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On the adaptive wavelet estimation of a multidimensional
regression function under a-mixing dependence:

Beyond the standard assumptions on the noise

CHRISTOPHE CHESNEAU

Abstract. We investigate the estimation of a multidimensional regression function
f from n observations of an a-mixing process (Y, X), where Y = f(X) 4+ ¢, X
represents the design and £ the noise. We concentrate on wavelet methods. In
most papers considering this problem, either the proposed wavelet estimator
is not adaptive (i.e., it depends on the knowledge of the smoothness of f in its
construction) or it is supposed that £ is bounded or/and has a known distribution.
In this paper, we go far beyond this classical framework. Under no boundedness
assumption on £ and no a priori knowledge on its distribution, we construct
adaptive term-by-term thresholding wavelet estimators attaining “sharp” rates
of convergence under the mean integrated squared error over a wide class of
functions f.

Keywords: nonparametric regression; a-mixing dependence; adaptive estima-
tion; wavelet methods; rates of convergence

Classification: 62G08, 62G20

1. Introduction

We consider the nonparametric multidimensional regression model with uni-
form design described as follows. Let (Y, Xt):ez be a strictly stationary random
process defined on a probability space (€2, .4, P), where

(1.1) Y = f(Xe) + &,

f:1]0,1]* — R is the unknown d-dimensional regression function, d is a positive
integer, X; follows the uniform distribution on [0,1]? and (&)iez is a strictly
stationary centered random process independent of (X;)icz (the uniform dis-
tribution of X3 will be discussed in Remark 4.6 below). Given n observations
(Y1,X1),...,(Ya, X,) drawn from (Y3, X;)iez, we aim to estimate f globally on
[0, 1]d. Applications of this nonparametric estimation problem can be found in
numerous areas as economics, finance and signal processing. See, e.g., [58], [37]
and [38].
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The performance of an estimator f of f can be evaluated by different measures
as the Mean Integrated Squared Error (MISE) defined by

R(f,f)=E < /[O @) = F@) dz) ,

where E denotes the expectation. The smaller R( f , f) is for a large class of f, the
better f is. Several nonparametric methods for f are candidates to achieve this
goal. Most of them are presented in [56]. In this paper, we focus our attention on
the wavelet methods because of their spatial adaptivity, computational efficiency
and asymptotic optimality properties under the MISE. For exhaustive discussions
of wavelets and their applications in nonparametric statistics, see, e.g., [1], [57]
and [38].

The feature of this study is to consider (1.1) under the following general setting:

(1) (Y, Xt)tez is a dependent process following an a-mixing structure,
(ii) &; is not necessarily bounded and its distribution is not necessarily known,

(the precise definitions are given in Section 2).

In order to clarify the interest of (i) and (ii), let us now present a brief review
on the wavelet estimation of f. In the common case where (Y1, X1),..., (Y,, X,)
are i.i.d., various wavelet methods have been developed. The most famous of
them can be found in, e.g., [29], [30], [31], [27], [36], [2], [3], [4], [22], [61], [10],
[11], [12], [13], [40], [17], [53] and [8]. In view of the structure of the data of
many applications, the issue of the relaxation of the independence assumption
naturally arises. Among the answers, there are the considerations of various
kinds of mixing dependences as the S-mixing dependence (see, e.g., [5]) and the
o-mixing dependence mentioned in (i), and several kinds of correlated errors as
o-mixing errors (see, e.g., [51], [59], [44], [43] and [42]), long-range dependent
errors (see, e.g., [45], [54], [41] and [7]) and martingale difference errors (see, e.g.,
[62]). Even if some connections exist, these dependent conditions are of different
natures.

The interest of (i) is justified by its numerous applications in dynamic economic
systems and its relative weakness (see, e.g., [58] and [37]). In such an a-mixing
context, recent wavelet regression methods and their properties can be found in,
e.g., [49], [52], [32], [34], [18], [6] (exploring the nonparametric regression model
for censored data), [15] and [16] (both considering the nonparametric regression
model for biased data). However, in most of these works, either the proposed
wavelet estimator is not adaptive, i.e., its construction depends on the knowledge
of the smoothness of f, or it is supposed that & (or Y7) is bounded or has a
known distribution. In fact, to the best of our knowledge, [18] is the only work
which deals with such an adaptive wavelet regression function estimation problem
under (i) and (ii) (with d = 1). However, the construction of the proposed wavelet
estimator deeply depends on a parameter 6 related to the a-mixing dependence.
Since 6 is a priori unknown, this estimator can be considered as non adaptive.
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The aim of this paper is to provide a theoretical contribution to the full adaptive
wavelet estimation of f under (i) and (ii). We develop two adaptive wavelet
estimators f5 and fg, both using a term-by-term thresholding rule ¢ as the hard
thresholding rule or the soft thresholding rule (see, e.g., [29], [30] and [31]). We
evaluate their performances under the MISE over a wide class of functions f:
the Besov balls. In a first part, under mild assumptions on (1.1), we show that
the rate of convergence achieved by f5 is exactly the one of the standard term-
by-term wavelet thresholding estimator for f in the classical i.i.d. framework.
It corresponds to the optimal one in the minimax sense within a logarithmic
term. In a second part, with less restrictive assumptions on &; (only moments of
order 2 is required), we show that f 5 achieves the same rate of convergence to f(;
up to a logarithmic term. Thus f5 is somewhat less efficient than f(; in terms of
asymptotic MISE but can be used under very mild assumptions on (1.1). To prove
our main theorems, we establish a general result on the performance of wavelet
term-by-term thresholding estimators which may be of independent interest.

Our contribution can also be viewed as an extension of well-known adaptive
wavelet estimation results in the standard i.i.d.; for example, Gaussian case to a
more general setting allowing weak dependence on the observations and a wide
variety of distributions for &;. This complements recent studies investigating other
sophisticated dependent contexts as, e.g., [54], [41] and [7] (but with independent
(Xt)tez, Gaussian distribution on &; and d = 1).

The rest of this paper is organized as follows. Section 2 clarifies the assumptions
on the model and introduces some notations. Section 3 describes the considered
wavelet basis on [0,1]¢ and the Besov balls. Section 4 is devoted to our adaptive
wavelet estimators and their MISE properties over Besov balls. The technical
proofs are postponed to Section 5.

2. Assumptions

We make the following assumptions on the model (1.1).

Assumptions on the noise. Let us recall that (& ):cz is a strictly stationary
random process independent of (X;);ez such that E(&§) = 0.

H1. We suppose that there exist two constants ¢ > 0 and w > 0 such that,
for any t € R,

E(etfl) < wet2”2/2.
H2. We suppose that E(£%) < oo.

Remark 2.1. Note that H1 and H2 are satisfied for a wide variety of &, in-
cluding Gaussian distributions and the bounded distributions. Obviously H1
implies H2.
Remark 2.2. It follows from H1 that

e for any p > 1, we have E(|&]P) < oo,

5929
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e for any A > 0, we have
(2.1) P(|&]| > A) < 2we¥/(20%),

a-mixing assumption. For any m € Z, we define the m-th strongly mixing
coefficient of (Y, Xt)tez by

Qm = sup |P(AQB) _P(A)P(B)|7
(AB)eF XX FD
where f(_ioxo) is the o-algebra generated by ..., (Y_1,X_1), (Yo, Xo) and .7:7%3.5)
is the o-algebra generated by (Yo, Xm), Yit1, Ximt1), - - -
The assumption H3 below measuring the a-mixing dependence between
(Y;, Xt)tez will be at the heart of our study.

H3. We suppose that there exist two constants v > 0 and 8 > 0 such that

sup (ameﬁm) <.
m>1
Further details on the c-mixing dependence can be found in, e.g., [35], [14] and

[9]. Applications and advantages of assuming a-mixing condition on (1.1) can be
found in, e.g., [58], [55], [37] and [47].

Remark 2.3. The particular case where (X;)¢cz are independent and (&;)¢ez is an
a-mixing process with an exponential decay rate is covered by H3. Various kinds
of correlated errors are permitted including certain short-range dependent errors
as strictly stationary AR(1) processes (see, e.g., [35]). However, for instance, the
long-range dependence on (& )z as described in [41, Section 1] is not covered.

Boundedness assumptions.
H4. We suppose that there exists a constant K > 0 such that

sup [f(z)] < K.
z€[0,1]4

H5. For any m € Z, let g(x,,x,,) be the density of (Xo, X,,). We suppose that
there exists a constant L > 0 such that

(2.2) sup sup g(Xme)(:r,:r*) < L.
m21(z,x.)€(0,1]24

These boundedness assumptions are standard for (1.1) under a-mixing depen-
dence. See, e.g., [49] and [52].

3. Preliminaries on wavelets

This section contains some facts about the wavelet tensor-product basis on
[0,1]¢ and the considered function space in terms of wavelet coefficients that will
be used in the sequel.
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3.1 Wavelet tensor-product basis on [0,1]¢. For any p > 1, set

1/p
|h(x)|P dz < 00
[0,1)¢

Ly ([0, 1% = § 2 0,1 B [[hl], = (/

For the purpose of this paper, we use a compactly supported wavelet-tensor prod-
uct basis on [0, 1]¢ based on the Daubechies wavelets. Let N be a positive integer,
¢ be “father” Daubechies-type wavelet and 1 be a “mother” Daubechies-type
wavelet of the family db2N. In particular, mention that ¢ and ¥ have compact
supports (see [24] and [48]).

Then, for any x = (z1,...,24) € [0,1]%, we construct 2¢ functions as follows:

e a scale function

d
P(x) = H B(ww)
u=1
e 2% — 1 wavelet functions
d
b(wa) [ ole) when u € {1,....d},
H P(xy) H () whenue {d+1,...,29 -1},
VEA, v A,
where (Au)ue{dt1,...,2¢—1} forms the set of all non void subsets of {1, ..., d}

of cardinality greater or equal to 2.
We set

D; ={0,...,29 —1}%
for any j > 0 and k = (k1,...,kq) € D;,

D p(x) = 22020y —ky, .., Y wg — k)
and, for any u € {1,...,2% — 1},
U pu(r) = 2020, (22 — kn, ..., 2 2q — ka).
Then there exists an integer 7 such that, for any j, > 7, the collection
B={®j. 1k €Dj; (Yiruleq, 2013, JEN—{0,....5. — 1}, k€ D;}

(with appropriated treatments at the boundaries) forms an orthonormal basis of
L ([0, 1]%).
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Let j. be an integer such that j. > 7. A function h € L([0,1]?) can be
expanded into a wavelet series as

291 oo
ha)= D P k@) + > D> diku¥ku(z),
keD;, u=1 j=j. k€D,

where
(3.1) Cjk :/ h(z)®; 1 () de, djku :/ h(z)W; gu(z) de.
[0,1)4 [0,1)4

The idea behind this wavelet representation is to decompose h into a set of wavelet
approximation coefficients, i.e., {¢;, x; k € Dj, }, and wavelet detail coefficients,
ie., {djku; §> jus k€ Dj, ue{l,...,29 — 1}}. For further results and details
about this wavelet basis, we refer the reader to [50], [24], [23] and [48].

3.2 Besov balls. Let M > 0, s € (0,N), p > 1 and r > 1. A function h €
L2([0,1]%) belongs to the Besov balls Bj ,.(M) if and only if there exists a constant
M* > 0 such that the associated wavelet coefficients (3.1) satisfy

e\ "\ V7

1/p 00 2d_1

<Z |CT,k|p> + Z 9i(s+d(1/2=1/p)) Z Z \dj ou|? < M*
keD.. Jj=7 u=1 keD;

and with the usual modifications for p = oo or r = occ.

For a particular choice of parameters s, p and r, these sets contain Sobolev and
Holder balls as well as function classes of significant spatial inhomogeneity (such
as the Bump Algebra and Bounded Variations balls). Details about Besov balls
can be found in, e.g., [28], [50] and [38].

4. Wavelet estimators and results

4.1 Introduction. We consider the model (1.1) with f € Ly([0,1]¢) and we
adopt the notations introduced in Sections 2 and 3. The first step to the wavelet
estimation of f is its expansion into B as

291 o
(41) f(l‘) = Z Cjo,kq)jo,k(z) + Z Z Z dj,k,uqu,k,u(z)a
keDj, u=1 j=jo k€D;

where jo > 7, ¢ji = f[o,l]d [(2)®; k() dz and dj ., = f[o,ud [(@)Y; g u(z) de.
In the next section, we construct two different adaptive wavelet estimators for f
according to the two following lists of assumptions:

e List 1: H1, H3, H4 and H5,
e List 2: H2, H3 and H4,
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both used a term-by-term thresholding of suitable wavelet estimators for c;
and dj’k.

4.2 Wavelet estimator I and result. Suppose that H1, H3, H4 and H5
hold. We define the term-by-term thresholding estimator f5 by

291 g1
(42)  fo@) = D EGorPior(@)+ DD D> 8(djku £A) Y ku(@),
keDj, u=1 j=jo k€D;

where ¢; 5 and dj . are the empirical wavelet coefficients estimators of c;; and
dj,k,m ie.,

R 1 & s 1 &
(4.3) &g =~ Y Vi r(Xi),  djgu = - D ViU (X)),
=1 i=1

0 : Rx (0,00) = R is a term-by-term thresholding rule satisfying that there exists
a constant C' > 0 such that, for any (u,v,)\) € R? x (0, 0),
(4.4) [6(v,A) —u| < C (min(|ul, \) + v — u|Lg_u>r/2}) -

Furthermore, x is a large enough constant,

Inn
4.5 )\n = )
(4.5) )
jo and j; are integers satisfying
l(lnn)2 < 2904 < (Inn)? 1o <ond< T
2 - ’ 2 (Inn)* = (Inn)t’

Remark 4.1. The estimators ¢ and dj . (4.3) are unbiased. Indeed the
independence of X7 and &, and E(£;) = 0 imply that

E(¢jr) = E(Y19,k(X1)) = E(f(X1)®;1(X1)) = /[O » f(@)®; k() dr = cj .

Similarly we prove that E(d;j ;) = dj ..

Remark 4.2. Among the thresholding rules ¢ satisfying (4.4), there are

e the hard thresholding rule defined by 6(v, A) = v1yj,>x}, where 1 denotes
the indicator function,

e the soft thresholding rule defined by d(v,A) = sign(v) max(Jv| — A,0),
where sign denotes the sign function.

The technical details can be found in [27, Lemma 1].
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The idea behind the term-by-term thresholding rule ¢ in ﬁ; is to only estimate
the “large” wavelet coefficients of f (and to remove the others). The reason is that
wavelet coefficients having small absolute value are considered to encode mostly
noise whereas the important information of f is encoded by the coefficients having
large absolute value. This term-by-term selection gives to f5 an extraordinary lo-
cal adaptability in handling discontinuities. For further details on such estimators
in various statistical framework, we refer the reader to, e.g., [29], [30], [31], [27],
[2] and [38]. For the constructions of such estimators under H3 in a regression
context, we refer to [52], [18], [6] and [15].

The considered threshold A, (4.5) corresponds to the universal one determined
in the standard Gaussian 4.7.d. case (see [29], [30]).

Remark 4.3. It is important to underline that f(; is adaptive; its construction
does not depend on the smoothness of f.

Theorem 4.1 below explores the performance of f(; under the MISE over Besov
balls.

Theorem 4.1. Let us consider the model (1.1) under H1, H3, H4 and H5. Let
fs be (4.2). Suppose that f By (M) with > 1, {p > 2 and s € (0, N)} or
{p €[1,2) and s € (d/p, N)}. Then there exists a constant C > 0 such that

Inn

R(fs,f) <C (—

Y

2s/(2s+d)
)

for n large enough.

The proof of Theorem 4.1 is based on a general result on the performance of
the wavelet term-by-term thresholding estimators (see Theorem 5.1 below) and
some statistical properties on (4.3) (see Proposition 5.1 below).

The rate of convergence ((Inn)/n)?*/(2s+4) is the near optimal one in the mini-
max sense for the standard Gaussian i.i.d. case (see, e.g., [38] and [56]). “Near” is
due to the extra logarithmic term (In n)?s/(2s+d) - Also, following the terminology
of [38], note that this rate of convergence is attained over both the homogeneous
zone of the Besov balls corresponding to p > 2 and the inhomogeneous zone cor-
responding to p € [1,2). This shows that the performance of f5 is unaffected by
the presence of discontinuities in f.

In view of Theorem 4.1, it is natural to address the following question: is it
possible to construct an adaptive wavelet estimator reaching the two following
objectives:

e relax some assumptions on the model,

e attain a suitable rate of convergence, i.e., as close as possible to the opti-
mal one n—28/(2s+d)

An answer is provided in the next section.
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4.3 Wavelet estimator IT and result. Suppose that H2, H3 and H4 hold
(only moments of order 2 are required on & and we have no a priori assumption

on g(x,,x,,) as in (2.2)). We define the term-by-term thresholding estimator f:{
by

29-1 5,
(46)  fi@) = D GuaPior@) + D > D 0(d e An) Yk (),
keDj, u=1 j=jo k€D;
where ¢}, and djku are the wavelet coefficients estimators of c;; and dj .y
defined by
1 n
(4'7) ],k = ZA JJ5ko d;,k,u = E ZBi,J}kﬂu

i=1

Ai,j,k = Yiq)j,k(Xi)l{‘m(bj’k(Xi)IST‘/i}’

Biyj’k’u:}/;'\llj,k,u(X {lY‘I/]lcu(X )< ln'n. ’

0 : R x (0,00) = R is a term-by-term thresholding rule satisfying (4.4), x is a
large enough constant,

Inn
Ap = —
vn

and jp and j; are integers such that

EL < 92id < n
2 (Inn)? ~ (Inn)?’

j():Ta

The role of the thresholding selection in (4.7) is to remove the large |Y;|. This
allows us to replace H1 by the less restrictive assumption H2. Such an observa-
tions thresholding technique has already been used in various contexts of wavelet
regression function estimation in [27], [19], [18] and [20].

Remark 4.4. It is important to underline that fg‘ is adaptive.

Theorem 4.2 below investigates the performance of fg‘ under the MISE over
Besov balls.

Theorem 4.2. Let us consider the regression model (1.1) under H2, H3 and H4.
Let f5 be (4.6). Suppose that f € By (M) with 7 > 1, {p > 2 and s € (0, N)}
or {p €[1,2) and s € (d/p, N)}. Then there exists a constant C' > 0 such that

)

(1n n)2 28/(28+d)
=)

R(f;,f)<C (

for n large enough.
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The proof of Theorem 4.2 is based on a general result on the performance of
the wavelet term-by-term thresholding estimators (see Theorem 5.1 below) and
some statistical properties on (4.7) (see Proposition 5.2 below).

Theorem 4.2 significantly improves [18, Theorem 1] in terms of rates of con-
vergence and provides an extension to the multidimensional setting.

Remark 4.5. In the case where &; is bounded, the only interest of Theorem 4.2,
and a fortiori fj, is to relax HS5.

Remark 4.6. Our work can be extended to any compactly supported regression
function f and any random design X; having a known density g bounded from
below over the support of f (including X;(Q2) = R?). In this case, it suffices
to adapt the considered wavelet basis to the support of f and to replace Y; by
Y;/g(X;) in the definitions of f5 and fg‘ to be able to prove Theorems 4.1 and 4.2.
Some technical ingredients can be found in [21, Proof of Proposition 2].

When g is unknown, a possible approach following the idea of [52] is to consider
E = f5 (or fg‘) to estimate fg, then estimate the unknown density g by a term-
by-term wavelet thresholding estimator § (as the one in [38]) and finally consider
fT = ]/”5/ g. This estimator is particularly useful if we work with (1.1) in an
autoregressive framework (see, e.g., [26] and [33]). However, we do not claim it
to be near optimal in the minimax sense.

Remark 4.7. Theorems 4.1 and 4.2 are established without necessary knowledge
of the distribution of &. This flexibility seems difficult to reach for other depen-
dent contexts as the long-range dependence on the errors. See, e.g., [45], [54], [41]
and [7], where the Gaussian distribution of &; is supposed and extensively used
in the proofs.

Conclusion and discussion. This paper provides some theoretical contribu-
tions to the adaptive wavelet estimation of a multidimensional regression function
from the a-mixing sequence (Yi, Xt):ez defined by (1.1). Two different wavelet
term-by-term thresholding estimators f(; and f 5 are constructed. Under very mild
assumptions on (1.1) (including unbounded &; and no a priori knowledge on the
distribution of &), we determine their rates of convergence under the MISE over
Besov balls B, ,.(M). To be more specific, for any 7 > 1, {p > 2 and s € (0, N)}
or {p € [1,2) and s € (d/p, N)}, we prove that

Results Assumptions Estimators | Rates of convergence
Theorem 4.1 | H1, H3, H4, H5 | f; (4.2) ((Inn)/n)2s/(@s+d)
Theorem 4.2 H2, H3, H4 fi (4.6) ((Inn)?/n)2s/@s+d)

Since n~2%/(25+4) ig the optimal rate of convergence in the minimax sense for
the standard i.i.d. framework, these results show the good performances of f(;
and fg‘

Let us now discuss several aspects of our study.
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e Some useful assumptions in Theorem 4.1 are relaxed in Theorem 4.2 and
the rate of convergence attained by fg‘ is close to the one of ﬁ; (up to the
logarithmic term (Inn)?s/(2s+d)),

e Stricto sensu, f5 is more efficient to f5 Moreover the construction of f5 is
more complicated to the one of f5 due to the presence of the thresholding
n (4.7). This could be an obstacle from a practical point of view.

Possible perspectives of this work are to

e determine the optimal lower bound for (1.1) under the a-mixing depen-
dence,

e consider a random design X; with unknown or/and unbounded density,

e relax the exponential decay assumption of a.,, in H3,

e improve the rates of convergence by perhaps using a group thresholding
rule (see, e.g., [10], [11]),

e consider another type of dependence on (X;)iez and/or (Y;)iez as long-
range dependence.

All these aspects need further investigations that we leave for a future work.

5. Proofs

In the following, the quantity C' denotes a generic constant that does not
depend on j, k and n. Its value may change from one term to another.

5.1 A general result. Theorem 5.1 below is derived from [39, Theorem 3.1]
and [27, Theorem 1]. The main contributions of this result are to clarify

e the minimal assumptions on the wavelet coefficients estimators,
e the possible choices of the levels jo and j; (which will be crucial in our
dependent framework),

to ensure a “suitable” rate of convergence for the corresponding wavelet term-by-
term thresholding estimator. This result may be of independent interest.

Theorem 5.1. We consider a general nonparametric model where an unknown
function f € Ly([0,1]¢) needs to be estimated from n observations of a random
process defined on a probability space (2, A, P). Using the wavelet series expan-
sion (4.1) of f, we define the term-by-term thresholding estimator ﬁ? by

2¢-1 51
@)= D7 GuPior@)+ D > D 0] $An) ¥ k),
keDj, u=1 j=jo keD;

where ¢ . and dj k. are wavelet coefficients estimators of ¢j,  and d; i ., respec-
tively, § : R x (0,00) — R is a term-by-term thresholding satistying (4.4), x is
a large enough constant, A, is a threshold depending on n, and jo and j; are
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integers such that

< ond < 1

1 . 1
Z97d(] v ~ 9jod < 97d(] v - - -
R ¥ ()" <22 2] S e =2 S e

with v > 0 and o > 0.
We suppose that

° éj s d; ks B An, v and o satisfy the following properties:

(a) there exists a constant C' > 0 such that, for any k € D,
E((¢5, k= cjok)?) < CA,

(b) there exist a constant C > 0 and tw,, such that, for any j € {jo,...,j1},
ke Djandue{1,...,2¢ -1},

~ )\8
p (|d§,k,u = djjul > g)\n> <Ccm,

n

where ©w,, satisfies

E((d5 0 — djiku)?) < @n,

() limy_o0(Inn)™2x2) N2 — 0 for any v € [0,1),

e f € By, (M) withr > 1, {p > 2 and s € (0,N)} or {p € [1,2) and
s € (d/p,N)}.
Then there exists a constant C' > 0 such that

Py 2s/(2s+d
R(fs, f) < C(x2)*/CH

for n large enough.

PROOF OF THEOREM 5.1: The orthonormality of the considered wavelet basis
yields

(5.1) R(f$, f) = R1 + Ra + Rs,
where
291 1
Ry = Z E ((éjgk‘ - Cjo,k)Q) , R = Z Z Z E ((6( }?’k’u,li)\n) - dj7k7u)2>
k€ Dy, u=1 j=jo keD;
and
291 oo

Rs=3 > > diu

u=1 j=j1+1 keD;
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Bound for Ry: By (a) and (c) we have

(5:2) Ry < 0202 < Clnn)A2 < € (A2)*/

Bound for Ry: The feature of the term-by-term thresholding ¢ (i.e., (4.4)) yields
(5.3) Ry < C(R21 + Rap2),

where
291 g1

Ry = Z Z Z (min(|dj,k,u|a’i)\n))2

u=1 j=jo keD;
and
291 51
Roa= 35 S B (1, - disal1p -
: gokow T Gakul H1ds | —dj ] >RA0/2}

u=1 j=jo keD;

Bound for Ra1: Let j2 be an integer satisfying

1/ 1 \Y@std g < 1\ Y/ @2s+d)
2% =T e\ '

Note that, by (c), j2 € {jo+1,...,751 — 1}.
First of all, let us consider the case p > 2. Since f € B} (M) C B5 . (M), we
have

291 s 27-1 g
Roy = Z Z Z min(|dj kol 5An)” + > Y > (min(|djkul, 5An))”
u=1 j=jo k€D, u=1 j=j2+1keD;
201 jy 2d_1 4y
=PIPIPILADNPPIL X
u=1 j=jo k€D;

u=1 j=jo+1keD;

<C 2]222jd+ Z 2= 25s <C()\22j2d+2 2325) <C(>\2)25/(25+d)
Jj=T Jj=j2+1
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Let us now explore the case p € [1,2). The facts that f € By (M) with s > d/p
and (25 +d)(2 —p)/2+ (s +d(1/2—1/p))p = 25 lead to

291 jo

Ry = Z Z Z (min(|dj7k,u|a”>\n))2

u=1 j=jo keD;

291 gy

+3° 3 Y (in(ldjpl, £Aa)

u=1 j=ja+1 kEDj

291 jo 291 gy
24,2 2—
<D D RNADY D D ldikal’ (v
u=1 j=jo k€D u=1 j=jo2+1keD;

/\

< )\2 ZQJd )\2 (2-p)/2 Z 9—J(s+d(1/2=1/p))p
Jj=j2+1

<C (A%Qizd + ()\i)(2—10)/22—j2(s+d(1/2—1/p))1)) <C ()\i)QS/(QSer) .

Therefore, for any r > 1, {p > 2 and s € (0,N)} or {p € [1,2) and s € (d/p, N)},
we have

(5.4) Ryy < C (22)%/2F0
Bound for Rgs: It follows from the Cauchy-Schwarz inequality, (b) and (c) that

(5.5)

291 J1

Ry <C> Y M \/ ( o — dj,k,u)ax) P (|c2;7k7u —dj ] > mnp)

u=1 j=jo k€D;

J1
; 1 2s/(25+4d)
4 d 4671d 4 2 2
< C\, E 2% < ON, 2% < C‘)\ni)\2 Z(lnn)? Cx; <C (An) .

j=r

Putting (5.3), (5.4) and (5.5) together, for any r > 1, {p > 2 and s € (0, N)} or
{p€[1,2) and s € (d/p, N)}, we obtain

(5.6) Ry < O (A2)%/ G5+

Bound for R3: In the case p > 2, we have f € B, (M) C B3 (M). This with
(c) imply that

Ry<C Y 27% < 2% < (X (lun)e)™" < o (A2)>/ D,
Jj=n+1
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On the other hand, when p € [1,2), we have f € B3, (M) C By /7P (ar).
Observing that s > d/p leads to (s +d(1/2—1/p))/d > s/(2s+ d) and using (c),
we have

R3; < C Z 9—2j(s+d(1/2-1/p)) < 2241 (s+d(1/2—-1/p))
Jj=j1+1
<C ()\2 (hl n)g)2(5+d(1/2_1/1)))/d <C ()\2)23/(23"'"1) )
Hence, for r > 1, {p > 2 and s > 0} or {p € [1,2) and s > d/p}, we have

(5.7) Ry < € (A2)%/ G5+

Combining (5.1), (5.2), (5.6) and (5.7), we arrive at, for r > 1, {p > 2 and
s>0}or {pell,2) and s >d/p},

R(f3, f) < C(A\)

The proof of Theorem 5.1 is completed. (I

2s/(2s+d)

5.2 Proof of Theorem 4.1. The proof of Theorem 4.1 is a consequence of The-
orem 5.1 above and Proposition 5.1 below. To be more specific, Proposition 5.1
shows that (a), (b) and (c) of Theorem 5.1 are satisfied under the following con-
figuration: ¢ , = ¢j,k and d5 ;. , = dj k. from (4.3), A, = /(Inn)/n, K is a
large enough constant, v = 2 and ¢ = 3.

Proposition 5.1. Suppose that H1, H3, H4 and H5 hold. Let ¢;; and dAjykyu
be defined by (4.3), and

JN—— L
n

Then

(i) there exists a constant C > 0 such that, for any j satisfying (Inn)? <
21 < p and k € D,

1
E((& —cjk)?) < c— (<ON2),

(ii) there exists a constant C > 0 such that, for any j satisfying 27¢ < n,
ke Djandue {1,...,29 -1},
E((djpu—dijg)) <Cn (=),
(iii) for k > 0 large enough, there exists a constant C' > 0 such that, for any
j satisfying (Inn)? < 294 <n/(lnn)*, k € Dj andu € {1,...,2% — 1},

5 K 1
P (|dj7k,u - djﬁk,u| Z 5)\71) § Cﬁ (S C)\i/wn) .
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PROOF OF PROPOSITION 5.1: The technical ingredients in our proof are suitable
covariance decompositions, a covariance inequality for a-mixing processes (see
Lemma 5.3 in Appendix) and a Bernstein-type exponential inequality for a-mixing
processes (see Lemma 5.4 in Appendix).

(i) Since E(Y1®, 1(X1)) = ¢k, we have

n
. 1 U
C',k*C',k:_E 05,k
J J n 3.k
1=

where
Uijk =Yi® ko (X;) — E(Y19, 1(X1)).
Considering the event A; = {|Yl| > /@*\/E}, where k, denotes a constant
which will be chosen later, we can split U; ; 1 as
Uije = Vije + Wik,
where
Vijk =Yi®;1(Xi)la, — EY1®;4(X1)14,)
and
Wik =Yi®;(Xi)1ae — E (Yltﬁj,k(Xl)lAg) .

It follows from these decompositions and the inequality (z + y)? < 2(z? + y?),
(z,y) € R?, that

2

R 1 -
E((¢jk — ¢jx)?) = = E <Zl Um:k)

1 n n 2

(5.8) = —E (Z Vijk + > ka)
=1 =1

2 ~ ? . ? 2

< 3 E <; Vz‘,j,k) +E (Z Wz]k) = F(S +17),

=1
where
S=V <Z Yicbj,k(xi)ui) , T=V <Z mqg,k(xi)uf) ,
i=1 i=1

and V denotes the variance.

Bound for S: Let us now introduce a result which will be useful in the rest of
study.
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Lemma 5.1. Let p > 1. Consider (1.1). Suppose that E(|£1]|P) < oo and H4
holds. Then

e there exists a constant C' > 0 such that, for any j > 7 and k € Dj,
E (|Y1®,,,(X1)|") < C274P/270;

e there exists a constant C' > 0 such that, for any j > 7, k € D; and
weil,..., 29 -1},

E (Y195, (X1)[") < C2040/270,
Using the inequality (>0, a;)’ < my ", a2, a = (ai,...,an) € R™, Lem-

ma 5.1 with p = 4 (thanks to H1 implying E(|& [P) < oo for p > 1) and 27¢ < n,
we arrive at

2
S<E <Z Y;®; 5 ( 1A7> <n’E ((Y1®;,1(X1))*14,)

<02\ [B((v19;4(X1))) P(A1) < Cn?20/2\/P(A))
< Onb/? P(Ay).

Now, using H4, H1 (implying (2.1)) and taking k. large enough, we obtain
P(A) < P& > svinn - K) < P (Jaa] > S vinn)

< 2&]6_”3 Inn/(802) _ 2wn—r€i/(802) < C% )
n

Hence
1
(5.9) S <on®?— —75 = Cn.
Bound for T: Observe that
(5.10) T < C(T + Tz),

where

Ty =nV (Yi®;(X1)1ae)
v—1

=D Cou (Yo®)k(Xo)Lag, Yed; (Xe)1ac)
v=2 (=1

and C,, denotes the covariance.
Bound for Ty: Lemma 5.1 with p = 2 yields

(5.11) T, < nE ((chpjyk(xl))? 1A;) <nE ((Y@j,k(xl))?) < On.
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Bound for Ty: The stationarity of (Y;, X;)ez and 27¢ < n imply that

n

T2 = Z (n - m)Cov (%(I)j,k(XO)]-AS7 Y;nq)j,k(XnL)]-Afn)
(5.12) ml
=n Z ’COU (YO(I)J’,k(XO)lAgaqu)j,k(Xm)lAgn)’ = n(T2,1 + T2,2),

m=1
where
[(Inn)/B]—1
T2,1 = Z ‘Cov (%(I)j,k(XO)]-A87 Y;nq)j,k(XnL)]-Afn) P
m=1
Tho = Z |Cov (Yo x(X0)Lag, Yo ®jk(Xm)Llae, )|
m=[(Inn)/p]

and [(Inn)/Q] is the integer part of (Inn)/B (where § is the one in H3).

Bound for Ty 1: First of all, for any m € {1,...,n}, let hey, x,.v,.,x,.) be the
density of (Yo, Xo, Yo, Xm) and h(y,, x,) the density of (Yp, Xo). We set

om(y, T, Yx, :L'*) = h(Yo,Xo,Ym,Xm)(ya Ty Yy l‘*)
(5.13) - h(YQ,Xo)(y7‘r)h(YU,Xo)(y*Vr*))
(Y, 2, ys, 24) € R x [0,1]¢ x R x [0,1]%.

For any (x,z.) € [0, 1]2, since the density of Xg is 1 over [0,1]¢ and using H5,

we have
/ / |9m(ya$ay*a$*)|dydy*

oo oo
< / / Ry, Xo, Yo, Xom) Us T, Ys, 1) dy dys
— 00 — 00

[e%e] 2
+ </ hivy, xo) (Y5 ) dy>

= 9(Xo,Xm) (T, ) F 1 < L+ 1.

(5.14)
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By a standard covariance equality, the definition of (5.13), (5.14) and Lemma 5.1
with p = 1, we obtain

‘Cov (5/0 7, k(XO)1A87KTL¢], an)]-AC )’

Vinn
= ‘/ / / / ya ,y*,l'*)
Vinn [0,1]4 0,1]4

X (y®;x(2)y«Pj i (z4)) dy do dy.dx,

Vinn Vinn
<[] ( i |y||y*||em<y,x,y*,x*>|dydy*>

X P ()] Pk (x4)| dz dxs

<F”' lnn/ / </ / ya ,y*,z*)|dydy*>
[0,1]¢ J[0,1]4

X | 1 (2)|| Pk (24) | dx dvs

2
<Clnn (/ [P, k()] dx) < Clnn 2774,
0,1]4

Therefore, since 274 > (Inn)?,

(5.15) Ty < C(lnn)?2791 < C.

Bound for Tz 2: By the Davydov inequality (see Lemma 5.3 in Appendix with
p=q=4), Lemma 5.1 with p = 4, 2/¢ < n and H3, we have

‘Cov (%q)j,k(XO)lAS7 Y;nq)j,k(XnL)]-Afnﬂ < C‘\/ aﬂb\/E ((S/Oq)jak(XO))4 1-»48)

< O\/_am\/ E ((Yo®;(X0))")
< CJam2i? < ce=Pm/2 /.
The previous inequality implies that

(516) T272 < C\/ﬁ Z e*ﬁm/Q < C\/ﬁef(lnn)/2 <C.
m=[(Inn)/p]

Combining (5.12), (5.15) and (5.16), we arrive at
(517) T2 § CTL(TQJ + T272) S Cn.
Putting (5.10), (5.11) and (5.17) together, we have

(5.18) T <Ti+T,<Cn.
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Finally, (5.8), (5.9) and (5.18) lead to
¢ 2 2 <ctn<col
E((Gr —cjp)’) S 5 (S+T) s Cgn<C—.

This ends the proof of (i).

(ii) Using E(Y19,1u(X1)) = djgw the inequality (3°1", a;))* < m®*> " af,
a=(a,...,a,) € R™, the Holder inequality, Lemma 5.1 with p = 4 and 2/¢ < n,
we obtain

4
. 1 n
E((djku = djku)') = —E <Z ViU, ku(Xi) E(mfﬂ,c,u(xl))))
=1

E((V1Vu(X1))*) < C24 < Cn.

The proof of (ii) is completed.

Remark 5.1. This bound can be improved using more sophisticated moment
inequalities for a-mixing processes (as [60, Theorem 2.2]). However, the obtained
bound in (ii) is enough for the rest of our study.

(iii) Since E(Y1¥; x.4(X1)) = dj k,u, we have

n

. 1
djkeu — djku = - E Pij ke,

i=1
where
Piiku =YV, (X)) —EMY;,u(X1)).

Considering again the event A; = {|Y;| > k.VInn}, where s, denotes a constant
which will be chosen later, we can split P; ;1 . as

By jku = Qi + Rijku,

where

Qijeu = YiViku(Xi)la, —EM1V; 50 (X1)14,)
and

Rijkw = Yi%jru(Xi)lac — B (Y10 10 (X1)14c) -
Therefore
(5.19) P (|djn = dikul > 3A) < I+ D,
where

1 K 1 K
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Bound for I;: The Markov inequality, the Cauchy-Schwarz inequality and Lem-
ma 5.1 with p = 2 yield

4
E
KNy, < —

n
Z Qi,j,k,u
i=1

< OV [ (0150(50)) PLAY < OV,

I <

) < CVRE(|Q1jkul) < CVRE (Y1954 0 (X1)| 14,)

Now, using H4, H1 (implying (2.1)) and taking . large enough, we obtain

P(A;) <P(|&] > wVInn— K) <P (|§1| > %\/hﬂ)

< 2&)6_”3 1nn/(8<72) — QWTL_K?*/(802) < C%
n

Hence

1 1
(5.20) L < C\/ﬁW < CE'

Bound for Is: We will bound I, via the Bernstein inequality for a-mixing process
described in Lemma 5.4 (see Appendix).

We have E(R; jx.) = 0 and, since [Y1|14: < wevVInn and | W), (2)] <
02742 < C\/n/(Inn)?,

|Rijkul <CVinn sup |¥;k.(z)] <CVinn v C i

z€[0,1]¢ (Inn)? - (Inn)3 "

Using arguments similar to the proofs of the bounds for T} and T»; in (i), for
any | < C'lnn, since 2/¢ > (Inn)?, we have

l l
A (Z Riyj,k,u> =V (Z Yi\Iljykyu(Xi)lAqg> < C(+1*mmn277%) < Cl.
=1 =1

Hence

l
le{{?éénb} (Z R 9k, ) Cm

i=1
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Lemma 5.4 applied with R1 j ku,--., Rujkus A = kAn/4, Ay = y/(Inn)/n, m =
[uInn] with u > 0 chosen later, M = Cy/n/(Inn)3 and H3 gives

KZM\2n M
I, < _ n - —Bm
2 —C(eXp( CDm/m+man) e )

oo [ — kZInn n/(lnn)3ne_ﬂu1nn
C( p< Cl+n\/(lnn)/nulnn\/n/(lnn)3> - (Inn)/n )

<C (n—CHz/(l-'rHu) + n2—ﬂu) )

IN

Therefore, taking u = /k (for instance) and « large enough, we have
1
(5.21) L<C—.
It follows from (5.19), (5.20) and (5.21) that
N K 1
P (| =yl = 5h) <+ 1 < C—.
This completes the proof of (iii). This ends the proof of Proposition 5.1. O

5.3 Proof of Theorem 4.2. The proof of Theorem 4.2 is a consequence of The-
orem 5.1 above and Proposition 5.2 below. To be more specific, Proposition 5.2
shows that (a), (b) and (c) of Theorem 5.1 can be applied under the following
configuration: ¢ , = ¢ , and Jf?’k,u = d;hu from (4.7), A\, = lnn/v/n, & is a
large enough constant, v =0 and o = 0.

Proposition 5.2. Suppose that H2, H3 and H4 hold. Let éjk and djku be
defined by (4.7), and

Inn
)\n - ﬁ
Then
(i) there exists a constant C' > 0 such that, for any j satisfying 2/¢ < n and
ke Dj,
(Inn)?

E((&—cix)?) <C (0N,

n

(ii) there exists a constant C' > 0 such that, for any j such that 2/¢ < n,
ke Djandue{l,...,29 -1},

E(d% g0 —dipa)) <C (=),



On the adaptive wavelet estimation of a multidimensional regression function 549

(iii) for k > 0 large enough, there exists a constant C' > 0 such that, for any
j satisfying 271 <n, k € D; and u € {1,...,2% — 1},

e K 1
P (|djy,w —djp] > §>\n) <O (SON/mn).

Proof of Proposition 5.2. Again the technical tools in this proof are suitable
covariance decompositions, a covariance inequality for a-mixing processes (see
Lemma 5.3 in Appendix) and a Bernstein-type exponential inequality for a-mixing
processes (see Lemma 5.4 in Appendix).

The following result will be useful in the sequel.

Lemma 5.2. Let ¢}, and J;ku be defined by (4.7). Suppose that H2 and H4
hold. Then
e there exists a constant C' > 0 such that, for any j > 7 and k € D,

n

> (Aijk —E(A1;x)

i=1

Inn
vn'

e there exists a constant C' > 0 such that, for any j > 7, k € D; and
ue{l,..., 29 -1},

+C

R 1
|C;,k - Cj,k| < n

n

Z(Bi,j,k,u —E(B1jku)

i=1

1

|d;,k,u - dj,k,ul < E

Inn
+C’%.

(i) Lemma 5.2 and the inequality (22 + y?) < 2(2? + y?), (z,y) € R?, yield

E((& ), —cix)®) <C <%V (i AW) * %)

(5.22)
1
< Cﬁ (S+T+n(lnn)?),
where
n v—1
S=nV (Al,j,k); T= ZZCOW (Av,j,kaAé,j,k) .
v=2 (=1

Bound for S: It follows from Lemma 5.1 with p = 2 that
(5.23) 8 < nE ((A154)%) < nE ((V19;4(X1))°) < Cn.

Bound for T: The stationarity of (Y, X¢)iez implies that

n

T = Z (TL - m)cov (AO,j,IW Anb,j,k)

m=1
= n(T1 —+ TQ),

n

S n Z |COU (AO,j,IW Anb,j,k)|

m=1

(5.24)
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where
[(Inn)/B]—1 n
Ti= > |Co(Aojks Amik)l,  To= > [Cou Aok Am k)|
m=1 m=((Inn)/8)

and [(Inn)/Q] is the integer part of (Inn)/B (where § is the one in H3).

Bound for Ty: The covariance inequality: C,,(U,V) < E(U?), where U and V
are identically distributed random variables admitting moments of order 2, and
Lemma 5.1 with p = 2 lead to

[(Inn)/B]—1
(525) Ti<C Y E((Ao;k)?) < ClnnE ((Yo®;x(Xo))?) < Clnn.
m=1

Bound for Tz: By the Davydov inequality (see Lemma 5.3 in Appendix with
p = q = 4), the Holder inequality, (Ao jx)* < n(Yo®;x(Xo))?, Lemma 5.1 with
p =2 and H3, we have

|Couv (Ao,j ks Amjik)| < Cv/am/E ((Aojx)?)
< Cfam/ny B (Yo 1(X0))?) < Ce ™/ /.

Owing to the previous inequality, we arrive at

(5.26) T, < Cv/n Z e P2 < O\ fme= /2 — ¢
m=[(lnn)/p]

Combining (5.24), (5.25) and (5.26), we obtain
(5.27) T <n(Th+T2) <Cnlan.
Finally, putting (5.22), (5.23) and (5.27) together, we have

(In n)Q.

1
B((& — ¢jx)*) < C— (S + T +n(lun)?) < C

This ends the proof of (i).
(ii) Using |d; x| < C (since f € Lo([0,1]%)) and |B; j k.u| < v/1/Inn, we have

S X 1< vn N
|4k = Dol S 1 gl + ldjeul <~ z; Bijhul +C < —+C<Cp—.
im
Moreover, proceeding as in the proof of (i) but with ¥, , instead of ®;, we
obtain

(Inn)?

n

E((d: ), — djra)?) <C

Jrkyu
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Therefore, we have

E((d} . — djka)’) < C

(Inn)?

E(( 7% _ dj,k,u)Q) <C n (11171)

<C.
Jkyu -~ (nn)?2 n

This finishes the proof of (ii).
(iii) For any j > 7, k € D; and u € {1,...,2% — 1}, set
Wik = Bijku — E(B1jku)-

Lemma 5.2 and A, = (Inn)/y/n imply that, for x large enough,
A K 1 |« K Inn
P(d’f —d; u>—)\n><P S Wigea| = o — 22
| 3,k 3,k | =9 = (n < Jiksu | = 2 ﬁ)

1 |— K
<P|= kel > o |

We will bound this probability term via the Bernstein inequality for a-mixing
process (see Lemma 5.4 in Appendix).
We have E(W1 j k..) = 0 and, since |B; j k.| < v/n/Inn, we get

n
(Wi jgeu| < 21£ .
nn

(5.28)

Arguments similar to the proofs of the bounds of S and T'in (i) with 1 <1 < C'lnn
lead to

l l
Y (Z Wi,j,k,u> =V <Z Bz-,j,k,u> <CU+1?) <12
=1

i=1

Hence

l
le{?,l..a.b,)ém} <Z 23k, ) sOm

i=1

Lemma 5.4 applied with W1 j kus---s Wajku, A = 6A/4, Ay = (Inn)//n,
m = [ulnn] with u > 0 chosen later, M = Cy/n/Inn and H3 gives

1 |w— K
P| - E ”'L ko > _>\n
<n 2J5ks =4 )

=1

KZA2n M
< _ n - —Bm
—C(eXp( CDm/ern)\an) e )

951
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ex 7 H2(1nn)2 \/ﬁ/ Inn nefﬁulnn
= C( p( Culnn+/@((1nn)/\/ﬁ)ulnn(\/ﬁ/lnn)> * (Inn)/y/n )

I<J2(hln)2 2 —Bulnn
C(exp (_Culnn(lJr/i)) e )

<C (nfc;{Z/u(lJrn) + n276u) )

IN

Therefore, taking u = /k (for instance) and « large enough, we have

n
E Wi jku
=1

It follows from (5.28) and (5.29) that

(5.29) P (%

K 1
> -\, | <C—.
— 4 ) - T nt

N K 1
P (|d; 0 — sl = §An) <0
This completes the proof of (iii). This ends the proof of Proposition 5.2. O

5.4 Proof of the auxiliary results.

PROOF OF LEMMA 5.1: Owing to E(|£|?) < oo, H4, the inequality |z + y[P <
2071 (|z|P + |y|P), (z,y) € R?, p > 1, the independence between X; and & and
the change of variables y = 272 — k, we obtain

E (V12 x(X1)[") < CE (K? + [61/7)1@;,5(X1) ")

= C(K? + E(|&[")E (12;,1(X1)[F) < C o) 1P 1 (2)[" dz
0,1]4

d
= C2Ir/? </ (272 — k)P d:c) < 294p/2=1)
[0,1)

The proof of the other point is similar; it is enough to replace ®; , by ¥; 1 .. This
ends the proof of Lemma 5.1. O

PRrROOF OF LEMMA 5.2: Since E(Y1®, x(X1)) = ¢k, we have

Cik = E(Al,j,k) + E (qu)j,k(Xl)l{Y1<I>j,k(X1)|> /1 ) ’

Inn

Therefore

n

> (Aijk —E(A1jx)

i=1

1
€5 = il < =

+E ('qu’jv’“(Xml{Y1<I>j,k<xl>>1ﬁ}) '
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Let us now bound the last term. The Markov inequality and Lemma 5.1 with
p =2 yield

Inn 9 Inn
E ('“‘I’MXl)|1{|y1q>j,k<x1>|>lﬂ ) < 7B (Me(X))) < 02,
that ends the proof of the first point. The proof of the second point is identical;
it is enough to replace ®; by ¥, .. Lemma 5.2 is proved. O

Appendix. In this section we give some preliminary lemmas which have been
used in the proofs of our main results.
Lemma 5.3 below presents a covariance inequality for a-mixing processes.

Lemma 5.3 ([25]). Let (Ay)iez be a strictly stationary a-mixing process with
mixing coefficient «,,, m > 0, and h and k be two measurable functions. Let
p > 0 and q > 0 satisfying 1/p+ 1/q < 1, such that E(|h(Ao)|P) and E(|k(Ap)|?)
exist. Then there exists a constant C' > 0 such that

|Cou((Ao). k(Am))| < Caygy /P9 (B(|h(A0)P))"/” (E(|K(Ao)| )"/
Lemma 5.4 below describes a concentration inequality for a-mixing processes.

Lemma 5.4 ([46]). Let (A)iez be a strictly stationary process with the m-th
strongly mixing coefficient «,,, m > 0, n be a positive integer, h : R — C
be a measurable function and, for any t € Z, Uy = h(A;). We assume that
E(U1) = 0 and there exists a constant M > 0 satistying |[U1| < M. Then, for any
m € {1,...,[n/2]} and X\ > 0, we have

1
p<_
n

where

n

>

i=1

A2n M
>A| <4 - 32— ms
= ) = eXp( 16(Dy/m + )\Mm/3)) sy

l
D,, = Vv U; | .
s (Z )
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