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Ratios of random variables often appear in probability and statistical applications. We aim to approxi-
mate the moments of such ratios under several dependence assumptions. Extending the ideas in Collomb
[C. R. Acad. Sci. Paris 285 (1977) 289-292], we propose sharper bounds for the moments of randomly
weighted sums and for the L?-deviations from the asymptotic normal law when the central limit theorem
holds. We indicate suitable applications in finance and censored data analysis and focus on the applications
in the field of functional estimation.
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1. Introduction

We consider statistics with the form of a ratio. This situation arises naturally in the following
simple and generic example. Let (V;, W;);>o be a stationary sequence with values in a finite
space V x W, with ¥V C R. A conditional expectation can be expressed as

2vey VE({v, w})

EWolWo=w) =250 =

Two examples of statistical ratios can be derived from this expression:

e For discrete random variables, it is empirically estimated from a sample (V;, W;)1<i<n by
the random quantity

1/nd7 Vi  1{W; = w}

E(Wo|Wo=w) = n S LW = w)

e The case of real-valued data is more involved as P({v, w}) has no rigorous meaning, but
standard smoothing techniques allow us to consider extensions. Replacing 1{W; = w} by an
approximate Dirac measure 8, (w, W;), the estimate corresponds to the Nadaraya—Watson
kernel estimator that will be studied in detail in the sequel.
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In this paper, we consider a ratio of two empirical quantities, namely

~

R, =

SIS

R 1 R 1
, D, = - Uin, Ny =— Ui nVin, 1
n I’l; ins Nn n; inVin (D

U; , and V; , being two arrays of random variables. Examples of this are:

e Functional estimation of a conditional expectation: let (X;, ¥;) € RY x R be a stationary
process and K a kernel function. If we define

Uin=K((X; =x)/ha) /0, Vip=Y,,

then ﬁn =7(x) is an estimator for r(x) = E(Y;|X; = x) and h,, — O, nhﬁ — 00 asn — o0,
see Tsybakov [28] for a general setting and Ango Nze and Doukhan [3] for dependent data
cases.

e Computation of empirical means for censored data: let the censoring U; = C; € {0, 1} be
independent of a process (V;) and assume that V; is observed if and only if C; = 1.

~ 1
R, = . Z Vt .

#{i € {1,n}|C; =1} i 2 =1
A example of this situation is the estimation of covariances of a process X under censoring
where V; = X; X;,. Under stationarity, the covariance function is yx (£) = yy (£) /(yc (£) +
EC%), where Y; = C; X; is observed. Furthermore, moments of the empirical covariances
are used to build the periodogram from the censored data.

e General weighted sums
1’%‘"=<Z U,-V,->/< > U,->

1<i<n 1<i<n

may be used to model various quantities like prices, with prices per unit V; and volumes Uj,
as in [20].

Various alternative questions also involve a division:

e Functional estimation of point processes. A compound Poisson processes (CPP) can be

N . .
expressed as £ = ) j=10d8x; for some Poisson variable N and some random process

(@j, Xj)j=1, aj >0, X; € R?. For a sequence of mixing couples of CPP (&;,7ni)i>1
with u = En; <« v = E&;, Bensaid and Fabre [5] estimate the Radon—Nikodym density
@ = du/dv with kernel estimates @, = gn/fn, With f(x) = Y 7| mi * K, (x), gu(x) =
Yo' & * Kn(x), where, for example, & x K, (x) = Z;V:l oK, (X; —x) with K,(x) =
K (x/h)/h?. The procedure is thus analogous to the Nadaraya—Watson estimator. Quadratic
errors of this ratio are bounded under the assumption |¢, (x)| < C that can be easily relaxed
using our result.
e Self-normalized sums, for example, in [11].
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e Simulation of Markov chains and the Monte Carlo MC technique widely developed in the
monograph of Robert and Casella [23]; a more precise reference is Li and Rabitz [21];
see relations (45)—(47), which explicitly involve ratios for reducing the dimensionality in a
nonparametric problem.

e Particle filtering, considered from the theoretical viewpoint in [12], and for applications to
change point problems in [18].

Deducing the convergence in probability of the ratio from the convergence of the denomina-
tor and numerator is straightforward, but in some statistical problems, IL”-convergence has to
be checked. Evaluating the moments of R, is much more difficult, even if one knows sharp
bounds of moments for both the numerator and the denominator. Curiously, we did not find
many references on this subject. One method is to compute the exact distribution of the ratio,
as Spiegelmann and Sachs [25] did for the moments of a Nadaraya—Watson regression estimator
with {0, 1}-valued kernels. In this case, independence allows the use of binomial-based distribu-
tions. However, such computations are generally difficult to handle. An alternative is the expan-
sion in [6]. We addressed this problem for a dependent data frame in the paper [7], published
after Gérard Collomb’s death. In [6] and [7], Collomb assumed that convergence rates in IL.¢ for
q > 2p are known for the denominator.

This limitation is avoided here by using an interpolation technique and we shall only assume
such rates for some g > p. With the notation (1), we set

~ ~ N,
N,=EN,, D,=ED, and R,=—" 2)
D,
We aim to provide L”-rates of convergence to 0 of the expression
An =R, — Ry. (3)

In some of our applications, the expectations N,, and D,, are constant. In other cases, they con-
verge to some constants N and D as n — oo, and the moments of the ratio may be proven to
converge with the bound

~ N
Ri=25

N
=lAallp + |5 = Ra

p

Convergence in probability or a.s. is immediate, but to obtain moment bounds, one has to divide
by a non-zero expression; for simplicity, from now on, we will assume that U; ,, > 0. The previous
expression is then also a weighted sum

n n

= Ui,n

R, = Zwi,n Vi,Na Win = ﬁ >0, § Win = 1
i=l ZJ'=1 Jn i=1

so that 1’3\,1 belongs to the convex hull of (V; ,)1<i<n.

The paper is organized as follows. Section 2 is devoted to the main lemma and comments.
The two following sections are dedicated to its applications: to simple weighted sums in Sec-
tion 3 and to the Nadaraya—Watson kernel regression estimation 7, (x) of a regression function
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r(x) = E(Y|X = x) in Section 4. The latter is divided into two subsections: the first subsection
directly applies the lemma to provide the minimax bound |7, (x) — r(x)||, = O(n—r/2ptd))
in an estimation problem with dimension d and regularity p less than 3; the second subsec-
tion makes use of the same ideas with a slight modification to derive the (also minimax) bound
| sup,ep 70 (x) —r@)|ll, = O((n/log n)~P/Ce+d)y gver a suitable compact subset B C R? (see
Stone [26] and [27]). We prove our result under various dependence assumptions: independent,
strongly mixing, absolutely regular or weakly dependent (either causal or non-causal) sequences.
The last section includes the proofs; it consists of four subsections, devoted to the main lemma,
weighted sums, moments of Nadaraya—Watson estimation and sup bounds of this estimator, re-
spectively.

2. Main lemmas

Lemma | means that for g slightly larger than p, the rate of the gth order moment of the denom-
inator and of the pth order moment of the numerator allow us to derive a bound of the rate for
the pth order moment of the ratio.

Lemma 1. Assume that ||ﬁn — Nyllp < v, and ||5,1 — Dylly < vy for some q > p. If, moreover,
NUinVinllr < Cnand |Viulls < cn, where q/p —q/r > 1, 1/p>1/q + 1/s, then

— +
D, D, D, D¢

N, Ny Bol=P Pyl =P e, nlls
Dn”An”p§<1+| n| | n| n + n Un + nCn )Un,

where a, B are chosen from the parameters p, q,r, s by setting

Remarks.

e In all of our examples, ¢, = ¢ will be a constant.

e If C,, = C is also a constant, then we assume that r = % so that 8 = 1. In this case, large
values of g give r close to (and larger than) p; if now g > p is very close to p, then r needs
to be very large and s even larger.

This is the situation for weighted sums or censored data questions.

Here, V; , = V; and 0 < U; , = U;, and the sequence (U;, V;) is stationary. Moreover,
v, = ¢//n and thus A, = O(n~'/?) if @ = 2/s. This condition can be expressed as s =
p(q +2)/(g — p), as proved in the forthcoming Theorem 1.

e When the sequence Cj, is not bounded, in order to control the corresponding term, we shall
use an exponent § < 1 and assume that 1/p > 1/q + 1/r. The order g of the moment
of the denominator should be larger, as well as the order of the moments of the variables
Vin (in the case of functional estimation, for example). Here, v, = ¢/ \/rﬁg > 1/4/n as
By = n—soo 0 and nhé —,_, o cc.
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e Orlicz spaces. Instead of L7-norms, we may consider Orlicz norms and ask only for
x?log? x-order moments of the denominator. Exponential moments of the variables V; ,
would be used because of the relations (4), (14) and of the Pisier inequalities (15).

e Suprema. The same equations (4), (14) and (15) are adapted to derive bounds of suprema
for moments for expressions involving an additional parameter; an emblematic example of
this situation is the regression estimation given in Section 4.2.

We consider two distinct classes of applications in Sections 3 and 4, devoted respectively to
weighted sums and nonparametric regression. The following inequality is essential to bound the
uniform rates of convergence of a Nadaraya—Watson regression estimator and it is thus presented
as a specific lemma.

Lemma 2. Letting 0 <o < 1, we have

IS Nal = Dy — D't
Dy | Ayl < |Np — Nyl + |Dy, — Dy, | + max |th| . 4)
Dn 1<i<n |Dn|a

Inequality (4) also implies tail bounds for A,,’s distribution.
L? -convergence may also be addressed as follows, as suggested by an anonymous referee.

Corollary 1. Assume that v, A, > nsee Z converges in distribution to some Z such that
1Zll,y < oo for some p" < p. If the conditions in Lemma 1 hold and the bound is such that
ALl p < cvy for some ¢ > 0, then

—1
v Al = 1Z1.

Remarks.

e For weighted sums, a central limit theorem is obtained in all the cases considered below so
that the result applies.

e For the Nadaraya—Watson estimator, Ango Nze and Doukhan [1] prove that \/W T (x) —
r(x)) — N(a(x), b(x)) for functions a(x), b(x). For the case of bounded regressors, the
result also holds for weakly dependent cases (see Doukhan and Louhichi [14]).

3. Weighted sums

We consider here the simplest application of Lemma 1. Let (U;, V;)iez be a stationary sequence
and set D,, =y"_,Ui/n, N, = =3"_,U;iVi/n. Then N, = N =EU,V;, D, = D =EU; and
R,=N,/D,, R,=R=N/D.

Theorem 1. Let (U;, Vi)icz be a stationary sequence with U; > 0 (a.s.). Let 0 < p < q and
assume that ||U; Vill, < c for r = pq/(q — p) and ||Vi||s < c for s = p(qg +2)/(q — p). If the
dependence of the sequence (U;, V;);c7, is such that

ID,—Dl,<Cn™"2,  |IN,=NJ|l, <Cn" ', )



1264 P. Doukhan and G. Lang
then | Ry — Rl = O(n~"/?).

From now on, we assume that || V;||s < c and ||U; V;|| < ¢, and prove that (5) holds.

3.1. Independent case

Assume that (U;, V;) is ii.d. Assume that ||Uglly < ¢ and ||UgVoll, < c. From the Marcin-
kiewikz—Zygmund inequality for independent variables,

E|D, — DY < C,E|U|"n~"/* < Cn™4/2,
EIN, — N|” < C,E|U Vi |Pn~P/2 < Cn~P/2.

The Holder inequality implies that the assumptions hold if ||Uglly, and [[Vollgp/q—p) are
bounded.

3.2. Strong mixing case
Denote by (;);cn the strong mixing coefficients of the stationary sequence (U;, V;);eN-.

Proposition 1. Assume that for s >r' > q, |Up|l,» < c. Relation (5) holds if a; = O(i™%) with
p T qg 1
o > - VI-—=- .
2 r—p 2 r—gq

3.3. Causal weak dependence

Let (W;)ien be a centered sequence with values in RY; for k > 0, we set M=o (W,
0 < j <k).Foreachi € N, we define the y coefficients by

vi = sup [|[E(Wi kM1
k=0

Proposition 2. Assume that U; and V; are two stationary y -dependent sequences with common
y; = O@G~7). Assume that U and V are independent and that |Up||co < c. Relation (5) holds if

-1
y>(£.s )vz.
2 s—p 2

3.4. Non-causal weak dependence

Here, we consider non-causal weakly dependent stationary sequences and assume that g and p
are integers. A sequence (W;);cn is A-weakly dependent if there exists a sequence (A(i));eN
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decreasing to zero such that

[Cov(g1 (Wi, ..., Wi,), g2(Wj, ..., Wj))l .
< (uLipgy + vLipg> 4+ uvLip g Lip g2)A (k)
for any u-tuple (i,...,i,) and any v-tuple (ji,...,jy) with i <.--<i, <i, +k<j1 <

-+ < jy, where g1, g» are real functions of AD = {g1 € Alllg1llco < 1} defined respectively

on RP* and RP? (u, v € N*). Recall, here, that A is the set of functions with Lip g; < oo for
some u > 1, with

Li 181 (V15 vs Yu) — 81(X15 -+ X))
ipg1 = sup .
Gl EOn ey YT = X1+ |y — X

The monograph Dedecker et al. [9] details weak dependence concepts, models and results.

Proposition 3. Assume that the stationary sequence (U;, V;);eN is A-weakly dependent for A; =
OG™). Assume that p and q > 2 are even integers.
Relation (5) holds under each of the following sets of conditions:

e the processes U and V are independent, ||Uplloo < ¢ and A > %;

!
o forr’' <s,|Uplly <cand > -—4%.
Remark.

e Non-integer moments g € (2, 3) are considered in [17], Lemma 4, and the same inequality
holds if E|Z;|9 < oo with ¢/ = ¢ + 8, and A(i) = O(i ~*) with A > 4 +2/4’ for

1 / /
q§2+E(\/(q’+4—2k)2+4(X—4)(q’—2)—2+61 +4-21)  (<q).

4. Regression estimation

We now use a measurable bounded function K :R? — R. Consider a stationary process
(X;,Y:) € R? x R. We now set, for some h = h,,,

Uin= x) = —l k(2 al d Vi,=
in=Uinx)= an in=Y;,
i,n in hd A in i

where / tends to zero as n tends to infinity. Then I?n =T7(x) is the Nadaraya—Watson estimator
of r(x) = E(Y;|X; = x). Independently from the dependence structure of the process (X;, ¥;),
we first introduce the following regularity conditions:

(A1) for the point of interest x, the functions f, g are k-times continuously differentiable
around x and (p — k)-Holderian, where k < p is the largest possible integer;
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(A2) the function K is Lipschitz, admits a compact support, and satisfies K (u) > 0 (Yu € RY)
and

/ Ku)du =1,
R4

/ ufl"'ude(”)du=0 ifO0<l +---+£4 <k.
R4

Moment and conditional moment conditions are also needed:

(A3) for the point x of interest, there exist  and s, with r < s such that:
L. [[Yolls =c¢ < o0;
2. gr(x)= f |y]" f(x,y)dy is a function bounded around the point x;
3. G(x,x) =sup; fi(x,x) is bounded around the point (x, x), where f;(x’, x”) denotes
the joint density of (Xg, X;).

Remarks.

o First, notice that the last condition holds immediately for independent sequences (X;) with
a locally bounded marginal density.
e An alternative condition involving local uniform bounds of

(x/’ x//) — H(X’, x//) — Sup/ |yy/|f‘i(.x/, y/; x//’ y//) dy/ dy”,
1

where f;(x’, y’; x”, y") denotes the joint density of (Xo, Yo; X;, Y;), yields sharper results,
but such conditions are generally difficult to check. They hold for independent sequences if
g1 is locally bounded.

We note here that the assumption K > 0 in (A2) implies that k = 1 or 2. We are not able
to control biases by A/ in Proposition 4 if p > 3. Without this non-negativity condition, the
moments of numerator and denominator are still controlled, but we definitely cannot handle the
moments of our ratio.

4.1. Moment estimation
We now consider the quantity 8, (x) = [[F(x) — r(x)|l, forx € R4,

Proposition 4 (Bias). Assuming that f is bounded below around the point x and that (A1) and
(A2) hold, we have

E/g:\(x)
Ef(x)

’r(X) -

=0Oh?) VxeR?

We now assume that the numerator and denominator satisfy the usual rate:
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(A4) For the point of interest x and for some ¢ > p, for h = h,, — 0 and nhﬁ — 00 as
n — oo, there exists a constant ¢ > 0 such that:

L IFe) —Ef)lly < c/y/nhd;
2. I8(x) —Eg)llp < c/y/nhd.

Proposition 5. Assuming that f is bounded below around the point x and that assumptions
(A2), (A3) and (A4) hold, we have

H?(x) _BO) C(1+h#Ur=Dp®yB=D2 4 (upd) =21 )y,
Efl,
withoz:q(% - % — %) andﬂzﬁ

Those two propositions imply that the optimal window width i ~ n~1/¢+d) equilibrates both
expressions to get the minimax rate 8, (x) = O (n—*/?,+d));

Theorem 2. Choose the window width h,, = Cn=Y/*d for g constant C > 0. Assume that f
is bounded below around the point x and that assumptions (A1), (A3) and (A4) hold for

pd(r —1) y pd <
qr —pq—pr qs—pq—ps—2p

0. @)

There then exists a constant C > 0 such that |[F(x) — r(x)||, < Cn—P/Cptd),

We now consider specific dependence structures to get the moment inequalities of (A4) for
f and g. From now on, fix x and write

~ N 1 X —x
g(x)—Eg(x)=WZzi, zi=KiYi—IEKiYi,K,-=K( ~ )
1
4.1.1. Independence

Proposition 6. Assuming that (X;,Y;) is i.i.d. and that (A2), (A3) with r = q hold, then the (A4)
moment inequalities hold.

4.1.2. Non-causal weak dependence
We now work as in [14], except for the necessary truncation used in [2].

Proposition 7. Assume that (X;,Y;) is A-weakly dependent and that (A2) and (A3) hold. As-

. L ) 2 (s—p)+2p—s
sume that ||Yolls < oo for some s > 2p. If A(i) = O@G™) with A > %(p —-Dv

@(g — 1), then the (A4) moment inequalities hold.
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4.1.3. Strong mixing

Proposition 8. Assume that (A2) and (A3) with r > q hold, and that (X;, Y;) is o-mixing with
= O ™%). If we also suppose that either:

o a> (( Wandk~n‘“wzthad< %[:,OF
e p,q areeven mtegers and o > iﬂ(l ),

then the (A4) moment inequalities hold.

Remarks.

e In the first item, the previous limitation on 4 can be expressed as p > d/p + 2 if one makes
use of the window width & ~ n~1/2r+4) optimal with respect to power loss functions; this
loss does not appear for integral order moments of the second item.

e In the case of absolute regularity, Viennet [29] provides sharp bounds for some integrals
of the second order moments of such expressions. We do not derive them here, even if
integrated square errors have specific interpretations: we need higher order moments in our
case.

4.2. Uniform mean estimates
We now investigate uniform bounds:

én(B) =

sup [P(v) —r(l| ®)

XeB
In this setting, Ango Nze and Doukhan [1] prove the needed results under mixing assumptions;
Ango Nze et al. [4] and Ango Nze and Doukhan [3] provide bounds under weak dependence

conditions. For this, assumptions and lemmas need to be rephrased by replacing N, — N, and
D — D, by suprema of those expressions over x € B for some compact subset B C R¥:

(A5) The condition (A1) holds for each x € B.

(A6) The condition (A3) holds for each x € B.
(A7) For some g > p and w, = FVIO;%" vy +/logn, there exists ¢ > 0 such that:
P —~ n
1. || SUPyeB |f(-x) - Ef(x)mq < Cwy;
2. |Isup,ep [8(x) —Eg()[llp = cwn.

We begin with two preliminary propositions before stating our main result.

Proposition 9 (Uniform bias). Assuming that f is bounded below over an open neighborhood
of B and that (A2) and (AS) hold, we have

E5(x)
— —= = Oh").
SO T B [T
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Proposition 10. Assuming that f is bounded below over an open neighborhood of B and that
assumptions (A2), (A6) and (A7) hold, we have

i Egi
sup [For) — 80 | C(1+h®PA/=D (updyB=DI2 4 (npty = 2p 115w,
xeB Ef(x) p
withoz:q(% — % — %) andﬂzﬁ

The following theorem derives from the two previous propositions.

Theorem 3. Let (X;, Y;) be a stationary sequence. Assume that conditions (A2), (AS), (A6) and
(A7) hold for some s > 2p. The optimal rate for h is

1 1/Q2p+d)
h=c(2&" ©)
n
and
logn p/2p+d)
sup|r(x>—r(x>|HpsC( ) : (10)
X€B

The end of the section is devoted to different dependence conditions that are sufficient for (A7)
to hold.

4.2.1. Independence

First, we evaluate the uniform bound for the moments under independence.

Proposition 11. Let (X;, Y;);eN be an i.i.d. sequence. If we assume that conditions (A2), (AS)
and (A6) hold for some s > 2p, p > dp/(s — 2p), then (A7) holds, hence (9) yields the bounds

sup | ) = f@)I| = Clogn/my/r+), an
XeB p
sup [3() ~ (0| = Cllogn/m?/E0+0. (12)

4.2.2. Absolute regularity

Proposition 12. Let (X;, Y;)ien be an absolute regular (also called $-mixing) sequence. Assume
that conditions (A2), (AS5) and (A6) hold for some s > 2p, p > dp/(s — 2p). If we assume that
the mixing coefficients satisfy p; = O ~P) with g > % v (1+ %), then assumption
(A7) holds, hence the choice (9) yields the bounds (11)—(12).

4.2.3. Strong mixing

Using the Fuk—Nagaev inequality in [24] also yields an analogous result.
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Proposition 13. Assume that the process (X;, Y;) ,EN is stationary and strongly mixing with a; =
O@G™%) for a > 3pb+2d5;;pi)—4pp ;dp dop 2‘7 If we further assume that conditions (A2),
(A5) and (A6) hold for some s > 2 p, p>dp/ (s — 2p), then assumption (A7) holds, hence (9)
yields the bounds (11)—(12).

4.2.4. Non-causal weak dependence

Proposition 14. Assume that the process (X;, Yi)icz is stationary and A-weakly dependent with

Al) = (’)(e’)"'b), b > 0. If we further assume that conditions (A2), (A5) and (A6) hold for some
s>2p, p>dp/(s —2p), then assumption (A7) holds, hence (9) yields the bounds (11)—(12).

Remark. Other dependence settings may also be addressed. For example, the ¢-mixing case

considered in [8] and the use of coupling in weakly dependent sequences by Dedecker and Prieur
[10] both yield suitable exponential inequalities to complete analogous results.

5. Proofs

In the proofs, C > 0 is a constant which may change from one line to another.

5.1. Proof of the main lemmas

Proof of Lemma 2. Setting z = (D,, — 5,1) /Dy, we rewrite

N, 1 No Ny,—N, N,[/ 1
Ap=—b. — ‘- ‘", "1 -1). (13)
D, 1—z D, D, D,\1—z
Butﬁ—l:%—z—i—l , hence for o € [0, 1],
1 |zl ALzl |2+
— =l <zl <2l
l—z ‘ <l [1—z| el 11—zl
which implies that
< < IDy— Dyl < |Dy||Dy— Dyl'*
Dyp|Ay| < |Ny _Nn|+|Nn|T+|Nn| B_n Dy
<IN _N|+|A||D — D, + _”w
— n n Dn Dn |Dn|a
<|N,—N |+—|ﬁ"||5 — Dyl + max |V, |—|5’1_D”|1+a
= n n Dn n n I=ien in |Dn|a
Proof of Lemma 1. From the preceding relation, we have
DllAnlly < v+ — 1 Nu(By — DI Vil 2= Dal (14)
v, + — — max |V;
= Dn rt l<i<n " | Dy |*

p
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From the Holder inequality with exponents 1/a + 1/b =1, we have

1~ -~
<—I|N D, —D .
) I n”pa” n n”pb

n p n

[Nl
H D" |D, — D]

hand side of inequality (14) is bounded using the property IIﬁn lpa < INpl + ||]V,, — Nullpa-
Consider now some g8 € [0, 1] and u, v > 0 such that 1/u + 1/v =1, to be determined later.
Then |1V,, — Ny| = |]Vn — Nn|/3|ﬁ,, — N,|'#; the Holder inequality implies that if we choose
upa(l — B) = p and vpaB =r, then

Now, the assumption ||U; , V; x|l < C, implies that ||ﬁn Il < C,. The second term in the right-

—~ —~ 17 o~
”Nn - Nn”pa = ”Nn - Nn”upaﬂ(l_ﬁ)”Nn - Nn”fpaﬂ

< \Nn = Nully PNy — N ?

<v, (NI +CP),
thus ||1V,,||,m < |Nu| + v,l,_ﬂ(|N,,|ﬁ + Cf). Setting b = q/p, we derive a = (¢ — p)/q, hence
1 751 —p) and 1= _29-B With the relation 1/u + 1/v = 1, we find B = pr/q(r — p).

u r(q—p)
Then

[ Nnll pa

n

~ 1 -
1D = Dallpp = 2= (INal + 0, (Nul? + CJ))on.
n

The last term in relation (14) is more difficult to handle; it may be bounded using the Holder
inequality with exponents 1/a + 1/b =1 and

5 — D, |t
maXIVi,n|| n nl

1<i<n | D, |¢

max |V |
1<i<n

1 —~
1
< 11Dy — D"l pp
| Dy |© pa
p n

1/(pa)
< o (B max Vi, 7)ol

1<i<n

| D |®

if ¢ > pb(1 + &) or, equivalently, if ¢ — p(1 + o) > g/a. We use an argument of Pisier [22]: if
¢:R*T — R is convex and non-decreasing, then

o (Emax|Vi ,17*) < Ep(max|V;,,|7)
i i (15)
<EY o(Vial") <Y Eo(Vial"®.
i i

Hence Emax; |V; ,|P¢ < (nc)P4/s with ¢(x) = x*/P¢. Now, the bound in the right-hand side of
(14) can be expressed as v} 7% (nc) !/ /| D,|* if s > pa; for this, we use 1 — g(l +a)> 5 > Lif

« > 0 is small enough with % > ”T“ + % O
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Proof of Corollary 1. The proof of this result is standard. Namely, p’ < p implies from the
Markov inequality that for Z, = v, 1|A,|, the sequence (Z,)? is uniformly integrable. Set
fi(@) =] z|p/]l{|z‘5k}. From convergence in distribution,

Efk(Zn)njooEfk(Z)

and this occurs uniformly with respect to k from uniform integrability. |

5.2. Proofs for Section 3

Proof of Theorem 1. Set A,, = I’i\n — R and refer to Lemma 1: here » and s are such that 8 =1,
and o = 2/s. Because v, = Cn~ /2, we get

N c Ccan—a/2+l/s
Dl Ayl < (1 +25 + D + T)Un,

where the last term in the parenthesis is bounded with respect to n, implying that
IR, — R, = O(1//n). O
Proof of Proposition 1. Set Z; = U;V; — EU;V;. Let a’l(u) = Zizo 1{u < «;}, and denote

by Q7 the generalized inverse of the tail function x — P(|Zp| > x). From heredity, the mixing
coefficient a7z, of the sequence Z is bounded by «;. Theorem 2.5 in [24] shows that

n
2.z
i=1

But, as || Zgl|, < ¢, we have E|Zy|" = fooo 0% u)du < c". Definea=r/pand b=r/(r — p).
Then, by the Holder inequality,

n 1 /2 1/(bp) 1 1/(ap)
>z <vam( [ @wana) ([ owar)
4 0 0
i=1 P

From « > pb/2, the first integral is ﬁni,t\e and ||]/\7,1 — Nl =< C/+/n. For Y,, = U, — EU,, and
b'=r'/(r" — q), we similarly get that || D, — Dl|, < C/\/n. O

1 ) 1/p
< 2pn</ (ot_l(u)/\n)p/ Qé(u)du) .
0

p

Proof of Proposition 2. If U and V are independent sequences, then (Y;) = (U; — EU;) is
y-dependent with the same coefficients, asis (Z;) = (U; —EU;)(V; —EV;), since |E(Z;|Mo)|1 <
IEU;|Mo)—EU; |11 E(Vi|Mp) —EV; |1 <2cy;.Denote by G 7 the inverse of x fg Oz w)du.
Corollary 5.3, page 124 in [9] states that

n
37
i=1

1/p

I1Z1l1
< 2pn(/0 (y*l(u)/\n)p/zQ’Z’_1 oGZ(u)du)
P
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As U is bounded by ¢, E|Z|* = [;° 0% ' 0 Gz (u)du < ¢*.
Definea= (s —1)/(p —1) and b = (s — 1) /(s — p). Then, by the Holder inequality,

00 b2 1/(bp) 00 1/(ap)
2pn (/ (y_l(u) /\n)[7 du) (/ Qril oGz (u) du) .
0 0

Because y > &7 the first integral is finite and ||N =Nl =< T Similarly,
¥ . 2ol 1/q
2gn (/ (y7 (u) A n)q Q;I, oGy(u) du)
0
2¢ P 1/q
<2qn(2c)?7! </ (y_l(u) A n)q du) .
0
Because y > %, the first integral is finite and ||D - Dl % O
Proof of Proposition 3. Let Z; = U;V; — EU;V;.
e Define Z; = (Z;,,...,Z;,). If U and V are independent, then

Cov(g1(Z1), g2(Zy)) = Cov(E(g1(ZDIU), E(g2(Z)|U))
+ECov(gi1(Z)), g2(Z)IU).

If we define gl (uyp) =Eg1(Z)|U; =uy), then

181ur) — g1(up)| <LipgiEIVol Y ui — u]

iel
so that g1 (Uy) is Lipschitz with respect to (U, V). We have
Cov(81(Z1). 82(ZNIU vy = ugug) =Cov(g1(Vr), £2(Vy)).

Here, g; is a Lipschitz function with coefficient max;cy u; Lip g;. From (6), we conclude
that (Z;) is also A-weakly dependent with Az(k) < (c A EVp)k~*. From Theorem 4.1,
page 77, and Proposition 13.1, page 293 in [9] extended to A-dependence,

q q/2 n—1
C(2q -2
< (q‘f_ 1)') :( me) v(ManZ(kH)“Az(k))}.

q k=0

The second term is negligible as n tends to infinity and the first sum over k is bounded so

that | Y7, Zi|l, < Cn'/? and thus [N, — N|, < %
e In the second case, |Upll,» + || Voll,;» < oo and Proposition 2.1, page 12 in [9] implies that

Az (k) < Ck—("=20)/r", O
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5.3. Proofs for Section 4.1

Proof of Lemma 4. The previous convergences ]Ef(x) — f(x) and Eg(x) — r(x) f(x) are
controlled by O(h!) under p-regularity conditions (A1) (see Ango Nze and Doukhan [3]). Write

Egi(x)
Ef(x)

lgx) —Eg)|  _ [Ef(x)— f(x)l
E _—
N e BT o %

'r(x) -

Since f is bounded below by 0 around x, Ef(x) is also bounded below by 0 and we get the
result. ]

Proof of Proposition 5. Condition ((A3)-1) gives || V; ,|ls < oo and || Ui, Vi, = O(h40/7=D)
for r < s whenever ((A3)-3) holds.
Indeed, ||V ulls = IYolls = ¢ < 00, so, for r <'s,

ElUs Vil < / / K (X — )/ ) IyP £ e, y)de dy
< /h—”’Kr((x,» —x)/h)gr(x)dx

< llgrlioo / KT (X — x)/ ) dx
S Ch(l_r)d.

Set K, (1) = h;dK(~/h,1) and denote by  the convolution. Here, D, = ]Ef(x) =EU;,=f*
Kj, (x) = f(x), the marginal density of Xo, and N, = Eg(x) =EU; , Vi, = (rf) » K, (t) —
r(x) f(x). From Lemma 1, we get

Eg(x)

D, A
Ef(x)

7(x) —

- (1 LNl NP e vgcnnvs>
= - Uy,
P Dy Dy D Dy !

where D,,, N, and ¢, are equivalent to constants, C,, = Ch4/r=1 and v, = C(nh?)~1/2. Sub-
stituting the orders in the different terms, we obtain the result. |

Proof of Theorem 2. From the preceding propositions, we get
I7(x) = r ()l p < ChE + C(1 + P =D pdy B=DI2 1 (npdy=2pSYy, . (16)
Note that i/, = Cv,,. The expression in parentheses is bounded if

ofww—ﬂ)p, o< _!

d+2,0_s'

These conditions correspond to (7). ]
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A bound of interest which does not use dependence conditions

The proofs of the propositions under different kinds of dependence make use of a common bound
that holds in all cases. For a positive integer k, we define the coefficients of weak dependence as
non-decreasing sequences (Cy 4)q4>2 such that

Ci,q =sup |Cov(Z;, -- Zipy Zigl, 17)

zmy

where the supremum is taken over all {i,...,i;} such that 1 <i; <--- <i, and where m, k
satisfy i,,41 — i, = k. Independently of the dependence structure, we get a bound for Cy 4.

Lemma 3. If we assume (A3) and (A4), then Cy p < Ch2ds=p)/s,

Proof. Define {i1, ..., i,} as a sequence that attains the sup defining Cy .
Ckp_lEle ' lp|
<2PE|Y; Ki -+ Yi, K|
—pr/s
< 2P (E|Y;, -- lp|S/P)P/S (maxIE(K K; )S/(S p))
15

1—-p/s
<2”||Yo||”<// KS/6= P>( >KS/(S 1’)< - )G(u t)dudt)

< 2P| YolIfn2 P,

The claim in the remark following (A3) is based on the fact that there is no need to use the Holder
inequality if H is bounded around (x, x) and thus Cy , < Ch* . Now Crg=C h24 also holds
for the denominator (we may also set ¥; = 1). O

Proof of Proposition 6. From the Rosenthal inequality for independent variables, there exist
constants C; > 0 depending only on g (see, for example, Figiel et al. [19] for more details
concerning the constants) such that

q n
- cq(
i=1

Here, IEZq < 29E|K;Y;|?. In the beginning of the proof of Proposition 5, we get E|K;Y;|? <
llgqlloo ||K||qhd and we deduce E| Y Z;|7 < C((nh®)4/? + nh?), and

q/2

n
+ZJE|ZI-|‘1>.
i=1

~ —~ C
lg(x) —Eg(x)llg = T

The case of the denominator is obtained by setting ¥; = 1. (]
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Proof of Proposition 7. We first establish a Rosenthal inequality for weakly dependent vari-
ables. For any integer p > 2, ]E(Z?:O Z;)P < p'A,, where

Ap= Y |E(Zi - Zi)l. (18)
1<ij<-<ip<n
Then
n p—2
Ap=n ) (k+DP2Chp+ > AlA, . (19)
k=0 =2

To bound the sum with coefficients Cy_ ,, we shall use the following lemma.

Lemma 4 (Doukhan and Neumann [15], Lemma 10-(11)). If we assume that the stationary
sequence (Zp)neyz, is A-weakly dependent and satisfies i = || Zo||, < 1 for some r > p, then

Ck’,, < 2p+3p4/Lr(p_1)/(r_1))»(k)(r_l’)/(’—2)'

Recall that if (X;, ¥;) is A-weakly dependent with A(k) < Ck™, then Z; is A-weakly depen-
dent with A(k) < Ck~*"=2/7 (see Proposition 2.1, page 12 in our monograph [9]). From Lemma
4, we get Cyp < Ché(p—=D/r=1)=2(1(p)/r)

We define conditions on the dependence coefficients that ensure that the sum to control is of
the same order of magnitude as its first term, that is, O(hd). From Lemma 3, forany 0 < b < 1,

Crp < Chd (h=dT=PIT=D=2r=p)Ir \ pd1=2p/5))

< Ch x fbr=p)/rpd(=br=p)/(r=D)+(1=b)1=2p/s)).

Choosing b < %,

%, the sum over k (in inequality (19)) converges and is less than a constant, say a,. We

the exponent of £ in the parentheses is positive. Because A > % .

get A, < a[,nhd + le:_; AjA,_; and from Aj < anh?, we deduce by induction on p that
A, < c,,(nhd)f”/2 for a sequence ¢, which may also depend on x. Hence, [|g(x) — Eg(x)[l, <
cp(x)(nh®)=P/2,

The case of the denominator is obtained by setting ¥; = 1. In this case, we also note that the
bound in Lemma 3 can be expressed as Cy 4 < Ch?*?, since a Holder inequality is no longer
needed.

Cig < ChA(n™2T =" A n?)

< Cl’ld x k—kbh(—b(d—2)+(1—b)d).

Choosing b < d/(2d — 2), the exponent of & in the parentheses is positive. Because A > g — 1/b,
the sum over k in inequality (19) converges. (]
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Proof of Proposition 8. e Under the first set of conditions, Rio [24], Theorem 6.3 states the
following Rosenthal inequality:

p/2 1
E‘Zzi pfap<ZZ|Cov(Zi,Zj)|> —l—nbp/ (ot_l(u)/\n)‘”_lQé(u)du.
i 0

We use Lemma 3 to prove that the first term is O((nh?)?/?). From the Davydov inequality, we
get a second bound for the covariance:

| Cov(Zo, Z)| = 6a "I YoKoll} < Ca =/ 21/,
Var(Zo) ~ hg»(x) / K2 (u)du.

Hence,

‘ > Cov(zi, zj)— Y Var(Z:)
i J i

<nh? Zaf’_z)/rhm/"3) A pd(1=4/5)
i

Thus, considering some 0 < b < 1,
Zail—Z/rhd(z/r%) A RA=475) < pd@b(1/r+2/5=2)+1-4/s) Z“f(l_z/r)'
i i

This last term tends to 0 if b > Mfﬁ‘ﬁ and a > 5. This is possible if o > %.

Consider the second term and apply the Holder inequality with exponents »/(r — p) and r/p:
1 O 1 (r=p)/r
n/(; (ot_l m) A n)p ley(u)du < n(/o (o™ (u)) P~ D/=p) du) zI2.

— ) and, from assumption (A3)-3, || Z]||. <

Ch?1-") 5o that this second term is negligible if nh%?(1=")/" < C(nh?)P/?. Hence, if the se-
quence n’@=P) pdp(2=3r) ig bounded, we obtain the desired bound.
Now, consider the denominator,

‘ > Cov(Ki.Kj) = Var(K;)
i J i

The first integral is convergent as soon as o > —r(rp -

<nh? Zaih*d AR,
i

Thus, }°; eih = AR? < h41=20) % &b for 0 < b < 1. This last term tends to 0 if b > 1/2, which
implies that o > 2.
Consider the second term,

1 1 1 (r=q)/r
n fo (@@ An)? Q?(O(u)dufn( fo (a—1<u>)’<q—“/<r—q)du> IKoll}.
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The first integral is finite if o > r(r%il). Analogously, the second term is negligible as soon as

n" =D pda2=7) i5 a bounded sequence.

Hence, if & ~ n™%, a monotonicity argument shows that the previous bounds require ad <

1=2/p
3=2/r"
e Under the second set of conditions, we use the idea from the proof of Proposition 7 (this

idea was initiated in [16]). We again use relations (19), and expression (18) is bounded by using
the alternative bound of Cy_ ,, which can be expressed as |[EZ;, --- Z; p| for a suitable sequence
i1 <--- <ip with i,41 — i, = k. The Davydov inequality (see Theorem 3(i) in [13]) and the
Holder inequality then together imply that

p/r

Ck,p = 6a£/r||zi1 te Ziu ”r/u”Z e Zip”r/(p—u) = 60lk ”ZOH}%7

futl

and Cy,, < Ch"(a,f/rh’d) A hd1=2p/s) < Chdoe,l:p/rhd(l’zl’/s’%(l’1’/(25'))) from Lemma 3 if
0<b < 1. Then, setting b = (s —2p)/(2(s — p)),

- ) 1
nY (k+ 1P 20, =0mh?)  ifa> " (1 - —>.
k=0 2

The case of the denominator is exactly analogous and here we replace = p by ¢, s by oo
and, in order to let the previous condition unchanged, we replace r by r’ with (1 — [ll) =

=2 1
52—, O

5.4. Proofs for Section 4.2

Proof of Proposition 9. The previous convergences Ef(x) — f(x) and Eg(x) — r(x)f(x)
are uniformly controlled by O(h}) under p-regularity conditions (A5) from the continuity of
derivatives over the considered sets and a standard compactness argument. The proofs do not use
the positivity of K so that arbitrary values for p are possible; see Ango Nze and Doukhan [3].
Note that if V 5 x denotes an open set over which the previous assumptions (A1) hold and such
that infp f > 0, then for each open set W with W CV, the previous relation holds uniformly
over W. Hence, under (AS), if V denotes an open set with B C V such that the assumptions (A1)
still hold, the bounds for biases hold uniformly over B. We thus proceed as in Proposition 4 to
complete the proof. |

Proof of Proposition 10. From Lemma 2,

. Eg(x)
r(x) — —=
Ef(x)

S | Nn|
Ssup|Nn_Nn|+Sup D
B B

n

inf D, (x) sup
xeB

xeB

sup | D, — Dy|
B

o~

|D, — Dyt

l<izn B [ Dy
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As in the proof of Lemma 1, substituting the supremum to the variables, we get

. Eg
inf D, (x)| sup [r(x) — (i(x)
xeB veB Ef)ll,
1— 1—
ccf 1y 3wsINal | supy | NalPw, P Chw " wgen't
- infg D, infg D, infg D, = infgD* )"

where D,,, N, and ¢, are equivalent to constants and C,, = C pdd/r=1, Substituting the orders
to the expressions gives the result. (]

Truncation and variance estimation

This paragraph introduces some common elements of proofs of Propositions 11-14.
Let M > 0 and consider the truncated modiﬁN(:ation of Y;, Vi =Y;1{|Y;| < M} — M1{Y; <
—M} + M1{Y; > M}. Define g(x) = # > ', Y;K;. Then, from the Markov inequality,

|

With the choice (9), in order to conveniently bound this term, we assume that

1 MP=s

p K
S EYIPLY| > M) < =Y P,

—~ ~ p
sup [80) — Fl| =
xeRd p

M > Ch—P/G=p)(o+d) (20)

Let Z(x) = vnh?|g(x) — Eg(x)|. Below, we will need (uniform) bounds of

n—1

1 , -~ 2 -~
VarZ(x) = — 5 > (n = |i)) Cov(YoKo, ViKi) < - 3 | Cov(FoKo, ¥iKi)I.

lil<n i=0

Set I'; (x) = |C0V()~’0K0, )N’iKi)|. A first bound of I'; (x) for i # 0 comes from Lemma 3: there
exists a constant C; such that

Fi(x) < Cip?1=2/),

For independent random sequences, ['g(x) is the only non-zero term.
To(x) = Ch%gr(x) / K?(u)du  around the point x. 1)

Proof of Proposition 11. In order to check assumption (A7), from the Bernstein inequality for
independent bounded variables, we get

Lt2
P(Z Zexp| — ' N
(200 > u) < exp( z(var<z<x)>+2Mu||K||oo/<3W>>> >
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From (21), Var(Z(x)) is bounded by a constant. Because K is a Lipschitz kernel, x — Z(x) is a
Lipschitz function and

1Z(x) — Z(y)| < 2V/nhd MR~ @D Lip K ||x — y]|;.

Let Mk be the size of the support of K and for § < Mgh, let (B}) j=1
of diameter § over B; denoting by x; the center of B;, we get

» be a regular partition

.....

cd
sup |K;i(x) — K;(xj)| < F]l{lxj — Xi| <2hR}.

xij

Write g(x) — Eg(x) =g(x) — 8(x;) + E(Z(xj) —(x)) + g(xj) — EZ(x)).
For x € Bj,
I§(x) —g(x))| < (c8/h)g(x;),

where
_ 1 ~
g(X)=—nhd E [Y;|1{|lx — X;| < 2hR)}

so that [g(x) — Eg(x)| < (c8/h)(g(x;) + Eg(x;)) + [g(x;) —Eg(x;)|.
Letting Z(x) =~/nh?|g(x) —Eg(x)| and Z;= SUPyep; Z(x), we have

2¢8v/nhd

S —
121 < 21 Z0ep)) +
h h

Eg(x;)+|Z(x;)l.
Note that since Eg(x) tends to gij(x) = flv\<M [y|f(x,y)dy < gi1(x) as h tends to O,
2¢8Eg(x)/h < t/(3vnh?) holds if § < ¢'th/~/nh9 for a suitable constant ¢’ > 0. This condition
holds for the following choice (considered only for large values of ¢ > 0):

Ch

S =
~nhd

and O<1y<t. (23)

Let Z =sup,.p Z(x). For t > 1o,

]P’(Z>t):]P’(max Zj>t>

I<j=<v

<v max P(Z; > 1)
I<j<v

~ t - th
< UI??QV{P(IZ(MN > 5) +P<|Z(xj)| = ﬁ)}

§vax{PQ?@Q|>%>—FPOZ@Q|>%)} (24)

<j=v

<4 ar” (25)
VEeX _—_
=R\ T S M)
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for some a > 0 (from the relation #/§ — oo, we assume that 4#/c§ > 1 in order to derive rela-
tion (24)). Now,

o0
EZP <TP + p/ P(Z > )P~ dr.
T

2

Choose T = /A logn, note that the function u — exp(— l‘f‘_ﬁ) is non-increasing and assume that
M (nh?)=1/2 < 71 That is, with the choice for i
M < A V2p=P, (26)

we derive

o0

2
at
EZP < TP +4 tp—l _ dr
=0 pv/r eXp( 1+f/T)

o0 tT
<T? +4pv/ P! exp(—%) dr
T

and using the incomplete gamma function expansion for x > 2p
o0
/ uP~le " du <2xP~le™*
X
and setting u = atT /2 in the previous inequality, we obtain

2\? [*® 1 —u 8P o p—1. —aA)2
EZP <T? +4pv| — uP~le"du<TP + —vTP 'n .
aT aT2/2 a

With v ~ §~¢ and relation (23), the second term is negligible with respect to the first one
if A is chosen large enough. Then EZ? = O((logn)?/?) and 1z, = «/WH Sup,cp 1g(x) —
EZ()|ll, = O((logn)'/?). We check that conditions (20) and (26) on M are compatible. This
holds if p > dp/(s — 2p). O

Proof of Proposition 12. First, we define a truncation level M satisfying (20) and consider the
truncated variable g(x). A strong coupling argument by Berbee (1979) yields a Bernstein-type
inequality. With Theorem 4 of Doukhan [13], we recall, analogously to (22), that there exist some
0, A, ;0 > 0 and an event A, (which does not depend on either x or u) with

au?
P((Z NA,) <4 - ’ g
(20> u)nan) < exp( z(var<z<x))+2Mqu||1<||oo/(3vnhd>>> =

with P(A}) < uB,0. We first check that Var(Z(x)) is bounded by a constant independent of x.

n—1

2
| Var(Z(x)) = h™To ()l < = 3 T3 (x). (28)

i=1
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As B-mixing conditions do not improve the bound of the variance, we use a strong mixing condi-
tion and the relation «; < B;, and refer to the section dedicated to strong mixing. Now, inequality
(27) is exactly (22) with ¢ M substituted for M. Following along the lines of the proof for the
independent case, we get

at?
P((Z>1)NA,) <4v exp(— 1+ th(nhd)_l/z)‘

The condition (20) on M can now be expressed as gM < h™P A~1/2

remains unchanged. We get

and the end of the proof

vnhd

_~ —~ logn
Suplg(x)—IEg(x)|H <C — +EZP1 4.
xeB p nh

Then, using the trivial bound EZP1 4¢ < || Z||goIP(A2),

v nhd

lg(x) — ( )|H < ( l—l K|l —l\/— (29)
su X Eg(x +2M| K mBq0- 29
xep 8 8 = hd W) q6

Defining ¢ = n?, with 0 < y < 1, compatibility of the inequalities concerning M requires that

~Yh— —p(p+d)/(s—p) i i, — PG=2p)=pd ; — Ch=W/G=p)(p+d)
n~VhP > hmP@TD/GTP) This holds if y = f rfn—;- Choosing M = Ch~(P/C=P)@+d),
the second term of (29) can be expressed as

(p/(s—p)(p+d)
ﬂﬁq& = ClOg(n) P nl=BY+(p/(s=p))(p+d)
vnhd Vnhd
This is negligible with respect to the second term as soon as > %. O

Proof of Proposition 13. As in the independent case, we choose a truncation level M =
(%)(/’M)P/ (2p+d)(s=P) satisfying relation (20) and define Z(x) with respect to the truncated
process g. The Fuk—Nagaev inequality leads to

u? 2 1nM|IK 0o uv'nhd
R — + o .
16r Var(Z(x)) uN'nhd AM| K ||cor

We bound Var(Z(x)) above by a constant independent of x, using the bound of Lemma 3 and

I (x) = |Cov(YoKo, ;K| <2 3 Q?;K(t) df < 20; M| K ||oo, and by adapting the proof of
Proposition 8. Then, following the proof for the independent case, we get

2\ —r/2 14+«
t M o
]P’(Z>t)§cov<l+—> +czvn( ) r
cir tvnhd

]P’(Z(x) > u) < 4(1 +
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for suitable constants cg, ¢; and c;. We choose T = /Alogn and r = bT?. Then, 1:5;’ =
( n_y— p/Qp+d) With this choice, MT f(ln )dp p(s=2p)/((2p+d)(s—p))

logn
o0 12 —bT?/2
P+ dr
< CleZ)

EZP < Tp+cov/
T

MT 1+a 00
+czb“vn<ﬁ) T“_I/ P22 g,
nh T

Changing the variable u =t/ T, the second term equals

1 u? —bT?/2 bT2)2 < ibT?
covT? up 14+ — du < cov(c1b) T? u? du
1 c1b 1
VTP (cib)PT* /2
<cpg——ms—"—.
bT?2 —p+1

Setting b = 1/(ecy), (clb)bT /2 < n=bA/2 it is negligible for a suitable choice of A.

The third term is less than 2_; L 2(n/10gn)(1+°‘)(dp Ps=2P)/(Qo+d)s=P) with vn =

n(n/logn)d+D/Co+d) (1og n)?/2 Thus, if dp > p(s —2p) and 1 + « > % then

the third term is negligible. The end of the proof follows along the lines of the independent
case. O

Proof of Proposition 14. Choose M = (n/logn)P+p/(Cr+d)(s=p)) and define Z(x) as in the
preceding paragraphs. Proposition 8 and Theorem 1 in [15] imply that

cru? )
P(Z —
(Z(x) >u) <co exp< VarZ o) 1 (el K [y bl @)

for suitable constants ¢y and c1. We first check that Var(Z(x)) is bounded by a constant indepen-
dent of x. The generic term in (28) is bounded by using weak dependence and the fact that the
function u — K ((x —u)/h) is C/ h-Lipschitz:

M1
Ti(x) < C<7 + ﬁ>k(i) < (Rt DP/S=P) 4 =)0 ().

Considering some 0 < « < 1, up to a constant, the right-hand side of (28) is bounded above by

Zhd h (d+h))\.(l))<hd(1 20)—ba Z)\‘C{(Z)

i

where, in the previous relation, b =2 or b =1+ (p + d)p/(s — p), respectively, if s >
(0+d+Dpors<(p+d+1)p. Taking o < d/(2d + b) and noting that ) ; A“(i) < oo,
the corresponding sum is negligible; thus, Var Z(x) ~ g2(x) f K%(u)du.
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Following along the same lines as in the independent case, we then get

2
at
P(Z > t) <2cyv eXp<— 1+ (IM(nhd)—l/Z)b/(b+2))

for some a > 0. Choosing T = /Alogn, MT /~/nh? < 1, we have

00 : at2
P r p— _
EzZP <T +4pv/T t exp( " (t/T)b/(bH))dt

b/(b+2)
<T? —i—4pv/‘ootp_1 exp(—Lt(b+4)/(b+2)) dr
- 2
T

(30)

. b/(b+2) .
and then setting u = %t(bﬂ)/ (0+2) the second term of (30) is less than

2 P bsap /-1
4py| ————— u p e "du
P <aTb/(b+2)) /a/ZTZ

2\ 2P/ b+H)=1
§4pv< ) TGP +45+8)p/(b+4) (b+2)—1, —aA /2.

a

With v ~ §~¢ and relation (23), the second term of (30) is negligible with respect to 77 if A is
chosen large enough. The remainder of the proof is the same as in the independent case. ]
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