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New goodness-of-fit tests for Markovian models in time series analysis are developed which are based on
the difference between a fully nonparametric estimate of the one-step transition distribution function of the
observed process and that of the model class postulated under the null hypothesis. The model specification
under the null allows for Markovian models, the transition mechanisms of which depend on an unknown
vector of parameters and an unspecified distribution of i.i.d. innovations. Asymptotic properties of the test
statistic are derived and the critical values of the test are found using appropriate bootstrap schemes. General
properties of the bootstrap for Markovian processes are derived. A new central limit theorem for triangular
arrays of weakly dependent random variables is obtained. For the proof of stochastic equicontinuity of
multidimensional empirical processes, we use a simple approach based on an anisotropic tiling of the space.
The finite-sample behavior of the proposed test is illustrated by some numerical examples and a real-data
application is given.
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1. Introduction

The analysis of time series is often based on parametric or semi-parametric model assumptions
that must be tested in practice. An important class of stochastic processes used in modelling time
series is that of Markov type, which are described by a specification of the transition kernel,
usually involving a finite-dimensional parameter vector and possibly a partial specification of the
distribution of some innovations.

Many available tests of parametric or semiparametric models in time series analysis originate
from corresponding frameworks with independent and identically distributed data and are based
on the difference between the stationary distribution or the regression/autoregression function
and corresponding empirical counterparts. Tests proposed by Bierens (1982) and McKeague and
Zhang (1994) focus on the conditional mean function. For the autoregression function, an ap-
proach leading to distribution-free tests using a martingale transformation has been proposed
by Koul and Stute (1999). For an overview, see also Delgado and Gonzdlez Manteiga (2001).
Sometimes, the autoregression function that corresponds to a hypothetical model is not explic-
itly known, which causes problems for testing schemes based on it. More importantly, however,
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a model check based on the stationary distribution or the autoregression function is not able to
detect all types of departures from a hypothetical model. It might happen that the autoregres-
sion functions and/or the conditional variance functions of two processes are similar or identical,
whereas their conditional distributions are essentially different.

In the present paper, we derive tests of the validity of a Markov model by directly comparing
the hypothetical, model-based conditional distribution with its model-free estimated empirical
counterpart. Let X = (X;);cz be the process considered and denote by Px the law of X. Denote
by M the class of Markov processes of order less than or equal to p, that is,

M={Px:P(X;€Blo(Xs,s <1))=P(X; € B|X,—1) VB € B,Vt € Z},

where X;_| = (X;_1, ..., Xt_p)’. The problem we consider in this paper is that of testing the
hypothesis

Hy:Px e MgN' M
against the alternative
Hjy: Px € M\ My,
where My C M denotes the class of pth order Markov processes described by

Mo={Px:X;=GCX;_1,0,¢&),& ~ F.1id;0 € O, F, € F;}.

In the above notation, G : R? x ® x R — R is some known function depending on an unknown
parameter vector 0 and (&;);c7 is a sequence of i.i.d. innovations with distribution F; belonging
to some appropriate class of distribution functions denoted by F.. Note that, under the null
hypothesis, the transition kernel generating X, is known up to the finite-dimensional parameter
vector 6 and the distribution function F, of the innovations. Testing problems fitting into this
framework are discussed in Section 2. In this paper, an appropriate test statistic for the above
testing problem is obtained which is based on the supremum deviation of a fully nonparametric
estimator of the conditional distribution function Fy,x,_, from its model-based one. If Hy were
a simple hypothesis, that is, if 6 and F, were specified under Hyp, then we could consider as a
starting point for a test the deviation process given by

1 n
U0 (x, y) = NG D I 20U (X £ y) = Fag (v [ X2)],
t=1

(1.1)
(x,y) eR? xR,

where Fp,(y | X;_1) denotes the one-step transition distribution function of the Markov model
class postulated under Hp and x < y means x; < y; foralli =1,..., p. Note that U,EO) (x,y)
measures, for every point (x, y), the difference between the sample one-step transition distribu-
tion function and its model-based version under the null. As we will see in the sequel, appropriate
specifications of the function Fp,(y | X;—1) under Hy lead to useful test statistics. We consider
as important cases AR(p) or ARCH(p) processes and show that the above deviation process
can be asymptotically approximated by a Gaussian process. Note that, although My is general
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enough, it may be of interest in some applications to test more restricted versions of M. For
instance, in ARCH modelling, it is not uncommon to impose specific parametric assumptions
on the distribution F of the innovations (cf. Engle (1982) and Bollerslev (1987)). Our inference
procedure also allows for the testing of hypotheses of this type; see the discussion at the end of
Section 3.

Since the parameters of the limiting Gaussian process of the statistic considered depend on
the actual stochastic process in a complicated way, we approximate the null distribution of the
test statistic by means of a model-based bootstrap approach. For the cases considered, the most
natural bootstrap scheme is a model-based bootstrap without an additional smoothing of the
residuals, that is, a bootstrap based on i.i.d. residuals with a discrete distribution. It is known
that such processes may fail to satisfy classical mixing conditions; see, for example, Rosenblatt
(1980). However, using the alternative concept of weak dependence introduced by Doukhan and
Louhichi (1999), we are able to establish some general properties of such bootstrap schemes
which may be of interest in their own right. In a different context and for inference problems
different from those considered here, bootstrap methods related to that proposed in this paper
have been considered by, among others, Basawa, Green, McCormick and Taylor (1990), Rajarshi
(1990), Paparoditis and Politis (2002) and Biihlmann (2002).

Testing problems based on the conditional distribution function have attracted some interest
in recent years. For i.i.d. observations, specification tests of a parametric hypothesis concern-
ing the conditional distribution have been considered by Andrews (1997) and Stinchcombe and
White (1998). For dependent, mostly-mixing observations, tests based on the conditional distrib-
ution function have also been investigated by some authors. Li and Tkacz (2001) proposed a test
based on an L>-type distance between the nonparametrically estimated conditional density and
its model-based parametric counterpart. Corradi and Swanson (2001) and Bai (2003) considered
a Kolmogorov-type test. Testing problems associated with linear restrictions on the conditional
distribution function have been considered by Inoue (1999). Although some of the above ap-
proaches deal with testing problems similar to our own, none of these papers covers the more
general case described by our null hypothesis Hy. Furthermore, our analysis is based on the alter-
native concept of weak dependence, which appears to be quite important in the current context.
We investigate basic properties of model-based bootstrap approaches and, as a technical prereq-
uisite for our analysis, we prove a central limit theorem for triangular arrays of weakly dependent
random variables which does not require moment conditions beyond Lindeberg’s.

The paper is organized as follows. In Section 2, we precisely state our assumptions on the
underlying stochastic process and discuss some interesting examples of Markovian models which
fit into our testing framework. In Section 3, the test statistic used is presented and its asymptotic
behavior under validity of the null hypothesis is established. Bootstrap approximations to the
distribution of the test statistic under the null are investigated in Section 4. Some numerical
examples illustrating our theoretical analysis, as well as an application to financial data, are
given in Section 5. In Section 6, we prove a central limit theorem for triangular schemes of
weakly dependent random variables. Section 7 contains the proofs of all statistical results and a
lemma which provides the major step in a proof of stochastic equicontinuity.
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2. Assumptions and examples of processes

We assume that observations Xj_p, ..., X, from a real-valued, stationary process X = (X;)/ez
are available. The null hypothesis is that X is a Markov process of order p with a particular form
of the conditional distribution, that is, Px belongs to My N M. Recall that G:R” x ® x R - R
is some known function depending on an unknown parameter vector 6 and (&;);c7 is a sequence
of i.i.d. innovations with distribution F;. Since our test statistic below requires estimates of 6
and Fg, we must be more specific about the models to be considered and it turns out that as-
ymptotic properties must be derived in a case-by-case manner. We will focus our attention on the
following classes of processes.

2.1. AR(p) processes

Here, we suppose that, under Hy, the following condition is satisfied.

(A1) The process X = (X;);e7 obeys the model equation
X, =0'X,_1 + &, 2.1

where (¢;);e7 is a sequence of i.i.d. innovations with Ee; =0, 0 < E,st2 =02, Esf <0
and 0 = (01,62, ...,0,) € ® and

O={0eR’:1—-061z—---—0,z" #0forall z € C with |z] <1}.

In this case, the function G is given as G(X;_1,0,¢&) = 0'X;_| + &, while P(X; < y |
Xio1) = Fe(w(Xi—1, y,0)) with w(X,—1,y,0) =y — ',

It is well known that (2.1) has, under (A1), a unique stationary solution which has a repre-
sentation as a causal linear (MA(00)-) process, that is, X; = Z,‘:io okEr—k, where |ag| < KpF
for some K < oo, p < 1; see, for example, Brockwell and Davis (1991), page 85. Adapting
the proof of Lemma 9 in Doukhan and Louhichi (1999), it can be shown that (A1) implies, for
S| <. <8, <t <---<t,and arbitrary measurable functions g : R* — R, h:R" — R with
Eg?(Xy,, ..., Xs,) <00, Bh2(Xy, ..., Xy,) < 00,

|Cov(g(XS11 sy XSL,)a h(Xll ] Xtv))|

< JBg(Xyy. ... Xo )2 Lip(n)y B2 3 lawl[(k — (11 — 1) + 1) A 0],

k=t —sy,

2.2)

Furthermore, it can also be shown that, for s1 < --- <, <t] <t2, | <kj,ky < p, the following
inequalities hold true: for any measurable g : R* — R with Eg?(X sp0 005 Xg,) <00,

|€OV(g (X X, )s Xnnmto )] < Cy B2 (X o Xo )0t —t1—s, 2.3)
and, for any measurable g : R* — R with [|g[loc = sup,cg« [g(x)]| < 00,

| COV(g(X.Yl DR X.Yu)» Xll—kl Xlz—kzgll 812)' S C”g”oopmin{tl —k1—su.tr—ko—s,}> (24‘)
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where p, =,/ Z,fir |ak |, that is, a weak dependence condition similar to those in Doukhan and
Louhichi (1999) is fulfilled.

2.2. ARCH(p) processes

The class of autoregressive, conditionally heteroscedastic (ARCH) processes was introduced by
Engle (1982). In this case, our null hypothesis means that the process fulfills the following con-
dition.

(A1) The process X = (X;);¢7z is stationary and obeys the model equation

X, =\/90+91X,{1 +ot 0,X2 e, 2.5)

where 0 = (60,91,...,91,)’ e®and ©® ={0 e RPtL:0y) > 0,0, > 0,i = 1,...,p and
Zle 0; < 1}. Furthermore, (&/);cz is a sequence of i.i.d. innovations with Ee; = 0,
Ee? =1 and Ee}? < oo.

In this case, the function G is given as G(X;_1,6, &) = \/90 +91th71 4. +9pX[27p£t-
Moreover, we have that P(X; <y | X;—1) = Fo(wX;_1,y,0)) with w(X;,y,0) =
y/\/ 6o + 91X1271 + -4 9,,X,27 p- Milhgj (1985) obtained a representation of the unique sta-
tionary solution to (2.5) as X, = & - (60 - Yeoo M(1,k))'/?, where M(1,0) = 1, M(t, k) =

51 ..... a=1 M, 64,62, |——q; - (Obviously, >%_, in the second display after equation (2.1) in
Milhgj (1985) should read Hf:l .) The process ()N( )tez 1s both weakly and strictly stationary. To
deal with this process, we will exploit the following weak dependence property.

Lemma 2.1. Suppose that (A1") is fulfilled. There then exist some p < 1, C < 00, such that, for
all sy < -+ <s, <t <--- <ty and arbitrary measurable functions g:R* — R, h:R" — R
with Eg*(X,, ..., X5,) < 00 and Eh*(Xy,, ..., X,) < 00,

lcov(g(Xs, ..., Xg,), h(Xeys oo X))
(2.6)

< C\/Eg3(X..... Xy,) Lip(h)p" .

Furthermore, for sy < --- <s, <ti <t, | <kj, ky, k3, ka < p, the following inequalities hold

true: for any measurable g : R"* — R with Egz(XSl ooy Xg,) < 00,
|cov(g(Xgy. ... Xs). X} X7y (e — D) o
< C\/Egz(Xsl,...,Xsu)p”*s“ '
and, for any measurable g :R* — R with ||g|loc = SUp,cgre 18(x)| < 00,
|cov(g(Xsys - X5 Xp o X _io Xk X1t (67 — Dty = D)) 08

< ClIglloop™ .
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2.3. Markov processes driven by diffusions

At this point, we would like to explicitly mention two particular classes of processes which are
of interest in financial mathematics.

2.3.1. Vasicek model

Merton (1971) proposed to model interest rate processes by an Ornstein—Uhlenbeck process (in
continuous time),

where 61,605,603 > 0 and (W;);cz is a standard Wiener process. This model was further con-
sidered by Vasicek (1977). Assume that we observe this process at equidistant design points A¢,
wheret =0, 1, ..., n. These observations then form a Markov process with stationary and condi-
tionally normal distributed increments where, for s < ¢, E(X; | X5) =0, + (X5 — 62)e~%1=5) and
var(X; | X;5) = 932(1 —exp{—261(t — s)})/(261). Hence, introducing appropriate innovations &;,
we can rewrite (Xas)rez in the form Xa; = G(Xa@—1), 0, &), where G(Xa¢—1),0,6) =
[02 + (Xa@—1) — 02)e~ 18] + & and (&/);ez is a sequence of independent normally distributed
variables with zero mean and variance 932(1 —exp{—261(t —s)})/(261). Accordingly, the process
(Y)sez with Yy = XA, — 07 is an AR(1) process with parameter e?12 which satisfies conditions
analogous to (2.2) to (2.4) above.

2.3.2. Cox—Ingersoll-Ross model

Also for the purpose of modelling interest rates, Cox, Ingersoll and Ross (1985) proposed the
specification

dX, = 0,(6, — X,) dt + 03/ X, dW;, (2.10)

where 01, 62,63 > 0 and (W;);>0 is a standard Wiener process. Again, the values of the process
at equidistant time points form a stationary Markovian process. An explicit description of the
conditional distribution of Xa; given Xa;—1) can be found in Cox et al. (1985), page 391. In
the special case where g = 4616, /932 is an integer, it follows that the conditional distribution

of ¥; = cXa; [c =4601/(03(1 — e ?12))] given ¥,_; is noncentral chi-square with ¢ degrees of

freedom and parameter of noncentrality ¥, _je~%12.
1 X . .
Let G(A,x) = Fx§ (expl—61 A1) (x). With an appropriate sequence (&;);c7 of independent
uniform(0, 1)-distributed innovations, we can write (Y;);ez as Y, = G(Y;-1,0,¢),

0 = (01,02,03). From E|G(0,0, &)| < oo and E|G(u,0,&) — G(v,0,5)| = |EGu,0, &) —
EG(v,0,¢)| < exp{—61A}|lu — v|, it follows, analogously to Lemma 10 of Doukhan and
Louhichi (1999), that conditions such as (2.2) to (2.4) are fulfilled.

3. The test statistics and its limit distribution

Consider testing the hypothesis Hy of interest. Since P(X; <y | X;_1 = x) cannot be consis-
tently estimated in general, we construct our test statistic from cumulative versions of the hy-
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pothetical transition probabilities and model-free estimators thereof. As mentioned in the Intro-
duction, the basic idea needed to construct an appropriate deviation process is to consider the
difference between a fully nonparametric version of the one-step transition distribution function
and its parametric version postulated under Hy, that is, to consider the basic deviation process
U,EO) (x,y) given in (1.1). To specify Fp,(y | X;—1) given in this equation, that is, to specify the
one-step transition distribution function under the null hypothesis, we proceed as follows. Since
the null hypothesis is only partially specified, that is, # and F, are unknown, we replace these
unknown quantities by their corresponding sample estimates. In particular, and in order to deal
with the uncertainty introduced by the fact that 6 is unknown, we assume the following

(A2) The sequence of estimators © admits the expansion

- 1< _
0=~ D UK X3 0) +op(n” '),

t=1
where [(-, -; -) is a measurable function from R” x R x ® to R¥ with Eol(X;_1, X;;0) =
O, ...,0) and Eg[l1(X;—1, X;; 0)]|* < cc.

Note that in the AR(p) case, assumption (AA2) is satisfied with k = p, [(X;_1, X;;0) =
F;]X,_le, andI', =T',(0) =Ey (X,_1X;_1) if 6 is the commonly used least-squares or Yule—
Walker estimator (cf. Brockwell and Davis (1991)). For the linear ARCH(p) case, (A2) is,

for instance, satisfied if 9 is the least-squares estimator of 6 = (6, 01, ..., 91,)’ . In this case,
k=p+1,1X1,X:;0)=C, 'Y, 1 Y,_,6(7 — 1), where C), = C,(6) =Eg(Y,1Y,_,) and
Y= X7 . XE )

To deal with the fact that F, is unknown, we replace F, by the empirical distribution function
of estimated residuals %;, that is,

- 1 n
Fpm==3 1G <), 3.1)
t=1

where g, = w(X,, X;, 5). Note that the estimator § used is assumed to satisfy (A2). Note, further,
that instead of Fg, we can also use an estimator of F, based on centered and/or standardized
residuals like those used in the bootstrap schemes discussed in Section 4. This, however, will
result in an extra term in the asymptotic covariances of the finite-dimensional distributions of the
process U, given below.

The above considerations and the resulting specification of Fg,(-|X;—1) in (1.1) lead to the
basic deviation process

1 < ~ ~
Un(x,y) = 7 Z [Xm1 20Xy <y) = Fe(wX—1, y,0))], (3.2)
t=1

which is used in the sequel for testing the null hypothesis of interest. A basis for a test of Hy is
now given by the supremum deviation,

S, = sup |Up (x, ¥)|. (3.3)
(x,y)eRP xR
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Notice that, for any xi,...,Xk—1,Xk41,..-,Xp, Yy (1 <k < p), Up(X1,..., Xk—1, - -, Xkt1,
..., Xp,y) is piecewise constant with possible jumps at X, ..., X;,_. Furthermore, U, (x, -)
has possible jumps at X1, ..., X, and is monotonously nonincreasing between these jumps.

Hence, it follows that

Sn = max |Un(xv Y)|»
(x,y)exr
where X" = {-00,Xo,....,Xp1} x -+ x {=00,X1—p,..., Xp p} X {—00,X; — 0,
X1,..., Xn — 0, X,,, o0}; that is, it suffices to compute the test statistic by evaluating U,, on
the grid X”.

To derive the asymptotic distribution of S,, we first determine the limit distribution of
the processes U,. Let D = D(RP*!) be the space of cadlag functions on the extended
(p + 1)-dimensional Euclidean space RPH, that is, of functions which are continuous from
above and possess limits from below. It is clear that U, belongs to D with probability 1. Since we
deal with suprema of these processes, it is convenient to endow D with the supremum norm || - ||
and to prove weak convergence of the distributions in the normed space (D, || - ||). In accordance
with the discussion in Section IV.1 in Pollard (1984), we do not endow the space D with the Borel
o -field generated by the closed sets under the uniform metric since this o -field would be too rich,
consequently creating measurability problems. Rather, we use the projection o -field P generated
by the coordinate projection maps. Since S, can be written as sup(, y)eqrx@ |Un(x, y)|, itis clear
that it is (7P — B)-measurable, where B is the Borel o -field. The fact that D is not separable does
not matter in the following since the limit process U is concentrated on a separable subset of con-
tinuous functions. Consequently, we can apply the continuous mapping theorem (Theorem V.1
in Pollard (1984)) to derive the limit distribution of the test statistics. The following theorem
establishes the asymptotic behavior of S, if the null hypothesis is true.

Theorem 3.1. Suppose that Hy is true with X; = G(X;_1, 0, &) in My satisfying (A1) or (A1).
Assume, further, that (A2) is fulfilled. If n — oo, then

Uu,— U,
where U is a Gaussian process with continuous sample paths, zero mean and covariance function

C'((x1, y1), (x2, ¥2))

=Y " cov(g1(Xo, Xo; x1, y1) + g2(X0, Xo; x1, y1) + g3 (X0, Xo; X1, y1),
teZ

g1(Xi—1, X1 x2, y2) + 821, X5 x2, y2) 4+ 8341, Xi3 x2, 2))

with
81(Xp—1, Xp3 2, y) = I (X1 ) (X £ y) — Fe(w(Xi—1, ¥, 0))],

X1, X5 x,y) = 1K1, X3 0) Fe(w(z, y,0)) P*~'(dz)

{z=x}
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and

G, X x,y) = —/ [1(er <w(z, y,0)) — P(er <wl(z, y,0))]P*1(d2).

{z=x}

Theorem 3.1 and an application of the continuous mapping theorem together yield that an
asymptotically «-level test for testing Hy is given by the following rule: reject Hp if S, > #1—q 00,
where 7 _q o0 denotes the (1 — «)-quantile point of the distribution of sup, nerexr U, Y.
A bootstrap approach to calculating these quantiles is given in the next section.

We conclude this section by mentioning that testing more specific null hypotheses concerning
the transition kernel of the underlying Markov process is also possible using our approach. For
this, appropriate specifications of the basic deviation process (1.1) can be used, depending on the
specifications imposed of Fpy, (- | X;—1). Clearly, the most simple case is that of a fully specified
Markov model, that is, that of testing

HV: Px € (Px: X/1X,—1 ~ Fo(- | X,-1)} N M.

The obvious specification of U,§°> (x, ¥) which is appropriate in this case is

1 n
UMD, y) = NG S I =0U (Xe <y) = Fo(y | X—p]. (3.4)

t=1

Another example, which is of more interest in applications, is where the one-step transition
distribution function under the null depends on an unknown vector of parameters 6, but the
distribution function of the innovations is specified, that is, where

H® :Px e (Px:X,=G(Xi—1,0,), & ~ Fe i.id; 0 € O} N M.
In this case and instead of (3.2), the specification
n
@) 1 —~
UP e = DI =0 (X < y) — Fe(w(X,1,y,0))] (3.5)
=1

should be used. It can be shown, along the same lines as in the proof of Theorem 3.1, that

d . . . . L.
U,Ez) — U (2), where U@ is a zero-mean Gaussian process, the covariance function of which is
that obtained from I"((x1, y1), (x2, ¥2)) given in Theorem 3.1 after ignoring the component g3.

4. Bootstrap approximations

4.1. The bootstrap procedure

To approximate the distribution of S, under the null hypotheses, we use a model-based bootstrap
approach which employs the particular structure of the generating equation X; = G(X;_1, 0, &).
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In this context, the unknown parameter 6 is replaced by its estimator 6. Furthermore, the inno-
vations &, are replaced by pseudo-innovations generated according to the empirical distribution
function of estimated errors. In particular, the pseudo-innovations are generated using the empir-
ical distribution function

—~ 1<
Fe( == 1G =), (4.1)
t=1

where, for instance, in the AR(p)-case, & is given by & =2 — n~! Y i 1% and, in the

ARCH(p)-case, by & = &://n~! Y %% withz, =%, —n~! > &, where & is defined in
the sentence following equation (3.1).

The bootstrap algorithm used to approximate the distribution of S, under the null hypothesis
is described by the following three steps.

1. Let X§ = (X*,X’il,...,Xi‘_p) be some starting values. Given XY | = (X |, X7 ,,
-, Xj_p), generate X} by
XF=G(X;_.0.¢)),

where ¢/ are i.i.d. random variables with &} ~ I’i, where I?s is defined in (4.1).
2. Based on the bootstrap pseudo-series (X;)i=1—p2-p,...n, let Uy (x,y) be defined as

U, (x, y) and obtained by replacing 9 and I?g in U, (x, y) by 9* and I?s*, respectively. Here,

,,,,,

- l n
Fip=— 1G =), 4.2)
t=1

where &% = w(X*, X*,6%).
The bootstrap analogue of S, is now given by

Sy = sup [Uy(x,y)l.
(x,y)eRP xR

3. Reject Hy if
Sn > tik—a,oo’

where ti‘la’  denotes the (1 — a)-quantile of the distribution of S;.

4.2. Some basic properties of the bootstrap processes

The derivation of theoretical results for the bootstrap is based on a case-by-case investigation
since to establish properties such as stationarity and weak dependence of the bootstrap process,
the particular model structure generating the X;’s is explicitly used. Note that the bootstrap
counterpart to (X;)cz is the stationary (if it exists) process (X;);cz obeying the equations

X =GX |,0,¢). (4.3)
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We will see below that, in the AR(p) and ARCH(p) cases considered here, a unique solution
to (4.3) exists with a probability tending to 1.

We first deal with the properties of the proposed bootstrap procedure to approximate the hy-
pothesized conditional distributions PX:/*=1 under the null hypothesis. The following lemma
shows that the conditional distributions of the bootstrap process converge to the conditional dis-
tributions of the original process under the null and to some legitimate conditional distribution
under the alternative. This convergence takes place in probability. To formulate such results in a
transparent way, we define the following metric between distributions on (R4, B4y:

d(P, Q)= XNIiJngNQE[IIX —Y[All,

where the infimum is taken over all pairs (X, Y) with X ~ P and Y ~ Q, and where || - || is any
norm on R?. A metric similar to this (the Mallows metric) has been used by Bickel and Freedman
(1981), also in the context of proving bootstrap consistency. Convergence in the above metric is,
in particular, equivalent to weak convergence. Concerning the behavior of the estimator 6 in the
case that the null hypothesis is not true, we make the following assumption.

(B1) There exists # € © such that & —> @ in probability.

Lemma 4.1. Suppose that (A1) or (Al") and (B1) ) are fulfilled. Assume, further, that the density
fe=F, of e; is bounded, where e, = w(X;_1, X;, 0). Then, for every compact set K C R”,
Supd(PX;klx;ll:x, Pe_Xt\Xt—lz,r) _P) 0.

xekK

According to the above lemma, the asymptotic limit of pXIXL depends on whether the
underlying hypothesis is true or not. In particular, pXIE converges to that of the Markov
process generated by X; = G(X;_1, 0, er), where the innovation sequence has distribution F,. If
Hy is true, then 8 = 0 and F, = F,. Note, however, that Px+ € M, where Px+ denotes the law
of X* = {X[, t € Z}, even if the null hypothesis is not true. This is important for a good power
behavior of the bootstrap-based test.

The following lemma is the key step in proving consistency properties of Markov bootstrap.
It basically states that convergence of the conditional distributions implies convergence of the
stationary distributions.

Lemma 4.2. Suppose that (Y;);cy, and (Yt(”))tez, n € N, are stationary Markov processes of
order p, defined on probability spaces (2, A, P) and (2, An, Py), respectively. Suppose that

() for all compact sets K C RP,

(n) v, (n) (n)
YooY, =y Y=y = =y
Supd(P,,t -1 t=p p’Pyllthl ViseesYi—p )p) s 0;
yek n—00

(ii) forall y e R?,

sup d(PYt\YI—II)’Iw-»Yt—p:)’p PYr|Yt—l=?1’--~,Yr—p=37p) > 0:
b 9
Flly-yli<s =0
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y™ o
(i) (Pn" Jnen is tight;
(iv) there is a unique stationary distribution PY\+Yr that corresponds to PYi

Then, for all k € N,

|Y1—1~,-~-’Yr—p'

— pliTe, (4.4)
By Lemmas 4.1 and 4.2, we obtain the following result which shows the convergence of the
finite-dimensional distributions of the bootstrap process to the desired joint distributions under
the corresponding null hypothesis.
Corollary 4.1. Suppose that the assumptions of Lemma 4.1 are satisfied. Then, for all k € N,
d(PXf*""’X;:rk, Pngw-,XHk) N 0.

.....

generated by X; = G(X;_1, 0, e;) and where the i.i.d. innovation sequence satisfies e; ~ F,.
Our next result deals with the weak dependence properties of the bootstrap processes.

Lemma 4.3. Suppose that the assumptions of Lemma 4.1 are satisfied. There then exist sets 2,, C

R"*P such that P((X1—p,....Xy) € Qn)njo)ol and, for any sequence (wp),eN With w, € 2,
(X})iez satisfies (conditionally under (Xi—p, ..., Xn) = w,) conditions of weak dependence

analogous to (2.2)—-(2.4) and (2.6)—(2.8), respectively, with coefficients of weak dependence that
can be majorized by a geometrically decaying series.

4.3. Bootstrap validity

Based on the basic properties of the bootstrap procedure stated in the previous section, we are
now able to justify asymptotically its use in obtaining critical values of the test statistics S,. As
in (A2), we assume the following.

(B2) The sequence of estimators 6* admits the expansion
1 n
0 —b=- DI X 0) +op(n ),
t=1

where I(-; -) satisfies E*I(X* |, X*;8) = 0 and E*||[(X*_,, X*;0)|2 = Op(1).

t—1° t—1
The next theorem establishes the asymptotic limit of U, which is used to evaluate the distribution
of the test statistic .S,, under the null hypothesis.

Theorem 4.1. Assume that (A1) or (A1") as well as (B1) and (B2) are fulfilled. Suppose, further,
that f. = F) is continuous and f,(z) —i> 0, where F, denotes the distribution function of e; =
7—> 00
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w(X,_1, X;,0). There then exist sets £~2n C RP* such that P((Xl_p,...,X,l)/ € 52,,) — 1
n—>oo

and, for every sequence (wy)neN With w, € ﬁn, we have (the bootstrap distribution is taken
conditionally under (X1—p, ..., X,) = w,)

vr-LT

as n — 0o, where U is a Gaussian process with continuous sample paths, zero mean and covari-
ance function

T((x1,y1), (x2, ¥2))

= cov(g1(Xo, Xo; x1, y1) + 22(Xo, Xo; x1, y1) + 83 (Ko, Xo3 X1, y1),
teZ

11, Xos x2, y2) + 82Xty X3 x2, v2) + 83(Ke—1, X1 %2, y2)),

and E(Xt_l_,X,;x,y) is defined for i =1,2,3 as gi(X;—1, X;; x,y) in Theorem 3.1, with 6
replaced by 6 and F by F,.

Note that if Hy is true, then U = U since @ = 0 and F, = F¢. In this case, the limiting behavior
of the bootstrap statistic S;; is identical to that of the statistics S, given in Theorem 3.1. On the
other hand, if Hj is not true, then t{"_ w00 > € AS L —> 00, where ¢ denotes the (1 — «)-quantile
point of the limiting distribution of sup(, ,)crpxg |U (x, y)|. In this case, n~'/25, — C in prob-
ability, where C denotes a positive constant. Therefore,

lim P o ) o, if Hy is true,
im >t = ) .
n—oo T Tl-aeo 1, if Hj is true,

that is, the test based on the bootstrap critical values ti*ﬁ;oo asymptotically achieves the desired
level « and is consistent.

We conjecture that our test has nontrivial power for local alternatives converging to the null
at a 4/n-rate. To illustrate this, consider the simple case of a fully specified null hypothesis Ho(l)
and sequences of local alternatives corresponding to Markov processes having one-step transition
distribution functions given by

1
Fy(1Xi21) = Fo(-1X—1) + EH(', Xi—1),

where H (-) is an appropriate function satisfying

1 n
;Zl(Xz—l =x0)H(y,X;—1) > D(y, x) #0 (4.5)

t=1
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in probability as n — oo. In this case, the corresponding deviation process U,gl)(y, x) can be
decomposed as

l n
U (v, %) = T DI 20U (X, < y) — Fa(0X-1)]

t=1

l n
+ D I < OH G, X,

t=1

from which (taking into account (4.5)) the desired result will follow by showing that

~ 1 &
U (y,0) = NG Y I 20U (X, <) = Fu(1Xi-1)]

t=1

converges to the same Gaussian process as the process (3.4).

5. Numerical examples

Example 1. The test statistic S,<,2) = maX(y,y)exn |U,§2) (x, y)| is applied to test the hypothesis
that the underlying process obeys the ARCH(1) structure

X, =./60 +91Xt2_1<9t

with independent and standard Gaussian-distributed errors. Three different sample sizes, n =
100, 200 and 400, have been considered. The parameters of the process have been set equal
to 8gp = 0.1 and 67 = 0.4. The results obtained are based on the least-squares estimator of 6y
and 6. Table 1 presents the empirical rejection probabilities. To investigate the power of our test
procedure, different types of alternatives have been considered. One alternative to the hypothesis
of an ARCH(1) process with Gaussian errors is where the distribution of the innovations is given

Table 1. Empirical rejection probabilities for testing the hypothesis of an ARCH(1) model

H{Y TRUE:  H{” FALSE:

ARCH(1) ARCH(1) ARCH(2)  GARCH(I,1)  SV-Model
o e ~N(O,1) & ~ 15 0,=0.4
n=100 005 0.064 0.202 0.190 0.151 0.460
0.10 0.109 0.310 0.278 0.235 0.660
n=200  0.05 0.041 0.281 0.295 0.225 0.775
0.10 0.115 0.415 0.402 0.345 0.871
n=400 005 0.046 0.485 0.515 0.366 0.980

0.10 0.112 0.671 0.635 0.495 0.991
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by & = n:+/(v — 2)/v, where (1;)s¢z is an i.i.d. sequence of z-distributed random variables with
v degrees of freedom. We also investigated the power of our test for the case where the true
process is an ARCH(2) process with additional parameter 6, = 0.4, a GARCH(1, 1) process
X; = o;&; with 0,2 =0.084+0.7X 37] + 0.20371 and the simple stochastic volatility (SV) model
X; =exp{h;/2}e; and hy = —0.940.6h;_| + w;, Where w; is a sequence of independent standard
Gaussian random variables.

Example 2. Using the test statistic S, the hypothesis of interest is that the underlying process
is an i.i.d. process with standard Gaussian- or uniform-distributed innovations. The alternative
considered to this null hypothesis is that the underlying process is a first order autoregressive
process X; = 06X, + & with & ~ N (0, 1) and three different values of 6. Table 2 presents
the empirical rejection probabilities of S, for testing the corresponding null hypothesis based on
sample sizes of length n =25, n =50 and n = 100.

The results presented in Tables 1 and 2 are based on 200 replications of the underlying process,
where, for each replication, critical values of the test have been obtained using 500 bootstrap sam-
ples. Although computational requirements prevented us from considering larger sample sizes,
more trials, more bootstrap replications or more complicated models, the results obtained are
very encouraging. In particular, and as these tables show, the test statistic retains the desired
size under the null hypothesis and shows a very good power behavior for the different types of
alternatives considered.

A real-data example. We apply our testing procedure to the first n = 2000 observations of the
monthly log-returns of the Intel stock series analyzed in Tsay (2005). Tsay (2005), page 109,
selected, for this series, the ARCH(1) model

r=00174+X,,  X/= \/0.0134 +0.2492X7 e,

with standard Gaussian-distributed innovations &;. For this model, the value of the test statistic
S,(,Z) = maxy, y)exn |U,E2) (x, ¥)| equals 15.025, while a bootstrap estimate of the upper 5% per-

Table 2. Empirical rejection probabilities for testing the hypothesis of an i.i.d. sequence

HY TRUE: H{” FALSE:
& ~N(©,1) e~ U(—=/3,V/3) 0=02 0=04 0=06
n=25 0.05 0.075 0.081 0.105 0.330 0.625
0.10 0.152 0.161 0.268 0.485 0.740
n=50 0.05 0.041 0.058 0.170 0.585 0.889
0.10 0.104 0.105 0.270 0.709 0.925
n =100 0.05 0.062 0.069 0.305 0.834 0.995

0.10 0.115 0.118 0.455 0.925 0.998
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centage point of the distribution of the same statistic under the null equals 1.501. This percentage
point has been estimated using B = 1000 bootstrap replications. Our testing procedure therefore
leads to a rejection of the above ARCH(1) model for the Intel stock series. Note that standard
methods, based on residuals, for checking the fit of the above model do not indicate any inade-
quacy of the fitted ARCH(1) model in describing the conditional heteroscedasticity of the data;
see Tsay (2005), page 111, for details.

6. A central limit theorem

The first central limit theorems for weakly dependent sequences were given by Corollary A in
Doukhan and Louhichi (1999) and Theorem 1 in Coulon-Prieur and Doukhan (2000). While the
former result is for sequences of stationary random variables, the latter one is tailor-made for
triangular arrays of asymptotically sparse random variables as they appear with kernel density
estimators. Below, we state a central limit theorem for general triangular schemes of weakly
dependent random variables. An interesting aspect of this result is that no moment condition
beyond Lindeberg’s is required.

Theorem 6.1. Suppose that (X i)k=1,...n, 1 €N, is a triangular scheme of (row-wise) station-
ary random variables with EX,, = 0 and Eszl « < C <oo. Furthermore, we assume that

1 n
- § EX; I (IXnkl/v/n>€) — 0 (6.1)
n n— 00
k=1
holds for all € > 0 and that
var(X, 1 4+ X,,,n)/nnjgoaz € [0, 00). 6.2)

For n > ng, there exists a monotonously nonincreasing and summable sequence (0,);eN Such
that, for all indices 1 <s1 <s2 <--- <8, <S$, +r =1 <t <n, the following upper bounds
for covariances hold true: for all measurable and quadratic integrable functions f :R* — R,

|€OV(f Koy 2 Ko Xl <V ES2 Koo X )6 6.3)
and for all measurable and bounded functions f :R"* — R,
leov(f (Xn,sps -y Xns)s Xty X)) S S llooBr s 6.4)
where || flloc = Sup, g | £ (0)I. Then,

1

“ e d 2
ﬁ(Xn,l + + Xn.n) —>N(070 ).
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Proof. If 02 =0, then we obviously have that ﬁ(){n,l +--+Xun) LN N (0, 0). Therefore,

it remains to prove the assertion in the case o> > 0, which we assume in the rest of the proof. Let
Yok = Xnk/VEXn1 + -+ Xp.0)2 In view of (6.2), it suffices to show that

Yn,l +- 4+ Yn,n i> ./\/(O, D). (65)

To prove this, we use the classical Lindeberg method which was first adapted to causal CLT’s by
Rio (1995).

We set 0,12 =var(X,1 + -+ + Xyun) = nvar(X,,1) + 221 1(n — j)cov(X,, 1> Xn,j+1)
and vy g =var(Y, 1 + -+ Ypi) —var(Yy 1 + -+ Yyk—1) = (var(X,1) + 2ZJ 1cov(Xn 1,
X,,,H]))/onz. We obtain, by | cov(X, 1, Xn,j+1)| < C9;, that

vk — 1] < = (Z;@ +Z(n—]>9 )

Since, by majorized convergence, Z —1(j/n)o; i =2 0 and Z k9] -2 0, it follows that there

exist kg, ng € N such that
Vnk >0 for all (n, k) withn > ng and kg <k <n. (6.6)

To simplify the notation in the rest of the proof, we pretend that (6.6) holds for all (n, k) with
n>1and 1 <k <n. (Otherwise, we start with ng and sum the first kg — 1 random variables in
each row to a new random variable, Y, 0 =Y, 1 + - -+ + Y; x,—1. We then prove the assertion for
the sums Y, 0+ Y ko + -+ + Y n')

Let h:R — R be an arbitrary, three times continuously differentiable function with
1A 0o =: Cj <oo, j=0,...,3. Furthermore, let Z, x ~ N (0, v, %), k =1,...,n, be inde-
pendent random variables which are also independent of (Y, x)k=1,...n. Since v, 1+ -+ vpn =
1, it follows from Theorem 7.1 in Billingsley (1968) that it suffices to show that

Eh(Yn,l + -t Yn,n) - Eh(Zn,l +---+ Zn,n)njo)oo- (67)

We define S, x = le‘;} Y, jand T, = Z’}ZH] Zy,j. Then,

n
Eh(Yn,l +---+ Yn,n) - Eh(Zn,l +--- 4 Zn,n) = Z An,k’
k=1
where

An,k = E[h(Sn,k + Yn,k + Tn,k) - h(Sn,k + Zn,k + Tn,k)]~
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_ A _A@
We further decompose A, ; = An’ % An’ » Where
1 ”’k 2)
Ak =Eh(Spk+ Yok + Tok) —Eh(Suk + Tux) — =BT (Spk + Tk,
2
ALk = BASui+ Zn+ Tu) = ER(Sut+ Tt = —ZERD (S Top).

We will show that

ZA@ fori =1,2.
I‘l—)OO

(i) Upper bound for | Y }_, A(z el
Since EZ,, (b’ (Sp.x + Tn,k) 0, we have, for some random pj, ; € (0, 1), that

2,
A% =2 5 TP (Spk + Pnk Zuk + Tu) = hP (Spi + Tn)]-

Hence, we obtain that

n
2
> A
k=1

n
3
< = ) ElZuil?
k=1

(6.8)
< 2EIJ\/'(O DJ? max {Vvni} — 0.
-2 ’ 1<k<n S 0
(i) Upper bound for | >y _, A(l il
Let € > 0 be arbitrary. We w1ll actually show that
n
Y all<e  foralln=n(e). (6.9)
k=1

We have, for some random 7, € (0, 1), that

2

A = EYukh (Suk + Tu) +E[ KR (Sp i+ tai Yok + T k)]

V.
ZEERD (S, 4 + Toi)-

Since EY), xh' (T, k) = 0, we have, again for some random fu,, ., j € (0, 1), that
k—1
EYn,kh/(Sn,k + Tn,k) = ZEYn k[h/(Sn,j-‘rl + Tn,k) - h/(Sn,]' + T"vk)]
j=l1

Z nkYn/h()(Sn/+ﬂnk/Ynj+Tnk)
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This yields, in conjunction with

k—1
vak =EY; + ZZEYn,kYnJ,
j=1
that

k—d
1
A =S EY iV [0 (S + s Ynj + Tuk) — ERP Sy + T
Jj=1
k—1
+ Z EYn,kYn,j [h(Z) (Sn,j + Mn,k,j Yn,j + Tn,k) - Eh(Z) (Sn,k + Tn,k)]
Jj=k—d+1
+ 3EY ( [1P (Sne + Tk Yok + Tui) — BRD (Sp i + T
= ALD L ATD L ALY

say. (The value of d does not depend on n and its proper choice is indicated below.)
We now have, by (6.3), that

Al 1>|<Z EYr%kO(\}_)Qk j=0( ‘Ze)

By choosing d sufficiently large, we obtain that

6

(1 1) - for all n > n(e).

(6.10)

The term A;{;{z) will be split up as

k—1
1,2
AT =Y BV [P S+ ke Ya + To) — 0P (Snjoa + Tui)]
j=k—d+1
k—1

> EYukYu [hP Snjmd + Tos) —ERP (Syj—a + Tu)]
j=k—d+1

k—1

+ > EYakYu [EAP (S ja + Tus) —ERP (Spx + Thi)]
j=k—d+1

A(1 2,1) +A§l{}€2,2) +A;l’;(2’3),
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say. The Lindeberg condition (6.1) yields that, for arbitrary €’ > 0,

n
(1,2,1)
DAk

k=1
n n k—1 n k—1
<2C; | Y BV 0(Yaxl>€) | D > EY2,+¢€ > Y EYZ,
k=1 k=1 j=k—d+1 k=1 j=k—d+1

n _

2
Z Z E[h(2)(sn,j + Mn,k,an,j + Tn,k) - h(2) (Sn,j—d + Tn,k)]
k=1 j=k—d+1

=o0(1) 4+ O(€).
Using condition (6.4), we obtain that
|A"2P] = 0(n1dgy).

From the monotonicity and summability of the sequence (6x)xen, it follows that d6, d—) 0.
—00

Furthermore, the relation
A(l 2,3) O(n—3/2)

is obvious. Again, for sufficiently large d, these upper estimates yield that

6

Ul <> foralln>n(e). 6.11)

Finally, we obtain, in complete analogy to the calculations above, that

ZA“ 3 0, (6.12)
’ n—oo
k=1
which completes, in conjunction with (6.10) and (6.11), the proof of (6.9). U

7. Proofs of auxiliary lemmas and main results

Proofs of some of our main results are given in this section, while, for some others, we stress
only the essentials. More details, as well as the proofs of Lemma 2.1 and Theorem 4.1, which
are omitted in the sequel, are given in Neumann and Paparoditis (2005).

There has been much effort made in the literature to prove stochastic equicontinuity, often as a
sufficient condition for tightness, of families of multivariate processes. For a family of processes
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(Xn)nen with sample paths in C ([0, 1]7), one seeks to show that, for all § > 0, > 0, there exists
an ¢ > 0 such that

P(ws(Xy) >8) <n Vn > ny, (7.1)

where the modulus of continuity is defined as w. (x) = SUP|s_r|<e |x(s) — x(t)|. For a family of
processes on R?, one can either transform them to processes on [0, 1] or one can alternatively

show that, for all § > 0, 5 > 0, there exists a grid G = {b", ..., b\)} x - x (B, ..., b\")

with —oo =h{" <-- <b\) =00, r =1,..., 4, such that
P( _max sup 1 Xn (1) — Xn(b(D)] > 5) =, (7.2)
1Sitig <M p(i—1)=<1=b(0)

for all n > ng. Here, and in the following, we use the notation i = (i1, ...,ig), t = (f1,...,1,)
and b(i) = (b, ..., bi(j)).

It has been shown, for example, in Pollard (1984), Theorem 3 in Section V.1, that (7.2) and
the weak convergence of finite-dimensional distributions of X, to those of a process X with
continuous sample paths together imply that (X,), <N converges in distribution (with respect to
the supremum norm) to X. (Pollard actually proves this for processes on [0, 1]; the extension to
processes on RY is, however, obvious.) An obstacle to proving (7.2) arises since the supremum

over an infinite set is involved. Therefore, one often proves, instead of (7.2), that there exists
@D Y] (9) ()

a sequence of increasingly fine grids, G, = {tn 1reves tn’Mn} X oor X {tn’1 AU tn’Mn}, such that
G <G, and
P( _max sup [ X5 () — Xy (B(D)] > 8) <n (7.3)
=it ig =M €@, ib(i—14)<12b()

holds for n > n¢, and then derives (7.2) by continuity and monotonicity arguments. With a slight
abuse of terminology, we also call property (7.2) stochastic equicontinuity and (7.3) stochastic
equicontinuity on the grids G,,.

In the following, we provide a simple proof of (7.3) based on an anisotropic dyadic tiling of
the space. Such an anisotropic tiling has previously been used in the proof of Proposition 7.3
in Rio (2000), page 100ff. This proof constitutes an alternative to the commonly used approach
based on Bickel and Wichura’s (1971) fluctuation result for their modulus of continuity M”, and
to an approach based on an isotropic tiling of the space proposed by Neuhaus (1971).

Lemma 7.1. Let (X,,(¢)):cra be a sequence of real-valued stochastic processes. For any hyper-
rectangle B = (s1,t1] X - -+ x (84, 4], the increment of X, around B is given by

X, (B) = Z (= DI~ T T X (51 4 e1(t1 — 51D, -+, g + 84 (1g — 59))-
(e1,....64)€{0,1}4

We suppose that there exists a sequence of measures (fiy)neN on (RY, BY) with continuous mar-
ginals which converges weakly to a finite measure |, also having continuous marginals, and

E[X,(B)]* < [un(B) + Cn 91" (7.4)
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for all hyperrectangles B and some y > 0, C < 00. Let § and n be arbitrary positive constants.

There then exists a coarse grid G = {bél),.,,,bﬁfl)} N, {b(q)““’bgg)} with —o0 —
b(()r) << b(r) =00 (r=1,...,q) and a sequence of fine grids G, = {tr(l};7 N 'Ell)w b
x {tr(zl,il)’ cees ,Eq;u } with G C G, such that
(R (1)t X RITT) <2u@®Dn™ k=1, My Vr=1,....q (15
and
P( max max [ X () — X (B(D)] > 5) <7 (7.6)
1<iy,onig <M 1€G,:b(i—14) <t <b(0)

holds for all n > ng, where ng is sufficiently large.

Remark 7.1. As already mentioned in the discussion after Theorem 3 of Bickel and Wichura
(1971), it is possible (and, for the bootstrap processes, important) that the measures p, are al-
lowed to depend on n. The term n~7 in (7.4) cannot be avoided in our context; see, for example,
(7.15) in the proof of Theorem 3.1 below. Because of this term, we obtain stochastic equiconti-
nuity in a first step only on a grid with cardinality of M, = O (n9). In our applications, stochastic
equicontinuity over the full space will then follow from monotonicity and continuity properties
of the processes involved; see step (i) in the proof of Theorem 3.1 below.

Proof of Lemma 7.1. (i) Dyadic systems of grid points. First, we define dyadic systems of grid
points. At the coarse scales, their choice is tied to the measure 1. Let F) be the rth marginal
cumulative distribution function of w, that is,

FO ) =pn(R ™" x (=00, x] x RI™").

For an appropriate Jy € N to be determined in part (iii) of this proof, we define, forr =1, ..., g9
and 0 < j < Jp,
—00, if k = 0,
b =1 FOT 2 inRe)),  if 1<k <2/,
00, ifk =2/,

We choose M = 2% and b\ = b(J:))k.
At the finer scales, with index j > Jop, the grid points are chosen according to (,,. We set

F{D(x) = (RFI x (—00,x] x R?7")

and choose, for j = Jo + 1,...,J, with 2/»=1 < n < 2/n, grid points as follows. For [ €

J Ji (r) (r)
{0,...,2°0 —1}and k € {1, .. 2/ 0}, we define b J2i—do 4k = bj,lzf—~’0+k(n) such that

() () _
' (b/ 127- f0+k(”)) -

k
= [F By 1) — by )]
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(Again, we set b%(n) = —o0 and bﬁr; (n) = 00.) We set M, =27 + 1 and t,(lr{ = b(J:),O’ o

tﬂuﬂ = b(J;),zjn (r=1,...,q). That is, the fine grids are given as G, = D . x G where
=60 b 0,
Since u, = u, we have, forallr=1,...,¢q,l=1,..., 2% and n > ng with ng sufficiently

large, that

1 (R x (b%{l_l, bP ] x RIT) <2p (R x (b(Jf){,_l, b ] x Ry =21~ (),
This implies that
i (R4 x (b;f,)(_l , bj.f,{] x RI7T) <2177 (RY) (7.7)

forallr=1,...,q,j=Jo+1,...,Jn, k= 1,...,27 and n > no, that is, (7.5) is satisfied.

(ii) A probabilistic bound for the increments of X,. To simplify notation, in the sequel, we
use multiindices j = (ji, ..., jy) and k = (ki, ..., ky). For (j, k) from the set B, = {(j, k):0 <
jr <27 1 <k, <27 ¥r}, we define the hyperrectangle

—_ (5D (€Y) (q) (q)
BLK_(%LM—thh]X'”X(h@@—hhm@}
We choose any « € (0, y/4) and define the thresholds

)»j — Kz—ot(j1+-"+jq)/q’ (7.8)

where K will be chosen below. From (7.7) and 27" < 2n we obtain that

pn(Bj i)+ Cn=7 < Cy min (270} < 27Ut v(j k) € B,

<r=q

Therefore, we obtain, by Markov’s inequality, that

[ (B 1) +n~9]'F7
P(IXn(Bjo)l = 1) = K4 2—daGi+—+ip/q

< (,un(Bl,lg) + n_q)K_4Ci/2(j]+"'+jq)(4"‘_7)/q.
This implies that

P(|Xn(B) )| > 4, forany (j, k) € B,)

Jn
< (ua(RY) 4+ 2Map~ )k 4y N Ut emn/a (7.9)
j1,~-~»jq=0
<,

for n > ng, provided the constant K in (7.8) is large enough.
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(>iii) Stochastic equicontinuity of X, on the fine grid. Now, assume that
[ X, (Bj ) < Aj forall (j,k) € By. (7.10)

Moreover, let t € G, and i be such that b(i — 1,) <t < b(i). There then exist hyperrec-
tangles Bj(l),k“)’ . Bj(L)yk(L) with different scale indices i’(l) and (i'(l),k(l)) € B, such that

max|<r<g jr(l) > Jo and

L
xix <bOI\ {x:x 2t} =B, 40 (7.11)
=1

Accordingly, X, (b(i)) — X, (t) = ZIL:I Xn (Bj(’),k(’))’ which implies that

L Jn Jn
RAGES A EDIPIIES I B S A (7.12)
=1 J1=J0 j2,eer jqg=0

Now, choosing Jy € N such that KqZ_JO“/q(l/(l —27%/9))7 < §, we obtain that
| Xn () — Xn(b@)| <6

holds for all i and ¢ € G, with b(i —1,) <t < b(i), whenever (7.10) is fulfilled. This, however,
implies, in conjunction with (7.9), that (7.6) is satisfied. O

Proof of Theorem 3.1. We apply the method of proving weak convergence for processes de-
scribed by, for example, Wichura (1971), Proposition 1 and Pollard (1984), Theorem 3 in Sec-
tion V.1. To this end, we will prove (i) stochastic equicontinuity of (Uy),en and (i) weak con-
vergence of the finite-dimensional distributions. From step (i), we can identify the prospective
limit process U as a centered Gaussian one. Because of the complicated covariance function,
we cannot immediately see that U possesses a version with continuous sample paths. However,
steps (i) and (ii) together imply that there is a version of U which inherits the property of sto-
chastic continuity from the processes (U,),enN. Having this, it is then easy to conclude that this
process has continuous sample paths with probability 1. These facts together yield the desired
convergence of (Uy,)yento U.

(i) Stochastic equicontinuity of (Uy)nen. We set ¢ = p + 1. We will show that there exists,
forany 8 >0 and 7> 0,a grid G = (b{", ..., b3} x - x (b, ..., b} with —o0 = b <
b’ <.+ <by) =00 (r=1,....q) such that (with b(i) = (b}, ..., bg’))’)

P( _max sup |Un (1) — Un (b)) >8) =n. (7.13)
=it ig <M 1 eRY:b(i—14)<1=<b(i)
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We decompose U, (x, y) as

1 n
Un(.y) = —= D I 20U (X < y) — Few(X;-1, y,0))]

+TZI(Xt 1 < 0[Fe(w(X 1, y,0)) — Fe(w(X;_1,y,0))]
= (7.14)

1 n
\/—ZI(Xz | 2 OFe X1, 9.0)) — Fe(w(X,-1,y.0))]

= RV (x, ) + RP (x, ) + RO (x, y),

say. It is now most convenient to prove stochastic equicontinuity for R,(,l), R,(lz) and R,(13) sepa-
rately. We will give all details for R,(,l) and refer to Neumann and Paparoditis (2005) for more
details regarding R,(,z) and R,(,3). For any hyperrectangle B = By x By = (s1,11] X -+ X (84, 4],
denote by

1 n
R\ (B) = N D 1K1 € BOU (X € By) — P(X; € By | X;_1)]
=1

the increment of R,(,l) around B. We will first show that, for all y € (0, 1/g), there exists some
constant C), < oo such that

E[RV(B)]* < €, [PF1-X¢ (B) 4 =171+ (7.15)

Let gp(X,_1, X;) =1 (X,_1 € By)[I (X, € By) — P(X, € By | X;_1)]. Note that, for sufficiently
integrable random variables Y7, ..., Y4 with EY; =0, the relations
EY1--- Y4 =EY1Y2-EY3Y4 4+ cov(Y1Ya, Y3Yy)
= cov(Yy, Y2Y3Ys)
=cov(Y1Y2Y3, Y4)

hold true. Since gp is a bounded function with Egp(X;_1, X;) = 0, we consequently obtain
that

4!
ERVB] <= > Elgn(_1. X0) g8 Kpum1. Xo]|

H=Bh=I3=l4

n—1 2 n 1
{[Zcrz(B)} += Z(r+1) c,4(B>}

r=0 rO

S

(7.16)
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where
Cr,q(B) = max sup |COV(gB(X;1_1,th)~~-gB(Xtm_1,Xtm),
l=m=q=1 (. 1)eT; 4 (m)
gB(Xtm+1—1, Xtpir) gB(th—l, th))|
and
Ty q(m) = {(tl,...,tq):lftl <...<tg<n, max {tj11 —t;j} =ty —tny =r}.
1<j=<q-1

(Inequality (7.16) is similar to inequality (2.14) in Doukhan and Louhichi (1999), the only dif-
ference being that the ‘3’ is absent there.)
For small values of r, we use the simple estimate

Crq(B) <Elgp(X;_1, X;)| < 2P%-1:X1(B), (7.17)

For large values of r, we intend to exploit the weak dependence of the process (X;);cz in order
to show that C,,(B) gets small as r increases. Since gg is not Lipschitz, we define smooth
approximations to gg,

gsf(x,y)=:/uw600g3+ﬂ(x,y)du,

where (w¢)e>0 is a family of nonnegative functions with supp(we) C {u = (u1, ..., upy1) i u; >
Oand ||ull;, <€), [we)du =1 and ||we|loo < Ce™9. Since Lip(gp.e(u1) - - gB.e(tm)) < m -
Lip(gp.c) = O(1/€), we obtain, by (2.2) or (2.6), respectively, that

| COV(gB,G(Xt]—lv Xt]) o 'gB,é(Xtm—l ) Xtm)7
8B.e(Xi, 1 —15 Xipiy) - 8B, (Xy 1, Xi)) | (7.18)

prr
—

<C

Since |x1---xg — Y1+ Ygl < Z?zl |x; — yi| for all real numbers x;, y; € [—1, 1] and, by Lip-
schitz continuity of Fy,

Elgp(X;—1, X;) — gB,e Xi—1, X1)| < Ce,
we obtain that
| COV(gB (Xﬂ—lv Xt]) Y] (Xtm—lv le)v
8B (szﬂ—l, Xt,,,+1) T gB(th—l, th))
—cov(gp,e X¢ -1, X1) - - 8B, Xy, -1, X1,), (7.19)

gB,e(Xth—l, le+1) : "gB,e(th—I: th))|
< Ce.
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From (7.17) and (7.18) and (7.19) with € = p”~P)/2 we obtain that
Crg(B) < C(PE-1%1(B) A p™P2),

which implies, by (7.16), inequality (7.15).
From (7.15), we conclude, by Lemma 7.1, that there exists a coarse grid G = {b(()l), e, bgvll)} X
cee X {b(()q), s b;,q,)} and a sequence of fine grids G, = {+") ) @) @

(1
~ 92 n,l""’tn,Mn}X“'X{tn,l""’tn,Mn
with G C G,, such that
(r) (r) -1
FX(tn,k) - FX (tn,kfl) = Cn

and

) W) (p i S\ _n
P max _ max |[R©V() — RV > - ) <= (7.20)
Vit <M 1€Gyib(i—14) <1=b() 6/ 6

for all n > ng and ng sufficiently large.
To extend property (7.20) to the whole space, we employ a simple monotonicity argument. For

t with t,(:i)r_l <t < tr?:i), Vr, we have the inequalities
1 (D) (q)
Rn (tn,il—l""’tn,iq—l)

R~ ( |
- ﬁ Z[I(Xt_l = (tigi)l’ T tn{ji)p))P(Xt = tr(z{?i:rl) | Xt_l)
t=1

- I(Xt—l j (t(l) e t(p) ))P(Xt < t(p+l) | Xl‘—])]

n,i;—1° > nyip—1 — myipy1—1
S R;gl)(tls "-9tq)
1 n
—n n,y’ " 'n,i :
! \/ﬁ t=1

It follows from the Bernstein-type inequality for weakly dependent random variables, from
Kallabis and Neumann (2006), that

1 & b . : n
P<ﬁ§[..~]>gforany(zl,...,lq)>58. (7.21)
(7.20) and (7.21) together yield that
(1) Wil S) <™
P max max IRV@) —RV@GE)|>=< ) <5 (7.22)
1<iy,eig <M t€R9:b(i—1 i) =1 =b(D) 3 3

for all n > ny.
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Furthermore, we can also prove property (7.22) for the processes R,(f) and R,(f), possibly with
other coarse grids G and G. This yields property (7.13) for the grid G, which is the combination
of the grids G, G and G.

(ii) Weak convergence of finite-dimensional distributions. Let k € N, (x1, y1), ..., (Xk, yx) €
R?” xR and cy, ..., cx € R be arbitrary. By the Cramér—Wold device, it suffices to show that
k k
d
> eUn(xr, 1) —>N(o, > cemT (G, ), <xm,ym)>). (7.23)
I=1 I,m=1

According to (7.14), we can show that
Un(x,y) = IZ[gl(X, XX, ) 4+ g3 (K, Xos x, )]+ op (D).

Moreover, it follows from (2.2)—(2.4) and (2.6)—(2.8), respectively, that the triangular scheme
(Zn,)i=1,..n With Z,, ; = ZLl clg1 X1, Xoy x, y) 4+ - -4+ 83(Xy—1, Xy; X7, y1)] satisfies con-
ditions (6.1)—(6.4) of the central limit theorem in Section 6. (Note that the function g{(-, -; x, ¥)
is discontinuous; we must use an approximation by a smoothed version, as above, for checking
(6.2) to (6.4).) Hence, (7.23) follows immediately from Theorem 6.1.

(iii) The limit process. According to (7.13), there exists a sequence of grids GV =

B0 b b BB Y with —co = b < < b)) =0 (r=1.....9)
and GV+D ¢ Q(N) VN e N such that
P< max sup |Un(t) — Uy (b (N)(l))‘ > —) l (7.24)
1Sl SMN yeRap) (1—1,) 2160 () NN

for n > ny and ny sufficiently large.
Let G( = U Q(N ) Kolmogorov s consistency theorem ensures that there exists a real-
valued stochastic process U on G with finite-dimensional distributions

Un) T(t,t1) - T, 8)
S et JUS Do
U (1) T, ) - Tt i)

It follows from the weak convergence proved in step (ii) that U inherits the continuity property
from the processes (U, ),eN, that is, we have that

1
pM)
P(thmax max |U(t) ( (t))| N>

Sitsenig <MN 1eGNDpMN) (1—1) <1 <bW) (i)
(7.25)

<

1 !/
<— VN'=N.
N
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By continuity from below of the probability measure P, this implies that even

~ ~ 1 1
P( max max U@ — UM ®)] > —) <— (7.26)
1Sitoensiqg <My 1€GOD 6N (i —1,) <t <bM) (i) N N

holds true. ~

We now extend the process U to a process U on R?. Fix any ¢ € RY. There then exists
a sequence (i'™)yen such that 6™ (V) — 1,) <+ < b (i) 1t follows from (7.26) that
U (BN (M) converges in probability. We set

U(t) = plim U (™ (i™)).

N—oo

It is clear that the process U has the same stochastic continuity property as U, that is,

P( max sup U@ —u®™ )| = %) < % (7.27)

1<iy,....ig<Mpy tERq:b(N)Q—]lq)ﬁtjb(N)(L) -

This means, in particular, that U has, with probability 1, continuous sample paths. Moreover, it
follows from (7.13), (7.23) and (7.27) that the finite-dimensional distributions of U,, converge to
those of U. The latter property yields, in conjunction with (7.13) and (7.27), by Theorem 3 in

Section V.1 of Pollard (1984), that U, —d> U. O

Proof of Lemma 4.1. First, note that for the function w(-), as it is specified under (A1) or (A1),
there exists 8 > 0 such that, for all 61,6, € Us(0) = {¢# € ©, |9 — 0] < 8} and all compact sets
K Cc RPHL, lw(x,y,01)—w(x,y,0)| <L(x,y)|0) — 62| with SUp, yek L(x,y) < oo. For such
adand K < 00, define

Q2 :{(Xl—ps~~aXn):||é\(X1—pv«~~yXn)_gn <5’E((8[*)2 I Xl—pv-«an)S E}

Choose K < 0o large enough so that P((X1—p, ..., X,) € ;) — 1 as n — 0o. We then have,
for w, € 2,

|P(X] < VX[ =x) = Fe(w(x, y,0))|
= |Fe(w(x,,8)) = Fe(w(x, y,0)|
< |Fe(w(x,y,8) = Fe(w(x, y,0)| + | Fs (w(x, y,8)) = Fe(w(x, y,0)|.
For the first term on the right-hand side of the last inequality above, we obtain, using (B1), that

sup | Fe(w(x,y,8)) — Fo(w(x, y, )| < |l fellool& — 8l sup L(x, y) — 0

xek xekK

as n — oo. The second term can be majorized by ||i’7\5 — F.|lco, Which converges to zero in
probability; see Neumann and Paparoditis (2005) for details. ]
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(4.4) holds true follows the lines of the proof of Theorem 3.3 in Paparoditis and Politis (2002).

For k < p, the assertion follows from (4.4) with k = p, by the continuous mapping theorem.
For k > p, the assertion follows by induction from the result for K = p and the fact that, for any
bounded and uniformly continuous function f:RF — R, the relation

/fdP,fk) - /R (™. x®) [ (x® .. x®) =)
—E(f(Y1, ..., YO | (Y1, ..., Yie)) = )] PE D dy)
+ fRH E(f(Y1,....Y0 | (Y1, ..., Yie)) =) [PE D dy) — PED(dy)]
+ | fdpP®

— | fdp®

n—oo

holds true. O

Proof of Corollary 4.1. For some null sequence (5,,),en and appropriate K < oo, we define a
set of “favorable events” such that

Gy S{X 1 pooe X)) 00 (X1, X)) = O <60,
5 (7.28)
E((E;k) |X1—pa e Xp) < K}
Moreover, let the ﬁn be such that, for any sequence (w;,),en With w, € §~2,,,

L/ | Xi—ps ... Xn) = on) = L(ey).

The constant K < oo and the sequence (8,),en above are chosen such that §, — 0 and

P((Xi—p,.... Xn) € ﬁn) — 1 as n — oo. Now, let (w,),eN be an arbitrary sequence with

w, € 2,. We now assume that the bootstrap distributions are taken under the condition that

(X1-p, ..., X») = wp. (This refers, in general_, to a triangular scheme, but not to a single se-

quence of X;.) Since 6,(X1—p,..., X;) —> 6 and E((,s;*)2 | X1—p,..., Xp) < K, the condi-
n—>o0

tions of Lemma 4.2 are fulfilled, which yields the assertion. O

Proof of Lemma 4.3. We only stress the essentials of the proof. Let (w,),en be any sequence
with w,, € S~2n, where §~Zn is chosen as in the proof of Corollary 4.1. Assume that the distributions
are taken under the condition (X1_p, ..., X;) = w,.

For the AR(p) case, let &1, ..., &, be the roots of the polynomial 6(-) with 6(z) =1 — 6,z —
—gpzl’. According to (A1), we have that € := min{|&],...,|§,|} — 1 > 0. If §, in (7.28) is
sufficiently small, then we obtain, for the roots ’é\n,l, .. ,?,,,,, of /Q\(z) =1- /6\,,,1z — = /;l,pzp,
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that min{@,l [,.. |§,, pl} = 1+¢€/2; see Theorem 1.4 in Marden (1949). Thus, there exists a
stationary solution to the equation X = 9,,,1 X* RIS SRR 9,, pX + & which can be written
as an MA(oo)-process, X = Z/fio Bu.ke;_y» where |ﬂn,k| < Cs(1 + €/2 — 8)~* for any § >0
and corresponding Cs < 0o. The rest of the proof then follows that in Section 2.1.

To show the weak dependence of the bootstrap process in the ARCH( p) choose §, < n/p
in (7.28), where n =1 — Z i1 6; > 0, and note that, for all 0= (91, .. Bp) € Us(0), there
exists some 7 € (0, 1) such that Y7 i 0 <1— 7). Furthermore, a (unlque) stationary solution

to the equation X} = 8;‘\//95 +OXF 4 +§,,X,*ip does exist. The result then follows by
applying the same coupling scheme as in the proof of Lemma 2.1; see Neumann and Paparoditis
(2005) for details. O

Proof of Theorem 4.1. The method of proof is exactly the same as that for Theorem 3.1.
Lemma 4.3 ensures that (X});cz satisfies appropriate conditions of weak dependence which
yields, in conjunction with the fact that pXr (B) converges to PX:(B) with a sufficiently fast
rate, that (U,);cz is stochastically equicontinuous. Convergence of the finite-dimensional distri-
butions to a Gaussian limit again follows from Theorem 6.1, while the result of Corollary 4.1
ensures that its covariance function is the same as for the original process under the null; for
details, see Neumann and Paparoditis (2005). O
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