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Abstract. We study the estimation, in I ,-norm, of density functions defined on [0, 114. We construct a new family of kernel
density estimators that do not suffer from the so-called boundary bias problem and we propose a data-driven procedure based on
the Goldenshluger and Lepski approach that jointly selects a kernel and a bandwidth. We derive two estimators that satisfy oracle-
type inequalities. They are also proved to be adaptive over a scale of anisotropic or isotropic Sobolev—Slobodetskii classes (which
are particular cases of Besov or Sobolev classical classes). The main interest of the isotropic procedure is to obtain adaptive results
without any restriction on the smoothness parameter.

Résumé. Nous étudions 1’estimation, en norme LL p» d’une densité de probabilté définie sur [0, l]d. Nous construisons une nouvelle
famille d’estimateurs a noyaux qui ne sont pas biaisés au bord du domaine de définition et nous proposons une procédure de
sélection simultanée d’un noyau et d’une fenétre de lissage en adaptant la méthode développée par Goldenshluger et Lepski. Deux
estimateurs différents, déduits de cette procédure générale, sont proposés et des inégalités oracles sont établies pour chacun d’eux.
Ces inégalités permettent de prouver que les-dits estimateurs sont adaptatifs par rapport a des familles de classes de Sobolev—
Slobodetskii anisotropes ou isotropes. Dans cette derniére situation aucune borne supérieure sur le parametre de régularité n’est
imposée.

MSC: 62G05; 62G20

Keywords: Multivariate kernel density estimation; Bounded data; Boundary bias; Adaptive estimation; Oracle inequality; Sobolev—Slobodetskii
classes

1. Introduction

In this paper we study the classical problem of the estimation of a density function f : A; — R where Ay = [0, 174,
We observe n independent and iQentically distributed random variables X1, ..., X,, with density f. In th~is context, an
estimator is a measurable map f : A7 — IL,(Ag) where p > 1 is a fixed parameter. The accuracy of f is measured
using the risk:

RV, £y = (B~ F15)1,

where ¢ is also a fixed parameter greater than or equal to 1 and E’} denotes the expectation with respect to the
probability measure P’} of the observations. Moreover the L. ,-norm of a function g : Ay — R is defined by

1/p
||g||p=(/ !gmy”dr) .
Ag
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We are interested in finding data-driven procedures that achieve the minimax rate of convergence over Sobolev-
type functional classes that map A, onto R. The density estimation problem is widely studied and we refer the reader
to Devroye and Gyorfi [15] and Silverman [38] for a broadly picture of this domain of statistics. One of the most
popular ways to estimate a density function is to use kernel density estimates introduced by Rosenblatt [34] and
Parzen [32]. Given a kernel K (that is a function K : RY — R such that fRd K (x)dx = 1) and a bandwidth vector
h=(hy,...,hg),such an estimator writes:

n

~ 1 t—X;
fhm—m;K(—h ) reAd, )

where V), = ]_[fl:1 h; and u /v stands for the coordinate-wise division of the vectors u and v.

It is commonly admitted that bandwidth selection is the main point to estimate accurately the density function
f and a lot of popular selection procedures are proposed in the literature. Among others let us point out the cross
validation (see Bowman [10], Rudemo [36], Chiu [13]) as well as the procedure developed by Goldenshluger and
Lepski in a series of papers in the last few years (see Goldenshluger and Lepski [17-19], for instance) and fruitfully
applied in various contexts.

Dealing with bounded data, the so-called boundary bias problem has also to be taken into account. Indeed, classical
kernels suffer from a severe bias term when the underlying density function does not vanish near the boundary of their
support. To overcome this drawback, several procedures have been developed: Schuster [37], Silverman [38] and Cline
and Hart [14] studied the reflection of the data near the boundary as well as Marron and Ruppert [28] who proposed a
previous transformation of the data. Miiller [29], Lejeune and Sarda [24], Jones [21], Miiller and Stadtmiiller [30] and
Botev, Grotowski and Kroese [7] proposed to construct kernels which take into account the shape of the support of the
density. In the same spirit, Chen [12] studied a new class of kernels constructed using a reparametrization of the family
of Beta distributions. For these methods, practical choices of bandwidth or cross-validation selection procedures have
generally been proposed. Nevertheless few papers study the theoretical properties of bandwidth selection procedures in
this context. Among others, we point out Bouezmarni and Rombouts [8] — who study the behavior of Beta kernels with
a cross validation selection procedure in a multivariate setting in the specific case of a twice differentiable density.
Bertin and Klutchnikoff [6] study a selection rule based on the Lepski’s method (see Lepski [25]) in conjunction
with Beta kernels in a univariate setting and prove that the associated estimator is adaptive over Holder classes of
smoothness smaller than or equal to two. In this paper, we aim at constructing estimation procedures that address
both problems (boundary bias and bandwidth selection) simultaneously and with optimal adaptive properties in L,
norm (p > 1) over a large scale of function classes. To tackle the boundary bias problem, we construct a family of
kernel estimators based on new asymmetric kernels whose shape adapts to the position of the estimation point in
Ay4. We propose two different data-driven procedures based on the Goldenshluger and Lepski approach that satisfy
oracle-type inequalities (see Theorems 1 and 3). The first procedure, based on a fixed kernel, consists in selecting a
bandwidth vector. Theorem 2 proves that the resulting estimator is adaptive over anisotropic Sobolev—Slobodetskii
classes with smoothness parameters (sg, ..., sq) € (O, oo)d smaller than the order of the kernel and with the optimal
rate n=%/ D with 5 = (Zle 1/5;)~!. The second procedure jointly selects a kernel (and its order) and a univariate
bandwidth. Such selection procedures have been used only in the context of exact asymptotics in pointwise and sup-
norm risks, and for very restrictive function classes. Theorem 4 states that this procedure is adaptive over isotropic
Sobolev—Slobodetskii classes without any restriction on the smoothness parameter s > 0 and achieves the optimal
rate n /254 These function classes are quite large and correspond to a special case of usual Besov classes (see
Triebel [40]). Note also that the same results can be obtained over anisotropic Holder classes with the same rates
of convergence. Such adaptive results without restrictions on the smoothness of the function to be estimated and
with the optimal rates n =2/ or p=5/(5+1D have been established only for ellipsoid function classes as in Asin
and Johannes [1], among others. For bounded data, we also mention Rousseau [35] or Autin et al. [2] that construct
adaptive estimators based on Bayesian mixtures of Beta and wavelets respectively but with an extra logarithmic term
factor in the rate of convergence. Additionally note also that Beta kernel density estimators are minimax only for small
smoothness (see Bertin and Klutchnikoff [5]) and consequently neither allow us to obtain such adaptive results.

The rest of the paper is organized as follows. In Section 2, we detail the effect of the boundary bias and we propose
a new family of estimators that do not suffer from this drawback. We construct in Section 3 our two main statistical
procedures. The main results of the paper are stated in Section 4 whereas their proofs are postponed to Section 5.
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2. On the boundary bias problem

2.1. Weakness of convolution kernel estimators

In this section we focus on the so-called boundary bias problem that arises when classical convolution kernels are

used. To illustrate our point and for the sake of simplicity we assume that d = 1 and p = g > 2. In what follows we
consider the estimators defined in (1):

~ 1 < r—X;
H=—)Y K LY, teAy,
Su(@®) nh; ( Y > €A

where 0 < h < 1 is a bandwidth and the kernel K : R — R is such that:

0

Supp(K) € [—1,1] and /K(u)du:]—y,
1

with 0 < y < 1. In this context, the following lemma — which is straightforward — proves that these estimators suffer
from an asymptotic pointwise bias at the endpoint 0 as soon as f(0) # 0.

Lemma 1. Assume that f is continuous at 0. Then, we have E’;ﬁ,(O) h—0> (1 —=y)f(0).

However this problem is not specific to the endpoint and generalizes to a whole neighborhood of this point. The
simplest situation that allows one to understand this phenomenon is to consider the estimation of the function fy =
I0,1) where, here and after, I, ) stands for the indicator function of the interval (a, b). In this case, under a more
restrictive assumption on the kernel, the integrated bias can be bounded from below by 4!'/7 up to a multiplicative
factor. More precisely we can state the following result:

Proposition 1. Assume that K is a kernel such that Supp(K) C [—1, 1] and assume that there exist 0 < § < 1 and
0 <y < 1 that satisfy

a
/ Kw)ydu<1—y forany0<a <3.
-1

Then, forany 0 < h < (1 + 8)~1 we have:
[E%, (o = foll, = (877 y)nt/r.

As a consequence of this proposition we can state the following lower bound on the rate of convergence of the classical
convolution kernel estimators over a very large family of functional classes.

Proposition 2. Let p > 2. Let ¥ be a functional class such that fo € X. Assume that K € Lo([—1, 1]). Under the
assumptions of Proposition 1, we have:

liminf inf #nY@t? qup RPP 7 =0
n—0 he(0,1/4) feIZ)J n (fn> )

Now, let us comment these two results. First, remark that the assumptions made on the kernel are not very restrictive
since any continuous symmetric kernel K such that K (0) > 0 can be considered. Next, in view of Theorem 4 stated
below, Proposition 2 proves that the convolution kernel estimators are not optimal. In particular, they do not achieve
the minimax rate of convergence over usual Holder classes with smoothness parameter s > 1/p (see Definition 2
as well as Remark 3 for more details). This result is mainly explained by Proposition 1 since, in this situation, the
integrated bias term is greater than hY/P which is larger (in order) than the expected term /* (see Proposition 3 below).
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2.2. Boundary kernel estimators

The main drawback of classical convolution kernels can be explained as follows: they look outside the support of the
function to be estimated. As a consequence, fj is seen as a discontinuous function that maps R to R. This leads to a
severe bias and explains why “boundary kernels” found in the literature have all their mass inside the support of the
target function. Indeed, in this situation fy is seen as a function that maps A to R which is a very smooth function.
This allows the bias term to be small (see Proposition 3 below)

In last decades, several papers proposed different constructions of kernels that can take into account the boundary
problem. Let us point out that, among others, Miiller and Stadtmiiller [30] and Chen [12] constructed specific kernels
whose shape adapts to the localization of the estimating point in a continuous way. Even if this continuously deforming
seems to be an attractive property there are still some drawbacks to using such approaches. On the one hand, the beta
kernels cannot be used to estimate smooth functions (see Bertin and Klutchnikoff [5]). On the other hand, the kernels
proposed by Miiller and Stadtmiiller [30] are solutions of a continuous least square problem for each estimating point.
In practice the kernels are computed using discretizations of the variational problems. This can be computationally
intensive. Moreover, to our knowledge, there are no theoretical guarantees regarding bandwidth selection procedures
in this context.

In this paper, we propose a simple and tractable way to construct boundary kernels that intends to solve the afore-
mentioned problems. The main advantage of our construction lies in the fact that the resulting estimators are easy to
compute and that the mathematical analysis of the adaptive procedure is made possible even in the anisotropic case.

To construct our kernels we first define the following set of univariate bounded kernels whose support is included
into Aj:

W:{W:R—>R: sup |[W(u)| < +oo, W(u) =0foru ¢ Ay, W(u)du:l}.
UEA] Aj

In the following, we will say that W € W is a kernel of order m if

Wwu" du=0, r=1,2,...,m. 2
Ay

Then, for any bandwidth i € (0, 1/ 2)" and any sequence of kernels W = (Wy, ..., Wy) € W we define the following
density estimator:

. 1 &
fW,h(l)ZEZ/CW,h(I,X,/), te Ay,
=1

where, for t € A, the “boundary” kernel Cy (¢, -) is defined by:
d

1 i —Xi
icw,h(t,x>=]"[<ﬁwi(o(ti)’ — ))

. 1 2
i=1

for any x € Ay. Here o () = 2I(1,2,1)(-) — 1.

Remark 1. Note that, along each coordinate, the kernel W; is simply flipped according to the position of #; with
respect to the closest boundary. Similar constructions can be found in the literature. For example Korostelev and
Nussbaum [22] and Bertin [3] proposed to decompose A into three different pieces — that depend on the bandwidth
h — as follows: Ay = (0,h) U[h,1 —h]U (1 — h, 1). Specific kernels are used for the boundaries while classical
kernels are used on [4, 1 — h]. However, to our best knowledge, similar constructions in a multivariate framework do
not allow to obtain adaptive results in the anisotropic case.
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2.3. Bias over some functional classes

In this paper we focus on minimax rates of convergence over Sobolev—Slobodetskii classes. We recall their definitions
in Definitions 1 and 2 (see also Opic and Rdkosnik [31], Simon [39], Triebel [40]).

In the following, for f : Ay — Randanyi =1,...,d and k € N, we denote by Df f the kth-order partial derivative
of f with respect to the variable x;. For any a € N?, we denote by D® f the mixed partial derivatives

alal ¢
DUf = ———,
f axyt -y

where |a| = a1 + - - - + 4. Finally, for any positive number u, we denote by |u | the largest integer strictly smaller
than u.

Definition 1. Set s = (s1,...,54) € (0, +00)¢ and L > 0. A function f : Ay — R, belongs to the anisotropic
Sobolev—-Slobodetskii ball S, (s, L) if:

o f belongstoL,(Ag).
e Foranyi=1,...,d, DiLsiJf exists and belongs to L, (Ay).
e The following property holds:

d

Zli(DiLsiJf) <L,

i=1

where

|g(x)_g(xl7"'ax.7]5gax' 15"'axd)|p l/p
Ii(g) = ( / f s dxdg) .
Ag J A |.Xi—§| plsi !

Definition 2. Set s > 0 and L > 0. A function f : Ay — R, belongs to the isotropic Sobolev—Slobodetskii ball
Sy, p (L) if the following properties hold:

e for any o € N¢, such that |a| < |s], the mixed partial derivatives D® f exist and belong to L p(Ag).
o the Gagliardo semi-norm | f[;, , is bounded by L where

D f(y) = D f ()| v
lfls,p=< 2 S dxdy) ’

le|=]s] Arzi ”y_x”2

where | - |2 denotes the euclidian norm of RY.

These classes include several classical classes of functions. Indeed, in the isotropic case, when s > 0 is not an
integer, then Ss, p(L) corresponds to the usual Besov ball B;',y p(L) (see Triebel [40]). Note that both definitions are
the same when d = 1.

The following proposition illustrates the good properties in terms of bias of our boundary kernel estimators. It can
be obtained following Propositions 4 and proof of Proposition 5 given in Section 5.

Proposition 3. Let s >0 and L > 0. Let h € (0, 1/2)¢ and W € W such that for all i € {1, ...,d} W; is of order
Ls|. Then we have:

sup | E% fwn — £, < Cillhls,
fe€8sp(L)

where C1 is a positive constant that depends only on W, p, s and L.
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Lets € (0,00)% and L > 0. Let h € (0, 1/2)% and W € W such that for alli € {1, ...,d} W; is of order |s; . Then
we have:

d
sup  |E%fwn— f| <Gy AT,
feSs.p(L)H riwan =11, 2,; ’

where C, is a positive constant that depends only on W, p, s and L.

As we will see in Section 4, our boundary kernel estimators and Goldenshluger Lepski selection procedures based
on them have also good properties in terms in minimax and adaptive rate of convergence over these classes.

3. Statistical procedures

We defined in Section 2.2 a large family of kernels estimators that are well-adapted to the estimation of bounded data.
Two subfamilies of estimators designed for the estimation of isotropic or anisotropic functions are now considered in
Sections 3.2 and 3.3 and a unique data-driven procedure is proposed in Section 3.4.

3.1. Family of bandwidth and kernels

We define the set of bandwidth vectors

Hy={h=(h1,....,ha) € (0,h}]9 :nV} > (logn)“}

with ¢ > 0, i = exp(—+/Togn) and V;, =[], h;.
The family of bandwidth #,, includes in particular for n large enough all the bandwidths & = (h1, ..., hy) of the

form h; =n~% with 0 <a; < 1 and Z?=1 a; < 1. This family is then rich enough to attain all the optimal rates of
d 1

convergence of the form n=/E+D for (sq,...,54) € (0,00)% and 5 = (Zi=1 E)_l' It is possible to have a weaker

condition on % choosing i, = (log n)~%(P) with a(p) a positive constant that depends on p. For the sake of simplicity,
we choose to use /) = exp(—+/logn) to avoid multiple cases in terms of p.
We consider the family of kernel (w,,)en defined by:

wn (W)=Y ¢ 0)p ), ueA,
r=0

where @ (1) = +/2k + 10x(2u — 1) and Qy is the Legendre Polynomial of degree k on [—1, 1] (see Tsybakov [41]).
The kernels w,, satisfy several properties given in the following lemma.

Lemma 2. Set m € N*. The kernel wy, is of order m, satisfies ||wy, |2 = (m + 1) and

wy; = argmin [|wllz, (€)]
weW(m)

where W(m) C W is the family of kernels of order m. Moreover we have
1w lloe = Om + 12
and
m
wa @)=Y a™u", ueA, 4)
r=0

where a™ = H,;le(()m) where e(()m) =10---0)T eR" and H,, =1/ + j — D)1<i,j<m+1 is the Hilbert matrix of
order m + 1.

Figure 1 represents the kernels w,, for different values of m.
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Fig. 1. Plots of the kernel wy (left) and w5 (right).

3.2. Isotropic family of estimators

For £ € N*, we define:

L1 5)

h(t)=(et,....e7") and m(ﬁ):[l‘;g; ;}

where [b] stands for the integer part of b. We define Liso = {£ € N : h(£) € H,}. For any ¢ € Lis,, we consider
W) = (W), ---» W) € W where the univariate kernel w,, is defined by (4).
We define the family of estimators { f;°° : £ € Ljso} where

~ _
1= fwwo.no-

The family {ESO : £ € Liso} contains kernel density estimators constructed with different kernels and bandwidths.
Selecting ¢ € Liso, or the estimator E‘so in this family consists in fact in selecting jointly and automatically the order
and the bandwidth of the estimator. The main idea that leads to this construction is the following: if we consider
£ ~logn/(2s +d), then h({) ~ n=1/@s+d) and m(£) > s. In other words, the estimator ESO is constructed using a
kernel of order greater than s and the usual bandwidth (that is, of the classical order) used to estimate functions with
smoothness parameter s. The construction of such a class of estimators allows us to obtain adaptive estimators without
any restriction on the smoothness parameter (see Theorem 4). However, arbitrary kernels of order m cannot be used to
prove Theorem 3 since a control of the I ,-norm of the kernels is required. In particular in Lemma 2, we give bounds
on the IL,-norm of w,, and we prove that w,, is the kernel of order /m with the smallest L, norm within the kernels of
W of order m.

Note that simultaneous choice of kernel and bandwidth has already been used in the framework of sharp adaptive
estimation only for pointwise and sup-norm risks. On the one hand, in the Gaussian white noise model, Bertin [4]
and Lepski and Spokoiny [27] assume that the smoothness parameter is less than or equal to 2. On the other hand, in
the density model, Butucea [11] consider the case of a finite grid of integer smoothness parameters s; < --- < sg and
propose an adaptive procedure for the pointwise risk over a scale of classical Sobolev classes. Note that in this paper,
the maximal smoothness parameter sg may tend to infinity as n goes to infinity. To our understanding this possibility
relies on the fact that the kernels are uniformly bounded by a constant that depends only on s;. Studying the risk over
classical Sobolev classes on R allows Butucea [11] to define the kernels on the Fourier domain and to replace the
moment condition (2) by a weaker one (see Tsybakov [41], Section 1.3 for more details).

Our framework is very different. Indeed we consider the estimation in L, risks of densities with compact support
that belongs to a scale of Sobolev—Slobodetskii classes indexed by a smoothness parameter s € R.. To do so we have
to consider the classical moment condition (2) which implies, according to Lemma 2, that the sup-norm of any kernel
of order m tends to infinity with m. This requires more technical control of the stochastic terms to obtain the minimax
rates of convergence without additional logarithmic factor.
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3.3. Anisotropic family of estimators

Let W = (Wp,..., W) € W4 be such that, for any i =1,...,d, W? is a bounded kernel and consider h({) =
(h1(£), ..., hq(£)) defined by:

hi)=e %, i=1,....d,

where € € Lani = {£ € N? : h(€) € H,}. o
We define the anisotropic family of estimators { fi"™ : £ € Lan;} where

% = fwe n-

To make the notation similar to the isotropic case we define W(£) = W°, V¢ € Lyy;. Note that this family of
estimators is more classical than the one constructed in the previous section. All the estimators are defined using the
same kernel W° and depend only on a multivariate bandwidth. Nevertheless, in the following (see Theorem 2), we
will choose a kernel W° = (W?, ..., W;) such that for all i € {1, ...,d} Wl.O is of order M; and a possible candidate
is Wio =wypy; -

3.4. Selection rule

Although the two families differ, the selection procedure is the same in both cases. For the sake of generality, we

introduce the following notation: L is either Ly, or Lis, and ﬁ then denotes fg‘“i or ﬁso. Fore € {0, 1}4, h € H,, and
W e W? we define:

d
g 14¢g
Ad,g=1"[(5’, 2’>, Wi, =

oo

i=1

Lo p/2 1/p
AE(W,h,P)=vVh</ (;E K%V,h(t»xj)> dt)
Ads P
N j—l

and

_d@-p) .
2 W2 ifl <p<2,

~ (©)
Cr(Ae(W, h, p) +2||Wp) if p>2,

Te(W, h, p) = {

where C;; = 14.7p/log p is the best known constant in the Rosenthal inequality (see Johnson et al. [20]). For any
¢, ¢ e L we consider:

! > Te(W@.h0).p) and M,(L.0)=M,(C))+ M,(€ A¥),

ViV eef0,1)4

where £ A £ is the vector with coordinates ¢; A £, = min(¢;, £}). Now, for any 7 > 0 we define:

M, () =

By(0) = max{|| fonr — fully = (14 DM, (€.0)} . @

where x4 = max(x, 0) denotes the positive part of x.
We then select

C=argmin(B,(0) + (1 + )M, (0)),
el

which leads to the final plug-in estimator defined by f: fl;. In what follows we denote by fani and f‘so the resulting
estimators.
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Remark 2. This procedure is inspired by the method developed by Goldenshluger and Lepski. Here B »(£) is linked
with the bias term of the estimator fy, see (27), and Mp(¢) is an empirical version of an upper bound on the stan-

dard deviation of this estimator. In fact, for p < 2, the standard deviation in LL,-norm of f; on Ay is bounded by
_d2=p)
2 2 |W®@)|l2. For p > 2, the bound depends on f (see Lemma 3), that is the reason why we use an empirical ver-

sion of this bound defined in (6). This implies that frealizes a tradeoff between B p(£) and (1 + ‘L')M p(£). This can be
interpreted as an empirical counterpart of the classical tradeoff between the bias and the standard deviation. Note that
as discussed in Lacour and Massart [23] it is also possible to consider in (7) a different constant 7’ satisfying 7’ < 7.

4. Results

In this section we present our results. Theorem 1 consists in an oracle-type inequality which guarantees that the
anisotropic estimation procedure defined above performs almost as well as the best estimator from the collection
{ ea“i : £ € Lyni}. Moreover, Theorem 2 states that this procedure also achieves the minimax rate of convergence
simultaneously over each anisotropic Sobolev—Slobodetskii class in a given scale.

Theorem 1. Assume that f : Ag — R is a density function such that || f|co < Fso. Then there exists a positive
constant K that depends only on Fso, W°, p, q and t, such that, for any n > 2:

A ) . . . 1
RV (P f) < S ggm{ 5 2 = SN, + o VG PO =B P, + i }

Theorem 2. Set M = (M1, ..., My) € N, s e H?:] (0, M; + 1] and L > 0. Assume that W® is such that W is of
order greater than or equal to M;. Then, our estimation procedure ™ is such that:

limsupn 1 sup R,(,p’q)(f\a“i, f) <-+oo.
n—+00 f€Ss p(L)

Moreover, if s = (s1, ..., 54) is such that any s; is not an integer, the following property is satisfied:

liminfn = inf sup RSV (F. f) >0,
n—00 ffeSs p(L)

where the infimum is taken over all possible estimators.

Theorems 3 and 4 are the analogues of Theorems 1 and 2 respectively, transposed to the isotropic estimation procedure.
Note however that the scale of functional classes considered in Theorem 4 is huge since there is no restriction on the
smoothness parameter s > 0, contrary to classical results (including Theorem 2).

Theorem 3. Assume that f : Ag — R is a density function such that || f|lcoc < Fso. Then there exists a positive
constant K, that depends only on Fs, p, q and t, such that, for any n > 2:

Wl pv2 }

(p.q) (Fi
an(flsovf)fﬁz W

inf {max|E" fiso — +
Zeﬁiso{ 0> ” 17 f”/’
Theorem 4. Set s > 0 and L > 0. We have:

limsupn>+  sup R,(lp’q)(f“o, f) <400
n——+00 fegs,p(L)

and, if s is not an integer,

liminfn = inf sup RPD(F, f) >0,
n—00 fre§ ()

where the infimum is taken again over all possible estimators.
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Remark 3. Theorems 2 and 4 are established for scales of Sobolev—Slobodetskii classes. However similar results are
still true if one replaces these classes with classical (an)isotropic Holder classes. Remark also that the lower bounds
are proved for non-integer smoothness parameters. As mentioned above, in this situation, the Sobolev—Slobodetskii
classes correpond to usual Besov spaces.

In Theorems 1 and 3, the right hand sides of the equations can be easily interpreted. In both situations, the term

o~

ani

(n Vh(g))’l/ 2 is of the order of the standard deviation of ﬁ Moreover the terms maxpcz, . ||E’}5 fani _ E'; Sonpllp and
maxg/>g ||E”f fliso _ Sl are linked with the bias of this estimator. More precisely, Proposition 4 and Proposition 5

ensure that these terms have the same behaviour as the bias term ||E'}fg — fll, as soon as f belongs to Sobolev—
Slobodetskii classes.

Finally, to our best knowledge, even in the case of density with support in R, adaptive results in L., without
restriction on the smoothness parameter as in Theorem 4 are not known for either the Sobolev—Slobodetskii classes or
the Holder classes. This is not the case in Theorem 2 where the adaptive result is obtained only for s € ]_[jl= 10, M; +1]
where the M; are the orders of the kernel W°. The main difference between the isotropic case and the anisotropic case
lies in the control of the quantity B, (£) which is linked with the terms ||]Eﬁ/ — EﬁA@/ |, for £" € L. In the isotropic
case, if £/ < £, these terms vanish and it remains to control

max |[Efy — E fonell, <2max |[Efy — f1,. (8)
o> U=t

The study of (8) involves Taylor expansion of f and each estimator ﬁ can be based on a different kernel. In the
anisotropic case, (8) is never more valid and ||E fir —E fyae |l can be eeressed in terms of the difference of f in two
different values (in order to use a Taylor expansion) only when fyy and fy.. are based on the same kernel.

5. Proofs

The proofs of Theorems 1—4 are based on propositions and lemmas which are given below. Before stating these results,
we introduce some notation that are used throughout the rest of the paper. For W = (W1, ..., Wy) € Wi he H,, and
e e {0, l}d, we define the quantity:

d@—p)

277 ||Ws ifl <p<2,

re(W,h, p)= .
Co(Ae(W, b, p) +2[Wlp) if p>2,

where

p/2 1/p
A£<w,h,p>=m(/ (/ K%V,ho,x)f(x)dx) dt) :
Age \JAg

For g: Ay — R and r > 1 we denote

1/r
||g||r,g=(f !g(x)}’dx) :
Ad,a

The process &w j, is defined by

v\ 2 )
§W,h(t)—<7> ;(’Cw,h(t,X,)— f/CW,h(t,X,)), te Ay

Finally, for ¢ € £ we define (using the generic notation for the isotropic and the anisotropic cases):

(W1 (0))? (de))z)

W*(0) =
© (IIWl(ﬁ)Ilz IWa (0113
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Proposition 4 (Anisotropic case). Ser M = (M, ..., Mg) € N. Assume that W° is such that W? is of order greater
than or equal to M;. Set s = (s1,...,84) € H?ZI(O, M;) and L > 0. Then, for any f € S; p(L):

d d
“ am _ || < Zd/pd(l_[(Mi + 1)) Z h (@) ©
i=1

i=1
d d
kmax HE fani -E}f 2‘2}( ” < 21+d/pd<l_[(Mi + 1)>LZ(hi(IZ))S’. (10)
i=1 i=1
Proposition 5 (Isotropic case). Sets > 0 and L > 0. Then for any € € Liso we have:
"‘iso s hZ
sup max”E —fl, =8 W@ Lm©) +,/).

fESv p(L) vz n
where the positive constant 3 depends only on d, p, s and L.
Proposition 6. Set p,q > 1. Assume that f is such that || f|lco < Foo-
e Let £ € Liso. There exists a positive constant R4 that depends only on p, q, T and Fy such that

B} {| fi0 — B fi© |, —a+ DMy} < fan9.
o Let U € Lapi. There exists a positive constant 85 that depends only on p, q, T, W° and F, such that

BV 7 —EL R, — A+ M0 < fsn .

Lemma 3. Assume that f satisfies || f ||co < Foo. For any W € WA r>1and h € H,, we have:
EbEw nllre <Te(W, h, 1) < CollWll2vr,

where Cy is an absolute constant that depends only on r and F.

Lemma 4. Assume that f satisfies || f ||co < Foo. For any W € WA r>1and h € H,, we have:

Cax? (ot (r)) ™!
W3, +xIW],

T
P(MSW,hur,g —E}léwalle = STe(W. 1)+ x) < exp(— ) exp(—Cian (1)),

where C1 and C; are absolute constants that depend only on r, T and Foo,

w2 | T s <2,
" (h)~7 ifr=>2,

and h}; = exp(y/—logn).
We finally state the following lemma that allows us to bound the bias terms which appear in the oracle inequality.

Lemma 5. Let h = (hy,...,hg) and n = (N1, ...,nq) be two bandwidths in H, such that n; € {0, h;}. Set W =
(Wpmys -y why) € W4 and define:
14 1/p

Sy () = < /
Ag0

A(an(u ))[f(t—l—h u)— f(t+n-uwldu| d
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where h - u denotes the coordinate-wise product of the vectors h and u. Assume that f belongs to S (L) and that,

foranyi=1,...,d, the kernel W; is of order greater than or equal to |s;]. Then we have:
d
i () =d (H(Mi + 1)>L > oh
i=1 iel

where  ={i=1,...,d:n; =0}.
5.1. Proof of Proposition 1

We note that:
f B Fa(2) —fo(r)|”dtzf B Fu(r) — 1] dr. (1)
I 0 0
Now we remark that, for any ¢ € (0, §k), we have (r — 1)/ h < —1 which implies that:

B o) = [ Kie = o du
R

t/h
=/ K(u)du
(

t—1)/h

t/h
=/ K(u)du.

-1

Since t/h < § we obtain that in this situation E’}Of//;(t) <1 —y. As aconsequence, for any ¢ € (0, h) we have:

fo) —E} i) = y.

Combining this inequality with (11) we obtain:

Sh
/ B i) = fo)]” dr = f yPdr.
Aq 0

Proposition 1 follows.
5.2. Proof of Proposition 2
Let f € X be a density function and let 2 € (0, 1/4). Using Jensen inequality we obtain for any ¢ € Ay:

E% Fu() — 0|7 <BL| fu) — F0)]".
Integrating over A| we obtain:

|E% Fu = £, < R (Fas - (12)
Now, using the triangular inequality we have:

|7 =37l <150 = fFllp + |E} o= 11,
Using again the triangular inequality we obtain:

E} 5 —Ep Al )" < RED G )+ B} i = £, (13)
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Combining (12) and (13) we obtain:
SRS G 2 [EG o= £, + ® ) 5~ B3 A7)
Fixing f = fo and using Theorem 1 (note that 4 < 1/4 implies that & < (1 + 8)~!) we obtain:
3R (s fo) = (v8"/P)RYP 4 (B || o — B2 | 2)17. (149)
Now, it remains to bound the last term of the right hand side of this inequality. To this aim note that:

1-h
By 15— B Al =B [ 10 - B Aol d

1—h
= =~ 12\p/2
= /] (E% | fu@) — B fu)]7)" dt,
where the last line follows from Jensen inequality. Using that ¢ € (k, 1 — i) and that Supp(K) € [—1, 1] we obtain:

B} fi(t)=1.
This implies that for any ¢ € (h, 1 — h):

E" | fue) —ES fu(o)? ——(EfoKhu—X)—l)

1
= — K21 — - =
nh/ (u) ((),1)(1‘ hu)du "

1 1
_ K du — —
nh (1) du n

Last inequality holds since h < 1/4 < | K ||% /2 (using Cauchy—Schwarz inequality). Finally we obtain:

~ ~ i1/ (1—2m)[K3\"?
(E%”fh_ ?th||§) p2<Tz

”K“Z( h) 1/2 (15)

Last inequality holds since & < 1/4. Now, combining (14) with (15) and minimizing with respect to &, Proposition 2
follows.

5.3. Proof of Proposition 4

We first prove (9). Set W = W° and h = h(£). We have fam = f~w,h and

B fivs— 117 = Z/ (B fuato) - s ds

£€{0,1}4
/Ad,s
/Ad,()

p

Kw.n(t, x) f(x)dx — f(1)
Ag

e€f{0,1}4
p

Kw,n(u, ) fe(y)dy — fe(u)
Ag

(16)

e€f{0,1}4
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where
fe@)=f(..,ui(l—g&) + (1 —upe;, ..).

Line (16) is obtained doing, for each ¢ € {0, l}d, the changes of variables in both integrals, #; = u; (1 —&;) + (1 —u;)&;
andx; = y;(1 —¢&;)+ (1 —y;)e; foralli € {1,...,d}, and using that Kw , (¢, x) = Kw n(u, y). As a consequence

HEr}fW»h - f”i = Z (Sw.n ()",

e€{0,1}4

where

Swar(f) = ( /
N0

Since f €Sy, ,(L) <= f: €Sy, ,(L), we obtain

14 1/p
dt) . (17)

Kwant,x)f(x)dx — f()

Ag

sup B} fwn — £, = 297 sup  Swa(f).
fGSs.p(L) fESs,p(L)

Then Equation (9) follows from Lemma 5 and the fact that Sw ,(f) = S?}V’ h,O( -
Now, let us prove (10). Set h = h(k) and h' = h(k A £) = h(k) v h(£). Similarly to (16) we have:

En s _En r , P
fe;gf“)” T fwn—E% fwan Hp

52" sup /
fESx,p(L) Ad.O

§2d sup /
fESx,p(L) Ad.O

Letn=(n1,...,nq4) be a bandwidth defined by

p
dt

K (6, %) £ (x) dx — /A K e (0, ) () dx
d

Ag

.

=

p
dt.

d

Wi(ui))[f(t+h-u)—f(t+h’-u)]du
1

o ifm <n,
TN n it =n,

‘We have:

su E” fwn—E" fwwl”
feSLE(L)” T fw.n —E% fwn ||p

d P
/ ( Wi(ui))[f(t+H-u)—f(t+n-u)]du dt.
Ay 1

i=

<2d+p sup max/
feSyp(Ly Helh k'Y Jaq o

Using Lemma 5, we obtain:

sup B fw.n — B}

d
P \p <2l+d/p d(l_[(Mi + 1)>L max Hisi,
5, p

i=1

where I = {i : n; =0}. Since H; < h;(€) for any i € I, this allows us to conclude.
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5.4. Proof of Proposition 5

In the same way that the proof of Proposition 4, we obtain:

sup [|E% O f||p§2d/p sup  Swie).ne) ()
fesv p(L) f€Ss p(L)

where Sw ¢y, n)(f) is defined by (17). We introduce the following notation:

k=k(,s)= { e =
m(£) otherwise,
and
B B ifm(€) > [s],
s=cW,s)= {m(g) + 1 otherwise.

Remark that, using this notation the kernel wy,(¢) is of order greater than or equal to k and ¢ < s. Moreover, using
classical embedding theorems (see Di Nezza et al. [16]), there exists a positive constant L that depends only on L, s
and p, such that for ¢ € {2, ..., |s]}, we have Ss,p(L) C Sg,p(I:). For ¢ = s we also denote L=L.

Now, denoting & = h(£) and using a Taylor expansion of f, we obtain:

1/p
Swey.ne) (f) < (kv 1)| W) Hoo( > IO‘) ’

la|=k

where
1
Iazhl’k/ / / |(D* f(t + thu) — D f (1)) |" dv du dt
Ago JAg

1 _o |DYf(t + thu) — DY f(1)|P
it [ [ g furehn) = DO 4 gy ar
AgoJAg JO

d+p(c—k
||'L']’lu||2 p(s—k)

<d("+1’)/2hpg/_/ /|Daf(X) DTOF v arar
Ag0 JAg

llx — d+p(§ k)
<d@4+tP2pppps.
We thus obtain
[}~ £, <[C@. p.o) | W) )in, ()
where
cd, p.s)=(2%a"7) "7 (1s) v 1).
If m(¢) > |s], since L = L and ¢ = s, we deduce from (18) that:
|E e~ fl, =[c@. p.o|w®©|  JLr®)" (19)
Assume now that m(£) < |s]. Then ¢ = m(€) + 1 and (18) writes

[EL 7 = 7, < [C@, p, )| W©) | L JL(r(0)™
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Remark that

(h(0)" " = exp(—£(m(e) + 1))

logn 1
P\~ 20 T2

*
< h_"
YV on

IA

Thus, using Lemma 2, for m(¢) < |s| we obtain:

—~ ~ |h*
HE'}fgSO—fUP§[C(d,p,s)(LsJ+1)3d/2]L o (20)

Combining (19) and (20) we obtain the proposition.
5.5. Proof of Proposition 6

In the following, L is either L, or Liso and ﬁ then denotes /Eni or fgs". Let £ € L. We define

M) (6) =

1
r (W(Z),h(({),p).
V1 Vi se%}d ‘

First, assume that 1 < p <2. In this case M, ({) = Mp (¢), which implies that
> 7z 17 q
EH| /e —E}fel, — A+ DM < A,4(0),
where
Apq@=E{| fo - E’}ﬁﬂp —(+7/2M,0)}.
Next, assume that p > 2. Consider the event
1/2
Dy = { Y lEwewaoly)se < 52’1(th<£>)1/4} Q1)
e€{0,1}4

with § = ﬁ We have

7B} fel, - A+ DM@},
={Ife—E} 7], - 0+ M0}, T,
+{| % - E’}ﬁﬂp — (1 +7/2Mp) + (1 +1/2)M,(8) — (1 + r)A?,,(z)}J@e
<l -E}f], - A +/2M, @0},
+(1+/DMp(OLp +{| fe =B} |, — A+ DMy} 1,
Last inequality is true since M ,(¢) > 0. This implies:
E{|fe =B fe, — A+ M0} <397 (Apg(O) + By g () + Cp g (D),
where

Bpq(&) = (1+1t/2)%(M,(0))"P}(Dy)
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and
Cra@© =E}({| e ~E} fo], — 1+ DM, (0} Ip,).

Control of Ap 4(£). Remark that

> = 1+ 1/2)T (W (L), h(£), p) )¢
Ap,qw)sE';{ O R A IR RA L AULC) <>p>}

£e{0,1)¢ ’ Vi Va +
< 2d(({_1) Z Iq,g,
£e{0,1}4

where

N7 g 7 (1+ 1/ (W), h(0), p) |7
L =Ej{ i~ B} Tl .. - |

1/th(g)

Thus, using Lemma 3 and Lemma 4 with r = p we can write:

+

Vi) Ty.e =B {llEwrno llp.e — A+ 1/2T (W), h(0), p) }©

+00
< Q/O yq_lpr}(HSW(@),h(l)”p,s —(L+1/29T (W), h(0), p) > y)dy
+o00 | T
< 6]/0 NA (llSW(Z),h(Z)IIp,s —EL1Ew@,nlpe > EFS(W(Z), h(0), p) + J’> dy

oo Cay(@n(p) !
e - <_ 2y )d _ 2
< qexp(—Cian(p)) /0 T Twon,, v, ()

Using Lemma 2, Condition (5) on m(£), we have for y > 1

oy’ Cay(Bu(p))”
IW @15, +yIW©I, ~ 2

where 8, (p) = o, (p)(logn + 3/2)4d. Using this bound and doing the change of variable z = (8, (p))_ly in (22) we
obtain that

(nVi))4*Zy e < C(Bu(p))? exp(—Ciran(p)),

where C depends only on C» p and g.
This implies that

Ap )= (’)(n_q).
Control of By 4(£). Here, we consider p > 2.
Let £ € Lani. Since h({) satisfies nVj ) > (logn)©, using Lemma 3, there exists No = No(c, T, Foo, W°) such that
for any n > Ny:
(1+1/2Te(W*(0), h(£), p/2) < 8 (nVie) /2.

Let £ € Lis. Using Lemma 2 and 3, we have

(1+1/2T(W*(), h(£), p/2) < (1 +7/2)Co | W*(£) ||2v%
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||W<z>||4v,,>2

=d ”/m’( WOl

< (1+1/2)Co(m(0) + 1)

logn 3>2d

2w T2

" Jogn'\ 2 3 2d
<2 (1+r/2)Co|:< %) +<2) i|

L 2d
_ n~ 4 logn
<2 1(1 +t/2)C0|:\/th(g)(Te/§> +32d]_ (23)

Since the bandwidth /i (£) satisfies nVj ) > (logn)©, this implies that £ < £,,,x Where

§(1+f/2)Co<

1
Limax = [E(logn - cloglogn):|.

As a consequence

n—ﬁlogn - n_ﬁlogn n_ﬁlogn
te- A ST\ T el /A
1
~ 4 lo ¢ lo
<max( T2 08" (g )i 2B, (24)
e 1/4 Limax

Using nVj,g) > (logn)©, (23) and (24), we deduce that there exists No = No(c, 7, Fo, 8) such that for any n > Ny:
(1 + 7/ (W*(0), h(£), p/2) < 8> (n Vi)' /2.
As a consequence (in both cases £ € L and £ € Li,), we have for n > Ny

PDy< P (Igw+ .m0z e = 82 Vae)'?)

e€{0,1}4
< Z P'}(IISW*(Z),h(e)II%EZ(1+T/2)F5(W*(ﬂ),h(ﬁ)ap/2))
£ef0, 1)
<2%exp{—Cian(p/2)}, (25)

where the last line is a consequence of Lemma 3 and 4. Then, using that nVj,) > (logn), we have

By q(0) < C(logn) ™4/ exp{—Cian(p/2)},

for some positive constant C that depends on 7, F, p and g (and W° in anisotropic case). This leads finally to
By ,(6) = O(n_q).

It remains to upper bound C), 4, (£) for g > 1 and p > 2.
Control of Cp 4(£). Recall that p > 2. Let us remark that

CLIW @Dl

WZE(& 1218

|M,(0) = My (0)] =\ )

eef0,1}4
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where

1/p 1 n p/2 I/p
2
Ze(ﬁ,P)=</ (E'}/CW*(e),h@)(t,Xl))p/ dt) —(f (;ZKW*(@,M@)(LX;)) dt) .
Ad,a Ad,s

j=1

We have

1 n
n > Kwew@ne ¢ X))

|Z(¢, p)| = ‘\/||E’}ICW*<@,;,(@(-, O ‘

Jj=1 p/2.e
< Vi)™ w00 Ol e
This implies that
*
|M,(0) — M, (0)] < % P TRORITI0] e (26)
£€f0,1)d
Thus, under D, defined in (21) we have
d
[7,(6) = My(0)] < %smmmw
<38Mp(0),
My(0) = (1= 8)M,y(0),
and, since (1 -8)(1+1)=1+4+1/2:
(14D Mp(0) = (1+7/2) M (0).
This implies that
Cpg() <Apq()=0(n"1).
5.6. Proof of Theorem 1
First, we introduce the following notation: for any £, £’ € L,,;, we denote £ < ¢’ if, for any i = 1,...,d, we have

£; <{l';.Let £ € Ly be an arbitrary multiindex. To simplify the notation, we use ﬁ = /E"“i and f: ]"\‘mi.
Using the definition of B, ({), we easily obtain:

Lf = Fllp < 1f = Fellp + 1 fone — Fellp + 1 Fone = F2llp
<\f = Felly + By(@) + (1 + )M, (€, £) + B, (£) + (1 + 1) M, (£, D).

Using the definition of Z, we deduce:

Lf = Flly < If = Fellp +2(Bp (@) + (1 + )My (0)) +2(1 + 1) M, (€ A D)
< IS = Fellp +2Bp(0) +4(1 + 1) max My (¢') +4(1 + 7y max (M, (¢') = M (¢)).

This implies that:

RV ) <RV (o ) +2(B By 0)'
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-~ 1
a0+ 0 (B max| 71, (¢) — w1, (¢))

/
+4(1+ r)Il;}il)l}M,,(ﬁ )-

It remains to bound each term of the right hand side of this inequality.
1. Remark that, using the triangular inequality, we have:

By(©) <2max{| fo —E} ful, — (1 + 08, (¢)), +max| B} for —Ef fone

»
This readily implies

(B} B30) " <2 Y (B (| fo —E}f |, — 0+ 0, (¢))]) "

el

+ max|E" fpr — E" foner
é’eEH ffll ffKAE p

X ~ . .
<281 #L)n~! +Izl/122“Er}f —E} fone |,

where the last inequality follows immediately from Proposition 6.

2. For p <2, we have M, (£) — M, (£) =0

Let p > 2. Here and in the following paragraph, C stands for a constant that depends on p, g, T, Fs and W°
that can change of values from line to line. Using (26), we obtain that for ¢’ < ¢

_ CylIWel2 i
P /2
|Mp(€/)_Mp(€/)|S(th(l))1/2(th(e/))l/4 Z HSW*(”)*h(w(')“p/le'
eef0,1}4
We have
Ely max 11, (¢) — M, ()| < B {max| 37, (¢) = M, ()" I, p, |
‘I
+§Ef{rg}3?‘M ¢) =,y (¢) 155, .

where the events Dy are defined by (21). Then, using (25) and that 2 (£) € ‘H,,, we obtain for n large enough that

* o d % ° d+1
E} max| M, (¢)) — M, (¢')|" < (M)q + Z( CplWelloo2 _
= (th(f)) <t «’Vh(é)(nvh@)) /

9
) P(Dy)

=L

<

ol250d %[l oo 24!
(CEMLTY (o ’ ) el -Crentrs2)
7 2d+1 .
(Vi) oy (logn)

Now since #L£ is bounded by (logn)¢, we have

B nig\ Va C
(5 maxl 3, (¢) =y () ) T = s
3. By using Lemma 3 we obtain
1
M,(0) = Ce (W, h(£), p
p 1/th(Z) ge{%:l}d 8( )
ClIWel pva

1935

27

and

(28)
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This implies that for £’ < ¢

4mapr(E’)< ¢

= /n Vi '

5.7. Proof of Theorem 2

The proof of this result is split into two main parts: the proof of the upper bound and the proof of the lower bound.
Upper bound. Set s € ]_[?:1(0, M; + 1]. Define £*(s) = (£ (s), ..., £ (s)) by:

5
@)= ———1 , i=1...,d,
i) lrs,-(ZE 1) Ognw :
where [x] denotes the least integer greater than or equal to x. Note that /; (£*) is such that

hEGs)

e

<hi(€*) <h}(s), (29)
where
hi(s) = n_ﬁ

This implies that there exists ng = no(s, p) € N such that for any n > ng we have £* € Lyp;.

Combining (29) with Proposition 4 and Theorem 1, the upper bound follows.

Lower bound. For the sake of simplicity we only prove the lower bound for anisotropic Sobolev—Slobodetskii
classes. Let (sq, ..., sg) be a vector of positive real numbers and let L > 0. We also assume that s5; ¢ N. We intend to
prove that n~5/@5*+D is the minimax rate of convergence over the class Sy, p(L). To do so, using Lemma 3 in Lepski
[26], we have to construct a family of density functions { f;, : w € W)}, indexed by W) > 0, that satisfies the following
properties:

@ fuw ESs,p(L)» weWy
(b) ”fw_fw/”pzzpna w,w/eWo

2
1 = fw
(©) sz ZE()(H%(X;{)) <ua,

weW k=1
where |W| denotes the cardinality of W = Wj \ {0}. Under these assumptions we have:

liminfinfp, ! sup (E%f— £1%)"! = Va+vatD),

n—00 f fESS,];(L)

where the infimum is taken over all possible estimators. This implies the result. It remains to construct such a family.
The rest of the proof is decomposed into several steps.

Step 1. Here, we construct a finite set of functions used in the rest of the proof. We consider two auxiliary functions
Y :R— Rand H : R — R defined, for any u# € R by

Y ) =exp(—1/(1 —u?))L—1,n@) and H@u)=—I_10 + Lo

Using these functions, we define, for any u € R, (1) = H » ¥ 2u).
Foranyi =1,...,d, we consider the bandwidth

s 1
hi=n 55
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and we set R; = 1/(2h;). We assume, without loss of generality, that R; is an integer. Let R = ]_[ 110, .. i — 1}
and define, for any r = (rq, ..., rg) € R, the function ¢, : Ay — R by:

(r)
X —X;
- (x) = ]_[w( P )
where x = (2r; 4+ 1)h;. Finally, for any w : R — {0, 1} we define:

fo=Tag+pn Y w(r)ey.

reR

where

pnzclnfﬁ withc1=;

di(s, p)d

and

d= ma le® | d ¢ (52 g3y o) v

0<k<max; Ls,j+1 ¢ oo AN (5. P) < (1— )+ kg;( ) >

where o = min{s; — |s;]:i=1,...,d}.

Step 2. We intend to prove that, for n large enough, f,, is a probability density that belongs to Sy, ,(L).
(i) Remark that, for any u € R, since || H ||co < 1, we have

lo)| = VRH(zu — )Y dv

This impies that ||@, [|co < (2/e)? for any r € R. Moreover, note that:

d

Supp(@r) = [ [[x = hi.x” +hi].

i=1
Thus, the Lebesgue measure of Supp(¢,) N Supp(¢,~) is null for r # r’. This implies that, for n large enough:
fu(X)>1—=p,2/e)¢ >0, xe€A,.

(i1) Remark that ¢ is an odd function such that Supp(¢) = [—1, 1]. This implies that fR ¢(u) du = 0 which also
implies, using Fubini’s Theorem, that | Ay Or(x) dx =0 for any r € R. As a consequence we have | Ay Jw@)dx =1.

Combining points (i) and (ii) we deduce that f;, is a probability density for any w : R — {0, 1}. It remains to prove
that f, belongs to the anisotropic class Sy, ,(L).

(iii) Seti € {1, ..., d} and consider x, y € Ay such that x; = y; for any j # i. For the sake of readability we denote
si=m+a withm = [5;] € Nand 0 < @ < 1. Remark that ¢ is an infinitely differentiable function. Thus:

()

X - ) - (")
ot = o e = [Tl 2 ot (o5 o5

reR j#i J
(r)

(r) (r)
Xj — X; Vi — X;
Z““’( )(‘p(M)( T )_‘”(m)( T ))
’ reR j#i ! !
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This implies that:

d—1
DI fu ) = D fu ()] = 120 5

(r) (r)
o (52X (i x
% h_ ¢ o -
i reR ! !
Denote Ay = [2sh;, (2s + 2)h;]. We have

(m) (x— <2r+4)h, (m) ¢ y—Qr+Dhi\\ p 1/p
I || | 3R () (2=l pm (=Gt Dl
L(D} fu) = = ? < //A " dxdy
t

Ix—yl”l’“
d—1
< ”q)”Ofn pn(T+fY~)l/p’
hi
where
— —(@2s+Dhy —@2s+1Dh;
s | () (FZEERRL) — o (G|
T = i ! dxdy
= a4, |x — y|l+pe
and
—(2s+Dh;
Ri—1 R;—1 |¢(m)(x (;ﬁ-) )P
T=2 1‘+ dydx.
= = Jada |x — y|i TP
[t—s|>1
First we control Y.
}|p

(m+1) p
* <o), Z/ [ ards
(m—+1) P R —1
B a5 llo o 15 / / P9~ gy dy

||§0(m+1)||p p(—a)—1
< h’m |u| dudv

2‘“)“*‘*)||so<'"+”||é’o —pa

p(l—a) i

(30)

3D

Now, we control T. Note that the sum over ¢ can be decomposed into two different terms for |r — s| = 1 or

[t —s| > 2.

First, remark that if x € A, y € A; and |s — ]| > 2 then |x — y| > 2(|s — t| — 1)h;. This implies that:

Ri—1 R;—1 |(p(m)(x (25+1)h1)|p
T2—2 / / dydx
[t— 3\22
hi)* g™ 1%
<4 Z Z (2kh; )H—pa
s=0 k>1

_ 8lle™ 1% (2t
< — Y (k)T
hl k>1

(32)
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Now, it remains to consider the case |s — | = 1. Assume first that t = s + 1. We consider the point z = (2s + 2)h;
that satisfies: [x —z| < |x — y|, |y —z| < |x — y| and z € A; N Ay,1. We can also remark that ¢ ((z — (25 +
1)h;)/ h;) = 0. We this in mind remark that:

(m)(x (23+1)h, )lp

1 =2 Z/ / 1 |1[+poz dydx
v+

|up

=1
hi

21+p(l—ot)||(p(m+l)”go e

; 33
r(l—a ' 49
In the same way forr =5 — 1:
R;—1 (m) X— (25+1)h, p
_ l"™ (——)I
:22/ / lx—y |1+pa dydx
s=1 As-1
pl+pl—a)y,(m+ P

o D18 o 34

p(l—a)

Using that T = T, + Y| + T combined with (30), (31), (32), (33) and (34) leads to:

d
> (D) <deis, pyode < L,
i=1

which implies that f, is a probability density that belongs to Sy, ,(L).
Step 3. To define the set Wy we introduce the following notations. Let
Z_d
2+4expQeiligl3d)’

e =min{ 2P g1, 2—“/10}

and define M = ]_[fl: 1 Ri = Qv and m = Vh_l. Without loss of generality we assume that both M and m > 4
are integers. Using Lemma A3 in Rigollet and Tsybakov [33], there exists W C {w: R — {0, 1}} such that:

e We have [W| > 2" (M/m — 1)"/2.
e For any w € W we have:
lw| = Z w(r)=m
r
e For any w, w’ € W, we have:
> w() —w' ()] = m/2.
reR

Then, define Wy = W U {0}. Remark that the last point remains valid if one replaces WV by Wy thanks to the second
point. Remark also that f =14,.
(1) Let w and w’ in W.

D (w) —w'()e,

reR

| fw _fw’”p = Pn

p
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14 1/p
(% )
Supp(es)

Using the fact that the functions ¢, and ¢, have disjoint supports for r £ s, we have:

w(r) —w'(r)) ¢, (u)

1/p
I fw = furllp = pn(Z|w<s> —w'()["- ||¢s||§)

SER

) 1/p 1 J
=pn(Z|w<r)—w (r)|> v, lells

reR
> pulc2/2)Pllgl%
> 2pp.

(i1) In what follows, we denote by Eq the expectation under the uniform distribution on A4, with density fj.

1 5 )I‘l
=—— d
e 2 (/. riwas
|W|2 Z ( / (1+2anw<r)¢r(x)+p,, > wrw(r)e () <x>) )

reR ror’'€eR

|W| —(1+ ppmVillel37)".

Last inequality comes from the facts that f Ay ¢r(x)dx = 0 and that the set Supp(¢,) N Supp(¢,’) is negligible (in
terms of Lebesgue measure) for r # r’. We thus obtain:

J <exp(npleallel3 —log(IWV))

1/ M
<6XP<C162II<PII2d e = 2 log(z(;ﬁ)))
27d—C2
<exp< (2c1||g0|| logiz)).

Using the definition of ¢ we remark that the exponent is nonpositive. This implies that J < 1. Taking all together, the
assumptions of Lemma 3 in Lepski [26] are satisfied. Theorem is then proved.

5.8. Proof of Theorem 3
Let £ € Liso. We have
Ir= 71, =1 f = ol , + 178 = ol , + 178 = el
Note that if ¢ > ¢, then
I =70, < Ir =70, + 17— 7
<|f =750, +By®+ 1 +0)My(E 0

p

<[ r= 7l +By® + (1 +0)Mp(0) + (1 + 1) M, (D)

<|lf- f‘s°|| +2(B,(0) + (1 + 1)M, (D).
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Last inequality comes from the definition of . Itis easily seen that the same bound remains valid if £ < ¢. This implies
that

=4 = = 1
ngp,q)(flso7 f) < Rr(lp,q)(felso’ f) + 2(El} BZ (Z)) /q
~ 1
+2(1+ 1) (B | M, (€) — M (0)]7) /1
+2(1+1)Mp,(0).
Following the same arguments of the proof of Theorem 1 (see the second paragraph), we have

[W©ll2

—_— 35
(nVpe)'/? 35)

~ 1
(E[M,0) = M, 0]|") " < C
Applying (27), (28) and (35), we deduce the oracle inequality of Theorem 3.
5.9. Proof of Theorem 4

First, we prove the upper bound. Set s > 0. Define:

e (s) = |:2s — logn] and h*(s)=n" %,
We note that there exists n; = nj(s, p) such that for any n > n; we have £*(s) € Liso and 1 < %. Then we have
sgm(ﬁ*(s)) §2s+d+% (36)
and
hi(s) < h(E*(s)) <eh}(s). 37)

Then using Lemma 2, (36) implies

3 2d
W(Z*(s))“oo)§<2s+d+—> : (38)

max (| W (£*(s)) 5

2 |
Using (37) and (38) in combination with Proposition 5 and Theorem 3 entail to the upper bound. To prove the lower
bound, the methodology and construction proposed in the proof of Theorem 2 are unchanged (we just consider s; = s

forany i =1,...,d). However it remains to prove that the functions f,, defined previoulsely belong to the isotropic
Sobolev—Slobodetskii class Sy, ,(L). This is left to the reader.

5.10. Proof of Lemma 2

Let m € N. Denote z;, (1) = Z'LO a,(m)u’. The solution of the minimization problem (3) can be found explicitly and
the Lagrangian condition implies the solution is z,,. Now, for p = 2, remark that:

T T,,—
||Zm||% — (a(’”)) H,a"™ = (e(()m)) H le(()m) =(m+ )2,

Now we will prove that w,, = z,,,. The polynomial z,, can be decomposed in the basis {¢,,r =0, ..., m} as

Zm(u) = Zbr(pr(u)~

r=0
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Since z,;, is of order m, we have

1
by — /0 W)y () dut = @, (0),

which implies that w,, = z,.
Finally we have for u € A

lwn )] <Y V2r +1)Qr(=1)|V2r +1]Q,Qu — 1)

r=0

m
§Z2r+1
r=0

=(m+1)?

since |Q,(u)| < [Qr(—1)| = 1. Moreover w,,(0) = > " ((2r + D)(Q,(— 1)? = (m + 1)? which implies that
Wi lloo = (m + 1)

5.11. Proof of Lemma 3

Using Jensen inequality, we have

172 " 2 12
EbEwnllze < (—h) / EL (Y Kwat, X)) — EfKwa(t, X))
’ n Ag e j=I1
172
Vi (f E Kt Xl)dt>
AV ’
172

/ / HW2<0(I, )f(x)dx dt

Age J Ay Vi hi

Then using a change of variables, we deduce

1/2
ELIEw,nll2,e < (IIWllgf f(X)dX> = [IWll2.
Ag
For r <2, since the Lebesgue measure of A, . equals to 2~¢, we have using Holder inequality

ELlEw,nllre <27 IISWhllzgSZ W .
Let us now assume that > 2. Using the Rosenthal inequality we have
2 -
E Jewn (0] < (CF) (Vi) LB (. X0) 2 + 27 0 = PR [ e, X0

Using Jensen and Young inequalities we obtain:

1/r
B lgwalle < ( /. E'}\sw,hmrdr)
d.e

< CH{AW. b ) + 20 W, (Vi) 2 )
<CHAW. h,r) +2|W],}.
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We have

r/2 1/r
Ac(W, R, 7) <F1/2</ (v,, K2, h(t,x)dx) dt)
Ad.e Ag '

12
LW .

As a consequence, for all » > 1, we have
Le(W, h,r) < ClIWllrv2,
where C depends on F, and r.
5.12. Proof of Lemma 4

Let W € W? and h € H,,. We denote by B, the unit ball of L,/ (Ag,¢) where 1/r + 1/r’ =1 and, for A € B/, we
consider g, defined, for x € Ay by:

2.0 = g1.(x) —El g (X1)  with g3 (x) =V, f MOKwp (. x) dr.
Ad,s
The variable Y = [|§w 5 || ¢ satisfies

Y= sup / A(Oéw n(2) dt
1Al o =1 Age

r,e—

= fng(X ).

H)»H /, <1

Since the set B, is a weakly-* separable space, there exists a countable set (Ag)reN € B, such that

Y—suprgxk(X ).

keN
‘We have

sup [|8a lloo < 2sup [ g lloo
keN keN

<2 sup V,? sup | Axlly e [ Kwa G 1) |,
XEAy keN
<b(W,h,r), (39)
where
b(W, h,r)=b=2|W|, V) "2

For r < 2, using the Holder inequality, we have

2
supEngk(Xl) =V, sup/ (/A )Lk(t)ICW,h(t,x)dt> f(x)dx
d,e

keN

< Visup / 1w o) |2 Wkl £ )

2/r 1||W|| 40)
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For r > 2, using the Young inequality, we have

2
supE gk (X1) <FxVpsup Kwn(t, x) (t)dt ) dx
oM keN Ads

fFoo 2/r

W13,/ s2)- @1)
Combining (40) and (41), we deduce that

supE'}g)%k(Xl) <o2(W,h,r), (42)
keN

where

2_

w2y~ if1<r<2,
h

ifr>2.

O’Z(W, h,r)= ol =

*IN

Fell WI|2r/(r+2) V

Now, using the Bousquet inequality (see Bousquet [9]), and denoting I'c = s (W, h, r), we obtain for any x > 0:

2
X
P(Y —E" ) < exp(— >
! 207+ B0 () + 3
« exp(— tlex + /4 > 43)
202+ L (FD) +3)

Note that, for any x > 0, we have

tTex +T272/4 - r2¢2
202+ %(FS(IZ;“E)_’_ 2TX) - 4(20_2 br;(]2+f))

This inequality holds due to the fact that the homography on the left hand side of the equation is an increasing function.
Using (39), (42) and the fact that if r <r/, |W||, < ||W]||,», we obtain that for r < 2
4202 4 OL: (J/2_+r))

272
I;t

2 1 1
<a(V)r Mo/

d

< ()T s ()7

where ¢ and ¢, are absolute positive constants that depend only on d, T and r. For » > 2, using Lemma 3, we have in
a similar way

2, bLe(12+71)
420 +73«/E )

272
'zt

<3(Vy)7 +ea(Vi)r 2/

S

<o) +ealiy)”.
where ¢3 and ¢4 are absolute positive constants that depend only on d, 7, F, and r. Finally, we deduce that

2 2
Izt

<cs(an(m) ", (44)
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with ¢s an absolute positive constant that depends only on d, 7, F and r. Using (44) we obtain:

( tTex +T272/4
exp

) ~Cren() 45
2a2+%<rg<”%)+%>>fe"p( 1 (1) 45)

where C| is an absolute positive constant that depends only on r, T and F.
Using Lemma 3, (39) and (42), we obtain that there exists an absolute constant ¢g which depends only on F,, T
and r such that:

b 12+t 2x
2074 7%(”(7) + ?) < coan ) (IWI3,, +x1WIl,) (46)

(43), (45) and (46), allow us to deduce the result of the lemma.
5.13. Proof of Lemma 5
Let (eq, ..., eq) be the canonical basis of RY and define

viw) =+t .o ticr Fnicui—1, G i Fhiig, -t haug).

We can write:

d
f+howy—fe+n-wy=Y f(vi) +hiuie;) — f(vi @) +niuie;)

i=1

=Y f(viw) + hiuie;) — f (vi (),

iel
where I ={i =1,...,d : n; = 0}. Using a Taylor expansion of the function x € R — f(v;(u) + xe;) around 0, we
obtain:

o k (h,'u,')k
fa+h-w)y—f@e+n-wy="> Dff(vi(w)
iel k=1
(hjuplsid 1 Lsi|=1T jyLsi Lsi ]
+ Y = | A= EITD (v @) + thiug) = D f (i) ] d.
~ sl Jo ' '

Using the facts that v; (#) does not depend on u; and that f Al Wi(y) yk dy =0 for any 1 <k < |s; |, Fubini’s theorem

implies that:
p 1/p
dt) ,

Swony(f) = (/
Ado
1
/ (A — I DI (v ) + thiug) — D f (viw))] dr.
0

d
/ (l_[Wi(“i)>Zli(t,u,h)du
Ad \i=

iel

where

(hiui)i)
Lsi ]!

Using Jensen’s inequality and Fubini’s theorem we obtain that:

d 1/p
[[wiwn du) ,

i=1

Ii(t,u, h)=

S’v"v,h,n(f)=(d||W||1)]””(/A T, h)
d
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where J(u,h) =Y, fAdO |1; (¢, u, h)|? dt. Now, we study this last term:

N\ 1HDpsi 1 Lsi ] . Lsi] »
Ju, h)<Z/ (hiui) P / D f i) + thiw) — DY il
0

= g (LsiHP |Thju;|1+PGi— D

Using a simple change of variables, we obtain:

Jw,h) <

(hu)ps,/ fl IDPY fxer, . xim1, € Xigt s %) — DP FQ0)1P
A dédx.
d

(L e & — x;|1+PGi—Lsi)

Since u; < 1 and f €Sy ,(L) we have:

1/p
Sty () = d||W||1K(S)L<Zh1pS,-) .

iel

This implies the result.
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