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Résumé de la these

Dans cette these, nous nous intéressons principalement a I’estimation des modeles de régression
non paramétrique. Plus précisément, nous nous intéressons a une classe d’estimateurs des U-
statistiques conditionnelles. Les U-statistiques conditionnelles peuvent étre considérées comme
une généralisation de 1’estimateur de Nadaray-Watson. Ce dernier utilise les méthodes a noyau
pour “moyenner” les valeurs des variables réponses. Stute généralise I’estimateur de Nadaraya-
Watson en remplacant les moyennes pondérées simples au numérateur et au dénominateur par
des U-statistiques. Ensuite, en utilisant une collection de variables aléatoires prédictives, il
prédit I’espérance conditionnelle de la fonction noyau des U-statistiques. Cette généralisation
est prospere et influente dans la statistique mathématique en raison de son utilité scientifique
exceptionnelle et de sa fascinante complexité théorique. Cependant, comme toute autre tech-
nique d’estimation par noyau, la question du choix de la fenétre de lissage appropriée pour
équilibrer le compromis variance-biais, est un sujet qui reste mal abordé dans la littérature sur
les U-statistiques conditionnelles lorsque les variables explicatives sont fonctionnelles. Dans
la premiere partie de la theése, nous introduisons I’estimateur k des plus proches voisins des U-
statistiques conditionnelles dépendant d’une covariable de dimension infinie. La convergence
uniforme en termes de nombre de voisinages (UINN) pour I’estimateur proposé est présentée.
Un tel résultat permet de varier le nombre de voisinages dans une plage compléte pour laquelle
I’estimateur reste consistant. Par conséquent, ce résultat représente une ligne directrice intéres-
sante dans la pratique pour sélectionner le nombre de voisinages optimal dans 1’analyse des
données fonctionnelles non paramétriques. De plus, nos résultats sont uniformes sur une classe
de fonctions convenablement choisie .%, dans les deux cas bornée et non bornée, satisfaisant des
conditions de moment et certaines conditions générales sur I’entropie. En tant que sous-produit
de nos preuves, nous énoncons des résultats de convergence pour le k-NN des U-statistiques
conditionnelles, dans le cadre de la censure aléatoire, uniformes en nombre de voisins. La
deuxieme partie de la these traite un cadre général d’estimation non paramétrique incluant
I’estimateur de Stute comme cas particulier. La classe des « estimateurs de delta séquence » est
introduite et traitée dans ce travail. Cette classe comprend également les séries orthogonales et
les méthodes d’histogramme. Nous étendons partiellement ces résultats au cadre des données
fonctionnelles. La majeure partie de la thése est motivée par les problemes d’apprentissage, y
compris parmi beaucoup d’autres, les problemes de discrimination, 1’apprentissage métrique et
le "classement multipartite".

Mots-clés: Analyse des données fonctionnelles; Classe de fonctions de type VC; Consis-
tance uniforme; Convergence Uniforme presque complete; Données fonctionnelles; Entropie
métrique; Espace fonctionnel; Estimateurs a noyaux; Estimateurs des k plus proche voisins; Es-
timation par les séquences delta; Parametre de lissage; Probabilité de petites boules, Processus
empiriques ; U-statistiques; U-statistiques conditionnelles; U-processus.



Thesis abstract

In this dissertation, we are interested in nonparametric regression estimation models. More
precisely, we are concerned with a class of conditional U-statistics estimators. Conditional U-
statistics can be viewed as a generalization of the Nadaray-Watson estimator. The latter uses
a smoothing kernel function to “average” response variable values within a predictor range.
Stute generalizes the Nadaraya-Watson estimator first by replacing simple weighted averages
in the numerator and denominator with U-statistics. Then, using a collection of predictor ran-
dom variables, he predicts the conditional expectation of the U-statistic kernel function. This
generalization is prosperous and influential in mathematical statistics due to its outstanding sci-
entific utility and fascinating theoretical complexity. However, like any other kernel estimation
technique, the question of choosing a suitable bandwidth to balance the variance-bias trade-
off is a subject that remains insufficiently addressed in the literature on conditional U-statistics
when explanatory variables are functional. In the first part, we introduce the k nearest neighbor-
hoods estimator of the conditional U-statistics depending on an infinite-dimensional covariate.
A sharp uniform in the number of neighborhoods (UINN) limit law for the proposed estimator
is presented. Such a result allows the NN to vary within a complete range for which the esti-
mator is consistent. Consequently, it represents an interesting guideline in practice to select the
optimal NN in nonparametric functional data analysis. In addition, uniform consistency is also
established over ¢ € .% for a suitably restricted class ., in both cases bounded and unbounded,
satisfying some moment conditions and some mild conditions on the model. As a by-product of
our proofs, we state consistency results for the k-NN conditional U-statistics, under the random
censoring, are uniform in the number of neighbors. The second part of the thesis deals with
a general nonparametric statistical curve estimation setting, including the Stute estimator as a
particular case. The class of “delta sequence estimators” is defined and treated here. This class
also includes the orthogonal series and histogram methods. We partially extend these results to
the setting of the functional data. The major part of the thesis is motivated by machine learning
problems, including, among many others, the discrimination problems, the metric learning, and

the multipartite ranking.

Key words Functional data analysis; VC-Class of functions; Uniform consistency; Almost
complete Uniform Convergence; Functional data; Metric entropy; Functional space; Kernel
estimators; k nearest neighbor estimators; Data-driven estimator; Delta sequences; Smoothing
parameter; Small-ball probability; Empirical processes; U-statistics; Conditional U-statistics;
U-processes.

vi



Vil



Remerciements

This thesis is a result of research carried out at the Laboratory of Applied Mathematics of Com-
picgne, LMAC University of Technology of Compiegne.

First and foremost, I would like to express my deepest gratitude to my supervisor Prof. Salim
BOUZEBDA, for his patience, enthusiastic encouragement, and valuable critique of this re-
search work. I am indebted to him for all his effort, devotion and support; without him, I could
not have undertaken this journey.

I would like to thank also the members of my thesis committee, starting with the referees: 1
would like to thank Prof. Sophie Dabo-Niang and Dr. Amor KEZIOU not only for the time
they devoted to reading my manuscript but for agreeing to evaluate my thesis results and for
their insightful comments and encouragement. I am indebted to the rest of the committee Dr.
Mokhtar Z.Alaya, Samir BEN HARIZ and the president Prof. Nikolaos LIMNIOS to accept
taking part in this committee thesis.

I take this opportunity to express gratitude to all the members of the lab LMAC, especially, Dr.
Faten Jelassi, whom I have worked with as a temporary teaching assistant, for her encourage-
ment and great help.

I gratefully acknowledge the Algerian government for giving me this excellent opportunity to
prepare my thesis in France. Furthermore, I would like to thank them for the funding I received
during my thesis. I am particularly grateful to all of my professors at the University of Biskra,
Algeria, for their teaching and guidance.

I owe special thanks to my friends Boutheina, Inass, Thouria and my best one NourElhouda.
I would like to express my thanks for their support, encouragement, and love.

I would like to extend my sincere thanks to my dear parents, Mohamed NEZZAL and Samira
HOUHOUNE for their unconditional love, understanding, prayers, and continuing support dur-
ing my studies. [ would like to say a heartfelt thank you for everything they have done for me. A
special thanks to my beloved sisters Hala and Maroua for their deep love and encouragement.

Amel NEZZAL

viil



Contents

Contents

List of Figures

1 Introduction

1.1
1.2
1.3

Motivation . . . . . . . . . e e e e e e
Organization of the dissertation . . . . . .. ... ... .. ... .. ........
References . . . . . . . . . . e

2 Mathematical background

2.1
22

Mathematical Background . . . . . .. ... Lo Lo
References . . . . . . . . . .

3 Kk-NN functional conditional U-statistics

3.1
3.2
33
34
3.5
3.6
3.7
3.8
39

Introduction . . . . . .. L
The functional framework . . . . . . ... ... ... . Lo
UIB and UINN consistency for functional regression . . . ... ... ......
UIB and UINN consistency of functional conditional U-statistics . . . ... ..
Extension to the censoredcase . . ... ... ... ... ... ... ........
Some potential applications . . . . .. .. ... L L L
Examples of kernel for the U-statistics . . . . . ... ... ... .. ........
The bandwidth selection criterion . . . . . . ... ... ... ... ... ... ..
Mathematical developments . . . . . . .. .. ... Lo Lo

3.10 References . . . . . . . o o o e e e,

4 Conditional U-statistics using delta sequences

4.1
4.2
4.3
44
4.5
4.6
4.7

Introduction . . . . . . ... e
Preliminaries and estimation procedure . . . ... .. ... ... .........
Mainresults . . . . . . . . e e
Conditional U-statistics for censoreddata . . . . ... ... ... .........
Applications . . . . . . .. e
The bandwidth selection criterion . . . . . . . . ... ... ... .. .......
Mathematical development . . . . . ... ... ... ... ... . ... . .. ...

X

ix

21
21
33

35
36
40
47
49
55
58
62
64
66
117



CONTENTS

4.8 Appendix
4.9 References

Functional conditional U-statistics by delta-sequences

5.1
5.2
53
54
5.5
5.6
5.7

Conclusions and perspectives

6.1
6.2
6.3
6.4

Introduction
Preliminaries and estimation procedure
Some asymptotic results
Conditional U-statistics for censored data
Applications
Mathematical development
References

Concluding remarks : Chapter 3
Concluding remarks : Chapter 4
Concluding remarks : Chapter 5
References



List of Figures

1.1  Some Units Among The Original Chemometric Data



LIST OF FIGURES




Chapter 1

Introduction

Statistics and data analysis are becoming increasingly relevant and essential in this era of big
data to evaluate and examine the vast amounts of information now available. Therefore, the
tasks of estimation and prediction are of the utmost significance. The estimation theory can
be considered one of the fundamental components of mathematical statistics, which can be di-
vided into parametric estimation and nonparametric estimation. A nonparametric procedure is
typically valid regardless of the distribution of the sampled observations. Instead, it estimates
some unknown function elements belonging to a certain class of functions from the observa-
tions. Therefore, estimating functional characteristics associated with the distribution of the
observations, such as the distribution function, density function, or regression function, consti-
tutes a significant part of the problems studied in the nonparametric estimation theory. Within
the scope of this thesis, our primary focus will be on the investigation of nonparametric regres-
sion estimators, more specifically, conditional U-statistics. Our study aims to generalize and
improve the performance of the conditional U-statistics(and/or processes) estimates.

Let Zy,...,Z, be independent identically distributed random variables. Suppose we want to
estimate an unknown parameter 0 from the observations, using a known function ¢(-) depending
on m < n variables. If one assumes that the function ¢(:) is an unbiased estimator of the

parameter 0, then :
0=E[¢(Z1,....Zm)].

Assume that ¢(-) is a symmetric function, we define the U-statistic based on ¢(:) by :

Definition 1.0.0.1 Let {Z,},,cn+ be a sequence of independent identically distributed random
variables, taking values in some measurable space (Z,</ (Z)). For m < n, we define a U
statistic based on a symmetric kernel function @ : Z" — R, by :

u, ((p):: TZ(p(Zil,...,Zim), (101)

I

where, 11!, = {(il,..., im):1<ij<nandij#i,if j# r}, and the integer m is called the degree
or the rank of the U-statistic (or also the rank or the degree of the kernel @(-) ).
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These estimators were first considered in Halmos [1946] in connection with unbiased statis-
tics, from which comes the letter U (unbiased), and were formally introduced by Hoeffding
[1948]. From (1.0.1), we can observe that the U-statistic is an arithmetic average of unbiased
estimators for 0 and because the observations are independent then u;m) (+) is an unbiased esti-
mator of 6 too, and moreover it has a smaller variance then ¢(-). They often have the smallest
variance among the class of unbiased estimators in 0. Generally, we use the notation UR-
statistic to design a U-statistic that the kernel takes values in the set of real numbers R, UH -
statistic to design a U-statistic that the kernel takes values in a Hilbert space. More broadly, if
the kernel ¢ belongs to some separable Banach space B, we note the U-statistic by UB-statistic.

This thesis uses the same notation U-statistic in all settings.

Since its introduction by Hoeffding [1948], the simple U-statistic has been an active research
field in statistics. Hoeffding [1961], established some fundamental properties of U-statistic.
Sen [1974] added some valuable contributions on this topic. Gregory [1977] got the asymptotic
distribution for degenerate U-statistics with rank two. The asymptotic distribution of the U-
statistic with an arbitrary rank was extended by Janson [1979] and Rubin and Vitale [1980].

Serfling [2009] has shown that (nu%m)) | converges in distribution to a random variable
neN*

which is written, in terms of the eigenvalues of an operator associated with the kernel ¢(-), as
a weighted sum of Chi-squared independent variables. In turn, Borovskikh [1986] established
the asymptotic distribution of the U-statistic in a Hilbert space. de la Pena [1992] introduced a
general decoupling inequality for U-statistics. We refer to Serfling [2009], Lee [1990] and Ko-
rolyuk and Borovskich [2013] books for a detailed review and major historical developments
in this field. The asymptotic theory of a collection of U-statistics is also of considerable impor-
tance; that’s why Arcones and Giné [1993] studied the convergence of a family of U-statistics
built over a sequence of i.i.d r.v.’s. Arcones and Yu [1994] established the functional central
limit theorems under absolute regular observations for U-processes. In (1992), Giné and Zinn
[1992] obtained Hoffmann-Jorgensen type moment inequalities for completely degenerate U-
statistics of an arbitrary order m. Klass and Nowicki [1997] also gave moment inequalities for
non-negative generalized U-statistics, for order m = 2. In turn, Ibragimov and Sharakhmetov
[1999] established analogs of Rosenthal inequality for non-negative and canonical U-statistics.
On the other hand, exponential and obtained moment inequalities citeEvarist2000 specifically, a
Bernstein-type exponential inequality for (generalized) canonical U-statistics of order 2. Some-
where else, de la Pefia and Giné [1999] presented, for U-statistics and U-processes, the decou-
pling theory and its application to limit theorems. More recent works on both U-statistics and
U-processes have also been established, such as Adamczak [2006], who generalized the results
of Giné et al. [2000] to canonical U-statistics of arbitrary order. Giné and Mason [2007b] who
introduced a local U-statistic process based on an estimator given by Frees [1994], and estab-
lished its central limit theorems for diverse norms, namely, the sup and the L,-norms (for p > 1
). In another work Giné and Mason [2007a], they established the laws of the iterated logarithm
for the same statistic (the local U-statistic process). Others investigated the fields of application
of U-statistics. For example, Clémencon et al. [2008] used the U-statistics in the ranking prob-

4



CHAPTER 1. INTRODUCTION

lems and clustering Clémencon [2014]. A natural occurrence of U-statistics also took place
in learning on graphs Biau and Bleakley [2006] or in expansions of smooth statistics Robins
et al. [2009] as components of higher-order terms. In 2015, Joly and Gébor published an article
Joly and Lugosi [2016] named Robust estimation of U-statistics, in which they investigate the
estimation of the mean of multivariate functions in some specific cases.

Up to 1991, only the simple U-statistics (U-processes) were studied. The first paper devoted
to conditional U-statistic, in which it was introduced, belongs to Stute [1991]. From there,
several authors have been interested in studying asymptotic properties of the conditional U-
statistics. More details on the established works on conditional U-statistics are given in the next
chapter.

1.1 Motivation

1.1.1 Ranking problems

A considerable number of works concerning conditional U-statistics have emerged following
the two decades of their introduction, allowing many applications in diverse fields. For in-
stance, the ranking problem has received particular attention in machine learning. Comparing
two observations based on their characteristics is necessary for some specific ranking problems
and deciding which is better instead of simply classifying them. Furthermore, the ordering
problems have many applications in different areas of banking (Data mining process for di-
rect marketing data extraction), document type classification, and many more. U-statistics are
frequently used to solve ordering and ranking problems where the objective is to establish a
universal and consistent ordering method. Suppose that we want to establish an order between
the first components of the two pairs (X,Y), (X',Y') of independent and identically distributed
observations in 2" x R. The variables Y and Y’ are respective labels of the variables X and X’
that we want to order by observing them (and not their labels). Usually, we decide that X is
better than X’ if Y > Y'. To see things more clearly, we introduce a new variable :

_Y-Y
2

w

’

then Y > Y’ is equivalent to W > 0. As mentioned, the goal is to establish a classification rule
between X and X' with minimal risk, i.e., the probability that the label of the highest ranked
variable is the smallest is small. Mathematically speaking, the decision rule is given by the

1 if x>x'
r(x,x'):{ A=

-1 else.

function :

The following ranking risk gives the performance measure of r:

L(r)=P(W-r(X,X)<0).
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A natural estimate for L according to Clémencon et al. [2008] is :

L,(r):=

n(n-1) %“{Wi,f-r(xiyxjko}’

where (X1,Y1),..., Xy, Y,) are n independent, identically distributed copies of (X,Y), and W; ; =
Yi-Y;

5 J
ered a minimizer over a class of ranking rules. So to learn a rigorous ranking rule, one should

. One can easily see that L, is a U-statistic with m = 2. Clémencon et al. [2008], consid-

minimize the ranking risk (empirically) over a class Z of ranking rules, i.e.,
rp =argminlL, (7).
37

Then one needs to investigate the performance measure of r, given by :
L(ry) =P(W-r, (X,X) | X1, YD) ..., X, Yi))
The initial step to studying the empirical risk minimizer performance is based on the inequality:
L(rp) - ilgugL(r) = ZS;lelg |Lyn (r) = L(r)I.

The latter indicates that evaluating the performance of an empirical minimizer of the ranking
risk comes up for discussing the properties of conditional U-statistics, that is, the properties of a
collection of conditional U-statistics indexed by a class of ranking rules. The ordering problem
presented here is a simple ordering problem that is a problem of ranking just two observations X,
X'. More general ranking problems those of ordering m independent observations X(lm), X
involve the conditional U-statistic and the conditional U-process with degree m.

1.1.2 Kendall rank correlation coefficient

To test the independence of one-dimensional random variables X and Y Kendall [1938] proposed
a method based on the U-statistic K,, with the kernel function :

@ ((s1,11), (82, 22)) = Ly(5p—s5) (12— 11)>0} — Li(sp—51) (82— 17)<0}-

Its rejection on the region is of the form {y/nKj, > y}. In this example, we consider a multivariate
case. To test the conditional independence of &,n:Y = (§,n) given X, we propose a method
based upon the conditional U-statistic :

Loy

1h—=X; =X ’
TR

where t = (#;, %) € |  R? and ¢(-) is Kendall’s kernel (1.1.1). Suppose that & and n are d;

?r(zZ)((P’t): (1.1.1)

and d»-dimensional random vectors respectively and d; + d> = d. Furthermore, suppose that
Y1,...,Y, are observations of (§,n), we are interested in testing :

Hp:& and n are conditionally independent given X. vs Hg:Hjp is not true. (1.1.2)
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Let a= (a;,ay) € R4 such as ||al| = 1 and a € Rdl,az € R%, and F(-), 0G(-) be the distribution
functions of & and n respectively. Suppose F* (-) and G*(-) to be continuous for any unit vector
a = (aj,ap) where F1 (1) =P (a] £ < r) and G*(¢) =P (ajn <) and a] means the transpose of
the vector a;,1 < i< 2. For n=2, let YV = (§, n®) and Y® = (£?,n®) such as §™ e R4
and n” e R% for i =1,2, and :

0" (r5%) = o (@i, al "), @7 afn®)

As in Zhang [2001], for m = 2 and the class of functions :

T = {(pa(.,.)K("h“)K(%) ;acR?: Ja] = 1},

it is easy to see that supy,-; nhzfz(z) (p?,t) null hypothesis is true, then :

D, = sup V nh? ‘?2(2) (2, t)) = sup VvV nh? ‘?2(2) (¥, t)‘.
llall=1 PAxKxKeFu

1.1.3 High-dimensional independence test ( Drton ef al. [2020])

Let the random vector X := (Xl, .. ,X,,)T taking values in R” with existing continuous univari-
ate marginal distributions. Suppose we are interested in testing the dependence between the
elements of X, for any value of p (even for a large p ) :

Ho: The components Xj,...,X, are mutually independent. (1.1.3)

This kind of test has always been of considerable regard; it has been the focus of several works,
e.g., the likelihood ratio test, Roy’s largest root test Roy [1957], and Nagao’s Lp-type test Nagao
[1973]. However, these methods give inferior results when p is large enough, so to deal with this
challenge, more recent methods were investigated; for example, Jiang and Yang [2013] derived
corrected likelihood ratio tests for Gaussian data. Using covariance/correlation statistics such
as Pearson r, Spearman p, and Kendall T, Bao er al. [2012], Gao et al. [2017], Han et al. [2018]
and Bao [2019] proposed revised versions of Roy largest root test. Schott [2005] and Leung
and Drton [2018] derived corrected Nagao Lo-type tests. Finally, Jiang [2004], Zhou [2007],
and Han er al. [2017] proposed tests using the magnitude of the largest pairwise correlation
statistics. Nevertheless, most of the cited tests are largely based on linear and simple rank
correlations, which makes them unable to detect non-linear and non-monotone dependencies.
Let X;,X> two variables with absolutely continuous joint distribution; most of the dependence
measures respect the following criterion:

1. I-consistency. If X; and X, are independent, their correlation equals zero.
2. D-consistency. If X; and X, are dependent, their correlation is nonzero.

3. Monotonic-invariance. The correlation measurement does not change by monotonic trans-
formations.
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Drton et al. [2020] used the U-statistic to introduce a pair-wise rank correlation that was in-
volved in a maximum-type test of the independence hypothesis (1.1.3). Assume that Xy, ...,X,
are independent copies of X and let the fixed function ¢ : R*™ — R. The U-statistic based on the

kernel ¢ is :
n—m)! Xi, i X;
ﬁ;"]? = ( ' ) Y R I ),
' n cltmn Xy, k Xim,k
for i # je{l,...,p} and X; = (Xj1,...,Xj,p). One should note that if the kernel  if rank based

~(m)

then the correlation statistics s and the corresponding measures E (12;”,?

They are both I-consistent and D-consistent. Some notions are required to understand how the

) are also rank based.

U-statistics are involved in the test. For m independent identically distributed random vectors
Wi,...,W,, with distribution Py, and k€ {1,...,m} let :

Elp] = E[Wi,....Wn)],
Pk (W1,...,wi;Pw) = E[@wi,..., wk, Wis1,...Wp)],

k-1 _
(Pk(WL...,wlc;IF’W)—[E[(P]Z Z (p(])(wil,...,wij;PW).

Jj=l1<i<-<ij<k

(p(k) (LUL ) wk!l]:DW)

We say that the kernel ¢(-) and the U-statistic based on, are degenerate under Py if
Var [¢1] = 0.

Let %, be the uniform distribution on [0; 1] and %, ® %, the uniform distribution on [0;1]?. The
kernel ¢ is supposed to satisfy :

— @ is symmetric, bounded, mean-zero and rank-based.
—  satisfies, as W% ® % :

E @1 (Wy; % ® %)]* =0.

— @2 (W, wo; Uy ® W) satisfies :

Q2 (W1, Wo; U ® %) = ) Anhy (w1) by (wo),

n=1
where {A,}en+ thn ()} en+ are the eigenvalues and the eigenfunctions respectively, that
satisfy for w; € R? :
E[@2 (w1, W) bz (22)] = A1 by (21)

and W, % ® %y, {A\n}en+ 1S a decreasing sequence with

o0

Ap € (0;00).

n=1

Finally, the eigen functions satisfy:

sup |yl < 00.
n
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The proposed maximum-type test of the mutual independence hypothesis Hy 1s given by :

~(m)

M, =(n- l)maxu]k,

j<k

then Hy is rejected if M, is bigger than some lower limit.

1.1.4 U-statistics in clustering

The clustering method brings together a set of learning algorithms that aim to group unlabeled
data with similar properties. Isolating schemas or families in this way also prepares the ground
for the subsequent application of supervised learning algorithms (such as KNN). Clustering is
used in particular when it is expensive to label data. However, it is a mathematically ill-defined
problem: different metrics and/or different data representations will result in different clustering
without any of them necessarily being better than the other. Thus, the clustering method must be
carefully chosen according to the expected result and the intended use of the data. An approach
based on U-statistics was introduced to assure a statistically significant clustering. Indeed, let
Xj,... X, be a sample of n random vectors taking values in R” forming two groups G; and G;
of sizes ny, ny, respectively, with ny + ny = n. In the i-th group, observations Xj,...,X;j, j are
assumed to be independent and identically distributed (i.i.d) with a p-variate distribution F;.
Assume that the distribution F; admits mean vector p; and positive-definite dispersion matrix
2 ;. We want to test if the groups G; and G; really are separated groups or if they have the same
distribution, i.e.:

Hp: The distributions F; and F, are equal, H; : The distributions F; and F, differ.
(1.1.4)
For a 2 order symmetric function ¢(-,-), the functional distance is defined according to Sen
[2006] and Pinheiro et al. [2009], by :

0 (F;, Fo) = ff(P(xl,xz)d F1(x1)d Fa (x2).

The latter can be used to define both distances within and between groups. It follows from U-
statistics theory that an unbiased estimator of this functional for within-group distance 6 (F;, F;)
is the generalized U-statistic based on the symmetric kernel , that is :

-1
ni
uﬁ{j)_( ]) 29X Xji).

2 I<i<k=n;

While the unbiased estimator to measure the distance between the groups :

ny np

ul2 = X1, X
nll’lg nanIlez(-p( 1i» Zk)
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One should note that the U-statistic based on the whole sample can be written as :

-1
u® = ( " ) Y X Xp)

2 l<i<k=<n

2 n. .
_ e nin 1,2 _ 0 _ @
- Zl n unj + n(n_ 1) (zunl,ng ul’ll ung)’

]:
=1, +1I,.

The second term 11, is centered under the null hypothesis, i.e., E (II,) = 0. Alternatively, E (II,) >
0. When II,, takes large values Hy is then rejected.

1.1.5 Functional data

Statistical problems involving the analysis of infinite-dimensional variables, such as curves,
sets, and images, have garnered considerable attention in the literature for some years. The de-
velopment of this research theme is promoted by modern technological progress in measuring
devices and the abundance of data measured on increasingly fine grids: this is the case; take, for
example, in meteorology, medicine, satellite imagery, and many other areas of research. No-
tably, the statistical analysis of functional data can be traced back to Rao [1958] where a set of
growth curves was analyzed by functional principal component analysis in a rudimentary form
for the first time and subsequently rigorously investigated by Kleffe [1973] and Dauxois et al.
[1982]. Numerous recent works, from both a theoretical and a practical standpoint, confirm the
relevance of investigating this area, such as the monographs of Horvath and Kokoszka [2012],
Shi and Choi [2011], Bosq and Blanke [2007], Geenens [2011], Cuevas [2014], Shang [2014],
Horvath and Rice [2015], Miiller [2016], Nagy [2017], Vieu [2018], Aneiros et al. [2019], and
Ling and Vieu [2018], where we have collect these references.

Functional variables can model many phenomena, such as forecasting problems, electricity
consumption, speech recognition, and spectrometric data (cf Ferraty and Vieu [2006]). The
following example concerns the analysis of chemical components in a food substance (meat)
by spectrometry, and as mentioned in Ferraty and Vieu [2006] the original data come from a
quality control problem in the food industry; they were recorded on a Tecator Infratec Food
and Feed Analyzer working in the wavelength range 850 — 1050 nm by the near-infrared (NIR)
transmission principle http://lib.stat.cmu.edu/datasets/tecator. We have a
sample of n = 15 pieces of meat. For each unit i, we observe one spectrometric discredited
curve corresponding to the absorbance measured at a grid of 100 wavelengths Figure 1.1. By
considering these data, many statistical questions arise, including the fact that the main objective
of the spectrometric analysis is to make it possible to discover the proportion of certain chemical
contents. In contrast, the treatment would take more time and be much more expensive. If we
suppose that Y is the proportion of some components, to predict Y, one would like to use the
spectrometric curves: This problem is a typical nonparametric functional regression problem.

10
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4

Absorbances

850 900 950 1000 1050
Wavelenghts

Figure 1.1: Some Units Among The Original Chemometric Data

1.2 Organization of the dissertation

Chapter 2. Mathematical background

This chapter is devoted to the preliminary results for a few specific topics, which we will need
to be self-contained and better understood in the forthcoming chapters. We also review some of
the standard facts concerning empirical processes and their convergence, with special attention
given to the conditional U-statistics (processes) estimation.

Chapter 3. Uniform consistency and uniform in the number of neighbors

consistency for functional conditional U-statistics

Let (X1,Y1),...,X,,Yy) be ii.d random copies of the random vector functions (X,Y) € & x
%, where & and % are some abstract spaces. In this chapter, we consider that (Z',dg) is
a semi-metric space endowed with a semi-metric d(-,)!. Let ¢ : " =¥ x .. x¥ — R
be a measurable function belonging to some class of functions .%,,, we are interested in the

estimation of the regression function
r (@, ) :=E(@(1,...,Yn) 1X1,..., X = t), (1.2.1)

whenever it exists. One of the widely studied estimates of (1.2.1) are the conditional U-statistics
introduced by Stute [1991] and extended later by Fu [2012] to the functional setting. These esti-
mates and many other kernel-based estimators depend on a real-valued non-random bandwidth
sequence h,. However, the difficulty of these methods is the choice of a smoothing parameter

I A semi-metric (sometimes called pseudo-metric) d(-,-). is a metric which allows d(x, x2) = 0 for some x; #

X2.

11
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that does not lead to either over-smoothness or under-smoothness of the estimate, and also the
fact that the bandwidth h,, often does not take into consideration the local features of the data.
Hence, we substitute the bandwidth h, with data-dependent bandwidths generated using the k
nearest neighbor (KNN) method. We define the following functional conditional U-statistic in
the kNN setting given for all te ™ by:

d(t,X; d(tm,X;
2 (P(Yip...,Yim)K(—( : ”))---K(—( ”’))

i H, x(f1) Hy, k. (82)
~x(m) _ (i1, im)€l(m,n) n,k n,
r ,thy, (D) = , 1.2.2
n (@ thy (D) 5 K(d(tl,Xil))“_K(d(fm,Xim)) (1.2.2)
Gyioneltmny  \ Hn,k(21) Hp i (tm)
where :
Im,n) = I':={(i1,...,im) : ijeN"andi, #i; if r# j},
m
KO = [[K@), t=(t,.c., t) eX " =X x...x X,

i=1

and @ : ¥ =% x...x% — R is a measurable function belonging to some class of func-
tions .#,,, with envelope function F, and h,, (t) = (Hn,k( tl),...,Hn,k(tm)) is a vector of posi-
tive random variables that depend on (Xy,...,X;) such that, for all x = (x,...,x;;) € X and
j=1l...,m:

n

Hn,k(x]‘) :min{h€R+: Z]IB(xj,h)(Xi) :k}, (123)

i=1
where B(t,r) ={z€ X :d(z,t) <r}is aball in & with the center t € & and radius r, and 1, is
the indicator function of the set A. For a kernel function K(-) and a subset .#5 < &, we define
the pointwise measurable class of functions, for l<m<n:

o (d(xi, t
%m::{(xl,...,xm)-—»l_[ ( ();r )

), (h1,..., hy) €R™\{O} and (ty,...,t,,) ey&’f}.
i=1

In this chapter, we are interested in establishing the uniform consistency and the uniform in the
number of neighbors k and uniform consistency on a VC-type class of functions of the non-
parametric functional regression estimator and the functional conditional U-process (statistic)
by giving the consistency rates almost completely (a.co). The results of this chapter combine
three different aspects in a doubly infinite context, namely the functional framework and the
nonparametric framework. The investigated results in this chapter complement and extend the
previous results of Bouzebda and Nemouchi [2020]. However, it should be noted that applying
the kNN methods on conditional U-statistics has never been developed in the functional frame-
work. We are also based on the works of Burba ef al. [2009] and Kara er al. [2017] to give
a good rate of consistency almost completely under very mild conditions. i.e., for the metric
entropy ., of some subset .7y < 2" :

]

n

no (an)

12
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This chapter unifies the approaches in some other recent papers. As a by-product of our proofs,
we state consistency results for the k-NN conditional U-statistics, under the random censor-
ing, are uniform in the number of neighbors. We provide some applications, including the
set indexed conditional U-statistics, the multi-sample U processes, discrimination, and metric
learning. Finally, we briefly discuss the bandwidth selection criterion.

Chapter 4. Asymptotic properties of conditional U-statistics using delta

sequences

Let X,Y), X1,Y1),...,(X,,Y,) be independent and identically distributed random vectors with
common joint density function fxy : R? x RY — [0,00]. Let @: R?* — R be a measurable func-
tion. We are interested in the estimation of the conditional expectation, or regression function

r® (e, %) =E(@Y1,..., Yo | X1,...,X) =%), for xe R, (1.2.4)

whenever it exists, i.e, [E(|(p(Y1,...,Yk)|) < oo. To be more precise, we want to extend the re-
sults of conditional U-statistics presented in Stute [1991], using the delta sequences method.
The delta-sequence technique is a device to study the properties of estimates of several usual
methods in nonparametric function estimation simultaneously. Introduced by Watson and Lead-
better [1964], the delta-sequence method relative to the density estimation was studied among
others by Foldes and Révész [1974] and Walter and Blum [1979] whereas it was extended to
the multivariate case by Susarla and Walter [1981]. To estimate the regression function k) (p,-)
given in (1.2.4), we propose a new general family of estimates, for each % € R?¥, defined by

Z (P(Yily---ink)amn (XI) ) "6mn (Xkyxik)

(ilr-“vik)EI(krn)
61’”” (Xl) ) 6mn (Xk)Xlk) ’
(i1 ip) €1k, 1)
N7 PPN B 8, (x1,Xi,) 8 m, (X, Xi,) #0,
T, (@, X mp) =< (il,...,ikz)el(k,n) " " (1.2.5)
n!

PN Z (p(Yily---ink)

(n=FKL ) | igerck,n)

if Z 6mn (Xl’Xil) . 'Smn (Xk’xik) =0,

(il)~~~rik)€l(k)n)

where {8,,} are positive delta-sequences which will be defined later in chapter 4. In this chap-
ter, we study the asymptotic properties of the new family of estimators defined in (1.2.5) and
establish the exponential inequalities and the limiting law. We provide an important application
for the censored data setting that is of its own interest. We give some applications, including
the discrimination, the metric learning, the multipartite ranking and the Ranking problems. A
short discussion of the bandwidth selection criterion is provided.

13
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Chapter 5. Uniform consistency for functional conditional U-statistics us-
ing delta-sequences

Let (Q,%,P) be a probability space, (Z,d(:,-)) be an infinite-dimensional separable Banach
space equipped with a norm | - || with d(x, y) := | x— y| and 28 be the g-algebra of Borel subsets
of . We consider a sequence {X;,Y;:i = 1} of independent identically distributed random
copies of the random vector (X,Y), where X is a random element defined on (Q,%,P) taking
values in (Z,%8) and Y takes values in some abstract space 2. We are mainly interested in
studying the functional framework’s uniform consistency for the conditional U-statistic defined
by (1.2.5). This work includes, in particular cases, the works of Prakasa Rao [2010] and Ouas-
sou and Rachdi [2012]. This is a natural and nontrivial higher-order generalization that needs
more involved treatment. As an application, we consider the Kendall rank correlation coeffi-
cient’s uniform consistency, which is one of the main tools in testing conditional independence.

Chapter 6. Conclusions and perspectives

This chapter concludes this thesis by giving some remarks and future developments.
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Chapter 2

Mathematical background

2.1 Mathematical Background

In this chapter, we present some of the essential tools and concepts that will be used in the
remainder of this thesis. In particular, we make a presentation of essential notions and tools
concerning theory, this being with the most important bibliographical references; for more de-
tails, we refer to Kosorok [2008], van der Vaart and Wellner [1996] and Athreya and Lahiri
[2006].

2.1.1 Metric and Normed Spaces

We introduce some concepts and results for metric spaces. Before defining metric spaces, we
briefly review the o-fields and the measure spaces.

Definition 2.1.1.1 Let Q be a nonempty set, and 2P (Q) = {A: A c Q} be the power set of ), i.e.,
the class of all subsets of Q).
A collection of sets of < PP(Q) is called an algebra if

(a) Qe A,
(b) A€ of implies A€ € of ;
(c) ABe o implies AUB e o (i.e., closure under pairwise unions).

In other words, an algebra is a class of sets containing Q that is closed under complementation
and pairwise (and hence finite) unions. It is easy to see that one can equivalently define an
algebra by requiring that properties (a), (b) hold and that the property

(c’) ABeag =>AnBe«
holds (i.e., closure under finite intersections).

Definition 2.1.1.2 A class o/ < 2 (Q) is called a o-algebra if it is an algebra and if it satisfies
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(d) Apesd forn=1=Uy>1Ane .

Thus, a g-algebra class of subsets of Q2 contains Q and is closed under complementation and
countable unions. An instrumental class of g-algebras is those generated by open sets of a
topological space. These are called Borel o-algebras.

Definition 2.1.1.3 A topological space is a pair (S,9°) where S is a nonempty set and I is a
collection of subsets of S such that

(i) SeT;

(ii) 01,0,€T =>01N0€T;
(iii) {Oq:0€ellc T = Uye1On € T .
Elements of 9 are called open sets.

Definition 2.1.1.4 The Borel o-algebra on a topological space S (in particular, on a metric
space or a Euclidean space) is defined as the o-algebra generated by the collection of open sets
inS.

Definition 2.1.1.5 Let Q be a nonempty set and </ be an algebra on Q. Then, a set function
on & is called a measure if

(a) W(A) € [0,00] forall A€ of;
(b) u(@)=0;

(c) for any disjoint collection of sets A1, As,...,€ & with Up>1An € A,

M(UAn)=’§1u(An).

n=1

Definition 2.1.1.6 A measure [ is called finite or infinite according as () < oo or () = oco.
A finite measure with u(Q) =1 is called a probability measure. A measure |\ on a c-algebra
o is called o-finite if there exist a countable collection of sets A1,A,,...,€ of, not necessarily
disjoint, such that

(a) Up=1An=C;
(b) W(Ap) <ooforall n=1.

The triple (Q,<7, ) is called a measure space. For a probability measure P on a set Q with
o-field &, the triple (Q, o/, P) is called a probability space.

Definition 2.1.1.7 Let S be a nonempty set. Let d:S xS — Ry = [0,00) be such that

(i) d(x,y)=d(y,x) forany x,y in'S;
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(ii) d(x,z) =d(x,y)+d(y,z) for any x,y,z in S (triangle inequality);
(iii) d(x,y)=0iff x=y.

Such a d is called a metric on' S and the pair (S,d) a metric space. If the map d(-,-) satisfies

only (i) and (ii) then it is called a semimetric or pseudometric.

Definition 2.1.1.8 A metric space (S, d) is separable if there exists a subset D 'S that is count-
able and dense in' S, i.e., for each x in'S and € > 0, there is a y in D such that d(x,y) <e.

A very important example of a metric space is a normed space, defined below.

Definition 2.1.1.9 1. Amap ||| :V — [0,00) is a norm if the following axioms are satisfy;
forall x,yeV and a € R
(i) lx+yl<lxll+I1yl (triangle inequality);
(ii) llax| =lal x || x|| (scalar homogeneity);

(iii) x|l =0 if and only if x =0.
2. A normed space V is a vector space (also called a linear space) equipped with a norm.

The map | - || is a seminorm if it satisfies only (i) and (ii). Note that a normed (respectively
seminormed) space is a metric (respectively semimetric) space with d(x, y) = ||x — yll, for all
X, yeV.

Definition 2.1.1.10 A Banach space is a complete normed linear space (V,| - |I) (completeness

being understood with respect to the metric induced by the norm).

Definition 2.1.1.11 Let (Q, </, 1) be a measure space. We define LP(Q, </, 1),0 < p < oo, as the
set of all measurable functions f on (Q,<f, ) such that | f, < oo, where for 0 < p < oo,

11, = (f |f|”du)mm{%’l}

and for p = oo,

Il flloo = supik: pu(lfl>k}) >0}

(called the essential supremum of f ).

ANl LP(Q, o/, 1) spaces are Banach spaces, provided p = 1 and in particular, all Euclidean spaces
are Banach spaces. An example is the set of bounded real functions f :S — R, where S is an
arbitrary set, this space is denoted ¢°°(S). Another example is the space €10,1] of all real
valued continuous functions on [0, 1] with the norm (called the supnorm) is defined by | f| =
sup{|f(x)|=0<x<1}.

23



CHAPTER 2. MATHEMATICAL BACKGROUND

2.1.2 Empirical processes and classes of functions

Let (2, «,P) be a probability space on which we define the sequence Xj,...,X,, and a collection
of random variables X = {X(#) = X(t,w),w € Q,t € T}, T is an arbitrary index set.

Definition 2.1.2.1 The collection X = {X(t) = X(t,w), w € Q, t € T}, is a stochastic process. For
a fixed point w € Q, the map:
X(w):T—S,

is called the sample path of the stochastic process X.

An empirical process is a stochastic process based on random observations Xy,...,X,.

Note that the space £°°(T) is where most of the action occurs for statistical applications of em-

pirical processes, so in next we will consider S = €°°(T), and for x,y € S: d = sup |x(2) - y(1)|
teT
is the uniform distance on S.

Generally, when dealing with empirical processes or U-processes, the index set T = & is a
class of measurable functions . In the first part of the thesis, we mainly deal with classes of
functions of VC-type subgraph classes.

Definition 2.1.2.2 A class of subsets € on a set C is called a VC-class if there exists a polyno-
mial P(-) such that, for every set of N points in C, the class € picks out at most P(N) distinct

subsets.

Definition 2.1.2.3 A class of functions .% is called a VC sub-graph class if the graphs of the
functions in & form a VC class of sets, that is, if we define the sub-graph of a real-valued
function f on some space Z as the following subset 4, on Z xR :

Gr={x,1):0<t<@x) or @x)<t=<0},
the class € ={9y: 9 € F} is a VC class of sets on Z xR

Definition 2.1.2.4 The class & is pointwise measurable if there exists a countable subset § c
F such that for every f € F there exists a sequence {g;} € 4 with g;(x) — f(x) for every x.

Assume that for @,y € %, we have a metric function d (@, v).

Definition 2.1.2.5 Let € > 0 be a positive real number and @y, ...,N € #. The elements
®1,..., PN are said e-separated if:

forany1<i# j<N:d(¢;¢pj)>e
We call the e-packing number, Ny (€, #,d) the maximal cardinality of an e-separated set.

Definition 2.1.2.6 Let € > 0 be a positive real number and @y,...,px € #. The elements
@®1,..., PN are said e-cover of F if for any ¢ € F :

I<i<N:d(¢;p)<e.

We call the e-covering number, N(€,. %, d) the minimal cardinality of an e-cover of % .
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The metric entropy of the class .# is log(N(e,.#,d)). The next lemma presents a link between
the covering and the packing numbers of a function class .#.

Lemma 2.1.2.7 For a class of functions % we have :
Npje, #,d) <N(e, F,d) <Ny, Z,d).
The following lemma concerns the covering numbers of a VC- type class of functions.

Lemma 2.1.2.8 (Arcones and Yu [1994]) If.% is VC-class of functions with an envelope func-
tion F, then for any 1 < p < oo, there exists a constants a and v such that :

M)

N(EMG/\,”'”QJ)SCI( €

for all € > 0 and probability measure Q with
QF = fF’dQ < o0.
Example 2.1.2.9 The set & of all indicator functions 1o 1} Of cells in R satisfies :
2
N(eyg)LZ(Q)) = €_2,

for any probability measure Q and € < 1. Notice that :

1 1 0o
f log(—)des[ u?exp(—w)ydu<1.
o\ € 0

For more details and discussion on this example refer to Example 2.5.4 of van der Vaart and
Wellner [1996] and [Kosorok, 2008, p. 157]. The covering numbers of the class of cells (—oo, t]
in higher dimension satisfy a similar bound, but with higher power of (1/¢€), see Theorem 9.19
of Kosorok [2008].

Example 2.1.2.10 (Classes of functions that are Lipschitz in a parameter, Section 2.7.4 in
van der Vaart and Wellner [1996]). Let & be the class of functions x — @(t, x) that are Lipschitz
in the index parameter t € T. Suppose that:

lp(t1,x) — (L2, X)| = d(ty, t2)x(x)

for some metric d on the index set T, the function K(-) defined on the sample space &, and all x.
According to Theorem 2.7.11 of van der Vaart and Wellner [1996] and Lemma 9.18 of Kosorok
[2008], it follows, for any norm || - || # on &, that :

N(elFllz, #,1I-Il.#) <N(e/2,T,d).
Hence if (T, d) satisfy J(oo,T,d) = [5° /10ogN(e, T, d)de < oo, then the conclusions holds for F.
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Example 2.1.2.11 Let us consider, as an example, the classes of functions that are smooth up to
order o defined as follows, see Section 2 of van der Vaart and Wellner [1996]. For 0 < a < oo let
la] be the greatest integer strictly smaller than o. For any vector k = (ky, ..., kg) of d integers

define the differential operator :
ok

ko._
D™= ok1...pka’

where :
d
k, = Z ki.
i=1

Then, for a function ¢ : ¥ — R, let :

)

DFp(x) - DFop(y)
:= max sup |D¥ (x)| + max su
l@lla max xpl @ (x)] max x}) x— ool
where the suprema are taken over all x, y in the interior of & with x # y. Let Cl‘\"/I (&) be the set
of all continuous functions @ : & — R with :

lplla =M.

Note that for o < 1 this class consists of bounded functions @(-) that satisfy a Lipschitz con-
dition. Kolmogorov and Tihomirov [1961] computed the entropy of the classes of Cy (X)) for
the uniform norm. As a consequence of their results van der Vaart and Wellner [1996] shows
that there exists a constant K depending only on o, d and the diameter of & such that for every

measure Y and every € >0 :

dla
logN[ ) (€MY(Z),C&(Z), La(y)) < K(E) ,

Ny is the bracketing number; refer to Definition 2.1.6 of van der Vaart and Wellner [1996]
and we refer to Theorem 2.7.1 of van der Vaart and Wellner [1996] for a variant of the last
inequality. By Lemma 9.18 of Kosorok [2008], we have :

dla
logN(eMy(%),CgA(%),Lg(Y)) SK(Z_G) .

2.1.3 Conditional U-statistics

In this section, we present the historical background and the main results concerning the condi-
tional U-statistics.

Let (X;,Y;),i € N* be a sequence of i.i.d random real vectors defined on the probability space
(Q,«,P), with X; € R4 and Y; e IRidl, @: R4'™ _. R a measurable symmetric function. In order to
estimate the regression function

r (@, 0) ;= E[@(Y1, ..., Ym)|(X1, ..., Xp) = t], for te R,

26



CHAPTER 2. MATHEMATICAL BACKGROUND

Stute [1991] introduced a class of estimators, called conditional U-statistics,which is defined
for every t= (fy,..., ty) € R4 by:

tl_xil) (tm_xim)
Y;,...,Y; )K ..K
Y o(Y;, i) ( " "

i1yenim)€l(m,n)

R
hy hy

(i1, im)€l(m,n)

7 (8 ) = , @2.1.1)

K(-) is the so-called smoothing kernel satisfying [« K(£)dt = 1,{hy},>; is a sequence of band-
width tending to zero at appropriate rates. Here summation extends over all permutations of
length m, that is, over all pairwise distinct :

I(m,n)={i=(,...,im):1<sij<snand i #i, if j#r}.

Stute [1991] proved the asymptotic normality and weak and strong point-wise consistency of
Fum (¢, hy,) when the observations are real (d = 1,p = 1) independent and identically dis-
tributed. He affirmed the possible extension of the results to the case when d =1 and p = 1.

2.1.4 Historical background and main results for conditional U-statistics
Let’s assume that:
A.l h,—0,nh; —ooas n— oo.
A.2 K(-) is bounded with compact support.
A.3 Lett=(f,..., t;) be a point of continuity for each :
0 ifti £y
= {[Ej,,(t) if tj- -1
where

[E],l(t) = [E{(P (Yly---ij—lyY,Yj+1»---!Ym) X (P(Ym+1»---’Ym+j—1;Y;Ym+j+1;---)YZm)
|X;=1t; for i # j,Xpsr = tx for k# land X = t; = 1}
A.4 The density function of X; is continuous at each ¢;,1 < j < m, with f (tj) > 0.

A.5 1j1k(-,-,-) 1s bounded in a neighborhood of t, for all 1 < j, [, k < m, where :

Fitk @m>Zam, Z3m) = E{(Y1,..., Y1, Y, Yji1,..., Y
<@ (Yomstree o Yms jo1, Y Yons 110 Yom)
X @ (Yomets-- o Yome j=1, Y, Yome j+1,-- -, Yam)
|Xj=z;for1<i<3m,i#jm+12m+kX=z}

and for 1 < k <3,Zkm = (Z=1ym+1s--+» Zj=1, 21, Zj+15 -+ » Zkm).-
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A.6 rl(fg] (+,+) 1s bounded in a neighborhood of (t,t), where

) () =E{Q (Vi Vi, ) @ (Yoo Y ) | (Ko Xiy) =1, (X000 X, ) = o}

A.1’ The sequence h;, satisfies

Y n32p% < 0.
n

A.2’ For some positive constants c, c1, ¢z, 7 > 0, and some decreasing function H(*) we have
K(#) =2 clyy<rys

and
ciH(#)) = K(7) = coH(|£]).

A.3’ The 3" moment satisfies : F |(p (Yl,...,Ym)|3 < 0o.
The main first results on conditional U-statistics are the following :

Theorem 2.1.4.1 Under assumptions (A.1 —A.6) and if r'"™(.,-) is continuous at t, then :
(nh) 2 (P (@6 1n) =[G K1, X Y1, ., Ya) | ) = A (0,07,

where

r (il
Z (-p(Yly---me)H K( )
(I’l—m)!l(m,n) j=1 hn
nt (Xt ’
¥ 1=
n

I(m,n)i=1

G(pyt (Xl,...,Xn;Yl,...,Yn) =

p?:= ) ) Nymry) [rjl(t) - (r(m)(t))z] sz(u)du/f(ti)-
i=1j=1

Theorem 2.1.4.2 If the assumptions (A.1), (A.1°) and (A.3’) are satisfied, then for all-most all
t
Fim) (0,6 hy) — ™ (@,t)  with probability 1.

Much research has been dedicated to investigating the asymptotic properties of conditional U-
statistics. Sen [1994] established rates of uniform strong convergence of 70" ( @, t;hy) to
r™ (¢, t) under appropriate conditions while Stute [1994a] gave the almost sure convergence
of 74" (9,6 hy) in p"-norm, p > 2 for ii.d random variables. Stute [1994b] showed that
?ﬁlm) (¢, hy) is universally consistent. He also proved universal consistencies of the kernel
and kj-nearest neighbor estimators as two special cases of the conditional U-statistics. Harel
and Puri [1996] extended the results of Stute [1991], under appropriate mixing conditions, to
weakly dependent data and have applied their findings to verify Bayes risk consistency of the

corresponding discrimination rules.
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The paper of Dony and Mason [2008] is another work investigating the consistency of
79 (9,8 hy,). More precisely, they established the uniform in bandwidth and the uniform in
t consistency 7™ (¢,t hy). They suppose that ¢ and the kernel K(-) belong to some VC-type
classes of functions. It is worth mentioning that the consistency rates obtained by Dony and
Mason [2008] are better than those obtained by Sen [1994]. In turn, the study of functional con-
ditional U-statistics (when the explanatory variable takes its values in some functional space),
has had its share of attention; Fu [2012] adopted the conditional U-statistic based on functional
observations, i.e., He consider a sequence {(X;,Y;):i =1} of independent and identically dis-
tributed random variables, where X; take their values in some abstract space 2 and Y in R”.

Suppose that 2" is endowed with a semi-metric d(-,-). The proposed estimator is :

> @(Yil,---,Yim)K(d(t;l—’f“))...K(d(tn;l—fM)

im)€l(m,n)
(L)) e
hx

70 (p, ¢ ) = (2.1.2)

(i1yerim)€L(m, ) ( hx

Under i.i.d Fu [2012] established the asymptotic finite-dimensional normality for (2.1.2).
Similar to the contribution of Dony and Mason [2008], Bouzebda and Nemouchi [2020] stud-
ied a strong form of consistency of (2.1.2), that is, uniform consistency and uniform in band-
width consistency, in addition to the consistency over some VC-type class of functions &.
Recently, Bouzebda and Nemouchi [2019] established central limit theorems for conditional U-
processes of stationary mixing conditions, and they also investigated the weak convergence of
the conditional U-processes with functional mixing data (cf. Bouzebda and Nemouchi [2022]).
Bouzebda er al. [2021] also studied the uniform in bandwidth consistency of the general condi-
tional U-statistics based on the copula representation.

Generally speaking, we may take for ¢ () any function found interesting in the unconditional
setup; cf. Serfling [2009]. As mentioned before, the case m = 1 leads to the Nadaraya-Watson
estimator if we set ¢p = Id, the identity function; ¢ = 1; <5 yields the conditional d.f. evaluated
at ¢, refer to Stute [1986]. We now present several examples for m = 2. We suppose that (X;,Y1)
and (X»,Y») are independent.

Example 2.1.4.3 Let ¢ (Y1,Y2) =Y1Yo, then :
r® (9,01, 02) =E(Y1Y2 | X1 = 11,X2 = 1)
=EY1 X3 =H)ENX2 [ X2 =1)
=P ) 7 (1)

where 7@ () denotes the regression of Y on X =t. The above @(-) is a simple example of kernel
for a conditional U-statistic where one is interested in functions of ¥ (-).

Example 2.1.4.4 For :
1
¢ (Y1,Y2) = > (Y1 - Y2)?,
we obtain:

r® (g, 01, 1) = Var (Y1 [ X, = 1)
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Example 2.1.4.5 For ¢ (Y1,Y2) = 1{Y; + Y, > 0} we obtain a conditional U-statistic which may
be viewed as a conditional version of the Wilcoxon one-sample statistic. It may be used for
testing the hypothesis that the conditional distribution at X, is symmetric at zero. Obviously :

7'(2) ((p, [1) =PY;+Y,>0|X; =1 =Xy)
Example 2.1.4.6 For (p(Yl,Yg) =1{Y; =Y5}:
r® (0. 0,6)=PMV1<Y2|Xi=1t,Xo=0), for i # b

equals the probability that the output pertaining to t, is less than or equal to the one pertaining
to to.

Example 2.1.4.7 Assume {Y,- = (Yi_l,Y,-,g)T}. , and define ¢ by :

»

1
¢P (J/l: J/2) = 5 (yl,lJ/LZ +)2,1Y22—Y1,1)22 — y1,2J/2,1) ,
and )
r® (¢, 0, 1) =5 {E(Y1,1Y12 X1 = 01) +E(Y2,1 Y22 | Xo = 12)
—E(Y1,1Y22 1 X1 =11, X0 = 1) —E(Y12Y2,1 | Xy = 11,X2 = 1)}
In particular:

r@ (e, n)=E(Y1,1 V121X =0)-E(Y11 X1 =1)E(Y121X1 = 1)
is the conditional covariance of Y, given X, = t.
Example 2.1.4.8 For m=3, let :
¢ (Y1,Y2,Y3) =1{Y; -Y>-Y3>0}

We have
rO (g n=tr=t3=1)=P(Y; >Yo+Y3|X; =X, =Xg = 1).

Moreover, the corresponding CU —S can be considered a conditional analog of the Hollander-
Proschan test-statistic (Hollander and Proschan [1972]). It may be used to test the hypothesis
that the conditional distribution of Y, given Xy = t, is exponential against the alternative that it
is of the New-Better than-Used-type.

Example 2.1.4.9 Let :
v (Y1,Y2,Y3) =1{Y2=Y1} - 1{Y3=Y1}

and for m =5 define :
1
(p(Yl)---rYS) :ZW (YI)YZ’Y3)W(Y1)Y47Y5)

x W (Y1,Y2, Y3) W(Yy,Ys,Y5)
We have :

r® (ph=t=t=ta=ts=t)=E(p(Y1,...,Ys) X1 =Xo=X3 =Xy =X5 = 1)

The corresponding U-statistics may be used to test the conditional independence.
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Example 2.1.4.10 Let 371?2 denote the oriented angle between Y1,Y2 € T, T is the circle of
radius 1 and center 0 in R%. Let :

@r (Y1,Y2) = 1{V1Y2 < t} — t/m, for t € [0, m).

Silverman [1978] has used this kernel to propose a U-process to test uniformity on the circle.
Let

2
rl )((Pt» n=t=1t)=E(p;(Y1,Y2) | X; =Xo=1).
In this setting, one can propose a conditional U-process to test conditional uniformity on the

circle.

Example 2.1.4.11 Let us suppose {Z, = (X1,Y1),Z, = (X2,Y2)} two random variables, if we want
to test the symmetrization about zero of the conditional distribution at X; = X = t;, we often

use so-called Wilcoxon one sample statistic. In this case, the U-statistic :

X -t Xo—t
~(2) 1 ]l{Y1+Y2>0}K( .3 I)K(%)
(@0, t)=> - -
2 K(Xl—hh)K(thh)

can be viewed as a conditional version of the Wilcoxon one-sample statistic, with the kernel:

Xi—1n Xo— 1
]1{Y1+Y2>0}K( . )K( . ),

for
@ (y132) = Lyt p505-
2.1.5 Useful tools : Hoeffding’s decomposition

Hoeffding’s decomposition can be considered the primary tool for understanding the asymptotic
behavior of U-statistics. This section is based on Serfling’s book. Let’s suppose that the sym-
metric kernel function (-) satisfies [E((p (Z4,. ..,Zm)) < 0, and define some associated functions

Py (21,..-,2k) =[E((p(zl,...,Zk,Zk+1,...,Zm),

for 1 < k< m—1 with @,, = ¢. Itis clear that @ (:) is the conditional expectation of ¢ (Zy,...,Z;;,)
given Zy,...,Zg, i.e.,

(pk(zly---’zk) :[E((P(Zl»;zm) |Zl = Zl,...,Zk:Zk)-
Moreover, forl<sc<m-1:
Pi (Zl,...,Zk) = [E((Pk+1 (er---rzk!zk+l))7

the functions @(-) being introduced, we will need in the following to center them and define
new functions based on the centered @ (-). Recall that we have :

0=E[pZ1,....Zm)],
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then, the centered ¢ (-) functions :

{ 9 =¢-6,

(pgf):(pk—e forl<k=<m.

Set now :

Prlz) = @ (a0),
$2(21,22) = @Y (21,22) — P1(21) — P1 (22),

3
P3(z1,22,23) = O (21,22,23)— Y. P12~ Y. P2(z11,21),
i=1 1<) Zir<3

m
Pm (21,00 2m) = cpﬁ,?(zb...,zm)—zcbﬂzl-)— Y @2(zi,zi) -

i=1 1<iiZio<m

—ee— Z (pm—l (Zil,---»zim_1)'

I(m,n)

The @i ’s functions are symmetric in their arguments, and we can easily check that :

E(¢1(21) =0,
E(§2 (21,22)) =0,
E(P3(21,22,23)) =0,

E(®m (21,...,2m)) =0.

Define the sums of centered ¢ ’s and ¢ s by :

Snl@) =Y. 09(Zi,....Z,),

1(m,n)

Snk(p) := Z o« (Ziyy-.2;,), forl<sk<=m.
1(k,n)

Then we can write :
(n—m)!

u;/lm) ((p) — e = n'

Su(p).

We are now equipped to state Hoeffding’s theorem.

Theorem 2.1.5.1 (Hoeffding [1948]) Let the symmetric kernel function @(-) satisfies E ((p Zy,... ,Zm)) <
0o, then

-1
nl m n
uﬁ,m)(tp)—6=2( . )( k) Sk (@)
k=1
Moreover, forl < k<m:
ESuklZ1,....,Ze) =Sk k<c<n.

Thus, the sequence {Syk,0 (Z1,...,Zn)} =k IS a forward martingale.
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Chapter 3

Uniform consistency and uniform in
number of neighbors consistency for
functional conditional U-statistics

Ce chapitre développe le contenu d’un article publié [Japanese Journal of Statistics and Data
Science (2022). https://doi.org/10.1007/s42081-022-00161-3], mis en forme pour étre inséré
dans le présent manuscrit de these.

Title : Uniform consistency and uniform in number of neighbors consistency for nonparametric

regression estimates and conditional U-statistics involving functional data.

abstract

U-statistics represent a fundamental class of statistics arising from modeling quantities of inter-
est defined by multi-subject responses. U-statistics generalize the empirical mean of a random
variable X to sums over every m-tuple of distinct observations of X. W. Stute [Ann. Probab. 19
(1991) 812-825] introduced a class of so-called conditional U-statistics, which may be viewed
as a generalization of the Nadaraya-Watson estimates of a regression function. Stute proved
their strong pointwise consistency to:

r (@, 0 :=E[@Y1,...,Ym)|X1,...,Xm) =t], for te R,

In the present paper, we introduce the k nearest neighborhoods estimator of the conditional
U-statistics depending on an infinite-dimensional covariate. A sharp uniform in the number of
neighborhoods (UINN) limit law for the proposed estimator is presented. Such results allow
the NN to vary within a complete range for which the estimator is consistent. Consequently,
it represents an interesting guideline in practice to select the optimal NN in nonparametric
functional data analysis. In addition, uniform consistency is also established over ¢ € .% for
a suitably restricted class .#, in both cases bounded and unbounded, satisfying some moment
conditions and some mild conditions on the model. This paper unifies the approaches in some
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other recent papers. As a by-product of our proofs, we state consistency results for the k-
NN conditional U-statistics under the random censoring, which are uniform in the number of
neighbors. The theoretical uniform consistency results established in this paper are (or will be)
key tools for many further developments in functional data analysis.

Keywords : Uniform almost complete convergence ; Conditional U-statistics ; Functional data
analysis ; Functional regression; Kolmogorov’s entropy ; Small ball probability ; Uniform con-
sistency ; Uniform in number of neighbors consistency ; k-NN estimator ; Data-driven estima-
tor.

Mathematics Subject Classification: 62G05; 62G08; 62G20; 62G35; 62G07; 62G32; 62G30;
Secondary: 62E20.

3.1 Introduction

U-statistics, first considered by Halmos [1946] in connection with unbiased statistics and for-
mally introduced by Hoeffding [1948]. The theory of U-statistics and U-processes has received
considerable attention in the last decades due to its great number of applications and useful-
ness for solving complex statistical problems. Examples are density estimation, nonparametric
regression tests, and goodness-of-fit tests. More precisely, U-processes appear in statistics in
many instances, e.g., as the components of higher-order terms in von Mises expansions. In
particular, U-statistics play a role in the analysis of estimators (including function estimators)
with varying degrees of smoothness. For example, Stute [1993] applies the a.s. uniform bounds
for P-canonical U-processes to analyze the product limit estimator for truncated data. Arcones
and Wang [2006] present two new tests for normality based on U-processes. Making use of the
results of Giné and Mason [2007a,b], Schick ef al. [2011] introduced new tests for normality
which are based on the weighted L;-distances between the standard normal density and local
U-statistics based on standardized observations. Joly and Lugosi [2016] discussed the estima-
tion of the mean of the multivariate functions in the case of possibly heavy-tailed distributions
and introduced the median-of-means, which is based on U-statistics. U-processes are impor-
tant tools for a broad range of statistical applications such as testing for qualitative features
of functions in nonparametric statistics [Lee ez al. [2009], Ghosal et al. [2000], Abrevaya and
Jiang [2005]], cross-validation for density estimation Nolan and Pollard [1987], and establish-
ing limiting distributions of M-estimators [see, e.g., Arcones and Giné [1993], Sherman [1993],
Sherman [1994], de la Pena and Giné [1999]]. Infinite-order U-statistics are useful tools for
constructing simultaneous prediction intervals that quantify the uncertainty of ensemble meth-
ods such as sub-bagging and random forests. Peng e al. [2019] develop in great detail the notion
of generalized U-statistics random forest predictions. The Mean NN approach estimation for
differential entropy introduced by Faivishevsky and Goldberger [2008] is a particular of the U-
statistic. Using U-statistics, Liu ef al. [2016] proposed a new test statistic for goodness-of-fit
tests. Clémenccon [2011] defined a measure by U-statistics to quantify the clustering quality of
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a partition. Halmos [1946], v. Mises [1947], and Hoeffding [1948] provided (amongst others)
the first asymptotic results for the case that the underlying random variables are independent
and identically distributed. In this paper, we consider the so-called conditional U-statistics in-
troduced by Stute [1991] when the covariates are functional. These statistics may be viewed
as generalizations of the Nadaraya-Watson (Nadaraja [1964], and Watson [1964]) estimates
of a regression function. To better understand the problem, we first introduce Stute’s estima-
tors. Let us consider independent and identically distributed sequence of random elements
{(X;,Y;),i € N*} with X; € R? and Y; € % some polish space and N* = N\{0}. Let ¢ : %™ — R
be a measurable function. In this paper, we are primarily concerned with the estimation of the
conditional expectation or regression function :

™, = E(@Y1,...,Ym) | X1,...,.Xp) = t), for teR™, (3.1.1)

whenever it exists, i.e.,
[E(|(p(Y1,...,Ym)|) < 00.

We now introduce a kernel function K : R — R with support contained in [-B, B]d, B >0,
satisfying :
sup |[K(x)| =:x <oo and fK(x)dx: 1. (3.1.2)
xeR4

Stute [1991] introduced a class of estimators for (¢, t), called conditional U-statistics, which
is defined for each t € R%™ to be :

t-X; tn —X;
Y cp(Yil,...,Yim)K( ! ’1)...K( i "”)
(i1 i) €10, 1) hy Iy

tl_Xil) (tm_xim) ’
2 ( hn hn

(i1,e-0im)€l(m,n)

7:’(1m) (@, t ) = (3.1.3)

where {/1,} =1 is a sequence of positive constants converging to zero at the rate nh%™ — oco. In
the particular case m =1, the rm (¢, t) is reduced to

D, ) =E(@Y)[X=1)

and Stute’s estimator becomes the Nadaraya-Watson estimator of " (¢, t) given by :

7D (., ) = Z(p(Yi)K(Xi —t)/ZK(Xi —t) .
= hn ) i5i \ ha

The work of Sen [1994] was devoted to estimate the rate of the uniform convergence in t of
7 (@, t; hy) to 77 (@, 1). In the paper of Prakasa Rao and Sen [1995], the limit distributions of

e

(p,t hy) are discussed and compared with those obtained by Stute. Harel and Puri [1996]
extend the results of Stute [1991], under appropriate mixing conditions, to weakly dependent
data and have applied their findings to verify the Bayes risk consistency of the correspond-
ing discrimination rules. Stute [1996] proposed symmetrized nearest neighbor conditional U-
statistics as alternatives to the usual kernel-type estimators. An important contribution is given
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in the paper Dony and Mason [2008] where a much stronger form of consistency holds, namely,
uniform in t and in bandwidth consistency (i.e., h,, h, € [a;,, b,] where 0 < a,, < b, — 0 at some

7 (¢, hy,). In addition, uniform consistency is also established over ¢ € .#

specific rate) of
for a suitably restricted class %, refer to Bouzebda er al. [2021]. The main tool in their result is
the use of the local conditional U-process investigated in Giné and Mason [2007a]. Our main
goal is to extend the work Dony and Mason [2008] to the functional setting; this generalization
is far from being trivial, in the same spirit of Bouzebda and Nemouchi [2020].

Statistical problems concerned with the analysis of infinite-dimensional variables, such as curves,
sets, and images, have known phenomenal growth and interest in literature for some years. The
development of this research theme is indeed motivated by modern technological progress in
measuring devices and the abundance of data measured on increasingly fine grids: this is the
case, for example, in meteorology, medicine, satellite imagery, and many other areas of re-
search. Thus, the statistical modeling of these data, comparable to random functions, has re-
cently undergone intense development from theoretical aspects (related to the study of random
variables with values in an infinite dimensional space) and applied point of view (implementa-
tion of estimators). Notice that the statistical analysis of functional data can date back to Rao
[1958] where a set of growth curves was analyzed by functional principal component analy-
sis in a rudimentary form for the first time, and subsequently rigorously investigated by Kleffe
[1973] and Dauxois et al. [1982]. Numerous recent work, from both theoretical and practi-
cal point of view, confirm the pertinence of investigating this area, for instance, refer to the
monographs of Bosq [2000], Ramsay and Silverman [2005], Ferraty and Vieu [2006]), Horvéth
and Kokoszka [2012], Shi and Choi [2011], Bosq and Blanke [2007], Geenens [2011], Cuevas
[2014], Shang [2014], Horvath and Rice [2015], Miiller [2016], Nagy [2017], Vieu [2018],
Aneiros et al. [2019], and Ling and Vieu [2018], where we have collect these references. A
recent review of functional data analysis is provided by Goia and Vieu [2016]. Survey on re-
cent advances in nonparametric FDA and also highlight the need for adaptative bandwidth in
FDA. The general mathematical background for analyzing functional variables is developed
in Hsing and Eubank [2015]. In this article we focus on the almost complete1 (a.co) uniform
rates of consistency of the nonparametric functional regression model and functional condi-
tional U-processes (statistics). More precisely, in this paper, we are interested in establishing
the a.co uniform consistency and the a.co uniform in the number of neighborhoods (UINN)
consistency of the nonparametric functional regression estimator and also the functional con-

Let (2,) ,en be a sequence of real random variables. We say that (z,) converges almost completely (a.co.)
towards zero if for all € > 0,

Y P(lznl >€) <oo.

n=1

The rate of convergence is of order u, (with u, — 0) and we write z, = O, 0. (1) if there exists € > 0 such that

o0
Y P(zal > euy) < oo.
n=1

This kind of convergence implies both almost-sure convergence and convergence in probability.
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ditional U-processes (statistic). This is motivated by a series of papers, among many others,
Einmahl and Mason [2000], Deheuvels and Mason [2004], Einmahl and Mason [2005], Dony
and Einmahl [2009], Bouzebda and Elhattab [2011], Bouzebda [2012], Bouzebda et al. [2018],
Bouzebda and El-hadjali [2020], Bouzebda and Nemouchi [2020], Bouzebda et al. [2021] the
authors established uniform in bandwidth (UIB) consistency results for such estimators in the
finite dimensional setting, where h,, varies within suitably chosen intervals indexed by n. In
the FDA, several authors have been interested in studying nonparametric functional estima-
tors; for example, Ferraty ef al. [2010a] provided the consistency rates of some functionals
of the conditional distribution, including the regression function, the conditional cumulative
distribution, the conditional density, and some other ones, uniformly over a certain subset of
the explicative variable. Kara-Zaitri ef al. [2017] established the uniform consistency rate for
some conditional models, including the regression function, the conditional distribution, the
conditional density, and the conditional hazard function. The last mentioned paper is extended
by Bouzebda and Nemouchi [2020]. Kara et al. [2017] and Almanjahie ef al. [2022] estab-
lished the almost complete convergence of the k-nearest neighbors (k-NN) estimators, which
are uniform in the number of neighbors, under some classical assumptions on the kernel and on
the small ball probabilities of the functional variable in connection with the entropy condition
controlling the space complexity. Attouch ez al. [2019] considered the problem of local linear
estimation of the regression function when the covariate is functional and proved the strong
uniform-in-bandwidth (UIB) convergence. Ling ef al. [2019] investigated the k-NN estima-
tion of the nonparametric regression model for strong mixing functional time series data and
established the uniform a.co convergence rate of the k-NN estimator under some mild condi-
tions. Novo et al. [2019] stated some new uniform asymptotic results for kernel estimates in the
functional single-index model. Fu [2012] investigated the functional conditional U-statistic and
established its finite-dimensional limiting law. Most of this literature focuses on UIB or UINN
consistency or uniform consistency on some functional subset but never the both together. We
aim to fill this gap in the literature by combining results from the FDA and the empirical pro-
cesses theory. However, as will be seen later, the problem requires much more than ‘simply’
combining ideas from these two domains. In fact, delicate manipulation of several topological
notions and establishing relations between them is needed. To our best knowledge, these prob-
lems form a basically unsolved open problem in the literature, giving the primary motivation
for our paper. The present paper extends and complements our previous paper Bouzebda and
Nemouchi [2020] in several, and the proofs for UINN are more involved; we will give more
details in the forthcoming sections. Moreover, we have established new results and tools in the
proof that are of independent interest.

The layout of present article is structured as follows. Section 3.2 is devoted to introducing
the functional framework and the definitions we need in our work; we give the assumptions used
in our asymptotic analysis with a short discussion. Section 3.3 provides the UINN consistency
in the functional regression framework. Section 3.4 gives the paper’s main results concerning
the UINN consistency with rates for the conditional U-statistics. In Section 3.5, we provide

39



CHAPTER 3. K-NN FUNCTIONAL CONDITIONAL U-STATISTICS

an important application for the censored data setting that is of its own interest. In Section
3.6, we provide some applications including, the set indexed conditional U-statistics in §3.6.1,
the multi-sample U processes in §3.6.2, the discrimination in §3.6.3, the metric learning in
§3.6.4. In Section 3.7, we collect some examples of classes of functions and examples of
conditional U-statistics. In Section 3.8, we briefly discussed the bandwidth selection criterion.
Some concluding remarks and possible future developments are relegated to 6.1. To prevent
interrupting the flow of the presentation, all proofs are gathered in Section 3.9. Finally, a few
relevant technical results are given in the Appendix.

3.2 The functional framework

3.2.1 Generality on the model

We consider a sequence {X;,Y; : i = 1} of independent and identically distributed random copies
of the random vector functions (X,Y), where X takes its values in some abstract space & and
Y in the abstract space %. Suppose that & is endowed with a semi-metric d(,-)> defining
a topology to measure the proximity between two elements of & and which is disconnected
from the definition of X in order to avoid measurability problems. We are mainly interested
in studying the uniform in the number of neighbors consistency of the following functional
conditional U-statistic in the k-NN setting given for all te ™ by:

5 oty A0, Al

2 i H, (1) Hy, 1 (tm)
~x(m) _ (i1,eeryim)€l(m, n) n,k n,
r ythy, k(1) = . (321
n ((P n,k( )) Z (d(tl’Xil)) K(d(tm,le)) ( )
Grrriel(mny  \ Hn (1) Hy, ik (tm)

to the regression function r™ (@, t) := E (¢ (Y1, ..., Ym) | X1,...,X;n = t), where :

m
K®) = []K@), t=(t1,..,t) e X" =X x...x X,
i=1
and @ : %" =% x...x% — R is a measurable function belonging to some class of functions
Fm, and hy, () = (Hn,k(tl), . ..,Hn,k(tm)) is a vector of positive random variables that depend
on (Xy,...,Xy) such that, for all x= (x1,...,xp) € X and j=1...,m:
n
Hn,k(xj) =min{ heR": Z ]lB(xj,h) X)=kyp, (3.2.2)
i=1
where B(t,7) = {z€e X :d(z,t) < r}is aball in & with the center r € & and radius r, and 1, is
the indicator function of the set A. Notice that the estimator (3.2.1) is the first time introduced
and investigated in the present paper. In fact this k-NN estimate can be considered as an ex-
tension to random and locally adaptive neighborhood of the functional conditional U-statistics

2 A semi-metric (sometimes called pseudo-metric) d(-,-) is a metric which allows d(x1, x2) = 0 for some x; # x».
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estimate of " (¢, t) defined for all € Z™ as :

d(n,X;,) ) . “K(d(tmyxim))
hx (t1) hx ()
d(tlyxil)).“K(d(tm,Xim)) ’
hx (tm)

where hg(t) = (hg n(t1),..., hx n(tm)) =: (hx(t1),..., hx(t;,)) are positive real numbers decreas-

Y LP(Yil,---,Yim)K(

(il v-~~rim)EI(m;n)

7 (@, t, hy () = (3.2.3)

(i1 i) €1, 1) ( hx(f)

ing to zero as n goes to infinity. The k-NN method is a fundamental statistical method present-
ing several advantages. In general, the method is computationally fast without the requirement
of too much parameter tuning. One of the main features is that the k-NN methods are purely
nonparametric, meaning they can automatically adapt to any continuous underlying distribu-
tions without relying on specific models. Finally, for important statistical problems, including,
among many others, density estimation, classification, and regression, k-NN methods are all
proven to be consistent as long as a proper k is selected. Historically, the k-NN was first
introduced by Fix and Hodges [1951]-see also Fix and Hodges [1989]—in the context of non-
parametric discrimination, and further investigated by Loftsgaarden and Quesenberry [1965],
for more details, we refer to Biau and Devroye [2015]. Bouzebda and Nemouchi [2020] stud-
ied the uniform in t and the uniform in bandwidth consistency of the estimator (3.2.3) where
hx(t) € [an, b,] where a, — 0 and b,, — 0. Our main interest is to study the uniform con-
sistency when the bandwidth Ak (t) is adaptive to the data Xj,...,X;, and thus depending on k
and t. The randomness of the bandwidths H,, ;.(#) is its major advantage and disadvantage since
it creates some technical difficulties in proofs, see Remark 3.4.2.7. To solve these difficulties,
we will generalize, in several directions, the lemma of Burba ez al. [2009], which was studied
in many articles in the case of nonparametric functional regression. More precisely, we will
extend it in a non-trivial way to the functional conditional U-statistics setting by the uniformity
in @, t, and k simultaneously. This situation is not investigated before.

The main purpose is to prove the uniform consistency, the uniform in number of neigh-
bors consistency and in the class of functions, for certain classes of functions of the estimator
7o m) (,t,h,, (1) to 7™ (@, t). It should be noted that since our objective is to generalize the
results obtained for the estimator defined in (3.2.3), and given the fact that one of the main
differences is that the smoothing parameter, h,, 1 (t) is a vector of random variables instead of a
univariate parameter hg our first course of action would be to extend the results of Bouzebda
and Nemouchi [2020] the UIB results to the multivariate setting. First, we need to introduce
some notation. Let .%,, = {p : %™ — R} denote a pointwise measurable class of real valued
symmetric functions on %™ with a measurable envelope function :

F(y) = sup |@(y)|, for ye & ™. (3.2.4)
$ETm
For a kernel function K(-) and a subset #¢ < &, we define the pointwise measurable class of
functions, forl<=m=<n:

m £
KM= {(xl,...,xm)H I (d();;fm

), (h1, e, hig) €RT{0} and (ty,..., tyy) eyg’jﬁ}.
i=1
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For a certain interval Jf,gm) c R\ {0}, we denote

m

760" .= ] (an,j, bn,j),
Jj=1

where

0<auj<b,; and lim a,;=lim b,;=0 ,Vj=1,...,m.
n—oo n—oo

In the sequel, we denote (unless stated otherwise) :

dp= min a,; and b, = max by ;.
l<sjsm l=sj=m

We also note for all b= (by,...,b,;,) € (0,1)™:

m

7" =[] (an,bj),

and

For notational convenience, in the case of m = 1, we will be noting " and Jfél) simply
#, and A. The same goes for other similar notations unless stated otherwise. We need to
introduce some concepts that are related to the topological structure of functional spaces. First,
we define the small-ball probability for a fixed t € & and for all r > 0 by:

I]:D(XEB(t) r)) ::(bt(r); (3.2.5)

this notion is widely used in nonparametric functional data analysis to avoid introducing density
assumptions on the functional variable X and address the issues associated with the infinite-
dimensional nature of the functional spaces. At this point, we can refer to Gasser et al. [1998],
Masry [2005] and Ferraty and Vieu [2006]. Furthermore, taking into account the uniformity
aspect of our study, we consider for a fixed subset .5 of & the following assumptions.

(A.1) The small ball probability ¢, is such that

(A.1.a) There exist constants 0 < C; < C, < oo, an invertible function ¢ : Rt — (0, 00)
such that, for all t = (¢1,..., ) € yg’g and h(t) = (h1(t),..., h;,(t;)), we have

0 < C1ph(®) < Ge(h(D) = by, (h1(11) % ... X Py, (B () < C2d(h(1) < oo,

where ¢(h(t) := [] dh;(£;), $0) =0 and ¢(w) is absolutely continuous in a
=1

J
neighborhood of the origin. Moreover, the function ¢(-) satisfies, for a sequence of

positive real numbers /g belonging to (ﬁn,En), we have: nd(hg) — oo as n— oo
and
3JA>0,3rg >0 such that Vr<ry:¢'(r) <A.
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(A.1.b) For hy € (ﬁn,En), there exist constants 0 < C3 < C4 < oo such that, with n large

enough,
- G(hx/2) -
G

3 4.

Notice that the function ¢(-) allows us to control the concentration of the probability mea-
sure of the functional variable X on small balls of different radius and different centers. This
allows us to get more information on the local structure of the data. Therefore, the study of
the uniform consistency is done using the function ¢(-) (or simply ¢(-), in the case of m = 1)
instead of the concentration function ¢,(-) that only controls the measure of probability on a
small ball.

We also need to deal with the VC-subgraph classes (“VC” for Vapnik and Cervonenkis).

Definition 3.2.1.1 A class of subsets € on a set C is called a VC-class if there exists a polyno-
mial P(-) such that, for every set of N points in C, the class € picks out at most P(N) distinct

subsets.

Definition 3.2.1.2 A class of functions .7 is called a VC-subgraph class if the graphs of the
functions in ¥ form a V-C class of sets, that is, if we define the subgraph of a real-valued
function f on S as the following subset ¢ on S xR:

Gr=1(5,0):0=t=f(s) or f(s)<t=<0}

the class {9y : f € F} is a VC-class of sets on S xR. Informally, a VC class of functions
is characterized by having a polynomial covering number (the minimal number of required

functions to make a covering on the entire class of functions).

3.2.2 Conditions and comments

To prove the uniform consistency and the UINN consistency of the functional regression and
conditional U-statistic in the k-NN setting, some conditions and results of the UIB ideas devel-
oped in Bouzebda and Nemouchi [2020] are needed. Therefore we will be stating them in the
following subsection, together with the additional conditions needed for UINN consistency.

(A.2.) For n large enough and for some > 1, the Kolomogorov’s entropy satisfies :

(log n)? (logn) )

nq)(hK) =My, —n < logn(b(hK), (326)
Y exp{m(l—ﬁ)tpyi%(l()%)} <oo, (3.2.7)
n=1

where ., (€) :=1ogNe (Fy), and Ne¢(F7) i1s the minimal number of open balls of radius
€in &, needed to cover F .
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(A.3.) Suppose that the regression function satisfies for the elements ¢(-) of the class .%, and
forl=m=n:

EIY> 0) th)tz € Y/I: |r(m)((P;t1) - r(m)((P;tZ)| = C5d3YK‘m (tl!tZ)r

where for1<i<2:t;:=(¢,..., t;,), % denotes a fixed neighborhood of t in yg’; and for
xX= (X1, .., Xm), Y= 1,0, Ym) €X™:

1 1
dgem (%) := —d (x1, y1) -+ —d (X, Ym)

(A.4.) The classes of functions .%,, and % " are such that :

(A.4.a) The class of functions .%,, is bounded and its envelope function satisfy for some
0<M<oo:
Fy) <M, yewy™

(A.4.b) The kernel functions K(-) is Lipschitz, supported within (0,1/2) and there exists
some constants 0 < Kj < Ky < 0o, such that :

fK(x)dx =1,

and :
0<xk1L1/2)() =K() =xka2lo,1/2)().

(A.5.) The classes of functions .%,, and ¥ " are such that :

1
supf \/1 +10gN (€, Fm, |l - I, ) de< 00, (3.2.8)
Q Jo

1
supf \/1 +1ogN (e, ™, || - I, ) de< oo, (3.2.9)
Q Jo

where the supremum is taken over all probability measures Q on the probability space
(Q, ), with Q (F?) < oo, and for each class N (g, -, || - I, ) is the covering number respect
to L (Q)-norm.

(A.5’.) The class of functions .%,,. 2" is supposed to be of VC-type with envelope function
previously defined. Hence, there are two finite constants b and «a such that :

N© Zm ™ |- L) < (%)a (3.2.10)
for any € > 0 and each probability measure such that Q(F)? < oo.
(A.6) The sequences {d,} and {En} (resp. {a,} and {b,}) verify
b, — 0 and (logn/n) — 0 as n— oo. (3.2.11)

min{a2, p?(dy)}
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(A.7.) There exist sequences {pn1,-..,Pnm}t < 0,1, {ki,n} € Z* and {kop} < Z* (k1,n <k <
k> ) and constants p = (H1,..., ) and v = (vy,..., V), such that

O<pj=vj<oo, forall j=1,...,m (and we note p<v),

and

y -k k k
R T SR TS

n Pn,jn Pn,jn
k
([)_1( 2’”)—»0, (3.2.13)
Pn,jn
1=pnj ki, 1—pn)*k
min 4 —0md Xn 7P Kun (3.2.14)
4 Inn  4p,; Inn
logn/
'k( ogn/n) — o0 (3.2.15)
o o )

3.2.3 Comments on the conditions

Functional nonparametric models pose significant theoretical issues that can not be easily solved
using traditional statistical approaches, particularly in a double infinite-dimensional context. To
deal with this challenge, some conditions utilizing the different characteristics of the infinite-
dimensional space are imposed. The condition (A.1.a) on small-ball probabilities is standard; it
can be considered as an extension to the multivariate context, where we assume that the density
function of the variable X is strictly positive. However, a more general condition can be used:

(A.1’.a) Forall t=(fy,...,ty) € F), and h= (hy,..., hy) € R we have :

m m
0<Cy [[phig(t) < pe(h(®) = Py, (hy (1)) x -+ x by, (M () < Co [ ] (R g (1) < 00,

i=1 i=1

where g(-) is a non-negative function on %,

Nevertheless, using (A.1°.a) results in a complicated computation, which is why we retain the
condition (A.l.a) to get the required results. Also, it is worth mentioning that, if in particular,
we denote hg := (h, ..., hg) € (@n, bp)™, we can find two positive constants C},C,, such that

0 < Cid(hy) < y(hy) < Chp(hy) < oo, (3.2.16)

which is similar to condition (C.1) used in Bouzebda and Nemouchi [2020], so we will dealt
with ¢ (hyg) instead of ¢ (hk), (Whenever we encounter a similar situation in the proofs). This
approach is not only for notational purposes but also to make it easier to bridge the UIB and the
UINN results.

It is worth noting that, in general, when we deal with functional data, we need some infor-
mation about the variability of the small-ball probability to adapt to the bias of nonparametric
estimators; this information is usually obtained by supposing that:
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(A.1’.b)

Yuel0,1]: rle ([z;((urr)) = rlim IP(d(X, n< ur|d(X, n< r) =:14(u) < oo,
(o 0] t — 00

assumption (A.1.b) is a weaker version of (A.1’.b) and will be mainly used in the proofs. On
the other hand, condition (A.2.) takes into account the topological considerations by control-
ling the Kolmogorov entropy? of the set .#/”, which is standard in nonparametric models when
we study the uniform consistency and the uniform in bandwidth consistency, we refer to Fer-
raty et al. [2010a] and Kudraszow and Vieu [2013] for discussions. As mentioned in Kudras-
zow and Vieu [2013], there are special cases of functional spaces & and subsets Sg where
s, (log(n)/n) > log(n). Some examples are the closed ball in a Sobolev space, the unit ball
of the Cameron-Martin space, and a compact subset in a Hilbert space with a projection semi-
metric (see Kolmogorov and Tihomirov [1959], van der Vaart and van Zanten [2007] and Ferraty
et al. [2010b], respectively, for further details). In all these cases, it is easy to see that (A.2.) is
verified as soon as p > 2. (A.3.) is another classical condition that is imposed on the model and
that enables us to establish precise rates of consistency. The uniform integral entropy criteria
described in (A.S5.) are less restrictive than the VC-type classes of functions requirement (see
Einmahl and Mason [2005]) and allow us to characterize the empirical process moments. Even
so, to investigate the uniform consistency, the uniform in bandwidth consistency, and later the
uniform in the number of neighbors consistency for the functional U-statistic/process, we have
to employ specific procedures and inequalities that need the class of functions to be of VC-
type, which is why we add the condition (A.5’.). However, we should keep in mind that every
VC-type class of functions satisfies the condition (A.S5.), for instance, see [Nolan and Pollard,
1987, Lemma 22], [Dudley, 2014, §4.7.], [van der Vaart and Wellner, 1996, Theorem 2.6.7],
[Kosorok, 2008, §9.1] provide a number of sufficient conditions under which (A.5’.) holds, we
may refer also to Bouzebda [2012] and [Deheuvels, 2011, §3.2] for further discussions. The
condition (A.4.a) is used when dealing with bounded functions, which means that we will be
replacing it when dealing with an unbounded class of functions by:

(A.4.2’) The class of functions .%,, is unbounded and its envelope function satisfy for some
p>2:
0, := sup E(FP (V)X =t) <oo.
te !
Assumption (A.6) is essential to establish the rates of convergence (consistency) of the esti-
mator defined in (3.2.3), while assumption (A.7) adapts condition (A.6) to the the case of the
functional conditional U-statistics in the k-NN setting.

3The concept of metric entropy was introduced by Kolmogorov (¢ f. Kolmogorov and Tihomirov [1959]) and
studied subsequently for numerous metric spaces. This concept was used by Dudley [1967] to give sufficient
conditions for the continuity of Gaussian processes and was the basis for striking generalizations of Donsker’s
theorem on the weak convergence of the empirical process, refer to van der Vaart [2002] for the connection of this
notion with Le Cam’s work.
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Remark 3.2.3.1 The condition (A.4.b) regarding the kernel function K(-) could be replaced by
the following one for treating the regression function estimator when m =1

(A.4.b’) The kernel functions K(-) is Lipschitz supported within (0, 1/2) with existing first deriva-
tive on (0,1/2) satisfying for two real constants —oo <3 <K} <0 :

—co<ky<K'(-) =k} <0.
But it should be noted that if we consider the previous assumptions instead of (A.4.b) in order
to bound the expectation of the kernel, we should suppose that the small ball probability ¢(-)

satisfies
n
3C >0, 3np >0, Vn<n0:f b(w)du > Cnd(n),
0

for instance, refer to Lemma 4.3 and Lemma 4.4 of Ferraty and Vieu [2006].

Remark 3.2.3.2 Note that the condition (A.4.a’) may be replaced by more general hypotheses
upon moments of Y as in Deheuvels [2011]. That is

(M.1)" We denote by {4 (x) : x = 0} a nonnegative continuous function, increasing on [0,00), and

such that, for some s > 2, ultimately as x | oo,
(1) xS (x) |;(00) x L (x) 1. (3.2.17)
For each t = ((0), we define M (t) =0 by M (M"Y (1)) = t. We assume further that:

E(4 (IF(Y)]) < oo.
The following choices of A (-) are of particular interest:
(i) M (x) = xP for some p>2;

(ii) A (x)=exp(sx) for some s> 0.

3.3 UIB and UINN consistency for functional regression

In this section, we consider the uniform consistency and the uniform in number of neighbors
consistency of the functional regression operator in its general form which is given for all t € &,
by:

L da(t,X;
th(Y,-)K(H( t))
7MW, t,H, (1) = =2 k1) (3.3.1)
n Y, L0,k n d(t X;) , .
ZK( ) l )
-1 \Hp (9

where k; , < k < ky ,, (k= k; depends on n) and

n
H, 1 (2) = min{ heR such that ) L pX;) = k} X
i=1
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In fact the k-NN operator presented in (3.3.1) can be considered as a generalization of the usual
kernel regression

L dt,Xl
Zcp(Yi)K( (h ))
(0 ¢ hy) = =1 ~ viex (3.3.2)
n (P, y 'K n d(l'X) ) 1} .
ZK( y l)
i=1 hK

where the bandwidth hx € [a,, b,] <R} depends on n (but does not depend on ¢). We start by
reminding the uniform asymptotic properties of 7, defined in (3.3.2).

3.3.1 UIB consistency for functional regression

We give in the following results the uniform convergence in the a. co sense.

Theorem 3.3.1.1 Under the assumptions (A.1.)-(A.6.), (for m =1) we have,

sup sup  sup |?,(1D (@, t; ) — Vo, n|=0 (%) +Oa.co
OKeF X ap<hx<bp teFy

The following result gives the uniform consistency when the class of functions is unbounded.

Corollary 3.3.1.2 Under the assumptions (A.l.)- (A.3.), and (A.4.a’), (A.4.b), (A.5.), (A.6.)
(for m=1), we have

sup sup sup [FP(, th) — V@, 0] =0 (b)) + Oa.co (3.3.4)
OKeF X ap<hx<bp te Sy
Now, we can state our results for the k-NN functional regression.
3.3.2 UINN consistency for functional regression
Theorem 3.3.2.1 Under the assumptions (A.2.)-(A.5.) and (A.7.), we have
~x(1) 6)) -1 kz,n Y
sup sup  sup [PV (@, Rk (@) -1V (@, 0| = O ((p ) )
(pKEfJZ/ kl,nSkSkgln teSy pnn
logn
Wy ( )
n
+Od.CO p kl
_ nihl,n
ol (5)

The following result gives the uniform consistency when the class of functions is unbounded.
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Corollary 3.3.2.2 Under the assumptions (A.l.)- (A.3.), (A.4.a’), (A.4.b), (A.5.), (A.6.) and
(A.7.) (for m=1), we have

ok |k Y
sup sup  sup |7V (@, 5 k() - Vi, 0] = 0(¢>1 2))
YKeZ X ki n<k<ky, teFa pnn

logn
‘VS"%( ’g1 )

ol P25]]

3.4 UIB and UINN consistency of functional conditional U-
statistics

+O(l.CO 5)

In this section, we consider the uniform consistency, the UIB and the UINN consistency of the
functional conditional U-statistic given by (3.2.1). First, let’s introduce some notation :

X = (Xl,...,Xm)E:%‘m, Y:: (Yl,-..,Ym)E@m,

X, = XXy, Yir=5,...,Y5,),
hn,k(t) = (Hn,k(tl);---;Hn,k(tm)) for t=(f1,...,tm) Eym;
1 m o (dX;, ,))
G XY = ——oiy,...,Y) K( for te £
bk Gl @) ! Ym 1:[1 H,, 1 (6:) z
(n—m)!
un(@,thy  (©) = ul” (Geh,,) = Y. Gyh,, X, Yi),

|
n. iel(m,n)

and for some symmetric measurable function f(-) define the P-canonical function 7y, ,, p =
1,...,m, see Arcones and Giné [1993] (we replace the index k with p to avoid confusing it with
the smoothing parameter k ), by :

Tpmf (..o tp) 1= By —P) -+ (8, ~P)P" P f.
where for measures Q; on S we let
Qe Qult= [ 11 %) Q1 (50 dQ ),
and 0, denote Dirac measure at point x € & . For example,
T,mh(x) = E(h(Xy,..., Xm) [ X1 = X) —Eh(Xy,..., Xpm).

It’s clear that, for all @ € %, :

un(@,t,hy, (1)
un(1) t)hn,k(t)) '

and u, (@, t,hy, (1) is a classical U-statistic with the U- kernel G, h, (X Y)- However, the study

72 (@, hy, 1 (1) =

of the uniform consistency and the UIB consistency of 7 "™ (¢, t; hn £@®) to 7™ (¢, t) can not
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be done with a straightforward approach due to the randomness of the bandwidth vector h,, i (t)
which poses some technical problems. To circumvent this, our strategy is to first study the
uniform consistency and the UIB consistency of 7™ (¢, t;h), where h = (hy, ..., k) € A2
is a multivariate bandwidth that does not depend on t and k. Hence, we study the uniform
consistency and the UIB consistency of u,, (¢, t, h) to E(u, (¢, t,h)) when ¢ € .%,, and when ¢ =
1, and we shall consider an appropriate centering factor than the expectation [E( »(m) (p,t h))

hence we define : ( h)
- E(un(p,t,h)
E(7 (@, th) = —— "
o 6 = o)
The second step will be the use a general lemma, adapted to our setting, similar to that of Burba
et al. [2009] and Kudraszow and Vieu [2013] (see Subsection 3.9.1 ) to derive the results for

the bandwidth h,, ;. (¢).

(3.4.1)

3.4.1 Uniform consistency and UIB of functional conditional U-statistics

Before we start studying the uniform consistency and UIB of functional conditional U-statistics
in the multivariate setting, for reader convenience, let us recall the results of Bouzebda and
Nemouchi [2020] for a univariate bandwidth hg € [a,,, b;].

Uniform consistency and UIB consistency for a univariate bandwidth
The following result handles the uniform deviation of the estimate u,(¢,t, hx) with respect to

E(un(,t, hx)) when the class of functions is bounded.

Theorem 3.4.1.1 Suppose that the conditions (A.l.), (A.2.), (A.4.), (A.6.) and (A.5’.) are
fulfilled, we infer that for

sup sup  sup |un(@,t, hx) —E(un(@,t, hx))| = Oaco
ORe.F M anshgsbpteF)!

where, for t = (ty,..., ty) € L1,

(d( t)) l—m[ (d( ) )

i=1
The following result handles the uniform deviation of the estimate u,(¢,t, hx) with respect to
E(un(@,t, hgx)) when the class of functions is unbounded satisfying general moment condition.

Theorem 3.4.1.2 Suppose that the conditions (A.1.), (A.2.), (A.4.a’), (A.4.b), (A.5’.) and (A.6.)
are fulfilled, we infer that for all 0 < by <1:

sup sup sup | Upn ((P» t, hK) -E (un ((P, L hK))| = Oa.co (343)

OKe.F M an<hx<bo te.#}!
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The following result handles the uniform deviation of the estimate Fim)

(¢, t; hg) with respect to
E (?,(1’”) (p,t hK)) in both cases, when the class of functions is bounded or unbounded satisfying

general moment condition.

Theorem 3.4.1.3 Suppose that the conditions (A.1l.), (A.2.), (A.4.), (A.5’.) and (A.6.) (or
the following (A.1.)-(A.4.a’), (A.4.b), (A.5’.) and (A.6.)) are fulfilled, we infer that for all
0<by<l1:

sup sup  sup |F{™ (@, t hx) —E(FY (9,6 7)) | = O.co
QRe Ty M apshxsbgte #}

Theorem 3.4.1.4 Suppose that the conditions (A.1.)-(A.3.) and (A.4.b) are fulfilled, we infer
that for all0 < b, <1,b,, — 0:

sup sup sup |E(FY (@, 6 ) — " (¢,1)] = O(b)). (3.4.5)
GKeF M an<hx<byteF"!

Corollary 3.4.1.5 Under the assumptions of Theorems 3.4.1.3 and 3.4.1.4 it follows that :

sup  sup sup [P (@, ) — 1 (@, 8] = O (b)) +0a.co
pKe.F M an<hx<bpte !

. (3.4.6)

Remark 3.4.1.6 [fthe elements @ of the class of functions F,, are not symmetric, which implies
that Gy ¢, ng are not symmetric, we will need to symmetrize them. To do this, we have :

1 1 ~
Gyt iy (6,Y) := — Y Gyt ®e,Yg) = — Y os)Kxs -1,

o€l ‘o€l

where X5 = (Xg,,...,Xg,,) and y; = (Yo,»---»Vo,,)- After symmetrization the expectation

E (G 5.9)) = E (G 6,3))

and the U-statistic
Ul (Gt ) = US™ Gty 1= Un (@, t, i)

do not change. Note that if the class of functions %, %™ satisfies the entropy condition, the

class F 1 ™ of symmetrized functions, satisfies it too and its envelope function is :

F) =F,y) =k™ ). Fly,).

el

This remark remains true also for the functions Gy, ;-
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Uniform consistency and UIB consistency for a multivariate bandwidth

Next, we will give the UIB results for all t€ 5@? and h € Jf,gm). We first start with announc-
ing the result concerning the uniform derivation of the estimate u,(¢p,t,h) with respect to
E(un(@,t,h)) when the class of functions is bounded.

Theorem 3.4.1.7 Suppose that the conditions (A.l.), (A.2.), (A.4.), (A.5’.) and (A.6.) are
fulfilled, we infer that

sup sup sup |un (@, th) —E(un(p,th))| =040
QKeF i A Mhe M €Sy

The following result covers the uniform derivation of the estimate u,(¢,t,h) with respect to
E (un((p, t, h)) when the class of functions is unbounded satisfying general moments condition.

Theorem 3.4.1.8 Suppose that the conditions (A.1.), (A.2.), (A.4.a’), (A.4.b), (A.5’.) and (A.6.)
are fulfilled, we infer that for all 0 < by <1:

sup  sup sup |un(@,t,h) —E(uy(@,t h))| =040 (3.4.8)

gKe Ty 0m he 7™ te S

~

The following result handles the uniform deviation of the estimate 7™ (¢, t;h) with respect

to E(?,’;(m) (p,t h)) in both situations, where the class of functions is bounded or unbounded
satisfying a general moment condition.

Theorem 3.4.1.9 Suppose that the conditions (A.1.), (A.2.), (A.4.), (A.5’.) and (A.6.) (or
the following (A.1.)-(A.4.a’), (A.4.b), (A.6.) and (A.5’.)) are fulfilled, we infer that for all
0< E() <l1:

sup sup sup |7n" (@, 6h) —E (7™ (¢, t;h))| = Opco
gReFp m hej‘f’o(m) te !

Theorem 3.4.1.10 Suppose that the conditions (A.1.)-(A.3.) and (A.4.b) are fulfilled, we infer
that or all 0 < En < 1,5,, —0:

sup  sup sup [E(F:" (@ th)-r" (¢,t)|=0(B})). (3.4.10)
9KeZ ) " he 7™ €Sy
Corollary 3.4.1.11 Under the assumptions of Theorems 3.4.1.9 and 3.4.1.10 it follows that :

logn
nd(an)

sup sup sup |72 (@, 6h) — 1" (@,0)| =0 (b)) + Opco
OKEF M he 78T €S

. (34.11)
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3.4.2 Uniform consistency and UINN consistency of functional conditional
U-statistics

Let 0 < u* < v* < oo be some constants and p;, € (0,1) is a sequence chosen in such a way that

min qu)—l (pn,] Ln) _ p*(b_l (Pn l.n)

l=sj=m n n
and X i
— 2, — 27
maxvj(bl( n):v*q)l(*—n).
l<sjsm Pn,jn Ppn

The following result deals with the uniform deviation of the estimate u, (¢, t,h;, (t)) with re-
spect to E (u, (¢, t,hy, (1)), when the class of functions is bounded.

Theorem 3.4.2.1 Suppose that the conditions (A.1l.), (A.2.), (A.4.), (A.5’.) and (A.6.) are
fulfilled, if in addition assumption (A.7.) holds, we infer that :

sup sup  sup |un(@,thy, () —E (un(@, t,hy, ()|
QKeF M ki nskskonte S,

logn
(3.4.12)

rolwre (%52

n

=0a.co

The following result deals with the uniform deviation of the estimate u, (¢, t h;, ;(t)) with re-
spect to E(un((p,t,hn,k(t))) when the class of functions is unbounded satisfying general mo-
ments condition.

Theorem 3.4.2.2 Suppose that the conditions (A.1.), (A.2.), (A.4.a’), (A.4.b), (A.5’.) and (A.6.)
are fulfilled, if in addition assumption (A.7.) holds, we infer that :

sup sup  sup |un(@,thy, ((0) —E (un(@, t,hy, (1))
QKeF M ki nskskonte S,

1
‘lfyi%( oin)
(3.4.13)
*k n
oo (2202

n

=O0a.co

The next results give uniform consistency when the class of functions is bounded or unbounded.

Theorem 3.4.2.3 Suppose that the conditions (A.1.), (A.2.), (A.4.), (A.5’.) and (A.6.) (or the
following (A.1.)-(A.4.a’), (A.4.b), (A.5’.) and (A.6.)) are fulfilled, if in addition assumption
(A.7.) holds, we infer that :

sup sup  sup |Fa" (@, thy, 1 ©) —E (7™ (@, thy, 1 (1)
OKe Fy, 0 M k1 n<k<kpnte S
logn
ch%( n )
=0a.co " (34.14)
* 1 —1 pnklyn
ot (221
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Theorem 3.4.2.4 Suppose that the conditions (A.1.)-(A.3.) and (A.4.b) are fulfilled, if in addi-
tion assumption (A.7.) holds, we infer that :

- o \Y
sup sup  sup [E(F:" (@, thy, k(1)) — r™ ((p,t)|:0(q)_1( in) ) (3.4.15)
QKe. Tyt m ki nskskspte L) Pnnt

Corollary 3.4.2.5 Under the assumptions of Theorems 3.4.2.3 and 3.4.2.4 it follows that :

sup sup  sup |7 (@, 6hy, 1) — 1 (@, 1)
QKeF M ki nskskonte sy

~ofv (kz,n)Y) vo, | | =)

(3.4.16)

*

* I "
Pnn \ nq)(p*(p—l(pnnl, ))

Remark 3.4.2.6 The choice of the parameters W* and p;, defined in a similar way as in condi-
tion (A.7.) affects the rate of convergence of the k-NN estimator. We can choose these param-
eters depending on the small ball probability function $;(h); it is worth noticing that, in many
examples, the latter can be written approximately as a product of two independent functions of t
and another of h, (see, for instance, Mayer-Wolf and Zeitouni [1993] for the diffusion process,
Bogachev [1998] for a Gaussian measure, and Li and Shao [2001] for a general Gaussian
process). The most frequent result available in the literature is of the form @;(€) ~ g(t)Pp(€)
where ¢(€) = e¥exp (—C/eP) with y =0 and p = 0. It corresponds to the Ornstein-Uhlenbeck
and general diffusion processes (for such processes, p =2 and y =0 ) and the fractal processes

(for such processes, Y >0 and p =0 ). For more examples Ferraty et al. [2007]:
1. ®s(h) =L(H)h", for some v >0 where T,(s) = s;

2. &i(h) =L(t)h’ exp(—Ch™P), for some v>0 and p >0 where 1,(S) is the Dirac’s func-

tion;
3. ¢¢(h) =£(1) In(h)|~t, where 1+(8) = 1j0,1)(s) the indicator function in 10,1].

Remark 3.4.2.7 It is worth being noted what is the price to pay by the nice features of the
k-NN-based estimators: remembering that H,, (X) is a random variable (which depends on
X1,...,Xp), one should expect that additional technical difficulties will appear along the proofs
of asymptotic properties. To fix the idea on this point, note that the random elements involved
in (3.2.1), m =1, can not be decomposed as sums of independent variables (as it is the case, for
instance, with kernel-based estimators), and hence its treatment will need more sophisticated
probabilistic developments than standard limit theorems for sums of iid variables. Also, the
Hoeffding decomposition can not be applied directly to (3.2.1), which is the main tool for the
study U-statistics.
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3.5 Extension to the censored case

Consider a triple (Y,C,X) of random variables defined in Rx R x Z. Here Y is the variable
of interest, C is a censoring variable, and X is a concomitant variable. Throughout, we will
use Maillot and Viallon [2009] and Bouzebda and Chaouch [2022] notation and we work with
a sample {(Y;,Cj,X;)1<i<n} of independent and identically distributed replication of (Y,C,X),
n = 1. Actually, in the right censorship model, the pairs (Y;,C;), 1 < i < n, are not directly
observed and the corresponding information is given by Z; := min{Y;,C;} and A; := 1{Y; < C;},
1 <i < n. Accordingly, the observed sample is

@n = {(ZirAirXi)y i= ]-)---»n}-

Survival data in clinical trials or failure time data in reliability studies, for example, are often
subject to such censoring. To be more specific, many statistical experiments result in incomplete
samples, even under well-controlled conditions. For example, clinical data for surviving most
types of disease are usually censored by other competing risks to life that result in death. For

—o0 < <00, set
Fy@) =P =<1t), G()=P(C=<1t), and H(tH) =P(Z< 1),

the right-continuous distribution functions of Y, C and Z respectively. For any right-continuous
distribution function L defined on R, denote by

Ty =sup{teR:L(f) <1}

the upper point of the corresponding distribution. Now consider a pointwise measurable class
# of real, measurable functions defined on R, and assume that .# is of VC-type. We recall the
regression function of y(Y) evaluated at X = x, for ¢ € .% and x € &, given by

rOw,x) =Ey () [ X="x),

when Y is right-censored. To estimate rd (v,-), we make use of the Inverse Probability of
Censoring Weighted (I.P.C.W.) estimators have recently gained popularity in the censored data
literature (see Kohler ez al. [2002], Carbonez et al. [1995]). The key idea of I.P.C.W. estimators
is as follows. Introduce the real-valued function ®y,(-,-) defined on R? by

I{y=<sciw(ync)
1-G(yac)

Dy (y,0) = (3.5.1)

Assuming the function G(-) to be known, first note that @y (Y;,C;) = Ajw(Z;)/ (1 - G(Z;)) is
observed for every 1 < i < n. Moreover, under the Assumption (.#) below,

() Cand (Y,X) are independent.
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We have
r(@y,x) = E@y(Y,0)|X=x)
_ E{wm:x}
1-G(2)
= [E{ Vo) [E(]l{YsC}lX,Y)lX:x}
1-G(Y)
= Doy, x). (3.5.2)

Therefore, any estimate of rd (®y,-), which can be built on fully observed data, turns out to
be an estimate for rV (1, -) too. Thanks to this property, most statistical procedures known to
provide estimates of the regression function in the uncensored case can be naturally extended
to the censored case. For instance, kernel-type estimates are particularly easy to construct. Set,
forxeZ,h=0,1<i=<n,

d(x,Xi)) L (d(x»Xi))
ol — K| ——]. 3.5.3
Cnicni 1) ( Hyp i (x) / Zl Hy, i (%) G>9

In view of (3.5.1), (3.5.2), and (3.5.3), whenever G(-) is known, a kernel estimator of ™ (y,-)
is given by
— Ajw(Z;)
~(1) (1)

(W, X hp) = Zl nkhi TGz (3.5.4)
The function G(-) is generally unknown and has to be estimated. We will denote by G}, (-) the
Kaplan-Meier estimator of the function G(-) Kaplan and Meier [1958]. Namely, adopting the
conventions

[[=1

)
and 0° = 1 and setting
n
Np(w) =) 1{Z; = u},
i=1
we have

Gyw=1- ]

iiZ;<u

{Nn(zi) -1

(1-4;)
} , for ueR.
Nn(zi)

Given these notations, we will investigate the following estimator of r™ (y, )

S

(1) _ A (Z;)
FO* (s, x; B) = Z 5, () %(Z) (35.5)
_ n 1

refer to Kohler er al. [2002] and Maillot and Viallon [2009]. Adopting the convention 0/0 =0,
this quantity is well defined, since G,(Z;) = 1 if and only if Z; = Z(;;) and A,y = 0, where Z
is the kth ordered statistic associated with the sample (Z;,...,Z,) for k =1,...,n and Ay, is
the A; corresponding to Zy = Z;. When the variable of interest is right-censored, functional
of the (conditional) law can generally not be estimated on the complete support (see Brunel
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and Comte [2006]). A right-censored version of an unconditional U-statistic with a kernel of
degree m =1 is introduced by the principle of a mean preserving reweighting scheme in Datta
et al. [2010]. Stute and Wang [1993] have proved almost sure convergence of multi-sample
U-statistics under random censorship and provided application by considering the consistency
of a new class of tests designed for testing equality in distribution. To overcome potential biases
arising from right-censoring of the outcomes and the presence of confounding covariates, Chen
and Datta [2019] proposed adjustments to the classical U-statistics. Yuan ef al. [2017] proposed
a different way in the estimation procedure of the U-statistic by using a substitution estimator
of the conditional kernel given the observed data. We refer also to Bouzebda and El-hadjali
[2020]. To our best knowledge, the problem of the estimation of the conditional U-statistics
was open up to the present, and it gives the main motivation for the study of this section. A
natural extension of the function defined in (3.5.1) is given by

m
H{]I{Yi SciW(1IAC .., Ym A Cm)
q)qj(yly-..,ym,Cb...,Cm) = i=1

m
[T -GiAc)}
i=1

From this, we have an analogous relation to (3.5.2) given by

[E(q)qj(Yly---yYWL!Clw--yCm) | (le---me) = t)

m
[TV < Cy (Y1 ACL,..., Y ACp)
- |2 ¥ | Xq,...,Xm) =t
[T{1-G(Y; AC)}
i=1
Y,...,Y m
= E ME [T < Cit 1 (Y1, X0, . (Y Xi) | | Koo Xim) =
[T1-Gaar V=

i=1
= [E(W(Yl,,Ym)l(Xl,,Xm):t)
An analogue estimator to (3.2.1) in the censored case is given by
8i1 T SikW(Zil yooe yZik) —(m)

=% (m) —
P (@t hy, (D) = ® (1), 3.5.6
n @ n,k i l.m;d(m,n) (1- G(le) (11— G(Zlk)) nK ki ( )

where, fori= (i,...,i;;) € I(m, n),

K(dm,xil))“.K(d(tm,xim))

— Hp, x(f1) Hy, x(tm)
(m) _ n,k\*1 nk\m
(i1 i) €1(10,12) H;, 1 (11) Hy, 1k (tm)
The estimator that we will investigate is given by
9 Oi -0, wZiy,...,24)
A thye®) = ) VB gk g (358)

Grigeien A= GnZy) - A =Gy (Z;))  momwl
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In order to obtain our results, we will work under the following assumptions.

(A1) F' = {y:=y11{(—o0, 1)™},v; € .F}, where T < Ty and .% is a pointwise measurable
class of real measurable functions defined on R and of type VC.

(A.2) The class of functions .%#" has a measurable and uniformly bounded envelope function Y
with,

Yy, Ym) Zsup [ Wy, .., ym) I, Vi <Th.
yeF

(A.3) The class of functions ./ is relatively compact with respect to the sup-norm topology on
V™ (compact set of & containing x), where

M ={r" (@, K() 1 p e Fg}.

Corollary 3.5.0.1 Under (A.1)-(A.3) and the assumptions of Theorems 3.4.2.3 and 3.4.2.4 it
follows that :

-

sup sup  sup r,(lk)*(w,t;hn,k(t))—r(m)((p,t)‘
@KeFp, o0 m ki n<k<ky,, teV"
logn
k2n v W&ﬂx( n )
=O(¢‘1(p;n) )+Oa.co % (3.5.9)
n x* 1 —1|Pniln
mo{uwo™ (202)

This last result is a direct consequence of Corollary (3.4.2.5) and the law of iterated logarithm
for G}, () established in Foldes and Rejt6 [1981] ensures that

. loglogn
sup|G,, - G(H)|=0 — almost surely as n — oo.
I=<T

3.6 Some potential applications

3.6.1 Setindexed conditional U-statistics

We aim to study the links between X and Y by estimating functional operators associated with
the conditional distribution of Y given X, such as the regression operator, for C; x -+ x C,, := C
in a is a class of sets €,

m
G(Cy % xCr | =E[[] Lyviecy | Xi,....Xm) = t| for te ™.
i=1

We define metric entropy with the inclusion of the class of sets & . For each € > 0, the covering
number is defined as :

N, €,6V(1x) = infifneN: 3Cy,...,C, €% suchthat VCe ¥ I1<i,j<n
with C; cC<C; and 6M(C;\C; | x) <&},
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the quantity log(A (e,%,G (- | x))) is called metric entropy with inclusion of ¥ with respect
to GW(- | x). The quantity log.A4 (e,%,GV(- | x)) is called metric entropy with inclusion of
¢ with respect to G(- | x). Estimates for such covering numbers are known for many classes
(see, e.g., Dudley [1984]). We will often assume below that either logﬂ(s,%,G(l)(- | x)) or
N (€,%,6W (- | x)) behave like powers of € 1: we say that the condition (Ry) holds if

log A (e,%,6" (-] x)) < Hy(e), forall € >0, (3.6.1)

where

H,(e) = { log_(As) ?f Y=0,

Ae™Y if y>0,

for some constants A,r > 0. As in Polonik and Yao [2002], it is worth noticing that the con-
dition (3.6.1), y = 0, holds for intervals, rectangles, balls, ellipsoids, and for classes which
are constructed from the above by performing set operations union, intersection and comple-
ment finitely many times. The classes of convex sets in R% (d = 2) fulfill the condition (3.6.1),
Y = (d—1)/2. This and other classes of sets satisfying (3.6.1) with y > 0 can be found in Dudley
[1984]. As a particular case of (3.2.3), we estimate G/ (Cy x ---x C,, | t)

d d(n,X;) d(tm,Xi,,)
Z H]I{Yijecj}K(#)"'K(—)

aom (E . (i1, im)€L(m, 1) j=1 Hy, 1 (11) Hyy 1 (tm) (3.62)
ne ¥ K(d(tl»xil)).”K(d(tmyxim)) o
Grrimyel(mny  \ Hn k(1) Hy i (tm) )
One can apply Corollary 3.4.1.5 to infer that
sup sup  sup [6JP(C,0-G"™(CIH|—0  aco. (3.6.3)

CxKe@m o mkyn<k<kpnte Sy

Remark 3.6.1.1 Another point of view is to consider the following situation, for a compact
J R,

m
G (1, ym |0 = [E(]‘[ Lyy,<yy | X1, Xim) = t) forte Z™, (y1,...,ym) €J.
i=1

Let L(-) be a distribution in R and ﬁnyk(ti) is the number of neighborhoods associated with
Y;s. One can estimate G (y1,..., ym | t) = GU(y | t) by

G (y,t)

)3

(i1, im)€l(m,n)

K(d(tbxil)) . “K(d(tm)xim))
Hp k(1) Hp, ik (tm)
K(d(fl,Xil) ) “.K(d(tm,Xz‘m))

(pisyelmny  \ Hnk(f1) Hy, 1 (tm)

.....

n-Yj L tm—Yi,
H, z(1) H, z(tm)

One can use Corollary 3.4.1.5 to infer that

sup sup  sup sup |G/ (y,t) -G (y| )] —0 a.co. (3.6.4)
Ke X ™M k) p<k,k<ky , €5y V€I
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3.6.2 Generalized U-Statistics

The extension to the case of several samples is straightforward. Consider k independent collec-
tions, of independent observations

1) (@ 1) (@ (k) ~7(k) (k) ~(k)
{(X1 Y, ),(X2 Y )}{(x1 Y; ),(X2 Y; )}
Let, for te g m+--+mg)

0,0 = "0, o)
= Efp (v YV YR (X X = = L K,

ml’ -

where ¢ is assumed, without loss of generality, to be symmetric within each of its k blocks
of arguments. Corresponding to the "kernel" ¢ and assuming n; = my,..., nx = myg, the the
conditional U -statistic for estimation of (") (@, t) 1s defined as

7R (@, 6, By 1 (1)

Yo(Y v vy R (x® XD x®, xR

= 1 imy k1 Lemy, 1 imy k1 Lemy,
B ZK(X(I) xM . x(®) X(k)) ’

i+ Ky 305 Koo X
Cc
where

NG ) ()

v (di? X d(ty, X; )

K(Xgl) X0 . X ):HK oy jmj
i T ) ey, =1 H;, k(1) Hy, 1k (tm) ’

and h,, (1) = (Hn,k(til)),...,Hn,k(t%),...,Hn_k(t{’“)), . ..,H,,,k(t"c))) € T o Rtk

ny +

is a vector of positive random variables which depend on {X(ll), .. ,ng } yeen {X(lk), . ,ngk) } Here

{ijl,...,ijmj} denotes a set of m; distinct elements of the set {1,2,...,nj} 1<j<k,and ),
denotes summation over all such combinations. The extension of Hoeffding [1948] treatment
of one-sample U -statistics to the k sample case is due to Lehmann [1951] and Dwass [1956].
One can use Corollary 3.4.1.5 to infer that

sup max  sup sup ?’gm,k) ((p,t,fln)k(t))— r(m:k) (p,t)| — 0 a.co.
OKEF 4oy, T IS]Skk{‘nskfskgyn tesy 1Tk
(3.6.5)

3.6.3 Discrimination

Now, we apply the results on the problem of discrimination described in Section 3 of Stute
[1994b], refer to also to Stute [1994a]. We will use similar notations and settings. Let ¢(-) be
any function taking at most finitely many values, say 1,...,M. The sets

Aj={ 0 ym) 9.y =}, 1<j<M
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then yield a partition of the feature space. Predicting the value of ¢(Yy,...,Y,;) is tantamount
to predicting the set in the partition to which (Yy,...,Y,,) belongs. For any discrimination rule

g(-), we have
M

PgX) =)< ). f max m/ () dP(t),
j=17xgt)=j}

where
m/x) =P@Y)=jIX=1), te #".

The above inequality becomes equality if
- j
go(x) = arg 1;1}?& m/ (t).
The function gy(-) is called the Bayes rule, and the pertaining probability of error

L =1-P(gX) = p(Y)) = 1—[E{ max mf(t)}
1=j=M

is called the Bayes risk. Each of the above unknown functions m/(9)’s can be consistently
estimated by one of the methods discussed in the preceding sections. Let, for 1 < j <M,

d(t,X;, d(tm, X,
Y 11{cp(Yi1,...,Yim):j}K( il ))---K(( ))

i (g) = Qdmelon ikt Tk ] G6)
(d(tl,xil)).“K(d(tm,x,',,,))
Gyioneltm,ny \ Hnk(21) Hp 1 (£m)

Set
go,n(X) = arg 12}255/[ mﬁ(t).

Let us introduce
LZ =P(go,nX) # ¢(Y)).

Then, one can show that the discrimination rule g ,(-) is asymptotically Bayes’ risk consistent

L, —L".

n

3.6.4 Metric learning

Metric learning aims at adapting the metric to the data and has attracted a lot of interest in
recent years; for instance, see Bellet ef al. [2013] and Clémencon ef al. [2016] for an account
of metric learning and its applications. This is motivated by a variety of applications ranging
from computer vision to information retrieval through bioinformatics. To illustrate the useful-
ness of this concept, we present the metric learning problem for supervised classification as in
Clémencon et al. [2016]. Let us consider independent copies (X1,Y1),..., Xy, Y,) of a X x ¥
valued random couple (X,Y), where & is some feature space and % = {1,...,C}, with C = 2, say,
a finite set of labels. Let & be a set of distance measures D : & x & — R... Intuitively, the goal
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of metric learning in this setting is to find a metric under which pairs of points with the same
label are close to each other, and those with different labels are far away. The natural way to
define the risk of a metric D is

RD) =E[¢((1-D(X,X)-(21{y=Y"}-1))], (3.6.7)

where ¢(u) is a convex loss function upper bounding the indicator function l{u = 0}, for in-
stance, the hinge loss ¢ () = max(0,1—u). To estimate R(D), we consider the natural empirical
estimator

Rn(D) =

> o((DXX))-1)-2n{Y; =Y} - 1)), (3.6.8)

n(n-1) l<i<j<n

which is a one-sample U-statistic of degree two with kernel given by:

Hp (6,90, (¥.1)) = & (D (x,%) ~1)- (2 {y = '} - 1).

The convergence to (3.6.7) of a minimizer of (3.6.8) has been studied in the frameworks of
algorithmic stability (Jin ez al. [2009]), algorithmic robustness (Bellet and Habrard [2015]) and
based on the theory of U-processes under appropriate regularization (Cao et al. [2016]).

3.7 Examples of kernel for the U-statistics

Generally speaking, we may take for ¢(-) any function which has been found interesting in
the unconditional setup; cf. Serfling [1980]. As mentioned before, the case m =1 leads to
the Nadaraya-Watson estimator if we set ¢ = Id (the identity function); ¢ = 1{- < ¢} yields the
conditional d.f. evaluated at ¢, for instance, see Stute [1986].

Example 3.7.0.1 For
@Y1,Y2) = 1{Y; +Y2 > 0},

we obtain a conditional U-statistic which may be viewed as a conditional version of the Wilcoxon
one-sample statistic. It may be used for testing the hypothesis that the conditional distribution

at X, is symmetric at zero. Obviously :

r (@Y1, Y2)  ti=10)=PY1+Y2>0|X; =1, =X).
Example 3.7.0.2 For
¢(Y1,Y2) = 1{Y; =Yy},

we have
rP(e(Y1,Y2) | 1, ) =P(Y1 < Y2 X1 = 11,X0 = B), for 1 #

equals the probability that the output pertaining to t, is less than or equal to the one pertaining

to t.

62



CHAPTER 3. K-NN FUNCTIONAL CONDITIONAL U-STATISTICS

Example 3.7.0.3 For m=3, let :
@Y1,Y2,Y3) =1{Y1 - Y2 - Y3 >0},

we have
rOYLYo,Y3) [ h=to=t3=1)=P(Y; > Yo +Y3|X; =Xy =X3 = 1)

and the corresponding CU-S can be looked upon as a conditional analogue of the Hollander-
Proschan test statistic (Hollander and Proschan [1972]). It may be used to test the hypothesis
that the conditional distribution of Y1 given X, = t is exponential against the alternative that it
is of the New-Better than-Used-type.

Example 3.7.0.4 For :
1
P(Y1,Y2) = 2 (V1 = Vo),

we obtain :
r@(@(Y1,Y2) | 1, &) = Var(Y; | Xy = £1).

Example 3.7.0.5 Let Y = (Y1,Y2) such that Y, is a smooth curve, Y, € 1,([0,1]) and Y, € R has

a continuous distribution. For
@©(Y1,Y2) = 1{(Y1,1 = Y2,1) (Y1,2(8) = Y2,2(2)) > 0} - 0.5,

which can be used to treat the problem of testing for conditional association between a func-
tional variable belonging to Hilbert space and a scalar variable. More precisely, this gives the
conditional Kendall’s Tau-type statistics, for more details, refer to Jadhav and Ma [2019] for

the unconditional setting.

Example 3.7.0.6 Hoeffding [1948] introduced the parameter

A:f f D (1, y2)dF (1, 1),

where D(y1, y2) = E(y1, y2) — F(y1,00)F (00, y2) and F(-,-) is the distribution function of Y, and
Yo. The parameter A has the property that A = 0 if and only if Y, and Y, are independent. From
Lee [1990], an alternative expression for /A can be developed by introducing the functions

1 ifya<y1<ys
V(yLy23)=3 0  ifyi<ynysoryi=ysys
-1 ifyssy<y

and
1
P (Y1,1,J/1,2, ---,J/5,1,J/5,2) = ZW(J’I,I»J’I,Z,J’I,?)) 4 (Y1,1,J/1,4,J/1,5)\V(J/1,2»y2,2,J/3,2) \V(yl,z,y4,2,J/5,2)-

We have
A:f...fcp(y1,1,y1,z,...,y5,1,y5,z) dF (y1,1,112)...dF (y1,5,¥2,5).-
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We have

r® (¢, 11, 12, 13, 1, 15)
= E(@((Y1,1,Y1,2),-..,(Y5,1,Y52)) [ X1 =Xo =X3 =Xy =X5 = ).

The corresponding U-statistics may be used to test the conditional independence.

Example 3.7.0.7 (Blum-Kiefer-Rosenblatt’s R ). Write Py for the set of all k ! permutations
of {1,..., k}. The symmetric kernel

hr(z1,...,26)

= 2 (e =2i1) — 1 (200 = 2i5) {1 (260 = 2i5,1) = 1 (20,1 < 2i5,1)}]

x [{]l (Zi1.2 = Zi6y2) -1 (Zi2y2 = Zl'ayZ)} {]l (Zi3,2 = Zi6,2) -1 (Zl'4,2 = Zi6,2)}]
vields Blum-Kiefer-Rosenblatt’s R statistic (Blum et al. [1961]), which is a rank-based U-

statistic of order 6.

Remark 3.7.0.8 It is important to mention that the FDA is a very active field in the current
statistical community because of its wide range of applications. The literature on the subject
has been impressively large but mostly restricted to the standard multivariate situation where
both X and Y are real or multivariate. However, when the response is also of functional feature,
although functional linear models have been well developed, see, for instance, Ramsay and
Dalzell [1991], Miiller and Yao [2008] and the references therein, the functional nonparametric
model when both X and Y are functional has not been well developed and we can cite only a

few reports in this direction, Ling et al. [2017, 2020] and the references therein.

3.8 The bandwidth selection criterion

Many methods have been established and developed to construct, in asymptotically optimal
ways, bandwidth selection rules for nonparametric kernel estimators, especially for Nadaraya-
Watson regression estimator we quote among them Hall [1984], Hirdle and Marron [1985]
and Rachdi and Vieu [2007]. This parameter has to be selected suitably, either in the standard
finite-dimensional case or in the infinite-dimensional framework, to ensure good practical per-
formance. However, according to our knowledge, such studies do not presently exist for treating
such a general functional conditional U-statistic (unless the real case we could find in the paper
of Dony and Mason [2008] a paragraph devoted to the selection of the number k). Neverthe-
less an extension of the leave-one-out cross-validation procedure allows to define, for any fixed
i=(,...,ipm)elim,n):

Y @Y )K(—d(tl’le))-.-K(—d(t’"’xf’"))
joeeer Xjm

jel™ (i Hn,k(tl) Hn,k(tm)
n,i (‘p’ ) I’l,k - (d(tl,le)) K(d(tm,X]m)) ] 0.
jerr@  \ Hni(f1) Hy ik (jm)
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where
(i) := {j € I(m, n) and j # i} = 1(m, n)\{i}.

The equation (3.8.1) represents the leave-out-(X;, Y;) estimator of the functional regression and
also could be considered as a predictor of ¢ (Y;j). In order to minimize the quadratic loss func-
tion, we introduce the following criterion; we have for some (known) non-negative weight
function #'(-) :
2 __
V(e k)= Y (900 =70 (0. Xs hy X)) 7 X0, (3.8.2)
iel(m,n)
where
__ m
W=7 .
i=1

Following the ideas developed by Rachdi and Vieu [2007], a natural way for choosing the
bandwidth is to minimize the precedent criterion, so let’s choose ke (k1 5, k2,,] minimizing
among k € [ky,,, k2,5] :

sup  CV(¢,k),
@Ke T, 0 m

we can conclude, by Corollary 3.4.1.5, that :

~%

sup  sup rn'im) (@, t,h, 2(8) - r(m ((p,t)’ —0, a.co.

QKe Ty MeFY!
The main interest of our results is the possibility of deriving asymptotics for any automatic
data-driven parameters. Let K'(-) be a density function in R and H () is the number of
neighborhoods associated with Y;s. One can estimate the conditional density £ Ve Ym |

t) = f (ylt) by

£y, 0
3 K n-Y; K’( tm—Yi, )K(d(tbxil))“.K(d(tm,xim))
(i1, im)€lm,n) H;Lk’(tl) Hn,k’(tm) Hn,k(tl) Hn,k(tm)
¥ K(d(tl)xil)).”K(d(tm,Xim))
(i1 i) €1(10,12) Hy 1 (11) Hy, 1 (t)

Hence the leave-one-out estimator is given by

)
7y, 0
Z t}_le ...K’(tm_Yj )K(d(tbxﬁ))"-K(d(tm,xjm))
B (o )€1 ) Hn,k’(tl) Hn,k'(tm) Hn,k(tl) Hn,k(tm)
= (d(tl,le)) K(d(tm:ij))
(i1 el () Hn,k(tl) Hn,k(tm)

While the cross-validation procedures described above aim to approximate quadratic errors of
estimation, alternative ways for choosing smoothing parameters could be introduced, aiming
instead to optimize the predictive power of the method. The criterion is given by
2
(k, k') = arg min Z ((p (Yy) — argma]xf(n”;) (v, t))) ,
yeJ

k]_nSkSkz_n, ki‘nikliké‘n ieI(m,n)
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3.9 Mathematical developments

This section is devoted to the proofs of our results. The previously presented notation continues
to be used in the following.

3.9.1 General Lemma

This lemma presents an important tool that will allow us to derive asymptotic results for k-
NN estimators by using the results from functional conditional U-statistics of Bouzebda and
Nemouchi [2020]. We also present Lemma 3.9.1.1 in a general setting which could be useful
in many other situations than ours; this is a generalization of a result obtained in Burba ef al.
[2009]. More generally, this technical tool could be useful as long as one has to deal with
random bandwidths.

Let (A;,B;),,>1 be n random vectors valued in (Qm x QM of x %), a general space. Let Sq
be a fixed subset of O and we note that G: R x (Sq x Q) — R* a function such that, V¢ € Sq,
G-, (t,-) is measurable and Vx,x' e R:

(Lo)
x<x'=>Gx2) <G(x',2) ¥z Sq x Q.

We define the pointwise measurable class of functions for 1 < m < n:

Gm .= {(xl,...,xm) — HG(hi,(xi, t)),(hy,..., hy) € R0} and (24, ..., t,) € Sg}
i=1

Let (Dn, k(t)) neN be a sequence of random real vectors (r.r.v.) such that for all t = (zy,...,¢,) €
S D) = (Dyi(11), ..., Dy (), and @ : Q" — R be a measurable function belonging to
some class of functions %, and let M : %, x S 61 — R be a nonrandom function such that,

sup sup |9 (¢, )] < co.

PEFmteSy
Now, for all te ST, ¢ € &, and n € N\ {0} we define

> 9Bi,.-Bi,) [1G(H) (17,A,))

iel(m,n) Jj=1

m
> TI1GH; (,A:))

iel(m,n) j=1

M (¢, h) =

’

m
where h = (Hy,...,H,,) € R™, and G = [ [ G(hy, (x;, 1)), t= (11,..., tm) €S-
i=1
Lemma 3.9.1.1 Let (%) nen be a decreasing positive sequence such that lim %, = 0. If,

n—oo
for all increasing sequence B, € (0,1) with B, — 1 = O(%y), there exist two sequences of L.L.V.

(D;’k(ﬁn’t))nel\l and (D;’k(ﬁn’t))ne[\] such that
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(L1)
VneN and teSE,D, (Bn,t) <D} B ), Vj=1,..,m,
(Lz2)
m
m
jl:[11{D;,k(ﬁn:tj)SDn,k([j)SDzyk(ﬁnvtj)} 1, a.co, VteS.
(Ls)
m
Y T16(D; B 1), (51,A:))
I(m,n) j=1
sup sup sup |— " ]m —Bn|=Oa.co(@n),
Gegmesikunsk=ken 5 TTG(D ,Bn 1), (17, A1)
iel(m,n) j=1
(Ls)
sup sup  sup ‘93?5{”) (‘prt;D;k(ﬁn;t)) — M (tp,t)‘ = O.co(Un),
@GeF, gmteST ki n<k<ks,yn
(Ls)
sup sup sup ‘m(nm) ((P,t;D;,k(f)n,t)) — o ((P,t)‘ = Oaq.co(%p).
q)éefj‘mgm tESgl kl,nSkSkz,n
Then
sup sup sup MYV (9, 6D,k (0) =M™ (@, 0)| = Og.co(Wn). 3.9.1)
(péeﬁm%m tESgl kl,nSkSkgln
Proof of Lemma 3.9.1.1

The proof of this Lemma extends the scheme of Burba er al. [2009] and Kudraszow and Vieu
[2013]. For technical reasons, we assume that the function ¢(-) is a non-negative function. To
obtain the results for any real valued function @(-) we can write @(-) = @* () — ¢~ (), thus, for
all ye Q'™ we have:

¢ (y) =max(¢(y),0) and ¢ (y) = —min(¢(y),0).

Let us denote

Z (P(Bi,ly . ..,Bi,m) l_[ G(D;,k(ﬁn» tj), (tj,Ai,j))
=1

iel(m,n) J
S))tﬁ,"f) (@, 6Py) = m ’
> T1G(D} B 1, (11,4 )
iel(m,n) j=1
m
y (p(B,,l,...,Bi,m)HG(D;,k(ﬁn, fj)’(tj’Ai,ﬂ)
iel(m,n) Jj=1
M (@, Br) = m
Y T1G(D, B 1. (11,41
iel(m,n) j=1
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For all sequence p, € (0,1) with f,, —1 =0(%}), we deduce from (L3) and (L4) that
sup sup sup M (@, 6p,) - M (g, 1)
@GeFGMeS T ki n=k<kzn

< sup sup sup [P (@, 6B, — P (1)
9GeF,GmteST ki n<k<kon

+ M (@, 0)||Br -1 (3.9.2)
= Og.co(@p). (3.9.3)

In the same way, (L3) and (Ls) give us

sup sup sup |MT (@, 6B — M (@, 0] = O0g.co(Uy). (3.9.4)
@GeFgmteST kin<k<kon

For all € > 0, we note
Tulen) = { sup sup sup MV (@, 6D, k1) - M (@, )] e, }
@Ge.FgmteSy ki n<k<kz,n
and for all sequence p, € (0,1) with 3, —1 =O0(%,)
Sp(enPn) = { sup sup sup I (@, 66,) - M (@, 0)| < e%},
@GeFpgmteSl kinsk<kzn

Sy(EnBn) = { sup sup sup m%"l)(cp,t;ﬁn)—m(m)(tp,t))ss%},
@Ge.Z,, @mteST k1 n<k<ka,n

SnBn)

{93?51"2) (@, 6P < M™ (@, 1) < M (p,;,), Vt e sg}.
Then for all f, € (0,1) with B, —1=0(%,) ,

Ve, > 0,5, €nPn) [ )ShE€nPr) [ 1SnBr) € Trlen). (3.9.5)
Forall j=1,...,m, set

Gr,jBn) = {D; (B /) <Dy, 1) <D} (Bur ), VE€ ST},

and

j=1
Then (Ly) implies that G, (B,) =S, (B,) and, from (3.9.5), we have
Ve, >0, Tn(en)c < S;(En; ﬁn)CUs;(En, ﬁn)cUGn(ﬁn)c
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Consequently,

P{ sup sup  sup Im;’”)(cp,t;Dn,k(t))—zm"”)(cp,t)|>e%}
(pf;eymgm tESgL klynSkSkgyn

< P sup sup sup ‘E)ﬁgq”}) (@, 6Pne,) — i ((p,t)‘ >eU
9GeF,gmteSl ki n<k<kan

+|P{ sup sup sup ‘m%)((p,t;ﬁn,sn)—E)Jt(m)((p,t)‘>£02/n}

9GeF,gmteSl ki n<k<kan

m
+J§1P {H{D;,k(ﬁn,q)snn,wﬁn.rﬂsDz,k(ﬁmtﬂ} ) 0}'

Taking into account (Ly), (3.9.2) and (3.9.4), we get that, for gy > 0, we have

Y P { supsup sup | (@, 6D, k() - M (@, 0] > eo%n} < oo. (3.9.6)
n=1 (PG IESS’)n klynSkSkgyn
Hence the proof is complete. U

Proofs of the intermediate results

Using the fact that

~ '\ ((PK» , hK)
(1) . _'n
’t)h _—)
rn ((p K) Qn(K; t) hK)
where ; At X0
[,X;
W, (9K, t; hy) = (Y')K( ),
n(@ K nq)t(hK)i:Zi(p : »
and . ; ALK
199,€
()Kt;h ):: K(—))
Q T e 20 R

we can proceed as follows:
(@, 1 ) =1 (@, 1)

1
= 0K g W @K 570 ~ W (K, £ hi)l)

E[W, (@K, t; hg)]
B nK»t,h —-E nK,Z‘,h
Qn(K, t; i) E[Q, (K, t; hy)] (Qn( k) — E[Qn( )]

EIW, (9K, £; hg)]
EIQ.(K, £ hx)] )

The following lemmas are instrumental in the proof of Theorem 3.3.2.1.

Lemma 3.9.1.2 (a) Under the assumptions (A.1.)-(A.3), (A.4.b), (A.6) and if we suppose that
(3.2.9) holds, then we get:

—|EleMIX=1) -

sup sup sup |Q,(K, t;hy) —E(Q, (K, £; h))| = Og.co
Ke# ap<hx<b, teFo

(3.9.7)
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(b) If in addition assumption (A.7.) holds, then we have

logn
V.7 n
sup sup  sup |Qn(K, £ 1y k() ~EQu(K, B, k()] = Og.co z
Ke# kynskskyn te Lo no (pcb (Pn 1, n))
n
(3.9.8)
Moreover, there exists C > 0 such that
P f f f K, t,h, (1) <C 3.9.
; Klerl%klngkl%ntén%Qn( nk(1) <C| < oo. (3.9.9)

Lemma 3.9.1.3 (a) If we suppose that the assumptions (A.1.)-(A.5.) and (A.6.) hold, then we

get
logn
Y.y ( " )
sup  sup sup [W,(@K, £ hx) —E(W, (9K, ; h))| = Oaco | \| ————[. (3.9.10)
YKeF X an<hx<b, te %y nd(ay)
(b) If in addition assumption (A.7.) holds, then we have
logn
Y.y ( p )
sup  sup  sup [Wu(@K, t; Ry (1) —E(Wn(@K, £ Ay (D)) | = Oaco
OKe.F H ki n<k<ky, teFar Pnki,n k1,5
nd|udp~! -
(3.9.11)

In order to complete this proof, we need to restate Lemma 3.9.1.3 for the unbounded class of
functions:

Lemma 3.9.1.4 (a) If we suppose that the assumptions (A.1.)-(A.3.) and (A.4.a’), (A.4.b),
(A.5.),(A.6.) hold then we get :

sup sup  sup |Wn (@K, t; hx) —E (Wn (@K, 1; hK))| =O0u.co . (39.12)
OKeF X an<hx<b, te Sy
(b) If in addition assumption (A.7.) holds, then we have
logn
W Sy ( n )
sup  sup  sup [Wu(@K, £; hip, k(1)) = E(Wn (@K, £; i,k (1))] = Oaco 2
GKET H kyn<kskon teFy no (pq) (pn 1, n))
n
(3.9.13)

Remark 3.9.1.5 The statements (a) in each one of the above lemmas is already proved in
Bouzebda and Nemouchi [2020], but since some of the elements of these proofs are needed
in the following sections, we will present a brief version of those proofs and adapt them to our

case.
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Proof of Lemma 3.9.1.2
Proof of Lemma 3.9.1.2 (a)

Taking condition (A.1l.a) in consideration, it suffices to prove that there exists €y > 0 and by > 0
such that

nd(ay)
Z[P’ sup sup sup |————

n=1 Ke ¥ ap<hx<bgte Ly V., (10%)

1Q,(K, £; hx) —E(Q, (K, t; hx))| = € < co.

Let {f1,..., In.(#,)} be an e-net for S, we know that:
Ns(ef@f)
Fx< |J Bwe),
=1
where N¢ () is the minimal number of balls in & of radius €(¢, = (logn)/n) needed to cover
Fa . Therefore, for all t € Fy, there exists £(f), 1 < 0(t) < Ng(F5) such that
teB(ty,en) and  d(t, tyy) = argmin, <o, (o, A (L, to).

Thus, the problem can be written as

1Qn(K, £; hx) — E(Qn (K, £; 7))

< |Qn(K, £; hx) = Qu(K, to(r); hx)| + |Qn (K, fo(sy; i) —E(Qn (K, tor); hx)))|

+|E(Qn(K, fon; k) —E(Qn (K, £ hx))| (3.9.14)
=|Qu1 K, t; 1) | + |Qn2 (K, £ hi) | + | Qn,3 (K, 2 hi) | - (3.9.15)

By (3.9.15), we can see that , in order to prove (3.9.7), we need to study

sup sup  sup {|Qu1 (K, 57| +|Qu2X, £ hx) | + |Qn,3 (K, ; )|} -
Ke X ap<hg<by te Fo

Let us start with Q2 (K, t; hx). We define

hy,j = 2/a,, Ln)= max{j: hx j <2bo}.

L(n)
Notice that, if we denote A, ; := [hg,j-1,hx,jl, we can clearly see that [ay,, by] S U HK,j»
j=1
which means in order to study the uniformity of Q, 2 (K, ; hx), we need to study

max sup Ssup sup |Qn,2(K, t; hK)|.
1=jsLN) Ke ¥ hxetbx j teFar

Now, for 1 = j <L(n) and 1 < ¢ <N, (#%), we consider the following class of functions

d(x,t
%Iée; = {xHK( (;K 2)) where K € .# and hKeifK,j}. (3.9.16)
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In addition, we denote

an(g) = —= 3" (X0 —E(gX1))
n\&g \/ﬁiZIg i gWi))),

the empirical process based on the functional variables Xy, ...,X,,. Hence, using the fact that,

for 1 < 0(t) < Ne(Fy)

1
n2=————=0n(K),
Q 2 (Dtg (hK)\/ﬁa

and, by the condition (A.l.a), we have

d(an) < d(an)
2 (o)~ CI2 ()’

and taking into account that hy ; = 2Ja,,, which means that hg,jl2 = 2i7lq, =: hg,j-1, we get

Glan) __ bla) __ dlaw
Cip2(h) ~ Cid2 (g j-1)  CR2(hg j/2)

In view of condition (A.1.b), we have

< q)(hK,j/z) - (l)(hK,j/Z)
Uk dlan)

)

this implies
¢(an) 1

<

¢G(hg,j/2) ~ Cs
Hence, we conclude that

C22(h,j12) ~ C2plhx/2) \Plhcj/2)
S
CiCsd(hx,;/2)

For some p > 0, we have
¢lan) _ ¢
2 ()~ bl j12)

It follows that

nd(ay,)
Pisup sup sup \ |2 10,0 (K, tr )| 2 €
Ke X ap<hx<bg te Sy wygg (Sn)

Ne,, (F2) L(n) 1
= L LP max ”\/_O‘n(K)”g(E) >¢€p/p
(=1 j=1 \/n(b(hK,]/Z)Wy% (€,) 1=0=<Ng, (%) l<]<L(n)

< L(mNg,(#2) max  max {1<p< ||\/—ap(1<)||g \/n¢(hK]/2)wy%(e,m(9@}7

1<j<L(n)1=€<Ng, (Fz)

We apply Bernstein’s inequality in order to bound the probability in (3.9.17). To do that, we
first study the asymptotic behavior of

W, =E || vna,® ||gg)_ :
2]
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and
o2 = [E(Gw).(X))Z,

where G(@ denotes the envelope function of the class % (¢ ) . Taking into consideration the con-
dition (A. 4 b), it follows that
Gif,’j X) = Ko Lps, g j12) XD,

and, from condition (A.1.), we get that, forall2< g < p,
q
E(GE,00)" < E (ke 120

<xJP (X eB(t, hg,j/2))*
< kJ by, (hx,j12)7,

and since the probabilities 0 < ¢, (hg,j/2) < 1, then it is clear that ¢, (hx,j/2)7 < ¢y, (hk j/2).
Now using condition (A.1.a), there exists a constant Cp > 0 such that ¢y, (hy, j/2) < Codp(hk,j/2).
we get that, for all 2 < g < p,

E(GE,00))" < Corpy, U 12),

which implies that
0% = Cax5(h,j/2).

Moreover, combining Lemma 3.9.1.6 and 3.9.1.7 in appendix together with condition (A.S.),

W), = E||vna,® ”%ﬁ} < Cy/nd(hg,j/2).

we could observe that

Hence we have

p;l:o(\/mp(hK,j/z)).

Now, we can apply Bernstein’s inequality for the empirical processes, therefore for

2\1/(q-2)
=(eg/2) \/nq)(hK,j/Z)wy% (€;) and H=x (a) , orsimply H=x, if g=2.

Making use of Lemma 3.9.1.8, we get

IP{ max | vPa,®) ||gm > \/mp(hK,/z)wa, (en)eo/g}

< IP{ max |v/pa, )| o = p;ﬁ-z} (3.9.18)
l=p=n “K,j
_ 2
< exp (60/9) \/ﬁwygy (€n)
V., (En)
8K3\/1 + 4€gK q)f; 8/2)
< n o, (3.9.19)
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log(by/ an)

where C > 0. Moreover, from equations (3.2.7), and the fact that L(n) ~ 102(2)
0g

and by
choosing
e(Z)C >1,e,=logn/n,

we get from (3.9.19) and (3.9.17),

Y P{sup sup sup _nlan)

n=1 Ke# ap<hgx<bg t€Fa V., (l(’%)

|Qun,2(K, toq; )| = €9

< ) CL(Ng, (Fa)n ™ <co. (3.9.20)

n=1
Let’s us now study the first term, |Qn,1(K, t; hK)| in (3.9.15). By condition (A.1l.a), for C > 0,
we have

sup sup sup |Qu1(K, 5 kx|
Ke X ap<hg<bg te Sy

- Law sup Sup{z 1 K(d(Xiyt)) 1 K(d(Xi;tZ(t)))|} (3.921)

Nxex an<hg<bgteFe |i=1 (pt(hK) hK - (btm) (hK) hK
L dX;, t)) (d(Xi, fe(z)))
< sup sup su K( —K|——||1p, 2 o &3R.22)
KEJIZ/ anshgbo tejl;)g nd(hg) ,:Zi hx hx BlERAUB o, i)

We denote:

i)
sup sup sup K
Ke X an<hgx<b teLa nd(hy) ;5

(d(Xi» l‘)) _ K(d(Xi» fe(t)))
hx hx

Since the kernel K(-) is supposed to be Lipschitz, we have

1 n

Quii< sup sup —) ———
" anshgbo teyfI; n ,=Zl hx ¢ (hx)

IB(¢, i) UB Loy, ) Xi) =2 Q11

Aa(t, toen) Lp(s, ) UB(ty(r), i) Xi)

n
< sup sup—z

€n 1
an<hsbyteFy N i1 hx ¢ (hg)

B(£, hi) UB £y, ) Xi)

1 n
< sup sup — ZZ(l.“),
ap<h<bg teFy N ;21

where, for1<i<n:
an_ _ &n

—1
! hxd(hg)
Using condition (A.6.) with the fact that the bandwidths hg belongs to the interval [a,, b,], we
getforg=2:

B(t, h) UB (togp), ) (XKi)-

2(g-1)
E(z(ll))qscq ; ,
! "\ Volan

where we assume that C; is the bound of the sequence logn/na, which converges to 0. Hence,
by applying a standard inequality (see Corollary A.8 Ferraty and Vieu [2006]) that the condi-
tions are satisfied here, uniformly on t € %5 and on hg, on :

£

1
ni:
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in combination with condition (A.2.) and (A.6.), we readily obtain

Qn,ll =O0a.co

Therefore

sup sup sup |Qn1(K, & h)| =O0a.co (3.9.23)

Ke# an<h<bg te %y

Let’s consider now |Qy,3(K, £; i) | in (3.9.15). It is clear that
|Qn3 &, £ 1) | E|Qn(K, foq; k) — Qu(K, £ hx) |,

hence, by the fact that the kernel K(-) is Lipschitz and for any constant a, E(a) = a, then we
QY (K, £; )|, that :

deduce directly by proceeding in the same way as in treating

(3.9.24)

sup sup Ssup |Qn,3(K; 5 hK)| =Oa.co
Ke X apn<h<byte Sy

Consequently, from (3.9.20), (3.9.23) and (3.9.24), we get :

sup sup sup |Q,(K, t;hx) —E(Q, K, t; hx))| = Og.co
Ke# ap<hx<bg teFy

Proof of Lemma 3.9.1.2 (b)

The proof of Lemma 3.9.1.2 (b) is a direct consequence of Lemma 3.9.1.2 (a). Specifically,
taking assumptions (3.2.13), (3.2.14) and (3.2.15) into account, it suffices to consider

_ k .k
an =y (2212 and b, = 222),
b (hg/2) _ kG b(hg/2) _ kGG

> > Cc'>o. 3.9.25
b - Co o) G g (39:25)

EQn(K, 1, hx)) =2 K3
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Thus, denoting C = C'/2 verifies that

P| inf inf inf Q,(K, t, hg) <C
KeZ ki n<k<kinteFg

= P Sup Sup Sup |QH(K7 t! hK) - [E(Ql’l(K) t; hK))| = C
KE%kLnSkSkgln teSy

< P|sup sup sup |Qn(K, ¢, hx) —EQ,K, ¢, hx))| 1 =>C/2
KeX ki n<k<kpnteFa 8 " {p(p—l(w—lfl'”)an,k(t)sv<p—1( pi,?)}
- pnkl,n _1(k2,n)))
+P|H,, (t o ety 3.9.26
(o [womt (2272 vo L (3.9.26)
It is shown, in Kara ef al. [2017], see (3.9.42) and (3.9.43), that
ka,n k ka,n k
Yy P(Hn,k(t)smp—l(p” 1'”))<ooandz Y P(Hn,k(r)zvq)—l( 2’”))<oo.
n k=kip n n k=kip Pnnt

So, all that is left to be investigated is

sup sup sup [Q(K, t; hx) —E(Q, (K, £ hx))l.
Ke# ay<hx<bg teSy

That is considered in the previous lemma. Hence the proof is complete. U

Proof of Lemma 3.9.1.3

Similar to the proof of Lemma 3.9.1.2, to prove (3.9.10), we can write
|Wh (9K, £ hx) — E(Wy (9K, £ i) |
< |Wal(@K, £ h) = W (@K, to(; i) |
+ Wi (@K, tein; 1)) = E (Wi (@K, ten; 1) |
+ |E(Wr (9K, tegr; hx)) —E(Wr (@K, £ Ax)) | -

In the sequel, we use the following notation

|W1 (@K, £ h)| -
|Wn,2 (K, to(p); hx) | .
[Wia (0K, ;i) |

|Wh (@K, £; 1) = W (@K, top); hx)|,
|Wh (@K, tor); hx) — E(Wp (@K, tocn; b)),
|E (W (@K, to(r); hi)) — E (W (@K, £ hx))] -

Proceeding in the same way as in the proof of Lemma 3.9.1.2, we observe that for 1 < ¢ <
Ne, (Fx) :

1 & d(X;, te) dX;, ty)
WK, tg;hy) = @ ————— { (Yi)K( )—[E( (Yi)K( ))}
2(@K, tg; I n(ptg(hK)i:Zi ¢ ™ @ ™
1
= - (x,n( K))
b (oym ™Y
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where o, (@K) is an empirical process indexed by the class of functions .% .%#". We consider also
the following class of functions for 1 < j <L(n) and 1 <€ <N, () :

d(x, ty)

%‘;g]—{(x,y)Hcp(y)K( )whereKec%/ peF andhKEJfo}

with the envelope function Gg) It and proceed as follows :

nd(ay,)
P4 max sup sup sup y/———— |Wn,2 (K, top); hK)| = €g
1<j<L(n) OKeF X hxeFk,jteF o Y.y (€n)

| VP, oK)

<L(n)Ng,(#2) max max P{max (N) _eo\/mp(hK,j)wy%(sn)}.

1=j<L(n) 1=£=Ng, (Fz) lsp=n
Since the envelope function G(e) .(-, ), satisfy

Gf,fl)q(x Y) = Mk 1g(g, iy j12) XD,
and from (A.1.), (A.4.b) and (A.5.), with the use of the Lemma 3.9.1.6 in combination with

Lemma 3.9.1.7 in appendix, we observe that

e M AGS P (/nt,12),

0% :=E(Gl (X, Y)) =0 (¢plhy,j/2)).

By applying Bernstein’s inequality for the empirical processes {a},(9K)} 5, with the same

and

choice of parameters as in the proof of Lemma 3.9.1.2, and from (3.2.6) we obtain :

2
_eowygy (En)
P{lrllpagc ‘ 2 eo\/n(p(hK,]/Z)Wy% (en)} < exp( ™
< nac (3.9.27)
Therefore, from condition (A.2.) and if we choose eOC’ ">1landeg, = lo g % we get
nd(ay)

Y P< sup sup sup [Wu.2(@K, to(; hi)| = €0

n>1 YKe F # an<hg<by te %y Wy (logn)

Y CLmn %" < 0. (3.9.28)

n=1

Remark, from condition (A.4.a), that W,, ; (@K, ¢; hg) satisfies :

|Wi,1 (@K, £; hy)|

d(X,-,t)) 1
K
mpt(hK)Z‘pm ( I mpt“)(hK)

1 1 d(Xl)t)) L (d(Xlrtf(t)))
nd(hy) ;5 ( hx n(')l’g (hv) (3 hx

M|Q, (K, t; hx) — Qn(K, tr); I |
MQy,1 (K, £; hg).

dX;, l‘e(t)))
> cp(Y,)K(—hK
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Hence, the study of the term |Wn,1((pK, t; hK)| is similar to that of Q1 (K, t; hx). Therefore, we
obtain

(3.9.29)

sup sup  sup |Wn,1 (K, t; hK)| =0a.co
©KeF X an<hx<bg te Fg

Using similar arguments as those before, we remark that |Wn,3 (@K, t; hK)| can be handled as
Qn3(K, t; hx). Hence

sup  sup sup |Wp3(@K, £ hx)| = Oa.co (3.9.30)

OKeF X an<hx<bg te Lo

Then (3.9.28), (3.9.29) and (3.9.30) yield :

sup  sup sup |W,(@K, £ hx) — E(W, (@K, ;)| = Oaco
tpKe,yOZ%/ anp<hg<by te Ly

Therefore the proof is complete. U

Proof of Lemma 3.9.1.4

In this lemma, we suppose that the class of functions .# is not necessarily bounded but satisfying
condition (A.4.a’). In order to prove Lemma 3.9.1.4, we proceed as follows, for an arbitrary
A >0 and each function ¢ € . :

e = (p(y)]l{F(y)sAn}fp} +(p(y)]l{F(y)>)\niz/p}’
= oDy +e®(y),

where we take 1, = n/ (log n)z. So we write

W, (K, £; hy) =

& Xi,
RGN
hx

n(bt(hK) i=1
n dX;, b
R) Y K( ! )
i =@ K,

=W, m (9K, £; hx) + Wy, w) (9K, £; hg).

_l_

K

To prove (3.9.12) we will first deal with the truncated part W, (1) (@K, ¢; hx), and we have
[Wo,cr) (9K, £; i) — E (W, (1) (@K, 2 o)) |
< |Wim (@K, 55 hx) = W, ) (@K, togs); i) |
+ [Wo, ) (@K, f1); i) = E(Wo, () (9K, Zogsy; hi)) |
+ |E(Wo,m (9K, o) Bx)) — E(W, () (9K, £ hx)) |-
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In the sequel, we will use the following notation

‘WS’)(T) (@K, t; hK)) = [Wo,m) (@K, £ hi) = Wi,y (@K, to(; hi)|

)W;lz')(T) ((PK, tﬁ(t); hK)) = |Wn,(T) ((pK, tg(t); hK) —[E (Wn,(T) ((pK, [e(t); hK)) | ,
Wff)m (@K, t; hK)) = |E(Wh,m @K, for; i) —E (Wo,m) (9K, £ i) | -

In similar way of the proof of Lemma 3.9.1.3, we get that for 1 < ¢ <N (Fz)

Wit @K, oo )
N Y {@T) (Y;))K (M) _ [E((pm (Y,-)K(M))}

ndy, (hx) = hx hx
1
= ————a,(pVK),
P oyn "7

where a,, (¢@™K) is an empirical process indexed by the class of functions .% %" Frnn» Where
we define the class of functions of y € %, .y, by

’])\T]n = {]I{F(_V)S)\T]}/p} TA> 0},

where p being the moment order given in (A.4.a’). We consider also the following class of
functions, for 1 < j <L(n) and 1 <€ <N (Fz),

d(x, tp)
he | {Fm=an”?

@D — {(x, y) — tp(y)K(

oK) = }:KE%,@eﬁandhKeﬁK,j,A>0},

that the envelope function is denoted GE&T}, then :

nd(an) 2
PJ{ max sup sup sup | —— ‘Wfl )(T) (K, to); hK)‘ =€
I=j<L(n) pKeF hK‘j_lihKShK,j te Ly qjyg (El’l) ’

() .
<L(mNg,(F2) 151}1535&)15@;&13’&%)”3{1?,935 | vPoy, (@ K)||%g > eo\/ nd(hg, ))W.7, (en)}.
(3.9.31)

As it was done previously, we apply Bernstein’s inequality to investigate (3.9.31), so we have
to study the asymptotic behavior of the quantities
HS)T =E ” V1o, (MK ”g(@ )
PR,J
and ,
(€1
E(GED o m).

From condition (A.4.b), we see that

GfﬁKT; X,Y) = FszlB(tg,hK,j/m (X)]l{

F(y)s)\ni,”’}’
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so thanks to the condition (A.4.a”) we get
E(GHD X, Y)) < X3 hi j12m5 " = 0%,

indeed

2
E(GLD ) = E(F(Y)Kzlm,hmm 01 {F(y)swp})

= GE (A0} s 12 (X))2
<1GA%n2 PP (X € B(ty, hi,;12))°
<1 G202 Py, (hx j12)
<iGN%n2P ¢ (hy j12).

For all 2 < g < p, in a similar way, we have

E(GAD 06 W) < kMt 12" = k] °AT 2o,

which gives that

ot = KA, P (i 12).
Further, according to Lemma 3.9.1.6 in combination with Lemma 3.9.1.7 in appendix, and since
condition (A.S.) is satisfied, we infer that

W =E Vi @0 = Ca/ bt 12,

Implying that,

Moy = W nq)(hK]/Z)nZ/”J.

Now, we can apply Bernstein’s inequality for empirical processes, therefore for:

z = €()\/nq)(hK,j/2)q—’<73{ (€n),

in Lemma 3.9.1.8, we get, for ¢’ > 0,

P e
1<k<n

P | max
1<k<n

) g ;125 (€n)
< exp|-—¢ Ty
2 ;1205 P +€ \/nq)(hK,]-/Z)Wy% €,)
< n%C, (3.9.32)

‘/_O‘k((p(T)K)H ) >e0\/n(b(h1<])tpy% (en)}

(PK]

\/_O‘k((P(T)K)H (ZT) ”S)T-'_Z}

IA

log(by/ an)

where C’ > 0. From equations (3.2.7), and fact that L(n) ~
log(2)

and by choosing

logn
El’l = )
n
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we get

n(b(an) @)
Z P max sup sup sup ‘W (T) ((PK tf(t)! hK)‘ =€
n=1 1=j=L(n) ke Z ¢ hxe 7, j t€ Far V., (€x)

< Y Lim)nC @&33)

n=1

We have now to prove that the desired result is also satisfied for
‘WS)(T) (@K, 1; hK)‘ = [Wo,m) (@K, £ 110) = W, 0y (9K, ory; i) |-
We proceed as in the bounded case, for C' > 0,

(Wil (K, 157

_ (1) Y, K( ) (1) Y K( ! )
nd,(hx) = Z RN ny, (hi) = Z () hg
' d(Xl’ ) L d(le te(t)))
(T) M (v,
nd(hy) |; ZF (Y’)K( ) ;1: (Y’)K( hy ’

where
FP(y) = F(y)]l{F(y)smi/”}'

Continuing the proof and remark that

sup sup sup will)m (@K, t; hy) ‘

@(T)Kef,)f/f)mn teSy ap<hg<by
dX;,t dX;, t
Z|F(T)(Yl)|‘ ( (z )) ( ( i f(t)))‘
hx

< sup sup sup
(p(T)KEﬁ%f)\n [ny an<hK<b0 nq)(hK)

Lt nouB(tg(sy, 0 Xi)

—. (11 .
=t WO @K, £ )|

Let’s go back to QW (K, £; hx) and following the same steps until we get

1
’W(H) (@K, 5; hx)| < sup  sup — |F(T)(Yi)|d(lf, Loe) LB (2, h) UB (£, i) Xt

(D teSLa an<hgs<by 1 g’ hK(P(hK)

€n

S|+~

[\/]=

< sup sup |F () | L e, o uB oy o) X

te Sy an<hg<by 1 i=1 hxP(hx)

1 n
sup sup —ZZ%T”,

teFy an<hg<by 1 j=1

where, for 1 <i < n,

ay__ &n T
Zit' = oo o) |ED V)| L, i bt o) i)
We get uniformly on ¢ € ¥4 and on hx :
an gD
sup sup Z < sup ——— (Y1)
te Ly an<hg<bg LT teSy an(p(an) | |
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So, for 2 < g < p, we obtain

an\4 €n 1 (T) q
[E(Zl’T) = (ancb(an)) [E(|F (Ym)
€n 1 (T) q
< sup|——— | E||FF/(Y)| |X=t¢ 3.9.34
teyﬁf(anqa(an)) (IFP o] x= 1 (3:9.34)
q ga/Pea g-1
(8—”) 09" = 2 8”( ! ) . (3.9.35)
anb(ay) ald(ay) \Glay)

The transition from (3.9.34) to (3.9.35) is done by using Jensen’s inequality used for the con-
cave function z, for 0 < a < 1. Moreover from condition (A.6.) we deduce that the quantity
€n/ and(ay) is bounded, then for g =2

q I
sup  sup [E(Z(llé)) < CGZ/p(—) ,

te Sy an<hg<by V (-')(an)

where € > 0. Hence, by applying a standard inequality (see Corollary A.8 Ferraty and Vieu
[2006]) that the conditions are satisfied here, uniformly on € #5, we get

Willy(l%) ((PK; t;hx)| =Ouq.co

Then we obtain

sup  sup sup Wity (@K, )| = Ogco
(p(T]KEQL%/ﬂMm teFy an<hg<by ’

Since the first two terms have been treated, we now evaluate

\wfj}ﬂ (@K, £; ) \ |E(Wo,r) (@K, fo(1y; hi0)) = E (W () (@K, 75 1)) |

We have

W 0K, £ )|

n(T) |E(Wh,m) (@K, tog); hi)) — E (Wi, (@K, £ i)

|E (W, (r) (9K, 2 i) = W, (1) (@K, Loy B)) |,
(o o )|
n .
Z E (F(T) (Y;)K (M)
i=1 hx
d(Xi, ten) ))‘
hx ’

M

no(hg)

_ F(T) (Y;))K (
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which means that

sup sup sup ‘WB) )((pK, t; hK)‘

(T
(p(T)Keﬂ'Ji/f)\nn I’Eygg anShKSbo n
< sup sup sup Z E ( |F(T) (Y|
() T)K€y,%/f)\n teSLe an<hx<by n’(-')(hK)

d(Xlrt) _ d(Xl)te l’)))
K( hx ) K( hx

—. (81 .
= WO (@K, 1)

T (¢, hi) UB Loy, i) (Xi))

Let’s take a look at ‘Wf@l(l%) (0K, t; hK)‘ and following the same steps, by the fact that K(:) is

Lipschitz, we get

™=

Woom @K, 4 hK)‘ < sup sup E(|FD ()| d(t, t000) (e, o uBrggy, o X))

1
teSLy anp<hg<by n i=1 th)(h )
< ! i “n E(FD vy 1 X))
=sup sup — ) ———— B(t,hx)UB(tg(p), h
teSy an<hg<by n i=1 th)(hK) ! (6 1)V (tﬂ(t K)
< sup sup Ly en E(JFa))
B teSy ansthbo i=1 th)(h ) !
1 & €n 25
<sup sup -— — " EF(E(F YN X=t
teSy anshx<by IV ,Zithb(hK) (E( | )
=sup sup ZZ?T”, (3.9.36)
t€Sy an<hx<by 1
where, for 1 <i < n,
€
z80 = —2—g(|FPy]),

P hgd(hg)
we get for g = 2 and uniformly on ¢ € ¥4 and on hy :

q
E(z6D)? < (—E” ) E(E(|IE® vl |X = ¢ 3.9.37
sup sup E[Z7) < sup (Lot E(E(E T k=) G903
qlp_q

q 0" e 1 91

(—8” ) 0P = L " ( ) . (3.9.38)
anq)(an) an¢(an) (b(an)

The transition from (3.9.37) to (3.9.38) is done by using Minkowski’s and Jensen’s inequalities.

IA

Then following the same way as in treating ‘W(l(l%) (K, t; hK)‘ we get

sup sup sup ‘W(g)(T) ((PK L hK)‘ Oa.co
@(T]K€yt)£/eﬂ)\nn teFo an<hg<bgy

Therefore the proof is done for the truncated part. Regarding the remainder term, the idea
consists on proving its asymptotic negligibility, that is

sup sup sup |Wyw (@K, £ hx) —E(Wp,® (K, £ 1(0))] = 04.c0(1),
an<hg<b, teFo 9Ke.F X
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which could be derived directly from the proof of the remainder part of the U-statistics devel-
oped in the sequel. U

Proof of Theorem 3.3.2.1

To prove Theorem 3.3.2.1 we need to check the conditions of Lemma 3.9.1.1 in the case of
m = 1. For that,we first identify the variables as follows: Sq = %, A; =X;, @(B;) = @(Y;),

G(H, (1,A;) = KH'd(1,X)),
Dy () = Hyr(0),
MY (@, 5Hu k(1) = TVl ;H, 1 (1)),
M, 1) = rVp, 1.

Choosing D, (B, ¢) and D:l' (B, 1) such that

nk
b (D, (B, 1) = \/i_ ,

GO} (B, 1) =

k
v

We denote ™ (1) =D, (Bn, 1), h* (1) =D, (Bn, 1) and

(logn)
ko, n )Y Ve n
+
no

) o 2]

for all increasing sequence 3, € (0,1) such that f,, — 1 = O(%,). Note that for all , € (0,1),
te Sy and ky , < k < ko ,, we have

_ \/ﬁ_nkl,n
b (—n )

%n:q)_l(

nk n
<h™ (1) scp;l(@),

-1 kl,n <t <1 k2,n
\ (\/ﬁ_)h = ( sn)’

using the condition (3.2.12) we can easily deduce that the bandwidths k™ () and h*(f) both

belong to the interval
_1[Pnkin —1 (kz,n)
’ b = ! ) .
[an, by [IJ(P ( n ) v onll
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Checking the conditions (L,) and (Ls)

Let us start with checking (L4). The fact that 3,, is bounded by 1, and the local bandwidth i~ ()
satisfies the conditions of Theorem 3.3.1.1 gives

sup sup  sup ‘93?511) ((p, 5D, 1 B, t)) —mY (g, t)‘

OKeF X an<h™ (H)<b, te Sy
1 d(t;Xi))
Y;)K
2,00 ( o),

sup sup sup -1 (e, 1)
OKEZ K an<h~(t)<by te Sy i (d(t X'))

h=(1)

sup sup  sup |r,(11)(tp, t;h™ () -1V, 1
OKeF X an<h™ ()<b, teFy

|
o
)
S
S
Sy
S=
_I_
o
)
S
S

)

which is equivalent to

sup  sup sup |FM @, 5h7(0)-rP (e, 1)
pKeF X ki n<k<ky, te %o

) ko, b (10%)
= Oucol|®~ ( ﬁnn) ’ nq)(u(l)_l (pn—:ln))
= Oaq.co(Up).

We use the same reasoning to check (Ls) and we readily obtain

sup sup  sup (M, (@, 5D, Br, ) =M@, )| = Oa.co(Wn).
(pKEZQ:(%/ kl,nSkSkz’n teSFy

Hence (L4) and (Ls) are checked.

Checking the condition (L;)

To check (L) we show that for all £ € 5 and €9 > 0,

Zp{n

n=1

—1)>e <oo. 3.9.39
{D;vk(ﬁ"’t)SHn,k(t)SD;,k(ﬁn’l«)} 80} 00 ( )
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Let g9 > 0 be fixed. Let {11,..., IN.(#,)} be an e-net for Fy, for all 1 € F-, we have

>€0}

-1

n n — k n
< P[H, () <7 ﬁ))m Hn,k(t)z(ptl( e ))
n ﬁn’l
Nen(y&”)k k2n I’lk n
o A L
=1 k=ky, n
Nen('y&’)k an 1 kZ
+ PH,, () = ¢ ( i ))
k—kln k
< Ne, (F2) Y. P|Hyi(ty) < (Jﬁ_ 1))
k:kl,n
kKo k2n
+N£n(=y3?f) Z P Hn,k(te)zq);l , ) .
k=ki,n Pnn

Now we use a lemma similar to Kara er al. [2017] (see Lemma 3.9.1.11). For completeness,
we give their proof. Making use of Lemma 3.9.1.11, we infer that

P{Hn,k(t)scpgl(akl'”)} o Fin (X,-)>k}
n = (0 (o))

1 k
i P{Z a0t (atte)) 0> akl,n“kl'”}

|
=)
——
]
=

IA
¥
o
|
=
|
Q
Ko
3
~
o~
—

(3.9.40)

This implies that

k2,n

ki
Ne, () Y. P{ OEL (anl )}

k=ki,n

N, (Fa) ko nexp{—(1 - ) ki, n/4}

IA

Ne, (y%)nl—{(l—(x)/%]frll—’:.

IA

In a similar way, we obtain

{ OET R (kn)}<exp{ M} (3.9.41)

2(X kzyn

It follows that

k2,n

Ne,(Fa) Y. P{Hn,k(r)z¢;1(
k=k1,n

k
0(2:)} < Ng, (Fa) ko, nexp{—(1 - ) ky,/2a}

kz,n
< Nsn (y%) nl—{(l—(x)/Za}m .
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Therefore, by that fact that k; ,,/Inn — oo, i = 1,2, we obtain

ka,n k
Ne, (F2) ) P{Hn,k(t)sd);l(a nl")} < N, (Fo)n'10- DT < oo, (3.9.42)

k=ki,n
k2,n

Ne, (F2) Y. P{Hn,k(t)zcbil(
k=ki,n

IA

anl)
an
Checking the condition (L3)

We consider the following quantities:

d(XLt)))

fK, t, h(1)):= [E(K( e

fK,t,h™ (1)

=0 L ()
Q . QH(K) t; h_(t)) _
Qe L h (1)
_JKrx, h* (1)
QnS- _f(K f h- (t))ﬁ
The condition (L3) can be written as
n d(t,X;)
K
2 %)
i K(d(t X)) _ﬁn <1Qnu1l1Qu2l +1Qn111Qn3l.
i=1 h*(2)
Hence, by the fact that 3,, — 1, our claimed result is
ZK(d(z‘ X~))
i=1 h (t)
sup sup sup 7 _ﬁn = Oa.co(%n)-
Ket klynikikgyn teSy Z K(d(t X))
i=1 h* (1)

The proof of (3.9.44) is based on the following results

sup sup  sup |Qul=GC,
KE%kl,nSkSkg,n teSy

logn
Y.y ( p )
sup sup sup |Qn2| =0Oa.co 2 ’
Ke X kyn<ks<kynteFo nd (ucb_l (pn 1,n ))
n

-1 k2,n Y
sup sup sup [Qu3l=0(d""|—]| |.

KE%/kl,nSkSkz,n teSy pl’ln

ka,n
Ne, (o )n! 02055 < 5 (3.9.43)

(3.9.44)

(3.9.45)

(3.9.46)

(3.9.47)
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Proof of (3.9.45)

Using the condition (A.4.b) one has

d(Xy, 1)
IE(K( ) ))Squ)t(h(l‘)/Z).

Now using the condition (A.l.a) we directly obtain

sup sup sup |Q,l=C. (3.9.48)
Kez kl,nSkSkz'n te Ly

Proof of (3.9.17)

We have

Qn(K, £, h™ (1)
sup sup sup [Qu2l=sup sup Sup | ————

Ke X kyn<k<kn te Sy Ke X kynsksks, teFy | QnK T, h (1)
1
< up sup sup |Qu(K, t,h™(8)) -1
inf inf inf |Qn(K t, h+(t))| (Keggkln<k<k2nte5@g "

KeX ki n<ksky, tes.

+sup sup sup Q. £, hT()-1]|. (3.9.49)
KeX ki n<k<kynteFg

To prove this, we use Lemma 3.9.1.2(b), which gives us

logn
Y.y n
sup sup sup |Qu(K,t,h(£)) =11 =O0g.co 2 (3.9.50)
KE,%/kl,nSkSkz,n teSy n(b (H(b (pI’L 1, I’L))
n
and
logn
V.7 ( ) )
sup sup sup |[Qu(K, £, A" (1)) —-1|=0q.co - (3.9.51)
KeH kynskskon teSs no (p([) (pn 1, n))
n
Moreover, combining (3.9.50), (3.9.51) with the fact that
inf inf inf Q,K t,hT(1) < C) < 00, (3.9.52)
KE:%/ kl n<k<k1 nteFy
it follows that
" (logn)
S
n
Su}lz/ sup sup |Qn2l=04.co o kl (3.9.53)
Ke X ki n<ks<ky,t€e Sy nihl,n
o (2722
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Proof of (3.9.47)

Kudraszow and Vieu [2013] use in their proof of part the proof of Lemma 1 in Ezzahrioui and
Ould-Said [2008]; on the other hand, we will use some computations similar to the steps of
the proof of Lemma 5.7.0.3 in Bouzebda and Nemouchi [2020]. Let us consider the following

quantity:
. EW, (@K, £, T ()]
B t, K = - )t )
GO0 =Fao. oy @Y
d(r,xl))[E VX
1B(t, oK) | = b1 (1)) [ (h+m oo -, 1)
ad &, (bt (1) [ (d(f’Xl))] s
E|K|——
h=(t)

1 & (h™ (1) [ (d(r,xl)) M ]
< E|K Elp(Y)11X1] - T )
<[E[K(d”’xl))] o) | EeiXi =, 0)

h= (1)

using the fact that % =P, and supposing that the condition (A.3.) holds which means
t

rPX, 0 -rPp, 0] =Csd" X, 1),

and assuming that the conditions (A.l.) and (A.4.b) to be satisfied, then for all t € 5, and
h™(t) and h*(f) in [ay, b,], one gets

EIW, (@K, £, A" ()] ) ‘ CsK2Pn
-r(p, 1) £ ———— |Elgpt X)d¥(X, 1)
QK o) 1pe (142) (Elsanar |
h* (@)
KL g, (@ 1K1
< C(h" ().
Keeping in mind the condition (A.4.b), we obtain
E[W, (9K, ¢, h*(t
sup sup sup [é n(® = (el _ P, 0| <C'bl. (3.9.54)
OKeZ X (h~(t),h* (1)elay,,by)? teFa [Qn(K, 1, (1)1
Finally, rewriting (3.9.54) with ¢ =1 gives us
e[ (G
sup sup sup 20X Bn—1|<C'b),
Ke & (h=(1),h* (1)€lan,by)? €S IE[K( M )]
h= (1)
which is equivalent to
-1 k2,n Y
sup sup  sup |Qps] :O(q) ( ) ) (3.9.55)
KeX ki n<ks<ky, t€e %y Pnn
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Combining the results of (3.9.48), (3.9.53) and (3.9.55) and the fact that §,, — 1, implies that

S

d(l‘,Xi))

K

1 ( h=(1)

(d(l‘,Xi))
h*(t)

1

sup sup sup - ﬁn =0u.co (%n)

Ket klynSkS kgyn teSy

M=
~

i=1

Hence (L3) is checked. Note that (Lg) is obviously satisfied by (A.4.b), and that (L;) is also
trivially satisfied by construction of D, (B, t) and D, (B, £). So one can apply Lemma 3.9.1.1,
and (3.9.1) with m =1 is exactly the result of Theorem 3.3.2.1. ([l

Proof of corollary 3.3.1.2

To prove corollary 3.3.1.2, we use the same reasoning as the proof of Theorem 3.3.2.1 but in-
stead of taking advantage of the results of Theorem 3.3.1.1 to check the conditions of Lemma
3.9.1.1, we use the results of Corollary 3.3.1.2 and than write the corresponding rates of con-
vergence to obtain

sup  sup  sup |[Fa @, 6 1k (0) — 1V (@, )| = 0o @)
OKeF X ki n<k<ko,teFa

Preliminaries of the proofs

This part is mainly dedicated to the study of the functional conditional U-statistics. Just like in
the case of m =1 where ¥ is covered by
NE (5”95)
J B9,

=1

for some radius €. Hence, for each t € yg’g’, there exists €(t) = (U(ty),...,0(t)) where V1 <i <
m, 1 < €0(t;) < Ne(F9) such that

m
te [[ Bt e) and d(t;, toq;) = argming < <p(s,)<N, () @ (i> 10).-
i=1
So for each te ), the closest center is te) and the ball with the closest center
m
H B(Zy(s;),€) := Blte,e)-

i=1

The proofs of the UIB consistency for the multivariate bandwidth will follow the same lines
as the proofs of the UIB consistency for the univariate smoothing parameter in (Bouzebda and
Nemouchi [2020]) while making the necessary changes to adapt to the k-NN procedures.
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Proof of Theorem 3.4.1.7

In this section, we consider a bandwidths h = (hy,..., h;,) € Jf,gm). In order to prove Theorem

3.4.1.7 we can write the U-statistic for each te yg%" as follows

|tn (e, t;h) — E[un (@, 6 ]|

|tn (@, 6h) = 1y (@, ty;h)|

+ |Elun (@, to; W] — Elu, (@, 6 h)]|

+ [ (@, to; ) — Elutn (@, to; )]
|tn,11 (@, )| + [Un12(@, 6 )| + |10,13 (0, 1)

IA

IA

Note that

|un,11((P»t§h)|

(n—m)! 1 m d(Xl],t] m d(Xl]’tﬂ(t))
= o . I(Z )(P(Yip...,Yzm {(bt(h) H ( ) (bt (h H ( h] : )
° tel(m,n L(t) :
Cn-m) mo o dX;i, )\ (A, te;)
S'~— Z (P(Yil,---inm){H ( e ) l_[ (—1) )
nldM) efmn j=1 hj j=1 hj
By applying the Telescoping binomial, we get
m d(Xij, [j)) mn d(Xij; tﬁ(tj))
HK(— - ]_[K —) (3.9.56)
j=1 hj j=1 hj
- [
- j=1 hj hj
71 rdXig, t m dXip, to(r,))
y K( Xig» tq) H K( ip» be(t,) ) (3.9.57)
hCl p=j+1 hp

j-1

-1
[T I8ty hy2) Xig)s
g=1

similarly, we have

m K(d(szr t@(tp)))

n, = H 1 [l’g hplz](X’p)'

p=j+1
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So (3.9.56) satisfies :

(d(X”,t])) ﬁK(d(Xijrtﬁ(tj)))

[

j=1 hj j=1 hj
n d(Xl])[]) d(Xijrte(tj)) }
< _ -
- KZ ; [{ ( h] ) ( hj
j-1
]"[ LB (1,n412) (Xw,)plj[ﬂ]l Bty 2) K77
n dXij, tj) dXij, tee;)
= K" Z [{ (#) (h—j }1B(tj,hj)UB(tg(tj],hj)(Xij)
j=1 j j
j-1
H Li(1,,hy12) (x,q)p1:[+111 oty r2) P
=: ZKij,hj(tjrtf(tj))y

j=1

where

¢
{K(d(xij, tj)) _K(d(Xij, Loey)
h; h;

_ m-1
= K2

)}]lB(tj.hj)uB(tg(tj),hj)(Xij)

j-1
) H ]lB(tq el (qu)Plle]l (tf(tp)rhp/z)(Xip).

Therefore

C(n—m)! -l
npm) 2 l-euzm,m

{ (d(X,],t])) K(d(Xij,te(t,-)))}
hj

|un,11((P; t;h)| =

m
[4
@iy, Yi,,) _ZlKﬁ.j{hj(tj, foi )
]:

m

C(n—- m) Z Z

n'(])(h) iel(m,n) j=1

j-1

><]lB (tj, h])UB tg h])(Xl]) l_[ ]lB(tq hq/z) (qu) l_[ 1]1 (tﬂ(tp)’hplz) (Xip)
p=j+

]

(3.9.58)

IA

(n— m)
Z Z LB(t;,n)UBt 1) Ki f)
n! ieltmn) m (h) n AL (tj) ]

(3.9.59)

X H]IB(tq hq12) Xiq) H L, B (tp]yhp/z)(Xip) .

p=j+1
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The transition from equation (3.9.58) to (3.9.59) is done thanks to the fact that the kernel func-
tion K(*) is Lipschitz. Uniformly on te )" and h e A0 we get

sup  sup sup |un11(p, th)|
PKeF ™ he 76 te Sy

-1
(n—m)! 1 2 |CmMky" ‘g,
= sup sup sup — EZ T]IB(l’j,hj)UB(tg(tj),hj)(Xij)
@Kefm%mheﬁém)tey§ : iel(m,n) """ j=1 d( n)an,]
j-1 m
x [ Lp(ryngr2)Xig) [] 1 (Xip)
=1 (q q ) p=j+1 B(tg(tp),hp/Z)

CmMxk)" ey,

ST Liej,nppuBee ), hy Kif)
n n

(n—m)!
< sup sup Ssup Z Z
PKEF A ™ he 76M teFy)! n! ielm,n) M j=1

Jj-1 m

x H]IB(tﬂbhq/z)(Xiq) l_[ ]l ( L h /2)(X1p)
q=1 p=j+1

B(t;,)UBtee ) K )

n—m)! 1
< sup sup sup | Z -
PKeF A ™ he 76 €Sy n. il(m,n) M

j-1
1 X 1 X
X H B(tq,hq/2) ( lq)pl;[+ (te(zp),hp/z)( ip)

by (3.2.16), where A,, = (an,1,-.., Gn,m) and 1~\n = (ay,...,d,), with Zin <A,, component by com-
ponent. The idea is to apply a Bernstein’s inequality type to get the desired result by applying

Lemma 3.9.1.9 with

=0 ( o)
nq)(an)

( anq)(an) )

WY Sy (€n) _ €n

on the function

m [ CmMx)' e,
; —C'(D(an) py B(t;, hj)UB(tg(t)hj)(Xl]) H]lg(tq hq/g)(qu)pl;[H]l ( (tp)’hp/z)(Xip) ,

1
ft,h (Xi) E

which satisfies for all te yg :

CmMk)" e,

0<sup sup |finX)|<————
teygheﬁﬁm)| ‘ | Cllq)( an)an

<Cte=0Cs.
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Notice that the existence of the constant C; on the last right side of the preceding inequality is
deduced from the condition (3.2.11), which implies that :

P sup  sup sup |[upn(p,th)| =/ lliyg;—(fn) (3.9.60)
QKETm H ™ he 70 te S P! nd(an)
wy (En) Sn
<P |u"(f)-0] = | —2—— -

(n/m]s®
<exp{i——— . 3.9.61
p{ 202—%C7s} ( )

By developing the computation while respecting the imposed conditions, mainly (A.2.) and
(A.6.), we get

/ €
Z P sup sup sup |un,11(cp,t;h)| > wy%—ﬁ”) < 0. (3.9.62)
n=1 PKEF ) K ™ he 76 te Sy nd(ay)

The study of the term u,, 12 is deduced from the previous one. In fact :

|un,12((p’t;h)|
= |E[un(p, 6h) — us(@, th)]|

—m) m(d(X;i,t m(d(X;j, o)
LLoomty s [E((p(yil, Vi) {HK( K f)) HK(”—“”))})' (3.9.63)
nldM)  |icignn j=1 hj j=1 hj
C(n—m)! m o (dXij, b)) & (AKij, tey)
< —1-mE O, Yi K(—)— K(—) . (3.9.64)
ni¢hy ,-el(zm,m 1 {,Hl hj ]nl h;

To pass from (3.9.63) to (3.9.64) we apply Jensen’s inequality in connection with some proper-
ties of the absolute value function. Then following the same way already taken, we get

|tn12(@, 6 h)| = C|u), 1, (@, 6h)],

where

) 1@ 6] = 2 S (YY) 3 KD, (4, )
L . = i1r-0 Liyy o iy Lot .
w2 o) eigm,n . l =1 bjohy D
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Notice that we have

|t},15(@, t )|
m—1 &

ﬂ'(I)(h) 2 iel(m,n) j=1 h] h]
j-1

x1g;, hj)uBle,hy) Xij) H Lg(ty,n412) Kig) H 1 (te([p)’hp/z](xip)
p=j+

<

IA

= it Y z

n. iel(m,n) m
j-1
x H Lp(1y,nq12) Xig) H ]1]3(% i) Xip)
p=j+1 p

E(Lpe, X
“')(Al’l) n] ( B(t]'h])UB(te(tj),h]) ij

. 1 o
(n— m) mMK2 Z —Z —,

n! iciim,y M j=1 | Cid(@n)an,j
j-1
<11 Xiq) 1 Xip) || -
H B(1g,hq!2) g pljll (tﬂ(l’p)!hplz) lp)

IA

E (]lB(zj,hj)uB(tmj),hj) Xij)

That implies

] 1
sup  sup sup |un (g, th| < mMxr1 28U o o7 108U
PREFm A ™ he g6, €Ty nap n(an)

-0 W&"gggen) .
nd(ay)
sup  sup sup |un12(p,th)|=0 (\ / \lly%—(::n)) (3.9.65)
PKET ™ he 720 te S nd(an)

Continue, now with u, 3,

This gives that

|tn,13(0, )| = |, (@, te; ) —E[un (@, te; )]

Supposing that the kernel function G ¢, 1 (-) is symmetric, we need to decompose our U-statistic
according to Hoeffding [1948] decomposition, we have

un13(p, t;h)
= uu(p,te;h) —Elu, (@, tg; h)]

no m!
Zl (m _ )| uE’lp) (T[p,m(G(p,tg,h))
p:

m

= mul (11, Geom) + Z m_' )|u£{” (T, m(Geptom)) - (3.9.66)
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Define new classes of functions, for h = (hy,..., hy) € 220, 0 € {1,...,Ng, (5”%)}’”, and 1 <
psm:

(Fmt™P = {(Dte ()7, (G en) () for he ™ and @e ﬁm}

These classes are VC-type classes of functions with the same characteristics, and the envelope
function F, satisfying
Fp < 2Px3 || Flloo.

Let us start with the linear term of (3.9.66), which is
mu'y (11,m (G ,n) = me(G ton) X5, Y0).

From Hoeffding’s projection, we have

71,m(Ge,t0,h) (X, ¥)
{E[Goton (1, X2, ... Xm), (1, Yo, ..., Yim)) | — E[Gy, ¢, n X, Y1}
{ElGgp,tn X V) (X1, Y1) = (x, )] —E[Gy g, n X, Y1}

One can see that

mu (l) (T[l m(G 4, h)) (xn(sl,tg,h)»

Vn
is an empirical process based on a VC-type class of functions contained in m (%, # ™Y with
the same characteristics and the elements are defined by:

S1,e,0(X, Y) = MGy, ElGy g0 X, Y) [(X1, Y1) = (X, )]

Hence, the proof of this part is similar to that of the Lemma 3.9.1.4 and then :

logn
V., p
sup sup sup |ul (m1,m(Gyen)| = Oa.co 2
te S dn<he<bo peFp, (l)(u(l) (pn ln))
n

Pass now to the nonlinear terms. The purpose is to prove that, for2<p<m:

(’:) Vb@) [l (1), m Gy, h))‘

sup  sup sup =0gq.co(1), (3.9.67)

OKET i H ™ pe 0\m te ! logn
V. ( n )
m
to do that, we need to decompose the interval H (@n,j, by,j) into smaller intervals. First, let us
j=1

consider the intervals (ap,j,bj) forall j=1,...,m and bj € (0,1) we note

A, = [dij,bij ,

J
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where a;, =2""1q, ; and bi; =2'ay,; and we set Lj(n) :max{i 1 by, stJ-}, and #;={ij:1<ij<L;(m}.
We can observe that

m m
[1 (an;,bj) < U H';fij’
j=1 ((1,erim)ES XX Iy j=1
and
log(bila, ;)
L;(n) ~ % <L(n) =:maxL;(n) for 1<j<m. (3.9.68)

Now, we set the following new classes, for h = (hy,..., ;) € Jf,(,m) and £ € {1,...,N8” (ygg)}m,
l<jsm,l1<i<L(n)and2<p<m:

m
(ﬁm,%/m)ij! = {‘bq (W) Gy on (") where @ € Fandhe [] 75, },
j=1
m
(ﬂm,)ifm)g’)e - {(Pte ()71, (G,tn) () Where p € Fpandh e [ ] H; } .
j=1

Thus, to prove (3.9.67), we need to prove that for 1 < j<m and € = ({4,...,¢,,) :

m = (p)
|V 3G
max max sup sup sup =04.c0(1),
1=t =Ney (S ISISL e 7, gKe Tyt M) logn
‘%K( n )

the key idea is to apply Lemma 3.9.1.10. We see clearly that the class of functions (%, % ") i,
is uniformly bounded, i.e.,
_sup |@(-)K(-)| < Mxj".
q)Ke(?m,%’m)ij'g
Moreover, by applying Proposition 2.6 of Arcones and Giné [1993] we have for each (x;, y;) €
Fa x % and a Rademacher variables (;,...,(; :

m (d(xi.,t;)
nl_mZChCig(p(yil’ ’ylm)l_[ ( L )
I

hj
(ﬁm%m)ij,ﬂ
D2 n mi2
< cm[Ef [logN( (Fmr™ )l.,g:dZ,n) de,
where
_ m adX;, rt])
Dy = [E%/Z{nz(l m)Z(CiICigﬂp(Yiw-“’Ylm H ( h] )) }
I =1 ! FmH ™) 0
and

m d(Xl»t)
d{z(cw - [T ])) }
e !
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We see that
1- n!
Dzyn S n

(n—m)!

So using the fact that .%,,,.# ™ is a VC-type class of functions satisfying (A.5’.) which implies

Mk} < nMk3".
that the class (%, %" m)i].yg is also a VC-type class of functions with the same characteristics as
F K™, then :

m d(x;., ti)
S G0 Wiy Vi) H ( Ilz] ! )
7 j

(cgszm)ij,ﬂ

mi/2

D2,
cm[Ef [logN( (/m%m)ij,g,dz,n)] de
cmnMC™, (3.9.69)

IA

IA

On the other hand, we have for each ey, 1 < j<mand € = (¢y,...,0,,) :

(M) /16 @) [ (p,mGip b

P<{ sup sup sup =€y
he #\M €Sy GRe Ty ™ logn
S | T

n

() v/ (@n) |u

( ) (”p mGo,ty, h)‘

< Y Y P{ sup sup > ¢
1=€;=Ng, (F5) 1<i<L(n) hEH;"zlffij @KeF,0m logn
Wy
< L(MN¢ (Hx) max max

1=(;=N, (%z) 1=is<L(n)

( )
x[P " (p, mGthtz(t)rh)

£l

p=2 p

(ym%m)ij,l?

All the conditions of Lemma 3.9.1.10 are fulfilled, so a direct application gives for each €y,
l<sj<mand €= (0y,...,0,):

logn
MV &, ( )
(p)
[FD Z ( ) (T[p mG(p tf(t) h) = 0 nq)(a )
p=2 (T ™0 .
logn
O\ T nel@)
< 2exp _2m+5mm+ICmM2K§m
< n€Cn, (3.9.70)
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where
logn

C/

m

> 0.

n

Furthermore, from equations (3.2.7), (3.9.68) and by choosing €y > 2Cte,,, we get :

()@ |, (“n.mGw'wtvh)‘

ZIP sup sup sup =€

nzl | hes™ €Sy gRe Ty " (logn)
X
n
< Y Lmyn~%Cn
n=1
< oo. (3.9.71)

By combining (3.9.62), (3.9.65) and (3.9.71), we get

sup  sup sup |un(@,t,h)—E(un(@,th)| =040 (3.9.72)

PKEF i H ™ he 78\ €Sy

Proof of Theorem 3.4.1.8

To prove this theorem, we will need to truncate the conditional U-statistic. Taking the condition
(A.4.2’) into account, we have, for each A >0, h= (hy,..., h;,) and for n, = n/ (log n)2 :

Gy,th(%,Y) =G en VL oy 1my + G th (O YL g o) 1y

= Gy +GU L (%),

which means that we truncate each function ¢ € .%,,, either the envelope function as follows :

¢(y) (p(y)]l{F(y)s)\n}f”} * (p(y)]l{F(ybAn}/p}

(P(T) (Y) + (P(R) (y) .

We can write the U-statistic as follows

T R
un(@,t,h) = 1" (Gfp,i,h) +u" (Gfp,)t,h)

=: uﬁlT) (p,t,h) + u;R) (p,t,h).

The first term of the right side ug) (p,t,h) is called the truncated part and the second one
ulM (¢, t,h) is the remainder part. Let’s begin with u')’ (¢, t,h).
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Truncated Part :

Similar to previous procedures, we write

| (0t ) —E (14, (o, t ) |
< [uP (@, th) - ull (@, tew, )|
+]E (P (@, tey, W) — E (1 (9, )|
+|M(T)(tp,te(t),h)— (P (@, toe, )|

= 6l + [l 0,6 W + [u} (@ teo, b)|.
Clearly
m S@th) = E(u) (@t W) ~E (), (@, t h),
un,g(cp,te(o,h)) = ul (@, tew, h) —E (ul” (@, tew, h)).
, by following the same arguments as it was done to
treat |un,1((p,t, h)|, we get :
D (n—m)! ) 1 (0)
(@, t,h) - i, Y ) Y KO (15,1
nll P ’ n'(l)t(h) iel(zm,n) ¢ n ! ]; ljrh] J e]

It follows that

0 (@t h)

C(n—m)! d(Xl ,l'] d(Xi-,l'g.)
,—z Z |F(T) (Yi,, - Y,m|z“ i ) K(#)‘
(b(h) iel(m,n) j

j-1

15107 h)UB(1¢.h; 2 &) H LB(ty,ngr2)Xi,) H IB(tyqry), hp/z)(le)] (3.9.73)

p=j+1

(n—m)! 1 & | mey e le -

n! ieI(Zm n) M Z q)(an)dn] | ( g lm” B(tj'h])UB(tej'hf)( lf)
j-1

X H ]lB(tq hql2) (qu) H ]lB(tm 1 hpl2) (X,p) (3.9.74)

p=j+1

Taking into account that
FO(v1,...,Ym) :F(Yl,...,Ym)ll{

Then we apply Lemma 3.9.1.9 again on the function

l
sz

b(ay)an,j

f XY 2 IED (v

inreeer i) ]lB(tj,hj)uB(tgj,hj) Xi;)

x H LBty,hq02 Xi,) H l]lB(tg epohp12) X)) |
p=j+
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with

0 = O(1/d(@n),
2 = o1/ (¢*@n)),

= Wy (€n) _ 1

the concerned function satisfies for all t € 5@?

Q
Il

m}\Kéﬂ 1

b(ay)anlog(n)

0< sup sup (T) (X,Y)‘ < <Cte=Cg.

teS) he™

Observe that the presence of the constant k, on the last right side of the precedent inequality is
derived from the condition (3.2.11), which indicates that

(T Y., (€n)

ul), (o, h)| = ‘/—mp(an)} (3.9.75)
(€n) €

P (m) _9l> Wy’gg n n

{Iun (f) =8Iz ———— o) EA

[n/m]t?
< expi-——— . 3.9.76
p{ 20'2—%(:31?} ( )

P4 sup sup sup
€Sy he 76 OKEF 1 ™

IA

After some algebra, while respecting the conditions (A.2.) and (A.6.), we obtain :

(T) /\Vygg (€n)

nz1 teSy) he 7" YKEF A

Y P{ sup sup  sup

which implies

sup sup sup |un,1((P; t, h)| =0a.co (3.9.78)

€Sy he 7™ OKEF AT

(

The study of the term u,, D 5 1s deduced from the previous one. In fact :

t, h)‘
ItE (5 (0, 1) — i, (@, te, ) |

C(n—-m)! @ { m (d(Xij,tj)) m d(Xz], z) })

o me Elo@ s, ..., Y )4 TTK|—ZL |- T x (3.9.79)
) | ("’ Vi) | LK== ]Hl

C(n_m)! (T) { 1 (d(le)t])) m (d(Xl]’ ej }‘

iz mr oD (Yi,, ... Yi )4 [T K ~TIx (3.9.80)
n!¢p(h) i(—:I(Zm,n) ! l 11:[1 hj 11:[1
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Similar to the bounded case, we apply Jensen’s inequality and some properties of the absolute
value function to pass from (3.9.79) to (3.9.80), and by following the same way already taken,

we get
6
(@, b =c|ul) ot
where
((pth)’ (n—m): Y EleMi,..., Y )iK“) (ti,¢.)
IAS) = i1reer Liy L , 1.
21 "*b(h) iel(m,n) ' j=1 l]'h] P
Note that
n,21 (@b h)’
— ) m dX; ) dX;., t.)
< Mo v SR (Yil,...,Yim){K(#)—K(#)}
n'¢(h) feitmn) =1 hj hj
-1
*Lpej,npusie;,hp Ki) H]lB(rq hq12)Xi,) H LBty hp12) Kiy)
p=j+1
(n—m)! _ €n
< mAk! —  E(FP(Y;,....,Y: ),
n! 2 iEI(Zm,n) Cid@n)an,; St in)
< madT T EED (L Y),
€
= mAk" I —2 —E(E(FD (Y,,...,Ym) [X=t 3.9.81
mAX} @ an (E(F (M, m) [X=1)) ( )
< mAK'Z"—IWe;’” (3.9.82)
= —Zm)\ mol__n__gllp
2 Cle@na, "

The passage from (3.9.81) to (3.9.82) is due to an application of Minkowski’s inequality. Con-
sequently, we get

(T) €n 1/p
,th <— Al
sup sup sup 51 (@ )‘ E MAK; Clltl)(dn)dn p

€Sy he 7 OKEF 1y ™M

To finish the proof, we return to (3.9.36) and, accordingly :

sup sup sup (3.9.83)

teS) he 7™ QKEF AT

(T) ((P; t, h)‘ Ou.co
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Now we pass to the study of u% Using the fact that the functions ¢™(:) are supposed to be

symmetric, Hoeffding’s decomposition of the considered U-statistic is possible, and get :

Ul (@, toy, ) = 1 (@, g 1) — Elun (9, ts ) (3.9.84)
=Y P () (G m)
fra} (m _ p)| n p,m Py,
) < m! 2
= muy, (p,m(Ggeun)) + D ——Uy, (1, m (G epn) » (3.9.85)
p= (m - p)-

define new classes of functions, for h = (hy,...,hy) € Jf,(lm), €efl,...,Ng,(F2)", 1<sp=m
and any ye %", #y:

I\

Jozme%/mf)\ (p)
Nn

{]I{F(Y)S)\I/p} TA> 0} .
{(btg(h)ﬂp,m(Gq),tg,h)(';') fOl‘ he‘;f(;m) and (Peymjimn}

These classes are a VC-type classes of functions (since the classes .7, 2" and %), are too)
and the envelope function Fg) (+) satisfying :

T T
Fy)) < 2P [FY oo

To prove (3.4.2), we begin by studying the linear term of (3.9.84), which means

n
) (T) _m (T) v,
mi? (11 G ) = 5 TG K0V
1=

then we have :

M — (M (T
T1mGly w6 =E[G 1 (6 Xas o Xn), (1 Yy Yo)) | =[G | XV

_ (T) _ (M
=t [thrtm),h X,Y) |(X1’Y1) = (%, y)] -E [G(P>t€(t]rh (X’Y)] )

It is easily seen that

(M

Y] — (M
iy (nl’M(Gw,te(t),h)) o \/ﬁan (Sw,tm),h)

is an empirical process based on a VC-type class of functions contained in m (%, % ’”f)\nn)m
with the same characteristics and that the elements are defined by :

(M — (T) —
S oY = mE[GI oY) (X, Y = (3, 7) .

Thus, the proof of this part is similar to that of the Lemma 3.9.1.4 and then :

sup sup sup
he 7" €Sy gKeF K ™M I,

1) (T) _
Uy (T[l'mG(p,tgm,h)‘ - Oa.co
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We continue, now, with the nonlinear terms; our aim is to prove that, for2<p<m:

m &)
( » ) \/anTn (nl’ mG(P,tZ(t)rh) ’
sup sup sup =0gq.c0 (1),
he 76" €Sy GRe T ™ Sy, logn
Vo | =

which, for € = (¢y,...,€,,) and 1 < j < m, is equivalent to :

(’;l) m0@ |1 (G|

m max sup  sup sup =04q.co (1),
1=€;<Ng, (F) 1=i<L(n) hel'[m Jloz €S2 GRe T M Iy, logn
W Sy

n

where 7, is defined in the same fashion as previously, and we consider new classes :

m
(ﬁm%mj)\nn)ij,e = {(Pte (h)(;(Tt () where @ € F,,. 7y, andhe Hlifl-j },
]:
m
(ﬁ\mmﬂ)\ﬂn)if))e = {q)te (h)np,m(G(Tt h)( ) where (P(T) € ﬁmﬂ)\nn andhe _l_lljfij } ,
]:
the key idea is to apply Lemma 3.9.1.10. We see clearly that the class of functions (Z, % ™ %y, ) i
])
is uniformly bounded, i.e.,

wp  eTORO| A
@(T)Ke(ﬂm%mj)\nn)ij,ﬂ

Furthermore, by applying Proposition 2.6 of Arcones and Giné [1993], we have for each (x;, y;) €
For x % and a Rademacher variables (y,...,{; :

B m d(x;;, tj
nl mZChCizq)(T)(yil’ ’ylm) H ( h]
i J

(ym%/mj)ﬂln)j,e
Da,n m mi2

< cm[Ef [logN(e, (Fmt f?\ﬂn)ij B,dg,n)] de,

o ,

where

D2,n =

m adX; ., t
o RNy Y L
J

Im

(ﬁm%m 'ﬂhﬂn]ij,i

and

2
m dX;., ti
dz,n:=[Eé/z{”2(1_’")Z(cilciztpm(Yiu---’Yfm)HK( m ])) }
" J

j=1

Observe that :
1-m n!
Dzyn S n

o m)|)\1<2 Nn < ANRKY'.
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Making use of the fact that .7, 2™ %), is a VC-type class of functions satisfying (A.5’.)
which implies that the class (F % mf)\,]n)l.j ¢ 1s also a VC-type class of functions with the
same characteristics as .%,, %~ ™ - it follows that :

_ 1 d(xi;, t;
EX 17" ™Y ¢ G0 iy vi) H ( h] )
I J (ym%mj)ﬂln)j,e
Da,n mi2
< cm[Ef [logN(e (Fmt™ fknn)l 0 d2,n) de
< ¢unAC™y,. (3.9.86)

On the other hand, we have for each €y, £ = (¢3,...,¢,,) and 1< j<m:

rare—ay ( ) T)
(,;71) nG(@n) |y (T[p Gy P,te h
P<{ sup sup sup
he 7™ €Sy 9DREF ™ Iy, Ve (logn)
*\ n

( \% nd(ay,) |u

(p) )
T[p mGtP te,h )‘

< P sup sup =€)
1=€;=N;, (Fo) 1<i<L(n) hel‘[;”:IJf,-j ¢DKeZ ) H ™ I\, logn
VY S
< LN (H2) max max

1=0;<Ng,, (F) 1= j<L(n)

x [P

L P M)
Z (p) (Hp mG‘Prti(t)'h)

p=2 (‘g:m’%/m'y)\ﬂn)j,z

We are now in position to apply Lemma 3.9.1.10 , for each €y, 1 < j <m and € = (¢4,...,¢,,),

one gets :
logn
: v ()
P Z( ) ) (n,,mepT}m),h) > €0 G
(Zmd ™ Frnn) 0
logn
mlljyi%( g )
e\| ———— 7
0 nd(an)
= 2exp _2m+5mm+1cmM2K§m
< nSCm (3.9.87)
where

logn
€, = , Cim>0.
n
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Moreover, from equations (3.2.7), (3.9.68) and by choosing €g > 2Cte,, we get :

= ( )
()G [ (11l
ZP sup sup sup Z€p
nzl | het™ €Sy ¢Ke T ™ Sy, (logn)
S
n
< ¥ Limyn %
n=1
< oo, (3.9.88)

for an appropriate chosen C,,.

Remainder Part

Consider now the remainder part, that is the U-process un )((p,t h) based on the unbounded
kernel given by :

(R) _
G(p,t,h (X} y) - G(_pyt’h (X, y) ]1. {F(y)>)\nil/p} .

We shall prove that the process is negligible, more precisely

=~ (m) (~(R) (m) (R)
i) (s (o)
sup sup sup =0g4.c0(1). (3.9.89)

tEyggn hE,]fém) YKeFp H™m log n
Far I’l

Denote for each y,
F(y):=xy'F(y).
It is clearly seen that for all @ € %, x,ye X",

ﬁ (y) = ¢(an) |G(p,t,h(Xry)| ’

since F is symmetric it holds that :

u (G )‘sq) (@) u™ (F]l

@,th {F(y)>)\n””})

where u('”) (F]l ) is a U-statistic based on the U- kernel F1

{Fy)>Any P} Fy)>Any?y
Vb |uy” (Gg{)th)‘ 112, m)
sup sup sup < (nny) (F]I{F(yb)\nup}) (3.9.90)
e} he 7" PKETm K™ logn
Y.y
n
(m) (7
= Connity" (F]I{F(y»mi/”}) ’
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and

sup sup sup ) ( " (Ggih))‘ < Conp ( n (F]l
€Sy he (™ OKETm A" logn
W sy ( )

n

{F(Y)>An}{”}))

l+tp
< Cg[E(F 1 {F(meup})

Therefore, as n — oo, we have

V/nda) € (" (G )|

sup sup sup =o0(1). (3.9.91)

€Sy he (" PRKEF A logn
V.7 "
Thus to finish the proof, it suffices to show that :
-1/2
uﬁlm) (F]I{F(yb)\n”p}) Oa.co ((m]n) ) (3.9.92)

By applying Chebyshev’s inequality, we get, for any & >0

[FD{ u (F]]-{F(Y)>)\n1/p}) [E(u%m) (F]I{F(Y)>An1/p}))’ > 6(,,”]”)—1/2}
< &5 2(ma)Var (u)” (Fn{F(Y)mn,p}))sme;— ok (721 mel/p})
1
<

) <S'E (F’S]l

m._ 2. pr(s2
52 M (P21 iy,

{F(Y)>)\r]1/’”}) n2’

so by using the fact that
It (133
A LB Y <o
we deduce that

ZP{LL

n=1

(F]I{F(Y»An“”}) [E(uﬁl’") (H{F(Y)Mnb”’}))) = 6(7”]”)_1/2} < oo

Finally, note that (3.9.90) implies

[E(”Efm) (FH{F(y»An””})) ((m'”) 1/2)'

The above results of the arbitrary choice of A > 0 imply that (3.9.92) holds, which, when com-
bined with (3.9.91) and (3.9.90), achieves the proof of (3.9.89). Consequently, Lemma 3.4.1.8
is proved since the desired result for the truncated part was also established, hence

sup sup sup |un((P; t,h)-E (un((P,t, h)| =0a.co (3.9.93)
OKEF 1 H M he 78T €S
Hence the proof is complete. U
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Proof of Theorem 3.4.1.9

Notice that

7 @, ) ~E (7,7 (@, 6 )|
un(p,t,h)  E(un(e,th)
“|u,,th)  E(u,(L,th)
- |tn (@, t,h) —E (un(p, th))|
B lu,(1,¢,h)]
.\ |E (e (@, t, W) - [ (1, t,h) — E (u (1, 8, 1))
lun (L, t,h)]-|E(u,(1,t,h)]

=:I[+IL

Under the imposed hypothesis and the previously obtained results, and for some ¢}, c; see that :

sup sup luy(1,th)| = ¢ a.co
hleé’")teygrgrl
sup sup [E(u,(1,th)| = ¢
he(]fém)t‘gy;l
sup  sup sup |E(un(p,th)| = OQ).

OKEF M he st €Sy

Therefore, we can now apply Theorem 3.4.1.7 to handle II and Theorems 3.4.1.7 and 3.4.1.8
to handle I, depending on whether the class .%,, satisfies (A.4.a’) or (A.4.a), and get for some
¢’ > 0 with probability 1 :

VIb@n) |71 (9,50 ~E (7" (g, 1) )|
sup sup sup
wﬁeeﬁma%/mhe,]fém) te Ay VWV Sy (€n)
v nb(ay,) @
< sup sup sup M
thzeﬂme/’"h(—:Jf’ém) sy \/ Y Sy (€n)
v no(a,) I
+ sup sup sup M
@KeFp, 0 m h(t)(—:Jf’ém] tesy) VS (€n)
<c".
Hence the proof is complete. U
Proof of Theorem 3.4.1.10
Under (A.4.b) and (H.2.) one has
h/2
Elu,(1,th)] = KTM > k]'Cs,

¢ (h)
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which implies that

Elun(1, 6 h)]
< |k, "' C3  Elun (@, 6 )] - 1" (g, 1)

_ l 17 d(Xz;t)
SK;mcglE((n m) Y ! @iy, ... Ylm)]_[ ( ! ]))

' Elu, (g, th)] _pm ((p,t)'

n' ieI(m,n) (-')t(h) h]
=" (¢,1)
m u dX;, t;) )
= Ky C3 (‘) (h)lE (-P(Yl) Ym)leIK( hl )) (('p’ )
o (dX, t;) ) (m) (m)
K )X - ?t .
<= (h)ch3 e|[1 (S5 (030 - (.0

m
Taking in consideration the hypotheses (A.1.)-(A.3.) and (A.4.b), we get Yh e H (an,j, bj) and

j=1
Vte S
— — du d(Xl: tl)
K; G E (un (@, 6, h) — ™ (o, t K( )de(X,t)
SE(d(Xl»tl)‘F“'*‘d(Xm; tm))Y
C
m
C ~
= (b +...+ b)Y <CLDY,
m
where
EO:: max bj.
l<sjsm
This completes the proof of the theorem. 0

Proof of Corollary 3.4.2.5

In this section we will prove Corollary 3.4.2.5 using Lemma 3.9.1.1. Following the same
reasoning as the case of the functional regression, we use the notations: Sq = S, A; =X,
@B;) = @(Y;),

[1GH;, (t,A)) = [[KH; d(t,A)),

i=1 i=1
Dy k() =Hpk(t), Vt=(f,....tn) €S, and j=1,...,m
M (¢, t;h,, 1 (1) = T2 (¢, £;hy, 1 (1),
M, 1) = r'" (g, 1).
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Choosing D k(ﬁn, ) and DZ k(ﬁn, t) such that forall j=1,...,m

ﬁmjk

q)tj (D,;,k(f)n» t])) =

q)t] (D+ k(ﬁn; t])) -

)

k

where B, ; are increasing sequences that belong to (0,1) and

m
Br=1Bn;.
j=1
We denote h™(t) = (hy (1), ..., h};, () and h*(© = (kf (11),...,
h; (t)=D;,  (Bn tj) and h*(£;)=D

We can easily see that, forall j=1,...,m

f)n,jkl,n

¢;jl <h (t)) < ¢;jl

kl,n

Using the condition (3.2.12) one gets, forall j=1,...,
such that

(p;jl <h*(t)) < cp;jl

Hj(p_l(pn,jkl,n)s(bt] (pn] 1,n

n

and 72

belong to the interval

Pn,jki, k
we put pp,i = \/Pn,j» Gnj = HjP~ ( & n) and bp,j = V¢~ ( -
m

f)n,ij,n

kz,n

m, there exist constants 0 < p; <

k
qu)—l( 2,n

)
Pn,jn

)<

Pn,jn

T = H (an,j bn,j)-

We denote @, = min ay ; and bn = max by, j, therefore
1<j<m l<jsm

hj(t;) € (@n, bn),Vj=1,...,m

We also note for allb=(by,...,b;;) € (0,1)™:

m
A" = Hl (anj, bj),
]:

and
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h}, (tn)), where

;’k(ﬁn;tj); forall j=1,...,m

(3.9.94)

(3.9.95)

Vj<OO

), thus h™(t) and h* ()
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Finally, we can choose constants 0 < u* < v* < oo and a sequence {p}} € (0,1), while respecting

* ]C _ k
the condition (A.7.), in a way that makes @, = p* ¢! (pnnl'n )’ by =V~ ( i,’;) and

n

" (logn)

Y Fog

%n:(')_l(ki’n) + I’l*k .
) ol (2]

It is clear that (L) is satisfied due to condition (A.4.b), and from (3.9.94) and (3.9.95), we can
easily verify that the construction of h™(t) and h™ (t) satisfies the condition (L;).

Checking the conditions (L;) and (Ls)

A direct application of Corollary 3.4.1.11 gives

sup sup  sup |My(@, D, (Br, 1) —fm((P,t)‘
OREF K M (e €S

which is equivalent to

Sup Sup Sup ‘gﬁn ((P; t’D;,k(ﬁi’h t)) —Qﬁ((p, t)’
QKeF M ki nsk<konteS)

logn
-1 kZ n Y W n
* — N
N I L
Applying the same reasoning with h* (t) we obtain
sup sup  sup ‘mn((p, D, . (Bn, ©) - Mo, t)‘
(pf('gﬁm%m kl,nSkSkz’n l’€5pg’{n
logn
-1 kZ n Y wy% ( n )
=04.c04 ¢ (p*_n) + o ks (3.9.97)
* — N
" mb(u cb#( — ))

Thus the conditions (L4) and (Ls) are checked.
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Checking the condition (Ly)

To check (L) we show that for all eg >0 and t = (¢1,..., ) € 5”5? :

_ —1|>¢gpp <oco. (3.9.98)
D}, (Bn 1)) <Hp i (17) <D 1 (B, tj)} 0}

>80}

m
1 -1
11:[1 Dy, i (Bn 1) < Hyp k(1)) SDZ,k(f’nrtj)]f

= 3P {Haet) € (D7 (80 ). D7 (1)

< YP Hn,k(rj)sq)tjl — |+ Y0P Hn,k(tj)zq)tjl —_—
Ne(Fx) kon m ﬁn,jkl,n
= > ) ZP an(l‘e(t]))_kbm“ EE—
=1 k=ky,j=1 n
Ne(Fo) kan m ko n

+ > > ZP an(rm,))_cptg

- )
=1 k=kyp =1 \/Bnjn

now, using (3.9.40) and (3.9.41), we get

1 (ak, k—ok;,
P{Hn,k(tf(tj)) = ‘*I)tg(ltj) ( nl n)} = EXp{—Tln}, (3.9.99)
and
-1 k2,n (kg,n —O(k')2
P{Hn,k(tf([j)) = (')te(tj) ( on )} =exp —W . (39100)
N

Consequently, we obtain

Ne(F%) kon m

1 (ak
> 2 P{Hn,k(tf(tj)) = q)te(lm ( ln)} < mNg,(Fa) ko, nexp{~(1 -k, ,/4}
(=1 k=ky,nj=1 suon

IA

MmN, (Far)n! ~ 11~/ e <0§3.9.101)
and

Ne(Fz) kon  m ko
Z Z Z P Hpk(Zee)) = “pte(r ) y
=1 k=kinj= \/ﬁTJn

IA

Ne, (Fa) ko nexp{—(1— ) ky,,/20}

< N, (Fp)n!~ 0702 - <a3.9.102)
Thus (L) is checked.
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Checking the condition (L3)

Notice That

|90 (@, 65) — B (p, 1)

d(Xi; 1))
Y e, Y,m)l'[
_ |iettmn j=1 h (7)) (pt(h_(t))r(m)( )
- m(d(X;, 1)) TN N
ictmm j=1 \ 1))
m (dX;., t;)
Z (p(Yil’ Ylm)l_[ l] :
_ P(h™ (@) | be(h* (1) ietim,n) j=1 \ h()) g
~ G (@) | P () s i d(xl,,r,)) @
iel(m,n) j=1 h+(t])
_ up(@,th™ ) o
=B e ento @ (3.9.103)

The study of (3.9.103) is similar to the proofs of Theorem 3.4.1.9 and Theorem 3.4.1.10, as we
can clearly see that

un(p,th™ (1)
u, (1,6 h* (1)

un(@, th™ (1)  E[un(p,t6h (1)]
un(L,th™ (1) Elu,(1,6h™ (1)

Elun(@,6h™ )] ) ‘
ol 3.9.105
’ ‘ EunL i @) oY N

(3.9.104)

— r(m) ((Pyt)‘ <

Let us start with (3.9.104), we have

up(p,h™ (1)  Elu,(p,tth (1))

u,(1L,6h* (1) Elu, (1, 6h* ()]

_ |unte,t h™(®) —E (un (¢, t,h™ )|

B lun(1,t,h™)]

.\ |E(tn(p, 6 h™ ()] |un (1, h™) —E (1, (1, t,h* (1))
lun (1,6, h* ()] |E (u, (1, t, h* (1))

=:T+1I.

Applying the same calculation as in the proof of Theorem 3.4.1.9, it follows that:

,th(t
sup sup Unle,Gh ©) rm (p,1)

It
(pf(egim%m (h~(©),h* (t))€.]fém) X]ﬁém) tey%”’ ul’l(lyt)h (t))

Now, for (3.9.105), using the fact that

7 q)t(h+ ©/2) _ m

It
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therefore,

un(@, th™ (1)

un(lA;h*(n)'_rum(w’ﬁ

<Kk;"C3" [un(p, 6™ (®) - r'"™ (@, 1),

following the same steps as in Theorem 3.4.1.10, we can easily conclude that

Elu, (@, t;h™ (0)]
Elu,(1,t;h*(0)]

sup sup

_ pm) ((p,t)' =0(b}).

OREF ™ (h~ (1), h* (1) e 2™ x A €S
Consequently,
un(@, th (1)
sup sup n(p—+ — r(m) ((p’ t)
un(1,th™ (1)

OKEF A ™ (h~ (1), h* () e AT x 7™ teFy)

=0 (Ein) +Oa.co
Since f, — 1, we can also conclude that
m dX;., t;)
Z (p(-Yil’ Ylm) H h l] :
iel(m,n) j=1 (Z)) )
_sup sup sup T — —PBur (@, 1)
ORe T A" (0 (0 h* () e 2" 76" €T y H ok 1))
iel(m,n) j=1 h+(t])
which implies that

m dX;., t;)

Y o, Yi) [[K h”]

iel(m,n) j=1 () )
sup sup  sup 0K, —Pur (g, 1)
@Keﬁm%m ki nsk<ksn I,‘E,Sﬁ:q? Z l_[ ( 1], t])
iel(m,n) j=1 h+(t])
logn
k2n Y W,sﬁ%( n )
-0 (4)—1 (p*:n) +Ouco o (3.9.106)
n
: ot (2222
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Finally, by putting ¢ =1 in (3.9.106), we get

m(d(X;,, ;)
tel(zmn)jl_[ h; (tl) )
ﬁiljfmkl,nssukgkz,ntig% 5 ﬁK d(le,t])) ~Pn
iel(m,n) j=1 hi(t))
L (Kon)Y W%(loin)
=O(cb (p;}’n )+Oa.co ik (3.9.107)
mb(u ¢; (T))

Hence, (L3) is checked. Now, with all the conditions of Lemma 3.9.1 satisfied, it follows that

sup sup sup [ (@, 6D, 1) =N (@, 0)] = Og.co(Xy),
(péeﬁmgm tESgl kl,nSkSkz,n

which is exactly the desired result; hence, the proof is completed. 0

Appendix

In the sequel, we define X, Xy, ..., X}, to be i.i.d random variables defined on the probability space
(Q, «/,P) and taking values in some measurable space (¥, %), and .# to be a P-measurable class
of measurable functions with envelope function E such that :

E(F*(X)) < 0.
We further assume that .%# has the following property:

» For any sequence of i.i.d. & -valued random variables Z;,Z,,... it holds that

<CVEIGEZ)I,, 1<ks<n,
(4

k
E|Y {gZ)-Eg @)}
i=1

where C; > 1 is a constant depending on ¢ only.

Lemma 3.9.1.6 (Theorem 2.14.1 van der Vaart and Wellner [1996]) For an empirical pro-
cess an(f) indexed by the class of functions .F with the notation :

Joa ()] := sup |aa (D)

and J(8, %) meaning supq f08 \/1 +logN[€,ﬁ, [ - ||L2(Q))de, we have, for p > 1,
e (A 2], = CIE, Z) Bl 2.
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Lemma 3.9.1.7 (Theorem 3.1 Dony and Einmahl [2009]) Let .% be a pointwise measurable
function class satisfying the above assumptions. If we suppose that the empirical process o, (f)
satisfies :

E|lan(f)]| 5 < CIFll2, (3.9.108)

then for any measurable subset B € S:
E|an(f1B)| 5 < 2CIIFLg].

From Theorem 3.2 of Dony and Einmahl [2009], it follows that a VC-type class of functions
satisfies, always, the condition (3.9.108).

Lemma 3.9.1.8 (Bernstein type inequality Fact 4.2 Dony and Einmahl [2009]) Assume that
for some H>0 and p = 2 the rvs X,X1,..., X, satisfy :

E(FP (X)) < (p!/2)0*HP 2, where o =E(F*(X)),

then for Wy, = E(||v/nan(f)| 5), we have for any z>0 :

2nc? +2zH
2

-z -z
<exp (4n02) V exp (m) .

Lemma 3.9.1.9 (Theorem A. page 201 Serfling [1980]) Let f be a symmetric function taking
its variables from ™ satisfying || f ||oo <¢

2
\/%(xk(f)Hy > p;,+z} < exp(—z)

P< max
1<k<n

Ef Xy,...,.Xm) =06,
and
o’ =Var (f X1,...,Xm)),
then for t >0 and n = m, we have :

2
I]J’{|Lt§1m)(f)—6|2 t}SeXp{_M}.

202—%ct

Lemma 3.9.1.10 (Proposition 4. Arcones [1995]) Let Xy,...,X;, be i.i.d. random variables
with values in some measurable space (S,.%#). Let % be a class of symmetric functions f from

S™ satisfying some measurability conditions. Suppose that there exists a finite constant ¢y such
that for each xj € S we have :

[E{ }SC(),
F

and that there is a finite constant b such that sup re & | f (X)| < b, a.s. Then for each u>0:
{ 2§
Pin

j=2
where the variables (; are Rademacher variables.

nl_mZCiICizf(xil""’xim)

I

lt,ll/z
2m+5mm+1b60)’

r]n) un (1,mf)

= u} sZexp(—
F
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Lemma 3.9.1.11 (Lemma 6.1 in Kara ef al. [2017], p.186) LetXy,...,X,, be independent Bernoulli
random variables with P(X;=1) = p, forall i =1,...,n. Set U =X; +...+X,;, and | = pn. Then,
forany w = 1, we have

— pmin(mz, W) }

[P’(Uz(1+w)p)5exp{ n

and if w € (0,1), we have

P{U < (1 - w)p} < exp{-—p(0?/2)}.
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Chapter 4

Asymptotic properties of conditional
U-statistics using delta sequences

Ce chapitre développe le contenu d’un article publié [Communications in Statistics-Theory and
Methods (2023). https://doi.org/10.1080/03610926.2023.2179887], mis en forme pour étre in-
séré dans le présent manuscrit de these.

Title : Asymptotic properties of conditional U-statistics using delta sequences

Abstract

W. Stute [Ann. Probab. 19 (1991) 812-825] introduced a class of so-called conditional U-
statistics, which may be viewed as a generalization of the Nadaraya-Watson estimates of a
regression function. Stute proved their strong pointwise consistency to :

r® (@, 0 :=Elp(Y1,..., Y| X,...,Xp) =t], for te R,

This paper deals with a quite general nonparametric statistical curve estimation setting, includ-
ing the Stute estimator as a particular case. The class of “delta sequence estimators” is defined
and treated here. This class also includes the orthogonal series and histogram methods. The
theoretical results concerning the exponential inequalities and the asymptotic normality estab-
lished in this paper are (or will be) key tools for further functional estimation developments. As
a by-product of our proofs, we state consistency results for the delta sequences conditional U-
statistics estimator under the random censoring. Potential applications include discrimination
problems, metric learning, multipartite ranking, Kendall rank correlation coefficient, general-
ized U-Statistics, and set indexed conditional U-statistics.

Keywords : Nonparametric estimation; U-statistics; conditional distribution; delta sequences;
kernel estimation; machine learning problems.
Mathematics Subject Classification : 60F05 ; 60G15 ; 60G10 ; 62GO05 ; 62G07; 62H 12.
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4.1 Introduction

Motivated by numerous applications, the theory of U-statistics (introduced in the seminal work
by Hoeffding [1948]) and U-processes have received considerable attention in the past decades.
U-statistics are useful for solving complex statistical problems. Examples are density estima-
tion, non-parametric regression tests, and goodness-of-fit tests. In particular, U-statistics play a
role in analyzing estimators (including function estimators) with varying degrees of smoothness.
For example, Stute [1993] applies a.s. uniform bounds for P-canonical U-processes to analyze
the product limit estimator for truncated data. Arcones and Wang [2006] present two new tests
for normality based on U-processes. Making use of the results of Giné€ and Mason [2007a,b],
Schick et al. [2011] introduced new tests for normality which use as test statistics weighted
L,-distances between the standard normal density and local U-statistics based on standardized
observations. Joly and Lugosi [2016] discussed the estimation of the mean of multivariate func-
tions in case of possibly heavy-tailed distributions and introduced the median-of-means, which
is based on U-statistics. U-processes are important tools for a broad range of statistical ap-
plications such as testing for qualitative features of functions in nonparametric statistics [Lee
et al. [2009a], Ghosal et al. [2000a], Abrevaya and Jiang [2005a]], cross-validation for density
estimation [40], and establishing limiting distributions of M-estimators [see, e.g., Arcones and
Giné [1993], Sherman [1993], Sherman [1994], de la Pefia and Giné [1999]]. Halmos [1946],
von Mises [1947] and Hoeffding [1948], who provided (amongst others) the first asymptotic
results for the case that the underlying random variables are independent and identically dis-
tributed. Under weak dependency assumptions, asymptotic results are, for instance, shown in
Borovkova et al. [2001], in Denker and Keller [1983] or more recently in Leucht [2012] and
in more general setting in Leucht and Neumann [2013]. For excellent resource of references
on the U-statistics and U-processes, the interested reader may refer to Borovskikh [1996], Ko-
roljuk and Borovskich [1994], Lee [1990], Arcones and Giné [1995], Arcones et al. [1994]
and Arcones and Giné [1993]. A profound insight into the theory of U-processes is given by
de la Pena and Giné [1999]. For more recent references, we refer to Bouzebda and Soukarieh
[2023b]; Soukarieh and Bouzebda [2022, 2023]. In this paper, we consider the so-called condi-
tional U-statistics introduced by Stute [1991]. These statistics may be viewed as generalizations
of the Nadaraya-Watson (Nadaraja [1964] and Watson [1964]) estimates of a regression func-
tion.

To be more precise, let us consider the sequence of independent and identically distributed
random elements {(X;,Y;),i € N*} with X; e R? and Y; e R?, d,d’ = 1. Let ¢ : R¥F — R be
a measurable function. In this paper, we are primarily concerned with the estimation of the
conditional expectation or regression function :

rPe, ) = E(@Yy,...,YR) | Xy,...,Xp) =t), for te R,

whenever it exists, i.e., E (|(p(Y1, e, Yi) |) < 0o. We now introduce a kernel function K: R? — R
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with support contained in [—B, B]4, B> 0, satisfying :

sup |[Kx)| =:x <oo and fK(x)dx:I. 4.1.1)
xeR4

Stute [1991] introduced a class of estimators for k) (o, 1), called conditional U-statistics, which
is defined for each t € R%¥ to be :

-Xi t —X;
> o Ylk)K( )K(’“ k)

(@, b = LSO h" " (4.12)

x; — X Xi — X
S
(el P hn

.....

where :
I(k,n)={i=(,...,ix):0<ij<n and ij#i, if j#r},

is the set of all k-tuples of different integers between 1 and n and {h,},>; is a sequence of

positive constants converging to zero at the rate nhgk

— oo. In the particular case k = 1,
the r® (¢, t) reduces to 7 (¢, t) = E(@(Y)|X = t) and Stute’s estimator becomes the Nadaraya-

Watson (Nadaraja [1965] and Watson [1964]) estimator of r (¢, t) given by :

hn /Z Xl—t.

The work of Sen [1994] was devoted to estimating the rate of the uniform convergence in t of
A(k) (@, t; 1) to 1O (¢, 1). In the paper of Prakasa Rao and Sen [1995], the limit distributions of
A(k) (p,t hy) are discussed and compared with those obtained by Stute. Harel and Puri [1996]

(.t hy) = Zcp(Y,)K

extend the results of Stute [1991], under appropriate mixing conditions, to weakly dependent
data and have applied their findings to verify the Bayes risk consistency of the correspond-
ing discrimination rules. Stute [1996] proposed symmetrized nearest neighbor conditional U-
statistics as alternatives to the usual kernel-type estimators. An important contribution is given
in the paper Dony and Mason [2008] where a much stronger form of consistency holds, namely,
uniform in t and in bandwidth consistency (i.e., hy, h, € [a,, b,] where a, < b, — 0 at some
specific rate) of 7 A(k) (¢, t; hy,). In addition, uniform consistency is also established over ¢ € .%
for a suitably restrlcted class of functions .%, extended in Bouzebda and Nemouchi [2019],
Bouzebda and Nemouchi [2020], Bouzebda er al. [2021], Bouzebda and Nezzal [2022] and
Bouzebda er al. [2022]. The main tool in their result is the use of the local conditional U-
process investigated in Giné and Mason [2007a]. In the present paper, we will consider a gen-
eral method for functional estimation by using the delta sequences. Delta sequences (also called
“approximate identities” or “summability kernels”) appear in many branches of mathematics,
but probably the most important applications are those in the theory of generalized functions.
The basic use of delta sequences is the regularization of generalized functions. The proposed
methods generalize several non-parametric estimation methods, including the kernel estimators
given in (4.1.2) of Stute [1991]. To be more precise, the broad class of delta-sequence esti-
mators includes the histogram estimators, Chentsov’s projection estimators Chentsov [1962],
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and nearest-neighbor estimators, among others. Certain types of these sequences were already
studied by Watson and Leadbetter [1964], who called them “d-function sequences”. They es-
tablished, among other things, the asymptotic unbiasedness and the asymptotic variance of
estimators based on them but did not consider convergence rates. Winter [1975] obtained the
rate of strong consistency as well as the rate of asymptotic bias for estimators associated with
delta sequences arising from the Fejér kernel of the Fourier series. The delta sequence method
of density estimation of Susarla and Walter [1981] is extended to certain non-i.i.d. cases in
Prakasa Rao [1978], where the observations are assumed to be sampled from a stationary
Markov process. Ahmad [1981] considered the delta-sequence estimator for the marginal dis-
tribution of a strictly stationary stochastic process satisfying some mixing conditions. Basu and
Sahoo [1985] studied the rate of local and global convergence rates of delta-sequence-type es-
timators of the density function, its derivative, and its mode. Nolan and Marron [1989] proved
the uniform strong consistency of delta-sequence estimators. Isogai [1990] partially general-
ized the usual non-parametric estimators of a regression function using an estimator based on
quasi-positive delta sequences. Marron and Hirdle [1986] considered a general nonparamet-
ric statistical curve estimation setting called the class of “fractional delta sequence estimators”.
Cristobal Cristébal et al. [1987] used the delta method to investigate the correlation model.
Prakasa Rao [2010] considered the problem of estimation of density function by the method
of delta sequences for functional data with values in an infinite dimensional separable Banach
space; we may also refer to Ouassou and Rachdi [2012]. The copula estimation using the delta
sequences methods is considered in Bouzebda [2012]. The problem of the nonparametric mini-
max estimation of a multivariate density at a given point by the delta sequences was investigated
in Belitser [2000]. Walter [1983] used the delta sequence to propose an important application
to the classification problem of the value of the discrete random variable. In this functional
context, the "delta sequence estimators" class is defined and discussed. Bouzebda et al. [2023]
established the almost complete uniform convergence with the rates of these estimators under
certain broad conditions.

The present study aims to introduce and investigate the delta sequence estimators for the
conditional U-statistics. To our knowledge, this problem was open up to the present, and it
gives the primary motivation for our paper.

The layout of the present article is structured as follows. Section 4.2 is devoted to intro-
ducing the delta sequences and the definitions we need in our work, where we introduce the
new family of estimators. Section 4.3 gives the paper’s main results concerning the exponential
inequalities and the limiting law. In Section 4.4, we provide an important application for the
censored data setting that is of its own interest. In Section 4.5, we provide some applications
including the discrimination in §4.5.1, the metric learning in §4.5.2, the multipartite ranking in
§4.5.3, the Ranking problems in §4.5.4, Kendall rank correlation coefficient §4.5.5, generalized
U-Statistics §4.5.6, set indexed conditional U-statistics §4.5.7 and testing stochastic monotonic-
ity problems in §4.5.8. In Section 4.5.10, we collect some examples of classes of functions and
examples of conditional U-statistics. In Section 4.6, we briefly discussed the bandwidth se-
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lection criterion. Some concluding remarks and possible future developments are relegated to
6.2. To prevent interrupting the presentation flow, all proofs are gathered in Section 4.7. A few
relevant technical results are given in Appendix 4.8.

4.2 Preliminaries and estimation procedure

Let X,Y), X1,Y1),...,(X,,Y,) be independent and identically distributed random vectors with
common joint density function fxy : R? x R — [0,00[. Let @ : RY% — R be a measurable
function. We are interested in the estimation of the conditional expectation or the regression
function
0 (0 o) — _ < - mdk
@, %) =E(@Y1,...,Y) | X1,...,.Xp) =), for xR, 4.2.1)

whenever it exists, i.e, E (|(p(Y1, o Yi) |) < 0o. To be more precise, we want to extend the results
of conditional U-statistics presented in Stute [1991] using the delta sequences method, known
to unify many estimation approaches. To make sense of the results and before we present a new
estimate of r® (¢, %), the following definitions and notation are needed. Throughout this paper,
any multivariate point will be written in bold. To avoid confusion, we note X = (x1,...,x4) for a
generic point in the Euclidean space R? and we denote % := (x1,...,Xg) a k-tuple of multivariate
points x; € R?.1 < i < k. We will also be considering %, a compact subset of R%.

4.2.1 Delta-sequences

For an open set X c R, let 657 (X) denote the space of infinitely differentiable functions on X

having compact support.

Definition 4.2.1.1 A sequence of functions {6,,}, in L°(X x X), is said to be a delta-sequence
on X if for each ¢ € 65°(X), and x € X, as m — oo, we have

f% 8% YOIy — B(x). (422)

Definition 4.2.1.2 A delta-sequence {8,,} on R? is said to be of positive type if 8,, =0 and for

any X € R, we have,

(D) JpaSmxy)dy=1;

(i) sup,-or {ﬁx—yl>r 6m(x,y)dy} =0(m™1);
(if) SUPyega 18m(x, ) =0(m?);
and for each n > 0,

(iv) sup{d,,(x,y):Ix—yl>n}—0.
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Let 6,,,;(x,y;) be a delta-sequence of positive type, for j =1,...,d, then, from Proposition 2.2
Susarla and Walter [1981],

d
8mxy) =[] 0m,xjy))
j=1

is a delta-sequence of positive type. The delta-sequence technique is a device to simultaneously
study properties of estimates pertaining to several usual methods in nonparametric function
estimation. Introduced by Watson and Leadbetter [1964], the delta-sequence method relative to
the density estimation was studied among others by Foldes and Révész [1974] and Walter and
Blum [1979] whereas it was extended to the multivariate case by Susarla and Walter [1981].

Remark 4.2.1.3 For (x,y) € R?, set
dm(x,y) = mK(m(x-y)),
where K(-) is a positive bounded function, such that,
fK(x)dx =1 and lim |x|K(x)=0.
R X—00
Parzen [1962] proved that b,,(-,-) constitutes a delta-sequence.

For convenience, we present two examples of positive delta sequences from Susarla and Walter
[1981].

Example 4.2.1.4 The multivariate Fejer kernel of Fourier series

d
Bm(x,y) =[] 8m(xi, yi),

i=1

where
(sin{(m+1)(x; — y;)/2})?
2n(sin{(x; — y;)/2})?

Om(xi,yi) = W{ly; — x;| =7},

defines a positive delta-sequence, refer to [Susarla and Walter, 1981, Example 2.2.].

Example 4.2.1.5 Let us denote by B a fixed compact subset of R®. For each m, partition 5
into Bm,1,..., B, ma disjoint sets each of which has diameter < b/m, for some constant b

depending on *B. Then
d

dmx,y) =) 1ixe B, 11y e By, j},
j=1

is a positive delta-sequence fulfilling Definition 4.2.1.2.

Here and elsewhere, m,, — oo, m;,,/n — 0 as n — oo.
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4.2.2 The main estimate

To estimate the regression function r® (¢, -) given in (4.2.1), we propose the following general
family of estimates for each % € R4* defined by

Z ) )(p(Yil,...,Yik)amn (Xl,Xil)---ﬁmn (Xk’Xik)
(i1, i)€l(k,n

8m, (X1, Xi,) -+ 8, (X1, Xi) ’
(il,...,ik)EI(k,n)
if Z 6mn (Xl’xil) a 6mn (Xk’xik) 70,
?,(qk) (9, %; M) = 4 (i1, i) €10k, M) (4.2.3)
n!
Z ¢©Yi,...,Yi)

(=KL G, ietcn

if Z Sm,, (Xl’Xil)"’ﬁmn (Xk,Xik) =0.
(i] ..... ik)EI(k,I’l)

From now on, we shall use the following notation:
X0 = Xy,...,Xp) R, and XF = X;,,...,X;) R, i ellk,n),

YO = (Yy,..., Y0 eRYK, and YO = (Y4, Vi) e 24, i elk,m),

we also define
k

Gy, m, XF, Y = (Y1,..., Y0) [ 81m, x:1,X0),
i=1

and (= K"
- n—K): k) vk
un (@, % mp) = U Goxm,) = —— Y. Gogxm, K,
e eltn)
We can see that _
ul’l ((P,X, mn)

70 (¢, %, mp) = (4.2.4)

un(1,X,mp)’
where u,(1,X,m;,) denotes the U-statistic with ¢ = 1. Note that u,(¢p,X,m,) is a classical
U-statistic generated by the kernel Gy 5, m,,-

Remark 4.2.2.1 Since the kernel Gy z m, (-,) is not a symmetric function, we construct its sym-
metrized version

1 1 ~ N

P Z ch,i,mn (ts,Yo) = I Z (P(Yo)amn *x,ts), 4.2.5)

P,X,Mp l l
O'EI(kyk) O'EI(k,k)

where t; = (tg,,...,t5,), Yo = Yo,)---,Yo,) and
_ k
B, %0 =[] 8m, (xj15).
j=1
Notice that, after the symmetrization, the expectation

E [G(Prjvmn (t’y)] =E [G(p’xrmn (t’y)] :

This remark will be useful when applying Lemma 4.8.0.2 later in the proofs.
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4.3 Main results

4.3.1 Conditions and comments

Our results are stated under some assumptions we gather hereafter for easy reference.

k
(C.1.) Let a = (ay,...,0f) be a multi-index of non-negative integers «;, such that |a| = Z o,
i=1

we assume that the density function fx(-) is |a|-times continuously differentiable on &
and there exists a finite constant Cy such that, for all x;,...Xg and j=1,...,k

0%
sup |———— fx (Xj + hxuttj)| < Co;
hxuel0,1]| 0Xiy ++ 0Xi, ! !

(C.2.) We also suppose that the density function fx(-) is such that, for all xe &,

(C.2.a) For some finite constant fx max, we have fx(X) < fx max.

(C.2.b) There exists a constant fx min > 0 such that fx(X) > fX min;

(C.3.) There exists a measure L on (Rd', &) such that Px y is absolutely continuous with respect
to Leby ® u , where Leby is the Lebesgue measure on R%;

(CA4.) For every y e RY X — fxy(x,y) is differentiable almost everywhere up to the order a.
Moreover, there exists positive finite constants Cyy, and Co, f,a> such that, for every 0 <
il,...,iaj < d

3%
sup — fxy (X + huj,yj)

_ < Cq
Sz
xuel0,1] | 0Xiy + 0Xi,

and
(x—ll o k ]
i > f (@(y1,--0y6) —E[@Y1,..., YO IX; =x;,Vj=1,...,k])
=1 o+ tog=1 A1:k j=1
d aO(j
X4 2 Upi Ui pa——a——fxx (Xj+ hug,yg)|dp(y) - du@R) )
iyl = i 0x;---0 fa
k
< Copa ] llujll®. (4.3.2)

. !
For every choice of xy,..., Xy € X and yy,...,yx € R4, uj,...,u; € R4 such that X;+u; €
x.

(C.5) The function @(-) is bounded and there exists a constant Cy, such that |@(-)[le := Cy <

+00.

(C.5’) The function ¢(-) is unbounded and the exists a positive function By, such that for all
¢=1and Xl,...,XkERd,

¢
E [|q>(Y1,...,Yk)| X1 = X1, Xk = Xe | < By (xy,..., x0)°0,

such that By, (X1, ..., Xj) < E(p almost surely, for some finite positive constant ]~3(p.
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Comments

We impose the conditions (C.1)-(C-4) for technical reasons. The conditions (C.1) and (C.2)
on the marginal density fx(-) of X which means that fx(-) is bounded and has finite partial
derivatives is necessary to establish finite bounds. These conditions are standard in literature,
especially when some approximation theorems, such as the Taylor expansion formulas, are
used, which is the case in this paper. For the same reasons, we impose the conditions (C.4)
on the joint density function of the vector (X,Y). The conditions (C.5) deals with a bounded
function ¢(-), while the conditional Bernstein assumption in (C.5”) helps to control the tail
behavior of ¢(-) so that the exponential concentration bounds are available. Notice that (C.5”)
is important to the truncation method. Note that the condition (C.5’) may be replaced by more
general hypotheses upon moments of Y as in Deheuvels [2011] and Bouzebda [2023]. That is

(C.5)" We denote by {4 (x) : x = 0} a nonnegative continuous function, increasing on [0, 00), and
such that, for some s > 2, ultimately as x 1 oo,

(1) xSl (%) ;D) x Lu(x)1. (4.3.3)
For each ¢ > .4 (0), we define 4"V (£) =0 by M (M (1)) = t. We assume further that:

E (4t (o)) <co.

The following choices of .4 (-) are of particular interest:
(i) 4 (x)= xP for some p >2;

(i1) A (x) = exp(sx) for some s> 0.

4.3.2 Exponential bounds

The following result concerns the case when the function ¢(:) is bounded in the sense of the
condition (C.5).

Theorem 4.3.2.1 (Exponential bound for the estimator ?,(f) with fixed x1,..., X € ZX) Let & my (5 *)
be a positive sequence belonging to L°(R? x RY), if the conditions (C.1)-(C.5) are satisfied then
there exist positive constants Cy,Cy, and C3 such that

Ky := Clmde and Ky = szdk,

and for every t,t' > 0 such that,
k

_ X,mi
Csm A+t<%,

we have

P(

P05, ma) - rP(@,8)| < (1+Cam™ +Cst) x (Com™ + 1))

(n/k]t? [nlk]t?
Py —2exp |
2K1+§{C8—K2}t 2C7 +Cgt

=>1-2exp (— 4.3.4)
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where
Cs = sup |8, x|, Ca ::4C3f)éc,max X_,rzr{cin’
(x,y)eR4 x R4
Cs := 4f)§,max X_,rznkin, Ce:= Cﬁ,a,(pm_)\fx_,!;in’

The proof of Theorem 4.3.2.1 is postponed until Sect. 4.7.

Now, we present a more general result concerning the case when the function ¢ is unbounded
in the sense of the condition (C.5’). That being said, the preceding theorem constitutes an
important step in the truncation method used in the proof of the following one.

Theorem 4.3.2.2 Assume that the conditions (C.1)-(C.4) and (C.5’) are satisfied, for every

t,t' >0 such that
k

- X,min
Csm A +i< 5

we have
p ( 75 (¢, %, my) — r® ((p,ic)) < (1 +Cam ™ +Cs t) x ((:6m—A + t’))
k) t? k) t?
>1-2exp|- [;1 ]k —2exp (—%), (4.3.5)
2K1+§{C6—K2}t 2C; +Cgt’

where

Cr = 128(Bgx+ Btp)z fX_,rlilinK,Z’

Cs = 2(Byx+By) fX_,rI;inKll’

and for some positive constants C| and C,,
By :=Bp1,...,x5), «;:=Cim*, and x}:=Cym?@1,

The proof of Theorem 4.3.2.2 is postponed until Sect. 4.7.
We have the following immediate result by combining the last theorem and the Borel-
Cantelli lemma.

Corollary 4.3.2.3 Assume that the conditions (C.1)-(C.4) and (C.5’) are satisfied. We have, as

n — 00,
dkl
70 (¢, %, my) — ((p,.i:)’ =0 (\/ Mn_08Mn ngn ) , a.s.

The proof of the preceding theorems will be based on the following technical lemmas.

Lemma 4.3.2.4 Let 8,,,(-,-) be a positive sequence, and fx € LP (RY), with 1 < p < oo, the
density function of the random vector X satisfying condition (C.1), then we have

=0(m™M), (4.3.6)

k
Elun(1,%my)] - [ ] fxx;))
j=1

where X :=min{k,kq™'}, withg™' =1-p~.
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The proof of Lemma 4.3.2.4 is postponed until Sect. 4.7.

Lemma 4.3.2.5 Let d,,,(-,-) be a positive sequence belonging to L® (R4 x RY), if the conditions
of Lemma 4.3.2.4 are satisfied then, for some t >0, we have

5 k \ (n/k)t>
Pl|un,%mp) - [] fxxj)|<Csm™ +1|=1-exp|- A : (4.3.7)
j=1 2K1+§{C6—K2}t
The proof of Lemma 4.3.2.5 is postponed until Sect. 4.7.
Lemma 4.3.2.6 If the conditions of Lemma 4.3.2.5 are satisfied, and if for some t > 0,
k .
Cam™N 4 ¢ < 2min
2
we have
1 1 4 /k)t?
P - — < (Cgm_A + t) >1-exp|- [Zn ] , (4.3.8)
U,,x, my) k ;k . 2K1+§{C§—K2}t
l_[ fx(x]) min
j=1
and
i
fX(x]) 2
j=1 41,
! <1+ 2% (Cym ™+ e). (43.9)
> [18m, [xxs) omin
iel(k,n) j=1

The proof of Lemma 4.3.2.6 is postponed until Sect. 4.7.

Lemma 4.3.2.7 Under Assumptions (C.1)-(C.4), there exists a constant Cg oo > 0 such that We
have for all i€ 1(k, n),
ng , m=
EISi]] < ———,
X, min

where

k 5mn (xj,Xij)

ESil =[]

- s . -~ {(-p(Yily---ink) - [E [(p(Yly . '-)Yk) I (le ---)Xk) :x]}-
j=1 Jx(xj)
The proof of Lemma 4.3.2.7 is postponed until Sect. 4.7.
Lemma 4.3.2.8 Under Assumptions (C.2.b) and (C.5’.) for every t >0, we have

2 f2k - (nlk]

Z,min

P{ > (Si—[E[Si])>t)Sexp — - -
(iel(k,n) 128 (Bg s+ Bg)* C2¥~1 +2¢(By,+By) CEfE L0

The proof of Lemma 4.3.2.8 is postponed until Sect. 4.7.
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4.3.3 Limiting distribution

In this section, we establish the central limit theorem for the estimate defined in (4.2.3). In order
to do that, we will need the following assumptions:

4.3.4 Conditions
(A1) Let m=0 (n(é)_e) for some 0 < de < 1;
(A.2) The delta sequence §,, has a compact support;

(A.3) Letx=(xy,...,X§) be a point of continuity for each

(~) 0 if Xj #Xl,
ri(X)=
gt Ejyl(i) if Xj =Xy,

where

E],l(i) = [E[(-p (YI)---)Yj—lyY)Yj+1y---}Yk)(p(Yk-l-l)'--)Y]C+j—1!Y)Yk+j+1!---)YZIC)
|X; =x; for i# j,Xpir =X, for r#1 and X=x; =x;];
(A.4) The density function fx is continuous at each x;, 1 < j < k, with fx(x;) > 0;

(A.5) rjus(,--) is bounded in a neighborhood of (X,%,X) € 23k forall 1< j,1,s <k, where :

rins @i 2ok Z3k) =E[@ (Y1,..., Y1, Y, Yjpr ..., Yg)
X(P(Yk+1»~~~)Yk+j—1’Y»Yk+j+1 ---’sz:)
X @ (Yors1,-- 0 Yoir j=1, Y, Yoru ji1 -, Yai)
|X;=2z;;1<i<3k,i#jk+1,2k+sX=2],

and for 1 <3, Zsx = (Z(s—1)k+1> -1 Zs—Dk+ j— 1 Lo Z(s—1)k+j+1> - - r Zsk)
(A.6) r{kz)(-, -) is bounded in a neighborhood of (X,X), where
rl(kz) (X1,X2) = E[cp(Yil,...,Yik)(p(le,...,ij) | iy -0 Xip) = X1, X5y, X =5i2] )

(A.7) Let 7™ (¢,-) admit an expansion

0 | 02
(k) _ (k) (k) t (k) t
) - )t ;t A _A -~ o ,t A + A A y
r'%gp, t+A) =P )+{6tr (p )} 5 {atzr (p )} o(A'A)
as A — 0, for all t in a neighborhood of x.

(A.8) fx(-) is twice differentiable in neighborhoods of x;,1< j <k,

(A.9) {8,,,} is symmetric at zero.
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. 2 . .

Below, we write Z = A (y, 02) whenever the random variable Z follows a normal law with
. . ] e

expectation p and variance o2, = denotes convergence in distribution. We also denote

un ((P; i) mn)

Un((P;i; mn) = N

where
k
= [TE[8m, (x;.X1)].
j=1
Our main result in this section is summarized as follows.

Theorem 4.3.4.1 Under assumptions (A.1)-(A.6) and if r® (., is continuous at %, then :

Vi (70 @,x, my) — EU (9,5 m)) 2 A (0,0%),
where

k k
- Z Z D=y
i=1j=1

The proof of Theorem 4.3.4.1 is postponed until Sect. 4.7.

rn@ - v (56))2] fﬁz(x,t)dt/fx(ti). (4.3.10)

The following corollary is more or less straightforward, given Theorem 4.3.4.1.

Corollary 4.3.4.2 If in addition to Theorem 4.3.4.1, (A.7)-(A.9) hold, then

k
m?4 |EU (¢, %, mp) — r® (@,x)] = % [ [18m, (xjt) " {r"®}t-de/f®)

(k)
fﬂﬁmn () {f @}t dt——— f((“p)’ 9140,

where .
r®=rYenf®, f@=[]kx)

and we have
1/2
(nm;)

provided that nm;;** — 0.

7 (@, %, my) - P, x)] — 4 (0,0%),

Remark 4.3.4.3 Under squared loss the optimal m,,* satisfies nm,,>?

— ¢, some finite c de-
pending on rk (p,-) and fx(-). In this case the conclusion of Corollary 4.3.4.2 also holds, but

with A (0,p?) replaced by .V (a,p?) for some a # 0.

Remark 4.3.4.4 WhenXis independent of Y, E(@(Y1,...,Yi) | Xi,...,Xx) =%) =E(@(Y1,...,Yi)).
Hence, up to a scaling factor, the limiting distribution is equal to the limit of the unconditional
U-statistic pertaining to the Y sequence, as should be expected. Observe, however, that the
standardizing factor is (nm;, d) with m,, — oo, indicating a lower rate of convergence. This

is the cost incurred when drawing conclusions regarding conditional (local) quantities.
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Remark 4.3.4.5 It is well known that the estimation problems of a regression function (con-
ditional model) are especially hard when the dimension of the explanatory X is large. It is
worth noticing that one consequence of this is that the optimal minimax rate of convergence
n=2kICk+d) for the estimation of a k times differentiable regression function converges to zero
rather slowly if the dimension d of X is large compared to k. To circumvent the so-called curse
of dimensionality, the only way is to impose additional assumptions on the regression functions.
The simplest way is to consider the linear models, but this rather restrictive parametric assump-
tion can be extended in several ways. The idea is to consider the additive models to simplify the
problem of regression estimation by fitting only functions to the data that have the same addi-
tive structure. In projection pursuit, one generalizes this further by assuming that the regression
function is a sum of univariate functions applied to projections of X onto various directions; we
note that this includes the single index models as particular cases, the interested reader may
refer to [Gyorfi et al., 2002, Chapter 22] for more rigorous developments of such techniques.
Other ways to be investigated are the semi-parametric models, considered intermediary models
between linear and nonparametric ones, aiming to combine the flexibility of nonparametric ap-
proaches together with the interpretability of the parametric ones, for details on these methods
for functional data.

Remark 4.3.4.6 Let us recall the general kernel-type estimator of the regression function de-
fined, for x € R%, by

Y @(Y)K(x—X;)/hp)
lpn (%, ) = = . 4.3.11)

Y K(x—X;)/hy)
i=1
By setting @(y) = y into (4.3.11) we get the classical Nadaraya-Watson kernel regression func-

tion estimator of m(x) :=E(Y | X =x) given by

ZYiK((x—xi)/hn)
=1

My, (X) 1= — (4.3.12)
Y K(x- X;)/hn)
i=1
We define the internal estimator at some predeﬁned point X by
n
A nt x-X;i)_Yi
x):= ( ) _— 4.3.13
= o 2K () g @313

For more details on the estimators (4.3.12) and (4.3.13), the interested reader may refer, e.g.,
to Wand and Jones [1995]. Linton and Jacho-Chdvez [2010] pointed out that Mack and Miiller

[1989] were the first to propose mInt (x) for d =1, with a view to the estimation of derivatives
by computing the derivative of the regresszon, which has a simpler form than the derivative of
the Nadaraya-Watson smoother. The term “internal” stands for the fact that the factor f;!(X;)

is internal to the summation, while the estimator My, (X) has the factor

n X;
ﬁ};l(x) ( d ZK(X )
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externally to the summation. Jones et al. [1994] considered various versions of kernel-type re-
gression estimators, especially the Nadaraya-Watson estimator and the local linear estimator.
They established the equivalence between the local linear estimator and the internal estimator.
Linton and Jacho-Chdvez [2010] and Shen and Xie [2013] indicated that the internal estima-
tors are particularly adequate for the additive nonparametric regression model. Notice that
the estimator in (4.3.13) has also been used by Hengartner and Sperlich [2005] in the con-
text of estimating additive models. The authors showed that it has some additional theoretical
advantages over using the Nadaraya-Watson estimator. They also mention the computational
attractiveness and better performance of the internal estimator (compared to its classical coun-
terpart), particularly when the covariates are correlated and nonuniformly distributed. It would

be of interest to consider our estimator by using the internal estimator idea.

4.4 Conditional U-statistics for censored data

Consider a triple (Y,C,X) of random variables defined in R x R x R%. Here Y is the variable of
interest, C is a censoring variable, and X is a concomitant variable. Throughout, we will use
Maillot and Viallon [2009] notation and we work with a sample {(Y;,C;,X;)1<i<n} of indepen-
dent and identically distributed replication of (Y,C,X), n = 1. Actually, in the right censorship
model, the pairs (Y;,C;), 1 <i < n, are not directly observed and the corresponding information
is given by Z; := min{Y;,C;} and A; := 1{Y; < C;}, 1 <i < n. Accordingly, the observed sample
is
D, ={Z;,A;,X;),i =1,...,n}.

Survival data in clinical trials or failure time data in reliability studies, for example, are often
subject to such censoring. To be more specific, many statistical experiments result in incomplete
samples, even under well-controlled conditions. For example, clinical data for surviving most
types of disease are usually censored by other competing risks to life, which result in death. In
the sequel, we impose the following assumptions upon the distribution of (X,Y). Denote by .#
a given compact set in R¢ with nonempty interior and set, for any o > 0,

SFo=x:inf [x—u| <al.
uey

We will assume that, for a given a > 0, (X,Y) [resp. X] has a density function fxy [resp. fx]
with respect to the Lebesgue measure on ., x R [resp. Z,]. For —oo < f < 00, set

Fy(0)=P(Y<1), G(t)=P(C=<1t), and H(t) =P(Z<1),

the right-continuous distribution functions of Y, C and Z respectively. For any right-continuous
distribution function L defined on R, denote by

Ty =sup{teR:L(f) <1}

141



CHAPTER 4. CONDITIONAL U-STATISTICS USING DELTA SEQUENCES

the upper point of the corresponding distribution. Now consider a pointwise measurable class
7 of real measurable functions defined on R, and assume that .% is of VC-type. We recall the
regression function of y(Y) evaluated at X =x, for y € % and x € .%,, given by

rP,x) =EW(Y) | X=x),

when Y is right-censored. To estimate rV(y,-), we make use of the Inverse Probability of
Censoring Weighted (I.P.C.W.) estimators that have recently gained popularity in the censored
data literature (see Kohler er al. [2002], Carbonez et al. [1995]). The key ideas of I.P.C.W.
estimators are as follows. Introduce the real-valued function ®(-,-) defined on R? by

I{y=sclw(ync)
1-G(yAc)

Dy (y,¢) = 4.4.1)

Assuming the function G() to be known, first note that @y (Y;,C;) = Ajw(Z;)/ (1 - G(Z;)) is
observed for every 1 < i < n. Moreover, under the Assumption (.#) below,

() Cand (Y,X) are independent.
We have

r(@y,x) = E@y(Y,0) X=X
_ E{ﬂ{YsC}w(Z)lxzx}
1-G(2)
- [E{LY)[E(]I{YSC}IX,Y)IX:X}
1-G(Y)
— r(l)(w,x). 4.4.2)

Therefore, any estimate of rd (®y,-), which can be built on fully observed data, turns out to
be an estimate for rV (1, -) too. Thanks to this property, most statistical procedures known to
provide estimates of the regression function in the uncensored case can be naturally extended
to the censored case. For instance, kernel-type estimates are particularly easy to construct. Set,
forxe . #, h=0,1<i<n,

o0, 0= (X X’)/Z (x X’) (4.43)

In view of (4.4.1), (4.4.2), and (4.4.3), whenever G(-) is known, a kernel estimator of 'y, -)
is given by

Ajw(Z;)
PP (w,x; n)—z1 S)Kh,( )1 q(j}(z) (4.4.4)

The function G(-) is generally unknown and has to be estimated. We will denote by G, (-) the
Kaplan-Meier estimator of the function G(:) Kaplan and Meier [1958]. Namely, adopting the
conventions

[]=1

?
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and 0° = 1 and setting
n
Np(w) =) 1{Z; = u},
i=1
we have

(I-Ay)
G,(w=1- 1_[ } , for ueR.

iiZ;<u

{ Nn (Zi )—1
Nn (Zi )
Given this notation, we will investigate the following estimator of " (y, -)

Aiw(Zi)
T2 Gh(Z)’
refer to Kohler e al. [2002] and Maillot and Viallon [2009]. Adopting the convention 0/0 = 0,
this quantity is well defined, since G,(Z;) = 1 if and only if Z; = Z(;,) and A, = 0, where Z

P (%5 ) = Z—;”K i (4.4.5)

is the kth ordered statistic associated with the sample (Zy,...,Z,) for k=1,...,n and A, 1s
the A; corresponding to Zy = Zj. When the variable of interest is a right-censored function
of the (conditional) law, it can generally not be estimated on the complete support (see Brunel
and Comte [2006]). A right-censored version of an unconditional U-statistic with a kernel of
degree m =1 is introduced by the principle of a mean preserving reweighting scheme in Datta
et al. [2010]. Stute and Wang [1993] have proved almost sure convergence of multi-sample
U-statistics under random censorship and provided application by considering the consistency
of a new class of tests designed for testing equality in distribution. To overcome potential biases
arising from right-censoring of the outcomes and the presence of confounding covariates, Chen
and Datta [2019] proposed adjustments to the classical U-statistics. Yuan et al. [2017] proposed
a different way in the estimation procedure of the U-statistic by using a substitution estimator of
the conditional kernel given the observed data. We refer also to Bouzebda and El-hadjali [2020]
and Bouzebda and Taachouche [2022]. To our best knowledge, the problem of the estimation of
the conditional U-statistics in the censored setting was open up to present, and it gives the main
motivation to the study of this section. A natural extension of the function defined in (4.4.1) is
given by
M My s chwn Act.., YA cm).

M5, (1= G(yi A e
From this, we have an analogous relation to (4.4.2) given by

q’w()’b---;)’kycb---»ck) =

[E((DW(YL Yk,Cl, Ck) | (Xl; Xk) =X)

k a1y, <C; ACq,...,Yr AC
_ (Hl 1{{,k BOACH YN CD
Mk, a- G(Y,AC)}
W(er---r k)
= F E 1{Y; < C;} | (Y1, Xy),... (Yr, X Xy,...,Xp) =
(Hle{l—G(Yi)} i:l_[l{ {Y; it (Y1, X0), o (Yo X)) | | (X k) X)

= E(w(Yy,...,Y) | X1,...,.Xp) =X).
An analog estimator to (4.1.2) in the censored case is given by

< (k) . lk e i —(k)
PWxmD= Y e TGz P
(i1, ix)€l(k,n) Il I

(%), (4.4.6)
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where, for i = (iy,..., i) € I(k, n),

—(k) ( ) — 6mn (Xl’Xil) : “6mn (Xk!Xik)

= . ) 4.4.7)
0 mnk > S, (x1, X)) -+ 8, (X1, X )
(i1yeey ik)EI(k,l’l)
The estimator that we will investigate is given by
Aj AN W(Zi . Z1)
W my =y, LB gl g 448

¥ ¥ w .
(i1yeer) ik)EI(k,n) (1 _Gn(zil)"'(l _Gn(Zlk)) n,6,mn,1

Corollary 4.4.0.1 Assume that the conditions (C.1)-(C.4) and (C.5’) are satisfied. We have, as

n — oo,
dkl
A9 3 m) - 1P, 0] =0 (\/ m) , as.
n

This last result is a direct consequence of Corollary (4.3.2.3) and the law of iterated logarithm
for G}, () established in Foldes and Rejt6 [1981] ensures that

. loglogn
sup|G,, —G(H)|=0 . almost surely as n — oo.
I=<T

For more details refer to Bouzebda et al. [2022, 2023] and Bouzebda and Soukarieh [2023a].

4.5 Applications

4.5.1 Discrimination problems

Now, we apply the results of the problem of discrimination described in Section 3 of Stute
[1994b], refer to also to Stute [1994a]. We will use a similar notation and setting. Let ¢(-) be
any function taking at most finitely many values, say 1,...,M. The sets

Aj:{(Yl,---,Yk)1(P(Y1,---,Yk):j}, IS]SM

then yield a partition of the feature space. Predicting the value of ¢(Yy,...,Yy) is tantamount to
predicting the set in the partition to which (Yj,...,Y) belongs. For any discrimination rule g,
we have

M .
PEX) =) <) max! (X)dP (),
j=1J%g®)=j}

where
M & =PeY)=j|X=%), xR’

The above inequality becomes equality if

<) — e
go(X) argllsl}asuﬁ/[ M (X).
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8o(-) 1s called the Bayes rule, and the pertaining probability of error

L =1-P(gX) =¢(Y)) = 1—[E{ max imf(i)}
1=j=M

is called the Bayes risk. Each of the above unknown function 9t/’s can be consistently esti-
mated by one of the methods discussed in the preceding sections. Let, for 1 < j < M,

Y Hoiy,-..,Yi) = j}0m, (x1,X4,) -8 m,, (X, Xi,)
C (e ip)€Ellkn)
m! (%) = , 4.5.1)
" 6mn (Xl’Xil)'uamn (Xk?Xik)
(i] ..... ik)EI(k,n)

Set
80.»(X) = arg max M, (X).
1=j=M

Let us introduce
LZ =P(go,nX) # p(Y)).

The discrimination rule gy ,(-) is asymptotically Bayes’ risk consistent
L* — L*

n

This follows from the apparent relation

IL*-L;| <2E

lg}iﬁ‘m{;(X)—mj(X)H.

4.5.2 Metric learning

Metric learning aims at adapting the metric to the data and has attracted much interest in recent
years; for instance, see Bellet ef al. [2013] and Clémencon et al. [2016] for an account of metric
learning and its applications. This is motivated by a variety of applications ranging from com-
puter vision to information retrieval through bioinformatics. To illustrate the usefulness of this
concept, we present the metric learning problem for supervised classification as in Clémengon
et al. [2016]. Let us consider independent copies (X1,Y1),..., Xy, Y,) of a & x % valued ran-
dom couple (X,Y), where & is some feature space and % = {1,...,C}, with C = 2 say, a finite
set of labels. Let & be a set distance measures D : & x & — R... Intuitively, the goal of metric
learning in this setting is to find a metric under which pairs of points with the same label are
close to each other, and those with different labels are far away. The natural way to define the
risk of a metric D is

RD) =E[¢((1-DXX)-(2L{Y=Y}-1))], 4.5.2)

where ¢(u) is a convex loss function upper bounding the indicator function 1{u = 0}, for in-
stance, the hinge loss ¢(u) = max(0,1— u). To estimate R(D), we consider the natural empirical
estimator

R,(D) = Y o((DXiHXj)-1)-(2n{Y; =Y;}-1)), (4.5.3)

nn-1) 1<i<j<n
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which is a one sample U-statistic of degree two with kernel given by:

¢p (%)), (¢ ) = ¢ ((D(x,2) =1)- (21 {y =y} - 1)).

The convergence to (4.5.2) of a minimizer of (4.5.3) has been studied in the frameworks of
algorithmic stability (Jin ez al. [2009]), algorithmic robustness (Bellet and Habrard [2015]) and
based on the theory of U-processes under appropriate regularization (Cao et al. [2016]).

4.5.3 Multipartite ranking

Let us recall the problem from Clémencon er al. [2016]. Let X € & be a random vector
of attributes/features and the (temporarily hidden) ordinal labels Y € {1,...,K} assigned to it.
Based on a training set of labeled examples, the goal of multipartite ranking is to rank the
attributes/features in the same order as that induced by the labels. This statistical learning prob-
lem is applied in a wide range of fields (e.g., medicine, finance, search engines, e-commerce).
Rankings are generally defined utilizing a scoring function s: % — R, transporting the natural
order on the real line onto the feature space and the gold standard for evaluating the ranking per-
formance of s(x) is the ROC manifold or its usual summary the VUS criterion (VUS standing
for Volume Under the ROC Surface), see Clémencon and Robbiano [2015] and the references
therein. Clémencon et al. [2013] characterized the optimal scoring functions as those that are
optimal for all bipartite subproblems. More precisely, they are increasing transforms of the like-
lihood ratio dFy.;/dFj, where Fj. denotes the class-conditional distribution for the k-th class.
The authors proved when the set of optimal scoring functions is non-empty, it corresponds to
the functions that maximize the volume under the ROC surface

VUS(S):P{S(X1)<...<S(XK) |Y1 :1,...,YK:K}

iid.

Given K independent samples (X(k), ... ,X%Ck)) ~" Fr(dx) for k=1,...,K, the empirical counter-

part of the VUS can be written in the following way:

HKI 33 1{s(x{) <...<s(x)} 4.5.4)

k=1 nk i1=1 ik=1

VUS(s) =

The empirical VUS (4.5.4) is a K-sample U-statistic of degree (1,...,K) with kernel given by:

Qs (xX1,...,x0) =1{s(x1) <...<s(xx)}.

4.5.4 Ranking problems

For its great importance, the problem of ranking instances has received particular attention in
machine learning. In some specific ranking problems, it is necessary to compare two different
observations based on their observed characteristics and decide which one is better instead of
simply classifying them. The ordering problems have many applications in other areas of bank-
ing (Data mining process for direct marketing data extraction), document type classification,
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and so on. The problems of ordering/ranking are frequent problems in which U-statistics come
into play. In this kind of challenge, the aim is to establish a universal and consistent ordering
method. Suppose that we want to establish an order between the first components of the two
pairs X,Y), (X’ Y ) of independent and identically distributed observations in & x R. The vari-
ables Y and Y’ are respective labels of the variables X and X’ that we want to order by observing
them (and not their labels). Usually, we decide that X is better than X’ if Y > Y’. To see things
more clearly, we introduce the new variable:

then Y > Y’ is equivalent to Z > 0. As mentioned, the goal is to establish a classification rule
between X and X' with minimal risk, i.e., the probability that the label of the highest ranked
variable is the smallest is small. Mathematically speaking, the decision rule is given by the

, 1 if x>Xx/,
rix,x)=
-1 else.

function:

The performance measure of r is given by the following ranking risk:
L(r) =P (Z.r(X,X)).
A natural estimate for L(-) according to Clémencon et al. [2008] is:

L,(r):=

L. rx. x1<0)s
”(”_1);} {Z;;.rX;,X)<0}

where (X3,Y1),..., Xy, Yy) are n independent, identically distributed copies of (X,Y), and Z; ; =
Yi;Yj . One can easily see that L, is a U-statistic with m = 2. For more details the reader is

invited to consult Clémencon et al. [2008] and Rejchel [2012].

4.5.5 Kendall rank correlation coefficient

To test the independence of one-dimensional random variables Y; and Y, Kendall [1938] pro-
posed a method based on the U-statistic K,, with the kernel function :

@ ((s1,11), (82, 12)) = (55— 51) (12— 11)>0) — Li(sp—51) (8o~ 11)<0)}- (4.5.5)

Its rejection on the region is of the form {y/7nKj, > y}. In this example, we consider a multivariate
case. To test the conditional independence of &,n:Y = (§,n) given X, we propose a method
based on the conditional U-statistic :

n

> 0 (Yi,Y;)8m(t1,X)8m(t2, X))

~ i#]
7 (p,0) =

n ’
Y 3m (1, X)) 8 (12, X))
i#j
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where t = (#1,1,) € | c R? and ¢(-) is Kendall’s kernel (4.5.5). Suppose that & and n are d;
and d,-dimensional random vectors respectively and d; + dy = d. Furthermore, suppose that
Y1,...,Y, are observations of (§,n), we are interested in testing :

Hp:& and n are conditionally independent given X. vs H,:Hj is not true. (4.5.6)

Let a = (aj,ay) € R4 such as ||a|| = 1 and a € Rdl,ag € R%, and F(-),G(-) be the distribution
functions of § and n respectively. Suppose F* (-) and G*(-) to be continuous for any unit vector
a=(aj,ay) where F1 () =P (a] § < r) and G*(¢) =P(a, n < ) and a] means the transpose of
the vector a;,1 <i < 2. For n =2, let YV = (£, n®) and Y@ = (£?,n®@) such as ) e R4
and n® e R% for i =1,2, and :

(pa(Y(D,Y(Z)) (( T{(l) T (1)) ( 'll'a(Z)’a;rl(Z))).

An application of Corollary 4.3.2.3 gives

R m24logm
|72 (0% x;mp) — 1@ (0% %)| = (\/ nTgn : *57)

4.5.6 Generalized U-Statistics

The extension to the case of several samples is straightforward. Consider ¢ independent collec-
tions, of independent observations

1) (1) 1) v ©0) (0 ) (0
{xOP), (x0,00), (O 0), (0.0,
Let, for t € R4kt +ke)

r9,0=r*%@,1,...,t)
— (1) D).  .y® () ) Y _ P
= E(o(v" . 5y, YO (XX ) =t = 1,00,
where ¢ is assumed, without loss of generality, to be symmetric within each of its ¢ blocks

of arguments. Corresponding to the "kernel" ¢ and assuming n; = ki,..., ng = kg, the the
conditional U-statistic for estimation of % (@, t) is defined as

0@
Z(p( YOy vy (xD x5 x O )
ik Ik,

in’ llk1 1 1k lky Leky

ZK(X(” XP5xP, LX)

in """ gy i) ik,
where

K(X(.l)... xW ;...;X(.e),... x(© ): HSmn (X(lj),X(.j))---Smn (X(j,) X(.j)).

in """ iy ik

Here {ijl,...,ijmj} denotes a set of k; distinct elements of the set {1,2,...,n]~} l<j<fand} .
denotes summation over all such combinations. The extension of Hoeffding [1948] treatment
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of one-sample U -statistics to the £ sample case is due to Lehmann [1951] and Dwass [1956].
One can use Corollary 4.3.2.3 to infer that

?ilk,f) ((p’ t) — r(k.e) ((P; t)| — 0. (458)

4.5.7 Set indexed conditional U-statistics

We aim to study the links between X and Y, by estimating functional operators associated to the
conditional distribution of Y given X such as the regression operator, for C; x---xC,, :=C € R4k

m
G(Cy x - xCpy | ) = [E(H Tiyecy | Xiyen o, Xom) = t) for t € R4™,

i=1
As a particular case of (4.2.3), we estimate G (Cyx---xCp|t)

> Ly, ec;m, (x1,X3,) = 8m,, (XK, Xiy)

~ (i1, ip) €l (K, 1)
Gum C,t) = (4.5.9)
" S, (X1,X3,) 8, (Xke: X )
(i1, in)EL (k1)
One can apply Corollary 4.3.2.3 to infer that
16/ (€, 0-6" (€| v| — 0. (4.5.10)

4.5.8 Testing stochastic monotonicity

This application is given in Chen and Kato [2020]. Let us recall their setting. Let X,Y be real-
valued random variables and denote by Fyx(y | x) the conditional distribution function of Y
given X. Consider the problem of testing the stochastic monotonicity

Ho : Fyx(y | x) <Fyx(y | x') Yy € R whenever x = x.

Testing for stochastic monotonicity is an important topic in a variety of applied fields such as
economics Blundell ez al. [2007]; Ellison and Ellison [2011]; Solon [1992]. For this problem,
Lee et al. [2009b] consider a test for Hy based on a local Kendall’s tau statistic, inspired by
Ghosal et al. [2000b]. Let (X;,Y;),i =1,...,n be i.i.d. copies of (X,Y). Lee ef al. [2009b]
consider the U-process

—X: —-X;
> {]l(YiSy)—]l(YjSy)}sign(Xi—Xj)K(x XI)K(x ]),

Uylx,y) =
" i#j<n hin hn

nn—1) .

where sign(x) = 1(x > 0) — 1(x < 0) is the sign function. They propose to reject the null hy-
pothesis if S, = sup(y yyea «a Un(X, )/ cn(x) is large, where &', % are subsets of the supports
of X,Y, respectively and ¢, (x) > 0 is a suitable normalizing constant. Under independence be-
tween X and Y, and under regularity conditions, they derive a Gumbel limiting distribution for a
properly scaled version of S;, using techniques from [Piterbarg, 1996]. Using the procedure of
the present paper, we can give the following generalization

Y {1 =y - 1Y) < plsignX; —X)8pm,, (6, Xi) 8, (x,X]).

Unlx,y) =
ey nn—1) \.izi<n
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4.5.9 Testing curvature and monotonicity of nonparametric regression

This application is given in Chen and Kato [2020]. Let us recall their setting. Consider the
nonparametric regression model

Y=fX)+e with E[e|X]=0,

where Y is a scalar outcome variable, X is an m-dimensional vector of regressors, € is an er-
ror term, and f is the conditional mean function f(x) = E[Y | X = x]. We observe i.i.d. copies
Vi=X;Y;),i=1,...,nof V=(X,Y). We are interested in testing for qualitative features (e.g.,
curvature, monotonicity) of the regression function f.

Abrevaya and Jiang [2005b] consider a simplex statistic to test linearity, concavity, and
convexity of § under the assumption that the conditional distribution of € given X is symmetric.
To define their test statistics, for xi,...,X;;+1 € R™, let

m+1 m+1
A°(X1,..,Xme1) = Z aix;:0<aj<l,j=1,...,m+1, Z a;=1
i=1 i=1

denote the interior of the simplex spanned by Xxj,...,X;;+1, and define

m+2

2= 2,
j=1

where

X1,...,Xi-1,X+1,...,Xm+2 are affinely independent
@j:{(Xl,...,Xm+2)€Rmx(m+2): / s / " }
and Xj eA (Xl,...,Xj_l,Xj+1,...,xm+2)
The sets D4,...,Dm+2 are disjoint. For given v; = (x;,y;) e R xR, i =1,..., m+2,if (X1,...,Xp;42) €
2 then there exist a unique index j =1,...,m+2 and a unique vector (@;)1<i<m+2,i#j such that
O<aj<lforalli#j}xja;=1,and X; =3 ;;a;x;; then, define

WVL,..., Uns2) = D GiYi— Y.
i£j
The index j and vector (a;)1<i<m+2,i#j are functions of x;’s. The set & is symmetric (i.e., its

indicator function is symmetric), and w(vy, ..., Uy+2) is symmetric in its arguments. Under this
notation, Abrevaya and Jiang [2005b] consider the following localized simplex statistic

(n—m-2) miz (x—X;
Ul’l(x):—' Z (p(Vl.I)---)Vl.WHz) H K( lk)y
n: k= hn

(i1,eer im+2)Elp,m+2 1

(4.5.11)

where @ (vy,...,Vyi2) = H{(Xq1,...,X;m42) € Disign(w(vy,...,Vye2)), which is a U-statistic of or-
der (m+2). To test concavity and convexity of f, Abrevaya and Jiang [2005b] propose to reject
the hypotheses if S, = Sup,eq Un(x)/cp(x) and S, = infreq Up(x)/cp(x) are large and small,
respectively, where & is a subset of the support of X and ¢, (x) > 0 is a suitable normalizing
constant.

150



CHAPTER 4. CONDITIONAL U-STATISTICS USING DELTA SEQUENCES

On the other hand, Ghosal et al. [2000b] study testing monotonicity of f when m =1 and €
is independent of X. To be specific, they test whether f is increasing, and propose to reject the
hypothesis if S;, = sup ,co- Up(x)/ ¢, (x) is large, where & is a subset of the support of X,

1

U,x) = nn-1) -

: : x=Xi) (X=X
Y sign(Y; - Y)sign(X; - XK K ) (4.5.12)
i£j<n hn hn

and c,(x) > 0 is a suitable normalizing constant. Ghosal ef al. [2000b] argue that as far as the
size control is concerned, it is enough to choose, as a critical value, the (1 — a)-quantile of S,
when | = 0, under which U, (x) is centered. Under § = 0 and under regularity conditions, Ghosal
et al. [2000b] derive a Gumbel limiting distribution for a properly scaled version of S,. Using
the methods proposed in the present paper, alternative procedures to (4.5.11) and (4.5.12) are

given by
(n—m-2)! m+2
Ul’l(x) = —' Z (-p(vily---rvim+2) l_[ 6mn (x)Xl'k)r (4513)
n: (i1 im+2) €l m+2 k=1
and
- 1 ) .
U,(x) = Y sign(Y; —Y;)signX; —X;)8m,, (X,X;) 8m,, (1,X;). (4.5.14)
nn-1)1<iZi<n

4.5.10 Examples of U-statistics

Example 4.5.10.1 Let Y.Y; denote the oriented angle between Y1,Y2 € T, T is the circle of
radius 1 and center 0 in R%. Let :

@:(Y1,Y2) = L{V1Yo < ¢} — t/m, for t€[0,m).

Silverman [1978] has used this kernel in order to propose a U-process to test uniformity on the

circle.

Example 4.5.10.2 Hoeffding [1948] introduced the parameter

A:f f D2 (y1, y2)dF (11, 1),

where D(y1,y2) = F(y1, y2) — F(y1,00)F(00, y2) and E(.,) is the distribution function of Y, and
Yo. The parameter A has the property that A = 0 if and only if Y, and Y, are independent. From
Lee [1990], an alternative expression for A can be developed by introducing the functions

1 ifya<y1<ys
V(yLy23)=3 0  ifyi<ynysoryi=y»ys
-1 ifyssy<y

and
1
P (J’l,l,yLz, ---,y5,1,J/5,2) = ZW(J’I,LJ/LZ,J’I,?)) 4 (J/1,1,J/1,4,J/1,5)\V(y1,2,J/2,2,y3,2) \V(Y1,2,y4,2,J/5,2)-
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We have
A=f---f(P(J/1,1,y1,2,---,y5,1,Y5,2) dF(y1,1,1,2)..-dF (y1,5,¥2,5) -

We have

r(5) ((P, f, tZ} I3, t4) t5)
= [E((.P((Yl,lle,Z)r---;(YS,I,Y5y2)) X1 =X =X3=X4=X5= t).

The corresponding U-statistics may be used to test the conditional independence.

Example 4.5.10.3 For m = 3, let (Y1,Y2,Y3) = 1{Y; —Y> — Y3 > 0}, the corresponding U-
Statistic corresponds to the Hollander-Proschan test-statistic (Hollander and Proschan [1972]).

Example 4.5.10.4 (Hoeffding’s D ). From the symmetric kernel,

hD (Zl)---rz5)

1
:1_6 d Z) 2 [{]l (Zl'l,l = Zis,l) -1 (Ziz,l = Zi5,1)} {]l (Zig,l = Zi5,1) -1 (Zi4,1 < Zi5,1)}]
11,..,15)ES 5

x ({1 (2,2 = 2i5,2) = 1 (2iy,2 = 2is 2) {1 (25,2 = Zi52) = 1 (20,2 < 215 2)}]
we recover Hoeffding’s D statistic, which is a rank-based U-statistic of order five and gives rise
to Hoeffding’s D correlation measure Ehp.

Example 4.5.10.5 (Blum-Kiefer-Rosenblatt’s R ). The symmetric kernel

hR(Zl)---’ZG)

[{]l (Zil.l = Zi5,1) -1 (Zizyl = Zi5,1)} {]l (Zi3,1 = Zi5,1) -1 (Zi4,1 = Zisyl)}]

(ilr'“)iﬁ)egs

1
32
X [{]1 (Zi1,2 = Ziﬁvz) - ]1 (Zi2v2 = Ziﬁrz)} {]1 (Zi372 = Ziﬁvz) - ]1 [Zi4v2 = Ziﬁrz)}]
vields Blum-Kiefer-Rosenblatt’s R statistic (Blum et al. [1961]), which is a rank-based U-
statistic of order 6. At this point, we refer to Bouzebda and Zari [2013], Bouzebda [2011,
2014], Bouzebda and Keziou [2010a,b].

Example 4.5.10.6 (Bergsma-Dassios-Yanagimoto’s t* ). Bergsma and Dassios [2014] intro-

duced a rank correlation statistic as a U-statistic of order 4 with the symmetric kernel

h‘l’* (Zl ’---)Z4)
1
=1 2 AL(Enn g < i 2i) + 1 (20 2 < 21 2i)
(i1r~~)i4)€°@4
-1 (Zil,lrzi4,l < Zig,l!zig,l) -1 (Zig,l’ Zig,1 < Zil,l)zl'4,1)}
X {]1 (Zilyz’ Zi3,2 < Zjy2, Zl'4,2) +1 (Zl'2,2’ Zig,2 < Zj,2, Zi3,2)

_]l (Zil,Z) Zi4,2 < Zig,Z! Zi3,2) - ]l (Ziz,Z’ zi3,2 < Zl'l,Z) Zi4,2)}
Here, 1 (y1,y2 < yg,y4) =1 (yl < ys) 1 (y1 < J/4) 1 (J/Z < y3) 1 (J/Z < y4).
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Example 4.5.10.7 The sample covariance matrix S, = (n— 1) 'Y (X; —X,) (Xi —)_(n)T is
an unbiased estimator of the covariance matrix ~ = Cov(X;). Here, Sn is a matrix-valued U-

statistic with the quadratic kernel h(x1,X2) = (X1 — X2) (X1 — X2) | /2 for x1, X2 € RP.

Example 4.5.10.8 Two generic vectors y = (y1,2) and z = (21, z2) in R* are said to be concor-
dant if (y1 — 21) (y2 — 22) >0. For m,k=1,..., p, define
1

= T(X —Xip) (X = X5 _
Tek n(n-1) 151;511 {( it ]8)( ik ]k)>0}

Then Kendall’s tau rank correlation coefficient matrix T = {Tgk}Z =1 is a matrix-valued U-
statistic with a bounded kernel. It is clear that Ty quantifies the monotonic dependency between
X16,X1%) and (Xo¢,Xo) and it is an unbiased estimator of P((Xy¢ —Xop) X1k —X2k) > 0), that is,
the probability that (X1¢,X1x) and (X2¢,X2x) are concordant.

Example 4.5.10.9 The Gini mean difference. The Gini index provides another popular measure
of dispersion. It corresponds to the case where ECR and h(x,y) =|x—y|:

2

Gy = > X=X

n(n-1) 1<i<j<n

Example 4.5.10.10 The Wilcoxon Statistic. Suppose that E c R is symmetric around zero. As
an estimate of the quantity f(x,y)EEz {2|]{x+y>0} — l}dF(x)dF(y), it is pertinent to consider the

statistic
2

Wn = n(n — 1) 1Sz;Sn{2 . ]l{X,'+Xj>0} - 1},

which is relevant for testing whether or not | is located at zero.

Example 4.5.10.11 The Takens estimator. Suppose that Ec R%,d = 1. Denote by | - || the usual
Euclidean norm on R%. In Borovkova et al. [1999], the following estimate of the correlation

integral,

CF(T‘) = f”{llx—x’llsr}dp(x)dp (x’), r>0,

is considered.:

Cn(r) = > Ui, l=r)

nn-1) 1<i#j<n
In the case where a scaling law holds for the correlation integral, i.e., when there exists («, 1o, ¢) €

I]Qf‘ such that Cg(r) = c-r~* for 0 <r < ry, the U-statistic

1

Tp=—— ) log

nn-1) 1 izi<n

X =X ]|
o

)

is used in order to build the Takens estimator &, = =T} of the correlation dimension .
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4.6 The bandwidth selection criterion

Following Dony and Mason [2008] and Bouzebda and Nemouchi [2022], the leave-one-out
cross validation procedure allows to define, for any fixed i = (iy,..., i) € I(k,n) :

Y oY), (x1,X5) 8, (X6 X5 )
(j1 ..... jk)EI(k,n)(i)

P8 (@, my) = ) (4.6.1)

8m, (x1,X,) 8 m, (X1, Xz,.)
(i1 i) E1(K, 1)
where

I(k, n)() := {j € I(k, n) and j # i} = 1(k, n)\{i}.

In order to minimize the quadratic loss function, we introduce the following criterion: we have
for some (known) non-negative weight function #/(-) :

— |
v (g, 1) := 20!

2
> (00 -7 X m) 7 ), (4.6.2)
iel(k,n)

where .
W :=[]w .
i=1
A natural way for choosing the bandwidth is to minimize the precedent criterion, so let’s choose

M, minimizing

sup CV (¢, h).
PEF
One can replace (4.6.2) by
(n—k)! % 2
CV (¢, h) = Y (00 -7 Xsm) 70, (4.6.3)
n. iel(k,n) '
where

k
W (s,x):= [[W(s;, ty).
i=1
In practice, one takes for i € I(k, n), the uniform global weights 77(Xi) =1, and the local weights

1 if |Xj—t|<h,
0 otherwise.

WX, ) = {

For the sake of brevity, we have just considered the most popular method, that is, the cross-
validated selected bandwidth. This may be extended to any other bandwidth selector, such as
the bandwidth based on Bayesian ideas Shang [2014].

Remark 4.6.0.1 We can use a different bandwidth criterion suggested by Silverman [1986],
the rule of thumb. Strictly speaking, since the cross-validated bandwidth m,, is random, the
asymptotic theory can only be justified with this random bandwidth via a specific stochastic
equicontinuity argument. For testing a parametric model for conditional mean function against
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a nonparametric alternative, Horowitz and Spokoiny [2001 | proposed an adaptive-rate-optimal
rule. Gao and Gijbels [2008] presents the other method for selecting a proper bandwidth. Gao
and Gijbels [2008] propose, utilizing the Edgeworth expansion of the asymptotic distribution of
the test, to select the bandwidth such that the power function of the test problem is maximized
while the size function is controlled. Although any choice of bandwidth m,, that satisfies the
assumption will produce the asymptotic distribution in Theorem 4.3.4.1, we need guidance on
choosing my, in practice. ldealistically, we should choose a m, that provides the greatest
power (e.g., test based on the Kendall tau) or small MSE for a given sample size, but deriving
this procedure is complicated enough to warrant a separate study. Future investigation will
focus on the three approaches mentioned above.

4.7 Mathematical development

This section is devoted to the proof of our results. The aforementioned notation is also used in

what follows.

4.7.1 Proofs of the results of Section 4.3.2

In this section, we follow the steps of Derumigny [2019] while making the necessary changes
to fit our extended framework. Let us start with the proof of Lemma 4.3.2.4.

Proof of Lemma 4.3.2.4

We first remark that

k
Elun (L% ma)] =[] fx(x;)

n—=k)! k
_ | - e Y 18w (%X fo(x])
iel(k,n) j=1
k k
= (| T18m, (x;.X5)| - [T x;)
j=1 j=1
k k
- deﬂﬁmn X)) fo(t])]l_[ldt] j]j[lfx(xj) 4.7.1)
k k k k
- fdeHSmn(x],t])H (t])Hdt] fRJHIS’” () [T s [Ty 472
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From (4.7.1) to (4.7.2), we have used the condition (i) of Definition 4.2.1.2. Consequently, we
infer that

k
Elun (L% mp)] - [ | xxj)

j=1

k k k K
‘fqudk { Hle(tj) - Hle(Xj)} H Sm, (xj,t5) [ ] dt;
1= j= =1

j_

k k
[ {H -1 fx<x]>} [16m, (xt)) [T dt;
lt;—x1ll<n It —xgll<n j=1

J j=1

+f f {fo(t])—HfX(X])}HSmn (X]’t])l_[dt]
t;—x1l1=n Ite—Xkll=n

J J

IA

f f {fo(t])—nfx(xﬂ}HSmn X, t;) Hdt]
Iti—x1ll<n te—xgll<n

' j j j

+

th —xilzn th x Il>n{ [ At~ H fX(XJ)} [18m, (x;t;) H dt;

j= j=
%1 + @2.

By the change of variables, we readily obtain foru; =t; —x;,j=1,...,k:

B = jl-lll f” “ {l_[fx(tﬂ—l_[fx(x])}l_[ﬁmn Xj,t)) Hdt]
u|l<n Ugli<n

j=1

k k
= f .. f {HfX(X]+u])_HfX(X] }Hﬁmn(Xj,Xj+u]')Hdu]'
luill<n lugll<n j=1

J Jj=1

)

k
- f f {dxuD) — Pxu(0)} H Sm, (xj,xj +u;) [ du,
luill<n lugll<n j=1

j=1
where, for he [-1,1],

k
Oxu(h) = [ &+ huy).
i=1
Observe that the function ¢y (-) has at least the same regularity as fx(-), which means that it is
a-differentiable. By a Taylor-Lagrange expansion, we obtain

k k
B = f f Z ([))(‘l)u(()) (O() ( ) H (Xj,Xj+u]') H du]' S%i+@i’,
lali<n  Jiugl<n I j=1 j=1
where
. 0(—1 0 k k
B=|[ X ]| [T, (xjoxs+ug) [ duy
tl<n Jagl<n \I= j=1 j=1
and

1 k
%i’z f ...f ( ((X) (hxu))“Smn(X],X]+UJ)l_[dul .
luili<n lugll<n =1

(ol =1
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Let us start by studying the term ;. For [ > 0, we observe that

b= ¥ (“ )H

0‘1+"'+0(k=l (xlik
o k d aO(j
= Z ( )H Z uj,il...uj,,-a,ffx'(xj+hxyuuj),
J J

o+ o=l

where

is the multinomial coefficient. Thus, we readily infer

k k
% = f f (Z l,(bg)u(o)) [18m, (xj,x;+u;) [ du;
lluili<n lugll<n

=1 j=1

[ "
I|u1||<n . lugli<n j= 1 o+ +0(k 1\ Qi ) j=1

d aajfx k k
XY Uiy Uiy, o (X + hxatt)) o [] 8, (xj0%; + 1)) [] duy

i1yl =1 10X, - axiaj j=1 j=1
a—1 1 k
< f f DY I
luli<n  Jlugll<n ;=1 & (oq+voe=1 \ X1k ) j=1
d acxjf k k
X
X Z ‘“j,il Uji; PY (xj + hxuuj) H Bm,, (X)X +u;) H du;
i1l =1 i la j=1 j=1
a—1 1 o k
< f f WD I
lupli<n lagl<n =1 & (o +-+ap=1\ QLk [ j=1
d a(Xjf k
X
> ‘”jyil “Ujia;| SUP | =ome (xj + hxuttj)| ¢ [ 8m, (xj,x; +u;) [§.28)
i1yenio; =1 hel0,1] iy lo; =1 =1
J J J J
a—1 1 o k d
sCGf o ¥oiox Y |upneu,
lul<n Jluel<n 7=1 & | ag+erog=1\ ALk ] j=Tin,iq; =1
k k
X Hﬁmn (Xj,Xj+Uj)Hde, 4.7.4)
j=1 j=1

where for the passage from (4.7.3) to (4.7.4) we have used the condition (C.1). In addition, we
can find a positive constant C o such that

x
)H ‘u]ll u]l(x <Cd0(l_[”u]” )

0‘1+"'+0‘k:l( 1k j=1i1 ..... ig.=1 ]_1

L
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implying that
&y = Cacd,(xf f H a4 H Bim, (Xj,Xj +u;) H du;
luill<n lugl<n j=1 j=1
< cacd,af f ]‘[||uj||d]‘[6mn(xj,xj+uj)
llazll<n lagli<n j=2 j=2

X{f g 198, (X1,%1 +u1)du1}du2---duk.
luy ll<n

Let us denote
B :f ||u1||d5mn (x1,X1 +uy) duy.
laill<n

Now, following the same method of Susarla and Walter [1981] in our extended setting, by a
change of variables to the polar coordinates, we obtain

" d..d-1 Lim n I "
P < | €EmX, Nrér® dr = | + o =4+ 7

for sufficiently small n and 1 < mn and

em(xl,r):f ) 15m,, (x1,x1 +rt)) dd(t1"). 4.7.5)
-

X1

Here yd 1 denotes the surface of the unit sphere with center at x; and dd(t)) represents the
elements of the surface area on yx”ll 1 Using the condition (ii) of Definition 4.2.1.2 yields to

f €m(xy, $)s? tds=0m ' r ™Y uniformly in r > 0. 4.7.6)
.
By condition (iii) of Definition 4.2.1.2, we have

J1 =00m, .

By (4.7.5), an integration by parts gives

o] n n ()
{rdf em(xl,s)sd_lds} +df rd_l(f em(xl,s)sd_lds dr
r 1/m 1/m r

n
om™YH+0(m, ) +Cym™ r42dr
1/m

j”
1

IA

o(m™h +0(m;*.

Consequently we have

F=00m™).

In the same way, we will calculate

P = Z1lual| 8, (X2, Xz +up) du,.

luzll<n
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By the fact that the term _#; does not depend on uy, then _#, becomes

Fo = flf g |48, (X2,Xo + 1) duy,

llazll<n

implying that
F=0(m™).

By repeating the same reasoning for the remaining integrals, we readily obtain

k
By =CoCap [[Om™) = 0(m™).
j=1

We now consider the term %]'. We have

1 k
"o (o)
'%1 - f f _,q)x(,xu(hxu)nzsmn(x]"xj-‘_uf)Hduj
lurli<n  Jlhugll<n & j=1 j=1
1 n k d
< —' f Z l_[ Z )uj,,-l...uj,iaj
& Jluyl<n lugl<n | oq+-Fop=a\ Xu:k | j=1i,.., ;=1
a(xjfx k k
X sup —(x]+hxuu]) HSmn(xj,xj+u])Hdu]
hel0,1] axll : axiu]. j=1 j=1

Co n k da
J f Z H Z ‘u]',l'l"'uj,l'o(j
- Jlugll<n lugl<n | ap+-+op=a\ Lk | j=1i,.., ia;=1

k k
X H 5mn (x]-,xj+uj) H du]'.
j=1 j=1

Similarly, we can find a positive constant C/,  in such a way that

n |k 4 k .
)H Z ‘uj,il-- Ujio;| = C l_[lujll,

a+ o= ( a1:k

which, by following the same steps to investigate the term %', readily implies that

B < Co‘cii,a 4 5 . 5
1= u ”<n... H”u]” H mn(X],X]+u]) u,=0(m" )
1

al lugli<n j= j=

Consequently, we get

P, =0m™").
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Now, let us study %,. We have

B

|| ]: ]:1 ]

k
f f H ()
t1—x1ll=n Ity—Xll=n | =
Iti—x1l1=n [ty —Xgll=n
f f H Jx(xj+t))
t1||>T1 ltgll=n | j=
It ll=n Itell=n

By applying Holder’s inequality, we readily get

k

[18m, (x;.t;)

j=1

IA

k k

f”t N ||>nmft i {H Jx(t)) — fo(xj)} U . (X5,t5) Hdt]
k
L1

k
[T Ax)

j=1

k

[18m, (x; ;) H dt;

j=1 j=1

k
H Sm, (Xj,t; +x;) [T dt;
1—1 J=1

IA

k

H m, (X)X +¢) [] at;.

j=1

HfX(X])

j=

[ s\ TTom, b +) T a
Itl=n  Jitel=n|j= j=1 j=
k k k
+f f [T A& TT8m, (xj,x; +t;) [T dt;
tyll=n ltel=n|j=1 j=1 j=1
k k k k
< ‘[I‘Qdu.j‘d +t]) Hl{tJERdvlltjll>n} Usmn (X],X]+t]) l:[dt]
fo(X])f f {tJE[Rd Iit; ||>r]}1—[6mn (X]’x]+t] HdtJ
j=
k
< ||fo||p||1'[wn,j6mnnq+ [TAx) Hwn,jésmn
J'— j=1 j=1 j=1 1
k
< Hllfxll lwn,j8m, |, + Hlfx(Xﬂ me -
= ] = 1
k 1 1 k
< H I [l pliwn, i 8, & 1w, j8m, |1} + 1’[1 lwn,j8mall;
]:

where
Yn,j= ]1{tje|Rad;||tjll>n}'

Making use of the fact that fx € LP(R%) and by the condition (iv) Definition 4.2.1.2, for j =
., k, we have

”Wr],jsmn lloo = O(1),

and

IW,j8m, I =f 8m, (Xj,Xj +t;)dt;=0(m™'n7").
It
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Hence we conclude that
By =0(m M.

Finally, we have proved that

k
Elun(1,% mp)] - [ f(x))| = %1+ B, = 0(m™ ) +0(m™'9).
j=1

By denoting A := min{k, kg '}, the last equation is rewritten as

k
Elun(1,% mp)] = [] fx(x;)

I -0 (m—") : 4.7.7)

Hence, the proof of the lemma is complete. U

Proof of Lemma 4.3.2.5

To obtain our result, one usually writes the difference between the estimator u,(1,X; m,) and
k

H Jx(x;), as the sum of a stochastic term and the so-called bias. We have
j=1

k k
un(L%my) — [ [ &&)) = (n(1,% my) —Elu, (1,%;mp)]) + (E[un(l,f&; ma)l -] fx(xj)).
j:l ]:1

In order to prove Lemma 4.3.2.5, we have to study the two quantities in the last equation. Since
the bias part is given in Lemma 4.3.2.4, we only need to bound the stochastic part. We have

(n-k)!

)y ﬁ 8, (%), X~

iel(k,n) j=1

|un(1»)~(; my) — [E[un(l;i; mn)]l =

k
]:

Then, we can apply Lemma 4.8.0.2 to the function Gl,g, my, X® y®) defined in 4.2.5).
We have

k
E|Gizm, (X(k),Y(k))] ._1[E [8m, (x;,X;)]

]_

k
= 1|, 0m (xpt) i(tpat

j=1
k

< l_[ (sup Smn(xj,tj))fx(tj)dtj (4.7.8)
j=1 R4 tjERd
k

< [Joum% f f(t))dt; 4.7.9)
j=1 R

< 0(m“". (4.7.10)
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The passage from (4.7.8) to (4.7.9) is by the condition (iii) of the Definition 4.2.1.2 and we
easily obtain (4.7.10) by taking into account that that fx(-) is a density function. For the variance,
we have

IA

k
Var [Grgm, (x”‘),Y("))] E [Gl,i,mn (X”‘),Y”‘))Z] =[]E [5mn (Xj’Xj)z]
j=1

k
) 'ljljl;{dsm" (xj.t;)" fx(t))dt;

IA

f 2
U (SUP 5mn(Xj,tj)) Jx(t))dt;

RY \¢;erd
- H(O(m) ffx(t])dt]
k
< ]‘[ 0(m*?) = 0(m?%%). (4.7.11)

Using the fact that §,, € L°(R? x R?), then there exists a constant Cs > 0 in such a way that

k
k
0< ] sup 8m,(x;,y;) <Cg <oo.
j:1Xj€Rd
y]'ERd

This when combined with (4.7.10) and (4.7.11) respectively, implies that there exist constants
Ci, C2 >0 in such a way that

E [Gl,i,mn (X(k),Y(k))] <Cym* =: g,

and

Var [Gl,g,mn (X(k),Y(k))z] < Com?¥* = k.

An application of Lemma 4.8.0.2 gives

2
P {un(1,%; my) — Elun(1,% my)] = £} <exp| - n/k]t . (4.7.12)

2K2+§{C§—K1}t

Finally, the proof is complete by combining the Lemma 4.3.2.4 with (4.7.12). U
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Proof of Theorem 4.3.2.1

Notice that

719 0, %, ma) - 1P (9,3

k
Z (P(Yil»---»Yik)Hﬁmn(xj’xij)
il(k,n) j=1
= 2 _[E[(P(Yly---)Yk) | (le---)Xk) :X]
> [16m, (%%
icl(k,n) j=1
1 k
= p . Z Hﬁmn (Xj,Xij){(p(Yil,...,Yik)
Z l—[ Smn (Xj,Xl'j) iel(k,n) j=1
i€l(k,n) j=1
~E[@(Y1,...,Y) | X1,...,Xp) =x]}|
k
jl:[lfx(Xj) ¢ B, (Xj»xij)
= A Z ‘ W{(p(Yil)'-')Yik)
S, (%X iel(k,n) j=1 J
iEHZk,n)jl:[l " ( ! l])

- E[@(Y1,..., Yi) | (X1, Xp) =x]}|
Hﬁ'::l fX(X]) Z S,

k .
Z l—[ 6mn (Xj,Xij) i€l(k,n)
iel(k,n) j=1
_ Hﬁ'::] fX(X])
un(L,% M) e |
k
In order to obtain the desired result, we need to bound separately H fxlun(1,X, my), the bias
j=1
term | ) E[S;]| and the stochastic part | ) (S;—E[Si])].
iel(k,n) i€l(k,n)
Proof of Lemma 4.3.2.6
Making of the condition (C.2.b), we have
k k L
[T A2 (L%, mp) = [, (LE, my) = [T A&)| > fiimin:
j=1 j=1

By applying Lemma 4.3.2.5, it follows that, there exists a constant Cg min > 0 such that

|un(1,)~(, mn)l > Cﬁ,min»
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We now apply the mean value inequality for the function x — 1/x, we get

1 1
un(lyi) mn) k

[T /x5
j=1

k
< — [un(1,X, mp) - HIfx(xj) :
* ]:

k
where N, lies between u,(1,X, m;) and H Jfx(x;). By applying Lemma 4.3.2.5, for some ¢ >0,

j=1
P(

By choosing

we have

k
un(L,%my) — [ | fxx;)

j=1

(n/k] 2 )

st+C3m_)‘ =1-exp|- .
) 2K1+%{C§—K2}t

[
t+Cym ™ < X';“‘“,

it follows that

k k
1
un(1,%,my) - [ x&xj)| < =1 H fx&xj).

j=1 j=1

We have
fis
% min <u,(1,X,my).

Notice that

f min
X H X))

Thus, we have
f X,min
2
Combining the previous inequalities, we finally get

< N..

1 1 )
— - u(lxm)—fo(X) Csm™ " +t].
un(1,X, my) H;?:lfx(Xj) N2 " " j= ! Xmln ( )
Hence, the proof is complete. U

Proof of Lemma 4.3.2.7

Let us first remark that

(=]
Il

k k
f{cp(yl,...,yk) —E[p(¥1,..., Y | X1, Xe) =x]} _1'[ fux;=x; (v)) 1'[ du(y

oy (

f{(P(Yl”Yk)_[E[(P(YI»»Yk) | Xy,...,Xp) = ]} 1_[
j=1

(fy’ 1‘[ 1 (¥A7.13)
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For alli€I(k, n), we have

k Om, x],X,])
IESi]l = o) ——{oXi,..., Y5, ) —E[pY1,..., Y | X1,...,Xx) =x]}
J
= de {cp(y1, LY —E[@(Y1,.. ., YO | X, X =x]}
k 8pm, (Xt k k
x ] f(( : 3 ])fx,Y(tj’Yz‘) [Tdu(y;) [1dt;
j=1  JXXj j=1 j=1

L 400y ~E L0110 Y| (. X0) =]}

x (jlf[lfx,Y(tj’Yj) —jlfllfx,Y(Xerj)) ﬁ o 03 4) [Tduyp ] 6“‘]'7 14)

=1 &) g j=

Notice that (4.7.14) is concluded from (4.7.13) and the condition (i) of Definition 4.2.1.2. We
have

IESi]l

ff f {(p(yl,...,yk)—[E[(p(Yb---,Yk)|(X1,---,Xk)zx]}
R4k Juy fl<n lugll<n

k k k
x (H fex (,y7) =TT fex (x5,y7) )H l_[du(vﬂ l_[dt]
& 4 A ﬂ

j=1 j=1 j=

+ff f {cp(yl,...,yk)—[E[cp(Yl,...,Yk)|(x1,...,xk):x]}
Rk Jlluy |=n lugli=n

k k k
x (H fex (6,y7) =TT fex (x7,y5) )H Hdu(yﬂ l_[dtj
& & A ﬂ

j=1 j=1
= y(p,l'i'y(p,z.

Let us start with ., ;. We now apply the Taylor-Lagrange formula to the function

k
Wxu(h) =[] foy (xi + hug, yi)

i=1
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to infer that

yq),l

ff f {91, ¥0) —E[@(V1,..., Y0 | (Xy,..., Xp) =x]}
REE Jlluy [<n lugll<n

k (xj,xj+u k
x(wx,u(l)—wx,u(O))H %), du(y;) [] du;

j=1 fx(X]) j=1

f , f f {(P(YL,Yk)—[E[(P(YI,kaH(Xl,,Xk):X]}
RYE Jluy [<n lugll<n
k Smn (Xj,Xj

(Z —y®(0) + w(tx) (hy, u)) I +u;) ﬁdH(Yj)liduj

i=1 fX(X]) j=1

UW,,,C {Oy1,.., y0) —E[@¥1,..., YO | X1,...,Xp) =x]}

x {f f (Z w;’L(OH w("‘) (hx,u))
hul<n  Jlugl<n j

J
k
x [Tdu(y;)
j=1

“[Rd’k {(p(YI;-..;Yk) —[E[(P(Yl,...,Yk) | Xi,...,Xg) :X]}

8m, (xj,xj+uj) K k
{f” ) g wSL«»H I ]Hduj}ﬂdu(y])
wl<n j=1

fugl<n j=1 I PESTR ) (690 B |

£ S, (X)X +uj) &
=1

IA

+ ‘[I‘Qd,k {(p(YI,-..,Yk) _[E[(-p(Yl,...,Yk) | (Xl,...,Xk) :X]}

T ) RS T
layfl<n ||uk||<n0l' =1 Jx(x;) =1 j=1

_ ! "
= 0,1 +Y(p_1.

Making use of the condition (C.2.b), we have

, 1
1 =
P, fk . Rd,k
X, min

aly k k k
xy 5\!!&’,11(0)} [18m, (x;x;+u;) [T du; [T du(y;)|-
i=1"** j=1 j=1

j=1

f f {oty1,....y0) —E[@(Y1,.... YO | Xi,..., Xp) =X]
llayll<n lugll<n

Similar to the proof of Lemma 4.3.2.4, we have that for [ >0

v = ¥ ( " )H
oy +...+ap=1

1k

o k d a(xj
Z ( )H 2 Ui iy s T (g huy)),
J i

o+ o=l
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provided that, for all j=1,...,k,

0% fxy

—x~+hu-, ) < Cqw-
dxi, - axiaj( j ]y]) o,

sup
he[0,1]

It is possible to find a constant Cg,y, in such a way that

a1y f
ZZ_ > (alk)ﬂ Z uj.il“'uj,iajSCd,wHIIUjIId.

o+t =1 j=liy,.., ] j=1

Then we have

1
Z = f f f ®y1,...,¥) —E (P(Y],...,Yk)|(X1,...,Xk):X
> Fmin TR uni<n Jhugi<n I | ]

a—1 1 o k d a(xij,Y
o ( )3 lﬁ( )H X Ui Ui o~ — (Xj+ hujy;)
oy =l ""

XLk ] j=1irmia;=1 7 0xj, - axiaj

X ﬁ Bim, (X)X +u;) H du; H du(y;)

j=1 j=1 j=1
and U BN f
< Om, (Xj,Xj+u; ©y1,---, Vi)
f)émin fuyl<n ||11k||<njl_[=1 m ( ]2 ]) R’k
_[E[(p(er”-rYk)|(Xlr-'-)Xk):X]
a—1 (xijY
x| X H Z Wity Ujig, mm—a— (Xj + huj,y;)
i=1 ( o+ o= ll ( j=1li,..., zu =1 i ]l]axll axiuj ! U
Hdu(w) Hde
j=1 j=1
CawCayC
. Cow kd,w P, f f H||u]|| H6mn(x],x]+u])ndu]
K min lul<n Jlugl<n j= i=
o CovCayCoay k)
fX,min

Now, using the same reasoning to calculate .

10 WE readily obtain that

‘[Rd’k {(P(Yl,---»Yk) _[E[(p(Yl)“-)Yk) | (Xl)--ka) :X]}

| k &m, (xj,x;+u;j) k k
X{fnu “ nfll —y& (hu) [] m, (Xj,X; +u;) Hd“j}nldu(}'j)
11< . ]'=

ugll<n & = K& i

< CO(,U/Cd,\VC(p,O(

O(m_k).
k
0(!fX,min
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Finally, we need to study .7, » to conclude this proof. We have

y(_p,z

ff f {oyn.. vy —E[@N1,.... Y | X1, Xp) = x]}
R4k [l ll=n lugll=n

k k
X(fo.Y(tj’Yj)—fo.Y(Xj’Yj))H (5 )Hdu(y])l_[dt]
B = = X&) j=1
< ff f {olyr,- oy —Elo1,...,Y) | Xy, ..., Xp) =x]}
mem Rk Jjurizn Jjuglzn
k
x (H Sy (,y)) - H fxy (Xj’y])) [18m, (x;.t;) H du(y;) H dt;
j=1 j=1 =1 j=1 j=1
Ccp k k k k k
s X f j [T fxx(ty) - HfXY xj, Vi) [ [18m, (x;,t;) [T dniyj [1 dt;
K min lulzn  Jlugl=n j=1 j=1 j=1 j=1 j=1
< k—“"O(m—k’q).
X,min

Consequently, we can find a constant Cg o > 0 in such a way that we have for all i € I(k, n),

C6 o m_)\
EISill s ———
X, min

Now, we bound the stochastic part. We have the following equality:

Y. Si—ESiD|=

i€l(k,n)

Y (X, Yi), ., X, Yi))|
iel(k,n)

with @ defined by

@((XI)YI)y r(Xk)Yk))

mn x;, X
l_ll fX(()Z]) ]) {(p(Yl) Yk)_lE[(p(Y],...,Yk)l(X],...,Xk)zx]}
]:

_E|]]

R L { (Y1, YR —E[@(Y1,..., Y0 | (X1,.... X0 =x]} .
]:

Notice that E [@ (X1, Y1),..., X, Yi))| = 0 by construction. Considering condition (C.5), if ¢ is
bounded, we can immediately derive the bound for this stochastic component. Indeed, we can
easily conclude that

1Plloo < 4Cy fix kinK1
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Moreover, we have

Var [q) ((Xerl)) ooy (Xk!Yk))]

k §2 X, X
< E ]‘[—’”"2( ! ])(pz(Yl,...,Yk)
j=1 fx(Xj)
X ,t
= f f l : ])(P (yl’ ’Yk) HfXY(t]yYJ) l_[ dt] l_[ dp(y]
Rdk de] ] 1 ] ]
k
= tP Xmln Rk ; H8 (Xj’tj){ RAE HfX,Y(tj,Yj) Hldu(yj)} Hldt
_ j= j=
= tp Xmln dkl_[6 X]»t])HfX(t])Hdt]
j= j=1
= Ctzp Xmln”6mn (X]’ )”2k
= Ctzp Xrnan2

Now, by applying Lemma 4.8.0.2, we readily get

[n/k]t*
P{| 2 Gi—ESi)|>t]|<2exp|-— 5
iel(k,n) ZC(P XmmK2 + C¢K1fX min?
Hence, the proof is complete. U

The following proof gives the result in the case of unbounded function ¢(:).

Proof of lemma 4.3.2.8

The same decomposition for U-statistics as in Hoeffding [1963] gives us

1
>, Si—ESil=— )

iel(k,n) N iei(n,n)

1 [iik]
Vl’l,j,i)
(n/k] =

where
Vinji =@ ((Xi(l+(j—l)k)’Yi(2+(j—1)k)) e (Xi(jk)’Yi(jk+1))) :
For any A >0, we have

IP( Y Si—ESil> L‘)Se')‘e[E

i€l(k,n)

exp ()\ Z S;—E [Si])

i€l(k,n)

1 1 |I’Z/k|
exp()\—' Y o ;Vn,j,i

n: iel(n,n)

1 Inikl
Vn N
exp ()\[ /k] J )

In/k|
o ("m"w)]

- 2 H
[n/k]
< e_)‘( sup E [exp (A[n/kl_lvn,]-,i)]) . (4715

<e MR

<e > E

I’l i€l(n,n)

1€I(n n) j=
iel(n,n),j=1,,|n/[k]
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For ¢ = 2, using the inequality
(a+b+c+d)t s4e(ae+b€+ce+d”),
we obtain

B[Vl =€ [[Vinil]

8¢ (x-,Xn)
< 4% e P

k
|(p(Yi1""’Yik)|e 1_[1
]:

k85, (%)X
+4°E | [E[o (Vi Vi) | Knee X =] ] m(e I)
= K&
0
6%1 (Xj,Xi.)
+4€ [E (pY,’Y n—]
(i Yi) [] =0

k
+4E | [E[@ (Y- Y ) | K, X =x] [ ]

Using Jensen’s inequality for the function x — |x|P with the second, third, and fourth terms and
the law of iterated expectations for the first and the third terms, we get

E

Vi il | = 4% 26 | E [ (¥iy,- - ¥5.) [ 1%, X T

+48 28 ||| (Y- Vi) |1 %0, X0 = x] ]

¢
<4l oF (pr(xl,...,xk)+pr(x1,...,xk)) B!HW
= X\J

- NS
<4l2(B + Bl (1,0 X)) € (18m, 0 K i) i

~ 14
<2(4(By + B 18m, (%, I IE i K €8m, (%112,
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where By x := By (X1,...,Xg). Observe that E [Vn, j,i] = 0 by construction of @(-), which means
that

E[exp (A[n/k17'Vy,j,i)]
o [E [()\[I’l/k]_lvn,j,i)e]

. - (4.7.16)
=2 '
00 _ ¢
< 142085, %) lod Y- (4A/ K1 (B + Bx) 18, (%, IS f o
=2
aAn/k Byx) 18 k)
_1 ( [I’l ] ( P + ) ” my (Xy ') ”OofX,mm)
1—4A[n/ k1~ By +Byx) 18m, %, &, fi i
p( 3202 (By + o)’ 18m, (%, 125! ) @47.17)
1-4X[n/kl By +Bpx) 18m, % )E ik ) .

where (4.7.17) follows from the inequality
1+ x <exp(x).

Combining the latter bound with (4.7.15), we get

IP( Y Si—E[Sil > t)

ie]k,a

3202[n/k] 2 (By +Bex)  18m, (x,-)|12K-1
< exp|-Ar+ (B +Byn)" 100 fmin . (47.18)
Xmm[n/k] 4)\( ¢ +B(P X) ”6mn (X )”k meln

Noting that the right-hand side term within the exponential has the form —Az+ )\, We select

the value
__1th fmin 71/ (4.7.19)
2a+tc 64(B(p+B(px) 18:m,, (X, )IIZk 1+t(B(p+B(pX) 18, (X, )Ilkmem
such that 5 )
A t“b t
et 2 -

b - cA, 4a+2ct 2
As a result, the right-hand side term of (4.7.18) may be simplified, and when combined with
(4.7.19), we get

IP( Y Si—E[Sil> t)

i€l(k,n)
2
t fX Inln[n/k

exp| — —
( 128 (By + Bo)” 18, (%, )125~1 + £ (B + By x) 18, % I £ i

<

Now, using the condition (iii) of Definition 4.2.1.2, there exist positive constants C},C; such
that
) =:C;m? and «, =: Cm4@V
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that implies that

thXmm[n/k]

IP( Y. Si—E[Si]> r) <exp|-———
icl(k,n) 128 (By +By,x) Ky + £ (By + Byyx) K1 S min

Hence, we obtain the desired result. U

4.7.2 Proofs of the results of Section 4.3.3

Before we start the proofs of this section, we will state some lemmas that are necessary to obtain
the desired results. It is worth mentioning that we will follow the steps of Stute [1991] while
making the appropriate changes to fit our general setting.

Lemma 4.7.2.1 Under assumptions (A.1)-(A.4), and if E9? < oo, the Hdjek projection U,, of
U, satisfies :

(i)
hm E|(nm,")'?(0 n_en)]z - 62(¢),
where
o*(¢) := Z Zﬂ{x,—x rij(€) f 8% (x;, v dt/ fx(x;). (4.7.20)
i=1j=1

(ii) and if, in addition, assumption (A.5) is verified, we have

(nm; V2 (G, -0,) = A (0,62(¢). 4.7.21)

In the following lemma, we show that U, has the same asymptotic distribution as U,.

Lemma 4.7.2.2 Under assumption (A.1)-(A.6), we have

(nm; Y2 (U, -0,) 2 A (0,06%()). (4.7.22)

Proof of Lemma 4.7.2.1

Let us start with (i), we write

k k k
N[ AP m) [ 8, (x,4) [T A [T dy,

j=1 j=1 j=1

The Hiajek projection U, (@,x, m,) of U,(¢,%, m,) satisfies

n

i=1
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with

k
(P_n(X;Y) = [(Pn,] (X;Y) - en] )
=1

J
and ¢ j(x,y) is defined by

k

O, Yo, Y, Y1, .., YO [ [ Omn, X X0) 8im, (X, %) dP,
r=1
r#j

Pn,j(x,y)=N""

RAk xRd'k
where P represents the underlying probability measure. By independence, we get
nE (U, —6,)° = E[¢,2(X, V)]
k k
=2 2 E[0n X, V)= 0,] [00,1(X,Y) — 0] .
j=li=1
Using the fact that (X,Y), (X;,Yi)1<i<2 are i.i.d, We get

E [(pl’l,] (X;Y)(Pn,l(X»Y)]

N2
_N dekXde,k¢(Y1)---)Yj—lvaYj+1)---ka)(-p(Yk+1)---)Yk+l—1)Y!Yk+l+1)---)YZk)

k k
x H 6mn,r xr, Xy) H 6mn,5 (Xs) Xkts) 6mn (Xj»X) 6mn,1 (x¢, X) dP.
i 1

By condition (A.2), we have, for x; # x;
8y, (X, X)8, (X1, X) — 0,

Consequently,
E@n,; XYV, X, V)] =0 forall x;#x;.
In the case of x; =x; and X = (x,...,X) is a point of continuity for r](.kl) we have

’

F2 [ngamn(xj,xl)]

; E[@n,j X, V001X, V] — 17,:(), (4.7.23)
E [#Smn (ijxl)]

by a differentiation argument. Now, provided that the density function fx(-) is continuous and
x(x;j) = fx(x7) >0, by the fact that

E

1 1
_dﬁmn(xjrxl)] ~ _de(Xj)r
mn mn

and
E

1 1
_dﬁ",znn(Xj,Xl)] ~ —de(Xj)fS?nn(xj,t)dt,
my my,

we readily infer that

B Lo, X0 px)

~—
E[ngﬁfnn(Xj,Xl)] mnfailn(xj’t)dt
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Hence,

) 82, (xj,0dt
m_g[E [0n,j X, V@, X, Y)] — rj,z(i)fx(—xj)

Using the fact that r® (¢, %) is bounded in the neighborhood of %, then 0, n = 1, is bounded,

therefore we have m, %02 — 0, from which we have

. 2
Tim E | (nm,, )2 (0, —6,,)] = o%(¢), (4.7.24)
where o2 (¢) is defined in (4.7.20).
Now, in order to prove (4.7.21), we only need to verify Lyapunov’s condition for third moments.
This implies showing that

n 2 (m % 2E |, X, V| — 0. (4.7.25)

Using the fact that
la— bl <3(al® +|al* bl +|al|bl* + |b]*),

we conclude that an upper bound for the absolute third moment of ¢, (X,Y) is dominated by
sums of the form

E|l@niXYV@n; XV, X Y)|.

Following the same steps as before, we may restrict ourselves to triples (i, j, 1) such that x; =
x; = X;. Under assumption (A.5), we have

E|@n,: X Y)@n XY@, X, YV)| = 0(nm™29),

taking into account condition (A.1), gives us the desired result .This concludes the proof of the
lemma. 0

Proof of Lemma 4.7.2.2

In order to study the asymptotic distribution of U, we need to bound the variance of U, — U,.
To do that, it is sufficient to show that

(nm,;H'2[U,-T,] -0 in L2

Using the centered variance formula for a centered, or zero mean U-statistic of degree k, for

Z;,i=11.i.d., we have

G(Zil, v liy)
N

(n—Lk)!
= >

Yy '
N elten)

)

with a not necessary symmetric U Kernel G, that is square-integrable, which gives us

n-*& m-n LIALA)
n! ],;(n—zkw)lz Nz

Var(?},)
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where A; and A, represents positions of some length 1 < r < k, and
1(A1,4,) :fé(zl,...,zk)é(yl,...,yk)F(dzl)---F(dsz_r),

with the y ’s in position A, coincide with the z ’s in position A; and are taken from zj, 1, ..., Zok—r
otherwise. Furthermore, £ denotes summation over all positions Ay, A, with cardinality r and
F is the common d.f. of the Z ’s. When applied to V,, = U, — Uy, upon recalling G from Serfling
[1980] (in the symmetric case), we get

xM1(A1,A;) =0.
Furthermore, by (A.6),
N721(A,A2) =0 (mzr) foreach2<r<k.

In conclusion, we have

A k k -k
nm,Var (U, -0,) =0 |nm,? " " ] (m, "
r=2 k r k—
1- -1
=0|) (nm;d) i e (nm;d) =0(1)
r=2
Hence, the proof is complete. U

Proof of Theorem 4.3.4.1

In order to obtain the desired result, we shall first apply the Cramér-Wold device to investigate
the asymptotic behavior of the two-dimensional vector

(Un (@1,% mn) =0, (@1), Un (92,% ) = 01 (2)),

where Uy, (¢1,%X, my,) and Uy, (g2,X, m,) are U-statistics with U kernels Gy, ,m,, and Gy, % m,,
respectively, satisfying the smoothness assumptions of Lemma 4.7.2.2.
Let c; and ¢, be any two real numbers. We can clearly see that

aUp (@1,% mp) + Uy (92,%, mp) = Uy (191 + 292, %, my) = Uy (9,%,my),
which means we can apply Lemma 4.7.2.2. Specification of 62 (¢p) leads to the following lemma.

Lemma 4.7.2.3 Under assumptions of Lemma 4.7.2.2, we have

1/2
(nma) " [Un(91,% ma) = 84 (01), Un (02,% 1) = 0, (i) ] — 4 (0,5)
in distribution, with
o?(@1,91) % (¢1,¢2)

> =
o2 (p1,92) % (@2, 92)
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and where for two functions g and h,
2 _ L& gh < 2
o’(g, =) lZ]l{xj_xl}rﬂ (X)fﬁmn(xj,t)dt/fx(xj),
j:l =1

and
rflh(i) :[E[g(Yly---yY)---rYk)h(Yk+l’---)Y7---rY2k) | ])

with Y entering in the jth and Ith positions.

The limit distribution of ?,Sk) (¢p,X, m;) may now be easily deduced from the prior lemma.

We have _
Uﬂ ((P; X) mn)

it (% m) = G
Define

g (x1,%2) = x1/x2 for x, #0
which means
0g 0g
dx’ dxp

=[xy, — 210,

Since, by continuity of k) (p,X), we have
EU, (¢, % my) — P (¢, %),

and
EU,(1,X,m;) =1

we may deduce from Lemma (4.7.2.3)
_a\ 2w, 3 )
(nmn ) [rn ((p’x»mn)—[EUn((P,X;mn)] —’JV(O,p ),

where

p?=1,-r®(p,%)=

)

—r (k) (@, %)
where p2 is defined in (4.3.10). This concludes the proof of Theorem 4.3.4.1. ]

4.8 Appendix

Lemma 4.8.0.1 (Lemma 2.1 Susarla and Walter [1981]) Let f e L (RY),1< p <oco' and let
{0,m} be a delta sequence of positive type.

I'The vector space Lp(Rd), 1 < p < oo is the set of all measurable functions such that fRd |f(x)|Pdx < oco. The
norm is defined by

I fllL, = (fRd If(x)lpdx)”p.
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(i) Then
fﬁm(x,t)f(t)dtﬁf(x) a.e. Lebesgue(x).

) Ifp>1,and |fx+t)— fx)| <clt]Y, fora<y<1, a>0, then

U5m(x,t)f(t)dt—f(x) :O(m‘ﬁ),

where 8 =min{q~!,y}, withq ' =1-p~1.
Lemma 4.8.0.2 (Theorem A, Serfling [1980] (10, p.201)) Let k>0,n = k,Xj,..., X, i.i.d. ran-
dom vectors with values in a measurable space % and g : Z* — [a,b] be a real bounded
function. Set

0:=F[g(Xy.t)] and o*:=Var|gXi.1)].

Then, for any t >0

-1
n (n/k)t?
P X;p)—-0=t]< - ,
( k) L 8(Xiaw)=0= 1) =exp| =5 o

real
le‘ﬂk,n

where T, is the set of bijective functions from {1,...,k} to {1,...,n} and %IL . IS the subset of
Jk,n made of increasing functions.

Remark 4.8.0.3 Note that g(-) does not need to be symmetric for this bound to hold. Indeed, if
g(-) is not symmetric, we can nonetheless apply this lemma to the symmetrized version g defined

as

g (xy.p) = (kh™* Z gxiamn),

iEjhk

and we get the result.
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Chapter 5

Uniform consistency for functional
conditional U-statistics using
delta-sequences

Ce chapitre développe le contenu d’un article publié [Mathematics (2023), 11(1), 161.
https://doi.org/10.3390/math11010161], mis en forme pour étre inséré dans le présent manuscrit
de these.

Title : Uniform consistency for functional conditional U-statistics using delta-sequences.

abstract

U-statistics are a fundamental class of statistics derived from modeling quantities of interest
characterized by responses from multiple subjects. U-statistics make generalizations the empir-
ical mean of a random variable X to the sum of all k-tuples of X observations. This paper ex-
amines a setting for nonparametric statistical curve estimation based on an infinite-dimensional
covariate, including Stute’s estimator as a special case. In this functional context, the class
of "delta sequence estimators" is defined and discussed. The orthogonal series method and
the histogram method are both included in this class. We achieve almost complete uniform
convergence with the rates of these estimators under certain broad conditions. Moreover, in the
same context, we show the uniform almost-complete convergence for the nonparametric inverse
probability of censoring weighted (I.P.C.W.) estimators of the regression function under random
censorship, which is of its own interest. Among the potential applications are discrimination
problems, metric learning and the time series prediction from continuous set of past values.

Keywords : Nonparametric estimation; regression-type models; U-statistics; conditional dis-
tribution; delta sequences; kernel estimation; machine learning problems.
Mathematics Subject Classification : 60F05 ; 60G15 ; 60G10 ; 62GO05 ; 62G07; 62H 12.
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5.1 Introduction

The regression problem has been studied by statisticians and probability theorists for many years
to keep up with the various problems and topics brought up by technological and computational
advances, resulting in the creation of many advanced and complex techniques. Among the prob-
lems addressed are modeling, estimation method applications, and tests. In this paper, we are
interested in nonparametric regression estimation. Unlike the parametric framework, where one
must estimate a finite number of parameters based on a specified structural model a priori, non-
parametric estimation does not require any specific structure; instead, it allows the data to speak
for themselves. However, as natural drawbacks, nonparametric procedures are more suscepti-
ble to estimation biases and losses in convergence rates than parametric methods. Since their
introduction, kernel nonparametric function estimation approaches have garnered a significant
amount of attention; for references to research literature and statistical applications in this area,
consult Silverman [1986], Nadaraya [1989], Hardle [1990], Wand and Jones [1995], Eggermont
and LaRiccia [2001], Devroye and Lugosi [2001], Jiang [2022] and the references therein. Pop-
ular as they may be, they represent only one of the numerous methods for developing accurate
function estimators. These include nearest-neighbor, spline, neural network, and wavelet ap-
proaches. In addition, these techniques have been applied to a vast array of data types. This
article will focus on constructing consistent estimators for the conditional U-statistics for func-
tional data based on the delta sequence. The theory of U-statistics and U-processes, which was
initially introduced in the seminal work of Hoeffding [1948], has garnered a significant amount
of interest over the course of the last few decades as a result of the diverse applications to which
it has been applied. U-statistics can be utilized to solve complex statistical problems. Among
the examples are nonparametric regression, density estimation, and goodness-of-fit tests. Fur-
thermore, U-statistics contribute to the study of estimators with various degrees of smoothness
(including function estimators). Stute [1993], for instance, analyzes the product limit estimator
for truncated data applying a.s. uniform bounds for P-canonical U-processes. Arcones and
Wang [2006] introduces two new normality tests based on U-processes. Using the findings of
Giné and Mason [2007a,b], Schick er al. [2011] provided new normality tests that used as test
statistics weighted L;-distances between the standard normal density and local U-statistics that
were based on standardized observations. These tests were used to determine whether or not
the data was normally distributed. Joly and Lugosi [2016] worked on the estimate of the mean
of multivariate functions under the premise of possibly heavy-tailed distributions and presented
the U-based median-of-means. U-processes are also necessary for a wide variety of statisti-
cal applications, such as the examination of qualitative aspects of functions in nonparametric
statistics [Lee ef al. [2009], Ghosal er al. [2000]]as well as establishing limiting distributions
of M-estimators [see, for example, Arcones and Giné [1993], Sherman [1994], de la Pefia and
Giné [1999]]. In Boniece et al. [2022] the authors consider the problem of detecting distribu-
tional changes in a sequence of high dimensional data by using the weighted cumulative sums
of U-statistics stemming from L, norms. In Kulathinal and Dewan [2022], the authors proposed

188



CHAPTER 5. FUNCTIONAL CONDITIONAL U-STATISTICS BY DELTA-SEQUENCES

tests based on U-statistics for testing the equality of marginal density functions. In the paper
Minsker [2022], the following problem is considered : Is it possible, given a sample of ran-
dom variables that are independent, identically distributed, and have a finite variance, to build
an estimator of the unknown mean that performs almost as well as if the data were normally
distributed? The argument that was presented in the previous work is based on a new deviation
inequality for the U-statistics of order that is permitted to rise with sample size. This inequality
is the most important part of the argument. The first asymptotic results for the scenario in which
the underlying random variables are assumed to be independent and distributed in an identical
fashion were presented by Halmos [1946], von Mises [1947] and Hoeffding [1948] (amongst
others). In contrast, the asymptotic results under weak dependency assumption were demon-
strated in Borovkova ef al. [2001], in Denker and Keller [1983] or more recently in Leucht
[2012] and in more general setting in Bouzebda and Soukarieh [2023]; Leucht and Neumann
[2013]; Soukarieh and Bouzebda [2022, 2023]. The interested reader may refer to Lee [1990]
and Arcones and Giné [1993] for an excellent collection of references on U-statistics and U-
processes. We also refer to de la Pefia and Giné [1999] for a profound understanding of the
theory of U-processes.

In the present work, we consider the conditional U-statistics introduced by Stute [1991], that
can be seen as generalizations of the Nadaraya-Watson (Nadaraja [1964], and Watson [1964])
regression function estimates. To be more precise, let us consider the sequence of independent
and identically distributed random vectors {(X;,Y;),i € N*} with X; € R4 and Y; € [R{d,, dd=1.
Let ¢ : RY*¥ — R denote a measurable function. Within the scope of this work, our primary
focus is on the estimation of the conditional expectation or regression function, as follows:

P, = E(ey,...,.Y) | Xy,...,Xp) =t), for te R,

whenever it exists, i.e., E (|(p(Y1, ey Yi) |) < oo. Now, we are going to present a kernel function
K:RY — R with support contained in [-B,B]4, B> 0, fulfilling :

sup |[Kx)| =:x <oco and fK(x)dx: 1. (5.1.1)

xeR4

Stute [1991] established a new category of estimators for r® (¢, t), called conditional U-statistics,
that is defined for each t € R%¥ to be :

4L -X; ti —X;
> (P(Yil,...,Y,-k)K( - ll)K(h—lk)
(i1,.-0ip)€l(k,n) n n

Z K(Xl_xll)K(Xk_Xlk) ’
h, h;,

(i1, ix)€l(k,n)

70 (@, t hy) =

(5.1.2)

where :
I(k,n)={i=(,...,i):0<ij<n and ij#i, if j#r},

is the set of all k-tuples of different integers between 1 and n and {h,},>; is a sequence of
positive constants that, at a certain rate, converge to the value zero, nhﬁk — 00. In the particular
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case k =1, the r® (¢, t) reduces to rd (p,t) = E(@(Y)IX = t) and the estimator developed by
Stute is now known as the Nadaraya-Watson estimator " (¢, t) given by :

)/ £ )

The work of Sen [1994] focused on the estimation of the rate of the uniform convergence in t of
'\(k) (p,t hy) to k) (p,t). In Prakasa Rao and Sen [1995], the limit distributions of 7 A(k) (p,t hy)
are analyzed and compared to those produced by Stute. Under suitable mixing conditions,
Harel and Puri [1996] extend the results of Stute [1991] to weakly dependent data and uses
their findings to evaluate the Bayes risk consistency of the corresponding discriminating rules.

7D (@t hy) = Zcp(Yl)K(

As alternatives to the standard kernel-type estimators, Stute [1996] presented symmetrized
nearest neighbor conditional U-statistics. The work of has seen a major advancement because
to the contributions of Dony and Mason [2008] where a far more strong version of consistency
can be found, to be specific, uniform in t and in bandwidth consistency (i.e., hy, h, € [ay, b,]
where a;, < b, — 0 at some specific rate) of 7 A(k) (p,t hy,). Additionally, uniform consistency is
achieved across ¢ € .# for a suitably restncted class of functions .#, extended in Bouzebda and
Nemouchi [2019], Bouzebda and Nemouchi [2020], Bouzebda et al. [2021], Bouzebda et al.
[2022b] and Bouzebda and Nezzal [2022]. The key component of their findings is the local
conditional U-process studied in Giné and Mason [2007a].

The case of functional data is the primary focus of this research. We present an excerpt
from Aneiros et al. [2019]: "Functional data analysis (FDA) is a branch of statistics concerned
with analyzing infinite-dimensional variables such as curves, sets, and images. It has under-
gone phenomenal growth over the past 20 years, stimulated partly by significant data collection
technology advances that have brought about the “Big Data” revolution. Often perceived as a
somewhat arcane area of research at the turn of the century, FDA is now one of the most active
and relevant fields of investigation in data science.” For an introduction to the subject of FDA,
we refer to the books of Ramsay and Silverman [2002a,b], Ferraty and Vieu [2006a], which
contain different case studies in economics, archaeology, criminology, and neurophysiology, as
well as fundamental analysis techniques. It is important to note that the extension of probability
theory to random variables with values in normed vector spaces (such as Banach and Hilbert
spaces), in conjunction with extensions of certain classical asymptotic limit theorems, predates
the recent literature on functional data. This fact can be demonstrated by tracing back the his-
tory of the subject (see for instance, Araujo and Giné [1980]). Gasser et al. [1998] investigated
density and mode estimation for data with values in a normed vector space. At the same time,
he brought attention to the issue of the curse of dimensionality, which affects functional data,
and he suggested potential remedies to the problem. In the context of regression estimation,
Ferraty and Vieu [2006a] considered the nonparametric models. We may refer also to Bosq
[2000], Horvath and Kokoszka [2012] and Ling and Vieu [2018]. Recently, Modern theory has
been applied to the treatment of functional data. For instance, Ferraty et al. [2010] provided the
consistency rates of several functionals of the conditional distribution, such as the regression
function, the conditional cumulative distribution, and the conditional density, amongst others,
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uniformly over a subset of the explanatory variable. Other examples include conditional density,
which is a measure of the density of the conditional distribution, and conditional cumulative dis-
tribution, which is a measure of the conditional cumulative distribution. Kara-Zaitri er al. [2017]
also investigated the consistency rates for some functionals nonparametric models, such as the
regression function, the conditional distribution, the conditional density, and the conditional
hazard function, uniformly in bandwidth (UIB consistency) extended to the ergodic setting by
Bouzebda and Chaouch [2022]. In the paper Attouch er al. [2019], the topic of local linear
estimation of the regression function in the case when the regressor is functional was investi-
gated, and the results indicated robust convergence (with rates) consistently across bandwidth
parameters. In the work of Ling e al. [2019], the k-nearest neighbors (kNN) estimate of the
nonparametric regression model for heavy mixing of functional time series data was explored.
Under some mild conditions, a uniform and practically perfect convergence rate of the k-nearest
neighbors estimator was established. In the work Bouzebda ef al. [2016], the authors offer a
variety of solutions for limiting laws for the conditional mode in the functional setting for er-
godic data; for some current references, see the following: Mohammedi ez al. [2021], Bouzebda
et al. [2022a], Bouzebda and Nezzal [2022], Bouzebda and Nemouchi [2022], Almanjahie et al.
[2022a,b]; Litimein et al. [2023].

We will consider a general method for functional estimation by using the delta sequences.
Delta sequences (also called “approximate identities” or “summability kernels™) arise in a wide
variety of subfields within mathematics. Still, the applications that pertain to the theory of
generalized functions are likely the most significant ones. The regularization of generalized
functions is the major application for delta sequences. The proposed methods generalize sev-
eral nonparametric estimation methods, including the kernel estimators given in (5.1.2) of Stute
[1991]. To be more precise, the broad class of delta-sequence estimators includes the histogram
estimators, Chentsov’s projection estimators Chentsov [1962], and nearest-neighbor estimators,
among others. Certain types of these sequences were already studied by Watson and Leadbetter
[1964], who called them “8-function sequences”. They established, among other things, the
asymptotic unbiasedness and the asymptotic variance of estimators based on them but did not
consider convergence rates. Winter [1975] obtained the rate of strong consistency and the rate
of asymptotic bias for estimators associated with delta sequences arising from the Fejér kernel
of the Fourier series. The delta sequence method of density estimation of Susarla and Walter
[1981] is extended to certain non-i.i.d. cases in Prakasa Rao [1978], where it is assumed that
the observations are taken from a stationary Markov process. Ahmad [1981] considered the
delta-sequence estimator for the marginal distribution of a strictly stationary stochastic process
satisfying some mixing conditions. In Basu and Sahoo [1985], the author investigated the lo-
cal and global convergence rates of delta-sequence type estimators of the density function, its
derivative, and its mode. Nolan and Marron [1989] proved the uniform strong consistency of
delta-sequence estimators. Isogai [1990] partially generalized the usual nonparametric estima-
tors of a regression function by using an estimator based on quasi-positive delta sequences. Mar-
ron and Hirdle [1986] considered a general nonparametric statistical curve estimation setting
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called the class of “fractional delta sequence estimators”. Cristobal Cristobal ef al. [1987] used
the delta method to investigate the correlation model. Prakasa Rao [2010a] looked at the prob-
lem of estimating the density function of functional data with values in an infinite-dimensional
separable Banach space using the method of delta sequences; for further information, we can
also look into Ouassou and Rachdi [2012]. The copula estimation using the delta sequences
methods is considered in Bouzebda [2012]. The problem of the nonparametric minimax es-
timation of a multivariate density at a given point by the delta sequences was investigated in
Belitser [2000]. Walter [1983] used the delta sequence to propose an essential application to
the classification problem of the value of the discrete random variable.

The goal of the current study is to present and investigate the delta sequences estimators
for the conditional U-statistics for functional data, more specifically for random elements tak-
ing values in an infinite-dimensional separable Banach space, such as the space of continu-
ous functions on the interval [0, 1] endowed with the supremum norm. This will allow the
delta sequences estimators for the conditional U-statistics for functional data to be utilized for
functional data analysis. Examples of functional data that can appear in these spaces include
stochastic processes with continuous sample paths on a finite interval associated with the supre-
mum norm and stochastic processes whose sample paths are square-integrable on the real line.
Both of these types of stochastic processes can occur on the real line. The dimensionality prob-
lem must be addressed in nonparametric functional data analysis in two ways: first, by working
with data that have an infinite number of dimensions, and second, by making universal assump-
tions about the infinite number of dimensions for the probability distribution of variables in
nonparametric modeling. This structure’s twofold infinity of dimensions is the basis for all sub-
sequent developments in the discipline. Our previous work, delivered in the multivariate setting
and cited as Bouzebda and Nezzal [2023], is extended here in the present study. Although the
concept behind our estimation approach is similar to that presented in Bouzebda and Nezzal
[2023] (containing the Stute estimator), we make allowances for the infinite dimensionality of
the covariate. have determined the asymptotic characteristics of the multivariate delta sequence
estimators, Bouzebda and Nezzal [2023]. Their findings do not directly apply to the current
situation since we are working with a covariate with an unlimited number of dimensions. As
a result, we must utilize other reasoning in our proofs to deal with the broader framework.
These findings are beneficial in their own right, but they are also necessary for the inquiry be-
ing conducted in this work. To "simply" combine ideas from other publications would not be
sufficient to solve the issue, as will be demonstrated in the following paragraphs. To be able
to deal with delta sequence U-statistic estimators for functional data, you will need to resort to
intricate mathematical derivations. Compared to the previous studies written on delta sequence
estimators, the current paper considers the setting of an unbounded function ¢, which adds a
significant amount of complexity to the proof. The general assumptions that are required for the
derivations of the asymptotic results for the conditional U-statistics delta sequence estimators
are presented in this study.

The format of this article is structured as follows. Section 4.2 is devoted to introducing the
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delta sequences and the definitions we need in our work, where we introduce the new family
of estimators. Section 5.3 gives the paper’s main results concerning the uniform convergences.
In Section 5.4, we present a significant application for the censored data context of its interest.
In Section 5.5, we provide some applications, including the Kendall rank correlation coefficient
in §5.5.1, the discrimination in §5.5.2, the the metric learning in §5.5.3 and the time series
prediction from a continuous set of past values in §5.5.4. Some final observations and possible
developments in the future are moved to Section 6.3. To maintain a smooth flow throughout the
presentation, all proofs have been compiled in Section 5.6. A selection of significant technical
findings is presented in Appendix 5.6.

5.2 Preliminaries and estimation procedure

Let (Q,%,P) denotes a probability space, (¥, d(-,-)) denotes an infinite-dimensional separable
Banach space equipped with a norm ||.|| such that d(u,v) = |[u— v| and 28 be the o-algebra
of Borel subsets of . Let us consider a sequence {X;,Y; : i = 1} of independent identically
distributed random copies of the random element (X,Y), where X is a random element defined
on (Q,%,P) taking values in (%,98) and Y takes values in some abstract space (%,%’). Fu
[2012] introduced the functional conditional U-statistics when x € " some semi-metric space
as a generalization of Stute’s estimator by :

d(xy1,X; d , X
Z (P(Yil;---;Yim)K( (21 ll))---K( (Xm, Xi,,)
i1y i) €L, 1) hx hx

~(m) h :(ll
(9% k) 5 K(d(xlyxil))_,,K(M)

(i1, im)€1(m, n) hx hx

(5.2.1)

As we mentioned, the delta-sequences procedures can be considered a more general class, in-
cluding kernel estimation techniques. Therefore we can naturally obtain a more general class
of functional conditional U-statistics by replacing the kernel K(-) in equation (5.2.1) with posi-
tive delta sequences d,,(-,-) (see Definition 5.2.0.2), which allows us to introduce the following
conditional U-statistic for each x= (xy,...,X;) € X k and ©:% k . R a measurable function, by

Z (P(Yil;---»Yik)szn (xl’Xil)-'.8mn (xk’Xik)
(i1, ix)€l(k,n)

Sm,, (xhXil) : "Smn (xk’Xik)
(i1y.0ip)€l(k,n)

if Z 8mn (X1,Xj1)"'6mn (xk!Xik) #O)
PO (@, x;my) =4 (eiellen) (5.2.2)

n! Z
(n—k)k! iDel(k,n)

({150

Oy, Y5,

if ) S, (x1,X4)8m, (X0 Xi,) =0,
(i1y0eey ir)el(k,n)
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which we consider estimating the regression function
r® (@, =E(p(Y1,..., YO | X1,...,Xp) =x), for xe ZF, (5.2.3)
whenever it exists, i.e, E(|¢(Y1,..., Yi)|) < oo.

Remark 5.2.0.1 It is worth noting that X may admit a probability density function f(-) in re-
lation to a o-finite measure | on (¥ ,98) in such a way that (for instance, refer Dabo-Niang
[2004], Prakasa Rao [2010a] and Ouassou and Rachdi [2012]):

PXeA) :ff(x)p(dx), for every A€ 3B such that 0< pu(A) < oo. (5.24)
A

The concept of this remark is elaborated upon in Prakasa Rao [2010b] and its references. We
denote by (Q,Z,P) a probability space and a nondecreasing family of sub- o-algebras of & is
denoted by {Z:},;>9. Let {W(#)};>o denote a standard Wiener process defined on (2, %,P) in
such a way that W; is &;-measurable. We highlight that the probability measure pw on the
space €°(0,T) is connected with a Borel o-algebra generated by the supremum norm topology
is induced by the standard Wiener process. Let {X(#)}o<;<T be a diffusion process defined the
stochastic differential equation:

ax(t) = a(t,X(0)dt+ b(t,X(1))dW (1),

where X(0) = xo for 0 < t < T. By imposing some assumptions on the functions af(:,-) and
b(-,-), we can establish that the probability measure px on the space 6°(0,T) induced by the
process X is absolutely continuous with respect to the probability measure pw. In addition,
applying Girsanov’s Theorem permits the computation of the Radon-Nikodym derivative of px
with respect to pw. The probability density of X on the space €°(0,T) is the pyw derivative,
for instance, see Prakasa Rao [1999b]. From this point of view, the main motivation leading
to the analysis of functional data is the inference of stochastic processes; the reader is referred
to Prakasa Rao [1999a,b]. For the purposes of drawing conclusions, we make the assumption
that the entirety of the process can be observed. However, if the process can only be seen at
discrete times, either on a tiny grid or when the data are sparse, then other approaches, such
as parametric inference for discrete data, need to be devised. For instance, for the diffusion
processes, these new methods are necessary (cf. Rachdi and Monsan [1999], Prakasa Rao
[1983, 1999b]). Observe that if A =B(x,x) for (x,x) € Z x R}, then (5.2.4) allows for the small
ball probability to be considered.
Assume also that Sg is a pseudo-compact subset of & satisfying the following property:
for any € > 0, there exists tp € ,1 < { < d, such that
dy
Sa « Fn:=JBt,€), (5.2.5)
=1

and there exists k > 0 such that d,€* is a constant C > 0. Here, the open ball with center f, and
radius € is denoted by B (#y,€).
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It is worth mentioning that the hypothesis (5.2.5) is essential for assuming a geometrical link
between the number d,, of balls and their radius €. In addition, this condition is fulfilled in usual
nonparametric problems when & = R” is endowed with the Euclidean metric on R” (because
Kk = p suffices). However, this topological characteristic does not hold for any abstract semi-
metric space, as Ferraty and Vieu [2008] explains. Before we can use the delta-sequences
approach to estimate the value of the regression operator r®(-) in the model (5.2.3), we must
first have the following definition.

Definition 5.2.0.2 A sequence of non-negative functions {8, (x,y) : mp = 1} = {8,,(x, y), m = 1}
defined on Z* x Z* is called a delta-sequence with respect to the measure W if the following

properties are satisfied:

(C.1) Foreachy in such a way that 0 <y<oo:

lim su
m—+oo p

f B (% y)u(dy) —1| =0, (5.2.6)
Bx,Y)

k
xES%

where B(x,Y) :=

J

B(x;,Y), for all x= (x1,..., Xg).

k
=1

(C.2) There exists a positive constant Cy, in such a way that

sup 6, xy) =<Cis;y <00, 5.2.7
(x,y)esi;K x 'k

where 0< §;,;, — 0o as m— oo and lim —— =00
m—oo s,,log(m)

(C.3) There exist C, >0,p1 >0 and P2 > 0, in such a way that
|8m(x1,y) - 6m(xz,y)| < Cs?jd(xl,xz)ﬁl for all x1,%x3,y€ xk (5.2.8)

where

1 1
adx,y) := Ed(xl,yl) +-- 4 Ed(xk’yk)’
forallx=(x1,...,x) andy= (y1,..-, Vi) exk,

(C4) Foranyy>0:
lim sup 8,,x,y)dxy) =0, (5.2.9)

m—0o0 k
X€Sy,

yeB(x,Y)
where the complement set of the open ball B(x,Y) is denoted by B(x, Y).

Notice that the conditions (C.1)-(C.4) of Definition 5.2.0.2 are modelled after a similar set of
conditions for kernel-type estimators. The condition (C.2) corresponds to the bound of 8,
over S";r x 2% whereas the condition (C.3) is pertains to the uniform Lipschitz property of
6,,(x,y). Contrarily, the condition (C.4) is and it is not an assumption on the bound of d(x,y)
over S (’;E xS ";5 but an assumption on the limiting behaviour of 8,,(x,y)d(x,y) as m — +oo.
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Proposition 5.2.0.3 Let {Sm,l(xl, yl)} eees {8m,k(xk, yk)} each be non-negative delta-sequence
with respect to the measure |\, then

k
8mxy) = [ 8m,(xj, ¥, (5.2.10)
j=1
is also a non-negative delta sequence.
This proposition is similar to Proposition 2.2 Susarla and Walter [1981] when & = R%, which
means that the product of non-negative delta-sequences is also a positive delta sequence. The

proposition provides a flexible way to construct delta sequences in high dimensions in a similar
way to kernel type estimation. Unless otherwise specified we will set

k
8mxy) =[] 8m,(xj,¥))
j=1

for all x and y € Z'¥. This notation will unburden our results in the forthcoming theorems.

5.2.1 Examples of delta sequence

In this section, following the notation of Ouassou and Rachdi [2012], we provide guidelines for
constructing and recovering some well-known estimators in literature.

Example 5.2.1.1 Kernel estimator

Let Z = €°(0,1) denote the space of the real-valued continuous functions that vanishes at 0.
Suppose that X is equipped with the uniform topology that is induced by the supremum norm,
i.e., if x€ €°(0,1) then x is continuous on (0,1) with x(0) = 0 and that

lxll = sup |x(2)].
te(0,1)

The Wiener measure on the space & induced by the standard Wiener process is denoted by .
Let us define

1
o) P =———1 ,
m(X,y) LB 1/m) B(x,1/m)(})

where as usual 1 denotes the indicator function of the set A. Set for all x = (x,...,x;) and
y=x=1,...,y0) € XF

k
Smxy) =[] dmxj,y)),
j=1

then, by Proposition 5.2.0.3, 8,,(X,y) is a non-negative delta sequence, and the conditional
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U-statistic is defined in this case by

k
Y o, Yi) [T I nrm X))

PO (x5 ) = . j=1
Y [T 1saum®)
i€l(k,n) j=1
k d(xj, X))
) d(x],X,]) ’
ieI(Zk,n)]l_[1 B(le)( 1/m )

which can be considered as the naive kernel estimator of r'®(-). We can see clearly that 8 (-, ")
in this example satisfies the condition (C.1). In fact

£ 1 d(xj,y;j)

lim su f _ _ (—) dyy)---udyy) -1
m_>+ooxes%k) B(xy)]l_IlM(B(x],llm)) Bo, D | Ty, Ry playk

k 1
= lim su —  u(Bx;,y)NBx;,1/m)) -1
m_’+°°xesgwjl:[1”(3(xj,1/m))p( Y j )

k 1
= lim su —  u (B (x;,min(y,1/m)) ) —
m“*""xeslg){ Hlu(B(x,,llm))”( (xj, miny, 1/m)))

this quantity tends to zero when m is sufficiently large.
For a bandwidth h, that is a sequence of positive numbers, define

where K, (+) is a sequence of functions fullfilling (C.1)-(C.4).

Example 5.2.1.2 Histogram estimator
Let 2, ={Ay,j, j €In} be a partition of the set F (cf. Maouloud [2007]), such that

Uul=m,, maxp(A,;)—0 and nminp(A,;)—oco0 asn— oco.
J€ln J€ln

Denote

Sm(x,y) = ) ———1a,; (014, ;).
jern M(Anj)
We can now construct the histogram and regressogram estimators in the conditional U-statistics

framework by taking &,,(x,y) = H Om(xi, yi).

i=1
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Example 5.2.1.3 Orthogonal series estimator
Let {ep}]g21 be a complete orthonormal system of the space &, comprising eigenfunctions of a
compact operator in the square integral functions space (Lp(Z), say). Define

m
Sm(x, 1) =Y ep(x)e,(y) forx,yeR
p=1

As stated in Walter [1965], &,,(:,+) in this case are delta sequences. Now using Proposition
5.2.0.3, we can see that

k
3mxy) =[] 8mxi, yi)
i=1
are also a positive delta sequences.

For more examples of delta sequences we refer to Walter and Blum [1979] and Susarla and
Walter [1981].

5.2.2 Conditions and comments

In order to study the consistency of the proposed estimator, let us first state the following con-
ditions:

(C.5) We assume that d,, = n® for { > 0 and
P sE’ﬁ < Sm OB log(rm) .
\/ m

J0<Tt<1 insuchawaythatn'<m<n, forlarge n.

(C.6) Suppose that m — oo and that

(C.7) We assume the following usual boundedness condition:

sup |q)(y)| =M< oo.
yewk

(C.7°) The function ¢ is unbounded and fullfils for some g >2:

g = sup E(@7(VIX=t) <oo.

k
t(—:S%

(C.8) Forevery y=0:

sup
xeS ]GSK

f_ S Y (dy) —1| =0 (D),
B(x,Y)

where D, = {d(x,y),x € Sgl, and ye Z*, such that §,,(x,y) > 0} = o(1) as m — +oo.

(C.9) The regression operator r® (¢, -) is Lipschitzian in the following sense: 3C3 > 0 in such
a way that, for any x; € S é andx, € ¥ k we have

1r® (@, x1) — 1P (¢, x2)| < C3d (x1,%2).
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5.2.3 Comments on the assumptions

Similar to conditions (C.1)-(C.4), assumption (C.5) is also modelled after some kernel-type
conditions, and it allows us to select B; and P2 in condition (C.3). Due to the infinite nature
of the problem, additional constraints are required to achieve uniform consistency across the
pseudo-compact set. Ferraty and Vieu [2008], discussed the assumption (5.2.5). This condition
holds trivially for any finite-dimensional Euclidean space and remains valid for projection-
based metric spaces with infinite dimensions. Condition (C.7) concerning the boundedness of
the function (:) is essential to establish exponential bounds, this, coupled with the technical
condition (C.6), allows us to obtain the almost complete convergence later in the proofs. Note
that we can replace condition (C.7) with a more general one, that is, condition (C.7’), to obtain
the results when the function ¢(-) is unbounded. Finally, to establish precise rates of almost
complete convergence in the functional context, additional conditions related to the topological
nature of the problem are required. Mainly the assumption (C.8) and (C.9), where the latter
condition concerning the Lipschitz property of the operator r®(-) is standard when studying
with uniform consistency.

Remark 5.2.3.1 Note that the condition (C.7) can be replaced by more broad hypotheses at
specific times of Y, as shown in Deheuvels [2011]. That is

(C.7) We denote by {4 (x) : x = 0} a nonnegative continuous function, increasing on [0,00), and

such that, for some s > 2, ultimately as x | oo,
(@) x () ;1) x ' (x) 1. (5.2.11)
For each t = A (0), we define M (t) = 0 by M (M (1)) = t. We assume further that:
E( (JoW)[)) < oo.
The following choices of A4 (-) are of particular interest:
(i) M (x)= xP for some p > 2;
(ii) A (x)=exp(sx) for some s> 0.

The boundedness assumption on ¢(-) can be substituted by a finite moment assumption (C.7),
but doing so will add a significant amount of additional complexity to the proofs; for further

information, check the most recent reference Bouzebda and Taachouche [2022], Chokri and
Bouzebda [2022], Bouzebda and Nezzal [2022], Bouzebda and Nemouchi [2020, 2022] for
more details.

5.3 Some asymptotic results

In this subsection, we will discuss the uniform consistency of the functional conditional U-
statistic, which is defined by (5.2.2). First, let us provide basic notation
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X = Xy, Xp0eZk Y:i=01,... Y)ewxk
X; = XKoo Xi), Yii=(5,..Y5),
GpxX,Y) = @M8,,(x,X) for xeSk,

(n—k)!
Un(@xmy) = 1, Gy 1= Y. Gox(X;,Y)).
T eltkn)
It’s clear that, for all xe &% :
?(k) ((p X m ) — un((P;X; mn)
m T (L%, my,)

and u,(9,X, my) is a classical U-statistic with the U- kernel Gy x m,, (X, y). Therefore, to establish
the uniform consistency of ?,2’” (@, x;myp) to r® (¢,x) we need to study the uniform consistency
of u,(p,x,my) to [E(un(q),x, mn)). In this case, we will be considering a suitable centering

parameter different from the expectation E (?,%k) (p,Xx; mn)), hence we define :

[E (ul’l ((P,X, mn))

=( (k) . —
[E(rn ((P,X, ml’l)) - [E(Mn(l’x’ mn)) .

(5.3.1)

The notation and facts that are presented below should be included in the continuation of this
discussion. For a kernel L of k =1 variables we define

Y L(Xip,eeXi)

i€l(k,n)

— )
Uﬁlk)(L):(n k)!

Suppose that L is a function of £ = 1 variables, symmetric in its entries. Then, the Hoeffding
projections (see Hoeffding [1948] and de la Pena and Giné [1999]) with respect to P, for 1 <
k < ¢, are defined as

T[k,ZL(xl,...,Xk) = (Axl _[FD) R (Axk _IP) X [Fbe_k(L)y

and
1o, L =EL(Xy,...,Xp),

for some measures Q; on S we denote

Qe+ QL = [ Ll 20dQ1 (50 AQeLx0),

and A, denote Dirac measure at point x € &. Then, the Hoeffding decomposition give the

following
Lo
uPw-eL=Y ( L )U;’“) (L),
k=1
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which is easy to check. For Le L, (P’Z) this denotes an orthogonal decomposition and E(mL |
X2,...,Xx) =0 for k = 1; which is, the kernels my (L are canonical for P. Also, my ¢,k =1, are
nested projections, that is, 7y go g ¢ = Mg ¢ if k < k', and

E(ng L)’ < E(L-EL)? < EL2.

For example,
1y eh(x) = E(h(Xy,...,Xp) | X1 =x) —Eh(X]y,...,Xp).

Remark 5.3.0.1 The function Gyx m, is not necessarily symmetric; when we need to sym-

metrize them, we have :

acp,x(x;y): Z G(pxmn X5, Ys) = Z (P(Vg)ﬁmn(xoyYU);

creI’C UEIk

where X = (Xg,,...,Xg,) and y; = (Yo, .., Yo,)- After symmetrization the expectation

E (Gq),x,mn (x’y)) =E (ch,x,mn (x’y)) ’

and the U-statistic
u%k) (G(p,x,mn) = uqu) (étp,x,mn) = up(p,x, my)

do not change.

5.3.1 Uniform consistency of functional conditional U-statistics

Let (z,) for n € N, be a sequence of real r.v.’s. We say that (z,) converges almost-completely
(a.co.) toward zero if, and only if, for all

€>0,) P(lzyl>€) <oo.

n=1

Moreover, we say that the rate of the almost-complete convergence of (z,) toward zero is of
order u, (with u, — 0) and we write z, = O, co. (1) if, and only if, there exists € > 0 such that

Z P (|z,| > eu,,) < oo.

This kind of convergence implies both the almost-sure convergence and the convergence in
probability. The following result concerns the uniform deviation of the estimate u,(,x, m,)
with respect to E(u, (g,X, m,)) when the function ¢ is bounded.

Theorem 5.3.1.1 Under the conditions (C.1)-(C.4), and if conditions (C.5), (C.7) are satisfied,

then we have:
smlog(m)
sup |un(@,X, my) —E (un(@,x,my))| = Ogco [ | ——— |-
xesgg m
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We present a more general result concerning the case when the function ¢ is unbounded in the
sense of the condition (C.7’). That being said, the preceding theorem constitutes an important
step in the truncation method used in the proof of the following theorem.

Theorem 5.3.1.2 Under the conditions (C.1)-(C.4), and if conditions (C.5), (C.6) and (C.7’)

are satisfied, then we have:

[ s log(m)
Sup |un((P;X; mn) - [E (un((P;X; mn))| = Oa.co i .
xESé% m

The following result handles the uniform deviation of the estimator ?,(lk) (p,x; my) with re-

=(k)

spect to E [rn (¢p,x; my,) | in the case of the function ¢ is bounded or unbounded.

Theorem 5.3.1.3 Under the conditions (C.1)-(C.4), and if conditions (C.5), (C.6) and condition
(C.7) (or (C.7°)) are satisfied, then we have:

=(k)

| smlog(m)
; ‘:Oa.co & )
xeS"fE m

sup |75 (@, x;my) —E |70 (@, x; mp)

. .. . -1
where (Sm)men+ IS a sequence of positive real numbers, in such a way that m(spylog(m))

— oo ds n— oQ.

Theorem 5.3.1.4 Under the conditions (C.1)-(C.4) and (C.9) , we have:

sup E [?,(Zk) (o, x;mp) | — rk ((p,x)‘ — 0.

k
xES%

The following corollary is more or less straightforward, given Theorem 5.3.1.3 and Theorem
5.3.1.4.

Corollary 5.3.1.5 Under the conditions of Theorem 5.3.1.3 and Theorem 5.3.1.4 it follows that,

as m tends to infinity:

sup ?I(’lk)((p’X; mn)—r(k)((p,x) -0, a.co.,

k
XES%

. . . -1
where (Sm)men+ is a sequence of positive real numbers, in such a way that m(sm,log(m))

— o0 ds n— Q.

5.3.2 Uniform strong consistency with rates

This section is devoted to the uniform version with the rate of Theorem 5.3.1.5’s result. More
specifically, our objective is to obtain the uniform almost-complete convergence of ’r\,(qk)(-) on
some subset S 5, of 2 satisfying condition (5.2.5). In the following theorem, we establish the

bias order.
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Theorem 5.3.2.1 Under the conditions (C.1)-(C.4), and if conditions (C.8) and (C.9) are sat-
isfied, then we have:

sup E(?,(qk) (P, X; mn)) — o ((p,x)‘ =0D,,). (5.3.2)

k
XES%

The almost-complete convergence is then given by the corollary that follows, which uses a rate
of 7H ().

Corollary 5.3.2.2 Under the conditions of Theorems 5.3.1.3 and 5.3.2.1 it follows that :

ml
70 (@, %, mp) - r® (cp,x)\ =0 (D) +Oa.co (\/ %g(m)) : (5.3.3)

5.4 Conditional U-statistics for censored data

sup
xESéfK

Consider a triple (Y,C,X) of random variables defined in R x R x 2". Here Y is the variable of
interest, C is a censoring variable, and X is a concomitant variable. Throughout, we will use
Maillot and Viallon [2009] notation and we work with a sample {(Y;,C;,X;)1<i<n} of indepen-
dent and identically distributed replication of (Y,C,X), n = 1. Actually, in the right censorship
model, the pairs (Y;,C;), 1 <1i < n, are not directly observed, and the corresponding information
is given by Z; := min{Y;,C;} and A; := 1{Y; = C;}, 1 <i < n. Accordingly, the observed sample
is
@n = {(Zi,Ai,Xi), i= 1,..., I’l}

This type of censoring is commonly applied to the survival data collected during clinical trials
as well as the failure time data collected during reliability studies, for example. To be more spe-
cific, the majority of statistical experiments end up producing incomplete samples, even when
the conditions are carefully monitored. For instance, clinical data for surviving the majority
of diseases are typically censored due to the presence of other competing risks to life that ulti-
mately result in death. In the sequel, we impose the following assumptions upon the distribution
of (X,Y). Denote by .# a given compact set in 2~ with nonempty interior and set, for any o > 0,

SFo=x:inf |[x—u| <al.
uey
For —oco < t < 00, set
Fy(@)=P¥=<1t), G()=P(C=<1t), and H(tH) =P(Z< 1),

the right-continuous distribution functions of Y, C and Z respectively. For any right-continuous
distribution function L defined on R, denote by

Ty =sup{teR:L(f) <1}
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the upper point of the corresponding distribution. Now consider a pointwise measurable class
# of real measurable functions defined on R, and assume that .# is of VC-type. We recall the
regression function of y(Y) evaluated at X =x, for y € % and x € .%,, given by

rPay,x) =Ep(Y) | X=x),

when Y is right-censored. To estimate rV(y,-), we make use of the Inverse Probability of
Censoring Weighted (I.P.C.W.) estimators that have recently gained popularity in the censored
data literature (see Kohler er al. [2002], Carbonez et al. [1995]). The key idea of I.P.C.W.
estimators is as follows. Introduce the real-valued function ®y,(-,-) defined on R2 by

{y=sclw(yAac)
Dy (y,0) = . 5.4.1
(36 1-G(yAc) 4.1
Assuming the function G(:) to be known, first note that
Oy (Y;,Ci) = A w(Z)/ (1 - G(Zy))
is observed for every 1 < i < n. In addition, under Assumption (I) below
(I) C and (Y,X) are independent.
We have
r(@y,x) = E@y(Y,0) X=X
1{Y <
_ E{ {Y=Clv(2) Isz}
1-G(©2)
= [E{ w) E(1{Y=C}|XY) |X:X}
1-G(Y)
= rWy,x). (5.4.2)

Therefore, every estimate of r) (@, ) that can be constructed using completely observed data
is also an estimate of rV(y,-). This characteristic permits the natural application of the ma-
jority of statistical procedures known to produce estimates of the regression function in the
uncensored case to the censored case. Estimates of the kernel type, for instance, are exception-
ally straightforward to build. Set, forxe ., h=0,1<i<n,

n
B 007= B, (X0 / 2 Bm, (0 X;). (5.4.3)
]:

Making use of the equations (5.4.1), (5.4.2), and (5.4.3), whenever G(-) is known, we define the
kernel estimator of ™V (y, ) by

FOO (w,x; hy) = 2.0, ) (5.4.4)

~
I
—
[—
|
Q
N
:/
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Since the function G(:) is unknown, it is to be estimated. Let Gj,(-) denote the Kaplan-Meier
estimator of the function G(-) Kaplan and Meier [1958]. To be precise, adopting the conventions

[]=1

?

and 0° = 1 and setting

Np(w) =) 1{Z; = u},
i=1

we have

Gyw=1- []

iiZ;<u

N..(7Z:)—1)1-4)
{&} , for ueR.
Nn(Zi)

Given this notation, we will examine the next estimate of r (v,

AiW(Zi)

sz(zi)’ (5.4.5)

v(l)* =)
(W, % 1) = Z W Kb, l

the reader is invited to see the papers of Kohler ef al. [2002] and Maillot and Viallon [2009].
The convention 0/0 = 0 is used, this quantity is well defined, since G, (Z;) = 1 if and only if
Z; =7y and A, =0, where Z i, is the kth ordered statistic related with the sample (Z;,...,Z;)
for k=1,...,n and A, is the A; corresponding to Zy = Z;. When the variable of interest is
right-censored, it is often impossible to estimate the function of the (conditional) law on the
whole support (see Brunel and Comte [2006]). Datta et al. [2010] introduces a right-censored
version of an unconditional U-statistic with a kernel of degree m = 1 based on the notion of
a mean-preserving reweighting technique. Stute and Wang [1993] have demonstrated the al-
most sure convergence of multi-sample U-statistics under random censorship and presented an
application by analyzing the consistency of a novel class of tests meant to evaluate distribu-
tion equality. Chen and Datta [2019] presented improvements to the traditional U-statistics
to counteract potential biases caused by right-censoring of the outcomes and the existence of
confounding factors. Yuan er al. [2017] suggested an alternative method for estimating the U-
statistic by employing a substitution estimator of the conditional kernel given observed data.
We also refer to Bouzebda and El-hadjali [2020], Bouzebda ef al. [2022b] and Bouzebda and
Nezzal [2022]. To our best knowledge, estimating the conditional U-statistics in the censored
data setting is a current open problem, and it gives the main motivation for the study of this
section.

The function described by (5.4.1) has a natural expansion given by

Hi'czl{]l{J/i <citW(y1ACL ..o, Vi A Cm)
M {1-Gi A e} '

Oy (Y1ree 0 Vi Clyee s C) =
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We have an analogous relationship to (5.4.2) based on the formula:

E(@y (Y1, Yk, Cryen, Cp) | Xy, Xp) = X)

k14{Y; <C; Cy,...,Yr AC
_ gl B =COvMAC BT o xp =
e {1- G(YIAC)}
Y) )
= [E( "k’(l X H{I{YZ<C}|(Y1,X1), (Y, Xp) |(x1,...,xk)=x)
Hl 1{1 G(Yl)} i=1

= (W(Yly!Yk)|(X1)ka):X)
An analogue estimator to (5.2.2) in the censored situation is given by

FO (w,x; my) = > B B Wi Lig) a®
Grinettem 1 —=GEZi) - (1= G(Z;,)) ©n,8,mp i

(%), (5.4.6)

where, for i = (iy,..., i) € I(k, n),

6mn (lexl'l) e 6m,, (Xk)Xl.k)

—(k)
W (x) = . 5.4.7
n,8,mp,i Z 6mn (Xl’Xil) .. Smn (Xerik)
(i] ..... ik)EI(k,l’l)
The estimator we shall examine is provided by
Ay ANV Ziy,.. 0 Zi)
W my= Y o DRV B g s (s48)

Giryoineley (1= Gp(Zi) (1 =Gy (Z;)) WO mni
In a similar way as in Bouzebda er al. [2022b], we arrive to the following conclusion.

Corollary 5.4.0.1 Assume that the condition (1) and the assumptions of Theorems 5.3.1.3 and
5.3.2.1 are satisfied. Then, we have

A0 g, m) = 10 (0,9)] = O(Dm)+om(\/wnf(’m), a.s

This last result is a direct consequence of Corollary (5.3.2.2) and the law of iterated logarithm
for G}, (-) obtained in Foldes and Rejt6 [1981] gives

. loglogn
sup|G,,—G(H)|=0 . almost surely as n — oo.
I<T

At this point, we may refer to Bouzebda and El-hadjali [2020], Bouzebda et al. [2022b] and
Bouzebda and Nezzal [2022].

5.5 Applications

5.5.1 Kendall rank correlation coefficient

To test the independence of one-dimensional random variables Y; and Y, Kendall [1938] pro-
posed a method based on the U-statistic K, with the kernel function :

@ ((s1,11), (82, £2)) = L(5p—51) (12— 11)>0) — Li(sp—51) (22— 1) <0}- (5.5.1)
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Its rejection on the region is of the form {y/nK, > y}. In this example, we consider a multivariate
case. To test the conditional independence of &,n:Y = (§,n) given X, we propose a method
based on the conditional U-statistic :

=(2) —
r ( )t) -
n (P 7 Om (01, X) 8 (12, X )

)

where t = (£, %) € | c R? and ¢(-) is Kendall’s kernel (5.5.1). Suppose that & and n are d;
and d»-dimensional random vectors respectively and d; + d> = d. Furthermore, suppose that
Y1,...,Y, are observations of (§,n), we are interested in testing :

Hp:& and n are conditionally independent given X. vs H,:Hy is not true. (5.5.2)

Let a = (a;,a») € R% such as ||la] =1 and a; € R%,a, € R%, and F(-),G(-) be the distribution
functions of & and 1 respectively. Suppose F# (-) and G*(-) to be continuous for any unit vector
a = (aj,ap) where F1 (1) = P(a] § < r) and G*(1) =P(a, n < t) and a] means the transpose of
the vector a;,1 < i< 2. For n=2, let YV = (£, nV) and Y® = (§?,n@) such as £ e ph
and n” e R?% for i = 1,2, and :

o (1Y) = g (@[5, a ), o a0 ).

An application of Corollary 5.3.2.2 gives

% smlog(m)
sup |r,(12) (% x;my) — 1@ ((p“,x)| =0MDm) +O0aq.co |/ m OB . (5.5.3)
xes?, m

5.5.2 Discrimination problems

Now, we apply these findings to the discrimination problem outlined in Section 3 of Stute
[1994b], refer to also to Stute [1994a]. We will employ a similar setup and notation. Let ¢(-)
be any function taking at most finitely many values, say 1,...,M. The sets

Aj={y1.. .y 1 @yL....yO) =j}, 1=j<M

subsequently, produce a partition of the feature space. Predicting the value of ¢(Yy,...,Yx)
is equivalent to making a guess about which set will be in the partition to which (Yy,...,Yy)
belongs. For any discrimination rule g, we have

M .
PEX) =pM) <) max M’ (X)dP (%),
jo1Ixg®=)

where
M (®) =PY) = j|X=%), xeR?.

The inequality described above becomes equality if

<) — e
8o(X) argllsl}asuﬁ/[ M (X).
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go(-) 1s known as the Bayes rule, and the associated error probability

L =1-P(gyX) = ¢(Y) = 1—[E{ max i))tj(i)}
1=j=M

is called the Bayes risk. Each of the unknown 9t/ functions can be reliably estimated using one
of the techniques described in the prior sections. Let, for 1 < j <M,
> oW, Yi) = j18m, (x1,Xi) - 8m, (X0, Xs,)

i (i1 ..... ik)€I(k,n)
J
N, (X) =

, (5.5.4)

8m, (x1,X4,) 8, (X, Xi,)

(il ..... ik)EI(k,n)
Set
go,n(%) = arg max M, (X).
1=j=M
Let us define
L; =P(g0,,X) # ¢((Y)).

The discrimination rule gy ,(-) is asymptotically Bayes’ risk consistent
L, —L"

n

This is a consequence of the relation

IL*-Ly| <2E

12%\931{;@)—931]'@)(].

5.5.3 Metric learning

Metric learning seeks to adapt the metric to the data and has garnered a great deal of attention in
recent years; for instance, see Bellet ez al. [2013] and Clémencon et al. [2016] for an account of
metric learning and its applications. This is driven by a wide variety of applications, spanning
from information retrieval via bioinformatics to computer vision as the primary source of inspi-
ration. For the purpose of demonstrating the applicability of this idea, we will now discuss the
metric learning problem for supervised classification as shown in Clémencon et al. [2016]. Let
us consider independent copies (X1,Y1),..., Xy, Y,) of a & x & valued random couple (X,Y),
where & is some feature space and % = {1,...,C}, with C = 2 say, a finite set of labels. Let
2 be a set distance measures D : & x X — R,. The purpose of metric learning in this context
is, intuitively speaking, to identify a metric under which pairs of points with the same label are
close to each other, while those with different labels are far away from each other. A natural
way to characterize the risk associated with a metric D is as follows

RD) =E[¢((1-D(XX)-(2L{Y=Y}-1))], (5.5.5)

where ¢(u) is a convex loss function upper bounding the indicator function 1{u = 0}, for in-
stance, the hinge loss ¢(u#) = max(0,1 — u). To estimate R(D), we consider the usual empirical
estimator

R, (D) = Y. o((DXiXj)-1)-(21{Y; =Y;} 1)), (5.5.6)

nn-1) I<i<j<n
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which is one sample U-statistic of degree two with kernel given by:

¢p (), (7)) = ¢((D (% x) =1)- (21 {y = y'} = 1)).

The convergence to (5.5.5) of a minimizer of (5.5.6) has been studied in the frameworks of
algorithmic stability (Jin er al. [2009]), algorithmic robustness (Bellet and Habrard [2015]) and
based on the theory of U-processes under appropriate regularization (Cao et al. [2016]).

5.5.4 Time series prediction from continuous set of past values

Let {Z, (1), t € R},>; denote a sequence of processes with value in R. Let s denote a fixed
positive real number. In this model, we suppose that the process is observed from ¢ = 0 until
[ = tmax, and assume without loss of generality that f,,x = T + s < 1. The method ensures
splitting the observed process into n fixed-length segments. Let us denote each piece of the
process by

Xi=1{Z(),(i- DT <t<iT}

The response value is therefore Y; = Z(iT + s), and this can be formulated as a regression prob-
lem:
PGZ1(T+8), .., Zi(t+ ) =rP @1 (0), ..., Zk(0), for T-T<t<T. (5.5.7)

provided that we make the assumption that a function of this kind, r, does not depend on i
(which is satisfied if the process is stationary, for example). Because of this, when we get to
time 1, we can use the following predictor, which is directly derived from our estimator, to
make a prediction about the value that will be at time T+ s

Yo @Ziy(t+ 9, Zi (T+ )8, (21,X4,) - Oim, (200 Xiy)

i1 ..... ik)€l(k,l’l)

70 (@, 75 ) = -
Smy (21, Xir) -+ Bim (21 X )

(i1, ix) €Lk, 1)

where z = (zy,...,2) = {(Z1(8),...,Z;(1)), for T—T < ¢t < 1}. Corollary 5.3.2.2 provides math-
ematical support for this nonparametric functional predictor and extends previous results in
numerous ways in Ferraty and Vieu [2006a] and Ouassou and Rachdi [2012]. Notice that this
modelization encompasses a wide variety of practical applications, as this procedure allows for
the consideration of a large number of past process values without being affected by the curse

of dimensionality.

5.5.5 Example of U-kernels

Example 5.5.5.1 Hoeffding’s D From the symmetric kernel,

hD (Zl)---rz5)
1

= E e Z) » [{1 (Zilvl = ZiSrl) -1 (Zinl = Zi5vl)} {1 (Zi?)!l = ZiSrl) -1 (Zi4>1 = ZiS’I)}]
L]yeeey 15)€&Ps

x [{1(2iy,2 < 25 2) = 1 (22,2 < 215 2) {1 (213,2 < 2i5.2) = 1 (24,2 < 2i5,2)}] -

209



CHAPTER 5. FUNCTIONAL CONDITIONAL U-STATISTICS BY DELTA-SEQUENCES

We obtain Hoeffding’s D statistic, which is a rank-based U-statistic of order 5.
Example 5.5.5.2 (Blum-Kiefer-Rosenblatt’s R) The symmetric kernel

hR(Zl,---vZG)
1

= o ) [{(zna =zi1) = 1(201 = 2i5,1) {1 (2,1 < 2i5,1) = 1 (24,1 < 2i5,1)}]
32 (i1 ..... ia)&@@

X [{1 (Zilrz = ZisyZ) -1 (Zi2,2 = Zie,z)} {1 (Zi3y2 = Zi6,2) -1 (Zl'4,2 = Zi6y2)}] ’

gives Blum-Kiefer-Rosenblatt’s R statistic (see Blum et al. [1961]), which is a rank-based U-
statistic of order 6, refer also to Bouzebda [2011, 2014, 2023]; Bouzebda and Zari [2013];
Bouzebda et al. [2011].

Example 5.5.5.3 Bergsma-Dassios-Yanagimoto’s 1* Bergsma and Dassios [2014] introduced
a rank correlation statistic as a U-statistic of order 4 with the symmetric kernel

hT* (Zl )---)24)

= Tz Z {1 (zilrl’ZiSrl < 'Zizyl’zi4,1) +1 (Zig,lrzi4,l < Zi1,1) Zig,l)

—1(2i,,1, Zig1 < Zig 1) Zig1) — 1(Zip1) Zig1 < Ziy1, Zig1)
x {1 (zi,,2, Ziy 2 < Ziy2, Zig2) + 1 (2iy,2, Zig2 < Ziy 2, Zin 2)

-1 (Zil,Z) Ziy,2 < Zip,2) Zig,Z) -1 (Ziz,z’ Zi3,2 < Zi1,2» Zi4v2)} .

Here
1(y1,y2<ysya):=1(n1 <y3)1(y1 <ya)1(y2<y3)1(y2 < ya).

Example 5.5.5.4 Two generic vectors y = ( Y1, y2) and z = (21, 22) in R? are said to be concor-
dant if (y1—z1) (y2 — z2) > 0. For m,k=1,..., p, define

1

T -1 152 H{(Xim —Xjm) (Xik —Xjk) > 0}

i#j<n

Tmk

Then Kendall’s tau rank correlation coefficient matrix T = {1, k}fn k1 denotes a matrix-valued
U-statistic, for wich the kernel is bounded. It is obvious that 1, quantifies the monotonic
dependency between (X1, X1k) and Xom,Xak) and it is an unbiased estimator of

P (X1m —Xom) Xik —X2k) >0),
that is, the probability that Xy, X k) and Xom,Xok) are concordant.

Example 5.5.5.5 The Gini mean difference. The Gini index provides another usual measure of
dispersion. It corresponds to the case where ECR and h(x,y) =|x—-y|:

2

Gy = > X=X

nn-1) 1<i<j<n
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5.6 Mathematical development

This section contains the proof of our results. The preceding notation is also used in the subse-
quent text. Keeping in mind the relation (5.2.5), we can conclude that, for each x = (x3,..., xXx) €
Sgy’ there exists €(x) = (£(x1),...,0(x)) where V1 <i <k, 1=<£€(x;)<d, and such that

k
Xe€ HB(xg(xi),en) and d(x;, X¢(x;)) = argmind (x;, xp).
i=1 1=<l<d,
We denote for each x = (x1,...,Xx;) € Sg, and Xgu) = (Xp(xy)s -+ +» Xoxp) -

k
[ I By, €n) =: BXe), €n)-
i=1

Hence, for eachxe S g, we can reformulated the U-statistic as
|t (@,%; M) — Eltn (9, % mp)]|
= \un((P,X; Mp) — Un(P,Xex); mn)l

+ |Elun (@, Xep0; mn)] — Eltn (@,%; mp)] |

+ | tn (9, Xoe; M) — Elun (@, X M) | -

Proof of Theorem 5.3.1.1

We need to establish that there exists some 1 > 0, in such a way that

5 Toa(m) log(m) |un((P,X, my) — [E(un((p,x, mn))| > q} < 00. (5.6.1)

Y P{ sup

n=1 xesﬁﬂf

To do that, we need to obtain an exponential bound for

smlog(m)
IP(sup |t (@, %, M) — E [t (9, X, my) || > Tl\/E)
k m
xeS%

We first remark that we have

|un((P»x’ Mp) _IE[un((P;X; mn)”

(n—k)! k k
= nl Z {(p(Yily-.-ink) HSmn(XJyXl])_l]—: ('p(Yll""’Ylk)l_[ﬁmn(x]’xlj)
© |ielte,n) j=1 j=1
(n—k)!
- ; Y. {GexX:i Y -E [Gq),x(xi;Yi)]}|
o \ielk,n)
(n—Lk)!
=———| X HEX,Y)|
e iel(k,n)
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where
HX,Y) = GoxX,Y) - E [G(p,X(X;Y)] .

In order to get the desired result, we apply Lemma 5.6.0.1 on the function H(:,-). Throughout
the rest of the proof, we suppose the function G x is symmetric. Moreover, it is clear that the
function H(:,-) is bounded by 2MC; s,;, by condition (C.2) and the fact that the function ¢(:) is
bounded by the condition (C.7). We obviously remark that,

0=FHX,Y)]=0
by design, and
o2 =Var(HX,Y)) < 2(MC; s;,)°.

For any n > 0 and m large enough, we get that

[ sml

n((smlog(m))/m)n2 }

4(MC1$m)? + sMC1 5,0/ (s log(m)) I m

(5.6.2)

<2exp

We can write

smlog(m)
P(sup |tn (@,%; M) — Elun (@, % my)]| >2n)| im0 )
- m
XES%

< P/ sup |un(@,x; my) — un(@,Xee0; Mn)
xesgg

sy log(m)
+E[1n (@, Xew); M)l = Eltn (@,% myp)]| > 1y | Tg) (5.6.3)
smlog(m)
+P | sup |un(@,Xep; M) — Elttn (@, Xep0; ma)l| > 1 0 | (5.6.4)
xeSk

X

Taking into account the condition (C.3), we have

| Un(P,X; My) — Up(P,Xex); mn)|

(n—-k)! k k
< | Z (P(Yil;-..,Yik) 6mn(x],Xl])— HSmn(xg(x]))Xl])
" eltkn j=1 izl
(n—k)!
=M | Z |6mn(x’xi)_6mn(xf(x);xi)|
n eltkn)
- k)!
= M(n ] ! Z CZSE)’ZLd(X»Xé(x))ﬁl
 elk,n)
= MCzsgid(X,Xle(x))ﬁl
< MC,sh2eb!.
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Consequently, we obtain uniformly on x € S,

| smlog(m)
sup |un(cp,x; mpy) — Un(P,Xex); m,,)| < O(s%e?j) = O( %) ) (5.6.5)
xt—:Sé%

by condition (C.5). We deduce from (5.6.5) that:

|Elun (@, X5 Mn)] — Elttn (@, % m)]|

= |E[un(@,Xe; M) = Un (@, X m,)]|

IA

E| {26 (@, Xg00; M) — U (9, %5 M) ] | - (5.6.6)

The passage from (5.6.6) to (5.6.6) follows by applying Jensen’s inequality further to some
properties of the absolute value function. Now using the fact that the function ¢(-) is bounded
and that the function 8,, is Lipschitz in addition for any constant a, E[a] = a, we can directly
conclude that

smlog(m)
sup|[E[un(tp,x‘g(x);mn)]—[E[un((p,x;mn)“50(51336%1) O( / mnf )
xeSk

x

For some n > 0 and for sufficiently large n and large m, we have

P sup |un(@,x;mp) — (@, Xe; M)
XES{’;{

smlog(m)
+E[1 (9, Xg(x; Mn)] — Elun(@,%; mp)]| > 1 — =0

Continue, now, with (5.6.4), supposing that the kernel function Gy, (-) is symmetric, we have
to decompose the U-statistic by making use of the Hoeffding [1948] decomposition, we infer
that

un(tp,Xe; mn) —Elu,(p,Xe; my)]

(p)

T[p k(G(p Xp, mn))

ko kt

u (711 (Goxy)) - (5.6.7)

(1)
ku (nlk(G(ng))"‘p:Z(k_ ) Up

Let us first start with the linear term. We have
n
kul (11,6 (Gox,)) = Z 1,k (Gyx,) Xi, Yi).

From Hoeffding’s projection, we have

T[l,k(G(p,Xg)(xy J/)
{E[Gyx (6, X2, ... X1), (1, Yo,..., YO)) | = ElGg x, XV}
{ElGyx, X, V) [(X1,Y1) = (x, )] —~E[Gyx, XV}
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Set

Z;= Hl,k(G(p,Xg)(Xi!Yi)-

We can see that Z; are independent and identically distributed random variables bounded by

2kMC; s, with zero mean and

0% < (MCy sm)°.

An application of Bernstein’s inequality yields

smlog(m)
P| sup [ul (m1,£(Gox)) | > 0y 2
XESZ, m

[ smlog(m)

=

< 2dyexp |- n((smlog(m)/mn?

- 4(MC) 5,n)2 + 2MCy 5,umy/ (5 log(m))
< n(x—‘rr]Z/C4

resulting from the fact m < n and log(m) = tlog(n). This implies that

smlog(m)
> P sup |u? (m £(Gy))| > 1y Lo
nx=1 xeSé‘K m

2
<) n* ™ 1€ < o,
n=1

Consequently, we get the following:
| smlog(m)
sup |u£ll) (Hl,k(G(p,Xg))l =0a.co mO8TH :
xeS{’% m

Moving to the nonlinear term, we want to prove that for 2 < p < k:

k
( p ) vm|u (HP kGo, Xo(x) )
sup = 0aq.co(1),
xest V/Smlog(m) "
which implies that, for 1 <i < k and € = ({y,...,¢x):

k )

p vm|uy (“P'kG(PrXax))
max = Oa.co(l)-

1=¢;<d, smlog(m)
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To prove the above-mentioned equation, we need to apply Proposition 1 of Arcones [1995] (see
Lemma 5.6.0.2). We can see that G, x, is bounded by MC; s, hence for n >0 we have

smlog(m)
"W m
k K 1
: 02 —1/2._ | Smlog(m)
= |]:|> o G S smlog(m)
p=2 (k—p)!u” (np’k( ‘vae)) n n\/T
k K 1
= P G S smlog(m) |
1
Where £ = —-. Now for ¢ = ﬂ\/@, Lemma 5.6.0.2 gives us :
vn -
m
2k+2kk+lMC18m

N/ smlog(m)/ m(n— 1)1/2)

2k+2kk+1MC18m

ny/log(m)/m(n- 1)1/2)

2k+2 Jok+1 MCiv/Sm

koK
! ("1/2 2 G (kG
p= :

k

)
pzz(k——p)!unp (7,k(Gox,)

< 2exp

< 2exp

< 2exp

By the fact that m < n and log(m) = tlog(n), it follows that there exists 1> 0 in such a way that

HID( > € M) Sn_T/ZCS,
\/ m

where Cs = C"25*2k¥1MC, /5, with C" > 0. Therefore, for each g >0, 1 <i < k and £ =

k

k
Z ( p )ugf’) (”nk(Gwﬂ)

p=2

(elw--)ek):
k[ k s log(m)
P| sup Z( )ui,”)(n,,_k(ctp,xg)) >80,/i
xesgf p=2 p m
k[ k log(m)
(p) Smloglm
< e o[£ 5 s 22

< pk2cs)

Consequently, we have

Z Pl sup
nzl1 xesgg

k[ k
Z ( p )u;p) (“pyk(chyXe))

p=2

- Sm log(m))
\/ m

< Z n® 2% 0 as n—0.
n=1
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Hence the proof is achieved.

Proof of Theorem 5.3.1.2

We will need to truncate the conditional U-statistic to prove this theorem. Taking the condition
(C.7’) into account, for each A > 0 and

m m
&n = Emn = I n = ,
ogm, logm
we have
Gq),x(x» Y) = Gq),x(X; Y)]l{(p(y)s)\ayq} + G(P'X(X’ y)]l{(p(y)>)\a}1/q}
=: Gf;,f;(x, y)+ GEE;(X, y),

which means that each function (:) is truncated as follows :

ply) = (p(y)]l{(p(y)s)\ﬁyq} + (P(Y)]l{(p(yb)\ayq}
= oUW+ W,
Notice that the Gg ; (x,y) denotes the truncated part and Gg{; (x,y) refers to the reminder part. It

is possible to write the U-statistic in the following way

n (o) = (GG + i (G45)

= ul (@, %, my) + uP (@, x, my).

The first term of the right side ug) (p,x, my,), as usual, is called the truncated part and the second

one uqu) (¢p,Xx, my) is the remainder part. Let’s investigate the term uE,T) (p,x, my).

Truncated Part :

In a similar way as in the preceding proof, we infer

|l (,x, mp) — E(ul) (9,%, my))|

(n—k)! k
= | Z {(P(T)(Yil;---;Yik) H Smn(x])Xl])
R iel(k,n) j=1
. k
j=1
(n—k)!
= —=| Y {cha: Y —E|GoxX;, Y] }'
- ielk,n)
(n—-K)!
= ——| Y HPX,Y)|,
N iel(k,n)
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where

HOXY) =GR, V) - E|GHaX, V).

Similar to the proof of Theorem 5.3.1.1, we apply Lemma 5.6.0.1 on the function H (-, ).

Throughout the rest of the proof, we suppose that the function Gpr; is symmetric. Moreover, it

is clear that the function H(-,-) is bounded by 2A&-“Cy s, by condition (C.2). We obviously
remark that,

0=EH" X YVI=0
by design, and
o2 = Var(HP (X, Y)) = 2(AEY9C, s,m)2.

For any n > 0 and m large enough, we get that

smlog(m)
’ (l ) (%, mp) —E (1, (0, %, mp)) | > ﬂ\/?)

n((sm,log(m))/ mn? ]
ANE) ICy5m)2 + 2AEY TCy 5/ (smlog(m)) T m

<2exp

We can write

Smlog(m)
P| sup [ul” (@, x, my) —E(u (@,x, my))| >2m/%
xesgr m

< P| sup [ul (@, % mpy) — ul) (@, Xe; Mn)
xESQ

smlog(m)
+[E[u§1T) (@, Xg(x); Mp)] — [E[ung) (p,x; mn)]| > n\/@)
S log(m)
+P ( sup |u£1T) (LP)XE(X); mn) - [E[ung) ((_p,XB(X); mn)]| > ]’]\/@) . (568)
XES:k%
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Notice that

T T
|u'P (@,% mp) — u (@, %o M) |

(n— k)' T k k
s—— 2 |07 Mie o, Yi)  [18m, (X)) = T ] 8, (e, Xip)
o eitkn) il i
(n—k)!
s—— 2 10000 Yi)| [, 6. X0) = 8y, (e, X))
o eltkn)
(n—k)!
= ! > Czsrﬁ;fd(x,xe(x))ﬁl lo® (¥, ..., Y5
o eltk,n)
(n—k)!
s—— Y Gosheh oY,V
o elkn)
(n—k)! 1
s—— ¥ = Coshiel o (i, V)
nbieigm M j=1
(n—k)! 12
= Z - Z W] T
nt g o1

where for 1 < j <n,
W= Cashzeh | (vy,..., Y3,

and we can write

E[W;r] = Cos2eD E[|o@ (Yy,..., Y0 ]
= Cos2 P E[E[™(Yy,..., YR X =x]],

which means thatfor2<v<gq:

A%
sup E[W;;r]" = sup (Cashieh! | E[E [0 (Vs,..., Vi) 1X=x]]" (5.6.9)
xESfx xesg/,
< (czs‘f,ieﬁl)v A&y (5.6.10)
1 v/2
=C; (—Sm Ogm) MgV (5.6.11)

< CZAV/CI (E,)V/aVI2 (g Y1VI2 p\:’/q (s)V 1

< s,

The passage from (5.6.9) to (5.6.10) is possible by the use of the Jensen’s inequality for the
concave function z¢, for 0 < a < 1, while (5.6.11) is by condition (C.5). Then for v =2

sup[E[Wj,T]v < (’:sﬁ,vl_l),
xESifK

where € > 0. Then, an application of classical inequality (see Corollary A.8-(ii) Ferraty and
Vieu [2006b]) with Z; := Wt and a% = sp,, which gives us

Uy = afl In(m)ym™"' = s, In(m)m™",
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and it is clear that u,, — 0 with m by condition (C.2). Consequently, we obtain uniformly on

smlog(m)
sup [uy, (9, % M) — ) (@, Xep0; Mn)| = Ouco (\/ %) : (5.6.12)
xesgf

Now, we get from (5.6.12) that:

k .
xES%.

|E[” (¢, Xo; mn)] — Eldy (@, %; myp)]|

= |ﬂ£ [ug) (P, Xg); M) — ug) (@, x;mp)] | (5.6.13)
< E|[ul (@ Xem; mn) — ul (0, %mp)]]. (5.6.14)

Similar to the bounded case, the transition from (5.6.13) to (5.6.14) is due to Jensen’s inequality
and some properties of the absolute value function. Furthermore, using the fact that for any
constant a, E[a] = a, we can directly conclude that

smlog(m)
sup |Elun (@, Xex); Mn)] — Eltn(@,%mp)]| = Ogco [ || ——— |-
xeSk m

x

For sufficiently large n and large m, we infer that, for some n > 0,

P [ sup |w,(@,x;mp) — 1, (@, Xee0; M)

k
xeS%

smlog(m)
+E[1n (@, X5 Mn)] — Elin (@,%;mp)]| > 1 — =0

(T)
P.Xe

U-statistic is decomposed according to Hoeffding [1948] decomposition, that is

Continue, now, with (5.6.8), by imposing that the kernel function G, (-) is symmetric, the

ull (@, x¢; mp) —E[ulP (@, %¢; mp)]

k k!
: (»)
) Zl (k—P)'u"p (np’k(ng‘f'm"))
p= :

L o
= kul)) (mGx) + X —puﬁ,’” (7,1 (G- (5.6.15)
p=2 :

Let us first start with the linear term. We have

k n
k) (m1,6(G5)) = = 3 111G (X3, Yo,
j=1

From Hoeffding’s projection, we have

1k (Gl ) (6 ) = {E| Gk, (6, Xa, -, X0, (1 Yo, ., Y00) | — EIGU X, 3,01}

= {EIGQ%, XV 10%1, Y1) = (x, y)] ~EIGG, X V1.
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Set
Z(Z.T) = nl,k(Gf&)(Xi,Yi).

We can clearly see that ZE.T) are independent and identically distributed random variables bounded
by Zk)\E,,lqlqclsm with zero mean and

o’ < ()\&,li/qclsm)z.

An application of Bernstein’s inequality yields

[ s log(m)
P| sup ug) (nl,k(Gpr;e)) >1n Sm OB
x€S§K m
d
n smlog(m)
< ZIP( max |ul) (m,k(Gg;e))bm/—m n% )
i=1

1<l;<d,
B (s, log(m))/ m)n? ‘
4NEVICy 5,2 + %)\E,,lq/qclsmr]\/(sm log(m))/m

IA

2d, exp

2
< pom /C[l,

for some positive constant C}, resulting from the fact m < n and log(m) = tlog(n). This implies

that
smlog(m)
s gy [Pulce )

1 T
ud (kGG

Z[P(sup

nzl | xeSk.

—_n2/C!
Szna Tn/C4<OO.
n=1

[ smlog(m)
sup ugzl) (nl,k(Gng:gig))‘ =O0a.co Im 08 .
xesgg m

Moving to the nonlinear term, we want to prove that for 2 < p < k:

Consequently, we get :

uﬁ,p) (np,kG(T) )

k
( p ) \/m P,Xp(x)
sup = Oa_co(l)y

xesk. Vv Smlog(m)

which implies that, for 1 <i < k and € = (¢4, ...,0):
ugf) (np,ka )

k
( p ) \/m ©,X¢(x)
max = Oa.co (1).

1=<¢;<d, smlog(m)
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To prove the above-mentioned equation, we need to apply Proposition 1 of Arcones [1995] (see

Lemma 5.6.0.2). We can see that Gpr;(g is bounded by Clsm)\é,l{q, hence for n> 0 we have
k k!
/ : (p)
P (nl 2 ZZ u, (np,k(GfE_;e))
p:

S smlog(m)

(k—p)! W
k k! 1
_ : (p) (T —~1/2 Smlog(m)
= Pl L a (0G| > om0

k k! 1
_ : » T [ Smlog(m)
- pZ::z (k—p)! Un (Hp’k(G‘P'Xf)) > o m ) ’

[ $ml
where gy = % Now for £ =1 M, Lemma 5.6.0.2 gives us :
n m
[sml
P ( > €0 smlog(m) )
m

- t(n_l)l/z
= oo _2k+2kk+1)\al/‘fc
n 1Sm

N/ smlog(m)/ m(n— 1)”2)

2k+2kk“)\§}/"clsm

nv/log(m)/ m(n - 1)”2)
2k+2kk+l)\€,l,/qcl 5 )
By the fact that m < n and log(m) = tlog(n), it follows that there exists 1> 0 in such a way that

m

C6 — C’/2k+2kk+1A€il/qC1 /Sm,

with C” > 0. Therefore, for eacheg >0,1<i<kand €= ({1,...,0)) :

k k!
(2] T
! (), (GYx,))

p=2 (k_ p)!

< 2exp

< 2exp

k

k
2 ( p )uglw RCHS)

p=2

where

£k sy log(m)
P\ sup Z( )uff)(np,k(GEE,g)) > g | o
xeSk. [p=2 p m
k k 1
(») (T) Smlog(m)
< d”llneizgénp(;z( » Uy (“p,k(ch,xe)) >go\/¥
< n—k(T/ZCG).

Consequently, we have

- smlog(m)\)
\/ m

< Z n® 2% 0 as n—0.

o )
(£ ot

n=1
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Remainder Part

We now consider the remainder part, which is the U-process u(R) (¢p,x, my) related on the un-

bounded kernel given by :
R) _
Gy x(X,y) = G(p,x(x,y)]l{(p(y»)\a“q}

We have establish that the process is negligible, meaning that

G Y

xesk. VSm log(m)

Observe that for x,ye & k

= 04.co(1). (5.6.16)

|Gox| = |[@38mxy)|
<Cism|oy)| =:F(y).

Taking into account that Fis symmetric, we have:

(G(R) )

g ) is a U-statistic based on the U- kernel F1 g,
fo>Ag, '}

k
ugq ) (F]l{F )\Ellq})

where u(k) (F(y)]l

{py)>AE,
il
sup ol ) 2O (B, (5.6.17)
xesk. smlog(m) men ! ( > })
< CrgnulP (F1 o)), (5.6.18)
and
k) [~®)
o M‘IE( (G ))! <Gt E ( ® (F]l{ mm“%))
xesk. vV Smlog(m) ¢
Tl+qg
< GAE(F 91, vy )
Therefore, as m — oo when n — oo, we have
(k) (R)
sup M‘E( (G ))‘ =o(1). (5.6.19)
xesk. v/ Smlog(m)
Hence to achieve the proof, it remains to establish that :
(k) -1 -1/2
P (F1L et ) = Oaco ((5m&n) ™ )- (5.6.20)
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An application of the Chebyshev’s inequality, for any n > 0, gives
(k) () -1z \-1/2
P{ u! (P]l {tp(Y)>)\§n/q}) [E(u (F]l {(p(Y)>7\EUq}))) > 1(s;1Ep) }
-2, -1 05) 2 2
< (s EnVar ( (F]l cp(Y)>Az“"})) = kn "ok (F 1{@(Y)>Aa“")

k 2 . 1
A q 2 / 3
N (&) E(F°1, (0> Aa”"}) e (F ]l{wmw“"}) n2’

so by using the fact that
~ 1
! 3
n [E(F ]l{cp(y)>7\ﬁl/q}) Zlﬁ <00,

we deduce that

> el

n=1

( {cp(y)>Az““}) [E(”%k)(ﬁ{tp(y)>>\éi/"}))’ n0mén)- 1/2} 0

Finally, note that (5.6.17) implies

[E(usik) (F]l{(p(y)»a“"})) (( mén) 1/2)'

The preceding results of the arbitrary choice of A > 0 gives that (5.6.20) holds, which, by com-
bining with (5.6.19) and (5.6.17), completes the proof of (5.6.16). We finally obtain

[ smlog(m)
sup |un((P»X; my) — [E(un((P;Xy mn))| =Ou.co i .
xesgr m

Hence the proof is complete.

Proof of Theorem 5.3.1.3

The conclusion of Theorem 5.3.1.3 can be obtained from the results of Theorem 5.3.1.1 and
Theorem 5.3.1.2. We have

xm) ~E (70 (0, x5 m,))

Un (@, %5 my)  E(1n(@,xmp))

up(1,x;my)  E(up(1,x5mpy))

|ttn (9, % mp) — E (tn (9, % my))|
lun(1,x;my)|

|E (tn(p,x mp))| - 1un(1,%;mp) — E (un(1,x; mp))|

lun(1,x;my)| - |E(u,(1,x; my))|
=: fl + fg.

IA
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Notice that, given the imposed hypothesis and previously obtained results, and for some ¢y, ¢z,

we obtain:
sup lu,(1,x,my)| = ¢ a.co,
x€S§K
Sup |[E(Un(1,x, mn))l = CZ,
xeS;i‘,
sup|[E(un(Lp,x,mn))| = O().

X€Sy,
Hence now, depending on whether the function ¢(-) is bounded or unbounded, we can apply

Theorem 5.3.1.1 or Theorem 5.3.1.2 (respectively) to handle both .#; and .%,, and get for some
¢’ > 0 with probability 1 :

Vi (7P @, % m) ) - E (70 (o3 ma )|
sup
xeslgg \/Sng(m)
M + sup M

< sup
xesk. vV Sm10g(m)  xesk \/smlog(m)
< .
Hence the proof is complete. U

Proof of Theorem 5.3.1.4

Lety>0and xe Sg/,. We have

E|7 Elun(p,x, my)
E (73 m )= () = E[[uZ(l X m:)]] - ().
Notice that
T [5(k) 1 B
[E(rn ((PyX,mn)) = mﬂz (p(Yl”Yk)JI:IISmn(xjrxj)
_ 1 [ w i
~ EBnxX)] fggkr (@, 08, (%, t) f (O u(d),

where for t= (t1,..., tx) we denote p(dt) := p(dt;)---p(dty), and

~ k
fo=T]fap.
j=1
‘Which means that

E(?,&’“ (P,X; mn)) —r® (¢,%)

= ; (k) ~ W f _
T EBnxX)] Uwr (@08, 0 FOREAD O @) | 8mx 0 fORED
1 ~
= m (f%k (r(k) (p, ) — o ((P’X))ﬁm(x,t)f(t)p(dt))
m\y

= [®+Lx),
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where
1 -

I (x)::—f r® @, 0) = r® (@, x)|8,,x, 0 FOpEL), 5.6.21

1 16, X)) [B(X,Y)( ¢ ¢ ) mX,t) f(Ou ( )
and

LxX):=— f (r(k) (@, t) —r® ((p,x))ﬁm(x, t) f(Op(de). (5.6.22)

E[8,,(x,X)] Bx,y)
Therefore, we need to study the asymptotic behavior of both sup (I; (x)) and sup (I>(x)) to get
xeS"‘% xesgg

the desired result.
Let us start with the term sup (I; (x)), we have
xt—:Sf%
sup | (x)|
xES%
1
E[8,,(x,X)]

1
E[8,(x,X)]

= sup

k
XESFX

f (r(m (@, t) - r® ((p,x)) Smx,t)f (t)u(dt)’
Bx,y)

sup r® @, 1) - r® ((p,x)) S, t)f(t)‘ u(dv),

xesk JBEY) ‘(

taking into account the fact that the density function f(-) is bounded, and by condition (C.9),

we get:
sup [I; X)|
xesgy
Cs f Csd(X, 08 (x, (D)
—  su X, X,
B8, X)] gk Joxy) e EE
c/C
=Y up 8m(x O(dD), (5.6.23)

E[8,(x,X)] xesh JBOY)

hence the term in (5.6.23) can be chosen smaller than 2e as m — oo by using the condition

(5.2.6).
To investigate the term sup (I»(x)), notice that
XESZ"
sup | (x)|
XESEK
1 -
— (k) (k)
= sup |———o— r (@, ) = (@,x) |6, x,t) f(Ou(d)
vest | EB(X] fﬂm,w( ? ®20)8nx, 0O

CrCs dx, 08,,(x, O u(do) (5.6.24)
— _su X, X, . .6.
E[ﬁm(X,X)]Xesz B mi% VR

By condition (5.2.9), we conclude that

sup [lL(x)| —0 as m — oo.
xeSlg%

This concludes the proof of the Theorem. U
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Proof of Theorem 5.3.2.1

Following the same steps as the proof of Theorem 5.3.1.4, we can write directly :

E(?,(lk) (@, X; mn)) — k) (p,x)
1

= m (f%k (r(k) (p, ) — ) (q),x)) 6, (x, t)f(t)p(dt)) )

Taking into account conditions (C.8), we can easily deduce that

1

S EB X))

k
xES%

( f%k (r(m (@, ) — r® (@,x)) SnxOf (t)u(dt))‘

< sup [ (X |+ LX),
XES?K

where I; (x) and I,(x) are defined in (5.6.21) and (5.6.22) respectively. Now equation (5.6.23)
gives us

sup |I; X)|

k
xeS%

Cr
———— Su C3d(x,1)8,,(x,t) u(dt)
E[ﬁm(x,X)]xesz BXx,Y) ’ m H
CngDm
E (8 (x,X)]

ODn),

sup f 6, (x, t)u(de)
B(x,Y)

k
XES%

IA

by conditions (C.8) and (C.1). On the other hand, equation (5.6.24) gives us :

sup |Ix(x)]

xeSk,

CrCs
E8,x,X)]
CrC3Dyy
E8/,x,X)]

ODm),

sup f dx,t)0,,(x,tu(dt)
Bx,y)

k
xeS&,

sup f 6, (x, t)pu(de)
Bx,y)

k
x€S%

IA

by condition (C.8). This completes the proof of the theorem. U

Appendix

Lemma 5.6.0.1 (Theorem A. page 201 Serfling [1980]) Let f denote a symmetric Z *-valued

Sfunction fullfilling ||f||Oo <g,
Ef Xy,...,Xx) =6,
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and
o’ =Var (f Xi,...,Xx)),

then for t >0 and n = k, we infer :

(n/k] }

202—§ct

P{ngk)(f)—el > I}Sexp{—

Lemma 5.6.0.2 (Proposition.1Arcones [1995]) IfG:S¥ — R is a measurable symmetric func-
tion with |Glleo = b then

P{nl/Z

Definition 5.6.0.3 A symmetric and P™-integrable kernel f : Z* — R is P-degenerate of order
r—1, notationally f € L} (PX), if and only if

N . t(n—l)l/z
=t \Zexp —W .

ol Bl IELCHES

j=2

ff(xl,...,xk)dﬂl’k"“(xr,---,xm)=ff dp*

holds for any xi,...,x,-1 € ¥, and

(X1,...,xr)'—’ff(XD...,JCk)dI]:Dk_r(xr+1,...,xm)

is not a constant function.
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Chapter 6

Conclusions and perspectives

6.1 Concluding remarks : Chapter 3

In Chapter 3, we have considered the problem of the nonparametric estimation of the condi-
tional U-statistics when the covariates take values in some abstract space. We have introduced
the k-NN estimator of the conditional U-statistics. More precisely, we have considered a sta-
tistical procedure combining the local adaptivity and the easiness of implementation of k-NN
estimates together with the conditional U-statistics flexibility in the regression problems involv-
ing the functional data. There are basically no restrictions on the choice of the kernel function
in our setup, apart from satisfying some mild conditions. The selection of the NN, however, is
more problematic. It is worth noticing that the choice of the NN is crucial to obtain a good rate
of consistency; for example, it has a big influence on the size of the estimate’s bias. In general,
we are interested in the selection of NN that produces an estimator which has a good balance
between the bias and the variance of the considered estimators. It is then more appropriate to
consider the NN varying according to the criteria applied and to the available data and loca-
tion, which cannot be achieved by using the classical methods. The interested reader may refer
to Mason [2012] for more details and discussion on a similar subject for the selection of the
bandwidth parameter in the finite-dimensional kernel estimation. The UINN consistency result
given in Corollary 3.4.2.5 shows that any choice of k between k; , and k; , ensures the con-
sistency of ?Z(m) (p,th,, , (). Namely, the fluctuation of k in some chosen set does not affect
the consistency of the nonparametric estimator ?Z(m) (p,t;h,, (0). In our future study, we will
investigate the weak convergence of ?;lk(m) (@, thy, (). A future research direction would be
to establish some asymptotic properties of ?Z(m) (p,t;h,, (1) as such investigated in this work
in the setting of serially dependent observations, which requires nontrivial mathematics, this
would go well beyond the scope of the present chapter, one can refer to Arcones and Yu [1994]
and Bouzebda and Nemouchi [2019].
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6.2 Concluding remarks : Chapter 4

In Chapter 4, we deal with a quite general nonparametric statistical curve estimation setting,
including the Stute estimator as a particular case. The class of “delta sequence estimators”™ is
defined and treated here. This class also includes the orthogonal series and histogram methods.
To obtain our results, we need assumptions requiring some regularity on the conditional U-
statistics and conditional moments. In particular, the conditional moment assumption permits
to consider the unbounded setting. To stress the importance of this study, we have presented
some potential applications, including discrimination problems, metric learning, and multipar-
tite ranking. Extending non-parametric functional ideas to general dependence structure is a
rather underdeveloped field. Note that the ergodic framework avoids the widely used strong
mixing condition and its variants to measure the dependency and the very involved probabilis-
tic calculations that it implies. It would be interesting to extend our work to the case of the
functional ergodic data Bouzebda er al. [2015, 2022a], Bouzebda and Didi [2017a,b, 2021,
2022] and Bouzebda and Chaouch [2022a] which requires non-trivial mathematics, this would
go well beyond the scope of the present work. Another research direction is to consider the
projection pursuit regression and projection pursuit conditional distribution, which need an ex-
tension and generalization of the methods used in the present work. If we assume that the
regression function rk (¢, ) is smooth enough that is differentiable at a fixed to, it will be better
to use the local polynomial regression techniques, refer to Fan and Gijbels [1996], to obtain a
more appropriate estimate at ty than that given by the Nadaraya-Watson type estimator. We will
not treat the uniform consistency of such estimators in the present paper and leave it for future

investigation.

6.3 Concluding remarks : Chapter 5

In Chapter 5, the conditional U-statistics regression operator estimation methods for random
elements taking values in an infinite-dimensional separable Banach space are generalized to the
delta-sequences techniques. The space of continuous functions on the interval (0,1) with the
supremum norm illustrates a separable Banach space. Notably, the method of delta-sequences
unifies the kernel method of the probability density function estimation, the histogram method,
and a few other methods, including the method of orthogonal series for appropriate choices
of orthonormal bases in the one-dimensional and finite-dimensional cases. We have obtained
strong uniform consistency results in abstract settings under some conditions on the model.
The general framework that we consider extends the existing methods to higher-order statistics;
this has a significant impact both from a theoretical and practical point of view. In a future
investigation, considering the limiting law of the conditional U-statistics regression estimators
based on the delta sequence will be of interest. A natural extension of the present investiga-
tion is to consider the serial-dependent setting such as the mixing (see Bouzebda and Soukarieh
[2022a,b], Bouzebda and Nemouchi [2022], Bouzebda er al. [2022b]) or the ergodic processes
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(see Bouzebda and Chaouch [2022b], Didi and Bouzebda [2022]. In a future investigation of the
functional delta sequence local linear approach estimators, it will be natural to think about the
possibility of obtaining an alternative estimator that benefits from the advantages of both meth-
ods, the local linear method and the delta sequence approach. This is because both methods have
their own distinct advantages. Many methods have been developed and established to construct,
in asymptotically optimal ways, bandwidth selection rules for nonparametric kernel estimators,
particularly for the Nadaraya-Watson regression estimator. We quote several of these methods,
including Rachdi and Vieu [2007], Bouzebda er al. [2022c], Bouzebda and Nezzal [2022]. This
parameter needs to have an appropriate value chosen for it to ensure that satisfactory practical
performances are achieved, either in the typical situation of finite dimensions or in the frame-
work of infinite dimensions. On the other hand, to the best of our knowledge, no such studies
are currently conducted to treat generic functional conditional U-statistics. This exemplifies a
potential new avenue for research in the future.
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