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Abstract: In this note, we consider the estimation of an unknown func-
tion f for weakly dependent data (a-mixing) in a general setting. Our
contribution is theoretical: we prove that a wavelet hard thresholding es-
timator attains a sharp rate of convergence under the mean integrated
squared error (MISE) over Besov balls without imposing too restrictive as-
sumptions on the model. Applications are given for two types of inverse
problems: the deconvolution density estimation and the density estimation
in a GARCH-type model, both improve existing results in this dependent
context. Another application concerns the regression model with random
design.

AMS 2000 subject classifications: Primary 62G07, 62G20; secondary
60K35.

Keywords and phrases: Nonparametric statistics, a-mixing dependence,
Wavelets, Besov balls, Hard thresholding.

1. Introduction

A general nonparametric problem is adopted: we aim to estimate an unknown
function f via n random variables Vi, ..., V,, from a strictly stationary stochastic
process (Vi)icz. We suppose that (V;)iez has a weak dependence structure;
the a-mixing case is considered. This kind of dependence naturally appears
in numerous models as Markov chains, GARCH-type models and discretely
observed diffusions (see, e.g., Doukhan (1994), Carrasco and Chen (2002) and
Bradley (2007)). The problems where f is the density of Vi or a regression
function have received a lot of attention. A partial list of related works includes
Robinson (1983), Roussas (1987, 1990), Truong and Stone (1992), Tran (1993),
Masry (1996a,b), Masry and Fan (1997), Bosq (1998) and Liebscher (2001).
For an efficient estimation of f, many methods can be considered. The most
popular of them are based on kernels, splines and wavelets. In this note we deal
with wavelet methods that have been introduced in i.i.d.setting by Donoho and
Johnstone (1994, 1995) and Donoho et al. (1995, 1996). These methods enjoy
remarkable local adaptivity against discontinuities and spatially varying degree
of oscillations. Complete reviews and discussions on wavelets in statistics can
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Chesneau, C./Nonlinear wavelet estimation under a-mizing dependence 2

be found in, e.g., Antoniadis (1997) and Héardle et al. (1998). In the context
of a-mixing dependence, various wavelet methods have been elaborated for a
wide variety of nonparametric problems. Recent developments can be found
in, e.g., Leblanc (1996), Tribouley and Viennet (1998), Masry (2000), Patil and
Truong (2001), Doosti et al. (2008), Doosti and Niroumand (2009), Doosti et al.
(2010), Cai and Liang (2011), Niu and Liang (2011), Benatia and Yahia (2012),
Chesneau (2012, 2013a,b), Chaubey and Shirazi (2014) and Abbaszadeh and
Emadi (2013).

In the general dependent setting described above, we provide a theoretical
contribution to the performance of a wavelet estimator based on a hard thresh-
olding. This nonlinear wavelet procedure has the features to be fully adaptive
and efficient over a large class of functions f (see, e.g., Donoho and Johnstone
(1994, 1995), Donoho et al. (1995, 1996) and Delyon and Juditsky (1996)). Fol-
lowing the spirit of Kerkyacharian and Picard (2000), we determine necessary
assumptions on (V;):ez and the wavelet basis to ensure that the considered es-
timator attains a fast rate of convergence under the MISE over Besov balls.
The obtained rate of convergence often corresponds to the near optimal one
in the minimax sense for the standard i.i.d. case. The originality of our result
is to be general and sharp; it can be applied for nonparametric models of dif-
ferent natures and improves some existing results. This fact is illustrated by
the consideration of the density deconvolution estimation problem and the den-
sity estimation problem in a GARCH-type model, improving (Chesneau, 2012,
Proposition 5.1) and (Chesneau, 2013a, Theorem 2) respectively. A last part
is devoted to the regression model with random design. The obtained result
completes the one of Patil and Truong (2001).

The organization of this note is as follows. In the next section we describe
the considered wavelet setting. The hard thresholding estimator and its rate
of convergence under the MISE over Besov balls are presented in Section 3.
Applications of our general result are given in Section 4. The proofs are carried
out in Section 5.

2. Wavelets and Besov balls

In this section we introduce some notations corresponding to wavelets and Besov
balls.

2.1. Wavelet basis

We consider the wavelet basis on [0, 1] constructs from the Daubechies wavelets
db2N with N > 1 (see, e.g., Daubechies (1992)). A brief description of this basis
is given below. Let ¢ and ¥ be the initial wavelet functions of the family db2N.
These functions have the particularity to be compactly supported and to belong
to the class C* for N > 5a. For any j > 0, we set A; ={0,...,27 — 1} and, for
k 6.Aj7

Gik(@) =220(2x —k),  Yx(x) =222z — k).
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With appropriated treatments at the boundaries, there exists an integer 7
such that, for any integer ¢ > 7, B = {¢p 1, k € Ap; jp; j € N—={0,...,0—
1}, k € A;} is an orthonormal basis of L?([0, 1]), where

1 1/2
L*([0,1]) = {f H0,1] = Ry [Ifl2 = (/0 If(x)Ide) < OO}~

For any integer ¢ > 7 and f € L?([0,1]), we have the following wavelet expan-
sion:

fx) = Z cekdek(T) + Z Z dj k¥ k(T), z € [0,1],
KEA, J=C kEA,

where ¢;;, and d; , denotes the wavelet coefficients of f defined by

1 1
cj7k:/0 f(@)¢jr(z)dx, dj7k:/0 f(@)Y) k(x)d. (2.1)

Technical details can be found in, e.g., Cohen et al. (1993) and Mallat (2009).

In the main result of this paper, we will investigate the MISE rate of the
proposed estimator by assuming that the unknown function of interest f belongs
to a wide class of functions: the Besov class. Its definition in terms of wavelet
coeflicients is presented below.

2.2. Besov balls

We say that f € B, (M) with s > 0, p,r > 1 and M > 0 if and only if there
exists a constant C' > 0 such that the wavelet coefficients of f given by (2.1)
satisfy

1/p\ " 1/r

1/p o
97(1/2-1/p) <Z |CTk|p> + Z 9d(s+1/2-1/p) Z \d; i |P < C,

kEA, j=r ke

with the usual modifications if p = oo or 7 = co. Note that, for particular choices
of s, pand r, B, (M) contains the classical Holder and Sobolev balls (see, e.g.,
Meyer (1990) and Hérdle et al. (1998)).

Remark 2.1. We have chosen a wavelet basis on [0,1] to fix the notations;
wavelet basis on another interval can be considered in the rest of the study with-
out affecting the results.

3. Statistical framework, estimator and result
3.1. Statistical framework

As mentioned in Section 1, a nonparametric estimation setting as general as
possible is adopted: we aim to estimate an unknown function f € L2([0,1]) via
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n random variables (or vectors) Vi,...,V, from a strictly stationary stochastic
process (V;)iez defined on a probability space (2, A, P). We suppose that (V;)iez
has a a-mixing dependence structure with exponential decay rate, i.e., there
exist two constants v > 0 and 6 > 0 such that

sup (e‘gmam) <7,
m>1
where o = SUP(a pyeFv_  xFY IP(ANB) —P(A)P(B)|, F¥ o is the o-
algebra generated by the random variables (or vectors) ..., V_1,V and .F,‘,f’oo
is the o-algebra generated by the random variables (or vectors) Vp,, Vina1, - ...
The a-mixing dependence is reasonably weak; it is satisfied by a wide variety
of models including Markov chains, GARCH-type models and discretely ob-
served diffusions (see, for instance, Bradley (2007), Carrasco and Chen (2002),
Doukhan (1994) and Genon-Catalot et al. (2000)).
The considered estimator for f is presented below.

3.2. FEstimator

We define the wavelet hard thresholding estimator f by

F@) =" tiortbion@)+ Y > Czj,kl{mj,k\ij}wj,k(%)a (3.1)

keA;, Jj=jo k€A

where

Cik =

S|

n R 1 n
> oaldim Vi), djk = - ;qwj,m Vi), (32)

i=1

1 is the indicator function, x > 0 is a large enough constant, jy is the integer
satisfying

270 = [t Inn], (3.3)

where [a] denotes the integer part of a, j; is the integer satisfying

[l
A = 2”@' (3.5)

Here it is supposed that there exists a function ¢ : L%(]0,1]) x V1(2) — C such
that

and
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(H1) for v € {¢,v}, any integer j > jo and k € A;,

E (q(y, V1)) = / F (@) 0 (@) de,

where E denotes the expectation,
(H2) there exist two constants, C' > 0 and p > 0, satisfying, for v € {¢, ¢}, for
any integer j > jo and k € A;,

(1) sup,evi () la(y)x )| < C20921/2,
(ii) E (|Q('Yj,ka V1)|2) < (0229,
(iii) for any m € {1,...,n — 1},
1Couv (@(Vj,k» Vint1)s a(vj, V1)) | < C2%7977,

where C,, denotes the covariance, i.e., Coy(X,Y) = E(XY)-E(X)E(Y),
Y denotes the complex conjugate of Y.

For well-known nonparametric models in the i.i.d. setting, wavelet hard thresh-
olding estimators and important results can be found in, e.g., Donoho and John-
stone (1994, 1995), Donoho et al. (1995, 1996), Delyon and Juditsky (1996),
Kerkyacharian and Picard (2000) and Fan and Koo (2002). In the a-mixing
context, f defined by (3.1) is a general and improved version of the estimator
considered in Chesneau (2012, 2013a). The main differences are the presence
of the tuning parameter p, and the global definition of the function ¢ offering
numerous possibilities of applications. Three of them are explored in Section 4.

Comments on the assumptions. The assumption (H1) ensures that (3.2)
are unbiased estimators for ¢; , and d; ;, given by (2.1), whereas (H2) is related
to their good performance. See Proposition 5.1 below. These assumptions are
not too restrictive. For instance, if we consider the standard density estimation
problem where (V})¢ez are i.i.d. random variables with bounded density f, the
function (v, x) = y(z) satisfies (H1) and (H2) with p = 0 (note that, thanks
to the independence of (V});ez, the covariance term in (H2)-(iii) is zero). The
technical details are given in Donoho et al. (1996).

Lemma 3.1 below describes a simple situation in which the assumption (H2)-
(iii) is satisfied.

Lemma 3.1. We make the following assumptions.

(F1) Let u be the density of Vi and, u, v,,.,) be the density of (V1, Viuy1) for
any m € Z. We suppose that there exists a constant C' > 0 such that

sup sup U, V) (T,9) — u(@)u(y)] < C.
me{l,...,n—1} (z,y) EV1(Q) X Vit 1(Q)

(F2) There exist two constants, C > 0 and p > 0, satisfying, for v € {¢, v},
for any integer j > jo and k € A;,

/ lq(vjk, x)|dx < C2ri9=i3/2 .
Vi ()
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Then, under (F1) and (F2), (H2)-(iii) is satisfied.

3.3. Result

Theorem 3.1 below determines the rate of convergence attained by f under the
MISE over Besov balls.

Theorem 3.1. We consider the general statistical setting described in Subsec-
tion 3.1. Let f be (3.1) under (H1) and (H2). Suppose that f € By (M) with
r>1,{p>2and s e (0,N)} or {p € [1,2) and s € ((2p+1)/p,N)}. Then
there exists a constant C > 0 such that

B (1 - 71g) < o (2

2s/(2s+2p+1),

) 2s/(2s+2p+1)

The rate of convergence “((Inn)/n) ’ is often the near optimal one
in the minimax sense for numerous statistical problems in a i.i.d. setting (see,
e.g., Hardle et al. (1998) and Tsybakov (2004)). Moreover, note that Theorem
3.1 is flexible; the assumptions on (V;)iez, related to the definition of ¢ in (H1)
and (H2), are mild. In the next section, this flexibility is illustrated for three
sophisticated nonparametric estimation problems: the density deconvolution es-
timation problem, the density estimation problem in a GARCH-type model and
the regression function estimation in the regression model with random design.

4. Applications
4.1. Density deconvolution

Let (Vi):ez be a strictly stationary stochastic process such that
‘/;5 :Xt+€tu t€Z7 (41)

where (X¢)iez is a strictly stationary stochastic process with unknown density
f and (e;)iez is a strictly stationary stochastic process with known density g.
It is supposed that e; and X; are independent for any ¢ € Z and (V;)iez is a
a-mixing process with exponential decay rate (see Subsection 3.1 for a precise
definition). Our aim is to estimate f via Vi,...,V,, from (V})icz. Some related
works are Masry (1993), Kulik (2008), Comte et al. (2008) and van Zanten and
Zareba (2008).
We formulate the following assumptions:

(G1) The support of f is [0, 1].
(G2) There exists a constant C' > 0 such that

sup f(z) < C < 0.
z€eR
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(G3) Let u be the density of V. We suppose that there exists a constant C' > 0

such that
supu(z) < C.
zeR
(G4) For any m € Z, let u(y, v, ,) be the density of (Vi,V;,41). We suppose

that there exists a constant C' > 0 such that

sup  sup  ww,v,,..)(@,y) <C.
meZ (z,y)ER?

(G5) For any integrable function 7, we define its Fourier transform by
Fo)Xo = [ awe iy, aek

We suppose that there exist three known constants C > 0, ¢ > 0 and
0 > 1 such that, for any = € R,

e the Fourier transform of g satisfies

c
| F(g9)(x)| > Wa
e for any ¢ € {0, 1,2}, the ¢-th derivative of the Fourier transform of g
satisfies o
F Ol < ———.
[(F(g) ()] < G

We are now in the position to present the result.

Theorem 4.1. We consider the model (4.1). Suppose that (G1)-(G5) are sat-
isfied. Let [ be defined as in (3.1) with

1O,
095 | i " 2

where F (7)(y) denotes the complex conjugate of F () (y) and p = (appearing
in (G5)).

Suppose that f € By (M) withr > 1, {p > 2 and s € (0,N)} or {p € [1,2)
and s € ((26 +1)/p, N)}. Then there exists a constant C > 0 such that

B (1f - 113) < 0 (=

Theorem 4.1 improves (Chesneau, 2012, Proposition 5.1) in terms of rate of
convergence; we gain a logaritmic term.

Moreover, it is established that, in the i.i.d. setting, “((Inn)/n)
is

) 2s/(2s+2641)

2s/(2s+2641)y
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e exactly the rate of convergence attained by the wavelet hard thresholding
estimator,
e the near optimal rate of convergence in the minimax sense.

The details can be found in Fan and Koo (2002). Thus Theorem 4.1 can be
viewed as an extension of this existing result to the weak dependent case.

4.2. GARCH-type model

We consider the strictly stationary stochastic process (V;)icz where, for any
teZ,
Vi =017, (4.3)

(02)4ez is a strictly stationary stochastic process with unknown density f and
(Zi)tez is a strictly stationary stochastic process with known density g. It is
supposed that o? and Z; are independent for any t € Z and (V;)ez is a a-
mixing process with exponential decay rate (see Subsection 3.1 for a precise
definition). Our aim is to estimate f via Vi,...,V,, from (V})icz. Some related
works are Comte et al. (2008) and Chesneau (2013a).

We formulate the following assumptions:

(J1) There exists a positive integer § such that

g(z) = (5_11)!(—11133)5_1, z € 10,1].

Let us remark that g is the density of H?Zl U;, where Uy,...,Us are 0
ii.d. random variables having the common distribution #([0, 1]).

(J2) The support of f is [0,1] and f € L2([0,1]).

(J3) Let u be the density of V;. We suppose that there exists a constant C' > 0
such that

supu(z) < C.
z€R

(J4) For any m € Z, let u(v, v, .,y be the density of (V1,V;,41). We suppose
that there exists a constant C' > 0 such that

SUp  SUP UGy, v,,0) (7,y) < C.
meZ (z,y)ER?

We are now in the position to present the result.

Theorem 4.2. We consider the model (4.3). Suppose that (J1)-(J4) are sat-
isfied. Let f be defined as in (3.1) with

q(v, ) = Ts(v)(z), (4.4)

where, for any positive integer £, T(v)(z) = (zy(z))" and Te(y)(x) = T(Te—1(7))(x)
and p =0 (appearing in (J1)).
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Suppose that f € By (M) withr > 1, {p > 2 and s € (0,N)} or {p € [1,2)
and s € ((20 +1)/p, N)}. Then there ezists a constant C > 0 such that

(1 - 113) < 0 (2"

Theorem 4.2 significantly improves (Chesneau, 2013a, Theorem 2) in terms
of rate of convergence; we gain an exponent 1/2.

> 2s/(25+28+1)

4.3. Nonparametric regression model

We consider the strictly stationary stochastic process (V;)icz where, for any
te Za ‘/;5 == (}/;hXt)a
Y, = f(Xy) + &, (4.5)

(X4)tez is a strictly stationary stochastic process with unknown density g,
(&t)tez is a strictly stationary centered stochastic process and f is the unknown
regression function. It is supposed that X; and &; are independent for any t € Z
and (V;)iez is a a-mixing process with exponential decay rate (see Subsection
3.1 for a precise definition). Our aim is to estimate f via V1, ..., V,, from (V})iez.
Applications of this problem can be foud in Hardle (1990). Wavelet methods can
be found in Patil and Truong (2001), Doosti et al. (2008), Doosti et al. (2010)
and Doosti and Niroumand (2009).
We formulate the following assumptions:

(K1) The support of f and g are [0,1] and f and g € L%([0,1]).
(K2) & () is bounded.
(K3) There exists a constant C' > 0 such that

sup |f(z)] < C.
z€[0,1]

(K4) There exist two constants ¢, > 0 and C' > 0 such that

e < inf g(z), sup g(z) <C.
z€[0,1] z€[0,1]

(K5) Let u be the density of V;. We suppose that there exists a constant C' > 0
such that

sup  u(z) <C.
z€RX[0,1]

(K6) For any m € Z, let u(y, v,,.,) be the density of (Vi,V,,41). We suppose
that there exists a constant C' > 0 such that

sup sup u(VthH)(x,y) <C.
meZ (z,y)€(Rx[0,1]) x (Rx[0,1])

We are now in the position to present the result.
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Theorem 4.3. We consider the model (4.5). Suppose that (K1)-(K6) are sat-
isfied. Let f be the truncated ratio estimator:

z)

>
(43
—~

= 1 S 4
f(z) 3() LUs@Ize 21 (4.6)
where
e 0 is defined as in (3.1) with
q(, (z, 24)) = zy(2s) (4.7)
and p =0,
e g is defined as in (3.1) with X, instead of V;,
q(v, z) = y(x) (4.8)
and p =0,

e c, is the constant defined in (K4).

Suppose that fg € B, (M) and g € By, (M) with r > 1, {p > 2 and
s€(0,N)} or{p€[1,2) and s € (1/p, N)}. Then there exists a constant C > 0

such that
A Inn
— flI2) < -
E(If - £13) _c( -

The estimator (4.6) is derived by combining the procedure of Patil and Truong
(2001) with the truncated approach of Vasiliev (2012).

Theorem 4.3 completes Patil and Truong (2001) in terms of rates of conver-
gence under the MISE over Besov balls.

) 2s/(2s+1)

Remark 4.1. The assumption (K2) can be relazed with another strategy to the
one developed in Theorem 4.3. Some technical elements are given in Chesneau

(2013b).

Conclusion. Considering the weak dependent case on the observations, we
prove a general result on the rate of convergence attains by a hard wavelet
thresholding estimator under the MISE over Besov balls. This result is flexible;
it can be applied for a wide class of statistical models. Moreover, the obtained
rate of convergence is sharp; it can correspond to the near optimal one in the
minimax sense for the standard i.i.d. case. Some recent results on sophisticated
statistical problems are improved. Thanks to its flexibility, the perspectives of
applications of our theoretical result in other contexts are numerous.

5. Proofs

In this section, C' denotes any constant that does not depend on j, k and n. Its
value may change from one term to another and may depend on ¢ or .
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5.1. Key lemmas

Let us present two lemmas which will be used in the proofs.
Lemma 5.1 below shows a sharp covariance inequality under the a-mixing
condition.

Lemma 5.1 (Davydov (1970)). Let (Wi)iez be a strictly stationary a-mizing
process with mizing coefficient a,,, m > 0, and h and k be two measurable
functions. Let p > 0 and g > 0 satisfying 1/p+1/q < 1, such that E(|h(W1)[?)
and E(|k(W1)|?) exist. Then there exists a constant C > 0 such that

|Cou (R(W1), E(Wins1))| < Cali VP~ a (E(|R(W1)[P)) /P (E(|k(W1)]7)) /9.

Lemma 5.2 below presents a concentration inequality for a-mixing processes.

Lemma 5.2 (Liebscher (2001)). Let (Wi)icz be a strictly stationary process
with the m-th strongly mizing coefficient a,,, m > 0, n be a positive integer,
h:R — C be a measurable function and, for anyt € Z, Uy = h(W;). We assume
that E(U1) = 0 and there exists a constant M > 0 satisfying |Uy| < M. Then,
foranym e {1,...,[n/2]} and A > 0, we have

1 n
]P’(n S U

i=1
where

A2n M
>\ <dexp (- 32 N,
= > = eXp< 16(Dm/m+)\Mm/3)) ol

!
Dy = ML
le{llq.,légm} (Z; >

5.2. Intermediary results

Proof of Lemma 3.1. Using a standard expression of the covariance, and (F1)
and (F2), we obtain

1Cov (a(Vjk> Vint1)s 4(Vj 0, V1)) |

Lo il i, o.9) — ula)uty)dody
Vi(Q) JVi(Q)

< [ O Dl s vy (2:9) — )l dady
Vi(Q) JVi(Q)
2
< C / lg(vj,x)ldx | < C2%ri9—3
Vi(Q)
This ends the proof of Lemma 3.1. 0

Proposition 5.1 below proves probability and moments inequalities satisfied
by the estimators (3.2).
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Proposition 5.1. Let &; 1 and Bj,k be defined as in (3.2) under (H1) and
(H2), jo be (3.3) and j1 be (3.4).

(a) There exists a constant C > 0 such that, for any j € {jo,...,j1} and
ke Aj,
1
E (Iéj,k - Cj,klz) < 02%7 ~
n
and

. 2 1
E (‘dj,k — di| ) < 920~

n

(b) There exists a constant C' > 0 such that, for any j € {jo,...,j1} and
ke Aj,

R 4 .
E Odj,k - djvk‘ ) < 9t

(c) Let \; be defined as in (3.5). There exists a constant C' > 0 such that, for
any k large enough, j € {jo,...,j1} and k € A;, we have

) 1
P (1ds — dyul = 12i/2) < o=

Proof of Proposition 5.1.
(a) Using (H1) and the stationarity of (V;)icz, we obtain

E (|56 — cikl®) =V (&%)

1 n 2 n v—1
= 5> V(@b V)+ 5> D> Re(Conla(din Vo)sal@jn: Vo))
=1 v=2 /(=1

n n—1
= D V(5 Vi) + g 3 (0= ) Re (Coula(@ys Vi), (b, Vi)
=1 m=1

n—1
1 2
< o (E <|‘1(¢j,k’vl)| ) +2mZ::1 |(Cov(Q(¢j,k,Vm+1),lI(¢j,k7V1))> -
(5.1)
By (H2)-(ii) we get
E (la(ér V1)) < €27, (5.2)
For the covariance term, note that
n—1
> (Cou(a(jks Vingr), a(dr, Vi) = A+ B,
m=1
where
[(Inn)/0]—1
A= 3" [Cou(@(@k Vintr), a(d5n, V1))
m=1
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and
n—1

B=" Y [Cou(a(d)k: Vint1), a(jk, V1))

m=[(nn)/6]

It follows from (H2)-(iii) and 277 < 279 < 2(lnn)~! that
A < C2%1279(Inn) /0] < C2%7,

The Davydov inequality described in Lemma 5.1 with p = ¢ = 4, (H2)-
(i)-(ii) and 27 < 271 < n give

BfgowMM@WmW) S v

m=[(Inn) /9]

C2pj2j/2\/E (\Q(dh‘,k» V1)|2> i e~tm/2

m=[(inn) /6]
= 2% y/ne”"M/2 < 0227,

IN

Thus

n—1
D 1Cou(@(bss Vinra), 4y, V1)) < C2°7. (5.3)

m=1

Putting (5.1), (5.2) and (5.3) together, the first point in (a) is proved.
The proof of the second point is identical with 1) instead of ¢.

Thanks to (H2)-(i), we have |cfjk| < Supgev; ) l9(W)k, )| < C2ri21/2,
It follows from the triangular inequality and |d; x| < ||f||2 < C that

|k = dyxl < |djxl + |dju| < C272972,
This inequality and the second result of (a) yield
. o . 1
E (Jdjk - djl*) < C2P2E (|dji — dyl?) < €277~
n

Using 27 < 291 < n, the proof of (b) is completed.
We will use the Liebscher inequality described in Lemma 5.2. Let us set

Ui = q(¢5.k, Vi) = E(q(¢j .k, V1))
We have E(U;) = 0 and, by (H2)-(i) and 2/ < 27t <n/(Inn)3,

Uil <2 sup (i 2)| < C2923/2 < 020 [
zEVL(Q) nn)

(so M = C2°\/n/(Inn)3).
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Proceeding as for the proofs of the bounds in (a), for any integer ! < C'lnn,
since 277 < 2790 < 2(Inn)~!, we show that

l
v (Z Ui) =V (Z (¥ k; %)) < C2%1(1+17277) < 2%,
=1

i=1

Therefore

le{1,....2m}

l
D,, = max V (Z Ui> < C2%im,. (5.4)
i=1

Owing to Lemma 5.2 applied with Uy,...,U,, A = kA;/2, m = [{/s1nn],
M = 02°7\/n/(Inn)3 and the bound (5.4), we obtain

P (|JJ,,€ —d; | > K /2)

KZA\32n M
< — J M —0m
< C(exp( CDm/m+H>\ij>+>\jne >
k222Pi Inn
< C _C
< <6Xp ( 22p5 + 12074 /(Inn) /n[y/k Inn]2r3 n/(lnn)3>
n/(nn)’ - _gminn
* (Inn)/n ne
<

c (n‘c”2/<1+“3/2) + nz_wg) .

Taking & large enough, the last term is bounded by C/n*. This completes
the proof of (c).

This completes the proof of Proposition 5.1. 0

5.3. Proof of Theorem 3.1

Theorem 3.1 can be proved by combining arguments of (Kerkyacharian and
Picard, 2000, Theorem 5.1) and (Chesneau, 2008, Theorem 4.2). It is close to
(Chesneau, 2012, Proof of Theorem 2) by taking § — co. The interested reader
can find the details below.

We consider the following wavelet decomposition for f:

F@) =" ciorbion(®) + > D dixthin(x),

ke, J=Jjo kEA;

where ¢j, j = fol F(@)@jo.k(x)dx and dj i, = fol (@) (z)d.
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Using the orthonormality of the wavelet basis B, the MISE of f can be ex-
pressed as

E(If - fI3) =P+Q+R, (5.5)
where
) J1 . 9
P= Z E (|éjo’k - Cjo,kl ) ) Q= Z Z E (‘dj’kl{ldhj,klzﬁkj} — dj,k‘ )
keAj, J=Jo kEA;
and

oo
B Y Y
j=j+1keA,
Let us now investigate sharp upper bounds for P, R and @ sucessively.
Upper bound for P:
The point (a) of Proposition 5.1 and 2s/(2s + 2p + 1) < 1 yield

Jo
p<c <o oo (5.6)
n n

Inn Inp 28/ (2s+20+1)
)

Upper bound for R:

e For r > 1 and p > 2, we have f € B) (M) C B3 (M). Using 2s/(2s +
20+ 1) < 2s/(2p+ 1), we obtain

oo 3\ 2s/(2p+1) 2s/(2s+2p+1)
R<C Z 2—2J’S<C<(lnn)> <C<lnn) .
Jj=j1+1 K "

o For 7 > 1 and p € [1,2), we have f € Bs, (M) C By Y/*"/P(M). The

)

condition s > (2p + 1)/p implies that (s+1/2—1/p)/(2p+ 1) > s/(2s +

2p+1). Thus
R < C i 9—2j(s+1/2=1/p) < (7 ((ln n)3>2(5+1/21/p)/(2p+1)
J=i1t1 "
2s/(254+2p+1)
< C (m") .
n

Hence, for r > 1, {p > 2 and s > 0} or {p € [1,2) and s > (2p + 1)/p}, we have

R<C<lnn

n

2s/(254+2p+1)
) . (5.7)

Upper bound for Q:
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Adopting the notation ﬁj,k = chyk —dj i, Q can be written as
4
Q=> Qi (5.8)
i=1

where

J1
Q1= Z Z E (|Dj’k|21{\¢ij,k\2'<>\jv \dj,k\<NAj/2}) ’

j=jo keEA;

J1
A2
Q2 = Z Z E (|Dj’k| 1{\@‘&\2%%7 \dj,k\ZN/\j/Q}) ’

j=jo keA;

J1
_ 2
Q3= Z Z E (djv’fl{lﬂzj,k|<ﬁ>\jx |dj,k|22'<>\j})

Jj=jo keA;
and 4
J1
Qu=2_ > E(dilya -
4 ok {Idy k| <R, Idj k] <22}
j=jo keA;

Upper bound for Q1 + Qs :

Owing to the inequalities 1{|‘2j,k|<'i>\j, Idj, k=26, } < 1{\bj,k|>ﬁ>\j/2}’ 1{‘(2j,k|2"“>‘j7 |dj i <rX;/2} <
1{|D1,k\>ﬁ>\j/2} and 1{‘dj.k|<"€>‘jv dj, kx| >2k7; } < 1{|dj,k\§2|151,k\}’ the Cauchy-Schwarz
inequality, the points (b) and (c) of Proposition 5.1, we have

J1
Q1+Q3<C Z Z = (|bj’k|21{‘f)j”‘“|>m\j/2}>

Jj=Jjo kEA;

Jt R 1/2 R 1/2
< > (E(1Dil) (P (1D5xl > 13/2) )

Jj=jo keA;

1 J1 (1420) 1 Inn 2s/(2s+2p+1)
< C— 27 < C-< —_— .
- n2z _Cn_c<n> (5.9)

J=Jo
Upper bound for Qs :
It follows from the point (a) of Proposition 5.1 that
J1 A
Q2 < Z Z E (|Dj,k|2) 1gia; 1200, /2}
j=jo keA;
1 J1 _
S SEZD SR T
J=jo keEA;
Let us now introduce the integer j, defined by
. 1/(2s42p+1)
9i+ — [(”) } . (5.10)
Inn
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Note that j. € {jo,...,j1} for n large enough.
Then @5 can be bounded as

Q2 £ Q21+ Q2,2,

where )
1IN
Q21 =0C DN A, en /)
J=jo keA;
and

1 J1 ,
Q22 =C— Do 2N g uisnn, 2

J=J«+1 keEA;

On the one hand we have

n

Jx 2s/(2s+2p+1)
Qon < C2 3 itz < o (100 :
= n =

J=jo
On the other hand,
e for r > 1 and p > 2, the Markov inequality and f € B, (M) C B3 . (M)

yield
Inn /1 29 1 o e 5
Q2 < C—= ) 25 ) d<C ) > dy
J=jx+1 J keA; j=j«+1kEA;
o) ‘ Inn 2s/(2s+2p+1)
< C 27%s < 0| — .
< ¢y rso(nt)

J=g«+1

e forr >1,p€[l,2) and s > (2p+1)/p, the Markov inequality, f € B, (M)
and (2s+2p+1)(2—p)/2+ (s+1/2—1/p+ p—2p/p)p = 2s imply that

Inn jl o1
Q22 < C Z QZPJV Z |dj i |P

n

J=jx+1 J keA,

Inn\ @ P/2 = A
< C[|— jp(2—p)o—3j(s+1/2—1/p)p
<o(f) T 5 v

J=j+1
(2-p)/2 2s/(2s+2p+1)

< C (hln) 9= Jx(s41/2=1/p+p=20/P)P < ( (ln”) .

" n

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

Inn

QQSC(
n

2s/(254+2p+1)
) . (5.11)

imsart-generic ver. 2009/12/15 file: mixing2.tex date: January 4, 2014



Chesneau, C./Nonlinear wavelet estimation under a-mizing dependence 18

Upper bound for Q4 :
We have

J1
Qs < Z Z 5 1 1{d; l<200)

j=jo kEA;
Let j,. be the integer (5.10). Then @4 can be bound as
Q4 < Q41+ Qap,
where
Jx Ji
Qi1 = Z Z A3 1 1{1d; p1<2k0 ) Qu2 = Z Z @2 1 1{jd; <200, }-
j=jo kEA, J=J.+1kEA,
On the one hand, we have
L Inn < . Inn
Qi1 <C Z VN =C—= Z 211420 < ¢ (n
J=jo i=jo

On the other hand,

) 2s/(2s+2p+1)

e for r > 1 and p > 2, since f € By (M) C B3 (M), we have

0o , [} s Inn 2s/(2s+2p+1)
Qe Y Yo 3 rwco( .
J=j«+1kEA; J=j«+1

e forr >1,pe€[l,2) and s > (2p+ 1)/p, owing to the Markov inequality,
fe By, (M)and (25+2p+1)(2—p)/2+ (s +1/2—=1/p+p—2p/p)p = 25,

we get
J
Qi < O3 XY lup
J=jx+1 kEA,;
1 (2-p)/2 5 '
- (BT S e S
J=j«+1 ke,
Inn\ @ »/2 = ‘
< C jp(2—p)9—i(s+1/2=1/p)p
< ( - ) Z 2 2
J=j«+1
(2—-p)/2 2s/(254+2p+1)
< C (lnn> 9= (s+1/2=1/p+p=2p/P)P < (1 (lnn) )
< " < "

So, for r > 1, {p > 2 and s > 0} or {p € [1,2) and s > (2p + 1)/p}, we have

Inn

Q4§C<
n

2s/(2s+2p+1)
) . (5.12)
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Putting (5.8), (5.9), (5.11) and (5.12) together, for » > 1, {p > 2 and s > 0} or
{p€[l,2) and s > (2p+1)/p}, we obtain

Inn

Q§C<

n

2s/(2s+2p+1)
) : (5.13)

Combining (5.5), (5.6), (5.7) and (5.13), we complete the proof of Theorem
3.1. O

5.4. Proof of Theorem 4.1

The proof of Theorem 4.1 is a direct application of Theorem 3.1: under (G1)-
(Gb5), the function ¢ defined by (4.2) satisfies (H1), see (Fan and Koo, 2002,
equation (2)) and (H2): (i) see (Fan and Koo, 2002, Lemma 6), (ii) see (Fan and
Koo, 2002, equation (11)) and (iii) see (Chesneau, 2012, Proof of Proposition
6.1), with p = 4.

0

5.5. Proof of Theorem 4.2
The proof of Theorem 4.2 is a consequence of Theorem 3.1: under (J1)-(J4),
the function ¢ defined by (4.4) satisfies (H1) and (H2): (i)-(ii) see (Chesneau,
2013a, Proposition 1) and (iii) see (Chesneau and Doosti, 2012, equation (26)),
with p = 4.

0

5.6. Proof of Theorem 4.3

Set v(z) = f(z)g(x). Following the methodology of Vasiliev (2012), we have

where

S(x) = (0(z) = v(z) + f(2)(9(2) = 9(2))) L{jg(a) zc. /2}

and
T(z) = f(@)1{j5() <. /2
Using (K3) and the indicator function, we have
1S(2)] < C(Jo(x) = v(@)| + |9(x) — g(2)]) -

It follows from {|§(2)] < 2/2} N {lg(x)| > e} € {13(x) — 9(@)| > ea/2}, (K3),
(K4) and the Markov inequality that

T(@)] < Clyjz()—g(a)>e. /2y < Clg(a) — g(z)].
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The triangular inequality yields

(@) = f@)| < [S(x)| +|T(2)] < C (o) = v(@)| + |g(x) — g(x)]).
The elementary inequality (a + b)? < 2(a? + b?) implies that

E(Ilf - £13) < € (B (o - vl3) +E (I3 - 9l13)) . (5.14)
We now bound this two MISEs via Theorem 3.1.

Upper bound for the MISE of ¢: Under (K1)-(K6), the function ¢ defined
by (4.7) satisfies
* (H1) with v instead of f: since &; and X; are independent with E(&;) =
0,

E(q(vik: V1)) = EX1y.(X1)) = E (f(X1)yj%(X1))
- / f@ysa@a@e = [ o,
« (H2): (i)-(ii)-(iii) with p = 0:

e (i): since Y1(Q) is bounded thanks to (K2) and (K3), say |Y1| < M
with M > 0, we have

sup  [g(Yi (@, 2:))] = sup |27, ()|
(2,2.)EVA(Q) (@,22)E[— M, M]x[0,1]
< M sup |yjk(z.)] < C2972
. €[0,1]

e (ii): using the boundedness of Y7 (2), then (K4), we have
E (lair WIP) = E(VE(X0)?)

1
CE ((7;4(X1))%) = C / (3.0 (1)) 2g ()

IN

< C/ Yik(x))?de < C.

e (iii): using the boundedness of Y7 (2) and making the change of vari-
ables y = 27z — k, we obtain

/ PRCTEIT (/N |z|dx> (/ ool )

M2/ Iy ()| < C27972,
0

We conclude by applying Lemma 3.1 with p = 0; (K5) and (K6)
imply (F1), and the previous inequality implies (F2).
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Therefore, assuming that v € B, ,. (M) with r > 1, {p > 2 and s € (0, N)}
or {p € [1,2) and s € (1/p,N)}, Theorem 3.1 proves the existance of a
constant C' > 0 satisfying

Inn

2s/(25+1)
E (o —wvl3) SC(n> :

(5.15)

Upper bound for the MISE of §: Under (K1)-(K6), proceeding as the pre-
vious point, we show that the function ¢ defined by (4.8) satisfies (H1)
with ¢ instead of f and X; instead of V;, and (H2): (i)-(ii)-(iii) with
p=0.

Therefore, assuming that g € B; ,. (M) with 7 > 1, {p > 2 and s € (0, N)}
or {p € [1,2) and s € (1/p, N)}, Theorem 3.1 proves the existance of a
constant C' > 0 satisfying

5 Inn 2s/(2s+1)
E(HQ‘QHQ) Sc(n) . (5.16)
Combining (5.14), (5.15) and (5.16), we end the proof of Theorem 4.3. 0
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