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We consider a new concept of weak dependence, introduced by Doukhan
and Louhichi [Stochastic Process. Appl. 84 (1999) 313-342], which is more
general than the classical frameworks of mixing or associated sequences.
The new notion is broad enough to include many interesting examples such
as very general Bernoulli shifts, Markovian models or time series bootstrap
processes with discrete innovations.

Under such a weak dependence assumption, we investigate nonparametric
regression which represents one (among many) important statistical estima-
tion problems. We justify in this more general setting the “whitening by win-
dowing principle” for nonparametric regression, saying that asymptotic prop-
erties remain in first order the same as for independent samples. The proofs
borrow previously used strategies, but precise arguments are developed under
the new aspect of general weak dependence.

1. Introduction. The analysis of statistical procedures for dependent data
usually relies on some decay of dependence as the distance, say in time or space,
between observations increases. The most popular notions describing such a decay
of dependence are from the framework of mixing sequences [10]. However, mixing
conditions can be very hard to verify for particular models or are even too strong to
be true. Not much is known in asymptotic theory about the behavior of a statistical
procedure when the data generating stationary process exhibits dependencies
which are beyond classical mixing or, as another example for a framework
describing dependence, beyond association (see Section 3.4). Examples where
mixing or association fails to hold include the following: (i) Bernoulli shifts driven
by discrete innovations, (ii) Markov processes driven by discrete innovations and
(iii) processes arising from model- or sieve-based time series bootstraps. More
precise definitions are given in Section 3.

Doukhan and Louhichi [12] have introduced a new concept of weak dependence
for stationary processes which generalizes the notions of mixing and association.
Relaxation of mixing or association conditions and assuming only the new notion
of weak dependence yields a fairly tractable framework for the analysis of
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statistical procedures with very general data generating processes, for example,
examples (i)—(iii) mentioned above.

For a stationary time series, weak dependence as defined in [12] is measured in
terms of covariances of functions. For convenient functions ~ and k, we assume
that

(1.1 Cov(h(“past”), k(“future”))

is small when the distance between the “past” and the “future” is sufficiently large.
Regarding the functions 4 and k, we focus on the class of bounded Lipschitz
functions and modifications thereof. This class is small enough to actually prove
for various processes that the quantities in (1.1) can be bounded uniformly over
the function class as a function of the distance between the “past” and the “future.”
On the other hand, the function class is rich enough to obtain high order moment
bounds and central limit theorems (CLTs) for sums whenever suitable uniform
bounds for (1.1) hold. Alternative function classes are also possible and another
similar proposal for weak dependence has been given in [4]; see Section 2.2.

Under the general notion of weak dependence in terms of requiring only a
suitable (uniform) decay of the covariances in (1.1), it is still possible to get
fairly good bounds for moment and exponential inequalities and the CLT still
holds (see Section 2.3). However, these bounds are usually less tight than for
mixing or associated sequences. Another complication arises when dealing with
transformed values g(Z;, ..., Z;—,) for fixed v, where g(-) is nonsmooth: the
covariance bound in (1.1) controls only for transforms g(-) which are bounded
Lipschitz (or modifications thereof), although nonsmooth g(-)’s can be handled
under additional concentration assumptions for the process (Z;);cz. Some of the
strategies for various proofs can be borrowed from previous work in mixing or
association, but the difficulties mentioned above indicate that precise arguments
have to be developed under the new aspect of weak dependence.

As one important example of an estimation problem, we focus on point and
interval estimation for conditional expectations. Consider a strictly stationary
process (Z;);cz taking values in RP? for some D € N: (Z;);ez does not need
to satisfy a mixing or association, but only a weak dependence assumption as
mentioned above. For 2 < D =1 + d, writing the components as Z; = (X, ;)
with X; € R? and Y; € R, the problem of interest here is nonparametric point and
interval estimation of the function

r(x) =EYy| Xo =x).

For simplicity, we often restrict ourselves to D =2 with X; € R, but extensions to
D =14d > 2 with X, € R are straightforward. Known estimation techniques for
r(x), namely the kernel estimator and a local bootstrap thereof are shown to have
essentially the same first order asymptotic properties as in the independent case.
This phenomenon is known as the whitening by windowing principle and was first
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proved for mixing processes in [29]. There seem to be few difficulties extending
our results to other smoothing techniques such as local polynomial estimators. It
indicates validity of this principle for many windowing and smoothing methods
applied to very general, stationary weakly dependent observations, including
nonmixing or nonassociated sequences.

The paper is organized as follows. The definition and tools for weak dependence
are given in Section 2; examples of processes where weak dependence holds are
given in Section 3; Section 4 describes point and interval estimators for conditional
expectations; asymptotic properties are given in Section 5; Section 6 contains the
proofs.

2. Weak dependence.

2.1. Definition. We define here the new notion of dependence, thereby closely
following [12]. Generally, let E be some normed measurable space with norm
| - Il, although we restrict later attention to the case where E = RP. Denote
by L°(E*) (u € N) the set of measurable bounded functions on E* and set
Lo = (52 | L°°(E"). We then equip E* with the "norm ||(x1,...,x)|1 =
lx1]l 4+ - + llxu ||, where x € E*. Moreover, denote by

LinGh) — sup /10 = h0)]
XFy llx —ylh

the Lipschitz modulus of a function #: E* — R with respect to the /'-norm in E*.
Define

0
£ = {n e L®(E"): Lip(h) < 0o, |l <1}.
u=1

DEFINITION 1 [12]. The E-valued sequence (Z;);c7 is called (0, L, ¥)-
weak dependent if for some monotone sequence 6 = (6, ),N decreasing to zero at
infinity and some real-valued function i with arguments (4, k, u, v) € L2 x N2,

|Cov (h(Ziy, ..., Zi), k(Zj,,.... Zj))| < ¥ (h, k,u,v)b,
for any u-tuple (i1, ...,i,), any v-tuple (ji, ..., jy) withi] <--- <i, <i, +r <
j1<---<jyandallu,veN.
Various choices for the function i turn out to be convenient. Particularly,
consider
Y1(h, k,u,v) =uLip(h) + vLip(k), wi (h,k,u,v) =vLip(k),
Ya(h, k,u, v) =uvLip(h) Lip(k), V5 (h, k,u,v) =vLip(h) Lip(k),
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where the functions / and k are defined on E* and EV, respectively (4, v € N).
Clearly (0, L, W})—weak dependence implies (6, £, ¥j)-weak dependence (j =
1, 2). The functions v; (j = 1, 2) are adapted to provide moment bounds by using
techniques in [12], whereas the functions W} (j = 1,2) provide nice CLTs via
the Lindeberg—Rio method used, for example, in [9]. The distinction with the
subscripts 1 and 2 corresponds to our examples, where we always consider /1, ¥
for Bernoulli shifts and Markov processes, and >, ) for associated sequences
(see Section 3).

If the class £ is replaced by IL°° and ¢ (4, k, u, v) = 4||h|| x|k ||, ONE obtains
strong mixing processes with 8, = «;- as defined by Rosenblatt (cf. [10]). However,
such strong mixing conditions refer to the total variation norm of two distributions
rather than an appropriate distance between random variables. This is often an
unnecessarily strong requirement. In Section 3, we will discuss some examples
where the mixing condition is too restrictive.

The notion of L£-weak dependence can also be modified to deal with indicator
functions, which are not Lipschitzian, and empirical processes. In the latter case
with indicators of half-lines in R, we consider instead of £ the class

[e.e] u
1=U ®gxl.; xieR+fori=1,...,u},

u=1 Li=1

where g,(y) = Ljy<y} — Ll{y<—y}, x € RT. Under £L-weak dependence and
additional regularity assumptions for the underlying process, {-weak dependence
can be established. For instance, under smoothness conditions for the distribution
of the process, the following uniform covariance bounds (as in Definition 1) over 4
can be established: v/u + v6,, (u 4+ v)*/36,}> and (u +v)6,"” in the (0, £, ¥])-,
0, L, Yp)-and (0, L, WQ)-Weak dependent cases, respectively.

2.2. Relation to v-mixing. As discussed above, it is sometimes desirable
to bound covariances of non-Lipschitz functions. In [4], another type of weak
dependence, called v-mixing, was introduced. Similar to Definition 1, uniform
covariance bounds over classes of functions with smooth averaged modulus of
continuity are required. This framework is closely related to the theory of weak
convergence as in Bhattacharya and Ranga Rao [3]. Example 3.3 in [4] explains
that weak dependence as in Definition 1 implies v-mixing; the reverse implication
is generally not true. For a given process, it is therefore harder to prove weak
dependence than v-mixing. On the other hand, within the framework of weak
dependence, covariance and exponential inequalities and CLT's for sums have been
established [12], whereas for the more general notion of v-mixing, only covariance
bounds have been derived [4].
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2.3. Available tools under weak dependence. We briefly review the most
important tools when dealing with a stationary process (Z;);cz satisfying a
suitable weak dependence condition with coefficient 6,.

Rosenthal’s inequality, bounding higher moments of sums, becomes

n q
’E(Z(zt - E[ZOD)
t=1

n—1 q/2 n—1
<Ay max{ (Cn Z 9r> ,BM9%n Z(r + 1)‘1—2@},
r=0

r=0
g an integer > 2,

where Ay, B and C are positive constants, and the centered random variables
|Z; —E[Zo]| < M are bounded; see [12]. An exponential inequality, assuming
|Z; —E[Zo]l < M and E|Zy — E[Zy]|*> < 02 < 00, looks as follows:

|

for universal positive constants A, B, and 8 > 0 is a constant depending on the
decay of 6,; see [12]. The difficulty with both inequalities is the complicated
dependence of their constants on the decay of the weak dependence coefficients 6,,
yielding less tight bounds than in the mixing framework.

Central limit theorems

n~ Y232, — E[Zo)) 2w (0, 1%11(;1—1 Var(Z Z;)))
t=1

t=1

> (Z; —ElZo))
t=1

> xo\/ﬁ:| <B exp(—A\/ﬂ_x)

can be established using either Bernstein’s blocking technique or Lindeberg’s
method. We usually prefer the latter, as described in [28], since it often works
under slightly weaker conditions.

From an asymptotic view as n — oo, we have qualitatively the same behavior
as in the mixing framework, although with different constants for inequalities.
Therefore, many strategies for proofs assuming mixing conditions carry over to
the more general setting of weak dependence. However, as already indicated,
the different constants require careful arguments which, unfortunately, have to be
given in a case-by-case manner.

3. Examples. We present here examples where weak dependence, as defined
in Section 2.1, holds. First, we focus on some general classes of processes and will
then specialize to specific models.
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3.1. Bernoulli shifts.

DEFINITION 2. Let (§):cz be a sequence of real-valued random variables and
let F: RZ — E be a measurable function. The sequence (Z;);cz defined by

3.1 Zi=F(&-j:jel)

is called a Bernoulli shift.

The class of Bernoulli shifts is very general. It provides examples of processes
that are weakly dependent but not mixing (see [30]). A bound for the decay of
weak dependence can be obtained as follows.

For any k € N, let §; € R be such that

(3.2) sugEHF(éz-j J €LY = F(&—jlyji<ky:J €Z)| < &
te

Such sequences (8x )xen are related to the modulus of uniform continuity of F. The
sequence (8x)xeN can be evaluated under regularity conditions on the function F'.
For example, if

IF(uj:jelZ)—F;:j el <> ajluj—v;”,
JEZ

for positive constants (a;) jez and some 0 < b < 1, and if the sequence &; has finite
bth-order moment for all 7, we can choose & =3 j|>¢ a;E[§; . Bernoulli shifts
then satisfy the condition of

(0, &L, ¥r1)-weak dependence with 6, = 6,2,
(see [12], Corollary 2 and Lemma 8). In the case of a causal Bernoulli shift where

Z; = F(&_j,j € Np), then also (6, L, Wi)-weak dependence holds with 6, = §,.

3.2. Markov processes. Markov processes can be represented as Bernoulli
shifts. Consider an R”-valued Markov process, driven by the recurrence equation

(3.3) Zi=f(Zi-1,6) (el

for some i.i.d. sequence (&;);cz with E(§p) =0, & independent of {Z;; s <t} and
f: RP x R — RP. Then the function F in (3.1) is defined implicitly (if it exists)
by the relation

FE)=f(FE).&)  where £ =(&,&-1.§2,...),
‘5/ =B =(-1,6-2.6-3,...),

with B denoting the backshift operator.
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Assume now in representation (3.3) that Zj is independent of the sequence
(&:)ren. Suppose that, for some 0 <c¢; < 1,

d

E|f(0,6)] <oo and E|f(u, &) — f(v,6) <) cilui —vil,
i=1

(3.4) J
C=ZC,'<1 for all u, v e RP.
i=1

Duflo [14] shows under the condition in (3.4) that the Markov process (Z;);eN
has a stationary distribution @ with finite first moment. Assume now in addition
that Zg is distributed with p, that is, the Markov chain is stationary. Then, if (3.4)
holds, such a Markov chain is

(0, £, ¥r1)-weak dependent with 6, = ¢"E|Zy|.
See [12].
3.3. Chaotic representations. We now specialize the Bernoulli-shift represen-

tation in (3.1) to expansions associated with the discrete chaos generated by the
sequence (&;);cz. In a condensed formulation we write

Fw)=Y Fu)  (ueR?),
k=0

k
Fr(u) = Z Z Z aﬁ'l,),.,,jkujlujz"'ujk (k= 1),

J1EZ jreZ JKEZL

(3.5)

where Fj (1) denotes the kth-order chaos contribution and Fyp(u) = a(()o) is only a

centering constant. In short we write, in vector notation, Fy(u) =Y jezk aﬁ.k)u j

Processes associated with a finite number of chaos, that is, Fi(u) =0 if k > kg
for some kg € N, are also called Volterra processes. A first example of Volterra
processes is the class of linear processes, including the popular ARMA models. It
corresponds to the expansion in (3.5) with Fi(#) =0 for all k > 1.

A simple and general condition for LL!-convergence of the expansion in (3.5),
still written in a condensed notation, is Y 7o, > jezk Ia;k)l E|& ¥ < oo, which
allows us to define the distribution of such shift processes. Then

(0, &L, Y¥r1)-weak dependence holds with 6, = 6,2,

o0
=Y. Y laf|Elgl* <oo.

k=0 jeZk;|| jlloo>r

Under causality (see the end of Section 3.1), (0, £, Wi)-weak dependence also
holds with 6, = §,.
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3.4. Associated sequences.

DEFINITION 3 [15]. The sequence (Z;)sc7 is associated, if for all coordinate-
wise increasing real-valued functions 4 and k,

Cov(h(Z;:t € A),k(Z,:t € B)) >0
for all finite subsets A and B of Z.

Associated sequences are

(0, ¥, L)-weak dependent with 6, = sup Cov(Xp, X;);
k>r

see [12]. Note that broad classes of examples of associated processes result
from the fact that any independent sequence is associated and that monotonicity
preserves association (cf. [23]).

The case of Gaussian sequences is analogous by setting 6, = sup;-~., | Cov(Xp,
X1)l; see [12]. For associated or Gaussian sequences, 1/5-weak dependence also
holds with 6, = 3~ [ Cov(Xo, Xy)|.

3.5. More specific examples.

Nonparametric AR model. Consider the real-valued functional (nonparametric)
autoregressive model

Zi=r(Zi—1) + &,

where r: R — R and (&);cz as in (3.3). This a special example of a Markov
process in (3.3). Assume that |r(u) — r(u')| < clu — u’| for all u, u’ € R and for
some 0 < c¢ < 1, and E|&y| < 0o. Then (3.4) with D =1 holds and implies

0, L, w{)-weak dependence with 6, = 8, = ¢"E|Z]|.

We emphasize here that the marginal distribution of the innovations &; can be
discrete. In such a case, classical mixing properties can fail to hold.
As an example, consider the simple linear AR(1) model,

Zi=¢Zia+E=) & lpl<1
j=0

Let (&):ez be a sequence of i.i.d. Bernoulli variables with parameter s = P[§;, =
1]=1—P[& = 0]. The AR(1) process (Z;);cz with innovations (&;);cz and AR
parameter ¢ € ]0, %] is (0, L, wi)—weak dependent with 6, = 8, = ¢"[E|Zy|, but it
is known to be nonmixing (cf. [30]). Note that concentration holds; for example,
Z; is uniform if s = % and it has a Cantor marginal distribution if s = % Hence,
without a regularity condition on the marginal distribution of &y, Bernoulli shifts
or Markov processes may not be mixing.
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Nonparametric ARCH model. Consider the real-valued functional (nonparamet-
ric) ARCH model

Z; =5(Z1-1)é;,

where s: R — R and (£;);c7 asin (3.3) with IE|S()|2 = 1. This is a special example
of a Markov process in (3.3) with f(u, v) = s(u)v. Assume that |s(u) — s(u’)| <
clu —u'| for all u, u’ € R and for some 0 < ¢ < 1. Then (3.4) with D =1 holds
and implies

(0, £, ¥})-weak dependence with 6, = ¢"E|Z|.
Again, the innovation distribution is allowed to be discrete.

Nonparametric AR-ARCH model. An often used combination of the two models
above is a process having nonparametric conditional mean and variance structure,

Zi =r(Zi—1) +s(Zi-1)&,

with r(-), s(-) and (&):;cz as in the examples above. Assume the Lipschitz
conditions as above for r(-) and s(-) with constants ¢, and c;, respectively. If
¢r + cs = ¢ < 1, the process satisfies

@, L, Wi)—weak dependence with 6, = ¢"E| Zy|.
Bilinear model. Consider the simple bilinear process with recurrence equation
Zi=aZ; \+bZi 1§51+,
where (&;);e7 1s as in (3.3). Such causal processes are associated with the chaotic
representation in (3.5) with

o0

J
F(u)zZujH(a+bus), u=(ug,ui,us,...).

j=0 s=1
Under Tong’s [34] stationarity condition and if ¢ = E|a + b&y| < 1, the process
satisfies
-
1
(0, £, ¥])-weak dependence with 6, = %
—c

AR-sieve bootstrap for time series. The AR-sieve bootstrap for R-valued time
series (Z;);_, resamples from an estimated autoregressive model of order p =
Pn —> 00, pn/n— 0 (n — 00), defined recursively by

Pn
ZF= Zd)jz,*_j + & (teZ),
j=1

with (§/);¢7 ani.i.d. sequence, & ~ }/’\g (see below), independent of {Z]; s < t};
see [5, 17]. Asymptotically, since p, — oo, this is not a finite order Markov
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process anymore. However, under the conditions (A1) and (A2) below, it is still
a Bernoulli shift. The parameter estimates ¢A51, e, q§ p, are from the Yule—Walker
method in an AR(p,) model, yielding residEals é s - ,én The innovation
distribution P¢ of &; can then be estimated by P: = (n — p)~! p o1 D% where
ét = ét —(n— p)_1 e Pt és are the centered residuals and A is the point mass
at x e R.

The following assumptions imply a weak-dependence property:

(A1) The data-generating process is AR(00),

o0
Zi=Y ¢jZi_j+& (€,
Jj=0

where (&;)sez 1s an i.i.d. sequence with E(&y) =0, E|&|* < o0, & independent of
{Zs; s <t} .

(A2) P(z)=1-— ?":1 ¢;z’ is bounded away from zero for |z| <1 (z € C) and
Z?‘;O J™|¢;| < oo for some m € N. Moreover, the approximating autoregressive
order satisfies p, — 00, p, = o((n/log(n))"/m+2),

Note that assumption (A2) requires Z?O:O J™|¢;j| < oo, which becomes stronger

for large m, and p, = o((n/ log(n))l/ (2m+2)y " which is also more restrictive with
large m. However, the assertion in Proposition 1 below is stronger with large m
as well. The condition should be interpreted to mean that the underlying process
satisfies (A2) with a maximal m and the sieve bootstrap is then required to work
with a correspondingly small enough p, . If the approximating order is chosen from
the data via minimizing the Akaike information criterion (AIC), then Shibata [33]
has shown that pajc ~ const-n'/CP)_if || ~ const j_ﬁ as j — oo: thus, (A2)
holds in conjunction with AIC for the maximal m € N which is strictly smaller
than g — 1.

PROPOSITION 1. Assume (Al) and (A2) with m € N. Then the AR-sieve
bootstrapped process (Z])c7, is (0, L, Y1)-weakly dependent with 6, = Cr™"",
C > 0 a constant, on a set A, with P[A,,] — 1.

PROOF. Due to Wiener’s theorem, our assumption (A2) is equivalent to
assumption A2 in [5]. Section 5.1 and Lemma 5.1 in [5] also describe that

o
ZF=Y Vin&" . Yon=1,
j=0

and there exists a random variable N such that

o0
sup ij|1//j’n| <00 a.s.
n>N ]:0
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Hence, (Z]);cz is a causal Bernoulli shift and the bound in the discussion
following formula (3.2) implies the assertion. [J

It is not required to resample &;" from a smoothed version of ﬁg. The result here
is an elegant extension of the work in [4], where smooth resampling was needed
to prove a version of weak dependence (namely v-mixing, see Section 2.2) for the
sieve bootstrapped process.

4. Nonparametric estimation of conditional expectations. As an important
example of a statistical problem, we investigate asymptotic properties of nonpara-
metric estimation under weak dependence. This problem allows us to compare
sharpness of our results with known properties from the frameworks of mixing or
associated sequences, discussed in greater detail in Section 5.6.

4.1. Point estimation. We restrict ourselves in the sequel to the case of
stationary processes (Z;);cz with Z; = (X;, Y;), where X;, Y; € R. The quantity
of interest is r(x) = E(Yp|Xo = x). The extension to the case where X; € R? for
some d > 1 is straightforward. Let K be some kernel function integrating to 1,
Lipschitzian and rapidly convergent to O at infinity (faster than any polynomial
decay). For simplicity, we assume throughout the paper that it is compactly
supported. The kernel estimator (cf. [31]) is defined by

F(x)=rpp(x)= gfl’h(x) if fn,h(x) #0;7(x) =0 otherwise;
n,h (X
N A 1 " X — Xl
Fo0 = fatn = 3K (2,

t=1

1 & - X
§<x>=§n,h<x>=E2K(x . f)Yf.

t=1

Here (h,)nen is a sequence of bandwidths (positive real numbers). We always
assume that 2, — 0, nh,, — oo (n — 00). The corresponding population versions
are the marginal density f(-) of X; and g(x) = f(x)r(x).

4.1.1. Bias. We briefly recall the classical analysis for the deterministic part.

DEFINITION 4. Letp=a+ b withaeNand 0 <b <1. Set
C, = {u: R — R; u € G, and there exists A > 0
such that |4 (x) — u @ (y)| < Alx — y|”
for all x, y in any compact subset of R}.

Here, C, is the set of a-times continuously differentiable functions and C, is
known as the set of p-regular functions.
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Using only the stationarity assumption, we have E(g(x)) = g5 (x) with g;(x) =
ffoooK(s)g(x — sh)ds. The study of the bias by, (x) = gn(x) — g(x) is purely
analytical and does not depend on dependence properties of the sequence (Z;);c7z.

Assuming g € C,, one can choose a kernel function K of order p (not
necessarily nonnegative; see [26] or [2]) such that the bias b;, satisfies

bp(x) = gn(x) — g(x) = O(h”),

where the O-term is uniform on any compact subset of R (cf. [31]). If p is an
integer with b = 1, p = a — 1, then with an appropriately chosen kernel K of order

o

b (x) g (x)h?,

[sPK(s)ds
!
uniformly on any compact interval.
In the following, a p-regularity assumption for g (or f) will always be
associated with using a kernel K of order p for the corresponding estimate.

4.2. Interval estimation with local bootstrap. Interval estimation of r(x) =
E(Yo|Xo = x) has been proposed with local bootstrap schemes without using
normal approximation (see [22], [24]; see also [21]). All these cited references
assume an «- or 8-mixing condition for the stationary underlying process.

The local bootstrap for nonparametric regression is defined as follows. Consider
the empirical distribution function for Y; given X; = x,

A “ x =X\ Liy,<y
Fy(lx) = K( ) =l
; b fn,h(x)

with kernel K (-) and estimator fn,h(-) as in Section 4.1, but with bandwidth
b generally different from A used in the estimator 7, . Construct the bootstrap
sample as

(4.1) XL Y)Y, (X, Y, YA~ Ey(1X)  (t=1,...,n),

such that Y;* is conditionally independent of Y (s # t), given the data. Thus
it involves only some independent resampling. For the particular problem of
bootstrapping nonparametric estimators of conditional expectations, this turns out
to be sufficient, although the underlying process can be very general. The reason
for this is the whitening-by-windowing principle mentioned already in Section 1:
as will be shown in Theorem 2 and Proposition 6, the asymptotic distribution
of 7(x) is the same as in the independent case, thus indicating that a bootstrap
mechanism does not need to mimic dependence properties of (Z;);cz. In the
sequel, bootstrap moments and distributions induced by the resampling random
mechanism in (4.1) are always equipped with an asterisk *.
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The bootstrapped estimator is defined with the plug-in rule,
A (é* h(x) ~ 1 " X — Xl
Fan = g <x>=—ZK< >Y*'
AT = S

Bootstrap percentile confidence intervals for E[7(x)] or r(x) are then constructed
as usual. Finite-sample numerical results of this local bootstrap are given in [24]
and [6].

5. Asymptotic properties. For asymptotic analysis we assume the following:

the marginal density f(-) of X; exists and is continuous;
f(x) > 0 for the point x of interest;
(5.1) the function r(-) = E(Yy|Xo =-) exists and is continuous;
for some p>1landallm < p (m eN), g,,(-) = f()E(Yo|"| X0 = -) exist
and are continuous.

We set g = fr with obvious short notation. Moreover, assume one of the following
moment assumptions. Either

(5.2) E(|Y0|S) <00 for some S
or
(5.3) E(exp(|Yol)) < oo.

We also consider a conditionally centered version of g appearing in the
asymptotic variance of the estimator 7,

Ga(x) = f(x) Var(Yo| Xo = x) = g2(x) — £ (x)r’(x).

5.1. Variance and asymptotic normality of §. Denote by f() the density of
the pair (Xg, Xx) and assume that there exists some constant C > 0 such that

sup || flloo < C, and
keN

(5.4) ran(x, x") =E(|YoYil | Xo = x, Xk =x')
are continuous, uniformly over all k € N.

Under this assumption, the functions gx) = fu)r«) are locally bounded. The
following result extends Lemma 1 in [11] for density estimation to the estimate
g under weak dependence with either ] or ;.

PROPOSITION 2. Let (Z;)iez be a stationary sequence satisfying condi-
tions (5.1) with p =2, (5.3) and (5.4). Suppose nh — oo for some & €10, 1[. In
addition, assume that the sequence (Z;);cz is (0, ¥, L£)-weakly dependent with
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6, =00 %Y anda>2+j (j=1 or?2). Then, uniformly in x belonging to any
compact subset of R,

1 1
Var(@()) = - g2(x) / K2(u) du + O(E)

and

~ 1 1
Var(§ (x) —r(x) f (1) = —Ga(x) / K*(u)du + O(E)

REMARK 1. The moment condition in (5.3) can be relaxed. Suppose that
the stationary sequence (Z;);c7 satisfies conditions (5.1) with p =2, (5.2) with
S > 2 and (5.4). Let n®h — oo for some & €10, 1[. In addition, assume that
the sequence (Z;);cz is (0, Y}, L£)-weakly dependent with 6, = O(r~“) and

a> (2?2“;_4 + 5 52_2) (j = 1 or 2). Then the assertions of Proposition 2 still hold.

We now investigate central limit theorems.

PROPOSITION 3. Suppose that the stationary sequence (Z;)ic7 Ssatisfies
conditions (5.1) with p =2, (5.3) and (5.4). Suppose that n%h — oo for some
6 €]0, 1[. In addition, assume that the sequence (Z;):;cz is (0, w}, L)-weakly

dependent with 6, = O(r %) anda > 2+ j (j =1 o0r?2). Then

Vnh(g(x) — Eg(x)) 3 JV(O, gz(x)/Kz(u) du)
and

h([3) — r(0) f0] — B8 () — r(0) f(0)]) 3 N(o, G20 K2 du).

REMARK 2. The results stated in Proposition 3 also hold for finite dimen-
sional convergence at different x’s: the components are asymptotically mutually
independent, as for i.i.d. samples. Proposition 3 will be used for proving Theo-
rem 2 in Section 5.3.

REMARK 3. The results stated in Proposition 3 also hold for (6, v, £)-
weakly dependent sequences. See Remark 6.1 and Proposition 6.1 in [1].

5.2. Higher order moments of g. We give here rate-optimal bounds for higher
order moments of ¢ which turn out to be useful for asymptotics of 7.

THEOREM 1. Let (Z;):ez be a stationary sequence satisfying conditions (5.1)
with p = 2, (5.3) and (5.4). Suppose that n’h — oo for some & €]0, 1].
Let g > 3 be some integer. In addition, assume that the sequence (Z;)icy is



WEAK DEPENDENCE 411

44+2j5(g—1) )

0, ¥}, L£)-weakly dependent with 6, = O (r~“) and a > max(q — 1, (PR Fw e

(j =1 o0r?2). Then, for all x belonging to some compact set,

limsup(nh)?/2[E(8(x) — B4 (x))?| < oo.
n—>oo

REMARK 4. Theorem 1 also holds under a weaker moment assumption
than (5.3). See Remark 4 in [1].

5.3. Asymptotic normality of the regression estimator.

PROPOSITION 4. Suppose that the stationary sequence (Z;);cz Satisfies
conditions (5.1) with p =2, (5.3) and (5.4). Consider a positive kernel K. Let
f, g € C, for some p €10, 2], and let nh — oo for some & €]0, 1[. In addition,
assume one of the following:

(1) The sequence (Z;)c7 is (0, Y1, L)-weakly dependent with 6, = O(r=%)
and a > max(3, 95).

(ii) The sequence (Z;)icz is (0, Yra, L£L)-weakly dependent with 6, = O(r~%)
and a > max(3, 126).

Then, uniformly in x belonging to any compact subset of R,
1
E(F(x)) =r(x) + O(h'o + —h>
n

PROPOSITION 5. Suppose that the stationary sequence (Z;);cz Satisfies
conditions (5.1) with p =2, (5.3) and (5.4). Consider a positive kernel K. Let
1.8 € C, for some p €10, 2], and let nh — oo for some § €10, 1[. In addition,
assume one of the following:

(1) The sequence (Z;)iez is (0, Y1, L£L)-weakly dependent with 6, = O (r—%)
and a > max(5, %).
(i) The sequence (Z;)icz is (0, Yra, L£L)-weakly dependent with 6, = O(r~%)

405
and a > max(5, 7—s5)-

Then, uniformly in x belonging to any compact subset of R,

. G 1
Var(F(x)) = nh;S(C))c) /Kz(u)du + 0(%)

THEOREM 2. Let (Z;);cz be a stationary sequence satisfying condi-
tions (5.1) with p =2, (5.3) and (5.4). Consider a positive kernel K . Let f, g € C,
for some p €10, 2], and let nh!t20 - 0, nbh — oo for some 6 €10, 1[. In ad-
dition, assume that the sequence (Z;);ez is (0, V;, L£)-weakly dependent with
6, =0@"% and

1 2422+ )8
a> min(max(2+j, 3(2+j)8),max<2+j+g, %)) (j=1lor2).
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Then, for all x belonging to any compact subset of R,

V() —r(x) 2 N( 5‘;5(()6)) /Kz(u)du)

In the case where the bandwidth only satisfies the condition n’h — oo for
some § €]0, 1[, asymptotic normality when centered at E[7 (x)] still holds (see [1],
Proposition 6.2). From this, asymptotic normality of Vnh(F(x) = r(x)) with mean
squared error rate-optimal bandwidth i ~ n~1/(0420) s expected to hold with an
asymptotic, nonvanishing bias term.

5.4. Almost-sure convergence properties.
We assume for the next Sections 5.4 and 5.5 that the kernel K is also
differentiable on its support.

THEOREM 3. Let (Z;)sc7 be a stationary sequence satisfying conditions (5.1)
with p = 2, (5.3), (5.4) and assume that it is either (0, Y1, L)- or (0, V¥, L)-
weakly dependent with 6, < a" for some 0 <a < 1:

() Ifnh/log*(n) — oo, then for any M > 0, almost surely,

R . logz(n)>
~E =0 .
|jt£w |g(x) —Eg(x)] < NET

4
(i) For any M > 0, if f, g € C, for some p €]0,00[, h ~ (10gn(n))1/(1+2p)
and inf|y <y f(x) > 0, then, almost surely,

4 p/(14+2p)
sup [F(x) — r(x)] = 0{ <1°gn(")> }

lx|<M

The bound in assertion (ii) is almost optimal: in the i.i.d. setting or also in the
framework of mixing processes, the logarithmic factor is log(n) instead of log4 (n)
here; see also Section 5.6.

REMARK 5. Under the conditions of Theorem 3(ii), but assuming only the
weaker condition n’h — oo for some § €10, 1[, we obtain

sup |[F(x) —r(x)|=o(1) almost surely.
lx|<M

REMARK 6. The assertions of Theorem 3 also hold under weaker moment
assumptions than (5.3). (See [1], Proposition 6.3.)
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5.5. Validity of the local bootstrap. 'We denote

z8V = s X)),  seN

THEOREM 4. Suppose that the stationary sequences (Zt(s’l))lez; satisfy the
weak dependence and moment assumptions of Theorem 3, with p = 4 in
condition (5.1), for s = 1,2, 3, 4. Assume that nbh — oo for some & €10, 1], and
the pilot bandwidth is b = O (nP) for some p €10, 1/3[. Then:

@

sullé |P*(ﬂ(f,’f,h(x) —E* (7 ,(x))) <v)

— P(Vnh(Fpn(x) — E(fan(x))) < v)| =0p (D).

(ii) In the case of no asymptotic bias where lim /nh(E(7, (x)) —r(x)) =0,
that is,nh'"t?" = 0 if f, g € C, for some p €10, 2], the term E(7,, ,(x)) in (i) can
be replaced by r(x).

REMARK 7. In the case of asymptotic bias in (ii), the local bootstrap also is
expected to work if additional conditions on the kernel K and on the regularity of
the function r hold, and if the pilot bandwidth b satisfies b/ h — oo (n — 00); see,
for example, [24]. Then

sup ‘]P’*(M(f:,h(x) — Fpp(x)) <v) — ]P’(M(fn,h(x) —r(x)) < v)’ =op(1).

veR

REMARK 8. Weak dependence of (Z,(S’l)) (s=1,2,3,4) holds if (Y;);cz is a
suitably regular R-valued Bernoulli shift and X; = Y;_, for some £ € N. This is so
because, for Y; = F(§_;, j € Z),

|F2(6i—j, J € L) = FX(E-jLyj1<n). J € Z)|
=|F(&-j, j €Z) = F(&—j1yji<x), J €Z)]
X |F(&—j, j € L)+ F(&—jlyji<x). J € Z)|.
Assuming some regularity similar to that in the discussion following (3.2)
and E|Y;|'** < oo for some 0 < k < oo yields by Hélder’s inequality weak

dependence for (Y,z), typically with a slower decay of 6,. By finite iteration, weak
dependence of (Y;’);cz follows for s € N.
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5.6. Comparison with other frameworks. Similar asymptotic results as in
Sections 5.1-5.5 have been derived assuming suitable mixing conditions (which
are much stronger than weak dependence). Robinson [29] was first to prove
a CLT for 7 under an «o-mixing condition. Tran obtains optimal uniform
rates of convergence O((log(n)/ (nh))'/?) for density estimators which should
be compared with our Theorem 3(i): [35] deals with a weak form of g-
mixing, and linear processes are considered in [36]. Masry and Tjostheim [19]
study nonparametric estimation in ARCH models and provide uniform rates of
convergence assuming an «-mixing condition: under an additional smoothness
assumption, they obtain optimal uniform rates of convergence; see the right-hand
side in (5.5) below. Asymptotic normality of a local polynomial estimator in
ARCH models was established in the S-mixing framework [16]. Alternatively,
the data generating process may be an associated sequence. Roussas [32] proves
uniform rates of convergence under association: his bounds are suboptimal.

Our results are almost as sharp as in the classical framework of mixing
sequences. The best comparative aspect is the uniform rates of convergence for
the estimator 7(-), rather than the conditions for establishing a CLT. Zhao and
Fang [39] prove the optimal bound for almost-sure convergence, uniformly on
compact sets, of the kernel regression estimator for strongly mixing stationary
processes,

(55 sup [F(x) —r@)| = 0((n " ogm)” ) as. (M >0).
lx|=M

For more details about underlying assumptions, see [1], Section 5.6. The difference
from Theorem 3 is a slightly better rate by the factor log(n) ~3/(1+20); besides that
this result has been shown under a polynomial decay for the mixing coefficients,
whereas Theorem 3 requires an exponential decay of weak dependence. Truong
and Stone [38] establish optimal pointwise, L and L> bounds on compacts (the
latter as above) under some «-mixing conditions.

McKeague and Zhang [20] show asymptotic properties for the nonparametric
AR-ARCH model

Z; =r(Zi—1) +s(Zi—1)é,

described in Section 3.5 by using a rather different martingale approach. Their
results are about integrated conditional mean and variance functions rather than the
functions themselves. Moreover, they assume a variance property of the estimator
[their assumption (A3)] which was justified by assuming a mixing condition on the
data generating process. Our result here justifies their technique: the condition (A3)
in [20] can be shown via weak dependence which is implied by a Lipschitz
condition on r(-) and s(-); see Section 3.5.

Tran, Roussas, Yakowitz and Truong Van [37] stress the difficulties with time
series having discrete innovations: to cope with such problems, they focus on
linear processes. However, our framework of weak dependence also captures
discrete innovations in general nonlinear models; see Section 3.
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6. Proofs.
6.1. Variance and asymptotic normality of g.

PROOF OF PROPOSITION 2. We give the proof for the more general case
described in Remark 1. Denote by C (different) constants whose values are allowed
to change. Let

x—X
(6.1) Tt(x):Yl]l{YtEM(n)}K( A l) (r=1,...,n).

Then the truncated kernel estimator of g(x),
1 n
(6.2) g)=—73 T(x),
nh Pt

satisfies

2
A ~ ~ ~\\2 2n X — XO
(nE(@E—-g—E@E—2) (x) < WEI:Y()ZE{YObM(n)}KZ( ; )]

<CMPDmnh ' -0 (- o0)
for M(n) = Mon?, My >0, y > (1+6)/(S — 2). It remains to estimate
Var(g(x)) = — Var(To(x)) + 3 > (n —r)Cov(To(x), Ty (x)).
r=1

A classical result (see, e.g., [26], page 37) shows that

Var(Tp(x)) = hga (x) / K*(u) du + o(h).
It follows from the boundedness assumptions on densities that
|Cov(To(x), T, (x))| < Ch>.
Moreover, the (8, 1, L£)-weak dependence assumption yields
(6.3) |Cov(To(x), T, (x))| < COh~ ' M?(n).
35—4

Next, we use a truncation device due to Tran [35]: if a > S5 + a(s—z—z)’ there
exists ¢ €]0, 1[ such that (26 +2y)/(a — 1) < ¢ < &, so that

[n°]
% Y (n—n)|Cov(To(x), T (x))| <Cn** -0 (n— o0)
n

r=1



416 P. ANGO NZE, P. BUHLMANN AND P. DOUKHAN

and
2nh) "2 2<n>
i Y (n=n)|Cov(To(x), T (x))| > 6
n r=1+[n¢] r>[ns]
< CpsU-o+28=2y _, (n — 00).

Using the bounds given above, the first assertion of Proposition 2 follows. For a
(0, Y, L)-weakly dependent process, the result follows from

|Cov(To(x), T, (x))| < COR™>M?(n)
in place of (6.3).
The second assertion follows by replacing Y; with ¥; —r(x). U

PROOF OF PROPOSITION 3. We proceed as in [27] and more specifically as
in [9] for density estimation. Consider a sequence (W), cy of i.i.d. N (0, 1) r.v.’s,
independent of (X, Y;);cz. Set M(n) = log(n), nhan2 = Var(}_/_, T;(x)) with
T;(x) given in (6.1), and define the following:

& = (T; (x) — ET;(x));

1
opvnh

k
Sk=) &, 1<k=<n and Sy=0;

n
tk=ZVt, I1<k<n and 7,41 =0;

where V, = */_Wk and ”" = | Var(Sx) — Var(Sx—1)|. For applying the Lindeberg

method, denote by ¢ some three times differentiable function with bounded
derivatives, and consider

U =81+ 141,

R/(x) = ¢(Us +x) — p(Uy) — %W(Uﬂ t=1,....n).

Now, we want to show that

1/2
(6.4) op — (gz(x) / Kz(u)du) ,
6.5) VR0 — BR() — 0,8, 5 0,

(6.6) s, 2 N, 1).
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We consider either a (6, ¥, L£)- or (Q,W{,cﬁ)—weakly dependent sequence
(Zt)tez. Analogously as in the proof of Proposition 2, we show that (6.4)
holds true if the sequence (Z;);cz is (0, w{, L£)-weakly dependent with 6, =
O0@r—4) and M2(n)h{*> — 0. The same result is valid in the (8, ¥, £)-weakly
dependent case. Formula (6.5) is easily proved using the exponential moment
assumption (5.3).

To prove (6.6), we apply the so-called Lindeberg—Rio method [28]. Note that

o(Sn) — (rn>—2¢<25s+ > V) <§s+§V)

s=t+1

= Z Ri(&) — Ri(Vy).

t=1

Then . ;
(6.7) [Ep(Sy) —Ep(Wo)| < D [ER; (5| + D IER, (V).
t=1 t=1
Since
IER (V)| = [E(e(U; + Vi) — o(Uy) — Vig' (Uy) — V2" (U /2))
<E|V?e® (U, +9V)|/6  (with0 < < 1)
< (19® loo/6) (v /0 2) 3P E | Wp ?
and

— | Var(S,) — Var(S;_1)|

1
( +tZ 1 ,(Mz(n)e,_jﬁ)),
h
we obtain
n

C n
D IER(V)l = —5 3 v

t=1 not=1

c ol Mz(n)G 32
n3/203z<1+2 ( h)) :

n =1

(6.8)

Moreover,
Ri(&) =oU; + &) —oU;) — s 290//( Uy)

— 6 (U) + = (s, o )W)

]
+ géﬂp(”(U, +9,8) withO <o, < 1.
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It then follows that

n

Y IER (&) <

t=1

(ZCOv(so &) Z d’(Uk))‘

k=t+1
+[ 2 E(@" WUnE - E&}))‘ /2
t=1
n t—1

(6.9) + 1Y Cov(e"(Si—1—j + Tjr1)E—j. &)

t=1j=1

n t—1

+ 12D Cov(eD(Sicioj + Tjp1 + O jE DED &)
t=1j=1

/2

n
+ | Y El¢® U +0i£)8)| /6 = E1 + E2 + E3 + Ea + Es.

t=1

‘We now follow [9] to bound the five terms above:

> E¢"(Ur)

k=t+1

M?(n)6
nh ZZ(n—t)mm( p t,h2>.

ntl

E; <) |Cov(&, &)

t=1

(6.10)

Denoting by ¢; some numbers in ]0, 1[,

n t—1

2
Er, < - ZZ COV( (3)(Sj_1+Lj$j+‘£j+1)§'j,%)‘

12J1

%-2
+ZC0V<¢ (Tr41), —)‘
=1
CMmn) L2 <M2(n)(t—j)9j ,\ | Ch
—’h +_’
o 2 =" )+

IA

in the (8, Y1, L) case,
CM( ) n t—1

\/_)3 ZZ (M ()6 hz) C—g, in the (9, ¥}, L£) case,
=2 j=1 Oy

6.11)
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n t—1 2 — 71)0;
5 (w,hz), in the (6, ¥1, L) case,

nhan2 « h
E3= tn i 1
nha2 IX;ml (M (n)0; hz), in the (6, /|, £) case,
n =1
(6.12)
35 min( MO0 j2yr),
«/_)3t 1j=1 h
in the (@, ¥1, L) case,
(6.13) E4< M. . o,
fﬁ > 3 min( F M) ).
t=1j=1
in the (6, wl, L) case,
CM(n)
6.14 Es M ‘
(6.14) J_>3 Z (n)h SN

If the sequence (Z;);cz is (0, wi, L)-weakly dependent with 8, = O(r~%) for
some a > 3, then by using (6.8)—(6.14), the right-hand side of (6.7) tends to zero,
which implies the first assertion.

Fora (0, ¥1, £)-weakly dependent sequence, again using (6.8)—(6.14), we need
0, = O(r—%) with

1 66+2
a>max<3+ )

§ §+1

The second assertion is an application of the first one when replacing Y; with
Y,—r(x). O

6.2. Higher order moments of g.

PROOF OF THEOREM 1. We keep the notation from (6.1) and (6.2) and
denote again by C a universal constant (whose value might change). Since
E(exp(|Yo])) < oo,

(nh)1?Elg — § —E( — )11 (x)
_ @
~ (nh)4/?

_ o ny
= (nhyi”?

«(5°)]

1K 14, (B[ Yo|24) =M/ 2B exp(|¥o])) /> >0 (n— o0)

E[lYol"ﬂ{Y0>M(n>}
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for M(n) = Mgylog(n), My > 0 big enough. It remains to check that S, =
@ —ER)(x) = o oy Wi, W, = T, — ET;, satisfies

limsup (nh)?/? |ES, |7 < oco.
n—oo

We set, for any integer / € [1, n],

A=Y,  [EW,-- Wyl

I<yi<--=<ti<n

As in [12], the method relies on the inductive relationship

n—1 q—2
Ag@) <nEWI |+ Con Y0+ DI2C @) + Y. An(@Ag-m(@).
r=1 m=2

Here C, , = C, 4(g) is defined as
Crq =sup{| Cov(Wy, --- Wy, , Wy, - Wi )
l<n =< =<tg=<n, tyy1—tw=r, 1 <m=<q—1},
which is a bound for the expressions
| Cov(Wy - Wy, Wi ---W,q)l,

for all increasing sequences (ti);]zl with the same length r = 1,41 — t,,, of the
mth spacing. Since |Wy| < Clog(n) almost surely and the kernel K is compactly
supported, we obtain

(6.15) n|EWJ| < Cnhlog? (n).

The boundedness assumptions on the densities in (5.4) (implying boundedness
uniformly in k by uniform continuity) yield a first bound for C, 4,

(6.16) Crq < Clog(n)?~2h?%,
The (0, ¥, L£)-weak dependence of the process yields a second bound for C, 4,
(6.17) Crq <Clog(n)?h™'6,.

We again use Tran’s truncation technique. Assume that g > 4 is an even integer. If
a > max(qg —1, %), then there exists ¢ €]0, 1[ such that (24 ¢)5 +2 —
g@)/)2(a—qg+1)<¢c<(d—q9)6+qg—2)/2(q — 1), so that
[n]
()23 nr 4+ 1D172Cry
r=1

(6.18) < C(nh)~4nh?(log(n))? *[ns17~"

<n@s@D=((=D54+4-22(105(1)) > 50 (n— 00)
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and
n—1
(nh)_Q/Z Z n(r + l)q_zcr,q
r=1+4[n¢]
(6.19) < C(nh)~?nh~(log(n))![n19-1-¢

< n(—2§(a—q+1)+(q+2)8+2—q)/2(10g(n))‘1 -0 (n — 00).

Formulae (6.15), (6.18) and (6.19) show that the numbers B; = (nh)_l/zAl(g)
satisfy the relation B, < 231_:22 By By —m + co. Therefore (see [8] for more details
on Catalan numbers B;), B, < co%, that is,

lim sup (nh)4?|ES, |9 < limsupq!(nh)_Q/qu (8) < co,
n—o00 n—o0

which completes the proof for ¢ > 4 an even integer and for a (0, Y1, £)-weakly
dependent process. The case when ¢ is an odd integer greater than or equal to 3 is
analogous.

If the process is (0, ¥, £)-weakly dependent, the bound in (6.17) for C, 4
becomes

Crqy <Clog(n)7h=26,. O
6.3. Asymptotic normality of the regression estimator.

PROOF OF PROPOSITION 4. We closely follow [7] and [25]. From the
expansion

14 . i _ p+1
1 (U —up) 41 (u—up)

(6.20) W =Y (D e A (D
i=0 Uy Uy

we deduce with p =2, u = b,, ug=Eb, =1,

E(7(x)) = Ea, — E((ay — Eay) (b, — Eby)) + (Bay)E(b, — Eb,)?
(6.21)
+E((an — Eay) (b, — Eby)?) — E(F(x)(by — Eby,)?),

where 7(x) = a, /b, (if b, # 0) with

a=2 K (57) [ (2 (5))
n=3(5) (o ()
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Clearly, since f and g are p-regular,
Ea, = r(x) + O(h”).

Assume that the sequence is (8, V1, L£)-weakly dependent. By the Cauchy—
Schwarz inequality, we bound the second right-hand side term in (6.21) with the
variance bounds given in Proposition 2 yielding the order O ((nh)™') if a > 3. The
third term has the same order.

Rosenthal type results, stated in Theorem 1, then yield

|E(a, — Ea,) (b, — Eby,)?|

1/2

h 3 A A A A
= (EK((x _ Xo)/hn)> (E(g(x) — IEg(x))4)I/Z(Ih‘l(f(x) — Ef(x))z)

= 0((nh)™3/?)

if a > max(3, 94).
For the last term, we use a truncation device

S Yy s My K ((x — Xi)/hn)>>l/4
i1 K((xc = Xj)/hn)
= O(log(n) +n>~M0)/8)
if M(n) = Mglog(n). Thus, by Holder’s inequality,
EF (x) (b, — Eb,) = O(log(n)(nh)~>/?)

if a > max(3, 96). This completes the proof in case of (6, i1, L£)-weak depen-
dence. The (0, Y2, L£)-weakly dependent case is similar and details are omit-
ted. O

EF@)HY < M@) + <E<

PROOF OF PROPOSITION 5. We use Collomb’s expansion (6.20) with p =1,
u= f(x), up=Ef(x). Thus,

F(x) — Er(x)
_EWEf () — f()E()

(Ef(x))?
L (Bgw) — SO (f(x) —Ef(x)) +E(@0) - Eg(x)(f(x) —Ef(x)))
(E f (x))?
N FOO(f(x) = Ef (x))? —}E(f(x)(f(x) —~ Ef(x))zy
(Ef(x))?
Now,
. E(G(XEf(x) — f(x)E2(x))>2 1

6.22) Var(p(x) = ZED) f((E} (x)f)i YE$(x)) +"(E>
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under the conditions
nhEIR(x) — B3 () < ((nh)*PEIg(x) — Eg0)1*)* — 0,
nhE[F () (§(0) — Eg(0)” < nh (B 0) " E(F 1) —Ef ) =0,
nh(Var(3(x)))> — 0

and

1/2

nh(E(f () —Ef(0)) * (B ) —Eg)°) “EIF0F) " 0.

The first and second bounds are obtained if the sequence (Z;),cz is (0, ¥}, L£)-
weakly dependent (j = 1 or 2) with 6, = O (r %), where

9(j +2)¢é 3(j+2)8>

a> max<3, ,
5—-28 1+26
The third bound is satisfied if

2(y +2)8>

a>max(1,
146

The last bound holds true if

10(; +2)5>

a > max<5,
7—56

The first right-hand term in (6.22) can then be handled along the same lines as in
the proof of Proposition 2 (note thata > 2 + j). [

PROOF OF THEOREM 2. Consider the following identity:

@ —rHx) —E(@ —rf)x)

F(x) —r(x) =

Ef(x)
( E§(x) ) (r(x) —Eg(x)/Ef () (f(x) —Ef(x))
—(rix) — — + ~
Ef(x) Ef(x)
_G® —Eg)(f0) —Ef @) | FOf ) ~Ef ()
(Ef(x))> (Ef (x))?
The term

«/E(r(x) - ng”) = O(nh't?)1/2,
Ef(x)
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as a contribution from bias. Assume that the sequence (Z;);cz is (0, ¥, £)-
weakly dependent (j = 1 or 2). Then,

‘ gl /o ) — BR0)/BF () (f () — Ef(x»‘: O (2112,
Ef(x)

‘r(g(x) Eg(x))(f(x) — IEf(x))‘
(Ef (x))>
201/2

< CVnh(E(@(x) —E2())) P (E(f(0) —Ef ()%

=0mh)"? ifa>2+j,

F)(f(x) —Ef(x))?
(Ef(x))?

< ) A EF ) E(f @) —EFW))

= O0((nh)"Y*10g"?(n)) ifa>2+.

The result then follows from Proposition 3. [J

1/2

E’\/_

1/2

The CLT for the centered regression function can be proved by the same device.
Consider the numbers

(8) = ( (3.95). (3+1 65”))
o mln max max
! 5 S+1

1 85+2
() = m1n<max(4 128), max<4 - _1)>

5’
5 5 3. 2768
B1(5) = maX<a1()maX< m))

B2(8) = max(az(S) max<3 m)

Note that 3 < oy (8) < 205Y3) and 4 < oy (8) < 6.

PROPOSITION 6. Suppose that the stationary sequence (Z;)c7 satisfies
conditions (5.1) with p =2, (5.3) and (5.4). Let n’h — oo for some § €10, 1[. In
addition, assume that the sequence (Z;);c7 is (0, ¥ j, L£)-weakly dependent (j = 1
or2),and 6, = O(r~“), where a > B;(5). Then

Jnh(F(x) — BF(x)) 2 N( ?jéx;/K (u )du)

The proof of Proposition 6 is based upon Collomb’s expansion. Details are given
in [1] (proof of Proposition 6.2).



WEAK DEPENDENCE 425

6.4. Almost-sure convergence.

PROOF OF THEOREM 3. We keep the notation as in (6.1) and (6.2) and
again denote by C a universal constant (whose value might change). Since
E(exp(|Yo])) < oo,

P( sup 18 —81(x) > 0) <nP(|Yo| > Molog(n)) < Cn'~"0,
lx|=M

and, by the Cauchy—Schwarz inequality,

()<

. 1
sup E(|g — gl(x)) < 5 IE1[|Yo|11{|1/0>M01og(n)} ; <5

lx|<M
We can now reduce the computations to those of a density estimator, as given
in [12]. Assume that the interval [-M, M] is covered by L,, intervals with diameter
1/v [v = v(n) depends here on n]; we denote by I; the jth interval and x; its
center. Assume that the relation 2v — o0 holds (n — 00). We then follow a
strategy described in detail in [18]. We can bound suprema over an interval /;
as follows:

sup | —Egl(x) < g(x;) —Eg(x;)|

xel;j
(6.23)
C . - ~
+ ﬁ(lgl —E&'|(x)) +2[Eg|(x))),

where g’ is another suitable kernel density estimator as defined below. To prove
(6.23), set

w(2) = 1K llooL{jz]<2R0}»

where [—Ro, Ro] is the support of the kernel K. This w(-) is an even kernel,
decreasing on [0, oo[, constant on [0, 2Rp], taking the value 0 at z = 3Ry, whereas
the kernel K vanishes for z > Ro. Now take x € ;. Then

‘K<X—Xz> —K(xj —Xz)‘ Eiw<xj_Xl>.
h h hv h

If |(xj — X;)/ k| > 2R, we have

x — X; x;—X; Xj—x
h h h

for n big enough since v — oco. Define now another kernel-type estimate as

1
Z2R0—h—>R0
Vv

- 1 " X — X;
g'(x)= Elzzllyt“l{lelSMolOg(n)}w( A )
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Recalling that x € I,
1g(x) —Eg(x)| = Ig(xj) —Eg(xj)| +18(x) — g(x;)| + [Eg(x) — Eg(x;)|
=1+ 1+ 1L

By the Lipschitz property of K,

11 xj—X; 1,
< ok ; |Ye11q1y,|<Mo log(n)} W p ) =8 (x;).
Thus,
1 ~/
I < E(I) < —Eg (x)).
hv
Finally, by centering
I < 13/ (x)) — B2 ()l + B (x))
~ hv / J hv 1
This proves (6.23).
Therefore, for any A > 0,
A . 20 1 _ log(n)
P swp 1300~ Eg00| = o okt Mo+ B0
xe[-M,M] nh h hv

A
<Cn'™Mo ¢ CLVIP’<|§ —Egl(x) = ﬁ)
n

=)
nh/)

Following the same ideas as in [12], the proof of assertion (i) will be complete
with the inequality in Lemma 1 below.

The proof of assertion (ii) in Theorem 3 is then straightforward, using Collomb’s
expansion in (6.20).

+CLVIP(|§/ _EF () >

LEMMA 1. Under the conditions in Theorem 3, there exist positive constants
F, G such that, for any A > 0 and any bandwidth h — 0 with nh > 1,

su IP<|”( )y —E3( )|>L> < Fexp(—G~/})
ron (ST RSN =) =P '

The same exponential inequality holds for g', too.

SKETCH OF THE PROOF OF LEMMA 1. Denote by Koo = 2| K|0. We now
specify the constants in the covariance inequalities (6.15), (6.16) and (6.17) for a



WEAK DEPENDENCE 427

0, ¥, L)-weakly dependent process:

2
Ci(q) =2l flloRo K, Cz(é])=K§o_2||fo,rI|oo</ IK(u)Idu> ;

C3(q) = ¢* KL Lip(K) /2.

Then for some constant D > 0, which neither depends on r nor on ¢,

(nh)~ 12 n(r+ 1)?72C, g < (gD)1.

r=1
Together with the previous inductive relation on A, (g) in Section 6.2 this yields
q—2
A@ = Y An@Ag-m(@ + (@D)",
m=2
which holds for all integers g > 2. Thus, the numbers B; = A;(8)/(DIv/nh)!
satisfy the relation B, < an_:zz BuBy—m+1=<2q—2)!/(q!(qg —1)!). Therefore,

~ ~ A _ . B 2 \4
IP><|g(X) —Eg(x)| = ﬁ) <A79q!14,(8)(nh) 1% < (%)

q
<exp(~DV7 <_))
p( v ~ DA
where y (1) =t log(t). Now by optimizing the value of y (q/+/ DX)) we obtain the
exponential inequality (for more details see [12] or [13]). [

6.5. Local bootstrap.

PROOF OF THEOREM 4. We follow the proof of Theorem 2.1(i) in [24]. Their
conditions (A3) and (A8) hold by assumption. The Lipschitz property of the kernel
K (-) with compact support is sufficient for the part in their assumption (A4) which
is used to achieve Theorem 2.1(i) in [24]. Asymptotic normality in (A6) of [24]
holds by our Proposition 6. Then Lemma 5.1 for ¢(x) =x° (s =1, 2,3, 4) in [24]
follows from our Theorem 3(ii); see also Remark 5. All that remains to do for
assertion (i) is to check the 77 term in the proof of Lemma 5.2 in [24].

For the conditional variance V(x) = Var(Yy|Xo = x) and fourth moment
M(x) = E{(Yy — E(Yy| X0 = x))*| Xo = x}, assumption (5.1) with p = 4 implies
that, in a neighborhood U, of x,

(6.24) V (-) is differentiable with sup |V'(v)| < oo,
veUy
(6.25) M (-) is differentiable with sup |M’'(v)| < oc.

veU,
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It then suffices to show

X_Xt

(6.26) (nh)_IZV(X,)K2< )=f(x)V(x)f1<2<w)dw+oP<1),
t=1

X—Xt

6.27)  (h) 'y M(Xt)K4<

t=1

)=f(x)M(x)/K4(w)dw+0p(1).

Consider first (6.26). Since we do not assume that V is in /£, that is, a bounded
Lipschitz function, there is not a direct way to achieve (6.26). By the compact
support of K, the term V (X;)K ((x — X;)/ h) is zero for X, outside a neighborhood
of x and if n is sufficiently large. Thus, consider a modification V (-) which is
bounded, is Lipschitz, satisfies (6.24) and has the requirement that V(x) =Vx)
at the point x. Then write the left-hand side of (6.26) as

X—X[ X—X[

):(nh)_IZV(X,)KZ( >+An,
t=1 h

)Y v<x,)1<2(
©628)

noo - X
A, = (nh)_lg(V(X,) — V(X,))K2<x p f).

By (6.24) applied to V (), the fact that V (x) = V (x) and the continuity of f(-),
(6.29) E((nh)—l iV(xtﬂ@(LX’)) = f(x)V(x)/Kz(w)dw +o(1).
t=1 h

Moreover, since 1% (+) and K (-) are bounded Lipschitz functions it follows from the
weak-dependence assumption that

(6.30)  Var ((nh)—l > \7(Xt)K2<x_TX’>> =o(l)  (n— o).

t=1

Finally,

ElA,| < E((nh)‘l IV e - ViR (* _hx))

t=1
(6.31)

X —V

= [ IV(w) = V)|K*(=—— ) f(v)dv = O (h?),
/ ()

where the last bound follows by assumption (6.24) for V(-) and V(-). By (6.28)-
(6.31) we have shown (6.26). The proof of (6.27) is analogous. This then completes
the proof of the first assertion.

The second assertion is an immediate consequence of the first one. [J
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