlfl — m||2p < ) (1 +2C2,),n) 2kLk’)’2kIE [||Zn . m|‘2p—2k:|

L
3

:(1+2C2fy,21)plE—HZn—mH2p + <> (1+2C%92)" 21k m,,
_ &

1
< (1+2C2)E 11Zn —m||2p_ +0(72).

Then, there are positive constants A, A3 such that

() < (14 A273) B [[1Z, — m|™ | + 4572, (D7)

p—1
Bounding 2p-y,[E |:<§n+1, Z, —m) (HVn||2 + 92 ||Un+1|]2) } Since (§,) is a martingale

differences sequence adapted to the filtration (), and since V;, is F,-measurable, let

(#%) : = 1 {@Hl,zn — m) (HVnHZ +3 Hun+1H2>Pl}

= o |(E [Gsal Ful, Zu —m) || Va

= (P =1\ 2p-2-2k 2%
(7 )P IVl
1

-1 -
(Eni1, Zn = m) (pk )v%num” 2%num1W1-

+ yuE <Cn+1/ Ly — m>

I

i

k=1
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Since (&1, Zn — m)] < 3 (1612 +11Z0 — mP) and Vil < (1+23C?) [1Zy — m|> + 2Li3,

1 —1 —1—k o
e <3 F (P R (2R [ P U ol
k=1
1’7*1 -1 1k _
E < >,)/ +12p 2—k 1+C2 2)P E |:HZn_mH2p ZkHun—i-IHZk]
k=1
1R 1 2p12p32kp1k 2% 2 2k 2
52 223 2L [ U P 1G] + B [ a1 20— mIP) )

Moreover, since p > 2, applying inequalities (D.4) and (D.5) and by induction, as for (x), one

can check that there are positive constants A}, A} such that

(%) £ ARE [ Z0 = ml] + A, (D)

. p—k .
Bounding Xy (D2 4E |12~ mlF [eweall (101 4+ |Usel?)” |- Appiying

Lemma A.1 in [GB15], and since || Z, — m || || Epi1 ||* < 3 (HZn —m|* + ||§n+1H2k>, let

p—k
()i = 35 ()25 (120 =l Wwa I (Wl + 2 [tk )

k=2
_ —2k 2p—2k k —2k
SZ(@ﬂ2ﬁEMwa2wn ml™ 72— P U ]
k=2
P
2p—2k —2k k
+ 35 (D)2 2 [Vl 2 a2 7 a2 o ]
k=2

Applying inequalities (D.4) and (D.5) and by induction, as for (*), one can check that there
are positive constants A}, A7 such that

(4 %) < A{Y2E [[|Z0 —m || + 4572, (D9)

Conclusion. Applying inequalities (D.7) to (D.9) and by induction, there are positive constants
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Bi, B> such that
E [||Zu1 —m|P?] < (14 Bia2) E [[1Zy — m|*] + Bo?
< (TT@+ B )]E [HZl—mHZP] +B2( (14+Bi7; ) Y
=1

k=1 k
My,

IN

which concludes the induction and the proof.

D.3 Proof of Lemma 7.5.3

Proof of Lemma 7.5.3. Let p > 1, we suppose from now that for all integer k < p, there is a
positive constant Kj such that forall n > 1,

K
E [|1Z, —m|] < 2. (D.10)

As in previous proof, let us recall that

p+1 p
1Zosr = mlPP2 < (IVallP + 721Ut ) 4200 + 170 (Zo =m0, Enir) (I1Vall® + 73 [ U] )

p+1 —
+1 k k 2 2\ Pk
L (7 )2z i et (1 )

(D.11)

with V,, := Z, — m — v, P(Z, ). We now bound the expectation of each term on the right-hand

side of previous inequality.

+1
Bounding (x) := E {(HVnHZ + 72 HUnHHZ)p ] As in the proof of Lemma 7.5.4, we

have

p+1
(+) SE [|ValPP?] + 1 (p . 1>2’7+k175" (1+2C22)" 7 CHE [, — m 7]
k=1

8 P+1 k-1, 2K 2 2\pHi-k 2p+2-2k
+ Z 22 (142C2E) T L |12, — ml¥ }

p+1 p+1
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Since for all integer k < p — 1, there is a positive constant Kj such that for all n > 1,
E [HZn - m||2k} < Kgn~**, there are positive constants Ao, A}, Ajj such that

"
AO

W- (D.lZ)

(+) S E[[Val®*?] + A2 [1Z0 = m|**] + A23E [ (120 — m||?] +

. b .
Bounding (#x) := [E {2(;9 +1)vu (Zn — m, Cpya) (HVnH2 + 72 HUnHHZ) ].As in the proof
of Lemma 7.5.4, since ({,) is a sequence of martingale differences adapted to the filtration
(fn)/

(v0) = 20+ 0 3 (1) 7320 = ) IVl
<G m L ()27 (14200) B (12— i il 2]
F(p+ 1)%](; (Z),ynkzp k-1 (1 +2C2%¢ 2) {HZ” _ m||2p+2—2k Hun+1||2k]
o7 1o (§) 22 (B [ | v ] + [ 20 = ).

Moreover, applying inequalities (D.4) and (D.5), let

P

e— —k _

() e = ). (Z)zp a2 (142C22) B [[1Z0 — w7 Ut | 180 ]]
k=1

< ) ey

=22 f (X, Za)? (F (K1, Z)™ + C | Z — )]

“ﬁ Hy

+

k —
)2p+k 139241 (1+2C%32)" " C°E ||| Zy — m||** 2k+2f(Xn+1on)2k}

»
Il
—_

k —
232 (14 2026) T OO (|12 — |72 €| 2, — ||
2P k=234 2k+1 (142C% 2 LllE [||Zn - muzlgizkf (Xn+1,Zn)2k]

+
=

T
[N

N— " — 0

22302 (14 2C262) " L [ Z, — m|® 7 € |2, — m*].

+ +
>

7= L=

7~ N 7 N -~ N -~/ N

=3 =3 = =~ 3

»
Il
—_
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Since E {f(XnH, Zn)2k+2‘.7:n} < Ly4q,and sinceforallk <p—1,E [HZH - mHZk} < Kgn~k,
there are positive constants A, Ay, Az such that

As
n (p+2)06 '

(%) < AVIE |1 Zn = mlPP*2] + A0 [ (120 — ]| +
With analogous calculus, one can check that there are positive constants A}, A}, A% such that

Ay
n(p+2)(X :

(%) € MVIE [1Zu = ][] + A973E 1 Z0 — m ][] + (D.13)

. p+1-k
Bounding () := Y ()24 E [nzn — " 12l (IVal* + 72 U ]?) ] :
First, thanks to inequality (D.5),

k k — k k
1Zu = mll* Nl < 3 1Z0 = mlf* (F(Xar, Zu)* +2CF (12— ml|* + L)

< 612CH | 2y — m|* + 37 Zy — P (F(Xnir, Z0) + L)

3k-1 2%-2
+ o 12— ml
Then,
K (p+1 kak—1, k ~k 2% 2p12-2k | 2p+2-2k 2p+2k—2k
(e00) < T (P51 )2r 8O [0 = P (VAP 22 32 Uyl
k=2
p+1
+1 _ —2k
% (P )2 12, - P (F (X 20 4 1) Vil
k=2
ARSI N % | k) L 2p+2-2k 2p+2k—2k
8 (P )2 12—l (0 200 1) 7 P
k=2
K+ p—1ak—1,k 2%k-2 2p+2-2k | 2p+2-2k 2p-+2k—2k
+ 3 (P )2 (12— ml P (VP2 g U )]
k=2

With analogous calculus to the previous ones, one can check that there are positive constants
A, A7, A such that

"
AS

W . (D-14)

(45 %) < A{YVE [[|Zo = m|[*?| + AFY2E (|1 Z0 — ]| +
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Thus, applying inequalities (D.12) to (D.14), there are positive constants By, By, By such that

E [[|Zosr —m|* 2] < E [|ValP**?| + Bov2E [ Z0 = m|"*] + BIr2E [ |12 — m¥ |

B,

+ n(p+2)0( ’

(D.15)

Then, in order to conclude the proof, we just have to bound E [H Vo||? } .

Bounding E [H Vi ||2p+2} . As in [CCGB15] (see Lemma 7.5.2), applying Proposition 7.2.1,
one can check that there is a positive constant ¢ and a rank ), such that for all n > n),

2
CllZn —m[|" Lz, —m|<enr-ay 2 (P(Zn), Zn — m) Ly 7, | <eni—)

4

2
> C'ynl « HZn m” ]]-{Hzn_mngcnl—a}.

Then, since || ®(Z,)||* < 2C?||Z, — m||* + 2L12, there is a rank 1!/ such that for all n > n,

2 3 2
1Zn —m = 4@ (Zn) |" Uy 2, )| <cm-a) < (1 - n) 1Zn = ml* gz, —mj<em <} +2L173n
Then, one can check that there are positive constants A}’, A}’ such that

2p+2
E [||Zn —m— 7 ®(Z,) | T ]l{||Z,,me§cn1*"‘}}
p+1

K
- Z <p+1>2p+1 kP 2(pH1K) (1 - i) E [HZH _mHZk]

. <1 B SZ>P+1]E [Hzn _m||2p+2} —}—A/” [HZ _mHZP}

"
AZ

+ n(p+2)0( .

Moreover, applying Cauchy-Schwarz’s inequality, Markov’s inequality and Lemma 7.5.4,

2p+2 4p+4 —_
Eﬂuwﬂw”+mgnwxmq}s¢EMa—mn“}¢Pma—mn2mlﬂ

E || Z —m|/*]

cqn‘J(lfﬂl)

/ \Y Mﬂ
S M2p+2cqnq(17“)/

< \/ M2p+2
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and one can conclude the proof applying inequality (D.15), taking g > (’”2) and taking a
rank 71, such that for all n > n,, (1 — 7)p+1 +(Bo+A)v2a < (1- %)pH. O

Remark D.3.1. Note that in order to get the rate of convergence in quadratic mean of the Robbins-
Monro algorithm, i.e in the case where p = 1, we just have to suppose that there are a positive integer
q > % and a positive constant Ly such that for all h € H, E [f (X, h)zq} < L.

D.4 Proof of Lemma 7.5.2

Proof of Lemma 7.5.2. Using decomposition (D.2) and Cauchy-Schwarz’s inequality, there are
a positive constant ¢’ and a rank 7/, such that for all n > n/,

|Zys1 —m|* < || Iy — %lelip 1Zn — m))* + 92 || Enir ||+ 290 (Zn — m — 1 ®(Zn), Ensr)
+ 29, (Zy — m, dy)
2
< (1= c"9n) (| Zn — m))? + 92 (Ut ||* + 20 (Zo — 11, Enir) + 29 || Zo — m| ||| -

If p = 1, since there is a positive constant C,, such that for all n > 1, ||6,]| < Cp || Zn — mHz,
we have
ol 2, ,Ch 4
2(|0ull 1Zn = mll = v [1Zn = ml[" + 2= (| Zun — m|",
and since (¢, ) is a martingale differences sequence adapted to the filtration (), applying
inequality (D.4), for all n > n},

E [|Zus1 = ml] (1= ) E [1Zs = mlP] +292E [E [f (X1, Z0))* ] +C? 2o = m]?]

C 2] 4 29, S [1 2, —
+2wEMa ml| + 292 |2, — ]
1 2C292 ) E |||Z 2] 4921 420, SBE |12 *
— o+ 202 ) E[120 - m?] 429200+ 20 SEE 12, - ],

and one can conclude the proof for p = 1 taking a rank n, and a positive constant c such that
foralln > n,, 1— %/')/n + 2C2'y% <1—cyy.
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We suppose from now that p > 2. For all n > n},

E || Zuss = ml?] < (1= 0) B [1Za = m]* | Zsr = m ][]
+ 274 |1 Zn = m| 16 1 Zs1 = m|* 2]

+ V2B U | |1 Zusr = m?P 7] + 200 [(Zo = m,Ensa) |1 Zuss = m]PP 2]
(D.16)

Moreover, let us recall

2p-2 2 2\ P!
1Zosr = mlP7 2 < (I1Vall? + 92 [ U] )

p—2
+2(p =170 (Zn = m, ) (IValP + 2 [Una )
v -1 —1-k
k k 2 2\ P
+2<Pk )M 1Zo = mll* (Ensal (I1Vall® + 92 W lP)
k=2

with V,, := Z, — m — 7, ®(Z,).
We now bound each term on the right-hand side of inequality (D.16).

Bounding (1 —¢'v,) E [HZn — mHZ | Zns1 — mHZPH}
First, since ||V, ||* < (142C292) ||Zy — m||* + 2L172, let

p—1

(415 = (1= ) 120 = P (1Yol 92 Nnial)”
p—1
< (1) B |20 =l ((1+2C92) 120 = mlP + 200+ 93 [l P)

< (1= ) (1+26292)" B [||Zy = m|¥ ]

P2 /1 e p—1—k
T (71 0= em) 2 eaci) e [z (2 )

Applying inequality (D.4), 2L; + ||Z,In+1||2 < 2 <L1 +C? | Zn — m||2 +f (Xn+1,Zn)2), and
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since for all n > n, we have 1 — ', <1,
(%) < (1—6')/”) (1+2C22) ' E {||zn —mm

1
<P )’)’i p=1-k) 6p k=13-1 (1 +2C2c%)kIE []E |:f(Xn+l/Zn)2(p_l_k)|]:n] = mHZkH}

B

Z( ) P er 137 (14 2022) LR ()12, - ml P

7 137 (14 202¢) 0 TIE |2, — )]

Applying inequality (D.10), since p > 2 and since for all k < p —2, we have2p —1 -k >
p + 1, one can check that there is a positive constant A; such that

1
(x) < (1 —clyn + Al’)’%) E {Hzn - mHZP} +0 <n(7’+1)‘"> . (D.17)

In the same way, applying Cauchy-Schwarz’s inequality, let

(*)/ - 2(p o 1) (1 _ C/’)/n) ’)’nlE |:HZ” — m”2 <Zn — m,§n+1> (HVnHZ + ’)’31 Hun+1H2>p_2:|

<2(p—1) (1 —c"yu) 7aE [HZn — m||* (Zy — m, &y HVHHZ(H)}

p—2
F2p 1) (1=cm) 1 (’“ ) )vnk“w: 1Zn =l w1Vl PP (Ui ]
k=1

Note that the last term on the right-hand side of previous inequality is equal to 0 if p = 2.
Since (¢, ) is a martingale differences sequence adapted to the filtration (F,),

2(p = 1) (1= ¢7a) Y [[1Zu = m|]* (Vi Guia) Va7 2] = 0.

Moreover, since || V;,||* < (14 2C%¢ ) 2Zn — m||* + 2L172, and since

1 1
10—l Giall < 5 10—l + 31170 = ml G,
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P2 /p 2 2k -
(+) < (p—1) (” ; )zp”(uzczc%)” VENE [[|Zy — m]PP ™ Uy ]

-2 a3 —2—k 11—
+(p—1) (’” 3 )2P 3k (142622 T 2 [|Z0 = m PO Ui ¥ NG 1)
k=1
= P —2\ op_5-2k, 2p—1; p—2—k 4 2k
w0 T (P 2) 2 U 120 il ]
k=1
2 P =2\ 2p—5-2k, 2p—1; p-2-k 2 2k 2
(=D Y (P72 L E (120 — I U P 1] -
k=1

As for (x), applying inequalities (D.10), (D.4) and (D.5), one can check that there is a positive

constant A, such that

2 1
(*) < Ap7iE [HZn —m| p} +0 (n(pﬂ)“ : (D.18)
In the same way, since ||V, || < (142c3C?) ||Z, — m||* + 2L192 and since

k 1 2%—2 1 2 2k
12— mlF Nl < 4 1Z0— w24 2120l el

we have

17 (p—1
AR
k
k p—1—k
E 12— [l (1+26%6) 120 = I + 20003+ Ui 2) .

With analogous calculus to the previous ones, applying inequality (D.10), one can check that
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there are positive constants Az, A4 such that

2 2p+2 1
()" < MV (20— ml] + A 12 -] 0 (). o9

Finally, applying inequalities (D.17) to (D.19), there are positive constants By, B1, By such that
E [ (1= 7)1 Zn = ml | Zusa = m|?7] < (1= v+ Bov2) E [|1Z — m||*]

By
n(p+1)0{ :

+ B2E |12y — m|P?] +
Bounding 2, E [HZH — || |6nl] | Zns1 — mHZP*Z] . First, let
2 2\ P!
(415 = 270 {120 = ] 13l (IVal? + 2 Wil
< 2P [ [1Zn = ) 16ll 1Vl 2] + 207 3 T [1Z = | 10| 1 Ui 2] -

Moreover, since ||0,]| < Cy ||Z, — m|* and since ||V;,|* < (1+ 2C%c3) || Zn — m||* +2L12,
let

_ -2
(%) = 2719 [[1Zy — ml| 18l Vil

— -1 - B -
< 2%73C, (142C%32)" 1,E [HZn — mHZ”H] + 2% 4Ly TR [llzn - m||3]

4p—62 2 2\2p—2
< 2%P70C, (1—1—2C cy)

1

2p+2 2
= YnlE [Hzn—mH i ] ‘|‘ic/’)’nIE [Hzﬂ_mn p]
+ 2% Cu Ly B (12 — P + 22 Cu Ly i T 120 — ml*].

Then, since p > 2, there are positive constants By, B, such that
p—1 B 2p—2 g/ 2 2P
2P ynB (| Zy — m| [|Sn] [|Va| < \ g+ B | E |1 Zn —m]|

2p+2 1
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In the same way, since ||6, || < Cy, ||Z, — m||?, and applying inequality (D.4), let
(o) 1= 227 T [ 2 — | (10| (UL ]2
3p->5 2p—1 2p-2 2 3p—502p—2 2p-1 — 2P
< 2PCouyid B |E [f (X)) P2 Fu] 1 Zn = m||°] +27P°CHF2Coys” E || 20 — m]|
+2%5C, i B [ [f(X40) 2 F] 1120 — m]*]

+ 23p*5czp72cmlyiP*1]E [||Zn _ mH2p+2:| )

Since p > 2, applying inequality (D.10), there are positive constant A;, Ay, A3 such that

p—1 c
230 (12, =l 1) (IVall+ 2 1Ura ) | < (Gm+ Arr2 ) E (12, =]
A
. 2p+2 3
Ay [HZ” ] } t e
(D.20)

In a similar way, since (¢, ) is a martingale differences sequence adapted to the filtration (F,)

and since Z,, is F;;-measurable, let

p—2
(5) = 40 = D9 |12 = ] 1601 2 = i) (11 3 Nal?) "
p—2

-2 o
<4(p-1) ) (” . >%%"+21E [1Z2s = mll N6l (Z2s = 1, G I1ValPP 7 U ]*]
k=1

Note that this term is equal to 0 if p = 2. Moreover, since ||6,|| < Cy, ||Z, — m||*, applying

Cauchy-Schwarz’s inequality,

1Zs = 18all [{Zn = 11, Gn1)| < Con | Zoe = m]|* (|G |

C
< 2 )Zw = ml* (14 Ensa ) -
Then,
/ N 2(p—2-k) 4 2%k
(%) < 2Cu(p— 1) ( ; )vn E 1Vl )1 Z = m]|* [ U]
k=1

P2 p—2 P
+2Cu(p-1 Y, (” . )vik”ﬂa IVl 727900 2 = mll* U | 1 7]
k=1

Thus, applying inequalities (D.10), (D.4) and (D.5), one can check that there are positive
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constants A}, A}, A} such that

A3

m- (D.21)

(+)' < A (120 = mI”] + A3 12, — 7] +

Finally, with similar calculus, let

p—1 -1 p—1-k
(51 = 208 12 =l 10 55 (7 1) 295 020 = I Nl WVl 423 ko ) ]
k=2

— ‘ p—1-k
e o G R e (LA A T

+

@)

3
"“»
*—‘M

=1\ [ 2 2% 2 2\P-1-k
(7 )2 A 12— P sl (VAP + 22 [ hra )

=N

+
@)
3
=

1 B r k p—1-k
(7 )2 [z =l (Wl 4 2 Nthl?) ]

Il
—- N

k
P— -1 [ p—1-k
_ k
G X3 (P )2 (120 =l P (Wl 92 Nnal®) .

»
U
N

Thus, applying inequalities (D.10), (D.4) and (D.5), one can check that there are positive
constants A, A, A} such that

AL
np+a’

(+)" < AGVRE [1Zn = m|[*?| + AVY2E [ |12 — m| 4] + (D22)

Finally, applying inequalities (D.20) to (D.22), there are positive constants B, B}, B} such that

_ 1
2908 (120 = w16l 1 2o = 2] < G-+ B3 ) E 12, — ]

B,
n(p-i—l)(x '

+ BiyuE [[|Z0 = m|[*?] +

Bounding 2E [HUnHHZ | Zns1 — m||2p72} First, since
[Vall* < (14+262C2) || Zy — m||* +2L173, let

p—1
(4) = 72 [ [l (1% +23 Nt )
_ -1 — _
<372 (142C°3)" " B Ui 12— m][*7 2] 437203 E [|| Ui |

_ _ -1 2
+ 37720 R [ ]
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Thus, applying inequalities (D.10), (D.4) and (D.5), there are positive constants Ap, A1 such
that

Aq
n(p+a’

p—1
VU P (112 92 Wnial) | < A2 [12, - mlP] + 023)

In the same way;, let

p—2
(4)5 = |2p = 193 | Wil (2o = i) (117 + 92 Nneal?) |
p—2
< (= D3 | (Wil 12 = P + 1P el (16 49 Nial) .

Thus, applying inequalities (D.10), (D.4) and (D.5), one can check that there are positive
constants Aj, A} such that

p—2
20p = OVE [yl (2=, Eas) (WP 10 ) || < A2 (12, )
A

+ n(p+l)lX '

(D.24)

Finally, let

L= A 2 k k 2,2 2\ P1k
(4 = X (P A [l 125 =l sl (VP + 2 1l
V(P =1 k2 2 2% 2k 2, .2 2\ PLok
(75 ) |l (020 = P el ™) (11 3 Wthial) .
Applying inequalities (D.10), (D.4) and (D.5), there are positive constants Aj, A} such that

A
n(p+1)0( :

(+) < AGYRE [1Zu —m ][] + (D.25)

Thus, applying inequalities (D.24) and (D.25), there are positive constants B{, B{ such that

By
n (p+1)1x :

VE Ui | | Zusa = m ][] < BGYAE [ (120 — m]|?] +

Bounding 27, E [(Zn — 1, &) || Zusr — m||F *Z]
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First, since (§,) is a martingale differences sequence adapted to the filtration (F;,), let

(02 = 20E [ 2o ) (V-4 2012

p—1 _
=25 (7 )RR (G 2o = ) 10 ]
k=1
p—1 -1
—1—k k
< (7 ) (1wl 2o ) DV ).
k=1

Thus, applying inequalities (D.10), (D.4) and (D.5), one can check that there are positive
constants Ag, A; such that

p-1 Aq
290 [ @una, W) (11 + 93 Il?)" | < A0 (20— ml] + 2 (D26

In the same way, applying Cauchy-Schwarz’s inequality, let

p—2
(4 = 4p = D7E (20— m s (Il + 2 W )]
— 2p—4 —
<27 (p = ) [||Zo = m | [Ewsa P (IValP? ™+ 23~ Ui |

Thus, since p > 2, applying inequalities (D.10), (D.4) and (D.5), one can check that there are
positive constants Aj, A} such that

Al
(p-l—l)a .
(D.27)

p—2
4w—nﬁmka—m@MﬁQMW+WMwMW) }<A E || —m|*] +

Finally, let
_ p—k
Z( DA [(20 = ) 120 = i il (V2 + 23 )]

k=2
i( )Zp k—2 k+l
B [(1Z0 = ml2+ 0nsa ) (120 = ml™ 4 1801 (VP72 4 9 2]

Thus, applying inequalities (D.10), (D.4) and (D.5), one can check that there are positive
constants Aj, AY, A} such that

AL
n(p+1)0€ ’

(+)" < AGYVE [[|Z0 = m|[*| + AVY2E (|12 — m] 2] + (D:28)
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Thus, applying inequalities (D.26) to (D.28), there are positive constants B, B}”, B}’ such
that

29 [(Zo =, G} 1 Zusr = mI* 2] < B2 [||Z0 = m|™ ] + BY'Y2E [[1Z — m|[**?]

"
BZ

+ np+Da’

Conclusion We have proved that there are positive constants cy, C1, C2 such that for all

n>nl;
/
ol < (1€ 2 L 2p o 2p42 G
E [1Zas1 =] < (1= G+ ) E (120 = ml] + ComiE 120 = ml 2] + 22,
Thus, there are a positive constant ¢ and a rank n, > n), such that for all n > n,,
1 — %’yn + ¢ 'yfl < 1 — ¢y, and in a particular case, for all n > n,,
C
. 2p . - 2p - 2p+2 2
E || Zue = ml?| < (1= ) B [1Z0 = ml? | + Coml [[1Zo — m|[ 2] + 2 (D29)
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Quatrieme partie

Estimation des parametres d"une
distribution sphérique tronquée






Chapitre 8

An averaged projected
Robbins-Monro algorithm for
estimating the parameters of a
truncated spherical distribution

Résumé

L’objectif de ce travail est de proposer un algorithme pour ajuster une sphere sur un
nuage de point 3D bruité distribué autour d'une sphére compléte, ou d"une sphére tron-
quée. Un algorithme de type back-fitting a été proposé par [BP14]) mais aucun résultat de
convergence n’a été démontré pour le cas de la sphere tronquée. Un des soucis majeur est
que la fonction que 1’on voudrait minimiser n’est convexe que sur un sous espace. Pour
pallier cet inconvénient, nous introduisons un algorithme de gradient stochastique projeté
(voir Chapitre 1) et sa version moyennée qui permettent d’estimer le centre et le rayon de la
sphere. On donne des résultats asymptotiques tels que la convergence presque stire de ces
algorithmes (Théoreme 8.4.1) ainsi que la normalité asymptotique de I’algorithme moyenné
(Théoreme 8.4.4). De plus, quelques résultats non-asymptotiques sont donnés, tels que les
vitesses de convergence en moyenne quadratique (Théoremes 8.4.2 et 8.4.3). Quelques simu-
lations montrent I'efficacité des algorithmes pour des donnée simulées, pour des échantillons

de petite taille a taille moyenne.

This Chapter is based on a work with Bruno Portier (|GBP16]).
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Abstract

The objective of this work is to propose a new algorithm to fit a sphere on a noisy 3D point
cloud distributed around a complete or a truncated sphere. More precisely, we introduce a
projected Robbins-Monro algorithm and its averaged version for estimating the center and
the radius of the sphere. We give asymptotic results such as the almost sure convergence
of these algorithms as well as the asymptotic normality of the averaged algorithm. Further-
more, some non-asymptotic results will be given, such as the rates of convergence in qua-
dratic mean. Some numerical experiments show the efficiency of the proposed algorithm on
simulated data for small to moderate sample sizes.
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8.1 Introduction

Primitive shape extraction from data is a recurrent problem in many research fields such
as archeology [Tho55], medicine [ZSW*07], mobile robotics [MNP08], motion capture [STG01]
and computer vision [Rab06, LW14]. This process is of primary importance since it provides
a high level information on the data structure.

First works focused on the case of 2D shapes (lines, circles), but recent technologies enable
to work with three dimensional data. For instance, in computer vision, depth sensors provide
3D point clouds representing the scene in addition to usual color images. In this work, we
are interested in the estimation of the center 4 € R and the radius r > 0 of a sphere from
a set of 3D noisy data. In practical applications, only a discrete set of noisy measurements is
available. Moreover, sample points are usually located only near a portion of the spherical
surface. Two kinds of problem can be distinguished : shape detection and shape fitting.

Shape detection consists in finding a given shape in the whole data without any prior
knowledge on which observations belong to it. In that case, the data set may represent seve-
ral objects of different nature and may therefore contain a high number of outliers. Two main
methods are used in practise to solve this problem. The Hough transform [ANC13] performs
a discretization of the parameter space. Each observation is associated to a set of parameters
corresponding to all possible shapes that could explain the sample point. Then, a voting
strategy is applied to select the parameter vectors of the detected shapes. The advantage of
this method is that several instances of the shape can be detected. However, a large amount
of memory is required to discretize the parameter space, especially in the case of three di-
mensional models. The RANSAC (RANdom SAmple Consensus) paradigm [FB81, SWKO07]
is a probabilistic method based on random sampling. Observations are randomly selected
among the whole data set and candidate models are generated. Then, shapes can be detec-
ted thanks to an individual scoring scheme. The success of the method depends on a given
probability related to the number of sampling and the fraction of points belonging to the
shape.

The shape fitting problem assumes that all the data points belong to the shape. For
example, spherical fitting techniques have been used in several domains such as industrial
inspection [JJ98], GPS localization [BP12], robotics [VHSR05] and 3D modelling [TCL15].
Geometric and algebric methods have been proposed [Lan87, RTKDO03, AS14] for parame-
ters estimation. Moreover, let us note that fitting methods are generally applied for shape
detection as a post-processing step in order to refine the parameters of the detected shapes
[TCL15].



270 Estimating the parameters of a truncated spherical distribution

In a recent paper, Brazey and Portier [BP14] introduced a new spherical probability den-
sity function belonging to the family of elliptical distributions, and designed to model points
spread near a spherical surface. This probability density function depends on three parame-
ters, namely a center u € R?, a radius r > 0 and a dispersion parameter ¢ > 0. In their paper,
the model is formulated in a general form in IR. To estimate u and r, a backfitting algorithm
(see e.g. [BF85]) similar to the one used in [Lan87] is employed. A convergence result is given
in the case of the complete sphere. However, no result is established in the case of a truncated

sphere while simulations showed the efficiency of the algorithm.

The objective of this work is to propose a new algorithm to fit a sphere on a noisy 3D
point cloud distributed around a complete or a truncated sphere. We shall assume that the

observations are independent realizations of a random vector X defined as
X =u+rWuUq, 8.1)

where W is a positive real random variable such that IE [W]| = 1, Uq, is uniformly distributed
on a measurable subset () of the unit sphere of R3, W and U, are independent. Parameters
# € R®and r > 0 are respectively the center and the radius of the sphere we are trying to
adjust to the point cloud. Random variable W allows to model the fluctuations of points in
the normal direction of the sphere. When () coincides with the complete sphere, then the
distribution of X is spherical (see e.g. [Mui09]). Indeed, if we set Y = (X — p)/r, then the
distribution of Y is rotationally invariant.

We are interested in estimating center i and radius r. As ||Uq|| = 1, we easily deduce
from (8.1) that

m—yq
= E[X—-r— 7 8.2
! [ "IX =g 6.2)
ro= E[|X—pu]. (8.3)

It is clear that from these two equations, we cannot deduce explicit estimators of parame-
ters p and r using the method of moments since each parameter depends on the other. To
overcome this problem, we can use a backfitting type algorithm (as in [BP14]) or introduce
a recursive stochastic algorithm, which seems well-suited for this problem since equations
(8.2) and (8.3) can also be derived from the local minimization of the following quadratic

criteria

Glpr) = S E[(IX il 7). (84)
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Stochastic algorithms, and more precisely Robbins-Monro algorithms, are effective and
fast methods (see e.g. [Duf97, KY03, RM51]). They do not need too much computational
efforts and can easily be updated, which make of them good candidates to deal with big
data for example. However, usual sufficient conditions to prove the convergence of this kind
of algorithm are sometimes not satisfied and it is necessary to modify the basic algorithm.
We can, for example, introduce a projected version of the Robbins-Monro algorithm which
consists in keeping the usual estimators in a nice subspace with the help of a projection. Such
an algorithm has been recently considered in [BF12] and [L]SB12].

In this paper, due to the non global convexity of function G, we estimate parameters y and
r using a projected Robbins-Monro algorithm. We also propose an averaged algorithm which
consists in averaging the projected algorithm. In general, this averaged algorithm allows to
improve the rate of convergence of the basic estimators, or to reduce the variance, or not to
have to make a good choice of the step sequence, which can be as exhaustive as to estimate
the parameters. It is widely used when having to deal with Robbins-Monro algorithms (see
[PJ92]) or [Pel98] amoung others).

This paper is organized as follows. In Section 2, we specify the framework and assump-
tions. After a short explanation on the non-convergence of the Robbins-Monro algorithm, the
projected algorithm and its averaged version are introduced in Section 3. Section 4 is concer-
ned with the convergence results. Some simulation experiments are provided in Section 5,
showing the efficiency of the algorithms. Proofs of the different results are postponed in a
supplementary file.

8.2 Framework and assumptions

We consider in this paper a more general framework than the one described in the intro-
duction. Let X be a random vector of R? with d > 2. Let F denotes the distribution of X. We

assume that X can be decomposed under the form
X=u+rWlUq. (8.5)

where u € R, r>0 Wisa positive real continuous random variable (and with a bounded
density if d = 2), Uq is uniformly distributed on a measurable subset () of the unit sphere of
R?. Moreover, let us suppose that W and U, are independent.

Model (8.5) allows to model a point cloud of R¥ spread around a complete or truncated
sphere of center # € R? and radius r > 0. Random vector Uq defines the position of the
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points on the sphere and random variable W defines the fluctuations in the normal direction
of the sphere. As mentioned in the introduction, when () is the complete unit sphere, then

the distribution of X is spherical.

When W satisfies the condition [E [W] = 1, the radius r is identifiable and can be directly
estimated. Indeed, since |Uqn|| = 1, then || X —p|| = rWand E[||X — u||] = rE [W] =
E W]
)

However, this condition is sometimes not satisfied (as in [BP14]) and only r* :=
can be estimated. Therefore, in what follows, we are interested in estimating 6 := (

which will be denoted by (p, r*) for the sake of simplicity.

We suppose from now that the following assumptions are fulfilled :

— Assumption [A1]. The random vector X is not concentrated around p :

E[[|IX — | 7] < oo,

— Assumption [A2]. The random vector X admits a second moment :
2
E |[|X - || < oo

These assumptions ensure that the values of X are concentrated around the sphere and
not around the center u, without in addition too much dispersion. This framework totally
corresponds to the real situation that we want to model. Moreover, using (8.5), Assumptions
[A1] and [A2] reduce to assumptions on W. More precisely, [A1] reduces to E [W 2] < oo
and [A2] to E [W?] < oo.

Let us now introduce two examples of distribution allowing to model points spread
around a complete sphere and satisfying assumptions [Al] and [A2].

Exemple 8.2.1. Let us consider a random vector X taking values in R with a distribution absolutely
continuous with respect to the Lebesgue measure, with a probability density function fs defined for all

0> 0by
Cy

fo(x) = Wﬂ{nx—yﬂ Jrel—6,1+0} (8.6)

where Cj is the normalization constant. Then, we can rewrite X under the form (8.5) with Uq = U,
W~U([1—-6,1+6])and E[W] =1 forany s > 0.

Exemple 8.2.2. Let us consider the probability density function introduced in [BP14]. It is defined
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for any x € R? by

F) =Ko exp (=50 (I =l = 1)?), )

where K is the normalization constant. Then, a random vector X with probability density function f
can be rewritten under the form (8.5), with IE [W| # 1, but IE [W] is closed to 1 when the variance o
is negligible compared to the radius r.

To obtain points distributed around a truncated sphere, it is sufficient to modify the pre-
vious densities by considering densities of the form f5(x) = C5f(x)1 =1 Where
y & fa(x) af (%) {(x—p) e}

Q) is the set of points of R? whose polar coordinates are given by (p,61,...,04_1 € R x ©)
where © defines the convex part Q) of the surface of the unit sphere of R? we want to consi-
der.

8.3 The algorithms

We present in this section two algorithms for estimating the unknown parameter 6 which
can be seen as a local minimizer (under conditions) of a function. Indeed, let us consider the
function G : R? x R — R defined forally = (z,a) € RY x R%. by

Gy) = SE[(IX—z]-a)] = JE[g(Xy)], 88)

where we denote by ¢ the function defined for any x € R? and y = (z,4) € RY x R* by
g(x,y) := (||x —z|| — a)®. The function G is Frechet-differentiable and we denote by ® its
gradient, which is defined forally = (z,a) € R? x R* by

z—X
(y) == VG(y) = E [Vyg(X,y)] = ( ~E[X]—aE [uz ~X] ]) 59)
a—E(lz—X]].

From (8.5) and definition of 6 = (y, "), we easily verify that VG(0) = 0. Therefore, since 6
is a local minimizer of function G (under assumptions) or a zero of VG, an idea could be to

introduce a stochastic gradient algorithm for estimating 0.

8.3.1 The Robbins-Monro algorithm.
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Let (X, )n>1 be a sequence of independent and identically distributed random vectors of
R? following the same law as X and let (7y,),>1 be a decreasing sequence of positive real

numbers satisfying the usual conditions

Z Tn =00 and Z 'y% < o0, (8.10)
n>1 n>1
When the functional G is convex or verifies nice properties, a usual way to estimate the

unknown parameter 6 is to use the following recursive algorithm

9n+1 = 971 — Tn Vyg(Xn+1, 971), (811)

with 61 chosen arbitrarily bounded. The term Vg (X;11,0,) can be seen as an estimate of
the gradient of G at 6,,, and the step sequence (7, ) controls the convergence of the algorithm.

The convergence of such an algorithm is often established using the Robbins-Siegmund’s
theorem (see e.g. [Duf97]) and a sufficient condition to get it, is to verify that forany y € R? x R,
(®(y),y —0) > 0 where (.,.) denotes the usual inner product and ||.|| the associated norm.
However, we can show that this condition is only satisfied for y belonging to a subset of
R? x R* to be specified. Thus, if at time (1 + 1), the update of 6, (using (8.11)) leaves this
subset, then it does not necessarily converge. Therefore, we have to introduce a projected
Robbins-Monro algorithm.

8.3.2 The Projected Robbins-Monro algorithm

Let K be a compact and convex subset of R? x IR* containing 6 = (y,7*) and let
7 : R? x R} — K be a projection satisfying

Yy y € R XRY, |ly) — ()l < ly =Vl 6.12)
Yy ¢ K, n(y) € oK
where d/C is the frontier of K. An example will be given later.

Then, we estimate 6 using the following Projected Robbins-Monro algorithm (PRM), defined

recursively by
§n+1 =TT <é\n - ’)’nvyg (Xn+1/ é\n)> ’ (8.13)

where 6, is arbitrarily chosen in K, and (7, ) is a decreasing sequence of positive real num-
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bers satisfying (8.10).

Of course the choice of subset K and projector 7t is crucial. It is clear that if K is poorly
chosen for a given projector, the convergence of the projected algorithm towards 6 will be
slower, even if from a theoretical point of view, we shall see in the next section dedicated
to the theoretical results, that this algorithm is almost the same as the traditional Robbins-
Monro algorithm since the updates of 0,, ie. the quantities (@n — Y Vy & (Xns1, 5,1) ), leave K

only a finite number of times.

Let us now discuss the choice of K and 7. The choice of K is directly related to the
following assumption that we introduce to ensure the existence of a compact subset on which
the scalar product (®(y),y — 0) is positive.

— Assumption [A3]. There are two positive constants R, and R, such that for all

y=(z,a) € B(u,Ry) x B(r*,R;),

1—||E [Ug]|* /A
r* —|—%Rr

sup  Amax(T(2)) <
z€B(u,Ry)

) (8.14)

with A such that ||E [Ug]||* < A < 1, and Amay (M) denotes the largest eigenvalue of

matrix M, and
1 | (X —z)(X—2)T
- |- )
IX 2| IX 2|

Remark 8.3.1. The less the sphere is troncated, the more ||E [Uq]|| is close to 0 and the

I'(z):=E

constraints on R, and R; are relaxed. In particular, when the sphere is complete, ie. Uq = U
where U denotes the random vector uniformly distributed on the whole unit sphere of R?,
then E [Uqn] = 0 and Assumption [A3] reduces to

1

sup /\max (F(Z>) < m
24N

ZGB(V,R,,)

The main consequence of Assumption [A3] is the following proposition which is one of
the key point to establish the convergence of the PRM algorithm.

Proposition 8.3.1. Assume that [A1] to [A3] hold. Then, there is a positive constant c such that for
ally € B(u,Ry) x B(r*,R;),

(@(y),y—6) > clly — 6|

Proof. The proof is given in Section E.1. ]
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Assumption [A3] is therefore crucial but only technical. It reflects the fact that the sphere
is not too much truncated and that the points are not too far away from the sphere which
corresponds to the real situations we want to model.

In a general framework, this technical assumption is difficult to verify since it requires to
specify the distribution of X. In the case of distribution of Example 8.2.1 with § < 1/10, we
can easily exhibit constant R, and R;. Indeed taking R, = R, = r*/10, then assumption
[A3] holds. When the distribution of X is compactly supported with a support included in
[1—6,1+ 4], itis fairly easy to find the constants provided that ¢ is small enough. It is quite
more difficult when dealing with distribution of Example 8.2.2. Nevertheless, topological

results can ensure that these constants exist.

From constants R, and R, of Assumption [A3], it is then possible to simply define a pro-
jector 7t which satisfies condition (8.12). Indeed, let us set K = K, x K, with K, = B(y, R,)
and K, = B(r*,R,), and define for any y = (z,4) € R? x R% by 7t(y) := (71,(z), 7,(a)), with

z ifz € K:M
Ty (z) = "+ RFM otherwise
|z — ull
and

a lf a E ’Cro

— _— *
m(a) : r+R, (a—r") otherwise

la —r*|

Such projector satisfies the requested conditions. However, it is clear that this projector can
not be implemented since y and r* are unknown. We shall see in the simulation study how
to overcome this problem.

We suppose from now that K is a compact and convex subset of B(u, R,) x B(r*,R;)
such that 6 € IC, but 8 ¢ JK, where 0K is the frontier of K, i.e there is a positive constant
dmin such that B (60, dmin) C K.

8.3.3 The averaged algorithm

Averaging is a usual method to improve the rate of convergence of Robbins-Monro al-
gorithms, or to reduce the variance, or finally not to have to make a good choice of the step
sequence (see [P]92]), but for the projected algorithms, this method is not widespread in the
litterature. In this paper, we improve the estimation of 6 by adding an averaging step to the

~

PRM algorithm. Starting from the sequence (6,),>1 given by (8.13), we introduce for any



8.4 Convergence properties 277

n>1,
én:

|-

n ~
2 O
k=1
which can also be recursively defined by

_ 1/~ _ .
Ot =0+ (enﬂ - en) , and 6, =0, (8.15)

We shall see in the following two sections, the gain provided by this algorithm.

8.4 Convergence properties

We now give asymptotic properties of the algorithms. All the proofs are postponed in
Section E.2. The following theorem gives the strong consistency of the PRM algorithm as

well as properties on the number of times we really use the projection.

Theorem 8.4.1. Let (X,,) be a sequence of iid random vectors following the same law as X. Assume
that [A1] to [A3] hold, then

lim |6, — 6] =0 a.s.
n—o0

Moreover, the number of times the random vectors §n —"nVyg (Xn+1,§n) do not belong to K is
almost surely finite.

The following theorem gives the rate of convergence in quadratic mean and the L? rates
of convergence of the PRM algorithm (under conditions) as well as an upper bound of the
probability that the random vector 5,1 —uVy8 (Xn+1, §n> does not belong to K.

Theorem 8.4.2. Let (X,,) be a sequence of iid random vectors following the same law as X. Assume
that [A1] to [A3] hold and consider a step sequence (v, ) of the form v, = c,n™*, with ¢, > 0 and
a €]1/2,1[. Then, there is a positive constant Cq such that for all n > 1,

d
Moreover, for all positive integer p such that E [||X — yHZP } < oo, there is a positive constant C,,
such that foralln > 1,
d
Cp

P (8= 7Vag (Xns1,O0) # K] < 57

oo <5

i) < &

and foralln > 1,

min
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where dmin := infycok { ||y — 01|} and 9K is the frontier of K.

We now focus on the asymptotic behavior of the averaged algorithm. First of all, applying
Theorem 8.4.1 and Toeplitz’s lemma for example, we easily obtain the strong consistency of
the averaged estimator ;. Introducing the following assumption, we can specify its rate of

convergence in quadratic mean as well as its asymptotic normality.

— Assumption [A4]. The Hessian of G at 6 = (u,r*), denoted by I'y and defined by

el (g,  Xmwe(X—p) X—p
Ty = MR X (Id 1% = gl )] E[HX—M
X-p
]E[nx—yu] !

is a positive definite matrix.

Note that thanks to topological results, this assumption also implies Proposition 8.3.1 but
is not useful to obtain the constants R, and R,. Nevertheless, this assumption is crucial to
establish the results of the two following theorems but it is satisfied as soon as the sphere
is not too much truncated and the dispersion around the sphere not too important which
corresponds to the real situations encountered. Using model (8.5), I'y rewrites under the form

_ (U= B (i —E[UaUy]) E U] . _ -
r9_< 4 %[ug] 00 1“) with 5_1E[W]1E[w 1}. (8.16)

When the sphere is complete, ie. Uy = U, then E [Up] = 0, E [UgU}] = (1/d)I; and
Amin(Tg) > 0 as soon as B < d/(d — 1). In the case of distribution of Example 8.2.1, we
have = (log(1 + ) —log(1 —4))/(26) and [A4] is satisfied as soon as ¢ is small en-
ough. In the case of distribution of Example 8.2.2, [A4] is satisfied as soon as r >> ¢. When
the sphere is not complete, we can easily show that a sufficient condition to ensure [A4] is
Amin (Var [Uqn]) < 1 —1/p, where Var [U()] is the covariance matrix of the random variable
Uq. In the case of the half sphere and d = 3, we have Apmin (Var [Ug]) = 1/12 and Ty is
definite positive as soon as f < 12/11. This condition holds for distribution of Example 8.2.1
with § < 0.4 for instance, and distribution of Example 8.2.2 as soon as r >> .

Theorem 8.4.3. Let (X,,) be a sequence of iid random vectors following the same law as X. Assume
that [A1] to [A4] hold and consider a step sequence (7y,) of the form v, = c,n™", with ¢, > 0 and
& €]1/2,1[. Moreover, suppose that E[|| X — u||'*] < co. Then there is a positive constant C such
that foralln > 1,

B {6 - o] < T
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With respect to results of Theorem 8.4.2, we clearly improve the rate of convergence in
quadratic mean. Note that the computed rate is the optimal one for such stochastic algo-
rithms. We finally give a central limit theorem which can be useful to build confidence balls

for the different parameters of the sphere.

Theorem 8.4.4. Let (X,,) be a sequence of iid random vectors following the same law as X and let us
choose the step sequence (7y,) of the form vy, = con™*, with ¢, > 0 and & €]1/2,1[. Assume that
[A1] to [A4] hold and suppose that E[||X — p||"?] < co. Then (8,) satisfies

Vi (0. —0) = N (or7'zr;) (8.17)
with .
(n—X) (r—X)
—X—r— —X—rr—
Y= (” ux) (’* ux) . (8.18)
r* —[ju =X r—|lu =X

From result (8.17) of Theorem 8.4.4, we easily derive that
VIETY2Tg (8, = 0) 55 N (0, Igs1). (8.19)

Therefore, in order to build confidence balls or statistical tests for the parameters of the
sphere, matrices I'y and X must be estimated.

Let us decompose 0,, under the form (Zn,Zn) where Z,, € R? estimates the center p and
A, € RY theradius r*, and let us denote Uy, := (X, — Z,)/ || Xn — Zu||- Then we can estimate
I'p and X by T, and &, iteratively as follows

_ _ 1— A V[, + u, url u,
nly=m-1I,1+ ( 1% = Z””) ? HXH n|| ,
ur 1
— — — — T
Xn Zn + A Un) (Xn - ZT’Z + An Un>

nS, = (-1, 1+ _ —
' " <A—HX 7 ) \ A= 1%~ Z2

where &; = Ij1and I = I;+1 to avoid usual problems of invertibility. It is not hard to show
that T, and &, respectively converge to I'y and X and then deduce that

Qu = VnZ, VT, (6, —0) £ N (0, L) (8.20)

n—00

The simulation study of the next section will illustrate the good approximation of the distri-
bution of Q, by the standard gaussian for moderate sample sizes.
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8.5 Some experiments on simulated data

We study in this section the behavior of the PRM and averaged algorithms on simulated
data in the case d = 3, for small to moderate sample sizes. This section first begins with the
specification of the compact set involved in the definition of the PRM algorithm which is
of course a crucial point. We then study the performance of the two algorithms in the case
of the whole sphere with the distributions of Examples 8.2.1 and 8.2.2. Finally, we consider
the case of the truncated sphere (a half-sphere) and we compare our strategy with the one
proposed by [BP14].

In this simulation study, we shall always consider the same sphere defined by its center
# = (0,0,0)T and its radius r = 50. In addition, to reduce sampling effects, our results are
based on 200 samples of size n. Finally, let us mention that simulations were carried out

using the statistical software R (see R Core Team, 2013).

8.5.1 Choice of the compact set and of the projection

We discuss here the crucial point of the choice of the compact set K and of the projection
7t involved in the definition of the PRM algorithm. The main problem is to find a compact
set containing the unknown parameter 6. We propose to build a preliminary estimation of 6,
using a geometric approach which consists in finding the center and the radius of a sphere of
R3 from 4 non-coplanar distinct points. We denote by (0, 7o) this initial estimate of 6. From
this estimate, we define the compact set K by K := K,y X IC;y with ICyy) := B(uo,70/10) and
Ky, := B(ro,10/10), where the choice of the value r(/10 for the radius of the balls is justified
by the discussion about Assumption [A3] in Section 3.2. We then define the projector 7 as
follows : for any y = (z,4) € R® x R%, we set 71(y) := (71,,(2), 7y, (a)) with

Ty (z) == —
Voy( ) 1o LOM otherwise
10 ||z — pol|
and
a lle E ICT’()
7. (a) 1= -
n(a) ro + o (a = ro) otherwise
10 |a — 7o

With this strategy, we can raisonnably hope that if our initial estimate is not too poor, then
the true parameter belongs to K and the quadratic criteria G is convex on K. We will see
below that even if this preliminary estimation is rough, the true parameter belongs to X and
the PRM algorithm improves the estimation of 6.
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Let us now describe our strategy to obtain a preliminary estimation of the parameter 6 =
(u,r*). Since the data points are spread around the sphere, the estimation of the parameters
from only one quadruplet of points is not robust to random fluctuations. In order to make
the estimation more robust, we consider instead N quadruplets sampled with replacement
from the first K points of the sample Xj, ..., Xj,. For each quadruplet, we calculate the center
of the sphere which passes through these four points, which gives a sequence of centers
(#i)1<i<n- The initial estimate of the center, denoted by i, is then computed as the median
point. Finally, we obtain an estimation of the radius by calculating the empirical mean of the

sequence (|| X; — po||)1<i<s0-

A simulation study carried out for various values of K and N in the case of the whole
and truncated sphere, shows that by taking K = 50 and N = 200, we obtain a preliminary
estimation of 6 sufficiently good to ensure that the compact K contains 6.

To close this section, let us mention that although the initial estimate is quite accurate, it is
necessary to project the Robbins-Monro algorithm to ensure the convergence of the estimator.
Indeed, taking a step sequence of the form <y, = c,n™*, the results given in Table 8.1 show
that for some values of ¢, and «, the parameter 6 is poorly estimated by the Robbins-Monro
algorithm, while the PRM algorithm (Table 8.2) is less sensitive to the step sequence choice.

14
051 ] 0.6 [0.66 [ 0.75 [ 0.99
1 027014 | 0.09 | 0.06 | 0.23
¢y | 5] 108 | 10° | 10° | 10* | 10°
10 | 10°T | 10%8 | 10" | 10™ | 10°

TABLE 8.1 — Robbins-Monro algorithm. Errors in quadratic mean of the 200 estimations of
the center y for samples of size n = 2000 in the case of the distribution of Example 8.2.1.

«
051 ] 0.6 | 0.66 | 0.75 | 0.99
1 (028|015 |0.09|0.05|0.24
¢y | 51551076 | 048 | 0.24 | 0.05
10 | 3.22 | 1.35 | 0.94 | 0.43 | 0.08

TABLE 8.2 — PRM algorithm. Errors in quadratic mean of the 200 estimations of the center u
for samples of size n = 2000 in the case of the distribution of Example 8.2.1.

In the sequel of the simulation study, we take a step sequence of the form v, := n=2/3
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(« = 2/3is often considered as the optimal choice in the literature).

8.5.2 Case of the whole sphere

In what follows, we are interested in the behavior of the PRM and averaged algorithms
when samples are distributed on the whole sphere according to the distribution of Example
8.2.1 with § = 0.1.

Figure 8.1 shows that the accuracy of the estimations increases with the sample size. In
particular, as expected, the PRM algorithm significantly improves the initial estimations of
the center and the radius (see the first boxplots which correspond to the initial estimations).
Moreover, as expected in the case of the "whole sphere", we can see that the three components
of the center y are estimated with the same accuracy.

- - - — e =
= 4 :
ca ca — ! s - -
o+ o -+ ST B o H
o || —————— o —HET++ R e e e | o e o e
- P .
ca ] : ca | «a | : =
: :
- ] " - - | E =
T T T T T T T T T T | B . | B E— —
50 1000 2000 50 1000 2000 50 1000 2000 50 1000 2000

FIGURE 8.1 — Whole sphere with distribution of Example 8.2.1. From the left to the right, box-
plots of estimates of py, py, . and r obtained with the PRM algorithm for different sample
sizes.

Let us now examine the gain provided by the use of the averaged algorithm. Figure 8.2
shows that for small sample sizes, the performances of the two algorithms are comparable,
but when 7 is greater than 500, the averaged algorithm is more accurate than the PRM al-
gorithm. We can even think that by forgetting the first estimates of the PRM algorithm, we
improve the behavior of the averaged algoritm when the sample size is small.
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FIGURE 8.2 — Whole sphere with distribution of Example 8.2.1. Boxplots of estimates of j,
(left) and r (right) obtained with the PRM algorithm (in red) and with the averaged algorithm
(in blue) for different sample sizes.

Finally, let us study the quality of the Gaussian approximation of the distribution of Q,

for a moderate sample size. This point is crucial for building confidence intervals or statistical

tests for the parameters of the sphere.

Figure 8.3 shows that this approximation is reasonable when n = 2000. Indeed, we can

see that the estimated density of each component of Q,, is well superimposed with the den-

sity of the N'(0,1). To validate these approximations, we perform a Kolmogorov-Smirnov

test at level 5%. The test enables us to conclude that the normality is not rejected for each

component of Q.
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FIGURE 8.3 — From the left to the right, estimated densities of each components of Q2000

superimposed with the standard gaussian density.
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8.5.3 Comparison with a backfitting-type algorithm in the case of a half-sphere

In this section, we compare the performances of the averaged algorithm with the ones
of the backfitting algorithm introduced by [BP14]. In what follows, we consider samples
coming from the distribution of Example 8.2.2, with ¢ = 1, in the case of the half sphere
defined by the set of points whose y-component is positive.

Results obtained with the two algorithms are presented in Figure 8.4. We focus on para-
meter py for the center since it is the more difficult to estimate. We can see that even if the
backfitting (BF for short) algorithm is better than the averaged algorithm, the performances
are globally good, which validates the use of our algorithm for estimating the parameters
of a sphere from 3D-points distributed around a truncated sphere. Recall that convergence
results are available for our algorithm in the case of the truncated sphere, contrary to the
backfitting algorithm for which no theoretical result is available in that case.
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FIGURE 8.4 — Comparison of averaged and BF algorithms. Boxplots of the estimates of yy (on
the left) and  (on the right), obtained with the BF algorithm (in blue) and with the averaged
algorithm (in red) for the half sphere in the case of Example 8.2.2.

8.6 Conclusion
We presented in this work a new stochastic algorithm for estimating the center and the

radius of a sphere from a sample of points spread around the sphere, the points being distri-
buted around the complete sphere or only around a part of the sphere.
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We shown on simulated data that this algorithm is efficient, less accurate than the back-
fitting algorithm proposed in [BP14] but for which no convergence result is available for
the case of the truncated sphere. Therefore, our main contribution is to have proposed an
algorithm for which we have given asymptotic results such as its strong consistency and
its asymptotic normality which can be useful to build confidence balls or statistical tests for
example, as well as non asymptotic results such as the rates of convergence in quadratic

mean.

A possible extension of this work could be to extend the obtained results to the case of
the finite mixture model. This framework has been considered in [BP14] but no convergence
result is established. Proposing a stochastic algorithm for estimating the different parameters

of the model and obtaining convergence results would be a nice challenge.
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Annexe E

An averaged projected Robbins-Monro
algorithm for estimating the
parameters of a truncated spherical
distribution. Appendix

Résumé

Dans cette partie, nous commengons par donner des résultats de convexité sur la fonction
dont I’on cherche un minimum local. De plus, on donne la preuve de la Proposition 8.3.1,
qui assure que la fonction admet un unique minimum sur le compact sur lequel on projette
I'algorithme. De plus, les preuves des Théoremes 8.4.1 a 8.4.4, qui donnent les vitesses de

convergence des algorithmes ainsi que la normalité asymptotique, sont données.

Abstract

In this part, we first give some convexity results on the function we would like to mini-
mize. Moreover, we give the proof of Proposition 8.3.1, which ensure that the function admit
an unique minimizer on the compact on each we project the algorithm. Moreover, the proofs
of Theorems 8.4.1 to 8.4.4, which give the rate of convergence of the algorithms as well as the

asymptotic normality of the averaged algorithm, are given.
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E.1 Some convexity results and proof of proposition 8.3.1

The following lemma ensures that the Matrix in Assumption [A3] is well defined and
that the Hessian of G exists for all y € R? x R.

Lemma E.1.1. Assume [A1] holds. If d > 3, there is a positive constant C such that for all z € R4,

1
e[l =
X —z|

Moreover, suppose that W admits a bounded density, then for all d > 2, there is a positive constant C
such that for all z € RY,

1
E | s <€
Xzl

Note that for the sake of simplicity, we denote by the same way the two constants.

Proof of Lemma E.1.1. Step1:d >3

By continuity and applying Assumption [A1], there are positive constants €, C' such that

forallz € B (u,e¢),
1
E [] <c
X —z|

Moreover, let z € R? such that ||z — u| > €, we have

1 oo
Bl =) P es e
_/ [I1x —2) < ] dt+/ (11X —2l| < ] a

<M+/ (1% =2 < 1] at,
with M positive and defined later. Moreover, let t > M,

P[X—z] <t =P |[lu+rWln—z] <17

<SPtz oW S |z g, (p kWU N B (247 £ @),

taking M = 2. With previous condition on rW, calculating P [(y + rWUq) N B (z,t71) # @]
consists in measuring the intersection between a truncated sphere with radius bigger than
€/2 with a ball of radius 1, with } < £. This is smaller than the surface of the frontier of the

ball (see the following f1gure).
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S(u. Iu-zll+14)

u+rWUQ

S(u, lIu-zll-14)

FIGURE E.1 - Intersection between a ball and a sphere

Thus, there is a positive constant k such that for all t > M

k
Pllx—zll <t <o
Finally,

(E.1)

E | ) < +/+w

— g + kie
e 242(d-2)

We conclude the proof taking C = max {C + ks 22 }

Step 2:d = 2 and W admits a bounded density

Let fmax be a bound of the density function of W. As in previous case, let z € R? such that
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|z —ull > €

PlIX -z <t7| <P [~ |z —pl < oW <7+ [z g, (u+ rWUQ) N B (z,t7") £ @]
=P [(u+ WUQ) 0B (2,671) £ 0| =17z =l < oW <17+ 1z —

x P [—t_l Fllz—pul| < W<t ||z - yH} .
As in previous case, if t > %, there is a positive constant k such that for all ¢ > %,
P“y+wwkgmB@J4)¢@y—rh+w—yngﬂmgt4+wz—mﬂgkr?

Moreover, since fmax is a bound of the density function of W,

2r f max

1 1
P +lle =l < W < Gzl < 2

Thus, for all t > %,

_ 2r k
PMX—ZHﬁtqu'%M,
and in a particular case,
1 2
E|l——| <=4k E.2
TS| S 2 ke €2)
and one can conclude the proof taking C = max {C/ ,2¢ L+ kr fmaxe}. O

Proof of Proposition 8.3.1. We want to show there is ¢ > 0 such that for any
v = (z,a) € B(u,eu) x B(rt, &), P(y) :=(y—0, ®(y)) > c|ly — 0]|. We have

z—X
P(y) = P(z,a) = ””‘,Z‘EW“”ELV—MJ . E3)
a=r a—E[|X —z|]

For any z € RY, let us set F(z) := E[||X —z||] and f(z) := E[(z— X)/ ||z — X||]. Note
that f is the gradient of F. Using (2.1), we deduce that F(i) = r*, f(1) = — E[Uqn] and
E [X] = u — r*f(u). Then, (E.3) can be rewritten as

P(y) = ||z = pll* +7"(z =, f(4)) — alz = p, f(2)) + (a = 1")* = (a — ") (F(2) — F(n))
= ||z = pll* = (@ —r*) (z =, f()) —a{z =, f(2) = f(u)) + (a = 1")?
—(a—1r")(F(z) — F())-
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Moreover, using the following Taylor’s expansions,

(z—w)'Vf(e)(z—p),

NI —

F(z) = F(u) +(z —u f(u)) +

with ¢, ¢’ € [z, u]. We get
P(y) = 12— plP 202~ ") (2= . f() —alz~ VA - ) (B4
Fa—rP - Sa—r) - )"V - )

Now, remarking that for any positive constant A and real numbers x, y, we have
2xy < Ax? + y*/A, we derive

P(y) > [z = I — Ala =1 = 5 llz = wlP IFGOI = @ 197 12— pI?
@ = o la— VA Iz~ 1.

Letus denoteby Apr = sup  AmaxVf(z) and choose A such that
z€B(,ey)

IF* = |EUQ]|* < A < 1.

Then, for any z € B(y,¢;,) and a € B(r*,¢,), we have

P 2 (1= 5 G0N = "+ Sen) ) 1z = I+ (1= 4) (0 = )2

Finally, using assumption [A3], we close the proof.

In order to linearize the gradient in the decompositions of the PRM algorithm and get a
nice decomposition of the averaged algorithm, we introduce the Hessian matrix of G, deno-
ted, forally = (z,a) € R? x R, by Iy : RY x R — R? x R and defined by :

I; —aE {HXl—zH <Id_ (X_Hig%iﬁg_@ﬂ E [M]

Ty = ’ (ES)

X—z T
E [] 1
| X —z|]
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with, for all z,2/,z" € R?, z® Z/(2") = (z,Z")z'. Applying Lemma E.1.1, the Hessian matrix
exists for all y € R4*1.

Proposition E.1.1. Suppose [A1] to [A3] hold, there is a positive constant Cy such that for ally € K,
|©(y) —To (y — )| < Colly — 6]

Proof of Proposition E.1.1. Under Assumption [A1l], by continuity, there are positive constants
C’,€’ such that forz € B (p,€’),

12] < .
1X =yl
Moreover, note that forally € K,
1
() = | Toriy oy —0)at.

Thus, with analogous calculus to the ones in the proof of Lemma 5.1 in [CCGB15], one can
check that there is a positive constant C” such that forally € B (6,¢’) N K,

19(y) — Toll < C"[ly — 6]

Moreover, forally = (z,a) € Kand y' = (Z/,4') € R x R,

— 1, (X=z)(X=2) X—z_
ry(y/) _ (z’ yE [Hsz” (; [%%12}11)] +ad'E [Xi}) |

Thus, applying Cauchy-Schwarz’s inequality,

1 (Z,_ (X —z,7') (X—z)>
[ X —z|] X —z|?

<X—Lﬂ] |7
+H]E[ +a
| X —z||

2
/
7z —aE

I* =

X—z
I,y —{—a']E[ }

1

§3Hﬂf+3WWH5WE[W§iﬂ

2
| 3l P+ 22 2o
Thus, applying Lemma E.1.1, there are positive constants A, A, such that

Ty (O < Adlly'l| + Az llyll ||
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Note that since K is compact and convex, there is a positive constant Cx such that for all
yeKandt e [0,1], |0+ t(y —0)|| < Ck, and in a particular case,

P00 =) < (A1 + Axc) ly o

Thus, for all y € K such that ||y — 0] > €/,

1
[©) ~To =0 < [ [Coriyo (v—0)]at
< (A1 + AxCe) [y - 6]

1
< 5 (A1 + AoCi) |ly - 01

Thus, we conclude the proof taking Cy = max {C”, } (A1 + AxCr) - O

E.2 Proof of Section 8.4

Proof of Theorem 8.4.1. Let us recall that there is a positive constant ¢ such that for all y €
K, (®(y),y —0) > c|ly— 0||>. The aim is to use previous inequality and the fact that the

~ 2
projection is 1-lipschitz in order to get an upper bound of E | (/6,11 — GH \}"n} and apply

Robbins-Siegmund theorem to get the almost sure convergence of the algorithm.

Almost sure convergence of the algorithm : Since 7 is 1-lipschitz,
§n+1 - 9H2 = ||T (é\n - 'anyg (Xn+1, §n)> -7 (Q)HZ
< B =V (X 8) 6]

_ g, - 9H2 2 <Vyg (Xn+1,§n) O — 9> +7;

:

Vyg (Xn-i-l/ §n>




294 Estimating the parameters of a truncated spherical distribution. Appendix

Thus, since 0,, is J,;-measurable,

d

~ 2
R

9, — 9H2 — 2 <1E [Vyg (Xn+1,§n> ‘fn} B, — 9>
+72E [HV%( n+1,0 )
<¢(§n)ran - 9> +’YnlE [Hvy8< nt1,0 ) ’ |]:n:|

ol e [ (500) 1)

n]

< 81Zu — pl* +8(r*)? +8 (Au — ) + 8E [ || — X1 % 7]

|7

Moreover, let §n = (Zn, Ay) with Z,, € R?and A,, € R, we have

B |[vss (0e8) 17 -5 |

+E [|An = 1Z0 = X |11 7]

Zn— Xn1 |7

Zn_XnJrl_AnHZ - X
n

<AE [[1Zy = X | 7] +4(A0)°

2
+8(r*)* + 87 [W?] .

Let M := 8(r*)? + 8r°E [W?], we have

]E[An

Applying Robbins-Siegmund’s theorem (see [Duf97]

most surely to a finite random variable, and in a particular case,

} < (1+87) ) L M (Y

2
converges al-

© ~ 2
o N
k=1

Thus, since } >1 7k = +00,

—~ 2
lim Gn—é)H —0 as. (E.7)

Number of times the projection is used

Let N, ==Y} 1 (Y (X B) 2K} This sequence is non-decreasing, and suppose by
contradiction that N, goes to infinity. Thus, there is a subsequence (1ny) such that (N, )
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is increasing, i.e for all k > 1, §"k — Vy§ (Xnk+1,§nk) ¢ K, and in a particular case,

0y, 41 € OK, where 0K is the frontier of K. Let us recall that 8 is in the interior of K, i.e
let dmin := inf,cak |0 — y||, we have dmin > 0. Thus,

o~

i1 = 0|| = drin a5,

and,
lim §nk+1 - 9” =0>du, >0 as,
k—o0
which leads to a contradiction. O

Proof of Theorem 8.4.2. Convergence in quadratic mean

The aim is to obtain an induction relation for the quadratic mean error. Let us recall

inequality (E.6),

d

Then we have

~ 2 —~ 2

—~ 2
9n+1 _9H |fn] S (14—8’)’%)

d

and one can conclude the proof with the help of an induction (see [GB15] for instance) or

~ 2
61— 0| ] < (1—cvn+87%)lﬁ[

~ 2 )
6, —o| } + M2,
applying a lemma of stabilization (see [Duf96]).

L? rates of convergence
Let p > 2, we now prove with the help of a strong induction that for all integer p’ < p, there
is a positive constant Cp/ such that forall n > 1,

E ([ o] < &

= e
This inequality is already checked for p’ = 1. Let p’ > 2, we suppose from now that for all

integer k < p’, there is a positive constant Ci such that foralln > 1,

E [ 0, —GHZk] < nck’;
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We now search to give an induction relation for the L% -error. Let us recall that

~

2 2
01— 6| <

§n — 9”2 — 2’)’11 <Vyg (Xn+1/§n) /§n - 9> + 'Y%

Vyg (Xn+1/ §n>

We suppose from now that E [W?] < oo (and in a particular case, E [W] < oo for all
integer k < 2p) and let U, 11 := Vg (Xnﬂ,@n). We have

/

Ot — GHZPI < (
- Zp/'Yn <é\n -0, un+1> (

+:Z,2 <l;c/> ')’ﬁ <§n - 9/ un+1>‘k (

The aim is to bound each term on the right-hand side of previous inequality. In this purpose,

o~ 2 P
6, =+ Nl

. 2 p-1
6o =+ Nl

) 22 2\
@—ﬂ\+%mwww) . ()

we first need to introduce some technical inequalities.

HunHHz <2 Hvyg (Xn+1/§n)

‘2 +2E [Hvyg (Xus1,8)

|7

~ 2
<16 (2 9,,—9“ F2(P) 4 |l — Xy | + P°E [wﬂ).

Thus, applying Lemma A.1 in [GB15] for instance, for all integer k < p/,

Uy || < 4 116F <2’<

—~ 2k
B0 2 g (B ).

In a particular case, since for all k < p, E [WZk] < 00, there are positive constants Aj, Ay i
such that forall n > 1,

E [Hun+1||2k ‘]_—n} < 431 (Zk HQA” _ 9H2k+2k (r*)Zk 12 [WZk} L2k (E [Wz})k>

< M| — 0 + Ao (£.9)

We can now bound the expectation of the three terms on the right-hand side of inequality
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(E.8). First, since 8, is F,- measurable, applying inequality (E.9), let
()= | (B = o] + 2 1al?)"
- [ £ (7)o
< o of"] + £ (7)ot [ (sl ) oo

Let B := Zk 1€ 2" 2 A1, using previous inequality and by induction,

M)~ 2p'] P / - 2p' —2k
()< (1+BAE |6 -0 |+ X <i>7ﬁkA2,klE Me —o||” ]
L 4 k=1
HPTE 0 R A Ce
g(l—i—Bw%)lE_ 6, — 6 | —i-];(k)cgykAz,kM
M)~ 2p'] ’
<(1+B2)E ||, -6 +0 (%), (E.10)

In the same way, applying Cauchy-Schwarz’s inequality, let
(8,—6,U,i1) (H@ - eHz +7 ||un+1||2)p/_1]
< —2p/E [@ ~6,Uy) |3 - eHz’”'_z]

H@—GH HUn+1HZ§< L 1>,y%k’|u . ||2kH9 _9H 2p/ 2k]

(x%) := —2p"y,E

+2p' v, E

Moreover, since §n is F,-measurable, applying Proposition 8.3.1,

i e (G A T
= —2p' 1, E [<9 —6,®(6, >H9 _9H ]

< —2p'cy,E [H@n —GH } )

2p’2:|

_zp/7nIE |:<§n - 9/ un+1> An
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Moreover, since 2ab < a% + b?, let

~ Ay |
() 1= 208 | [0 =0 1| X (7 1) 7 P
k=1

6 GHZp’—Zk]

. 2 Pl 1 . 2p'—2k
< p'vE 6, — GH + ||Un+1||2> Z <P 2 >’)’%k ||Un+1||2k 0, — GH ]

k=1

(

p'-1 1
<o L (M)
k=1

(E [Hunﬂuz“z

~ 2p' 2k
8= o] + B [ttt

—~ 2p' 422k
en—e)H b D

With analogous calculus to the ones for inequality (E.10), one can check that there is a positive
constant B’ such that foralln > 1,

(++') < B'Y2E [ 6, — e\m +0 (W)

Thus,

/

N 2 p-1
29, E Gn—BH +7,%||un+11|2) ] < (—2cp”yn+B/'y%)lE[

Yn <é\n -0, un+1> <

o i

(E.11)

+0 (’y,(flﬂ)“) :
Finally, applying Lemma A.1 in [GB15] and since |(a,b)| < 3 lla||* + : |b]|?, let
~ k
(80— 0,Ups1))] (

1~ 2 k
(33l + 3 humal®)

. 2 p'—k
6o ="+ Nl

e (V)

. 2 p'—k
B, — 0| +2 HUnHHZ) ]

2p' 2k

—~ 2k
o] + HUn+1H2k) (

_~ ok ;o
8= o A )

Thus, with analogous calculus to the ones for inequality (E.10), one can check that there is a
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positive constant B” such that forall n > 1,

> (%) 5 |[(8— et (

k=2

ool

+0 (ryf;'“) . (E12)

) 2 2 2 vk "2
6 o[ + 3 Ial?) | < BaE |

Finally, applying inequalities (E.10) to (E.12), there are positive constants By, B, such that for
alln > 1,
d

Thus, with the help of an induction on n or applying a lemma of stabilization (see [Duf96]

~ 2p'
Oni1 — GH ] < (1-2p'cyn+Bi7;) E {

~ 2p’ /
6, — GH p] + Byyl (E.13)

for instance), one can check that there is a positive constant Cp/ such that forall n > 1,
o~ Zp, C /
]E[ Gn—GH ] <7,

np'e
which concludes the induction on p’ and the proof.
Bounding IP [én — T nVyg (Xn+1,§n> ¢ /C]
Let us recall that dmin = infycyi ||y — 0| > 0 and that if W admits a 2p-th moment, there is a

~ 2p C
6, —0|" | < % Thus, foralln > 1,

positive constant C,, such that foralln > 1, E

B R |
(n_’_l)pa_ n+1

-

~

p
91’l+1 - 9 1{é\n'ynVyg(X)1+llé\l1)¢,C}:|

> df P (8, —7uVy8 (Xui1,00) 2 K] -

Finally,

G 1 _ G 1
420 (n1)pe = g2 bt

min min

P |60 =70V (X1, 8:) 2 K] <

O

Proof of Theorem 8.4.3. The aim is, in a first time, to exhibit a nice decomposition of the ave-
raged algorithm. In this purpose, let us introduce this new decomposition of the PRM algo-

rithm
B =0 =8, — 0 — 7@ (8) + Va1 + 7, (E.14)
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with

Cn+1 = _vyg <Xn+1/ é\n) +o <§n) ’

Ty =TT (§n — "nVyg (Xn+1,§n)> — 5;1 + 71 Vyg (Xn+1,§n> .

Remark that () is a sequence of martingale differences adapted to the filtration () and r,,
is equal to 0 when §n — TuVyg (Xn+1/ §n> € K. Moreover, linearizing the gradient, decom-
position (E.14) can be written as

é\n—i-l —0= (I]Rdle - ’)’nr()) (é\n - 9) + 'Ynérn—i-l - 'Yn‘sn + T, (E-15)

where 9, ;= ® (5,1) — Ty <6An — 9) is the remainder term in the Taylor’s expansion of the
gradient. This can also be decomposed as

o~ ~

~ 0, —06 0,.1—0 Tn
Lo (0n—0) = - — bt + Enp-
9(71 ) T - n i énJrl

As in [Pel00], summing these equalities, applying Abel’s transform and dividing by n,

_ 1(6—60 6,.1—6 (1 1 ) ~ L LTk
To (8, — ) =~ - Y (——— ) (G-0)-Y 6+ )Y &
(B —6) ( y- (i-0)- o1 2

i Tn k= \Vk  Yk-1

1 n
+ ) G (E.16)
=

We now give the rate of convergence in quadratic mean of each term using Theorem 8.4.2.
In this purpose, let us recall the following technical lemma.

Lemma E.2.1 ([GB15]). Let Y1, ..., Y, be random variables taking values in a normed vector space
such that for all positive constant q and for all k > 1, E [||Y¢]|7] < oo. Thus, for all constants
ai, ..., ay and for all integer p,

p
E

< Czllakl (E [Ilml”]);) (E.17)

n
Z akYk
k=1

The remainder terms : First, one can check that
1 6, — ol 1

—FE ||| 2= =o=]). E.18
2 { " ] 0 ( 7 > ( )
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In the same way, applying Theorem 8.4.2,

. 2
1 9n+1 — 0 1 1 ~ 2
E { s ] :C%nz_zanz[ i1 — 6 ]
G 1
2o

=0 (i) . (E.19)

Moreover, since ;' — ;Y < 2ac; 'k*"!, applying Lemma E.2.1,

e[ - o= (B - o) e et

k=2
40%¢22C, [ 2 1 2
<=y
— n2 = Jl—a/2

—0 Cl) , (E.20)

Thanks to Lemma E.1.1, there is a positive constant Cg such that forall n > 1,

~ 2
ol < Co |0 — 6] -

Thus, applying Lemma E.2.1 and Theorem 8.4.2, there is a positive constant C; such that

o 5] & (o)

IA
|

n
2 O
k=1

[N
SHe)
 ~
1=
&=
—
)
|
_
| I
N———

k=1
2, (¢ 1)
g2
n? (k_zi k‘")
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Let Uyy1 = Vg (Xn+1,§n>, note that if §n — Yuly41 € K, then r, = 0. Thus, applying
Lemma E.2.1 and Cauchy-Schwarz’s inequality,

{ ]<;<é;]ﬂmﬂy
:g( ¢[mnm%%ﬂDz
(B ) (o))

2

3
1Yk

-

2=

IN

Moreover, since 7t is 1-lipschitz,

Il = [ (8 — 7alhus) — 0+ 6~ By + gl |
< (Hn(é\n_')’nunJﬂ) _H(G)‘ §n_7nun+1_9H>4
< (2] )’

—~ 4
< 27|85 — || +279% U

Thus, applying inequality (E.9), there are positive constants A;, A, such that foralln > 1,

~ 4
E [|lrul*| 7] < A1 || — 0] + 4274

In a particular case, applying Theorem 8.4.2, there is a positive constant Az such that for all

n>1,
A
4 3
E |||n*] < 5.
Moreover, applying Theorem 8.4.2, there is a positive constant Cg such that forall n > 1,

Ce

12 6a°
dmm n

P (8, — 1l £ K <
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Then,

=0 (i) . (E.21)

The martingale term : Since (¢,) is a sequence of martingale differences adapted to the fil-
tration (F,),

2
1 n 1 n - - n
IE{ Y G ] :?Z]E [k Z Z [(Cks1, Chrs1)]
P =t . pl
1 n - - n n
:EZ]E & Z Z [(Ck+1,E [Cr 1] Fr])]
=t / k=1 ket
1 n - -
ZEZ]E &l
=t -

Moreover,

E [0 1] = B ||t - 28 [(E Ul 7], ©(6,)] + E [0
|

Finally, applying inequality (E.9) and Theorem 8.4.2, there is a positive constant M such that

]

~E[IU,al?] - E | |o@)

<E|[Unal?].

E [||§n+1||2] <A E [

< M.

~ 2
6, —o| ] + Az
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’

Then,

Y M
k=1

:I\)‘ —_

n
Y Ck
=1

1
nz]E!

==

7

which concludes the proof.

Proof of Theorem 8.4.4. Let us recall that the averaged algorithm can be written as follows

o ) _ N n n
\/ﬁra(en—e):l(& 0 bun 9+Z<1_1> <9k_9>_25k+2rk>
k=1 k=1 Tk

v\ m Yn 2\ M

1 n
+—= ) ket (E.22)
n =

We now prove that the first terms on the right-hand side of previous equality converge in

probability to 0 and apply a Central Limit Theorem to the last one.

The remainder terms : Applying inequalities (E.18) to (E.21),

L§1—9 Lt
\/ﬁ ’)/1 n—oo ’
Lé\n—i-l_e P 0
n Y n—oo
1 & 1 1 ~
2(-) (ek—e)Lo,
5 \Ye Tk-1 n
1 n

The martingale term Let §n = (Zuy, An) € RY x R, then ¢pa1 can be written as ¢, 11 =
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/ / :
Cns1 T €nt1 4 €44, With

Zn—X,
._ ( (A —17%) (rzn—x "
€nt1 = —
1Zn = Xpall = E[[|Zn —
r* ( Zn*XnJrl _ .“an+1 _
/ g — _
€p41 = — | Xnt1—Znl| =X i1l
0
Note that (&), (
Thus,
2
n 1 n - 2-
Y oer| | == Y B |llexsall
k=1 =t -
1 n - 2_
=5 ZIE [ €x+1ll
k=1 — .
1 n - 2_
= - ZIE H€k+1|| .
ni= L J
Moreover,
2
E [llea [ F]
2

_ Zn—Xn+1
H ( <An ) H n_XH:lH )
12 = Xngall = I = X

Xn+1

E [ — X1 Fa] =
P =l = Xl = 7+ E [ln = X | 7]

n+1”

Zy *Xn+1 VﬁX"Jrl

P—=Xnt1 |: p=Xnt1 } :|>
T Xl ~ B [ Te K] ,

Zy
—E [Hzn

o) )

X1l Fu] = |1t — X | + E [[|pt — Xuga || | Fu)

Xne1=Zall

‘]:n +

[ —Xnal

7))

€n), (€),) are martingale differences sequences adapted to the filtration (F).

2 n n

Y. E[(exr1,E [ex 1| Fi])]
k=1k'=k+1

gk Zn_Xn 1
(An =) E | =5ty | 7l

E{l1Zn = Xl = 1 = X || [ F]

|

Xn+1
n+1 ”

* Zn_ ok Zn*
oE << (An = 7") 1z =% ) (An =) E |25 |7 >);
1Zn — Xns1ll — ([ — X1 E[|1Zn — Xus1ll — |1t — X1l | F]
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Thus, one can check that

2

7

k) Zn—Xuq1
An =) 1z Xl )
X1l = |1 — Xusa ||

—(
E |lenl* |1 7] <E HQZ
.

2 2
<[ Aw =717+ [1Zn — pll

é\n—e)r.

Thus, applying Theorem 8.4.2,

1
E{
n

n 2 1 n 2
Yoen| | =1 LE [lewall’]
k=1 k=1

n
)

1 ~ 2
<-Y'E { b, — 9” ]
3
1
niont
1
ofz)
n[X
As a particular case,
L i € L 0
\/ﬁkzl k1 n—oo
1 1 1 Zn*Xn P‘an
Similarly, since ‘ IIZanEH — HV*XniH ‘ <2,
2 r*( Zn—Xn+1 _ VﬁXnJrl ) 2
E [||ef 1] <E w20~ T~ i

Z,— X U — Xpi1
SZV*Z]EH‘ n n+l n+ HJ—_-:|
S s it s oo 1
This last term is closely related to the gradient of the function we need to minimize to get
the geometric median (see [Kem87]) for example) and it is proved in [CCGB15] that since

Lemma E.1.1 is verified, then

@n—e“.

Zn — Xus1 #— Xt H ]
E - Fu|l <Cl|Zy—ul| <C
[HIIXM—Z”H 1 — X1 ‘ n| SClIZu—pll <
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Thus,
E [llesa | 7] <2C ()

Finally, since (e, ) is a sequence of martingale differences adapted to the filtration (F;), ap-
plying Theorem 8.4.2 and Cauchy-Schwarz’s inequality,

n
Z €II<+1
k=1

]—;ﬁmw%lﬂ

<2C(r ZanE )
nkX:l[”

|

7_ 1
<2C(r \ﬂﬁzsz

1
=0(iem)

Note that with more assumptions on W, we could get a better rate but this one is sufficient.

Indeed, thanks to previous inequality,

1

€1 —— 0.
il

Finally, applying a Central Limit Theorem (see [Duf97]) for example), we have the conver-

gence in law

1 n
=Y G o N (0,D), (E.23)
n =1 n—oo

X
s —F [(V *X ’ VX> % (V X == X|)
r* —|[u =Xl r*—p =X

which also can be written as

with

Thus, we have the convergence in law

VT (8, = 0) == N (0,%),
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and in a particular case,

Vi (0, —0) —— N (0,15'zry ).

n—o0



Conclusion et perspectives

Dans ma theése, je me suis d’abord concentré sur des algorithmes de gradient stochas-
tiques moyennés pour estimer de maniere rapide et efficace la médiane géométrique. Nous
avons conforté l'intérét de telles approches algorithmiques en établissant les vitesses de
convergence L? de ces estimateurs ([GB15]) et en construisant des boules de confiance non
asymptotiques ([CCGB15]), a I'aide d"une nouvelle technique de démonstration basée sur
une double récurrence. Nous avons ensuite introduit un algorithme de gradient stochas-
tique et sa version moyennée pour l'estimation de la "Median Covariation Matrix", et grace
au travail effectué sur la médiane, nous avons obtenu les bonnes vitesses de convergence
en moyenne quadratique ([CGB15]) de ces estimateurs. Ces différents travaux ont permis
d’exhiber les mémes vitesses de convergence presque stire et L? des algorithmes de Robbins-

Monro et de leurs moyennés dans un cadre plus général (voir Chapitre 7).

Un premier prolongement serait de s’inspirer du cadre général introduit au Chapitre 7
pour donner des hypotheses garantissant la normalité asymptotique des estimateurs moyen-
nés. L'obtention d’un tel résultat ainsi que d’un estimateur de la covariance du moyenné
permettrait I'obtention de "boules" de confiance plus précises, par exemple, pour les esti-
mateurs de la médiane. En effet, au Chapitre 4, nous avons obtenu des boules de confiance
uniquement basées sur la plus petite valeur propre de la Hessienne de la fonction que 'on
voulait minimiser, et donc sans prendre en compte les autres valeurs propres, ce qui, par
conséquent, entraine une perte d’information. Cependant, nous avons vu que dans le cas ol
I'on traite de gros échantillons a valeurs dans des espaces de grande dimension, estimer la
covariance peut étre tres cotiteux en terme de temps de calcul. Pour contourner ce probleme,
il est notamment important d’éviter une inversion de matrice a chaque itération, comme le
ferait un algorithme de Newton itératif, et il serait par conséquent intéressant d’introduire
un algorithme récursif s’inspirant de celui introduit par Gahbiche et Pelletier ([GP00]). L'ob-
jectif est alors de donner des conditions suffisantes pour établir les vitesses de convergence

presque stire et en moyenne quadratique des estimateurs récursifs de la covariance.

J’aimerais également utiliser les idées introduites dans ma these pour estimer la médiane
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conditionnelle a l'aide d’algorithmes de gradient stochastiques pondérés (voir [CCZ12]).
Ces estimateurs consistent a introduire des poids contr6lés par un noyau de lissage ("ker-
nel smoother") dans l'estimateur de la médiane étudié aux Chapitres 4 et 5. Ces poids, qui
sont controlés par une fenétre, permettent d’approcher I’espérance conditionnelle, et donc le
gradient de la fonction que I'on veut minimiser (voir [Rév77] parmi d’autres). La normalité
asymptotique de l'estimateur moyenné a déja été établie par [CCZ12]. A l'aide des méthodes
introduites dans cette these, on pourrait obtenir les vitesses de convergence presque stire et
L? des algorithmes moyennés ainsi que des boules de confiance non-asymptotiques avant

d’étendre ces résultats dans le cadre plus général du Chapitre 7.

Dans la derniere partie de ma thése, j’ai utilisé des algorithmes de gradient projetés pour
estimer les parameétres d"une loi sphérique tronquée. Une perspective serait, en s’inspirant
du Chapitre 7, de donner un cadre général garantissant les bonnes vitesses de convergence
presque stre et L” des algorithmes projetés et de leurs versions moyennées. Il serait égale-
ment intéressant d’établir la normalité asymptotique des algorithmes moyennés et donner
un estimateur récursif de la covariance.

De plus, des simulations (voir Figure 8.4) laissent penser que les estimateurs introduits
au Chapitre 8 ont une moins bonne variance que l'algorithme de back-fitting introduit par
[BP14]. Cependant, aucun résultat de convergence n’est établi pour cet algorithme dans le
cas d’une sphere tronquée, et des simulations montrent qu’il peut diverger. Une perspective
serait donc d’introduire deux nouveaux algorithmes : un algorithme de back-fitting projeté,
et un algorithme de gradient projeté pour estimer dans un premier temps le centre de la
sphere, et dans un deuxiéme temps le rayon (et non plus simultanément). Les tentatives de

simulations sont dans ce sens trés encourageantes.

A plus long terme, j"aimerais étudier la convergence des algorithmes de gradient stochas-
tiques moyennés et pondérés introduits par [DR97], de la forme

1 n
Znp === Y kPZy,

avec f > 0, et (Z,),~, une suite d’estimateurs obtenue a 1’aide d"un algorithme de Robbins-
Monro. L'intérét de ces algorithmes est qu’ils permettent, a travers les pondérations, d’obte-
nir un algorithme avec une vitesse en moyenne quadratique de l'ordre de 1 qui soit moins
sensible aux mauvaises initialisations que 1’algorithme moyenné. Cependant, ces algorithmes
ont une plus grande variance asymptotique. Une idée serait donc, en "mixant" ces deux al-
gorithmes, de donner un estimateur récursif qui soit moins sensible aux mauvaises initiali-

sations pour des petites tailles d’échantillon, tout en conservant une variance asymptotique
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optimale.

Enfin, en raison de 1’évolution des méthodes permettant de recueillir des données, 1""estimation
distribuée” est un outil de plus en plus utilisé en statistique (voir [BFL*15] et [BZ14] parmi
d’autres). Ce type de méthode consiste a utiliser plusieurs "machines" qui récoltent en paral-
lele et traitent indépendamment des données, avant de "centraliser" les résultats. Un objectif
a long terme serait donc, a travers le cadre mis en place au Chapitre 7, d’étudier comment
adapter I'algorithme de gradient et sa version moyennée a ce contexte, tout en conservant

les mémes vitesses de convergence.
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