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Abstract
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under a new weak dependence assumption. We give several applications of our results.
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1. Introduction

Let {yr, k € Z} be a stationary sequence and let F(s) = P(ygp < s) denote its common
marginal distribution function. The purpose of the present paper is to study the asymptotic
behavior of the empirical process

R(s,t) .= Z I{yr <s}—F(s)), seR,t>0. (1)

0<k<t

The process R(s, t) captures several important features of the sequence {yx} and it is one of
the basic tools of statistical inference, both parametric and non-parametric, for {y;}. We will
be interested in the behavior of R(s, t) jointly in s and ¢, a fact that makes the analysis more
technical, but the two-dimensional study of R(s, ) is required in many important statistical
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applications, see e.g. Shorack and Wellner [64]. In the case of an independent sequence {yi}
the weak limit behavior of R(s, t) was studied first by Miiller [50] and Bickel and Wichura [10];
the following basic result is due to Kiefer [44].

Theorem A. Let yg, yi,... be i.i.d. uniform (0,1) random variables. Then there exists a
Gaussian process {K(s,t),0 < s < 1,0 < t < oo} with mean 0 and covariance
EK(s,H)K(s',t)) = (t At)(s A s’ — s5') such that

sup  |R(s, 1) — K(s,0)] = O *ogn)*?) as. )

0<s<1,0<t<n

Koml6s et al. [45] showed that the error rate in Kiefer’s theorem can be improved to O (log? ).
It is also known that the rate cannot be better than O(logn) (cf. Csérgé and Révész [20]).
While this means a substantial improvement of (2), Theorem A remains an important result,
as one allowing extensions for dependent processes. Note also that to construct the process
K (s, t) may require enlarging the probability space of the {y;} or redefining the sequence {yi}
on a suitable probability space together with the Gaussian process K (s, t) such that (2) holds.
All approximation theorems in the following will be meant in this sense, without explicitly
mentioning this fact.

Letting F,, denote the empirical distribution function of the sample (yy, ..., y,), (2) implies
the existence of Brownian bridges B (s), B2(s), ... such that

sup [Vi(Fu(s) =) — Bu(s)| = O™ O(logm)*?)  as., 3)
0<s<l
improving Donsker’s [31] classical invariance principle. Actually, (2) is much more informative
than (3): it enables one to prove also strong limit theorems, e.g. laws of the iterated logarithm and
fluctuation results for the empirical process /n(Fy,(s) — s). Further, as we pointed out above,
some important statistical procedures require (2) instead of (3); a typical application is change
point problems, see e.g. Bai [2].

For a dependent sequence {yi}, the behavior of the empirical process is considerably more
complicated than in the i.i.d. case and precise results are known only in a few special cases.
For a stationary Gaussian sequence {yx, k € Z}, the empirical process n~Y2R(s,n) (s € R)
converges weakly to a non-degenerate Gaussian process as long as the covariance sequence (ry,)
of {yx, k € Z} decreases sufficiently rapidly. For slowly increasing (r,) (the critical sequence is
rn ~ n~1), a completely different phenomenon takes place: R(s, n) converges weakly, suitably
normalized, to a semi-deterministic Gaussian process, see Dehling and Taqqu [27]. Similar
results hold for linear processes {yx, k € Z}, see Giraitis and Surgailis [38]. Although this
remarkable change of behavior probably holds for a large class of stationary processes, very
little is known in this direction. (See the remarks in Berkes and Horvéth [7] concerning some
nonlinear time series models.) On the other hand, there has been a surge of interest in past
years in the empirical processes of nonlinear time series appearing in econometrics and physical
sciences, belonging to the weakly dependent type. These processes have nonlinear dynamics
given by a stochastic recurrence equation, finite or infinite order. When the correlations of such
processes decrease sufficiently rapidly (which is the case in most applications), their empirical
process behaves similarly as in the case of a short memory linear process, a fact having important
statistical consequences. The basic difficulty in this field is that, despite the simple construction
of such processes, the standard theory of weak dependence does not apply for them. The classical
approach to weak dependence, developed in the seminal papers of Rosenblatt [58] and Ibragimov
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[43], uses the strong mixing property and its variants like 8-, o-, ¢- and ¥-mixing. See Bradley
[18] for a comprehensive monograph of mixing theory. Weak invariance principles under strong
mixing conditions have been obtained among others by Billingsley [11], Deo [28], Mehra and
Rao [49], Rio [56], [57], Withers [68] and Doukhan et al. [33]. The classical mixing conditions
are attractive and lead to sharp results, but their scope of applications is rather limited. On the
one hand, verifying mixing conditions of the above type is not easy and even when they apply
(e.g. for Markov processes), they typically require strong smoothness conditions on the process.
For example, even for the AR(1) process

Xn=pXp-1+en (|/0| <1

with Bernoulli innovations, strong mixing fails to hold (cf. Rosenblatt [62]). Recognizing
this fact, an important line of research in probability theory in past years has been to find
weak dependence conditions which are strong enough to imply satisfactory asymptotic results,
but which are sufficiently general to be satisfied in typical applications. Several conditions
of this kind have been found, see Doukhan and Louhichi [32] and Dedecker et al. [22]
for recent surveys. For a general overview of the empirical process theory of dependent
sequences we refer to Dehling et al. [26]. Yu [74] proved a weak invariance principle for the
empirical process of associated sequences. Borovkova et al. [14] consider generalized empirical
processes of functionals of absolutely regular processes. Provided the key dependence coefficient
decreases sufficiently fast, Ango Nze and Doukhan (cf. [26]) obtain weak convergence to a
Gaussian process. For empirical processes related to Gaussian sequences we refer to Csérgd and
Mielniczuk [21]. Wu [69] introduced the so-called physical and predictive dependence measures.
In [70] he considers the weak convergence of weighted empirical processes under the assumption
of causality (see also [71]). For large sample theory of empirical processes generated by long
range dependent sequences we refer to Dehling and Taqqu [27]. For an overview and more
references see also Giraitis and Surgailis [38] and Koul and Surgailis [46].

Strong invariance principles for empirical processes of the type in Theorem A with
dependent data have been far less studied. Berkes and Philipp [8] extended Kiefer’s theorem for
strong mixing sequences and Berkes and Horvéth [6] obtained a similar result for GARCH(p, ¢)
sequence (cf. Bollerslev [13]) under some minor (logarithmic) moment assumptions.

The purpose of the present paper is to study the behavior of the two-parameter empirical
process R(s,t) of stationary sequences under a new type of weak dependence condition
introduced below. Note that every stationary process {yx, k € Z} can be represented, without
changing its distribution, as a shift sequence

(@) = f(TFw), keZ

over some probability space ({2, F, P), where f : {2 — R is a measurable function and
T : 2 — {2 is a measure-preserving transformation. Actually, most stationary processes
in practice can be represented as a shift process of i.i.d. random variables, i.e. they have a
representation of the form

Ve = f( .., 81,8k Ekt1s .- 1)s 4)

where {e;, k € Z} is an i.i.d. sequence and f : RZ — TR is Borel measurable. See
Rosenblatt [59-61] for general sufficient criteria for the representation (4). It is easy to see that
under mild technical assumptions on the function f, the process {yx, k € Z} has the following

property:
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(A) For any k € Z and m € N one can find a random variable y,, such that we have
P(lyk_ykm|zym)§8m (k€ Z, meN)

for some numerical sequences y;,;, — 0, §,, — 0.

(B) For any disjoint intervals Iy, ..., I, of integers and any positive integers my, ..., m,, the
vectors {Yjm,, j € I}, ..., {¥jm,, J € I} are independent provided the separation between Iy
and I; is greater than my + m;.

Definition 1. A random process {yx, k € Z} is called S-mixing if it satisfies conditions
(A) and (B).

In Section 2 various constructions for the yi, will be given. The simplest choice (which
actually motivated the definition of S-mixing) is

ykm:f(“‘»ovosgk—ms~-‘78k,~'«78k+m,0,0,...).

Clearly, condition (B) is satisfied. Note that (B) implies that {yx,, kK € Z} is a 2m-dependent
sequence, but this property is not strong enough to prove refined limit theorems for {yx, k € Z}.
(We recall that a sequence {Z;} is called m-dependent if for each n the two sets of random
variables {Zy, k < n} and {Zi, kK > n 4+ m} are independent.) In contrast, S-mixing (here “S”
stands for “stationary”) will permit us to carry over a large class of limit theorems for independent
random variables for {yx, kK € Z}. Note that S-mixing does not impose any moment condition
on the yy; for example, it is inherited for the variables z; = g(yx) provided that g : R — R is
Lipschitz continuous.
If the representation (4) is one-sided, i.e. it has the form

e = f(..,ex—1,8k),

then the process {yx, k € Z} is called causal or non-anticipative. Many popular time series
models have a causal representation (cf. [55,65,67]) as an immediate consequence of their
“forward” dynamics, for example their definition by a stochastic recurrence equation. However,
if we assume e.g., that y, is some spatial response, causality has no interpretation and may not be
realistic. Hence the applicability of S-mixing to this more general model (4) is desirable. We note
that causality plays a crucial role in earlier approaches as e.g. in Wu [70] or Ho and Hsing [41].
The classical method to prove limit theorems for weakly dependent random variables is
exemplified by the CLT for strong mixing sequences, see e.g. Rosenblatt [58], Billingsley
[11] or Ibragimov [43]. This uses a blocking of the variables of the sequence {yx}, combined
with correlation inequalities, to approximate the characteristic function of normed sums
ay ' (3F_1 vk — bn) of {yi} by the characteristic function of normed sums of independent
random variables. This method yields nearly optimal results in the case of the CLT and LIL,
but it is not strong enough to prove finer asymptotic results. Much stronger results can be proved
by using coupling techniques: if the dependence coefficient between a r.v. X and a o -algebra M
is small, one can construct a r.v. X*, independent of M and having the same distribution as X,
such that X and X* are ‘close’. (See Berbee [4], Berkes and Philipp [9] and Bradley [17] for the
case of 8-, ¢- and a-mixing, respectively.) This enables one to approximate separated blocks of
a weakly dependent sequence (X,) by independent random variables, leading directly to a large
class of limit theorems for (X,). As noted above, the classical mixing conditions have a rather
limited applicability, but equally effective coupling inequalities have been obtained for most of
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the new weak dependence measures, such as

r(MX):/anW(r)—Fx(t)nldt
a(M, X) = sup [[Fxjm () — Fx (@)1

teR

BM, X) = | Suﬂg Fxim(@0) — Fx (1l
te

¢(M, X) = sup || Fx m(t) — Fx ()l
teR

(see Dedecker et al. [22-24], Rio [56,57]). Here Fx and Fx pq denote, respectively, the
distribution function of X, resp. its conditional distribution relative to M. Our S-mixing
condition is not directly comparable with the above dependence measures: on the one hand,
S-mixing is restricted to a more limited class of processes, namely processes {yx} allowing the
representation (4); on the other hand, for such processes its verification is almost immediate
(see the examples in Section 3) and it provides the required approximating independent r.v. X*
directly, without coupling inequalities. Actually, S-mixing lies much closer to the predictive
dependence measures introduced in Wu [69] which also provide the coupling variables directly,
although, as our examples will show, S-mixing leaves more freedom in constructing the
approximating independent r.v.’s.

A third approach to weak dependence is martingale approximation, as developed in
Gordin [39] and Philipp and Stout [53]. In the context of sequences {y;} of the form (4),
particularly complete results have been proved by Wu [69,73]. Again, S-mixing cannot be
directly compared to approximate martingale conditions valid for weak dependence sequences:
the latter hold for a very large class of processes, but they apply only in the context of partial
sums, unlike S-mixing which has no such limitations.

Our paper is organized as follows. In Section 2 we will formulate our results and in Section 3
we will give several applications. In Section 4 we will give the proofs.

2. Results

As discussed in the Introduction, our mixing condition requires approximating r.v.’s Vi,
k € Z,m € N. In applications, such variables can be constructed in various ways
(truncation, substitution, coupling, smoothing); we will discuss various constructions after
formulating our theorems. On occasion we will use the notation @, < b,, meaning that
limsup,,_, o, lan/bn| < 0.

For our first result, Theorem 1, we assume that yy is uniformly distributed on the unit interval.
We define Yi(s) = I{yx <s}—s,5 €0, 1].

Theorem 1. Let {yx, k € Z} be a stationary S-mixing sequence satisfying (A) with y, = &, =
m~A, A > 4. Assume further that y is uniformly distributed on the unit interval. Then the series

Pis,sh= Y EYos)Yi(s) )
—oo<k<00

converges absolutely for every choice of parameters 0 < s,s’ < 1. Moreover, there exists a
two-parameter Gaussian process K (s, t) such that EK(s,t) = 0 and EK(s,)K(s',t') =
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(t AT (s, s") and for some a > 0 we have

sup sup |R(s,t) — K(s,1)| = o(n'*(logn)™®) a.s. (6)

0<t<n 0<s<l1

In many applications yg will not be uniformly distributed, but it has a continuous distribution
function F(s) = P(yp < s). Then we consider the random variables zx = F(yx), which are
uniformly distributed. To check S-mixing for the transformed sequence (z;) we assume that the
distribution function F(x) = P(yo < x) is Lipschitz continuous, i.e. P(yg € (r, s]) < L-(s—r)?
forall —oo < r < s < oo and for some 6 > 0. Then we have

PAFGR) = FOrnl > m™) < P (I = yenl” > (/L) -m™).
Thus if

P(yk — yem| > m~ %)y <m™  with A > 4,
then Theorem 1 applies to the sequence {F (yx), k > 1}. We put

Yis) =I{ye <5} = P(yo<s). seR

Theorem 2. Let {yx, k € 7Z} be a stationary sequence such that P(yo < s) is Lipschitz
continuous of order 0 > 0. Assume that {yx, k € Z} is S-mixing and (A) holds with
Ym =m =A% 8, =m™A for some A > 4. Then the series

Pis,sh= ) EX)¥is) (7)

—oo<k<00

converges absolutely for every choice of parameters (s, sy € R Moreover, there exists a
two-parameter Gaussian process K(s t) such that & K(s t) = 0and E K(s t)K(s th =
(t A)T (s, s') and for some o > 0

sup sup |Ié(s, t) — Ie(s, ] =o (nl/z(logn)_o‘> a.s. (8)

0<t<nseR

For dependent sequences {y;} one cannot hope to obtain sharp error rates like in Komlds
et al. [45] since their quantile transformation techniques depend heavily on independence.
However, the rates in (6) and (8) are sufficient to obtain the corresponding weak convergence
result.

We formulate now a few corollaries of Theorem 1; analogous results can be obtained for
Theorem 2. Let D[0, 1]> denote the Skorokhod space corresponding to functions defined on
[0, 11%.

Corollary 1. Assume that the conditions of Theorem 1 hold and let (s, t) € [0, 1]2. Then

1
—R(s, nt
NG (s, nt)
converges weakly in D[0, 112 to some Gaussian process {K(s,t), (s, t) € [0, 1]2} with
EK(s,t) = 0and EK(s,t)K(s',t") = (t A t') (s, s") with covariance function T' given in
%).
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We would like to point out that most of the weak invariance principles mentioned in the
Introduction deal only with the weak convergence of n~'/?R(s, n) to some one-parameter
Gaussian process, which limits their scope of applications.

Combining (6) with Theorem 2 in Lai [47] we get the following two-dimensional functional
law of the iterated logarithm.

Corollary 2. Assume that the conditions of Theorem 1 hold. Then the sequence
{(2nloglogn)~"?R(s, nt),n > 3}

of random functions on [0, 112 is relatively compact in the supremum norm and has the unit ball
B in the reproducing kernel Hilbert space H(T'*) as its set of limits, where T*(s, s, t,t') =
t AT (s, ") with T as in (5).

Construction of the yg,,

In order to apply Theorems 1 and 2 we have to find approximating random variables y,,
satisfying our S-mixing condition (A) + (B). Below we will discuss different construction
methods.

(I) Substitution: For j > k +m and j < k — m replace ¢; with some fixed constant:

}’km=f(u-,C,C,gkfm,--~78ka--~78k+maC,c’--~). (9)

For example, if yy = jez aj€k—j is a linear process then taking ¢ = 0 gives

m
Yem = Y ajej. (10)

j=—m

This substitution method is used by Doukhan and Louhichi [32] to estimate the decay rate of
some dependence coefficient in the definition of their weak dependence concept. It is important
to note that in general one has to be careful whether these random variables yy, are still well
defined. For example, the variables in an augmented GARCH(1, 1) model {y, k € Z} permit the
explicit representation

00 -1
=Ygl [ [her, (11)
=1 i=1

where g and h are Borel measurable functions with E logh(gg) = pn < 0 and E|g(eg)| < oo.
The series in (11) converges a.s. since by u < 0 and the law of large numbers there exists an
a.s. finite random variable L > 0 such that

-1 -1
l_[h(sk_i) = exp <Z 1ogh(sk_,~)> < exp(ul/2)
i=1 i=1

for I > L. However, if 1(0) = 1, then replacing the random variables x_;, i > m, with 0
will make the infinite series no longer convergent, since the product in (11) will not generally
converge to 0 as / — oo. For the specific example this unpleasant consequence can be avoided
by choosing a constant ¢ # 0 in (9) such that |h(c)| < 1. Nevertheless, if we do not have such a
simple explicit form for yy, it is desirable to have a construction method which assures that y,,
exists, whenever yy is well defined.
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(II) Truncation: Many important linear and nonlinear time series models (including linear
processes, ARCH/GARCH type models, etc.) can be represented in the form

o0
w=T (Zgz(skj(n, ~--,8k)> ,
=1

where j : N — N is non-decreasing, g; and T are Borel measurable. Setting t(m) = 0 if
j(1) > m and t(m) = max{n € N | j(n) < m} otherwise, gives m-dependent random variables
by defining

t(m)
Yim =T <Z 81(Ek—j@)s s 8k)) .

=1

() Coupling: For each £ > 1 we define an i.i.d. sequence {s,ﬁz), k e Z} with 8(()6) £ go such
that the sequences (&), (5,9)), (81(62)), ... are mutually independent. This is always possible by

enlarging the original probability space. Now set

k k
Vim = f(...,s,if)mfl, Ek—tms - s Eky e ey Ektms s,(chmH,...). (12)

The advantage of the coupling method is that the random variables yy,, have the same marginal
distributions as the yi’s. Coupling conditions of this type were first used by Wu [69].

(IV) Smoothing: If yj is integrable, then a further construction for yy,, is given by

Yim = E(yx | ]:k—m,k-i-m)a

where F, , denotes the o-field generated by {¢j,a < j < b}. Clearly y;, is a function of
Ek—m> - - - » Ek+m and it provides the best L approximation of y; among such functions provided
E y,? < 00. Condition (A) of S-mixing is then an ‘in probability’ version of the usual definition
of near-epoch dependence (NED), thus our method covers stationary sequences satisfying NED.
See for example Potscher and Prucha [54].

3. Applications

In this section we apply our results to several important processes. For the construction of
the approximating random variables yi,, we can now use the special structure of each process.
Since our S-mixing concept allows for a variety of construction methods, its verification will be
relatively simple in all cases.

3.1. Linear processes

Assume that y; = Z?’;_oo ajeg—j withii.d. random variables ¢;. If a; = O for j < 0 (causal
case), weak invariance principles have been proved among others by Doukhan and Surgailis [34]
(in the short memory case) and by Surgailis [66].

Let yx, be given as in (10). Then an inequality of type (A) can easily be obtained. For

A
example, if we assume that E |gg|” < oo for some p > 0 and q; < |k|7(A+F+]) (k — o0)
we get by the Markov and the Minkowski inequality

p
P(Iyk = Y| > m™*) < E |eg|Pm*P ( > |ak|> <m™,

|k|>=m
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The assumption on the decay rate of gy is a little more restrictive than e.g. in [34] or in [70].
However, the results are not directly comparable since we obtain the strong convergence of the
two-parameter empirical process and our results apply to non-causal processes as well. In order to
apply Theorem 2 we need conditions ensuring that Fy(x) = P(yo < x) is Lipschitz continuous
of some order 6 (Fy € Lipy). A weak invariance principle without smoothness assumptions on
the innovations is provided in [25]. It can be easily shown that a sufficient condition for F, € Lip,
is F € Lipg. In [34] a condition on the characteristic function of &g is required, implying
that F, is Lipschitz continuous and infinitely often differentiable. Note however, that requiring
smoothness conditions for the &’s is not necessary for obtaining F', € Lip,. A simple example is
when g = +£1, each with probability 1/2. In order that the series defining yy converges a.s. we
have to require Za?z < oo and without loss of generality we can assume |a,| < 1. Assume
further that

_2p2
| | e 2% dr < o0.
1>1 nja, | <1/12]

Since

o0

. 2
Eé = T leosttanl < it <13+ [] e %100 > 1),

n=-—00 n:lap|<1/]|

we conclude that f |EelY0| df < oo and thus F y has a continuous density (cf. [12, p. 347]). This
argument can be easily extended by requiring |Ee'¢| < g(r) for |¢t| < A, such that

)
/ ]_[ g(tay) dt < oco.
|r]>A n:lay|<A/|t|

With the exception of special cases one can say little about the shape of the distribution of yg
(see e.g. [19, Chapter 3.5]).

3.2. Nonlinear time series

Many important time series models {yx, k € Z} satisfy a stochastic recurrence equation

Yk = G(Yk—1, &k), (13)

where G is a measurable function and {g;, k € Z} is an i.i.d. sequence. A typical example is the
ARCH(1) model (see Engle [37]). Note that the GARCH(p, ¢) model is formally not covered
by (13), but it can be embedded into a p + ¢ — 1 dimensional stationary process satisfying a
stochastic recurrence equation similar to (13) (see Bougerol and Picard [15,16]), and thus with
suitable changes, our method still works. For further examples, see the discussion in Wu [69] and
Shao and Wu [63]. Sufficient conditions for the existence of a stationary solution of (13) were
given e.g. by Diaconis and Freedman [29]. They showed that (13) has a unique and stationary
solution provided G satisfies the Lipschitz condition

|G (x2, u) — G(x1, u)| < K(u)|xz — x1]
and

E[K (g9)] < 00, EllogK(g9)] <0 and E|G(xp,é&0)| < o0 (14)
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for some xp € R. Iterating (13) yields yx = f(..., &k—1, €x) for some measurable function f
and it is a natural idea to define yi,, by truncation, i.e. replacing the ¢;’s with O for j < k —m.
However, similarly to the construction of the yy,, by substitution, truncating the sequence ¢; may
ruin the convergence of iterations in (13). To avoid this difficulty we can use the coupling method
introduced by Wu [69] and define yg,, by

k k
ykm = f( c 8]&2,,,,29 8/(67)17171’ Sk—ms L] Sk)v

where {8,(;2), k € Z}, £ = 1,2,... are i.i.d. sequences, independent of each other and of the
er’s, and having the same distribution as {eg, k € Z}. Clearly, the r.v.’s yi,, satisfy (B). From
the results of [63] it follows that under the conditions on G assumed by Diaconis and Freedman
there exist p > 0 and 0 < ¢ < 1 such that

Elyr — ym|? < 0™.

Thus condition (A) is satisfied with exponentially decreasing y, and §, and consequently our
results hold in this case, too.

3.3. Augmented GARCH sequences

Augmented GARCH sequences, introduced by Duan [35], have been applied with great
success in macroeconomics and finance. They include many popular models, for example
GARCH [13], AGARCH [30] or EGARCH models [51]. Consider the case of an augmented
GARCH(1, 1) sequence {yk, k € Z} defined by

Yk = Ok&k (15)
with
Ao} = cler—1) Ao} + glex—1), (16)

where {g, k € 7Z} is an i.i.d. sequence and A(x), g(x) and c(x) are real-valued measurable
functions such that A~!(x) exists. Duan [35] and Aue et al. [1] gave necessary and sufficient
conditions for the existence of a unique strictly stationary solution of (15) and (16). If a unique
stationary solution exists, we can represent the conditional variance O’kz as

oo j—I1
Aep) =) ] cter—) glen—j). (17

j=1i=1
We can construct the approximating r.v.’s yi,, by defining
m j—1
Ao =Y [ ] eten—i) glex—)) (18)
j=li=1
and

Yikm = OkmEk- (19)
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It is obvious that yg,, satisfy relation (B). Hormann [42] used the present dependence concept to
prove the functional CLT for the partial sum processes

[nt]

Su(t) =Y h(y)

k=1

under the optimal condition E|(yg)|?> < oco. Similar results can also be obtained for a general
class of polynomial GARCH(p, q) sequences (see Berkes et al. [5]).

Assume that the distribution function F of ¢ is Lipschitz continuous of order 6. Then we get
fors,t e R

|[Fy () — Fy(s)| = |P(yo = 1) — P(yo < 5)|
< E|F:(t/og) — Fe(s/00)|
< Clt —s|"E(o;?).

A

Therefore we obtain Fy € Lipy if Fy € Lipy and E(o 9) < 0.

The following lemma in Hérmann [42] shows that, under logarithmic moment conditions, a
polynomial GARCH(1, 1) sequence satisfies (A) with yg,, defined as in (19). Similar estimates
apply for exponential GARCH sequences (see [42, Lemma 7]).

Lemma 1. Assume that A(x) = x® with § > 0 and a strictly stationary solution of (15)—(16)
exists. If furthermore

E(log* |g(eo))" <00 and E(log" |e(g))" < 00
hold for some u > 2, then for sufficiently small @ > 0 we have a C > 0 such that

P (Iyk = ykm| > €7%™) < P(leol > ™) + Cm =172,

3.4. Linear processes with dependent innovations

Let {yx, k € Z} be a stationary sequence satisfying conditions (A) and (B) with y,, = §,, =
m~A1, A; > 1. Let

o0
k= Z ai Yk—i
i=—00
be the linear process generated by the yx and set
m
Zkm = Z ai)’k—i,m~
i=—m
Assume that the following conditions hold:
E|yol? < oo forsome p > 0,
- A
ap < k7T 4y > 0.

Then routine computations show that (A) holds with y,,, = 6, = m~4 where A = min (A; — 1,
Aj). Condition (B) is also satisfied with the modification that for the independence of the vectors
(Yim»J € Ii},....{yjm,. j € I} the separation between [; and I; has to be greater than
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4my+4my, a difference inconsequential for the validity of our theorems. This shows, for example,
that our results apply for an AR(1) processes with augmented GARCH innovations. Processes
with dependent innovations play an important role in modeling financial data. (See e.g. [3,40,
48].) Invariance principles for the partial sums of linear processes with dependent innovations
have been studied by Wu and Min [72].

4. Proofs

In this section we will prove Theorem 1. The concept of our proof is based on the method of
Berkes and Philipp [8]. Since the arguments are rather technical, we outline the main ideas.
Lettg =0and 1t = exp(kl’g), k > 1and ¢ € (0, 1) to be specified later. Further let

sk, = jo~llogk/(2log2)] for 0<i <d = ollogk/(2log2)] k > 1).
In addition set dy = 0 and so, = 0. Then

G = U{(Sk,-, %), 0 <i < di}

k=0

defines a set of points in [0, 1] x [0, o0), which we shall call grid. Note that this construction
implies {s¢,, ..., Sldg} C {Skyseens Sky, }, if £ < k. Hence, for every point (s, t) on the grid G,
R(s, t) can be written as a telescoping sum of vertical increments R(sy;, t) — R(sk;, tx—1) and
horizontal increments R(s;, &) — R(sk,_,, t), where the indices i depend on the point (s, 7).
The segmentation can be carried out as follows supposing that (s, #) = (s;, &). We show how
to move on the grid from (s, ¢) to (0, 0) using vertical and horizontal moves, then the increments
can easily be obtained. In the first step we want to move vertically on the grid, therefore we
check if (s, tk—1) is also a grid point. If it is, we move there and repeat this step starting from
(8k; » t—1). If we cannot move vertically, we use step two that moves us horizontally from (s},, ;)
to (sj,_,, ;). Then we continue with step one starting from (s;_,, ¢;). Repeating the two steps
will lead us to (0, 0).

Of course, the decomposition of (s, ¢) can also be used to write K (s, ¢) as sum of increments.
Using our dependence condition and a blocking method we get for k sufficiently large, that the
distribution of the R%*! valued vector

_ d
Zi = (e — i) "2 (R(syy, 1) — R(s;, -1))is,
is close in distribution to
_ d
Vi = (tx — ti—1) ™2 (K (st ) — K (Sk;, ti—1))E-

This distributional closeness is shown in terms of closeness of the corresponding characteristic
functions (Lemma 9). A well known result of Berkes and Philipp [9, Theorem 1] allows us to

construct a sequence of independent vectors Vk with Vk £ Vi on the same space with the
sequence Zy, such that | Z; — Vil is small with high probability. By Lemma 2.11 of Philipp and
Dudley [36] we can assume without loss of generality that Vk = Vi, i.e. the sequence Vk can
be extended to a process K. Since it also turns out that the horizontal increments are negligible,
this implies that we can construct the processes K and R in such a way that they are sufficiently
close on the grid G. These results will be derived in Section 3.2. Hence we have to show that the
fluctuation of both processes on the rectangles [sg;, Sk;,,1 X [#, tk+1] is sufficiently small. The
latter issue is treated in the following subsection.
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4.1. Increments of the empirical process

Let {yx, k € Z} be an S-mixing sequence with approximating random variables yi,,. We put
Yim(s) = Hykm < s} —s,5 € (0, 1).
Lemma 2. Assume that the conditions of Theorem 1 hold. Then there is a constant Co such that
foranyk > 1and 0 <s,t <1

|EYo(s)Yi(1)] < Cok™™. (20)

Proof. For some natural number m < k/2 write
Yo()Ye (@) = (Yo(s) Yk (@) — Yo () Yim (£)) + Yom (8) Yiem (2).

By assumption Yy,, and Yj,, are independent. Since all the random variables |Y;(#)| < 1 and
[Yim ()| < 1 we get
[EYo(s)Yr ()] = [E(Yo(s)Yk () — Yom () Yirm ()| + | EXYom ()| EYm (1)
< E[Yo(s) — Yom ()| + EYi (1) = Yim (D] + [EYom (5)]. 2D
Next observe that
E[Yo(s) — Yom(s)| = P(Yo(s) # Yom(s)). (22)

Note that P (Yo (s) # Yom(s)) is the probability that yg and yg,, are on different sides of 5. Hence
by our assumptions we get

P(Yo(s) # Yom(s))
<POoels—m A s+m D+ Pyo— yoml >m™4) < Coym™*. (23)
Also we have by (22), (23) and EYp(s) =0
|EYom(5)| < 1EYon(s) = Yo(s)| + | EYo(s)] < Co,m ™. (24)

Now combine (21)—(23) and take m = |k/2]. (As usual | x] denotes the integer part of the real
number x.) [

Remark 1. Lemma 2 implies that the series in (5) converges absolutely.
We define for 0 < s < s’ < 1 the basic increments
Yi(s,s") = Yi(s) = Yi(s) = Ifs < yx <5’} — (s' —s) and
Y{(5,8") = Yin (") — Yim(s) = I{s < ygm < '} — (s' —s) withm = [k”/2],

where 0 < p < 1/2 will be specified later. Our goal is to estimate the increments

R(s', 1) — R(s, 1) = Z Yi(s, s') + Z Yi(s') fort > t. (25)

1<k<t t<k<t'

Lemma 3. Assume that the conditions of Theorem 1 are satisfied. Then for 0 < s < s’ < 1 there
are constants C3, T > 0 such that

N 2
Z Yi(s, s")
=1

E SC?:N(S/_S)Ta
where C3, T do not depend on N, s, s'.
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Proof. The stationarity of {yx, k € Z} implies that
EYi(s,s")Y (s, s") = EY1(s,s") Y1411 (s, 8).

Using Y, = Y (s, s") for notational simplicity we obtain

N -
>
k=1

Following the proof of Lemma 2 we get that

2 N N
_ _ 2 -
E =N|EY}+2) EVYi— = (k—DEVY; |.
< : k=2 Nk:2

|EYo(s, s)Yi(s, )| < C3. 1k~ forall0<s <s <1
and some C3,1 > 0. On the other hand the Cauchy—Schwarz inequality gives
|EYo(s, s)Yi(s, s)| < EYg(s,s) = (' =) (1 = (s' —9)) < (s — 9).
Putting together (27) and (28) we see that

|EYo(s, s)Yi(s, s )| < Ca3 0k A0 (" — )T

1311

(26)

27

(28)

(29)

for some C3 2 > 0. Choose T > 0 such that A(1 — ) > 1. Then the desired result follows using

(26) and (29) with standard analysis.

Lemma 4. Assume that the conditions of Theorem 1 hold. Then there are constants

Cs.1,Ca2,Ca3,n > 0and p € (0, 1/2) such that for all x > 1 and forany0 <s < s’ <1

N -
Z Yi(s, s

k=1

'

Proof. We set

2
) = (o (n =)

_ * —(2+n)
—i—exp( C4’3NP)+X .

N N
Sv=) Yi(s,s') and Sy =) ¥(ss).
k=1 k=1

Again we use Yy = Y;(s, s’) and similarly ¥, = Y, 4 (s, s"). Then the Markov and the Minkowski

inequalities give for k > 1
P (|SN — Syl > x) < x“E|Sy — SyI*
N K
= (Z (17 - ?m”“) -
k=1

Observe that |Yj — ?,él € {0, 1}. Consequently by (23) we have

ElY; = Y{| = EIY, = Y| = P(Yx #¥}) < Cq k™"

Since A > 4 we can choose p close to 1/2 and n > 0 such that pA > 2 + 1. Then we get

P (ISy — Syl > x) < Casx™F0,

(30)

€29
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We know that by definition the variables Y . k=1,...,N,are LN” |-dependent. We now define
QI+1INPIAN
zV= Y ¥ o=<lzm,
k=2I|NP|+1

where m is the largest integer such that 2m|N”] < N. Consequently the variables Zl(l),
0 <[ < m, are independent. Furthermore we define
QI+2)INIAN
z?= Y ¥ o=<lzm.
k=QI+1)|[ NP |+1

If 2m + 1)[N”] > N then Z\; is 0. Also define X" just like Z\" with ¥; replacing Y.
Remember that we chose Ap > 2, hence we have Ap/2 = 1+ § with § > 0. The inequality in
(30) now implies

a a 12 QI+1)|N? AN _ _ 12
<E|Zl ~ X| |2) < > (EIY,Q—YHZ)
k=2I[NP|+1
QI4+1)|N?]AN s
< Cyik ™A < €y sN=PP 1)),
k=2I|N”]+1

By using the Minkowski inequality and Lemma 3 we obtain

1/2 172\ 2

E|Z"P < ((E|x,“)|2) +(Ei1Z" - x"P) )
2

< ((cgNﬂ(s’—s)f)‘/2+c4,6N*ﬂ5r“+5>) .

As we use approximately 2m intervals of length around | N” | we get m ~ %N 1=/ Thus we can
show

m
ZE|ZI(1)|2 < Cu7 (N(s/ _ )T 4 NP/2P (sl T2 4 N72p6)
1=0

= CugN (= )24 N=H+20D). (32)

Further it is clear that
1Z"| < NP for0<I<m. (33)
With (32) and (33) we can now apply Kolmogorov’s exponential bound ([52], Lemma 7.1) to get

< Cy9x? Ca.10X
1) _ 4.9 G410
P (Z Z;" > x) = exp( N(s’—s)f/z—i—NzP‘S) +exp< N7 )

=0

It can be verified that an analogue inequality holds for ) ) Zl(2). As Sy = Z}":O(Zl(l) +Z 1(2))
we have shown, using (31), that

Caox® Ca,10% _
P(Sy > x) <2exp (_N(s’ 7T N2p8> + 2exp (_W> + Cy5x Q+n)
(34)
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If N(s' — 5)"/? > N72P% the lemma is proven. Otherwise the first term on the right-hand side of
(34) is dominated by 2x~ (%" which completes the proof. [

Lemma 5. If the conditions of Theorem 1 are satisfied, then we have for any 0 < z9 < z < 1,
T > 1and ) > max{(z — 20)"?, 1/log T} positive constants Cs 1, Cs 2, o > 0 such that

i 52
Z Yi(zo,5)| 2 AT'? | < Cs.1 <3XP (—Cs,z—) + T_"‘) ;
(z—z0)"

k<t

P sup
p=s=z
0<t<T

where 1 comes from Lemma 4.

Proof. We use a chaining argument to prove the lemma. We assume without loss of generality
that zo = 0. Let (s, ¢) be an element in the rectangle X = [0, z] x [0, T]. Then we can write

o0 v
s=2) 427" forg € {0, 1} and thus define s, =z » 27"
i=1 i=1

In the same way we use
t=TY §27 for& €{0,1}anddefiner, =T Y &27".
i=1 i=1
Furthermore we set so = #yp = 0. Observe that
(So—1, 8] X (ty—1, 0] S (2j277, 2( + D271 x (Ti27", TG + 1)27"],

where (j,i) € {0,1,...,2Y — 1} x {0, 1,...,2% — 1} depend on (s, t). Let for any integers
u,v=>1

_ 7 . —v . —V
My = max > Yi(zj2™%, z(j + D275

0<j<2v—1 |Ti27%<k<T(i+1)274

Then we obtain for any m € N

m
YRO.9 =Y DY N+ Y B0+ D Vilsm.s)
O<k<t u,v=11t,_1<k<t, tm<k<t 0<k<ty,,
m -
=< Z Mu,v+(t_tm)+ Z Yi(sm, s)
u,v=1 O<k=<ty

IA

> Tilsms)

O0<k<ty,

m T
D Muwt 3+
u,v=1

For any x > 0 we have Y (s, s’) < Yi(s, s’ + x) + x and since s — s,, < 227" we get

m
Z Yi(sm. 5) 52 Z Yi(smy Sm +227™)| + Z 2im
u=1

O<k<ty, ty—1<k<ty, ty_1<k<ty

m T
=< ZMu,m + 2_m
u=1



1314 L. Berkes et al. / Stochastic Processes and their Applications 119 (2009) 1298-1324

Altogether this implies that for every m > 1

> (0.5 52(§: Mu,v+21m>.

O<k<t u,v=1

For T > 1 and A > 0 we can choose an m € N (dependent on 7" and A) such that
max{1, A/2}2" "1 < 112 < j0m-1, (35)

We now use xg 1= qu:o 27AUHY) with B > 0. Consequently we get

m T n A
P ( Z Myy+ o0 > AT1/2> <P ( Z My, > ETVZ)
u,v=1 u,v=1
m
<P ( > My, > —T1/2 Z 2- ﬂ“”f“)
u,v=1 u,v=1
<

m
/3

u,v=1

By Lemma 4 we have

P M, > 2 p12gput)
2xp

< C5,32u+v exp( CS 4)»22 Zﬂ(u+v)+u+vn )+exp( C5,5)»T1/27p27/3(u+v)+up)

AT 1/20—Blu+v) — (2t
+ 2xp

= Cs532" (s1(u, v) + s2(u, v) + s3(u, V).

We fix a small 8. Then if 28 < min{n, 1} we can find a §; > 0 such that

IA

m
Z 24V (u, v)

u,v=1

m
Z 2U*V exp (—C5,6)L2 (28‘“ + 2‘3”’) Z_”>
u,v=1

m 2
= (Z 2" exp (—Cs,éxzzsl“z‘"»
u=1

Cs,7exp (—CS,SXZZ_U) .

IA

To drop the dependence of Cs 7 and Cs g on A and z we used the property that A2z > 1

We now choose 8 and n such that n(8 — p) < —land n(8/2+ p — 1/2) < —1/2. We use
(35)and 1/A < logT to get 2" < 4T'/2/) < 4T'/?1og T. This together with e ™ < c¢(n)x ™"
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for any x > 0 implies

m m
Z 2“+Us2(u, v) Z Cs’gk—nzn(ﬂ(u+v)—up)+u+vT—n(l/Z—p)

u,v=1 u,v=1

00
Csygx—nzm(ﬁn-‘rl)T—n(l/2—p)m Z unB—np+1)

u=1

Csylok—nzm(ﬂn-ﬁ—l)T—n(l/2—p)m

Cs.11(log T)n4ﬁn+l T1/2(f5n+1)(10g T)'B”+] 7-n(1/2-p) log T
Cs.12(log T)"A+A+2n(B/2+p=1/2)+1/2

< Cs5.13T ™%

IA

IA

for some positive §;. Moreover we observe that for 8 < 1/2 —1/(2 4+ n)

m
s ()L—(2+77)T—(2+n)/22(ﬁ(u+v)+l)(2+n)x§+’7>

m
D 2w, v) <
u,v=1 u,v=1
< Cs.14(log T)>Hm202m+CBm+ D@4 242
< Cs 5T

for some 83 > 0. This completes the proof. [

We now turn to estimating the increments of the Gaussian process K (s, t).

Lemma 6. Let K(s,t) be a two-parameter Gaussian process with EK(s,t) = 0 and
EK(s,H)K(s',t") = (t At (s, s"), where T'(s, s") is defined as in Theorem 1. Then there exist
constants Cg 1, Ce2 > 0 such that for all x > xo, any 0 <z0 <z <1and0<Top <T

P sup 1KGs.0) = Ko, To)l = x (T2 = 200" +1T = Tol'?)
(s,)el
< Cg,1 exp(—Ce,2x%),
where I = [z9, z] X [Ty, T'] and t stems from Lemma 3.

Proof. We define Z (s, 1) := K (z0 + s(z — 20), To + (T — To))— K (20, To) for (s, 1) € [0, 1]%.
Then clearly

sup |K(s,t) — K(zo,To)| = sup |Z(s,1)|.
(s.1)el (s,1)€l0,1]2

We observe that I' (s, s) = I'(s’, s) and thus
EIK(s,t) — K(s',)]* = t (T(s,8) + (s, s") — 2T (5, 5))
=t Z EYo(s, s)Yi(s, s").

keZ
Hence by (29) we get

E|K(s.t) — K(s', > < Cg3t|s’ —s|".
Combining this observation with the definition of Z(s, t) we infer that

E|Z(s,1) = Z(s', O < Ce3Tls' — 5" (z — 20)". (36)
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Lemma 2 shows that I'(s, s”) is uniformly bounded. Thus
E|Z(s,t) — Z(s, t)|* < Cealt’ — t|(T — Tp). (37)

Next observe that by the Minkowski inequality
2
E1ZGs, D = (EY12(s.0) = 20,0 + EY212(0,1) = 20, 01) .

Together with (36) and (37) this implies
2

sup EIZ(s. 0 = Cos (T2 = 200" + (T = T)'2) (38)

(s,0)€[0,1]2
Combining (36)—(38) with Lemma 2 in Lai [47] completes the proof. [
We partition the set [0, 1] x [0, oo) in rectangles [sy;, Sk, 1 X [tk, tx+1] where (s, , ;) € G,
where G is the grid defined at the beginning of Section 4.

Lemma 7 shows that in order to prove Theorem 1 it suffices to construct a Gaussian process
K (s, t) with the covariance function given in Theorem 1 which satisfies for some y; > 0

max [R5k, 1) = K (5%, 1] £ O (12 Qog 1) ™). (39)

0<i<dp—1
That is, it suffices to show that K (s, t) and R(s, ) are close to each other on the grid G.
Lemma 7. Let Ié(i , k) denote the maximal fluctuation of R(s, t) over the rectangle [s;, si;,,] X

[tk, tkt1]. Similarly define for K (s, t) the random variable 12(1', k). Then there is a yy > 0 such
that

pmax_ RG,H=EO (t,:/z(]Og fk)_y()) .
Si=dp—

The same estimate applies for K, k).
Proof. Observe that (25) implies
max ﬁ(i,k) <2 max sup  |R(s, 1) — R(sy;, )|

0<i<dr—1 0<i<dr—1 Sk SSSSk
Tk =1=lcy ]
<2 max sup Z Yl(sk,s) +2 sup Z )_’1(0, ).
Osifdk—lsk[_ <SSk |150=1 s€(0,1] 1<
== sty RIS
By Lemma 5 we obtain
P max sup Z ?l(ski, s)| > tkl/z(log 1)~ /8
Osi=di—1 5, <s<sg | 1<i<t
—n/4
(log 1) ™"/ _ _
< Crak'? (exp (—c7,zk—,,/2 %) < Crak (40)

where we used di ~ k!/2. Using

tir1 — tx ~ (1 — &)(log 1)~/ =9)py (41)
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which follows from the mean-value theorem we get from some easy estimates

Pl s |3 Fi0.9)| = (ogr)™/* | < €75k
s€[0,1] f<l<t
STty

Application of the Borel-Cantelli lemma finishes the proof of the first proposition. The second
part of the lemma can be tackled similarly by using Lemma 6. [

4.2. Construction of the approximating Gaussian process

We define the following increments in the parameters s and #:

AP = R(si;, 1) — R(sy; 1) forl =1 and
BV = R(s;, 1) — R(sy,,, 1) forl >1,m = max{j — 1,0}.

If (s, #;) is an element of the grid G, R(s, tx) can be represented as a sum of the above defined
increments, i.e. there are constants m;, j; depending on s such that

k .
R(s, tx) = Z ((SIBI(]Z) + Al(mz)) , (42)
=1

where §; = §;(s) € {0, 1}. Similarly to Al(j) and Bl(j) we define the increments of K (s, ¢) as Al(j)
and él(] ) Thus we get a representation for K (s, t;) analogous to (42):

k . R
K. =y (4B + A"™). 43)
=1

Choosing ¢/(1 — ¢) smaller than 1/8 we get by (40) and the Borel-Cantelli lemma some 3, > 0
such that for k — oo

k ) k
Z 8[ Bl(]l )
=1

< max sup
=1 0=i=di—ly, =SS

> Yty s)

1<j<y

tll/z(log 8 as.
1

k
<
I=
< 1, (logn) 7.
By similar arguments we can show an analogous result for the process K (s, t). Consequently
in view of (39) the representations in (42) and (43) imply that Theorem 1 will be proved if
we succeed in constructing the approximating Gaussian process such that for any s = s,
i =1,...,d; the sum of t-increments

Xk: <Al(m1) . A;mz))

=1
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is not too large. Specifically Theorem 1 follows from

k
Z max |(R(s;,, 1) — R(s;, ti—1)) — (K (sy,. t1) — K (sy;, t1—1))|
=1 0<i<d,
<oty P(logn) ™" as. (44)
for some y3 > 0 for k — oo. To show (44) we need some more lemmas.
If j ef{ry_1 +1,..., 1} we define the random variables
9= yjm.  withm = [1f /2] (45)
for some 0 < p < 1/2. Additionally we set
Yi(s)=1I{§; <s}— P(§j <)
and for pj—1 = [tf| we divide the interval ; = {f_; + p/—1 + 1,..., 1} into blocks

Ly, Jiys I, Jiys o I, Jp,, where |1 | = L|;]P" | for some p < p* < 1/2 and |J; | = Ltlpj.

The last blocks may be incomplete and of course n = n(/). Then we get
1
J=ti—1+pi-1+1 k=1 jel, k=1 jely,
We now introduce the vector

Ty = (T Gsig)s - TG ) -

Yo =) Y Vi) + )Y Vi) = T+ Y T ().
k=1 k=1

Observe that n is proportional to |Il|1_"* and by definition T, Ty, ..., T, is an R4*1 valued

independent sequence with ET;, = 0. We also set

g, =t
SNTARE

k=1,...,n.

Lemma 8. We set Var§11 =X = (21 (sy; slj))f’jzo. Under the conditions of Theorem 1 there

exists a constant Cg such that
-1
sup |y, s0;) — T(soos1)| < Gl |71 forl = 1.
0<i,j=<d

Proof. Using the stationarity of {Y;(s), k € Z} little algebra shows that

1
N_ME< > Yk(s>Ym<s’>>= > EYos)Yi(s)

M<k,m<N [k|<(N—M)
1 (N=M)—1

N—-M

Hence we may write

Fes) = —B | 3 %))

|Ill| k,mel),

Y kEYo()Yi(s) +EYe(s)Yo(s) (M < N).
k=1
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[ -1
1 1
+ Z k(E Yo(5)Yi(s") + E Ye(s)Yo(s)) + Z E Yo(5) Ye(s")
1= lk|=11;, |
1
=—E | ¥ %@¥u) | +0 (™) o0, (46)
LU Ve

where (46) follows from Lemma 2. (Note that O is uniformly in 0 < s, s’ < 1.) Consequently
we have

IEz(Sl os1;) — Dy s1)|

> E ki) T (s1,) = Yelsi) Yot + 0 (11171
|Ill | k.mely,
By (24) and (45) we infer for k, m € I,

E|Yi(5) Y (s") = Yi() Y ()] < BV (") = Yiu(s)] 4+ E|¥i(s) — Yi(s)]
=< CS,IIZ_AP

Eq. (41) yields |I;,| = O (tlp*l’sp*> and this finishes the proof. O

Weset I'; = ((I' (s, 81 )))l =0 and denote ||A|lco = sup; ; |a;;| for some matrix A = ((a;;)).
Since I'(s, s”) is a bounded function we infer by the last lemma that sup; || X;[|cc < 00.
Set

n
X; = n_1/2 Z'Elk
k=1

and denote by (- | -) the inner product. Further let || - || denote the Euclidian norm.

Lemma 9. Let ||u]| < K exp ( 1" 2) for some absolute number K. Then there exist constants Co 1,
Co,2 such that

|E exp (i{u, X0)) — exp (—1/2(u, Trup)| < Co.yexp (—Co.ot' ™) Jull,
where & comes from the definition of t;.
Proof. For a matrix A € R?*? and u € RY we get

|(u, Au)| < u]l[|Au]| < [[u]*[A] < d]u]?|Allcc.
Consequently we get by Lemma 8 and the mean-value theorem that

lexp (—1/2(u, Tju)) — exp (—1/2(u, Zu)) | < [(u, (T; — T)u)|
< Cosll, |7 ul*d,

< Co.4exp(—Co 5" ~%)|lul. (47)
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Assume for the moment that the vectors f;‘lk = (élk (1) - - -» &1, (Sld1)> for 1 < k < n are not
only independent but also have the same distribution, then we get

d; n
Eexp(i(u,X))) = (E exp (z‘n‘l/ZZuJ-al <sz,~)>> .
j=0

Some routine analysis shows that | exp(ix) — (1 +ix — x2/2)| < |x|?/6. Thus there exists some
6 = O(u,l) with |@| < 1 such that

Zu,szl (s1,)

From the Cauchy—Schwarz inequality and from |&;, (s)| < |/}, |1/2 we infer that

d d;
E Y uj (si)) D ujé sy

j=0 j=0
< 1112 + D2 (ull(w, Zyu)
* 3/2
< Coslhl*"*d;" ulP.

dj
1
i —1/2 E . —1_
E exp <ln ~:Ouj€:ll (S[J.)) =1 o (u, Xju) + on 3/2

3 2

< I, 1"*(d + DV u| E

Since n ~ |I;|'~*" we can find a © = ©’(u, [) within the complex unit circle such that

d

. 1 Co7 x_3/2 ,3/2

Eexp (zn V2N g, (sz_,->> = 1= o {u S + 0= hP )
j=0

1
1 — —(u, Xu) +rd,u).
2n

The relation |(1 — #)" — exp(—rt)| <t/2 holds for 0 <t < 1 and r > 1. For (u, X;u) < 2n we
then get

exp(—1/2(u, X;u)) — (1 — i(u, Z;u)) < i(u, Yu). (48)
2n 4n

Again assuming (u, X;u) < 2n we obtain using |7" —w"| < n|z—w|forz, w € C, |z|, lw| < 1,

(1 - %(u, ):,u)) - <1 - %(u, Y u) +r(l7“))

because both terms on the left-hand side are within the complex unit circle (one according to our
assumptions, the other as it is a characteristic function).

n

<nlrd,w), (49)

If the §;, = (élk (St9)s -+ -5 &1 (su 4 )) are not identically distributed, the estimates used for the

first block /;; in Lemmas 8 and 9 are still valid for the blocks 1;,, .. ., I;,. Replacing the inequality
2" — w"| < nlz — w| by | H?:l zj — ]_[7:1 wj| < Z?:l |zj — wjl, we get the statement in the
general case.

Putting together Eqs. (47)—(49) with respect to the restrictions for ||u|| and the value of n we
conclude the proof. [J

To complete the proof of Theorem 1, we need the following result of Berkes and Philipp [9].



1. Berkes et al. / Stochastic Processes and their Applications 119 (2009) 1298-1324 1321

Lemma 10. Let {X;,] > 1} be a sequence of independent R4, d; > 1, valued random vectors
with characteristic functions fi(u), u € R¥, and let {G;,1 > 1} be a sequence of probability
distributions on RY with characteristic functions g;(u), u € R%. Suppose that for some non-
negative numbers Aj, §; and Wy > 1()8d[

[fi(@) — gr(w)] <X
Sor all a with ||u|| < W; and
Gi(u: |[ul| > W;/4) <.

Then without changing its distribution we can redefine the sequence {X;,l > 1} on a richer
probability space together with a sequence {Y;,] > 1} of independent random variables such

that Y| éGl and
PUX; =Y/l Za) <oy forl €N,

where a1 = 1 and

a = 164 W, og Wy + 41, W +8  forl > 2.

Proof of Theorem 1. Let f;(u) be the characteristic function of X; and g;(u) the characteristic
function of a dj-dimensional Gaussian vector G; = (G(1), ..., G;(d;)) with covariance matrix
Var(G;) = T. As I'(s, s") is a bounded function we get by choosing W; = exp(c;/¢) with some
positive constant c; that

IA

PG/l > W /4) = P <lm,a>§1 1Gi(D)] > Wl/(4d1))
<i<a

IA

cod; exp (—C3(Wl/dl)2>

cqexp(—csl™®). (50)

IA

With the help of Lemmas 9, 10 and (50) we can redefine the sequence {X;} on a richer
probability space together with a sequence of independent Gaussian vectors {Y;} with covariance
matrix Var(Y;) = I'; such that

P (IIX; — Y| > cs exp(—c7l®)) < cg exp(—c7l®).
We set
7 = —-1/2 d
= —t-1) (R(sy;, 1) — R(sy;, tl—l))izo and
_ d
Vi=@—u-0)""* (K, 1) — K(sy,, 1-1))L,-

The definition of the X; assures that ||X; — Z;|| is small. In fact, using arguments akin to our
previous considerations, we can show that

P (IX; = Zi]| = exp(—csl®)) < col 2. (51)
The Borel-Cantelli lemma then implies that for some constant ¢19 > 0 and for all [ > [y(w)
IX; — Z|| < cioexp(—csl®).

By the definition of V; we have

Y1 > 1EVL=> 1.
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By enlarging the probability space (see Lemma 2.11 in [36]) we can get
{Yr,I =1} ={V;, 1 = 1}.

Altogether we have shown that
max |(R(sy;, 1) — R(si,, ti—1)) — (K (s, 11) — K (s1;, 11-1)) |

0<i<d,
< e — 1) exp(—cial®)  as. forl — oco.

This shows (44) and thus completes the proof of Theorem 1. [
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