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ABSTRACT. In the convolution model Z; = X, + €;, we give a model selection procedure to estimate
the density of the unobserved variables (X;)i1<i<n, when the sequence (X;);>1 is strictly stationary
but not necessarily independent. This procedure depends on wether the density of €; is super smooth
or ordinary smooth. The rates of convergence of the penalized contrast estimators are the same as in
the independent framework, and are minimax over most classes of regularity on R. Our results apply
to mixing sequences, but also to many other dependent sequences. When the errors are super smooth,
the condition on the dependence coefficients is the minimal condition of that type ensuring that the
sequence (X;);>1 is not a long-memory process.

May 30, 2006

MSC 2000 Subject Classifications. 62G07-62G20
Keywords and phrases. Adaptive estimation. Deconvolution. Dependence. Mixing. Penalized
Contrast. Hidden Markov models

1. INTRODUCTION

The problem of estimating the density of identically distributed but not independent random vari-
ables X1i,...,X, when they are observed with an additive and independent noise is encountered in
numerous contexts. This problem is described by the model

(1.1) Z; = X; + &4, fori=1,...,n,

where one observes 71, ..., Z,, and where (&;)1<i<p are independent and identically distributed (i.i.d.),
and independent of (X;)i1<i<n. When (X;)i1<i<y is a Markov chain, the model (1.1) is a particular case
of hidden Markov models, with an additive structure.

Our aim is the adaptive estimation of g, the common distribution of the unobserved variables
(Xi)1<i<n, when the density f. of ¢; is known. More precisely we shall build an estimator of g without
any prior knowledge on its smoothness, using the observations (Z;)i<i<, and the knowledge of the
convolution kernel f.. We shall assume that the known density f. belongs to various collections of
densities, and that the dependence properties of the sequence (X;);>1 are described by appropriate
dependence coefficients. More precisely, we consider two types of dependent sequences. We assume
either that the sequence (X;);>1 is absolutely regular in the sense of Rozanov and Volkonskii (1960),
or that it is 7-dependent in the sense of Dedecker and Prieur (2005). These dependence conditions are
presented in Section 2 and motivated through various examples.

In density deconvolution, two factors determine the estimation accuracy. First, the smoothness
of the density g to be estimated, and second the smoothness of the error density, the worst rates of
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convergence being obtained for the smoothest errors densities. We shall consider two classes of densities
for f.: first the so called super smooth densities with exponential decay of their Fourier transform, and
next the class of ordinary smooth densities with Fourier transform having a polynomial decay.

Let us briefly recall the previous results in the independent framework. To our knowledge, the
first adaptive estimator has been proposed by Pensky and Vidakovic (1999). It is a wavelet estimator
constructed via a thresholding procedure. This estimator achieves the minimax rates when g belongs
to a Sobolev class, but it fails to reach the minimax rates when both the errors density and g are
supersmooth. More recently, Comte et al. (2006) have proposed an adaptive estimator of g constructed
by minimizing an appropriate penalized contrast function only depending on the observations and on
fe. This estimator is minimax (sometimes within a negligible logarithmic factor) in all cases where
lower bounds are previously known (i.e. in most cases). More precisely, the authors obtain non-
asymptotic upper bounds for the Mean Integrated Squared Error (MISE), which ensure an automatic
trade-off between a bias term and the penalty term. Hence, the estimator automatically achieves the
best rate obtained by the collection of non-penalized estimators when the (unknown) optimal space
is selected (sometimes up to a negligible logarithmic factor). When both the density and the errors
are super smooth, this adaptive estimator significantly improves on the rates given by the adaptive
estimator built in Pensky and Vidakovic (1999), whereas both adaptive estimators have the same rate
in the other cases. This improvement partly comes from the choice of the Shannon basis (see Section
3.2) instead of the wavelet basis considered in Pensky and Vidakovic.

In the dependent context, we follow the approach proposed in Comte et al. (2006). We give adaptive
estimators of g, constructed by minimizing an appropriate penalized contrast function. The penalty
function depends on the known density f., but it does not depend on the dependence coefficients of
the sequence (X;);>1. The adaptive estimators have the same rates as in the independent case, under
mild conditions on the dependence coefficients of (X;);>1. The important point here is that the penalty
functions are the same (or almost the same) as in the independent framework. This is a bit surprising:
indeed, when the (X;)1<i<, are observed (i.e. £; = 0), the threshold level proposed in Tribouley and
Viennet (1998) as well as the penalty function given in Comte and Merlevéde (2002) (see also our
Corollary 5.2) depend on the mixing coefficients of the sequence (X;)i>1.

In Section 4 we deal with non adaptive estimators. As usual, we show that the MISE of the minimum
contrast estimator is bounded by a squared bias plus a variance term. The variance term can be split
into two terms. The first and dominating term of the variance is exactly the variance of a density
deconvolution estimator in the independent context. It is as usual related to flff\ <c, [fZ (z)|2dz,
C, — o0. The second and negligible term in the variance is the term involving the dependence
structure of the sequence (X;);>1. The main consequence of this first result is that this non adaptive
estimator reaches the (minimax) rates of the ii.d. case (as given in Fan (1991), Butucea (2004),
and Butucea and Tsybakov (2005)), as soon as the dependence coefficients are summable. Moreover,
even if the coefficients are not summable, there is no loss in the rate provided that the partial sums
of the coefficients do not grow too fast with respect to f‘x|<cn |fZ(x)|~2dz. These results have to be
compared with previously known results for non adaptive density deconvolution in dependent contexts.
For strongly mixing sequences in the sense of Rosenblatt (1956), Masry (1993) propose a kernel-type
estimator for the joint density g, of (X1,...,X,) when it exists. For the (pointwise) Mean Square
Error, he obtains the same rates as in the i.i.d. case provided that a(n) = O(n=27?) for ordinary
smooth f., and provided that a(n) = O(n~'7?) for super smooth f.. When p = 1, our assumption on
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the mixing coefficients is weaker, since we only need ) _,a(n) < oo in both cases (see our Remark
4.1).

In the main part (Section 5), we study the adaptive estimators. We show that the squared bias
term and the variance term obtained in the upper bound of the MISE of the adaptive estimator are
the same as in the independent case. The model selection procedure depends on wether the density f.
is super smooth or ordinary smooth.

When f. is super smooth, the adaptive estimator, is constructed with the exact penalty of the
independent context. Its rate of convergence is exactly the same as in the independent case, provided
that the dependence coefficients of (Xj;);>1 are summable. The main tools in this case are covariance
inequalities for dependent variables, and concentration inequalities. The case of super smooth errors
is particularly important, since it contains the case of Gaussian errors. It also contains the stochastic
volatility model, in which &; ~ In(A(0,1)?) (see Van Es et al. (2003, 2005), Comte and Genon-Catalot
(2006)).

When f; is ordinary smooth, the adaptive estimator, is constructed with a penalty of the same order
as in the independent context. Its rate of convergence is exactly the same as in the independent case.
For ordinary smooth errors, the main tools are the coupling properties of the dependence coefficients
(see Section 2.1). To use these properties, we need to consider a more restrictive type of dependence
than for super smooth errors, and we need to impose a polynomial decrease of the coefficients.

In both cases, super and ordinary smooth, the results hold for S-mixing and 7-dependent random
variables (X;);>1. To our knowledge, this is the first time that adaptive density deconvolution in a
dependent context is considered. The robustness of this estimation procedure to dependency relies
on the independence between (X;)i<i<n and (&;)i<i<n, and the fact that the errors are i.i.d. random
variables. We refer to Comte et al. (2005, 2006) for practical implementation of the estimators, and
for the calibration of the constants in the penalty functions. In Comte et al. (2005), the robustness of
the procedure to various dependency has been experimented in practice (see Tables 4 and 5 therein).

2. SOME MEASURES OF DEPENDENCE

Let (€2, A,P) be a probability space. Let Y be a random variable with values in a Banach space
(B, || - [|s), and let M be a o-algebra of A. Let Py be a conditional distribution of Y given M, and
let Py be the distribution of Y. Let B(B) be the borel o-algebra on (B, || - ||z), and let A;(B) be the
set of 1-Lipschitz functions from (B, | - ||z) to R. Define now

BM, oY) = E( sup [Pyju(4) —Py(4)]),
AeB(X)

and if E(|V]) < 00, 7(M,Y) = E(fesklliﬁ)m)’/\/l(f)_PY(f)D'

The coefficient 3(M,o(Y)) is the usual mixing coefficient, introduced by Rozanov and Volkonskii
(1960). The coefficient 7(M,Y") has been introduced by Dedecker and Prieur (2005).

Let X = (X;)i>1 be a strictly stationary sequence of real-valued random variables. For any k > 0,
the coefficients Gx 1(k) and 7x 1(k) are defined by

Bxa(k) = Blo(X1),0(Xi1k)),
and if E(|X1]) < oo, mx1(k) = 7(0(X1), Xi4k).
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On R, we put the norm ||z — y|ge = 7 (|z1 —v1| + -+ + |2 — wi). Let M; = 0(Xy, 1 < k <i). The
coeflicients x o (k) and 7x o (k) are defined by

ﬁX@O(k) = Sulp sup {B(MMO-(XZ&? cee 7Xil))7i +k <ip<-e < il}a
i>1,0>1
and if E(|X1]) < 00, m™x0c(k) = sup sup{r7(M;, (Xi,..., X;)),i+k <ip <--- <i}.
i>1,0>1

2.1. Coupling. We recall the coupling properties of these coefficients. Assume that €2 is rich enough,
which means that there exists U uniformly distributed over [0, 1] and independent of MV o (X). There
exist two M Vo (U) Vo (X)-measurable random variables X and X5 distributed as X and independent
of M such that

(2.1) M, 0(X)) =P(X # X7) and 7(M,X) =E([|X - X;|[s).

The first equality in (2.1) is due to Berbee (1979), and the second one has been established in Dedecker
and Prieur (2005), Section 7.1.

2.2. Covariance inequalities. Denote by || - || p the L°(£2,P)-norm. Let X,Y be two real-valued
random variables, and let f,h be two measurable functions from R to C. Then

(2.2) [Cov(f(Y), h(X))| < 201 f (Y)loopl|A(X )]0 B(o(X), 0(Y)),
and if Lip(h) is the Lipschitz coefficient of h,
(2.3) [Cov (f(Y), (X)) < [[f (V) loo pLip(h) 7(a(Y), X) .

Inequalities (2.2) and (2.3) follow from the coupling properties (2.1) by noting that if X* is distributed
as X and independent of Y,

Cov (f(Y), (X)) = E(f(Y)(h(X) — h(X7))) .

2.3. Examples. Examples of f-mixing sequences are well known (we refer to the books by Doukhan
(1994) and Bradley (2002)). One of the most important examples is the following: a stationary,
irreducible, aperiodic and positively recurrent Markov chain (X;);>; is f-mixing, which means that
Bx 00 (k) tends to zero as k tends to infinity.

Unfortunately, many simple Markov chains are not #-mixing (and not even strongly mixing in the
sense of Rosenblatt (1956)). For instance, if (¢;);>1 is i.i.d. with marginal B(1/2), then the stationary
solution (X;);>o of the equation

1
5
is not f-mixing (and not even strongly mixing) since fx 1(k) =1 for any k > 0. By contrast, for this
particular example, one has 7x o (k) < 27%. More generally, the coefficient 7x (k) is easy to compute
in many situations (see Dedecker and Prieur (2005)). Let us recall some important examples:

(2.4) Xn = -(Xn-1+e€,), Xoindependent of (€);>1

Linear processes. Assume that X; = Ejzo a;én—j, where (&;)icz is i.i.d. One has the bounds

X 0o(k) < 2B(|&]) Y laj| and  7x oo(k) < [2Var(§) Y a2,
Jjzk Jj>k
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Markov chains. Let (X,,),>0 be a stationary Markov chain such that X,, = F(X,_1,¢,) for some
measurable function F' and some i.i.d. sequence (&;);>1 independent of X(. Assume that there exists
K < 1 such that

E(|F(z, &) — F(y, %)) < alz —yl.
Then one has the inequality
X 00 (k) < 2E(| Xo|)a” .
An important example is X,, = f(X,,—1) + &, for some a-lipschitz function f.
Expanding maps. Let T be a Borel-measurable map from [0, 1] to [0,1]. If the probability u is
invariant by 7', the sequence (Y; = T");>0 of random variables from ([0,1], ) to [0,1] is strictly

stationary. Define the operator K from ([0, 1], 1) to L1([0, 1], 1) via the equality

1 1
| En@k@tds) = [ ba)ko T)a)u(d
0 0

where h € L'([0,1], 1) and k € L>=([0,1], ). It is easy to check that (Y7,Ys,...,Y,) has the same
distribution as (X, X,,—1,...,X1) where (X;);cz is a stationary Markov chain with invariant distri-
bution g and transition kernel K. If T is uniformly expanding (see for instance the assumptions on
page 218 in Dedecker and Prieur (2005)), then there exist C' > 0 and p in ]0, 1] such that

7-X,oo(k) < Cpk

(see Dedecker and Prieur page 230). Note that the Markov chain (X;);>; is not S-mixing (and not
even strongly mixing). Indeed 3(o(X1),0(Xy)) = B(a(T™),0(T)). Since o(T™) C o(T), it follows that

Blo(X1),0(Xn)) = B(a(T7),0(T")) = B(a(T),o(T))

and the later is positive as soon as p is non trivial.

3. ASSUMPTIONS AND ESTIMATORS

For two complex-valued functions v and v in Lo(R) N Ly (R), let

u*(x) = /eitxu(t)dt, uxv(x) = /u(y)v(:c—y)dy, and < u,v>= /u(x)v(x)da:

with Z the conjugate of a complex number z. We also use the notations
fulls = [ fu@ldz, Jul® = [ fu@)Pdz, and -l = sup ua)].
x

3.1. Assumptions for density deconvolution. The smoothness of f. is described by the following
assumption.

There exist nonnegative numbers kg, 7y, 1, and § such that fI satisfies
(A7) ro(2® + 1) exp{—pla|’} < |f2(x)] < ro(a® + 1) 7 exp{—pla|’}.
(A3) The density f. belongs to La(R) and for all z € R, fX(z) # 0.

Since f. is known, the constants p, d, ko, and «y defined in (A§) are also known.

When § = 0 in (AJ), f is usually called “ordinary smooth”. When p > 0 and § > 0, f; is called
“super smooth”. Densities satisfying (AJ) with § > 0 and p > 0 are infinitely differentiable. The
standard examples for super smooth densities are the following: Gaussian or Cauchy distributions are
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super smooth of order ¥ = 0,6 = 2 and v = 0,0 = 1 respectively. When & = In(n?) with n ~ A(0,1)
as in Van Es et al. (2003, 2005), then ¢ is super-smooth with § = 1, = 0 and p = /2. For ordinary
smooth densities, one can cite for instance the double exponential (also called Laplace) distribution
with § = 0 = p and v = 2. Although densities with § > 2 exist, they are difficult to express in a closed
form. Nevertheless, our results hold for such densities. Furthermore, the square integrability of f. in
(A5) require that v > 1/2 when 6 = 0 in (AJ).

Classically, the slowest rates of convergence for estimating g are obtained for super smooth error
densities. In particular, when ¢ is Gaussian and g belongs to Sobolev classes, the minimax rates are
negative powers of In(n) (see Fan (1991)). Nevertheless, the rates are improved if g has stronger
smoothness properties, described by the set

+oo

(3.1) Serp(Ch) = {¢ such that / ¥ (2)|2(2? + 1)* exp{2b|z|" }dz < 01}

—0o0
for s, r, b non-negative numbers.

Such smoothness classes are classically considered both in deconvolution and in density estimation
without errors. When r = 0, (3.1) corresponds to a Sobolev ball. The functions in (3.1) with r > 0
and b > 0 are infinitely many times differentiable. They admit analytic continuation on a finite width
strip when r = 1 and on the whole complex plane if r = 2.

Subsequently, the density g is supposed to satisfy the following assumption.

(A) The density g € La(R) and there exists My > 0, such that /xZgZ(x)d:E < My < oo.

Assumption (Ag( ) which is due to the construction of the estimator, is quite unusual in density estima-
tion. It already appears in density deconvolution in the independent framework in Comte et al. (2005,
2006). It also appears in a slightly different way in Pensky and Vidakovic (1999) who assume, instead
of (A%) that sup,ep |7|g(7) < oc. It is important to note that Assumption (AZ) is very unrestrictive.

All densities having tails of order |2|~(*71) as z tends to infinity satisfy (AZ) only if s > 1/2. One
can cite for instance the Cauchy distribution or all stable distributions with exponent r > 1/2 (see
Devroye (1986)). The Lévy distribution, with exponent r = 1/2 does not satisfies (AZ).

3.2. The projection spaces. Let ¢(z) = sin(mz)/(rz). For m € N and j € Z, set ¢, j(z) =
vmg(maz — j). The functions {¢y, ;}jez constitute an orthonormal system in L?(R) (see e.g. Meyer
(1990), p.22). For m = 2*, it is known as the Shannon basis. Though we choose here integer values
for m, a thinner grid would also be possible. Let us define

Sm =span{yp,, ;, j € Z}, m € N.

The space S, is exactly the subspace of Lo(R) of functions having a Fourier transform with compact
support contained in [—wm, wm)].

The orthogonal projections of g on Sy, is g = ZjeZ Am,j(9)Pm,; where an j(9) =< @m,j,9 >. To
obtain representations having a finite number of “coordinates”, we introduce

with integers &, to be specified later. The family {¢m j}(ji<k, is an orthonormal basis of 5’1(721 ) and the

orthogonal projections of g on Sﬁ:f) is given by g,(g) = Z‘ijn am,i(9)em,;-
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3.3. Construction of the minimum contrast estimators. For an arbitrary fixed integer m, an
estimator of g belonging to S’T(,? ) is defined by

(32) g = arg min ,(t),
tesi

)

where, for ¢ in Sﬁ,? ,

1 & . ) 1 [(t*(—x)
)= =S IP — 207 (Z)], with w(e) = o (e ).
! @[ ] W(fa(w)>

By using Parseval and inverse Fourier formulae we obtain that E [uj(Z;)] = (¢, g), so that E(vy,(t)) =
It —gl|?>—|lg]|? is minimal when ¢ = g. This shows that 7, (¢) suits well for the estimation of g. Classical
calculations show that

X i N IR X
g = Z Qm,jPm,j With G, j = - Zu;m’j(ZZ-), and  E(am ;) =< g, m,j >= m,j-
17| <kn i=1

3.4. Minimum penalized contrast estimator. As in the independent framework, the minimum
penalized estimator of g is defined as g = g, where my is chosen in a purely data-driven way. The
main point of the estimation procedure lies in the choice of m = 1y, for the estimators g,, from Section
3.3 in order to mimic the oracle parameter

(3.3) g = argminE || gm — g 3 -
The model selection is performed in an automatic way, using the following penalized criteria

(3.4) §=g" with 7 = arg  min , [%(g(’”) + pen(m)|,

7 m
m me{l, ,mn

where pen(m) is a penalty function, precised in the Theorems, that depends on fF through A(m)
defined by

(3.5) A(m) = % /_ o mdm.

The key point in the dependent context is to find a penalty function not depending on the mixing
coefficients such that

Ellg—gl?*<C inf E|gm—gl?.
me{l }

y'yMn

4. RISK BOUNDS FOR THE MINIMUM CONTRAST ESTIMATORS gﬁg)

We focus here on non adaptive estimation, starting with the presentation of general upper bounds

for MISEs of the minimum contrast estimators gﬁ,’j ),

Proposition 4.1. If (A5) and (A% ) hold, then

2(My +1)  2A 2R,,
mA(My+1) | 28(m) | 2R
kn, n n

Ellg — 31 < |lg — gmll® +
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where

_ 1 - o ix X1 ixXy
(4.1) Rm—WZ/ﬂm’Cov (e, e )| da.

k=2

Moreover, Ry, < min(R,, 3, Rm, ), where

n—1 n—1

Ry =4mY_ Bxi(k) and Rpyr=mm>Y mx1(k).
k=1 k=1

Remark 4.1. The term R,, can be easily bounded for many other dependent sequences. For instance,
if ax1 = a(o(X1),0(X14%)) is the usual strong mixing coefficient of Rosenblatt (1956), one has
the upper bound R,, < 16m ZZ;% ax 1(k). If X is a stationary sequence of associated random
variables (see Esary et al. (1967) for the definition), then |Cov(e™X1, ¢#Xk)| < 422Cov(X1, Xi),
so that Ry, < (87%/3)m3 > 1_, Cov(X1, Xi). For general treatment in this case, see Marsy (2003).

We now comment the rates resulting from Proposition 4.1. As usual, the variance term n~'A(m)
depends on the rate of decay of the Fourier transform of f.. According to Lemma 7.2 and according
to Butucea and Tsybakov (2005), under (AJ)-(A$), we have

A(fe, k)T (m)(1+0(1)) < A(m) < M (f=, 50)T(m)(1+0(1)) asm — oo
(4.2) where D(m) = (14 (7m)?)" (wm)' =% exp {2u(wm)6} ,

(4.3) A (fey o) = and R(u,6) = Wgs—gy + 2001550} -

KT R(u,0)
If (A5)-(A5) and (AZ) hold, and if k, > n, we have the upper bound

m?(Ms + 1) N 21 (fe, ko)T'(m) N 2R,
n n n

(4.4) Ellg — 45711 < llg = gml® +
Finally, since g, is the orthogonal projection of g on Sy,, we get that g5, = ¢* [,z ymx) and therefore
L e A

If g belongs to the class S, ,,(C1) defined in (3.1), then
g~ gml* < S20mPx 4 1) exp{~2bm"m').

Hence, according to (4.4), if (AZ) holds and k,, > n, the risk of g,(ﬁ) is bounded by

g(7771271'2 -+ 1)78 eXP{—Qbﬂ'TmT} + 2)\1(f€’ HO)(l + (7rm)2))'7(7rm)1_5 exp {2M7T5m6}
2T n

m2(My + 1 2R
LMot 1) | 2R
n n

Assume now that either ), o 8x,1(k) < oo or ), o7x,1(k) < 0o, so that the residual terms
n IR, +ntm2?(Ms + 1) are of order n~!m?. As in the independent case, we choose m as the
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minimizer of
2v+1—46 5.6
(m27r2 + 1)—5 eXp{—QbWrmr} n (Trm) v+ exp {2/,1,71' m }
n

The behavior of 1 is recalled in Table 1. We see that in all cases, the residual terms n= 'R, +
n~Im2(Ms + 1) of order n~'7n? are negligible with respect to the main terms since n='A(m) grows
faster than n~1m? (recall that if § = 0, we have the restriction v > 1/2 (cf. Section 3.1)). Hence the
(n)

rate of convergence of " is the same as in the i.i.d. case (see Table 1 below).

TABLE 1. Choice of m and corresponding rates under Assumptions (A§)-(A$5) and (3.1).

e
6=0 >0
ordinary smooth supersmooth
r=0 Tih = O(n!/ 2s+21+1) it = [In(n) /(24 + 1)]1/°
So;)olev(s) rate = O(n~28/(2s+27+1)) rate = O((In(n))~2%/9)
mintmax rate minimax rate
g min = [In(n)/26]"/" mh solution of
r>0 o= O ln(n)(2'y+1)/r m2st2y+i-r eXp{Q,u(ﬁﬁ”L)‘s 4 Zbﬂ.rm'r}
s rate = — — O(n)
minimazx rate minimaz rate if r < § and s =0

When r» > 0,d > 0 the value of /m is not explicitly given. It is obtained as the solution of the
equation
M2 exp{2u(mm)® + 2bm" "} = O(n).

Consequently, the rate of gﬁ;} ) is not explicit and depends on the ratio r/§. If r/§ or d/r belongs to

|k/(k+1); (k+1)/(k+2)] with k integer, the rate of convergence can be expressed as a function of k.
We refer to Comte et al. (2006) for further discussions about those rates. We refer to Lacour (2006)
for explicit formulae for the rates in the special case r > 0,0 > 0.

5. RISK BOUNDS FOR ADAPTIVE ESTIMATORS

In the previous section, the construction of the estimators require the knowledge of the smoothness
of g. We now come to adaptive estimation, without such prior knowledge.

5.1. A first bound in adaptive density deconvolution. Theorem 5.1 gives a general bound which
holds under mild dependence conditions, for f. being either ordinary or super smooth. For a > 1, let

pen(m) be defined by

24027 ipo <5 < 1/3,
(5.5) pen(m) = " 5 min((35/2—1/2)4,9))
8a 1 + 48/’”7- )\Q(fﬁﬂ K/O) A(m)m N lf 6 2 1/3
)\l(f€7/i6) n
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The constant Ai(fz, ko) is defined in (4.3) and Aa(fc, ko) is given by
(5.6) Xo(fe, 0) = fo |l 55" V/2A1(fz, ko) Mo<s<t + 2A1(f, ko) Lss1.

In order to bound up pen(m), we impose that

nl/ v+ if 6 =0
5.7 o < _ 1/8
(5.7) My < In(n) +2'y—|—1 (5111 In(n) 50
21 261 20
Subsequently we set
(5.8) ke = (a+1)/(a—1), and C, = max(k2, 2k,).

Theorem 5.1. Assume that f- satisfies (A5)-(AS), that g satisfies (A% ), and that m,, satisfies (5.7).
Consider the collection of estimators g7(n) defined by (3.2) with kyp, > n and 1 < m < m,. Let pen(m)
be defined by (5.5). The estimator g = gf{j) defined by (3.4) satisfies

m2(My+ 1)1 C(Rp, +my)

E(llg—g|*) <C, inf — gml® + + + :
(lg =9I < Ca  _nf " |llg = gml"+pen(m) - -

where Ry, is defined in (4.1), Cy is defined in (5.8), and C is a constant depending on f- and a.

Let us compare the rate of § with the rate obtained in the independent framework. The term
0f e i1, ma 3l — gmll* + pen(m) + m?(My + 1) /n] corresponds to the rate of § when all variables
are i.i.d. The dependent context induces the additional term n=!(R,,, + m,). If the dependence
coefficients are summable and the errors are super smooth, then n=!(R,, + m,) is negligible and §
achieves the rate of the independent framework. If ¢ is ordinary smooth, the term n=(R,,, + my)
may not be negligible and Theorem 5.1 is not precise enough.

5.2. Adaptive density deconvolution for super smooth f.. If (Aj)-(A$) hold for some 6 > 0,
we have the following corollary.

Corollary 5.1. Assume that f- satisfies (A5 )-(A5) with § > 0, that g satisfies (A3 ), and that m,

satisfies (5.7). Let pen(m) be defined by (5.5). Consider the collection of estimators g7(n defined by
(3.2) with ky, >n and 1 < m < m,,.

(1) If > a0 Bx,1(k) < 00, the estimator § = gﬁg) defined by (3.4) satisfies

2(Msy +1 ca 1/6
(g = gl + penm) 4 "2 ] Clnin)
me{lv“'vmn} n

E(llg—g|*) < C, inf

)
n

where Cq is defined in (5.8) and C is a constant depending on f-, a and Yo Bx1(k).
(2) If > a0 ™x,1(R) < 00, the estimator § = gf;j) defined by (3.4) satisfies

m?2(My + 1)] N 6(111(71))2/5

n

)

E(lg—dl*) < Co _inf [llg = gml®+ pen(m) +

mée{l, ,mn} n

where Cy is defined in (5.8) and C is a constant depending on f-, a and Y, o 7x,1(k).
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Corollary 5.1 requires important comments. The terms involving power of In(n) are negligible
with respect to infueqr,.. mo3lllg — gmll* + pen(m) + m?(My 4 1)/n]. The risk of g is of order
inf,e 1 mar g — gml|* + pen(m)], that is of the best order, as in the independent framework. The
penalty does not depend on the dependence coefficients and is the same as in the independent frame-
work.

As a conclusion, we see that the adaptive estimator § built with the same penalty as in the inde-
pendent framework, still achieves the best rates under mild conditions on the dependence coefficients.

5.3. Adaptive density deconvolution for ordinary smooth f.. For a > 1, define pen(m) by

_ 25aA(m)
i
Theorem 5.2. Assume that f. satisfies (A5)-(A5) with § = 0, that g satisfies (A% ), and that my,
satisfies (5.7). Let pen(m) be defined by (5.9). Consider the collection of estimators gSZJ) defined by
(8.2) with ky, >n and 1 < m < m,,.
(1) If Bx 00 (k) = O(k~0+0)) for some 6 > (27 + 3)/(2y + 1), then the estimator § = ggj) defined
by (3.4) satisfies

(5.9) pen(m)

2(My+1)7  C
610)  Bllg—glH<Ca it [lg— gl +pen(m) + 22 FD]
me{l, ,mn} n n
where Cy is defined in (5.8) and C is a constant depending on f-, a, and Y, Bx,00 (k).
(2) If Tx.00(k) = O(k=UH9)) for some 0 > (2 +5)/(27y + 1), then the estimator § = f]g:) defined
by (3.4) satisfies (5.10), where C is a constant depending on f-, a and Y ;0 TX,00(k).

Remark 5.1. Note that the condition for Gx (k) is realized for any « > 1/2 provided § > 2. In the
same way, the condition for 7x o (k) is realized for any v > 1/2 provided § > 3. In both cases, the
condition on € is weaker as -y increases. In other words, the smoother is f., the weaker is the condition
on the dependence coefficients.

Remark 5.2. For m large enough, the penalty function given for ordinary smooth errors in Theorem
5.2 is an upper bound of more precise penalty functions which depend on the dependence coefficients.
Under the assumptions of (1) in Theorem 5.2, let pen(m) be defined by

24aA(m) + 128a(1 AT 5X,1(k;))m

n

(5.11) pen(m) =

Under the assumptions of (2) in Theorem 5.2 let pen(m) be defined by

_ 24aA(m) N 64a[1+ 38In(m)] (m + 7> p_; 7x,1(k)m?)

(5.12) pen(m) - -

In both cases, the estimator § = Qr(;?) defined by (3.4) satisfies (5.10). Remark 5.2 follows from the
proof of Theorem 5.2.
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5.4. Case without noise. One can deduce from Proposition 4.1, Theorem 5.2, its proof and Remark
5.2, a result for density estimation without errors, on the whole real line, that is when X is observed.
If e = 0, then we can consider that Z = X and replace fX by 1. It follows that u}(Z;) = t(X;) and the
contrast -y, simply becomes

n

(513) B (0) = 17 = 2 S X0)
i=1

Let k, > n?, and consider as previously

(5.14) 3™ = arg mi(n) Tn,x(t), pen(m)= 128a<1 + 42 ﬁXJ(k)) % ,
teSy k=1

and

(5.15) m = arg Elg}in }['ymx(gﬁ,?)) + pen(m)].

The following results follow straightforwardly.
Corollary 5.2. Assume that e = 0. Let k, > n?. Then

1)

~(n m(My + 3 2R,
Ellg — 9|1 < llg — g + "2 FD) | 2l

2) If Ox.co = O(k=(+9) for some @ > 3, then the estimator §j = §y, defined by (5.14) and (5.15)
satisfies o

—all?) < i _ 2 S =
E(lg —gl") < Ca it [llg = gl +pen(m) + =20 o

RTEN )

where Cq is defined in (5.8) and C is a constant depending on a and Y ;- Bx,00 (k).

The result 1) shows that if ), % 1(k) < oo, one obtains the same bounds (and the same rates)
as in the ii.d. case. However, if ), 7x 1(k) < oo the term n~R,, is of order n™1m? and the rates

(n)

for gm’ are less good than in the i.i.d. case.

This result 2) shows that this estimation procedure also works in density estimation without errors.
It allows to estimate a density on the whole real line and to reach the usual rates of convergence, by
using a penalty of the classical order m/n. This remark is valid in the S-mixing framework and in the
case of independent X;’s. We refer to Pensky (1999) and Rigollet (2006) for recent results in adaptive
density estimation on the whole real line in the i.i.d. case.

6. PROOFS

6.1. Proof of Proposition 4.1. The proof of the proposition 4.1 follows the same lines as in the
independent framework (see Comte et al. (2006)). The main difference lies in the control of the
variance term. We keep the same notations as in Section 3.3. According to (3.2), for any given m

belonging to {1,--- ,my}, gﬁ,?) satisfies, %(gﬁ?)) — 'yn(gﬁ,?)) < 0. For a random variable Y with density

fv, and any function 1 such that ¢(Y") is integrable, let
1 n 1 n
(6.1) vy (@) ==Y [B(Yi) = (@, fy)], sothat vy, z(uj) = - > [ui(Zi) = (t,9)].-

n < X
=1 =1
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Since

(6.2) () = m(s) = It = gll* = lIs = glI* = 2vm 2 (u;_y),
we infer that

63) o= 601 < g — oS0 + 20z () -

Writing that Gy, j — amj = Vn z (W ug, ), we obtain
vz (W 0) = D (g = amgvnz (s, ) = D nslu, )P
1] <kn 17| <kn
Consequently, E||g — gm)||2 <|lg— g(n 1?42 > ez E I:(Vn’Z(u*l,DmJ))z]' According to Comte et al. (2006),

(mm)?(Ma + 1)
kny, )

(6.4) lg = 95217 =1 g = gm 1> +llgm — a5 1% <[l g = g I* +
The variance term is studied by using that for f € L;(R),

(65) ) = [ tnzle)f5)da.

Now, we use (6.5) and apply Parseval’s formula to obtain

* va( ) . 2 1 ™ T, n, et |2

JEZ —7Tm

Since vy, 7z involves centered and statlonary variables,

E‘sz(eiz')‘z — Val"‘l/nz — ZV&F wz:Z;c Z Cov(eika7ez‘:ch)
" 1<k£I<n
1 ; . .
(67) = ﬁvar<elle> + ﬁ Z COV(emZk, ezle).
1<k£I<n

Since (X;);>1 and (g;);>1 are independent, we have E(e@%+) = f:(w)g*( ) so that
COV(eisz’eile) _ E(eix(Zl—Zk)) - ’E(eika)P _ ( iw(Z;— ) |f ( ) ( )‘2
Next, by independence of X and e, we write, for k # [,
E(eim(Zlek)) — E(eix(XZka))E(eim(elfsk)) — E(eim(leXk)”f:(x”Q’

and consequently

(6.8) Cov(e®?r, %21y = Cov(e™Xk, e™X1)| fX(x)[2.
From (6.7), (6.8) and the stationarity of (X;);>1, we obtain that
(6.9) Elvnz(e™)? < — + = ;2 |Cov (e, e%0) | |f2(2) |

The first part of Proposition 4.1 follows from the stationarity of the X;’s, and from (6.3), (6.4), (6.6)
and (6.9).
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Let us prove that R,, < min(R,, 3, Rm ), where R, g and R, are defined in Proposition 4.1.
Using the inequalities (2.2) and (2.3), we obtain the bounds
|Cov(e™X1, e®Xk)| < 20x1(k—1) and |Cov(e™X1 e Xk)| < lz|mx 1(k — 1)
(for the last inequality, note that t — €™ is |z|-Lipschitz). The result easily follows.
6.2. Proof of Theorem 5.1. By definition, g satisfies that for all m € {1,--- ,m,},
n(9) + pen(r) < Yn(gm) + pen(m).
Therefore, by using (6.2) we get that

16— 911> < 1982 — g1 + 20 2(u" )+ pen(m) — pen(in).

If t = t1 + t5 with ¢; in SO and ¢, in S(n,), t* has its support in [—rmax(m,m’), rmax(m,m’)] and ¢

belongs to Sr(ngx(m mrye €t B (0,1) ={te Sr(gx (m.m?) / |It]l = 1}. For v, z defined in (6.1) we get
vz o) < G- o0 sup v )]

te m,m\Y,

Using that 2uv < a~'u? + av? for any a > 1, leads to

1G-9l> < g% —gl?+a g — g™+ “ 1)(Vn,z(UZ‘))z + pen(m) — pen ().
S m,m

(1)

Now, according to Lemma 7.1, write that vy, z(uf) = vp ’ (t) + vy x (t), where

610) o000 =13 i (2) — B (Z)lo(Xer i 2 D) =0t S g X))
=1 =1
Consequently,
lg—gl> < g —glP +a g -9 1> +2a  sup  @V(E)*+2a  sup  (vpx(1)?
teBnL,ﬁL(Ovl) tGBWL,’r%(O71)

+pen(m) — pen(m).
Hence by writing that ||g — g,(ff)H <A+ Y79l + (1 +kKa)llg — gm)||2 with k, defined in (5.8),

we have

15 —al®> < wollay) — gl +2arka  sup V(1) +2ak,  sup  (vox(t)’
teBm,ﬁL(Ovl) tEBm,m(OJ)

+rq(pen(m) — pen(m)).
Choose some positive function p(m,m’) such that
(6.11) 2ap(m,m’) < pen(m) + pen(m’).

For this function p(m,m’) we have

+ 2kgpen(m) + 2aka  sup  (vpx(1)? + 2ak, Wy (m, )
teBm,m(071)

1g—gl> < KZlg— o>

Mn
)||2 4 2k4pen(m) + 2ak,  sup (Un.x (1) + 2ar, Z Wy (m,m'),
t€B, 7 (0,1) m'=1

(6.12)

IN

K2lg — g
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where

(6.13) Wo(m,m') := [ sup D) —p(m,m')] ,
tEBm’m/(O,l)

The main parts of the proof lies in the two following points :
1) Study of W,,(m,m’), and more precisely find p(m,m’) such that for a constant Aq,

(6.14) i: E(W,(m,m')) < %.
m/'=1

2) Study of supyep m([)’l)(ynyx(t))g and more precisely prove that
R
(6.15) E[ sup  (nax(1)?] < Tt
t€ B 17 (0,1) n
where R, is defined in (4.1). Combining (6.12), (6.14) and (6.15), we infer that, for all 1 < m < m,,

2akq(mp + Rpm,,) n 2ak,A1
n n

Ellg — l* < K2[lg — g{||* + 2kapen(m) +

If we denote by C, = max(k2,2k,), this can also be written

n 2ak4(Ly, + Rm,,) n 2akq,A1
n n
2akq(Lm,, + Rm,,) n 2ak, A1
n n

Elg - glI* < Ca e [lg = gS11% + 1|5 — giml| + pen(m)]

oy Mn

< (C, inf , [lg = gml* + (M2 + 1)m?/ky, + pen(m)] +

me{l, Pz

Proof of (6.14) We start by writing E(W,,(m,m’)) = E[SupteBmym/(O,l) |1/7(L1)(t)|2 —p(m,m')]; as

E{EX LeB:,ljan(o,l) D @F = plm, m,)} +}’

where Ex(Y) denotes the conditional expectation E(Y |o(X;, @ > 0)). The point is that, conditionally
to o(X;, ¢ > 0), the random variables u;(Z;) — E(uj (Z;)|o(X;, i > 0)) are centered, independent but
non identically distributed. We proceed as in the independent case (see Comte et al. (2006)), by
applying the following Lemma to the expectation EX[SUPteBmym/(O,l) |V7(~01)(t)’2 — p(m,m’)]+.

Lemma 6.1. Let Yy, ...,Y, be independent random variables and let F be a countable class of uniformly
bounded measurable functions. Then for € > 0

} 4 <U6_K1§2n1’v{2 98M12 _2ch(g>§nH) |

< - = V2 M
n + K1n202(£2)6 '

2 2yH?
]E[supll/n,y(f” —2(1+28)H + T Ky

feF

with C(§) = /14+& -1, K1 =1/6, and

1 n
sup || flloo < M1, E[supluny (DI < H, sup= > Var(f(vi)) <.
fer feF ferna—
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The proof of this inequality can be found in Appendix. It comes from a concentration Inequality in
Klein and Rio (2005) and arguments that can be found in Birgé and Massart (1998). Usual density
arguments show that this result can be applied to the class of functions F = By, ,,/(0,1). Let us denote
by m* = max(m,m’). Applying Lemma 6.1, one has the bound

6 v 2nH2 98 M _K1C(8)¢ nH
E su y(l)t2—21+22H2} <(6—K1£v+1 s M1>’
X teBm,mr;(o’l)l n (8] (1+2¢) 5% T2 C2(e)°

where

swp e <M Ex| swp OO <H s 13 Var(ui(z) <
teB /(0,1) tGBmym/(O,l) tEBm, ’ k’ 1

m,m

By applying Lemma 7.3, we propose to take

Alm* A * h
H? :H2(m*) = (ZL ), My = My(m*) = VnH? and v =ov(m*) = 22(m h)
T

with, for fz denoting the density of Z1,

N2
(6.16) (m, 1) / / szx _ ))|‘2d dy.

From the definition (6.13) of W,,(m,m’), by taking p(m,m’) = 2(1 + 2¢2)H?(m*), we get that

(6.17) E(Wo(m,m") <E{Ex| sup (1)~ 201+ 26 H2(m")| }.

t€B,, 1 (0,1) +
According to the condition (6.11), we thus take pen(m) = dap(m,m) = 8n~ta(1 + 2¢2)A(m) where
€2 is suitably chosen in the control of the sum of the right-hand side of (6.17). Set mg such that for
m* > mg
(6.18) (1/2)M1(f, 5o)T(m*) < A(m*) < 21 (f=, ko)T(m™)
where I'(m) is defined in (4.2) and A1 (f:, ko) and Ai(f, k) are defined in (4.3). We split the sum over

m' in two parts and write

(6.19) ZnE(Wn(m,m’)): > EWa(mm))+ Y E(Wu(m,m')).
m/=1 m/|m* <mg m/|m*>mg

By applying Lemma 6.1 and (6.18), we get the global bound Ex (W,,(m,m’)) < K[I(m*) 4+ II(m*)],
where I(m*) and IT1(m*) are defined by

2K1£C(8)
) \/ﬁ},

Since I and IT do not depend on the X;’s, we infer that E(W,,(m,m’)) < K[I(m*) + I[I(m*)].
When m* < mg, with mg finite, we get that for all m € {1,--- ,m,},

S EWam,m)) < £

n
m/|m*<mg

and II(m*) = - exp{—
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We now come to the sum over m’ such that m* > mg.
When § > 1 we use a rough bound for Ay(m, h) given by \/Az(m,h) < 2rnH?(m).
When 0 < 6 < 1, write that

Ap(m, h) | f2 170 em) lloo Alm) || B* |[* (27).

Under (A§)-(A$) we use that ||h*||* < ||f*]|? < oo, that v/2x||fZ]| = ||f-|| and apply (6.18) to infer
that for m* > my,

AQ(m*v h)

(6.20) v(m*) = o

< Ao(fe, o) T2 (m™),

where Aa(fz, ko) is defined in (5.6) and

(6.21) Ta(m) = (1+ (rm)2)" (wm) (/2872090 e (0 em)®) = ()~ A2+ D).
Combining (6.18) and (6.20), we get that for m* > my,

I<m*)§>\2(fa,ﬁo)F2(m*) exp{ K1§2>\1(f5,/i0)( *)(1/25/2)+}

n 2)\2(fa, Ro)
A(m* 2K
n 2
o Study of 3,1« 5m, [1(m™). According to the choices for v(m”), H?(m*) and M;(m*), we have

m/|m*>mg a m/=1 n? 7\/§
A(mp)my —2K:£C(§)v/n

Since under (5.7), n='A(m,,) is bounded, we deduce that > II(m*) <n71C.

m/|m*>mg

e Study of > 5, [(m). Denote by ¢ = 2y + min(1/2 — 6/2,1 = 6), w = (1/2 = §/2)4, and
K' = K1\ (fe, 50)/(2X2(f=, o). For a,b > 1, we have that

max(a, b)wezmr‘s max(a,b)‘se—K/ﬁ2 max(a,b)* < (azpeQ;wr‘sa‘s + bv,ZJGQ,u,Tr‘sb‘s )e—(K’§2/2)(a‘”+b‘“)

(6.22) < awezm‘safFef(K/g?/z)aw67(K/52/2)bw+bw€2m5b567(K’£2/2)b“
Consequently,
. o A2(fe, ko) Ta(m) { K1 M (fe KO) | an(1/2-6/2) }
I(m < exp 4 — ™m +
mqﬂ;mo () < 2 . P () )
2 2
< 2l r)la(m) {_K; () (1/2-6/2)+ }Zexp{ K¢ )<1/26/2>+}
n
o= 2Xo(f, ko)L2(m) K'€  , (1/2-5/2)
2 —— i
(6.23) + Z - exp 5 (mm')

m/=1
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Case 0 < 6 < 1/3. In that case, since § < (1/2 — §/2),, the choice ¢ = 1 ensures that the quantity
Ty (m) exp{—(K"€%/2)(m)(*/279/2)} is bounded, and thus the first term in (6.23) is bounded by C/n.
Since 1 < m < m, with m,, satisfying (5.7), n=1 377 Ta(m') exp{—(K'/2)(m/)(1/279/2)} is bounded
by C/n, and hence 3 I(m*) < Dn~!. According to (6.11), the result follows by choosing
pen(m) = dap(m,m’) = 24an~"tA(m).

m/|m*>mg

Case ¢ = 1/3. According to (6.23), we choose &2 such that 2um®(m)® — (K'¢2/2)m® = —2u(7wm)? that
is €2 = (8um® Ao (fe, k0))/ (K1 1 (fe, kh)). Arguing as for the case 0 < & < 1/3, this choice ensures that
Zm/|m*2m0 I(m*) < Dn~!, and consequently (6.14) holds. The result follows by taking p(m,m’) =

2(1 4+ 2¢3)A(m*)n~!, and pen(m) = 8a(1 + 2£2)A(m)n L.

Case 6 > 1/3. In that case § > (1/2—4/2). Choose £2(m) such that 2u7®(m)° — (K'¢2/2)m(1/2=0+ =
—2umd(m)?. Hence £2(m) = (8,u(7r)‘5)\2(f5,no)/(Klkl(fE,né))(ﬂm)‘s_(lﬂ_é/?)*. This choice ensures
that >\ me>m, 1(m*) < D/n, so that (6.14) holds. The result follows by choosing p(m,m') =
2(1 4 2¢2(m*)) A(m*) /n, associated to pen(m) = 8a(1 + 2¢2(m))A(m) /n.

Proof of (6.15). Since max(m,m) < m,, according to (6.5),

sup  E (v x(t)? < sup E<1 /I/n,)((eigc')t*(—$)6l$>2

t€ B (0,1) t€Smy Jltl=1  \ 27T

1 My, 1 n )

< — Var | — Z Xk | dg
27 ) _m n

n k=1

m 1 w1 ) )

< L4+ = Z ’Cov (e”Xl,eWX’“) ’ dx
n TN v

n k=2
and Theorem 5.1 is proved. O

6.3. Proofs of Theorem 5.2 (1). We use the coupling argument recalled in Section 2.1 to build
approximating variables for the X;’s. For n = 2p,qn + 70, 0 < 1y < g, and £ =10,--- ,p, — 1, denote
by

Ep = (Xotg, 115 Xe1)gn ) Fo = (X@e41)gut15 - X (2042)q0 )
E} = (X3gu41 - Xoer1)gn)r F0 = (Xr1)guttr -+ X2042)g,)-

The variables E; and F} are such that

- B}, By, F} and Fy are identically distributed,

- P(Ey # E}) < BX,00(qn) and P(Fy # F) < BX,00(dn);
- The variables (E})o<¢<p,—1 are i.i.d., and so are the variables (F})o</<p,—1-
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Without loss of generality and for sake of simplicity we assume that r, = 0. For k, defined in (5.8),
we start from

15— gl < rallgh) —gl* +2aras  sup V() +2aK,  sup  (vnx(t))?
tGBmym(O,l) t€Bm, 7 (0,1)
+#a(pen(m) — pen(ri))
< 2 (n) o 2 2 (1) t 2 4 * t 2
< Kallgm’ —9ll” +2aka  sup  (1,7(1))" +4aka  sup (v, x(1))

tEBpm, »(0,1) t€Bm, 7 (0,1)

+dar sup  (vax(t) — v, x (t))? + Kqo(pen(m) — pen(mn)),
tGBm’m(OJ)

where v}; 1 (t) is defined as vy, x (t) with X instead of X;. Choose p1(m,m’) and pz(m,m’) such that
2ap1(m,m') < [pen;(m) + pen; (m')] and 4apa(m, m’) < [peny(m) + peny(m’)],
for pen(m) = pen;(m) + peny(m). It follows that

lg—gl* < kK2|lg— g,(fLL)H2 + 2k4pen(m) + dar Wy x(m,m) + 4a/<cat BSUP(O 1)(Vn,X(t) - V:L,X(t))Z
€ m,m\Y,

+2ak, Wy, (m,m)

Mn Mn
(6.24) < K2|lg — g% + 2kqpen(m) + 4aliaz W) x(m,m') + 2ak, Z Wp(m,m')

m’'=1 m/=1
Hakg  sup (v (1) = v x (1))
tGBm’m(OJ)

where
(6.25) Wp(m,m') = { sup |V7(L1)(t)|2—p1(m,m/)] ,
te€B,, 1 (0,1) +
(6.26) axtmom) = [ sup () = pa(mm)]
’ t€B,, v (0,1) +

The main parts of the proof lies in the three following points :
1) Study of W, (m,m’). More precisely, we have to find p;(m,m’) such that for a constant As,

mn

(6.27) > EWa(m,m')) < —.

m/=1
2) Study of wy (m,m’). More precisely, we have to find pa(m, m’) such that for a constant As,

Mmn

(6.28) > E(W) x(m,m')) < =

m/=1
3) Study of supyep, . 0,1)(Vnx(t) — v} +(1))? and more precisely we have to prove that
A
(6:29) | sup  (uh x() = vox($)?] < 4Bx,oo(ga)mn < =F.
tEBm,fn(Ovl) n

Proof of (6.27) The proof of (6.27) for ordinary smooth errors (6 = 0 in (AjJ)) is the same as the
proof of (6.14) by taking p;(m,m’) = p(m,m’), with p(m,m’) as in the proof of (6.14) and &2 = 1.
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Hence we choose penj(m) = 24an~"tA(m).

Proof of (6.28) We proceed as in the independent case by applying Lemma 6.1. Set m* = max(m,m’).
The process W) (m, m’) must be split into two terms (W x(m,m’) + Wy, y(m,m'))/2 involving
respectively the odd and even blocks, which are of the same type. More precisely W), (m,m’) is
defined, for k = 1,2, by h

Wik x(m, m') = sup

[teBm

ii( X oot k—1)gnti) — <t79>>‘2 — pok(m,m’) .

(=1 =1

Pndn

We only study W, X(m,m’ ) and conclude for W), y(m,m’) by using analogous arguments. The
study of Wy, X(m m') consists in applying Lemma 6.1 to v, (t) defined by

Pn 1 qn

Upx(t Z Vgoo,x (1) with vy, x (t) = . Zt(ngan) —(t,9),

considered as the sum of the p, independent random variables v} , ((t). Denote by My (m*), H*(m")
and v*(m*) quantities such that

wp N vpex @l € M), E( s (0]) < HOm)
te€B,, (0, teB,, m/(O,l)
and sup  Var(y, ,x(t)) <v*(m").

tEBm’m/ (0,1)

Lemma 7.5 leads to the choices M7 (m*) = vm*,

PRI Chie > STC.I1L) . o> SR TES1G Bllglom?) "

n an

Take £2(m*) = 1/2. We use that for m* > m,

2(1 +2€%(m*)) (H*(m"))* = 4(H*(m"))* < A(m")/(4n).
Then we take pa1(m,m’) = A(m)/(4n), and get that

gz
ZE(W;,I,X(m7m,)) = Z E(W, 1 x(m,m')) + Z E(Wp 1 x(m,m'))
m/=1 m/|m*<mg m/|m*>mg
< B[ sup iy x (O = 4(H*(m"))?]
I lons teB /(0,1) +
m/|m*<mg m,m

+ ) Ipa(m,m!) — 4(H*(m*))?|
m/|m*<mg

+ 3 B[ sw (0P =400

m/|m*>mg m (0:1)
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It follows that

S EWax(mm) < 23 B[ sup i () - 4(H*(m"))?]
m/=1 o m/=1 tGBm,m/(O,l) 77 +
>0 Ipealmom!) — 4(H ("))
’|m*<m0
C(mo)
< 2 up V:L t 274 H*(m* 2 +
Z_ L™, P OF =4 )]+ =

We apply Lemma 6.1 to E[SUPteB ,0) [V <) - 4(H*(m*))2] and obtain
m,m ’ 1y +

Mn

E[ sup iy x(®F - 4(Hm)?) <KZI* )+ 11 ("))
m/=1 tGBm,m/(O,l)

with I*(m*) and IT*(m*) defined by
* 2% 2K C
I*(m*) = TI:L exp{ - sz} and IT*(m*) = qjlm exp{ — M\/ﬁ}

2 7 In
where Ky = (K1/32)(1+ 4320, .1 (£))/4/llglloo ok + 1)1 (k).
With our choice of £2(m), if we take g, = [n ] for ¢ in ]O 1/2[ then
C
I(m < — d I (m*) < —
Z = ,Zl s n’
Finally
- * 2 * *\)2 ¢
B[ swp |y, x (P = 4H )P <=
=1 Cte€B, (01) +7n
and
Mn Mn C
Z E[W, x(m,m')] <2 Z E[Wy 1 x (m,m') + Wyo x(m,m)] < o
m/=1 m/=1

The result follows for choosing pa(m,m’) = 2ps1(m,m') 4+ 2pa2(m,m’) = A(m)/n, and pen(m) =
25aA(m)/n.

Proof of (6.29). A rough bound is obtained by writing that

sup v x(t) —vnx () = sup v () = vn x (1)
t€Bm m (0,1 tesfn"jx(m el
< sup [ (1) — v x (8]
LESm,, It <1

According to (6.5),
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Since |vp, x () — v (") < 2, we have

2
Wl x(OF < oz | [Wxe™) v (@) ()i
teB’m,’ﬁL(Ovl) ’mn7 ‘t”<1 d
< o [ W) = ()P
1 T * ix- ix-
< 1M ) - (el
T J—mmy

According to the properties of the coupling,

* 1 i * - T
B[ swp  whx(® - rx(®F] < 1 [ () < v (€)ldo < 4% ac(gn)m
tEBm, 7 (0,1) ™ J—mm,

For ordinary smooth errors, according to (5.7), my, < nt/27+1) Tt follows that if we choose ¢y, such that
B% 00 (qn) = 0(71—(27+2)/(2'y-~-1))7 then Bx oo (Gn)mn = O(n1). For g, = [n] and fx oe(n) = O(n=1-9),
we obtain the condition n=°1+%) = O(n=(7+2)/@v+1)) 1f § > (29 + 3)/(2y + 1), one can find ¢ < 1/2
such that this condition is satisfied.

6.4. Proofs of Theorem 5.2 (2). We proceed as in the S-mixing case, by using the coupling argument
given in Section 2.1. The variables Ey, B, Fy, Ff are build as in Section 6.3 and are such that

- EZ7 Ey, F} and Fy are identically distributed,
dn

ZE (1 X26q,+i — X2£qn+z|) < gnTX,00(qn) and ZE ’X 204+1)gn+i X(26+1)qn+z‘) < nTX,00(qn);

i=1 i=1
- The variables (E})o<¢<p,—1 are i.i.d., and so are the variables (F})o</<p,

-1
Without loss of generality and for sake of sunphmty we assume that r, = 0. As for the proof of

Theorem 5.2 under 2), we start from (6.25). Hence we have to :
1) Study of W,,(m,m’), and more precisely in finding p;(m,m’) such that for a constant Ko,

(6.30) Z E(W(m, m')) < 2.

n

2) Study of Wy (m,m’), and more prec1sely in finding py(m,m’) such that for a constant Kj,

My K
(6.31) > E(Wy x(mom) < ==,
m/=1

3) Study of supiep,, . (0,1)(Vn,x(t) =V}, x (t))? and more precisely in proving that

K
(6.32) E[  sup  (hx(t) = vnx(t)?] < 77X 00(@n)mn’® < =
teBm,m(Ovl) 7 n

Proof of (6.30) The proof of (6.30) for ordinary smooth errors is the same as the proof of (6.14).
Proof of (6.31) As for the proof (6.28) we apply Lemma 6.1 with
(m* +7T 00 Tx,l(k)(m*)2>

(H*(m"))? = - , Mi(m") =m",
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(m + 7532 () m*)?)
= |

We take &2 = ¢2(m) = (3/K1 + 1)In(m). In the same way as for the proof Theorem 5.2(1), we use
that for m* > my,

and v*(m*) =

2(1 + 26%(m")) (H*(m"))? < A(m*)/(4n).
Then we take po(m, m') = A(m*)(4n)~! and get that

> W x(mm) <2 Z [ s - 201 4 26 ()] + C

mi—1 t€B,, ,/(0,1) + n

We now apply Lemma 6.1 to E[supteBm (0,1) |V;’17X(t)|2 —-2(1+ 252(m*))(H*(m*))2} and obtain

+
Do E[ s W (OF =20+ 26 ) )] <KD )+ 18 )
EBm’m/(Ol
with I*(m*) and I7*(m*) now defined by
*2
I*(m*) = — exp{~K1£*(m")}

and []*(m*) = q,%;z;*Q exp § — ﬂKlgC(f) <1 +77T ZZ:1 Tx}1(l€)> \q/ﬁ

With this £2(m), if we take g, = [n¢], with ¢ in ]0,1/2[ then
C - C
E I(m") < — d E 11 < —
< an (m*) < —

Finally > E[Wy(m,m/)] <237 | EWX | «(m,m)+W*, (m,m’)] < Cn~'. The result follows
by choosing pa(m,m’) = 2pa1 (m, m’) + 2paz(m,m’) = A(m)n~!, and pen(m) = 25aA(m)n~!
Proof of (6.32) The proof of (6.32) is similar to the proof of (6.15). Since e~ — e=™5| < |z||t — 5],
one has

ZE(’e—iXQEqn+i _ e—nglanrz“) < Gn|7|Tx 00 (qn)
It follows that

1 TMn . -
B[ swp  ix@®)-wmx®F] < - / EJ; x () = vax (€)ldz < 77 0o(gn)m
t€ By 1, (0,1) ™ J—7m,

For ordinary smooth errors, according to (5.7), m,? < n2/ @+ Tt follows that if we choose gy,
such that 7x o« (gn) = O(n~ G +3)/C7HD) then 7% oo (gn)m2 = O(n™"). For ¢, = [n¢] and 7x o (n) =
O(n~17%), we obtain the condition n=¢1+9) = O(n=(r+3)/¥+1)) If § > (2 +5)/(2y + 1), one can
find ¢ < 1/2 such that this condition is satisfied. a

6.5. Proof of Corollary 5.2. The result follows from the proof of Theorem 5.2 (1), where only the
process vy, x appears.O
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7. TECHNICAL LEMMAS

Lemma 7.1. If we denote by v, x(t) the quantity defined by (6.1), then

n
n~Y By (Zk)|o(Xi, i > 0)— < t,g >= v x(t).
k=1

The proof of Lemma 7.1, rather straightforward, is omitted.

Lemma 7.2. Let v, z(uf) be defined by (6.1), A(m) being defined in (3.5). Then

S [us, ) = m [ |21

2 7 em)
Lemma 7.3. Let v, z(uf), A(m) and Ag(m, h) be defined in (6.1), (3.5) and in (6.16). Then

sup | uf [loo< V/A(m*) E[  sup v z(u)l] < VAm*)/n,

2
dx = A(m).

tEBm!m/ (0,1) tEBm’m/ (0,1)
and  sup  Var(u;(Z1)) < +/Aa(m* h)/(2m).
t€B,, ,/(0,1)

We refer to Comte et al. (2006) for the proofs of Lemmas 7.2 and 7.3.

Lemma 7.4. || } .7 lom.j|? o< m.
Proof of Lemma 7.4 Write

) 1
S lens@l = Y

JEZ.

2

2
/e—izumeijuw*(u)du )

/ e_i“xcp;knd» (u)du

We conclude by applying Parseval’s Formula which gives that
> loms(@? = 20 [ 1" W) du = m.
JEZL
Lemma 7.5. For By, ,/(0,1) = {t € Sy / |Itll2 = 1}, we have, for m* =m v m/,

(L+437%5 Bxa(k))m*

n

sup |t flo< v, E[  sup |V$,1,x(t)l]é\/
0,1

tEBm’m/ (0,1) tGBm,m/( s

20goc (1 + 82 357, (14 K) B (k)] Vim®

and sup  Var(yy ,x(t)) < [
t€B,, ,.1(0,1) T an

Proof of Lemma 7.5 For ¢ in B, ,y(0,1), with m* = mVm/, one has t = ZjeZ b jPm* ;- Applying
Cauchy-Schwarz Inequality and Lemma 7.4 we obtain

1/2
sup |t oo | 3 lome | < Vi
tEBm’m/(O,l) jez o0
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Now, using again Cauchy-Schwarz Inequality

E| sup |VZ,1,x(t)|] < E| D Wrix(em))?| <[> Var( x(ome)-

tEBmym/(O,l) jez jez
By analogy with (6.6), we write
E * . 2 _L E * o * md 2_i TrmE * ix- 2d
Z (Vn,l,X((pmJ)) - 472 Z @m,j( x)yn,l,X(e ) L - o |Vn,1,X(e )’ €L.
JEZL JEZL —m

This yields

1+457 k *
E[ sup |I/:L’17X(t)|] < (L+4> 5y Bxa(k))m '
teB /(0,1) n

m,m

Finally, we apply Viennet’s (1997) variance inequality (see Theorem 2.1 p. 472 and Lemma 4.2 p.
481). Hence there exist some measurable functions by, such that 0 < by <1 and E {(Zzzl b (X 1))2] <
> k>1(1+E)Bx 1(k), for which

1 an
sup  Var(vg,,x(t) < sup  — (1 +4 Z bk> t2(2)g(x)dx .
k=1

tEBm,'rn/ (0’1) teBnL,'m/ (071) qn
Consequently
9 1/2
1 " an
swp  Varlyox(®) < sw el | [ (140Y o) g(e)ds

t€B,, 1 (0,1) teB,, ,,/(0,1) 4n el

o i
< | 2091432 (1 +k)Bx (k) :

k=1 "

Proof of Lemma 6.1 : Starting from the concentration inequality given in Klein and Rio (2005) and
arguing as in Birgé and Massart (1998) (see the proof of their Corollary 2 page 354) we obtain the
upper bound

A2 2X(n A1)
(7.1) P (225%(9)! 2 (L+mH + A) < Zexp [_Kln (v : 7Ml>] ’
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where K; = 1/6. By taking n = (v/1+e—1)A1=C(e) <1 we get

+oo
Elsup v (g)[> — 2(1 + 2) B2, < / P<supun<g>|222<1+2e>ﬂ2+7> ar
g€y 0 g€eg

IA

/ﬂ? (sup vn(g)] > /2(1 + €)H2 + 2(eH2 + 7‘/2)) dr
0

geg

IN

+oo
2/ (sup|yn ) >V (14+€H+\eH?>+ 71/ )dT
0 9€g

+ " + _ 2K1nC(e) /
4 (/ h e~ VT g / b o~ vz (VT T/Q)d7>
0 0

Fenti2 [T Kin _VEK C@VenH  [TO K C(OnyT
< dem 1 / 20 Tdr +4e 7 My / e ™M dr.
0 0

Using that for any positive constant C, fo * e C?dy =1/C and f+oo e~ VI dy = 2/C?, we get that

IN

8 v nH2 49 M2 lec( )VE nH
E 2_9(1+420HY, < — | —e Hre®m 4 L o7 M) O
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