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Abstract

We investigate the asymptotic normality of the Nadaraya-Watson kernel regression es-
timator for irregularly spaced data collected on a finite region of the lattice Z? where d is
a positive integer. The results are stated for strongly mixing random fields in the sense of
Rosenblatt (1956) and for weakly dependent random fields in the sense of Wu (2005). Only
minimal conditions on the bandwidth parameter and simple conditions on the dependence

structure of the data are assumed.
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1 Introduction

In many situations, practicians want to know the relationship between some predictors and a
response. If the form of the functional relation is unknown then a nonparametric approach is
necessary. This is a natural question and a very important task in statistics. A very popular
tool to handle this problem is the Nadaraya-Watson estimator (NWE) introduced by Nadaraya
[21] and Watson [29]. In this work, we investigate the asymptotic normality of the NWE in
the context of dependent irregularly spaced spatial data. Let d, n and N be positive integers.
Let also (Y}, X;),cz« be a strictly stationary R x RN-valued random field defined on a probability
space (Q, F,P). We assume that the common law p of the random variables (X;);cz« is absolutely
continuous with respect to the Lebesgue measure on RN. We denote by f the unknown probability
density function of y. Let A, be a finite region of Z¢ and let (7;);cz¢ be iid R¥-valued random

1

© 2019 published by Elsevier. This manuscript is made available under the CC BY NC user license
https://creativecommons.org/licenses/by-nc/4.0/


https://creativecommons.org/licenses/by-nc/4.0/
https://www.sciencedirect.com/science/article/pii/S0378375818301435

variables with zero mean and finite variance and independent of (X;);cz«. The regression model is
characterized by the relation Y; = R(Xj, n;) for i in A, where R is an unknown functional. In our
setting, it is important to note that no regularity condition is imposed on A, which can be very
general (irregularly spaced data). The regression function r is defined for any x in RN by

_ ] E[R(x,m)]  if f(x)#0
r(x) = { E[Yy] else,

and the NWE r, of r is defined for any x in RY by
£ (=)

n) =1 T K(5)

1
) iez[\:,, Y; else,

where |A,| is the number of elements in the region A,, the function K : RY — R is a probability
kernel (that is foy K(t)dt = 1) and the bandwidth parameter b, is a positive constant going to
zero as n goes to infinity. For time series (i.e. for d = 1), the problem which we are concerned
has been extensively studied. One can refer, e.g., to Lu and Cheng [18], Masry and Fan [19],
Robinson [24], Roussas [27] and many references therein. In the spatial case (i.e. for d > 2),
some contributions for strongly mixing random fields were made by Biau and Cadre [1], Carbon
et al. [2], Dabo-Niang and Rachdi [3], Dabo-Niang and Yao [4], El Machkouri [7], E1 Machkouri
and Stoica [10], Hallin et al. [12] and Lu and Chen [16, 17]. The main motivation of this work is
to provide sufficient simple conditions for the NWE to be asymptotically normal in the context of
mixing but also non-mixing random fields. More precisely, we consider strongly mixing random
fields in the sense of Rosenblatt [25] and weakly dependent random fields in the sense of Wu [30]
(see also [11]). To the best of our knowledge, our work provides the first central limit theorem
(Theorem 2) for the NWE under minimal conditions on the bandwidth parameter and irregularly
spaced dependent spatial data (i.e. b, — 0 and |A,|bY — oo as n — o0). In particular, our
result improves in several directions a previous central limit theorem for the NWE for spatial
data established by [1] (see the comments after Corollary 1 below).

The paper is organized as follows. Our main results are stated and discussed in Section 2 whereas
proofs of the main results and its preliminary lemmas are deferred to Sections 4 and 5. Finally,
Section 3 is devoted to a numerical illustration of the central limit theorem obtained in Section 2.

if zieAnK<";ff) £0

2 Main results

Given two o-algebras U” and V, the a-mixing coefficient introduced by Rosenblatt [25] is
a(U, V) = sup{|P(An B)-P(A)P(B)|, A€ U, BE V}.

Let p be fixed in [1, +o0]. The strong mixing coefficients (a; ,(n))n>0 associated to (X;);z« are
defined by

a1 p(n) = sup {a(o(Xk), Fr), k € 72 T c7f, IT| < p, p(T, {k}) = n},
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where Fr = o(X;; i € T), [ is the number of element in I" and the distance p is defined for any
subsets I'; and I, of Z4 by p(I';,T;) = min{|i - j|, i € Iy, j € I} with |i - j| = max;<,<q|i; - ji| for
any i = (iy,..., ig) and j = (ji, ..., ja) in Z%. We say that the random field (X;)cz« is strongly mixing
if lim,_, a1 5(n) = 0. Let m be a positive integer. We are also going to establish our results for
Bernoulli fields of the form

XizG(ei_s;seZd), ieZ?, (1)

where G : (R’")Zd — RN is some function and (¢;),cz« are iid R™-valued random variables. Let
(ejf )jez¢ be an iid copy of (¢),ez« and let X; be the coupled version of X; defined by

X; =G(e,;s€Zf),
where ¢ = ¢ if j # 0 and ¢ = ¢, Note that X; is obtained from X; by replacing & by its copy
¢,. For any positive integer £ and any R’-valued random variable Z € IL?(Q, F,P) with p > 0,
we denote |Z], := E [||Z IP ] "? where || is the Euclidian norm of R’. Following Wu [30] and El
Machkouri et al. [11], we define the physical dependence measure

5i,p =X - Xi*”;b

as soon as X; is p-integrable for p > 2. We say that X is p-stable if )},.;4 J;, < oo. Physical
dependence measure should be seen as a measure of the dependence of the function G (defined
in (1)) in the coordinate zero. In some sense, it quantifies the degree of dependence of outputs
on inputs in physical systems and provide a natural framework for a limit theory for stationary
random fields (see [11]). In particular, it gives mild and easily verifiable conditions (see condition
(A3)(ii) below) because it is directly related to the data-generating mechanism. In mathematical
physics, various versions of similar ideas (local perturbation of a configuration) appear. One can
refer for example to Liggett [14] or Stroock and Zegarlinski [28]. As an illustration, the reader
should keep in mind the following two examples:

+ Linear random fields: Let (¢;);cz¢ be i.i.d R™-valued random variables such that ¢; belongs to
LP(Q,F,P), p = 2. The linear random field X defined for all i in 74 by

Xi = z Asgi—s

s€zd

where A; = (g, k1<t <n is @ N x m matrix such that 3 ;0 >0 .y Do) a2, < o is of the
1<k, <m T

form (1) with a linear functional G. For all i in Z¢,

N
Sip < leo = &lp x| 2 azz,kl,kz'
k1=1 kz 1

7

So, X is p-stable as soon as Y.,z \/Zﬁzl Yite1 @p g, < . Clearly, if H is a Lipschitz con-
tinuous function, under the above condition, the subordinated process Y; = H(X;) is also

p-stable.



« Volterra field : Another class of nonlinear random field is the Volterra process which plays
an important role in the nonlinear system theory. Let i € Z¢ and

Xi = Z aS],Sg gi—Sl gi—Sza

51,52€Zd
where aj ,, are real coefficients with a; ;, = 0if 5; = s, and (¢;);z¢ are i.i.d. real random
variables with ¢; in L(Q, F,P), p > 2. By the Burkholder inequality, there exists a constant
C, > 0 such that

8ip = Cpleo - 5(/)”10”50”;7 x |3 (ag; + ai,s)2
seZ4

So, X is p-stable as s00n as Y ez \ Yz (@i + ais)* < 0.

Let (b,),>1 be a sequence of positive real numbers going to zero as n goes to infinity. Denote
K,(x, v) = K (%2) for any (x,v) € RY x RY and any integer n > 1. If x € RY and f,(x) # 0 then
a(x) = @a(x)/fu(x), where
Dien, YiKalx, X;) Dien, Kn(x, Xi)

Al by [A|bY
Recall that f, is the classical Parzen-Rosenblatt estimator of the marginal density f of X, (see
[8, 9, 22, 26]). Similarly, if ¢ is the function defined for any x € RN by ¢(x) = r(x)f(x) then ¢, is
an estimator of ¢. In the sequel, we consider the following assumptions:

Pn(x) = and f,(x) =

(A1) Assume b, — 0 such that |A,|bY — oo and that K is symmetric, Lipschitz and satisfies
Kleo := sup, ey [K(1)] < 00, limyye [£] [K(£)| = 0, fon [K(£)|dt < 00 and foy [¢]* [K(£)|dE < oo
where | .| is the Euclidian norm on R".

(A2) There exists k > 0 such that |f, (x, y) - f(x)f(y)| < « for any (x, y) in R¥ x RY and any i in
Z9\{0}, where f,; is the joint density of (X, X;).

(A3) There exists 6 > 0 such that E [\Y0|2*9] < oo and one of the following condition holds:

i . . (2d-1)0+6d-2 0
(i) (Xi)iza is strongly mixing and ) n e a5 (n) < oo;
n=1
. . . d(BN+2)0%+(10N+8)0+8N) 6
(ii) (Xi)ieza is of the form (1) and ) |[i 2000+2)N 855" < oo.
i€z4
(A4) There exists 6 > 0 such that E [|Y0|2+9] < oo and the function x — E [‘I’p (1 Yo)) | X0 = x] is
continuous for p € {1,2,2 + 0} where ¥,(t) = t* for any real t. Moreover, the functions f
and ¢ are twice differentiable with bounded second partial derivatives.

Assumptions (A1), (A2) and (A4) are classical conditions in nonparametric statistics (see [2], [16]).
Moreover, one can notice that if 8 = oo then (A3)(i) and (A3)(ii) reduce to the conditions obtained

in [8] and [9] respectively where the asymptotic normality of the Parzen-Rosenblatt estimator is
established.

First, we show that ¢, and f, are asymptotically unbiaised estimators of ¢ and f respectively.



Theorem 1 Assume that f and ¢ are twice differentiable with bounded second partial derivatives
and fox I£)? [K(t)|dt < c0. Then

sup [E [f,(x)] - f(x)| = O (b;) and  sup [E[gu(x)] - ¢(x)| = O (b}).

x€RN x€RN

Consequently, if |A,|bY** — 0 as n — oo, then

lim IA[BY sup [E[f,(x)] - £(0)] = lim JIA[BY sup [E [,()] - o(x)] = 0.

x€RN x€RN

Our main result is the following central limit theorem for the NWE.

Theorem 2 If (A1), (A2), (A3) and (A4) hold, then for any x € RN such that f(x) > 0,

TR (o) - ) 2 (0, 000),

where o%(x) = % Jex Ke(t)dt and V(x) = E [Y2|X, = x] - r*(x).

Using Theorem 1, the condition |A,|bY** — 0 can be imposed for the control of the bias of the
estimator and leads immediately to the following corollary (its proof is left to the reader).

Corollary 1 If (A1), (A2), (A3) and (A4) hold and |A,|bY** — 0, then for any x € RN such that
f(x) >0,
JIABY (r(x) - r(x) ——— N (0,0%(x)).

n—

where o%(x) is defined in Theorem 2.

The asymptotic normality of r, given by Theorem 2 holds under mild conditions on the re-
gions A, and the bandwidth b,, that is b, — 0 and |A,|bY — oo. These conditions on the
bandwidth parameter are sometimes called minimal conditions since these are required for the
asymptotic normality of the Parzen-Rosenblatt estimator f, when the observations are assumed
to be independent (see [22]). To the best of our knowledge, Theorem 2 is the first central limit
theorem for the NWE under minimal conditions on the bandwidth and irregularly spaced de-
pendent spatial data. In particular, we improve in several directions Theorem 2.2 in [1] for
strongly mixing random fields where the authors considered a set of conditions on the band-
width parameter and the mixing coefficients interlaced in a complicated way. More precisely,
using ours notations, Theorem 2.2 in [1] gives the asymptotic normality of the NWE as soon
as [E[exp (|Yy|?)] < oo for some positive real 7, the regions A, are rectangular subsets of Z?
such that |A,|bY*? — 0 and |A,|bN0*29D Jog(|A,|)3¥" — oo for some 0 < & < 1/2, there ex-
ists g, — oo such that g2 = o (Y29 ]og(|A,)?"") and [A,] Y=, n% ' o1w(ng,) — 0 and
b0 (log(|A4)))*" Yinsan n®'al (n) — 0.In particular, it is assumed that Y | n‘"a (n) < c0. In
order to compare with our results, one can notice thatif § = 6/(2+6) €]0,1/2[ and E [| Y0|2+9] with
0 < 0 < 2 then (A3)(i) reduces to ) -, nd(g"s)‘lafoo(n) < oo, However, our main result holds even if
Y, does not have finite exponential moments and also for general regions A, (irregularly spaced
spatial data) and under only minimal conditions on the bandwidth (b, — 0 and |A,|bY — o).
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3 Numerical illustration

In order to illustrate the asymptotic normality of the NWE provided by Theorem (1), we are going
to consider two regression models where the predictors are given by an autoregressive random

field ( AR)) ()T and a Volterra random field ( ,Y"D) ())ez? respectively (see Model 1 and Model

2 below). In Model 1, the autoregressive random field ( fR)) (2 is defined by
X0 = 0.7X8Y + 0.15X5Y + &, (2)

where (¢;;)(;jez2 are iid real random variables (N = 1) with standard normal law. From [13], we
know that the stationary solution of (2) is the linear random field given by

S$1+ S s s
Xi(,j-\R) =y ) ( 5 >(O-7)1(0-15)2€i—51,j—sz- (3)

5120 5220

So, we fix a positive integer n; and we simulate the ¢;;’s over the grid [0, 2n;]* n Z? in order to get
the data Xl-(fR) for (i,j) in [ny + 1,2n,]* n Z* following (2) and (3). In Model 2, in order to consider
nonlinearity, we define

I S+ L=-8+h-—-9% + +
SEEER% 4 (| Gt L

5120 5,20 t1>s1 Ir>$y Sl tl - sl
Since
(Vol) _ S1t % 2 25
Xi)j - Z Z (07) 1(015) 26‘i—sl,j—szﬁi—sl,j—sz (4)
5120 50 $1
where

ﬁ Z Z ( )(0-7)t1(0-15)t2 Eity j-ty» (5)
tl >0 t2>0

we fix a positive integer n, and we simulate the ¢;;’s over the grid [0,4n,]* n Z* and we get the

data ;; for (i,j) in [2n, + 1,4n,]* n Z* using (5) and following the previous implementation of

(Xi(j‘R))(,-J)EZz. Starting from the data ¢;;;; for (i,j) in [2n; + 1,4n,]%, we simulate in the same way

the data X,.(’}]OD for (i,j) in [3n, + 1,4n,]? using (4). From the two data sets

Y,-(fR) = sin (X(AR)) + &5, (i) € [m +1,2m]° (Model 1)

and
YS’OI = sin (X(VOD) + &5, (i,J) € [3ny + 1,4m,)? (Model 2),

FAR(0) and |2y fY(0)n by, 1Y) (0) where

m'm n2'ny

(Vol)
~ 1 X
1 B
WO = e XK <—,’; ) :
ny (ij)€[ny+1,2n,]% ny

we consider 500 replications of \/ 2T FAR(0)n2 b

(AR)
~ 1 XN
0= 3 K <—;; ) ,
n (ij)€[ni+1,2n1]? ny



X0 (Vol) X(Vcl)

D i)elm1.2m ] Yl] 'K (b;) il tam] Yij K( » )

r(AR)(O) — 1 (Vol)(o) _ 2

m AR ; 2 p oD s
niby, fa, - (0) 5bnfn, (0)

the kernel K is Gaussian and the bandwidth parameters b,, and b,, are selected by cross validation.
So, in Figure 1 below, we obtain the histograms for

\/2\/_ anR) (0)n?b,, rnAR) 0) and \/2\/_ an"l) 0)n2b,, r’(1\2/o1 0)

with ny, n, € {10,30} along with the standard normal law.

Model 1 Model 2
[{=)
=t -
(=T 7 =1 _
m T - ] |
o = /._\‘
o | -
[
o
- d N
s 7 _
o = =
S T T I T T 1 S I — I T |
-3 -2 -1 0 1 2 3 3 -1 0 1 2 3 4
100 observations 100 observations
Model 1 Model 2
L
= - _ —
[=]
. a
= Y
‘;. - !
ol
a | o
(=)
; 7 g
o =
e g T | 1 1 2 T T T T T 1
-4 -2 0 2 4 -3 -2 1 0 1 2 3
900 observations 900 observations

ni 'y nz'ny

(Model 2) along with the standard normal density.

Figure 1: Histograms for \/Zﬁﬁf )(0)n2b,, r®®(0) (Model 1) and \/2\/— fnv"l) 0)n2b,, r¥Y(0)



4 Preliminary lemmas

In the sequel, for any sequences (a,),>1 and (b,),>; of real positive numbers, we denote a, = b,
if and only if there exists k > 0 (not depending on n) such that a, < «kb,. For any real x, we
define also [x] = | x| + 1, where | x| is the largest integer less than x. We shall need the following
technical lemmas.

Lemma 1 Assume (A1), (A2) and (A4) and let x € RN. If®; : R — R and ®, : R — R are two
functions such that x — E [®1(Y,)| X, = x] is continuous and the conditions sup, gy |P,(K(2))| < oo,
limyj o [£]|@2(K(2))| = 0 and fRN |, (K(t))| dt < oo are satisfied then

SRR SR B 0,0 = 2100 [ @) do

lim

n—oo b]ry
Moreover, we have also sup, . E [‘Kn(x, Xo)K,(x, X])H = bV,
J#0

Proof. Let x € RN and let n be a positive integer. It is obvious that
B[00 (,x X0 = [ B[, (50)] X = x - 08,] 4 (K(0) x - obr)d
RN
By Theorem 1A in [22], we have

lim E[®; (Yy) | Xo = x — vb,] D, (K(v)) f(x — vb,)dv

n—oo JpN
~E[0: (0)]X = 1£0) [ (k) do
Consequently,
i =2 VBB o, ()% - 310 [ @)@ @
n—o0 N RN

In the other part, keeping in mind assumptions (A1) and (A2) and using (6), we derive

sup E [‘Kn(x Xo)K, (x,X)‘ (/ |K,.(x, u)] du) + (E [|K(x, X0)|]) b2N

jEZd
Jj#0

The proof of Lemma 1 is complete. O

Lemma 2 If(A3) holds, then there exists a sequence (m,),>; of positive integers satisfying

o lim,_, e dom a” i) = if (A3)(i) holds
lim m, = +c0, lim mZb,‘i*g =0 and 79(N+§42|N| n (i) = 9 if (A3)(i)
e e WMy e bn 7 Y, 19657 = 0 if (A3)(ii) holds.

Notice that when |A,|bY — oo, we have m¢ = o (|A,)).
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Proof. First, we assume (A3)(i). So, we have E [|Y |2+9] <ooand )z i
0 >0.Let y >(4+ 6)/(2+0) be fixed and let (m,),.; be defined by

G af 9(|l|) < oo for some

1

L -ON
G 2*9(|l|) and v, = |b,"" .

_ON_
m, = max 4 v,, b,f(4+9)< >oli

[il>vn

Since v, — oo, we have m, — oo as n goes to infinity. Moreover,

d ON ,'9 7 d(4+0) ON
miby? < max{ b, ( Y | 29 0{2*9(| |) + bt —— 0.

|>Un n—oo

Since v, < m,, we have
1

a1 '
my, by > lZ i £ 052*9(’ )
|i|>my

Consequently,
y(2+6)-4-6
R 70 d(4+0) d(4+0) v@+0)
s aftin < (minB) 75 1 i < ( > 1% wazn)
li[>mp [i>my, [i|>mn
_oN
Since y > (4 + 0)/(2 + 0), we derive lim,,« bx*" 3 ;... af;f, i) = 0
Similarly, assume (A3)(ii) holds and define
di
—ON d((3N+2)0% +(10N+8)0+8N) _ _0_ ! ((N + 2)9 + ZN)(Q + 4)
- b0 8 057 :
m, = max 3 U, 202+ON ; with > .
" w | b <l|>zv,,H 1’2) 2000+ 2)N
Then, arguing as before, we derive
ON _ O(N+2)+2N 0
lim mibi? =0 and lim b, ™7 Y |i|46%° =
n—oo n—oo l|>mn
The details of the proof are left to the reader. The proof of Lemma 2 is complete. O

For any i in Z¢, any positive integer n and any x € R", we denote
Ki(x, Xi) - E [Kan(x, Xo)] YiKi(x, Xi) - E [YoKa(x, Xp)]

Lemma 3 Assume (A1) (A2) and (A4). If there exists 6 > 0 such that E [|Y0|2+9] < oo, then

ON
max{[Aolz.p . |Oolz.o} = bn*".

A, = and O, = (7)



Proof. Let 0 > 0 such that E [|Y0|2+9] < oo, we have

2 I X0, 2 (E [Kn(x, X))

[ PES
' by by

and
2 || YoKn(X, Xo)”gw 4 2 (E [YoKn(X, Xo)])2

[€0lz.p <
' by by

Keeping in mind that K|, := sup,;pv [K(#)| < c0 and using Lemma 1, we derive

E [[Ki(x, X)) = BY, B 1K, (x X001 | = 8,

E [|YoK,(x, X)**?] = bY  and ‘]E[YOK,,(x, XO)]‘ < bV

_oN
Consequently, we obtain max{|A|5,,|@ol5.4} = b»*’. The proof of Lemma 3 is complete. o

Lemma 4 Assume (A1), (A2) and (A4). Then, sup,.. E [|AoAj|] = bY. Moreover, if E [|Yo[**] < oo
0
for some 0 > 0 then

o o
supE [|®0®j|] =2 by’ and supE [|®0Aj|] =2 byl

Proof. Let j # 0 in Z%, then

E [IKn(x, Xo)Ka(x, X)|] + 3 (E [Ka(x, Xo)[])?
bN '

n

E [|80A)]] <

Applying Lemma 1, we get
supE [|AoA]] = b}
jezd
J#0

Let L > 1. We have

E [[Y5 YK (x, Xo)Ka(x, X)|| + 3 (B [|YoK,(x, Xo)|])?

by

E [|6,0/] < (8)

and

E [|Yo YK, (x, Xo)Kn(x, X)[] =E [|Y0Y; 1y, <z 1y 1<K, Xo)Ka(x, X))
+E [lYOYj 1y, 1<z Ty, - K, Xo)Ka(x, X)|]
+E [|Y0Yj 1y, Uy <K, Xo)Ka(x, X)”
+IE [|Y0Yj 1y, Uy Kn(x, XO)Kn(xs)(;')|] .

10



By Cauchy-Schwarz’s inequality, we derive
E [|Yo Y;Ka(x, Xo)Kn(x, X))|| SLE [[Kn(x, Xo)Kn(x, X;)]]
+ \/E [YOZKfl(x, Xo)] \/E [Yo2 1}y, - K (x, Xo)]

" \/E [ Y6 1K (6, X0) ] \/E [ VK2 (x, X)]
+E [Y7 1y, K (%, X0)] -

Let 0 > 0 such that E [|Y0|2“9] < oo. Applying Lemma 1, we get

E U Yy Yan(x> Xo)Ky(x, XJ)H

by

= Lzbfl\] + L% 1704 Lzbff + 1792, 9)

_aN
Making the choice L = b,** and combining (8), (9) and Lemma 1, we obtain

oN
supE [|©,0/]] = b:”.

Now,
E [|Y0Kn(x, Xo)K,(x, X)|] + 3E [| YoK, (o, Xo)|] E [|Kn(x, Xo)|]

by

E [|©04)] <

So, if L’ > 1 is fixed then

L'E [[Ka(x, X0)Ko(x, X)) E [[Yo] 1o K (o, X0) K36, X)) |
by ’ by
+ 3E [|Y0Kn(x, Xo)ﬂ E [|Kn(x, Xo)|]

by

E [|©,4)]] <

By Cauchy-Schwarz’s inequality, we get

E [ Yol Lo Ko, Xo)Kox, X)I] < L702[E [| Vo[22 (e, Xo) | E [K (. X0).

N
Appplying Lemma 1 and making the choice L’ = b,*’, we obtain

supE [|@A]] = L'bY + L% + b) = b
jezd
7#0

The proof of Lemma 4 is complete. O

The following proposition is a crucial tool in the proof of the asymptotic normality for the NWE
(Theorem 2) when the random field (X;),cz« is of the form (1).

11



Proposition 1 Let n and M be two positive integers and let x € RY. If A is a finite subset of 7.
and® : R — R is a measurable function such that |®(Y,)|,,, < oo for some 6 €]0, +co] then for any
family (c;)ien of real numbers and any (p, q) € [2, +00[x]0, +oo] such that p + q < 2 + 0, we have

P -9 9
> Wil <8pMIUKIECp, q) |3 c2bi" Y, 80,
ieA P ieA lil>M
where
m,n ‘= (I)(Yi)Kn(x: Xi) -E [(D(Yi)Kn(X, Xi)' Hi,M] 5 (10)
2prq L L |D(R(x, 10)) = P(R(Y, m0))
C(p, q) = 270 [©(Yo)] g KI5y + KIZ” | sup 3 :
(xRN xRN |x - ¥l
X#y P
and K K
M= o(ersslsl M) and Kl = sup o0 =KW
(x,y)eRN «RN ||X - y"

X#y

Proof. Let M and n be two positive integers and let x in RY and i in Z? be fixed. Recall that Y; =
R(X;, n;). We follow the same lines as in the proof of Proposition 1 in [11]. Let 2 < p < 2 + 0 and
denote by H,, the measurable function such that W;, = H,(H;.) with H;, = ¢ (qi, & s;SE Zd).
Then, we define the physical dependence measure coefficient 5,(’2) associated to W;, by 81-(;) =
IWin = Wi |, where W), = H,(H;)and H], = o (17,-, £ ¢3S € Zd) keeping in mind that ¢ = ¢ if
j # 0and ¢ = ¢ In other words, we obtain W, from W;, by just replacing ¢, by its copy ¢, (see
[30]). Let 7 be a bijection from Z to Z¢ and ¢ in Z be fixed. We define the projection operateur P, by
P, f = E[f|F;]-E[f|F;-1] for any integrable function f, where F;, = o (ET(S); s<t ) Consequently,
by stationarity, we have

[P Wi, = ”IE [Wonl T'F] - E [Wonl T'Fii]

where T'F; = ¢ (gf(s)_,-; s < f). Keeping in mind that W, = H, (H, ), we derive

00 0,00

Wi, = [B (1 () | 7] < (11, (HG2) | 772 | < [o1, 0t - 51, (1462)

‘P

where Hé’o? =0 (17, e;(f)_l., 535 € ZI\{i- T(t’)}). It means that H(()'cf,) is obtained from H, ., by
replacing ¢(,)-; by its copy €,,,_;. Consequently, using again the stationarity of the random field
and noting that

TT([)_iHO,oo =0 (Ui—r(f), Ei-r(0)-s3S € Zd) = Hi—T({’),oo;
TT([)_iH(()féi) =0 (’71’—1’([); 5(/): Eir(e)-s3 S € Zd\{i - T(f)}) = H;—f([)’oo5

we obtain

”PF M/i,n”p g “Hn (TT([)_iHO,OO> - Hn (TT([)_ZH(()T;?)H = ” M/i—‘r(t’),n - I/Vi*—'r({’),n
p

= s
=0, (D)

12



Moreover, since W;, = ).,z Pr Wi, we have

=2 X P W,

teZ jeA

2 G Win
JEA

P P

Since (Z jen GiPe Wj,n) rez is a martingale difference sequence with respect to the filtration (F;),cz,

the Burkholder inequality (see [6], remark 6, page 85) implies

s(zpz > s<2pz (zrcﬂnmwjmnp)) . (12)
» teZ teZ \JEA

Moreover, by the Cauchy-Schwarz inequality, we have

2

2 i Win

jeA

2, P Wi,
jEA

P

2
(Slol1PWal,) = Z EIRWi, x 12 W, (13)
jeA ieA jea

Using (11), we have sup,;, 3 icz¢ [Pe Wialp < iz 5;’;'7). So, combining (12) and (13), we obtain

2. Win

jeA

jezd €A ter

< <2p ¥ 5}?’;) YEY HP[WZ-,,[HP> )
P

Using (11) and keeping in mind that 7 is a bijection, we have sup,zi 3,7 [Pe Winlp < 3 ez 5](2)
Hence, we derive

< <zpz cf)z > 8. (14)

JeA jezd

2 G Win
JEA

P

Now, since
E [@(Y)Ka(x, Xp)|[Hin] = E [@R, 0:)Kn(x, X0)H; ] S

where H;,, = o (n;, &_,; |s| = M), we have

Wi, = ®ROG, 7)Ka(x, X)) - E [RROG, 7)Ka(x, X)) H; ] -
Moreover,
E [(Y)Ka(x, X)[Hiar] = E [@(Y)Ka(x, Xp)[Hins v H; ]
and
E [®(ROX;, 1:))Kn(x, X)) [H; ] = E [DROG, 7)) Kn(x, X0)H; 0 v Hing] -
Consequently,

8y = [Win = Wi|, < 2 [0R(X:, 1)K, Xi) = DRCX, 1i)Kn(x, X)), - (15)

13



Let L > 0 be fixed. From (15), we derive

5% < 2 [B(R(X;, 1)) (Ka(x, X)) ~ Kn(x, X)) = (@(R(X;. 1)) = B(R(X,, 1) Knl(x, X)),

[Q(R(x, 10)) = P(R(y, m0))|

5, i =
< 2L [Klp % + 4JKlL? [@(Yo)llg + 2Kl | sup

-
n (x,9)eRN xRN ”x - y” l
X#y p
Optimizing this last inequality in L, we get
(n) P -4 9
Sip < 2[K|STCp. q)br™ 513" (16)

where

[P(R(x, 10)) = PR(Y: m0))]

(x.y)eRN xRN |x - I
X#y

2p+q = =
C(p. q) = 2770 | D(Yo)]pq IKIGp + K"

P

Now, by stationarity, we have 5,»(’;? = |Win - WmHP < 2| W), Let £ > 0 be a fixed integer. We
denote by I, the set of all j in Z¢ such that |j| = £ and we define

£ £
a =Y |0l = 1+2d Y2 + 1)*
j=0 j=1

If u=(u,...,ug) and v = (vy, ..., v;) are distinct elements of Z¢, the notation u <j, v means that
either u; < v; or for some k in {2,...,d}, ur < vr and u; = v, for 1 < s < k (lexicographic order).
Let 7, :]0, +0o[nZ — Z be the bijection defined by

. T()(l) = 0,
e o(s) €T ifa,y <s<aand £ > 0,
o To(s) <pex To(t)if @y <s<t < ayand £ > 0.

LetGy = o (ryo,efo(s) 11<s< M) and recall that Hyy = o (1o, €55 |s| < M). Since 1 < s < gy if
and only if |7p(s)| = M, we have G,,, = H, . Consequently,

Won= Y, D, where D, =E][P(R(Xy, 10))Kn(x, X)|Gr] - E [P(R(Xo, 10))Kn(x, X0)|Gr-1] -

{>ay

Since (Dy),~, is a martingale difference sequence with respect to the filtration (G,),>1, we apply
Burkholder’s inequality ([6], remark 6, page 85) and we obtain

1/2
e, < (2 £ 10) a7
>aym
Let L > 0 be fixed. Denoting X(;’[ =G <’70s 5;0([), ;S E Zd\{—ro(f)}), we have
E [@(R(Xo, 70))Kn(x, X0)|Ge-1] = E [(I)(R(X(;,[s 10))Ka(x, X(;,e)|gf] .

14



Then

IDl, < [R(ROS, mo)Koe, X0) = R 1o Ko, ;)]

lp

= |@(ROG, 1) (Kaler, X0) = Kae, X)) = (S(ROG o) = SR, ) Ko X )]

L|K]y; O(R(x, n)) - D(R(y,
€ 8 | AR O K| sup 210D 0 )
(x, y)e]RN RN ”x - y"
X# y p

po-x,
p

n

Optimizing in L, we obtain

9
I, < KIE Cp. e o - X, |

lp <

Moreover, by stationarity, we have

Xo-X,,] = |6 (635 € 2%) - 6 (e ensis € ZN-nl@))]
= |G (£-a0)s3S € 27) = G (&, eq0y53 S € Zd\{_TO({))})Hp

= 1 Xn0) — X—*To({’)

|,
= 5—T0(f),P‘

So, we derive ,
IDe], < [K|&* C(p, g)b" "5_?:([) o (18)
Combining (17) and (18), we obtain

P - 9
||wo,nu,,<|K|fsq@c<p,q>bf:*q z 6_22@;, KIZ'J2pC(p. g)bi" z 5/ (19)

and
9

(n) e e !
sup 85 < 2| Waal, < 2J2pKE" Cp b7 3, 5 (20)
i€Z >
So, from (16) and (20), we get

9
2\/—|K|é’o"C(p q)b”(Md+ 1) z 5. (21)
l€Zd
Finally, combining (14) and (21), we derive
9
s 8P]\/IdlKl’”"C(P, 9 (Z Ciz) i > Oy

ieA |j[=M

Y ciWin

ieA

p

The proof of Proposition 1 is complete. O

Now, we denote by V(Z) the variance of any square-integrable R-valued random variable Z.

15



Lemma 5 Assume (A1) - (A4). For any x € RY such that f(x) > 0, we have
lim |88}V 0] = ) [ K0
n—oo RN
lim |86}V [1,09) = B [¥1 = 2] £ | K0yt
n—oo RN

l1m |AL|BY Cov [ @a(x), fu(x)] = r(x)f(x)/ KA(t)dt

Proof. Let n > 1 and x € RY such that f(x) > 0 be fixed. Then,

|An|bﬁlv [fn(x)] =

| n| ]EZd
Jj#0
Consequently,
MYV (01 - E [Af] | < % [E[20]],
jez
%0
where

E [K2(x, X)] - (E [Ka(x, Xo)))*
by '

n

E [A7] =
Applying Lemmas 1 and 4, we get

lim E [A7] = f(x) [ Ki(v)do

n—o0 RN
and o
su E[AA~]‘<bN<bm
p 083 =V x Un ,

jezd

0

where 0 > 0 is given by (A3). Similarly, we have
2
<2ieAn ®i )
[ Al

1,18YV [ga()] - E [6] | < =
i

ALYV [ga(x)] = E

jEZd

So, we derive

E[0.0]]),

where . 2
E [6(2)] _ E [YoKn(x, Xo)] ;}\EJE[YOKn(x: X)) ‘

n

Applying again Lemma 1, we obtain
lim E [0]] =E [Y¢| X = x| f(x) / K*(v)dv.
n—oo RN

16
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By Lemma 4, we have also
6N

sup |E [®O®j] = byt (27)
Arguing as before, we write
1
|An|bJrYCOV ((Pn(x)sfn(x)) =K [G)OAO] + ’A ’ Z |An n (An _])| E [QOA]] .
nl je d
%o
Consequently,
[ BY Cov (pu(x), £1() - E[@ss] | < 3, [E [@01] | (28)
iczd
o
where, using Lemma 1, we have
E | YoK2(x, Xo)| - E[YoK,(x, Xo)] E [K,(x, X,
B o, - B X)) BT Kol KB K ) it [ K.
n n—oo RN
By Lemma 4, we have also
o o
sup [E [@0]| = bi? < b (30)

jezd
%0

Now, we assume that (A3)(i) holds and we introduce the letter = which can be replaced in the
sequel by either A or ©. By Rio’s inequality (see [23]), for j # 0, we have

201,00 ([j])
E[25]] < 2/ O (wydu where Qs (1) = inf{t > 0|P(E| > 1) < u}.
0

Using Lemma 3 and noting that Q= (u) < u 1205, We derive

0

= 2+0 (|5 = 2 _% % ]
[E [205)]| = iU IEolk.0 = b2 2L (31)

Combining (24), (27) and (31) and using Lemma 2, we obtain

N % s

Y E [Eo5]| = mibi? + b0 Y a2 (lj)) ——— 0, (32)
jezd |j|>mp n—00

Jj#0

where m, is given by Lemma 2. Combining (22), (23), (25), (26) and (32), we get
lim A0}V 400) = () [ Ke0de and - Lim A0V [p,00) = E [ 1 % = x] f0) [ Ko
n—oo RN n—oo RN

Applying again Rio’s inequality, we have

(E [®0A,-” <2 /0 o Qo,(u)Qn, () du

17



and by Lemma 3, we derive

__N
Qo, (1) < w77 @l < w1 b, ™7 and  Qu(u) <
for any u €]0, 1[. Consequently, we obtain

w7 [Aoly,p <
Combining (30) and (33), we derive

E [00]] = b, 0027 (1)
)

jezd
Jj#0

E (@] =

db4+9 + b z+9 Z 0(“9 (Ul) > 0,
i[> n—oo
where m, is given by Lemma 2. Finally, combining (28), (29) and (34), we obtain

lim |A,|bY Cov [@u(x), fo(x)] = r(x)f x)/ K2(t)dt

-

=i
€A,

-E

2
iehn
Using Proposition 1 and Lemma 2, we obtain

2

n

+2

)y

i
€A,

|

2

|An|—1/2

(E _ E) < 2(2+0)
IGZA 1 1

n
2
In the other part, since (Z;),cz is 2m,-dependent, we have

)

|1&n| €A,
( A [ ]
€A,

(2my, + 1)° sup E [E =
Moreover, using (19) and Lemma 2 and noting that |=|, = 1, we have also
d&

> (3-5)
2 i€EA,

2

_O(N+2)+2N

|jl>mn

Y 5 ———0

and consequently

=K [Ei] +

1

|An| Jj€E

P>

Z4\{0}
j|<2my,

[An 0 (

- ) [E [EE]

1

[As]

sup[E [E5)]|
:o] _E[ ]

J#0

(37)
_6N+z)+ZN
2[Eolz [E0 = Eof, =

2(2+0)
n

0

>, Oy ———
|j1>m

18

n—oo

(
RN
From now on, we assume (A3)(ii) holds. Keeping in mind that = stands for either A or ©, we

define =; = E [H1|Hl m ] for any i in Z¢. Note that (Z;),cz¢ is a 2m,-dependent random field (it
means that if |i - j| > 2m, then Z; and E; are independent) and
2
2|(22)

(36)

ON
u 2+€ b 2(2+0)

(33)

(34)

(35)



So, using (23) and (26), we derive
lim E [5] = £)f () / KA (ndt (38)

where &£(x) = 1if = =Aand é(x) = E [YO2|XO = x] if 2 = ©. Similarly, using (19), we obtain

_ O(N+2)+2N 0
= = —_ — d - = — - 545
mi suplIE [Z0Z] | - [E [E05)] | < 2mf 120l [Bo - Zol, = b0 p TR —
]EZd >mn n—oo
j#0

ON
Using Lemma 4, we have sup,.,. |E [E E] | = by’ and consequently, by Lemma 2, we get

j#0
d d ON _ O(N+2)+2N 0
== 10 2(2+0) 70
m;, sup |E [._,0._,]-]) 2 myby’ + by Yy []| Y —— 0. (39)
jezd Ljl>mn
Jj#0

Combining (37), (38) and (39), we obtain

(EXA: Ei) ] = &(x)f (x) /RN K*(t)dt. (40)

o [A
Combining (35), (36) and (40), we get

1
e )

(z=) ] - £ [ Ko

So, we have shown
Tim A, BV [£,(0)] = f(x) /R K(dt and  lim ABYV (0] = E [¥1X = 2] £ /R K0t
Now, it sufficies to prove

lim 4,15 Cov [p,(3). () = r0f ) [ Kt

when (A3)(ii) holds. If we define

Y EK [ (x, Xi)|H; mn] and  ,(x) =

1
X =
fil) " A, IbN i€ |An| b} iR,

[ YK (x, X)|Him,]

then
|An|bnNC0V [‘/’n(x)’fn(x)] =G+ G+ G+ G,

19



where

Ci = [MnlBYE [(0a(x) = 3,(x)) (fulx) = f,(x))]
Co = [MlBYE [(0a(x) = 3,(x)) (fu(x) - E [f,(0)])]
Cs = [MfB)E [(7,(x) - B [3,()]) (fulx) = £,(x))]
Ci = [MlbYE [(9,(0) - E [9,(0)]) (f.(0) - E [f,0])] -
Using Proposition 1, we have
G| < —— 0,-0))| x A - A; ,,%Z”ZN 557 ) =o(1
|Gyl ™ ieZAn( )2 ™ ZEZA"( )2 ( |‘>2m|| ) o(1)
From (40), we have |A,[" ZjeAnzj’z = Tand [Ax[ ™ |13 en 9’”2 = 1. So
Gl <=3 ©@-8) =B &| =b T 3 65 = o
RN VW =t | RN W e M -
and
Gl < |5 a-B)| x =58 = b T % liE = o)
RN ] - i RN/ wE = A e '

Finally, since

C4 = E [@OZO] + z |An n (An _.])lE [@OZJ] 4

|An| jEZIN{0}

lil<2m,
we obtain
[®0A0] < (2my, +1)° sup [E [GOAj] ‘ (41)
jezd
j#0

Using (19) and keeping in mind that |A|, = 1 and |B], = 1, we have also

o o . _O(N+2)+2N
[E [86] - E [060]] < 10l [Bo = Aol + [Aol, |85 ~ O], = b, R

|i]>rmn

Moreover, using Lemma 1, we have

E[00A] = — (B [YoK2(x, X,)] - E [K,(x, X0)] E [ YKo, X0)]) ——— r(0f () [ Kt
b — e

and consequently, we obtain

lim E [@pA,] = r(x)f(x) / K*(t)dt. (42)
n—oo RN

Now, using (19) and Lemma 2, we have

O(N+2)+2N 0

mésup [E (6,8 - 8 [00] | < 2 (10l [ - Aol + 180l [8 - @0],) = b T U85 = o)
jezd li|>m
Jj#0

20



ON

oN N
Using Lemma 4, we have sup . |E [QOAJ-] ) = by < by and consequently, by Lemma 2, we get

J#0
_ ON _ O(N+2)+2N i
md sup |E [G)OA]»]) 2 miby? + by 7Y i85 ——— 0. (43)
S
Combining (41), (42) and (43), we obtain
Cy—> r(x)f(x)/ KA(t)dt
n—oo RN

The proof of Lemma 5 is complete. O

5 Proofs of Theorems

In this section, we present the proofs of Theorems 1 and 2.

Proof of Theorem 1. Let n > 1 be fixed. Since K is symmetric such that [, |v]* [K(v)|dv < oo
and f and ¢ are twice differentiable with bounded second partial derivatives, by Taylor’s for-
mula, we get

sup (B[] - 0 = sup | [ (7Gx~ obn) - f)K(@)de| = 8 [ [olF [KCodo
xeRN x€RN ' JRN RN
and
sup |E [¢n(x)] x)‘ = sup / (p(x — vb,) — p(x)) K(v)dv‘ = b,zl/ |9]? [K(v)|do.
x€RN xeRN ' JRN RN
The proof of Theorem 1 is complete. O

Proof of Theorem 2. Let n > 1 and x € RN such that f(x) > 0 be fixed. Then

Elen(0)] _ (@n(x) = E[@n(x)]) E [fa(x)] = (falx) - E [fa(x)]) E [@n(x)]

E [fu()] Jn(X)E [fu(x)]

Combining Lemma 5 and Theorem 1, we obtain that f,(x) converges in probability to f(x) as n —

co. Moreover, we have also lim,_,« ]i[[‘)’i((;))]] = r(x). So, using Slutsky’s lemma and assumptions

(A1) - (A4), it is sufficient to prove that
D IARIBY (a(x) = E [0a(0)]) + AanlIABY () - E[fu(2)]) — N (0.9°(x)).

where p*(x) = (A2E [YZ[X) = x| + 24 A,r(x) + A2) x f(x) Jon K2()dt for any (41, A,) € R?.

rn(x) -

Let (A4, A;) € R? be fixed. Then
MIALBY (n(x) = E [0n()]) + AofIAG]BY (Fu(x) - E [fu(0)]) = [A[2 X U,

i€A,
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where
(Al Yi + 22) Kn(x, Xi) = E[(A Y + A2) Ki(x, Xo)]

oY

with ©; and A; defined by (7). For the asymptotic normality of r, when (X;);cz« is of the form (1),
we are going to use an approximation by 2m,-dependent random fields. So, recall that H;,, =
o (i, &s; |s| < my,) and define

U Alg + Az

A =E[AHim ], ©;=E[0fH;n] and U,=10;+ LA, =E[U|H;n].

By construction, (U,);z« is 2m,-dependent (it means that if |i - j| > 2m, then U, and U; are
independent). So, if (A3)(ii) holds, applying Proposition 1 with ®(¢) = At + A, for any ¢ € R, then

O(N+2)+2N 0
- b T 202+0) Z ’ | 5 240 0 (by Lemma 2)
n—oo

2 [i|>my,

|An|—l/2 Z ([]I_ﬁl)

i€A,

Consequently, when (X;),cz« is of the form (1) it sufficies to establish the asymptotic normality of
nl ; ;. From now on, we denote
Ad "2 Y e, Ui F denot

7 - U, if (X));cza is strongly mixing
"1 U; if (X))cze is of the form (1)

and
M=) M if (X})ieze is strongly mixing
" | 2m, if (X})ga is of the form (1).
Lemma 6 lim,_,.E [Zg] = p?(x).
Proof. We have

E [0F] - E [(4 Yo + )* K (x, X0)] b—N(E (1Y + 22) K, Xo)))*

Applying Lemma 1, we get

lim E [U7] = E [(M Yo + )| X = x] f(x) / K*(t)dt = p*(x).
RN

n—oo

Moreover, by Proposition 1 and Lemma 2 and using |Uy|, = 1, we derive

O(N+2)+2N 0
< 2| U, “UO Uouz s b, * o HZ i 55° 2 T 0.
l>M —>00

‘E 72| -E (1]

So, lim, . [E [Uﬁ] = p*(x). The proof of Lemma 6 is complete. O
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Let (&);cz« be iid. normal random variables independent of (X;);z« and (7;);cz¢. Assume that
E[&]=0and E [&] = E [ZZ]. For any i € Z%, we define

Z i
Ti=— and vy = L
A Al

Let g be the unique function from [1, |A,|] n Z to A, such that g(k) <jex g(£) for 1 < k < ¢ < |A,),
where <, is the lexicographic order on Z?. For all integer 1 < k < |A,|, we put

k |An]
Seo(T) = 2 Ty and - Syp(¥) = 25 ¥

with the convention Sy()(T) = Sga,+1)(¥) = 0. Let ¢ be any measurable function from R to R. For

any 1 < k < ¢ < |A,|, we introduce the notation ,, = ¢ (Sg(k)(T) + Sg([)(y)). Leth : R - R

be a four times continuously differentiable function such that maxo<;<s [A” < 1. It suffices to

prove lim,_,, |L,| = 0, where
Zi &i )
h — || -E|h —
< iezA:,, w/|An|>] [ ( iez/\:n |An|

Using Lindeberg’s idea [15] (see also [5]), we have

L, :=E

A

Ly = E [ aen = hot] = Y B [Arger — Pecii]

k=1
|An|

= kZ (E [hk,k+1 - hk—l,k+1] -E [hk—l,k - hk—l,k+1] >
=1

Applying Taylor’s formula, we get

|An] 1 1
’ 2 ’7 ’ 2 ’7
L,= kZ_:l (E [Tg(k)hkl,ku + ETg(k)hk—l,kﬂ +y| -E [Yg(k)hkl,k+1 + EYg(k)hkfl,kH + Wk] )

where |y < Ty, (1A |Tyw|) and |we| < Yew (1 A |Yeuwl)- Since Yew and by, ;. are independent,

E [Yg(k)h;c—l,kﬂ] =0and E [Y;(k)] = M we obtain

[An] 2
" 5],
L, = [;1 E [ k)hk 1k+1] + E T g(k) — |A | hk—l,k+1 +E [Uk - Wk] .

Since & is a gaussian random variable with zero mean and variance E [Zoz] and E [ZOZ] <E [UOZ] ,

we have .
|Aq 3 2
A A
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By Lemma 1, We have E [UOZ] = 1 and consequently, we obtain lim,_, Zl,i\:“ll E[|wk|]] = 0. Let

:= (JA,[BY)? %00 Then,

A

E |U|2+0
kz::IE[|Uk| <4E[Z]+E [Zz \Zof>dunI2] ] < dE[U5] + i

diIA "
Using Lemma 3, we get

|An| 1

Y E[|lv|] = dn +
k=1

d, — 0.

- =2
d? (|A,| b oo

z2, -E 2]
(g()leo W1kt )I 0. (44)

For any integers n > 1 and 1 < k < |A,|, we define

(m _ ]
(M) _

Forany 1 < k < ¢ < |A,|and any function ¢ from R to R, we define also ¢}, = ¢ ( () (T) + Se(e) (y)).
Using Taylor’s formula, we have

’ (M,
Tewohirin = Tewhp v * Tet (Setk-n(T) - 5 2(D) W+ o

Now, we have to prove that

A

lim 3 (E [Tg(k)h;c—l,kn] +E

n—e 2

g(k) and |j - g(k)| > M,,} and Sg(k) = T.

i€E; ()

with
vl < 2 ’Tg(k Sytk-n)(T) = S (1) (1 A ISy (T) = Sk (T)l)‘

In order to obtain (44), we have to prove

|An|
,}EEOICZIE [ hk(Afnl)m] =0, (45)
tim 5 [T (S0 (D) - D) B2, =0 s)
Al
and N
tim % E[(Z - E[Z]) Waia] =0 )

First, we are going to prove (45). Since y is independent of T, then E [ Tymh' ( g(,ﬁl)(y))] = 0.
)

Consequently, if 7 is a one to one map from [1, |E§C")|] nZ to EEC") such that |(i)-g(k)| < |7(i-1)-g(k)]
then

EY|

[ g(k) hk(Afnku] =E [Tg(k) (hk Lk+1 -k (Sc(k+1)()’)))] = Z‘i Cov (Tg(k)’ﬁi - ,Bi—l) 5
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where §; = h’ (S,r(i)(T) + Sekr1) (y)) and Sy o)(T) = 0. If (X;),eza is strongly mixing then, using Rio’s
inequality ([23], Theorem 1.1) and keeping in mind that |7(i) - g(k)| = |7(i - 1) — g(k)|, we get

‘ [ hk(]vllnkﬂ]

For any u €]0, 1[, noting that A" is Lipschitz, we have

EP| 20 w(l(i)-g(R))

<2, Q1 (1) Qg (w)du.

0

Z u2 |Z
0||2+9 and Qﬁi—ﬁi_l (u) < 0||2+0 .
[An] [An]

.
Uu 2+0

QTg(k) (u) <

Moreover, by Lemma 3, we have | |5, < |Usl5.0 = bn 20 and consequently, we obtain

A (M) b 20 || E)
2 [Tewhii]| = kzlzlqu i) - g(k))) < “HZM o (i)

Using Lemma 2, we get (45).

The following lemma is a simple consequence of Lemma 4 (its proof is left to the reader).
ON
Lemma 7 sup,. K [|U0UJ|] =2 byl
j#0

Since (X);cz« is assumed to be strongly mixing, we have Z; = U, for any i € Z%. Using Lemma 2
and Lemma 4, we have

[An] Zi 0
S Elofl) < 2|zl T 1Zi|[1r 3§ PL|l <2 3 EQUu) @ M{bT —— 0
P <M <M An| il <Mn n—oo
i#0 i#0
and

[An| ) d LA&G N

k21 E [Tg(k) ( w-(T) = Su 5(k) (T)) k- 1k+1] < H; E{|IToUi] = M, by’ n—oo 0

— iI<Mpn

i#0
So, we obtain (46) and (47).
Now, it suffices to prove (48). Let 8 > 1 be a positive integer. In the sequel, for any j € Z¢,

the notation E4[Z;] stands for the conditional expectation of Z; with respect to the o-algebra
0 (Zi; i <iex jand |i - j| > ). Then,

1 ‘An‘
| |kz::1 E[(Zgz( E[Zz]) k- 1k+1] <L+ L,
where
1 o 2 ’” ] 2
Il = |An| P E [(Zg(k) ]Eﬂ[Z (k)]) k—l,k+1] and IZ = | n| P [( g(k)] E [Z ]) ke 1k+1]

The next result can be found in [20].
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Lemma 8 Let U and V be two o-algebras and let X be a random variable which is measurable
with respect to U". If 1 < p < r < oo, then

[E[X]V]-E[X]], < 22" + 1) (U, V))r " |X]..

Assume that (X;);czq is strongly mlxmg Using Lemma 8 with p = 1 and r = (2 + 6)/2 and keeping

in mind that |23, = |Usl5.p = bn 2o , we have
L <[EsZ81 - E[2]] < 60i2(8) 12l = 602 a2 (B).

Now, we make the choice

N
ﬂ — [bn (2d—1)9+6d—2“ . (49)
Consequently, using (A3)(i), we obtain
(2d-1)0+6d-2 Tge
L=p = aio(f) —— 0.

In the other part, noting that E [(Zg(k) - Eﬁ[Z;(k)]) h;ﬁﬁl?kﬂ] =0, we have

E [( g(k) Eﬂ[ ]) ;cl—l,k+1] =E I:(Z;(k) - Eﬂ[Z;(k)]) ( ;cl—l,k+1 - h;ﬁ?kﬂ)] .

So, we obtain

L <E||l2a (Z2 +Ep[22])|.
I1I<ﬁ

[7'

l<[

If L >0, then

Zi
_ZE[|ZOZ|]+2E (28 1s) +2|By [Z] -E[2]| +| X =) E[Z].

1 .
JIA l\:éi Ji<h, |AL|

_oN
Recall that Z; = U, for any i in Z¢. Since E [UOZ] s 1and |Uy|5,5 = bn**, we derive from Lemma 7
that

ON
dLpio oy nossd2 0 Z;
o PO eyt () R I
|An| NN
i<}ex0 2
Now, we make the choice
1
|A |2 (1+0)
L= 006N _ (50)

2 2(1+0)(4+0)
ﬁl

and we obtain

0 _ ed-N d-o+6d-2 0 Ui
N\Z0d  p,00Go0edineeds | ez o —
L= (JAalb) 7 b R SlCh P
i<p | An]
I<lex 2
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Moreover,

2
: 28+ 1) E [U?
Ul <(ﬁ YE[U] | 1
H<I3 n |An| |An| jezd

i<]ex0 Jj#0

-5, 81 0 (1-5. A1 - )| [E [t

< E |U?
) [Fll -2

Jj#0

E [tu]||

Using (32) and (34), we have )’ . |E

[Uo U]” = 0(1). Consequently, we get

j#0
2
U ﬁd 1 1

dON ~ N °

i \</3 Ayl gz |[Aq|b

i<1ex0 n |An|bn n

So, we obtain
) N e 1
N\ 2(1+0 (1+0)(4+0)((2d-1)0+6d-2) 240
L= (A BY) T x bIISCIED y GG i ()

JIAalby e

Finally, if (X;);cz« is strongly mixing, then (48) holds. In order to complete the proof of Theorem
2, we only need to prove (45), (46), (47) and (48) when (X;);cz« is of the form (1). So, assume that
(Xi)ieza is of the form (1) and (A3)(ii) holds. Then (Z)icz¢ = (U})ieze is M,-dependent. Conse-

quently, E [ wh ,C(Af ,)m] = 0 and (45) follows.

Lemma 9 sup. E [|Uoﬁj\] =0 (M,jd).
J#0

Proof. We have

sup

jezd
Jj#0

E [[T,T)l] - E [UUl]| < 21Ul [V - T, -

Combining (19), Lemma 2 and Lemma 7 and keeping in mind ||, = 1, we obtain

_ O(N+2)+2N 0

M¢ supE [[T,T,] = MIbi? + by 7 Y [jl467%7 =—— 0.
jezd l>Mp e
j#0
The proof of Lemma 9 is complete. O
Applying Lemma 9, we have
|Zi

|Anl
kZE[IvLI] S2E|[Z|| X 1Z]]|1A X
=1

[ <Mn i <Mn
i#0 i#0

<2y E|[[U,U]|] ——0
|An| <M n—o0
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and

\i\li/gn n—00

A
§ [T, <k>(g<k—1>(T)—S§(‘i”))(T)) h ]

So, we obtain (46) and (47). Moreover, we have

E [(Z§<k> -E [Zz]) hk 1\14k)+1] =E [(UZ’(k) -E [ ]) hk(q/fk)ﬂ] = 0.

Consequently,
1 (] 2 2 77 1 (s 772 772 12 " (My)
A kz=:1 E [(Zgw - EIZ31) B 1pn]| = e gl E [(Ug(k) -E [Uo]) (Mg - hk—l,k+1)]

<E (U§+E

Ul‘ -2
2|5 (@ s [e])]
<M [|A]

lex

As before, if L’ > 0, then using H U, 1Uol3. = bn 2 , we get

”2+0

MZL sup,.,. E [|U,U;j]

1 |A ‘]E E[zZ]) 2% ] Jj#0 + L'—@b_gTN + [UZ] Z Ui
|A = g(k) k-1,k+1 A n 0 iy A
I<]ex

2

Applying Lemma 9 and keeping in mind that E [Uoz] = 1 then

U ’ M, + l)dIE [ﬁz] ,
—| < [-M,,, M, -M,, M,]* = j)| |E |U,U;
ex 5
M — M
< ™ E [UOZ] + M? EEE [}UOUJ-H = A
j#0
Then,
1 A MdL/ supje#zg E [|U0U |] o a2
E [(Z%,, - E[Z2]) hY / L%, n
A kz=:1 [( g(k) [ o]) k—1,k+1] ™ + ™
For
, |An|21 0
L' = 1
1+0 ON
(M Sup, .« [|U0U |]> B0
j#0



we get

0

(Mg sup ..« E [T, )

1 1Al 0 M2
S B [(Z2 - BLZ) 1] | = N
i 11 (it = FLAD e (1Aa[ )T Al

Finally, using again Lemma 9 and keeping in mind that M? = o(|A,|) (see Lemma 2) we derive
(48). The proof of Theorem 2 is complete. O
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