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THE INTEGRATED PERIODOGRAM OF A DEPENDENT EXTREMAL
EVENT SEQUENCE

THOMAS MIKOSCH AND YUWEI ZHAO

ABSTRACT. We investigate the asymptotic properties of the integrated periodogram calculated
from a sequence of indicator functions of dependent extremal events. An event in Euclidean space is
extreme if it occurs far away from the origin. We use a regular variation condition on the underlying
stationary sequence to make these notions precise. Our main result is a functional central limit
theorem for the integrated periodogram of the indicator functions of dependent extremal events.
The limiting process is a continuous Gaussian process whose covariance structure is in general
unfamiliar, but in the iid case a Brownian bridge appears. In the general case, we propose a
stationary bootstrap procedure for approximating the distribution of the limiting process. The
developed theory can be used to construct classical goodness-of-fit tests such as the Grenander-
Rosenblatt and Cramér-von Mises tests which are based only on the extremes in the sample. We
apply the test statistics to simulated and real-life data.

1. INTRODUCTION

1.1. Regularly varying sequences. We consider a strictly stationary R?-valued sequence (X;)
for some d > 1 with a generic element X and assume that its finite-dimensional distributions are
regularly varying. This means that for every i > 1, there exists a non-null Radon measure i, on

the Borel o-field Egh of Egh = Edh\{()}, R = {—00, 00}, such that

(1 B T e Iop

where — denotes vague convergence in Egh; cf. Resnick [25] 26], Kallenberg [20]. The limiting
measure py, necessarily has the property pp(t-) = t~“up(-), t > 0, for some « > 0, the index of
regular variation. In what follows, we assume that o > 0. Relation (L) is equivalent to the
sequential definition

(1.2) nPa, (X1,...,Xp) €) 2 un(-), n— oo,

where (a,,) is chosen such that P(|X| > a,) ~n~! as n — co. We will say that the sequence (X;)
and any of the vectors (X1,...,X}), h > 1, are regularly varying with index c.

Examples of regularly varying strictly stationary sequences are linear and stochastic volatility
processes with iid regularly varying noise, GARCH processes, infinite variance stable processes and
max-stable processes with Fréchet marginals. These examples are discussed e.g. in Davis et al.

[7, 10, [11], Mikosch and Zhao [21].
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1.2. The extremogram. Consider a pui-continuity Borel set Dy = A C Rg bounded away from
zero and such that p3(A) > 0. Then the sets Dy, = A x R** ™ x 4 are bounded away from zero as

well and are continuity sets with respect to the corresponding limiting measures pp41, h > 1. We
conclude from (2) that the limits

(1.3) ya(h) = lim nPla,*Xo € A,a,' Xy, € A) = pp1(Dp), h>0,

exist. For t € Z, it is not difficult to see that

~

nEI{angtGA,a:LlXtJrhGA}
= nP(a,'Xo€ A,a,'X) € A)
= va(h), n—oo.

ncov(I{a#XteA}v I{a;1Xt+,LeA})

Hence v4 constitutes the covariance function of a stationary process. We refer to v4 as the ez-
tremogram relative to the set A. We will also consider the standardized extremogram given as the
limiting sequence
. 1 -1 pnt1(Dhp)
pA(h)_nh_{%OP(an XneAla, XQEA)—W, h>0.

The quantities p4(h) have an intuitive interpretation as limiting conditional probabilities. Moreover,
pa is the autocorrelation function of a stationary process. The quantities pa(h) are generalizations
of the upper tail dependence coefficient of a two-dimensional vector (Y7, Ys) with identical marginals
given as the limit lim, . P(Y2 >z | Y1 > x).

The extremogram was introduced in Davis and Mikosch [7] as a measure of serial extremal
dependence in a strictly stationary sequence. There and in Davis et al. [10, [I1] various aspects of
the estimation of the extremogram were discussed, including asymptotic theory and the use of the
stationary bootstrap for the construction of confidence bands.

1.3. The sample extremogram. Natural estimators of the extremograms v4 and pa are given
by their respective sample analogs

n—h ~
~ M~ 77 - ya(h)
n = ST d pah)y =22 5.
a(h) - ; tIiyn, and  pa(h) 5400) >

Here m = m,, is any integer sequence satisfying the conditions m,, — oo and m,/n = o(1) and
Li=Tx,cays I;=I,—py, and py=EFEl, =Pa,'XcA),tcl.

It is shown in Davis and Mikosch [7] that the conditions m, — oo and m,/n = o(1) are needed
for the validity of the asymptotic properties Ey4(h) — va(h) and var(y4(h)) — 0 as n — oc.
Moreover, under a mixing condition, the finite-dimensional distributions of 74 and pa satisfy a
central limit theorem with normalization (n/m)'/?; cf. Lemma H below.

1.4. Spectral density and periodogram. Since y4 and pa are the autocovariance and auto-
correlation functions of a stationary process, respectively, it is possible to enter the corresponding
frequency domain. If 74 is square summable one can define the spectral densities

ha(A) = ya(h)e ™ and  fa(A) =Y pa(h)e ™, Xe[0,7] =TI.
heZ heZ

A natural estimator of the spectral density is the periodogram. Since the sample autocovariances
~a(h) are derived from the triangular array of the stationary sequences (I;), an analog of the classical
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periodogram for h 4 is given by

n—1

> Fa(h)cos(h), NeTI,
h=1

M~ _ieal?2  ~
La®) = 2|3 Te ™ =7a(0) +2
t=1

and the periodogram for the standardized spectral density f4 is obtained as the scaled periodogram
I, 4/74(0). Mikosch and Zhao [2I] showed under mixing conditions that the extremal periodogram
ordinates I, a(X\) share various of the classical properties of the periodogram ordinates for a sta-
tionary sequence (cf. Brockwell and Davis [3]): consistency in the mean, convergence in distribution
to independent exponential random variables with expectation ha(\;) at distinct fixed frequencies
Aj € (0,7) and at distinct Fourier frequencies wy,(j) = 27j/n € (0,7) provided these frequencies
converge to a limit \; € (0,7) as n — oo. The latter property ensures that weighted versions of the
periodogram I, 4 at fixed frequencies A € (0,7) converge in mean square to h(\).

For practical purposes, one will mostly work with the periodogram at the Fourier frequencies
wn(j) € (0,7). Then

2
)

. m = —itwy(J
Lna(wn(5)) = ﬁ‘zfte twn(4)
t=1

i.e., centering of the indicator functions I; is not needed. However, for proving asymptotic theory
it will be convenient to work with the extremal periodogram I,, 4 based on the centered quantities

Zg,tzl,...,n.

1.5. The integrated periodogram. The integrated periodogram of a stationary sequence has a
long history in time series analysis, starting with classical work of Grenander and Rosenblatt [14],
and was extensively used in the monographs Hannan [I5], Priestley [24], Brockwell and Davis [3], to
name a few references. Dahlhaus [4] discovered a close relationship of the integrated periodogram,
considered as a process indexed by functions, and empirical process theory. Under entropy condi-
tions, he proved uniform convergence results over suitable classes of index functions; see also the
survey paper Dahlhaus and Polonik [5]. These papers gave some general theoretical background for
various periodogram based techniques such as Whittle estimation of the parameters of a FARIMA
process and goodness of fit tests for linear processes as mentioned in Grenander and Rosenblatt [14]
and Priestley [24].
In this paper, we will consider the integrated periodogram

(1.4) Inalg) = /HIn,A()‘) 9(A) dX = co(g) 7a(0) + 2 i cn(g)ya(h),
h=1

and its standardized version

n—1
o alg) = %%(O) /H AN AN = cale) +2 3 ) Palh)

where g is non-negative and square integrable with respect to Lebesgue measure on II (we write
g € L3 (II)) with corresponding Fourier coefficients

en(g) = /Hcos(h)\) g(\)dx, helZ.
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We will understand J, 4(g) and J; 4(g) as natural estimators of

(1.5) Ia9) = [ BAIN A = colg)140) 423" enlg) 1alh).
h=1

IT
Tale) = | Ja()g(x)dA co(9) +2) enlg) palh),
h=1

respectively. The latter identities hold if ;> ;74 (h) < oo, a condition we assume throughout this
paper; see also Remark [B] below.

The main results of this paper (see Section B]) are functional central limit theorems for the
integrated periodogram J, 4 with g = hl j for a sufficiently smooth function h on II. The limit
processes are Gaussian whose covariance structure strongly depends on the limit measures (up).
The rate of convergence in these results is typically slower than \/n. However, in the case of an iid
sequence, the limiting process is a Brownian bridge and the convergence rates are much faster than
in the case of a dependent sequence. These results differ from classical theory for the periodogram
of a stationary sequence (X;) (see e.g. Dahlhaus [4], Kliippelberg and Mikosch [19]), where the
limiting process is completely determined by the covariance structure of (X;). The methods of
proof combine classical techniques of weak convergence and strong mixing (e.g. Billingsley [1]) with
extreme value theory for dependent sequences (e.g. Davis and Mikosch [7]). The proofs are rather
technical due to the fact that the sequences of indicator functions (I;) have triangular structure:
they change in dependence on the threshold a,,.

As in classical time series analysis, the functional central limit theory for the integrated peri-
odogram can be used to construct asymptotic goodness-of-fit tests such as the Grenander-Rosenblatt
and Cramér-von Mises tests. In contrast to their classical counterparts, these tests are based only
on the extremal part of the underlying sample, i.e., we test whether the extremes of the sample are
in agreement with the null hypothesis about a given type of time series model. Such tests may be
useful, for example, for distinguishing between a GARCH and a stochastic volatility model fitted
to a return time series. The aforementioned two types of models may have similar autocorrelation
structure for the data, their absolute values and squares, so their spectral properties are very sim-
ilar as well, while their extremograms are rather distinct: the extremogram 4 relative to the set
A = (1,00) decays exponentially fast for GARCH and for the simple stochastic volatility model v4
vanishes at all positive lags; see Davis and Mikosch [7].

The paper is organized as follows. We start in Section 2] with some moment calculations and we
also introduce the relevant mixing conditions and central limit theory for the sample extremogram.
In Section -4 we provide a result about the mean square consistency of the integrated periodogram;
the proof is given in Section[Bl The main results (Theorems [[H and [[T7) are functional central limit
theorems for the integrated periodogram. They are given in Section [B} the corresponding proofs
are provided in Sections Bl and [l The covariance structure of the limiting Gaussian processes in
Theorem [T3l is rather complicated. Therefore in Section @ we supplement the asymptotic theory by
consistency results for the stationary bootstrap applied to the integrated periodogram of extremal
events in a strictly stationary sequence. The corresponding proofs are given in Section In
Section 4] we indicate how the integrated periodogram works for simulated and real-life data.

2. PRELIMINARIES

2.1. Some moment calculations. Recall the notation and conditions of Section [[l We write

po=Pla,;'Xo€ A) and p, =Pla,'Xo€ Aa,'X,€A), h>1,
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where as above, m,, — oo and m,,/n = o(1) as n — co. For integers s,t,u,v > 0, we set
U(s,t,u,v) = EILI,I,,
T(s.t,u) = ELLIL,
[(s,t) = EILJI =pj 2.

We will often have to calculate variances and covariances of the sample extremogram 74. We
provide some of these formulas for further use.

Lemma 1. Let (X;) be a strictly stationary sequence. Then, for 1 <h <n—1,
n—h—1
(n/m)?E74(h) = (n—h)E(IoIn)*+2 Y (n—h—tT(0,htt+h)
t=1
and for l <h<h+4+u<n-—1,

(n/m)* Eya(h)ya(h + u)
= (n—h—u)(0,h,0,h+u)
n—h—u—1

+ Z (n—h—u—tT0,ht,t+h+u)
t=1

n—h—
+ Z min(n —h —u,n —h —t)I'(0,h + u,t,t + h) .
t=1
2.2. Mixing conditions. The following two mixing conditions were introduced in Davis and Mikosch
[7] for a strongly mixing R%valued sequence (X;) with rate function (&).

Condition (M). There exist integer sequences m = m,, — oo and 7, — oo such that m,/n — 0,
rn/my — 0 and

o0
(2.1) nh_)rr;omn Z & o= 0,
h=ry,
Moreover, an anti-clustering condition holds:

(2.2) hm hmsupZP | Xn| > €am | |[Xo| >€am) = 0, €>0.

k—00 n—oo hele

Condition (M1). Assume (M) and that the sequences (my,), (1), kn = [n/my,] from (M) also satisfy
the growth conditions k,&., — 0, and m,, = o(n'/3).

Remark 2. The condition m,, = o(n'/?) in (M1) can be replaced by m”r" — 0 and == ZJ &
0 which is often much weaker.

Condition (Z7]) is easily satisfied if the mixing rate (£5,) is geometric, i.e., exponentially decaying
to zero. Under mild conditions, the popular classes of ARMA, max-stable, GARCH and stochastic
volatility processes are strongly mixing with geometric rate; cf. Davis et al. [7, 10, [IT] 21] for
discussions of these examples. Condition (22]) is similar to (2.8) in Davis and Hsing [6]. It serves
the purpose of establishing the convergence of a sequence of point processes to a limiting cluster point
process. This condition is much weaker than the anti-clustering condition D’(ea,) of Leadbetter;
cf. Section 5.3.2 in Embrechts et al. [I3].

The mixing rate (&) in conditions (M) and (M1) is useful for finding bounds on the moments
(s, t,u,v) introduced above. In what follows, ¢ will denote any (possibly different) constants whose
value is not of interest.
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Lemma 3. Let (X;) be a strongly mixing sequence with mizing rate (§,). Then for integers h,l,u > 1
and for some constants ¢ > 0 which do not depend on n,

IT(0,h, b+ 1, h + 1+ u)| < cmin(é,, &),
T, hyh+ 1, h+ 14+ u) — (pn — p2)(pu — 3)| < &,
IT(0, hy h + 1) < ¢ min(&p, &),

IT(0,h)| < &n.

~ o~ o~
S Ut = W
NN NSNS

The proof of Lemma [3] follows by a direct application of Theorem 17.2.1 in Ibragimov and Lin-
nik [I7]. Relation (23] combined with (21 will ensure that sums of I'(0,h,h + I, h + 1 4+ u) are
asymptotically negligible if h or u exceed r,.

2.3. Central limit theory for the sample extremogram. In this section we recall a central
limit theorem for the extremogram from Davis and Mikosch [7], Section 3.

Lemma 4. Assume that (X;) is an R%-valued strictly stationary regularly varying sequence with
mdex o > 0 and that the Borel set A satisfies the conditions of Section[L.2. If the mizing conditions
(M), (M1) hold and >~;°; va(l) < oo then for h > 0,

=0,...,

.......... n given by

7ij D)+ Al LI+ §) +yaG LI+, 6§ =0,..h,
=1

and for u,s,t >0,

Yalu,s,t) = lim nP(a,'Xo € A,a,' X, € Aja,' X, € A,a,' X, € A),

n—oo

with the convention that ya(u,t) = va(u,u,t). Moreover, we have for h > 1

(2.9) pa(h) 5 pa(h),
1/2 Pi g _1 '
(2.10) (n/m) / (pA( ) — po)izl,...,h - ) (Zi - pA(Z)ZO)i:L...,h .

Proof. The proof of (271) was given in Section 3 of Davis and Mikosch [7]. There we can also find the
proof of (2Z28)) in a more general context. Here we will calculate the covariance matrix Xp, explicitly.
The expressions for oy;, ¢ > 0, were derived in Davis and Mikosch [7] for ¢ = 0 and ¢ > 1 in Theorem
3.1 and Lemma 5.2, respectively. We notice that v4(i,1,1 4+ j) < va(l) and therefore the infinite
series in o0y; are finite.
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For i # j, similar calculations as for Lemma [ yield for k£ > 1 and r,,/m,, — 0,

Peor( Yo Bl Y L)
t=1 s=1

T(0,0,4,/) +m Y {(1 —1/n)[1(0,4,1,1 + 5)
=1
10,11 +1)] = (i = P} (p; — P3|

Tn

- mF(0,0,i,j)+m(Z+ >+ Z )[1—l/n [1(0,4,0,1+5)

=1 I=k+1 Il=r,+1

+L(0,5,1,1+1)] = (pi = 98 (s — 23)]
= Q1 +Q2+Q3+ Q4.
By regular variation, for fixed & > 1 as n — oo,

k

Q1+ Q2 = 7alin ) + Y [va(h, LI+ §) + 74l L1 +1)] ,
=1

and the right-hand side converges to 0;; as k — co. By (2.2]), we have
hm limsup |Q3| = 0.

k—o00 n—o00

Using (Z4) and &I)), we also have |Q4] < emy,y 2, 1§ — 0 asn — oo. This proves (Z7)
and (Z8). Relations ([Z3) and (ZI0) follow by a continuous mapping argument, observing that for

1<i<h,
(E)l/Q(pA( ) - Pi/Po) = (%)UQW
(n/m)'/? (7,4(0) — E54(0))
—E74(1) A0 F5100) +op(1)
1 .
- ;@ﬂ%—mm%)
- O

Remark 5. The summability condition on v4 which we assume in the previous lemma and through-
out this paper is satisfied for a large variety of regularly varying time series models; see the calculation
of v4 in Davis et al. [7, 10, I1]. For example, finite order ARMA models with regularly varying
iid noise and GARCH models have exponentially decaying extremogram, and the simple stochas-
tic volatility model with log-normal volatility process has vanishing extremogram at all positive
lags. Formulas for v4 also exist for infinite variance stable and max-stable processes with Fréchet
marginals. Also for these processes the summability condition on 4 may hold, depending on the
specification of the process.

Recall that a strictly stationary process (X;) is n-dependent for some integer n > 0 if (X¢)i<o
and (X;);>y are independent. For such a process we observe that oy, = 0 for h > 1 and hence (Z.8)
collapses into (n/m)%554(h) 50 for h> n. In particular, for an iid sequence (X;), Z;, =0 a.s. for

h > 1, while (n/m)°%34(0) % Z and Zo is N(0,v4(0)) distributed.
In these cases, the rate of convergence in (2.8) can be improved.
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Lemma 6. Assume that (X;) is an R%-valued n-dependent reqularly varying strictly stationary
sequence with index o« > 0 for some 1 > 0, and the Borel set A satisfies the conditions of Section[1.2.
Additionally, assume that for j >i>mn and 1 <t <n—(j —1), the following limits exist:

WA(tvivt_Fj)
= lim m?P(a,'Xo € A,a,,'X; € A,a,' X; € A,a,' X1 j € A).
m—0o0
(2.11)
Then for h > 1, n%5(Ja(n + i))izl o A (Zi)iz1....h, where (Z;)i=1. .n is Gaussian N(0,%)

whose covariance matric Xy, = (04)i,j=1,...,
n—(j—1i)
(212) Oij = ’YA(O)FYA(-] _Z)+ Z [WA(tvlvt_Fj) +7A(t7]at+2)] 5
t=1
1<i<j.

Remark 7. Condition (ZTII]) is an additional asymptotic independence condition. Indeed, regular
variation of (X;) only implies that the limits

lim mP(a,'Xo € A,a,,'X; € A,a,,' X; € Aya,' Xiy; € A)

m— 00

exist and are finite. Then (ZII)) implies that the latter limits must be zero. In Example [0 we
consider some simple cases when (ZIT]) is satisfied.

Remark 8. Assume j —i > 7. Then, by n-dependence, y4(j — i) = 0 and the index set in (212 is
empty. Hence o;; = 0 for j —i > n. In particular, if (X;) is iid, 0;; = 0 for i # j and o;; = v4(0).

Proof. We start by calculating the asymptotic covariances. Assume j > i > 1. Then, using the
independence of Iy and (I;I;, I; 1145, I;I;I;4,) for t > n and of I,y; and [yl I; for ¢ < n and
t >n—(j—1), we obtain

cov (n*934 (i), n*°Fa(j))
n
= m’ERELL; +m?)  [ELLLT; + EL LT 4] +o(1)
t=1

n—(3—1)
= 7aO)aG =) +m? Y [ELLLIL;+ ELIL D) + o(1)
t=1

n—(j—1)
= 7a0yal =)+ Y. [Faltsit+5)+7alt5,t+49)], n—oo.
t=1

In the last step we used (ZI1). This completes the calculation of Xj,. Furthermore, we observe that
for h > 1,

7’L0'5(;7A(Z.>)1':77+1 nth = m/n Z ItItJrz =41

,,,,,,,,,,

(2.13)

The vector sequence (INtftH)i:nH ,,,,, n+hy t =1,2,..., is strictly stationary and (h + n)-dependent.
Now an application of the central limit theorem for strongly mixing triangular arrays in Rio [27]
and the Cramér-Wold device to (ZI3]) conclude the proof. O O

The following examples fulfill the conditions of Lemma
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Example 9. An iid regularly varying sequence (X;) is 0-dependent, and thus (ZIT]) holds. Its
limiting covariance matrix X, is a diagonal matrix with entries 74(0) = (u1(A))?
diagonal.

We consider the stochastic volatility model X; = 0;V; where (0y) is independent of (V;), (o) is
a positive n-dependent strictly stationary sequence and (V;) is a regularly varying iid sequence with
index o > 0; see Davis and Mikosch [§]. Assume that Eo®™¢ < oo for some € > 0. In this case, (X)
is m-dependent, strictly stationary and regularly varying with index o. We will show that (21T
holds with 74 (u, s,t) = 0 for 0 < u < s < t. Since A is bounded away from zero, there exists a
0 > 0 such that

on the main

Yalu,s,t)
< Timsupm?Pla, min|Xol, [Xul, X1, 1Xe]) > )
< limjup mQP(a;l1 max(og, 0w, 0s, o) min(|Vol, [Val, [Vs|, [V2]) > 0)
< limjup 4m2 P(a,, oo min(|Vol, [Vil, [V, [VE]) > 6)
< limsupem?(Eo®)*(P(|Vo| > amd))* =0,

m— 00
where we used that P(oo|Vp| > am) ~ Ec®P(|Vy| > and) by virtue of Breiman’s lemma; see [2].

In the iid case, the limiting quantities Z, h > 1, in Lemma M vanish. The same observation can
be made in the case of a strictly stationary sequence with asymptotic (extremal) independence in
the following sense:

Condition (Al): Assume there exist sequences m = m,, — oo and r,, — oo such that m = o(n) and
7, = o(m) as n — oo and the following conditions are satisfied for any Borel set A C R? bounded
away from zero and the axes such that pi(0A) = 0:

(1) lim,_ 0o m? pp, exists and is finite for h > 1,
(2) limyp o0 m?sUPy<icjcy, Pla,' Xo € A a,' X € A a, ' X € A) =0,
(3) limp—s 00 Tnm? SUP1 << jct<rn P(afano cA,a;lX; € A,afanj €AantX, € A)=0.

Example 10. We consider the stochastic volatility model from Example[@but we drop the condition
of n-dependence. Conditions (AI.2) and (AI.3) are verified in the same way as in Example @l We
also observe that for some constant ¢ > 0,

2 Pla,'Xo € Aya,;' X), € A)
m= Pp ~ -
P(min(Vy, Va) > ap,)
P(a,,'diag(g0,04)(V1,V2) € A x A)
P(min(Vy, Va) > am) :

An application of a Breiman-type result for regularly varying vectors on cones due to Janssen and
Drees [18] ensures the existence and finiteness of the limits lim,,, o, m?py, for b > 1. This is (AL1).

Lemma 11. Assume that (X;) is an R%-valued strongly mizing strictly stationary regularly varying
sequence with index o > 0 and that the Borel set A satisfies the conditions of Section[I.2. We also
assume the asymptotic independence condition (Al) and the mizing condition

. 2 -
(2.14) nhﬁngom Z & =0.

h=r,
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Then
Fah) 5 0, h>1,
~ /. ~ /. d
(2.15) nO'S(FyA(z)—E”yA(z))i:LMh = (Zi)i=1,...n,

where (Z;)i=1,....n are independent Gaussian with mean zero and variances
var(Z;) = lim m2p;, i>1.
m—0o0
Proof. We will apply the central limit theorem in Rio [27] for strongly mixing triangular arrays to
the left-hand side in (Z.T5]). For this reason, we have to calculate the asymptotic covariance matrix

of the left-hand vector. We observe that for fixed j > ¢ > 1, in view of the mixing condition (ZI4)
as n — 0o,

cov(n® 34 (i), %34 (4))

[cov(IoL;, I v i) + cov(Iod;, Iy )] + o(1)

M=

= m%ov(%f}, %Z) +m?

t=1

3
3

= mPcov(loly, IoL;) +m* > [cov(loL;, LiIr1j) + cov(lody, I i+i)] + o(1).
t=1

(2.16)

Condition (AI) implies that m%ov(%@,%fﬁ — 0 as m — oo. The same argument also implies
that the first j summands in (2.I0) vanish as n — oo. Therefore it suffices to consider
Tn
m2 Z [COV(I()Ii, ItItJrj) + COV(I()IJ‘, ItIthi)} .
t=j+1

In the latter sum, the indices 0,4, ¢, ¢+ j are distinct and the same observation applies to 0, j, t, ¢ + 1.
Direct calculation with condition (AI) shows that this sum is asymptotically negligible. This implies
that the covariance matrix of the limiting vector is diagonal. The calculation of the asymptotic
variances is similar by observing that as n — oo,

var(n®554(h))

= m2var(Iyl,) +2m?> Z cov(IoLs, I T1i) + o(1) = m?py, + o(1) .
t=1
(I

Remark 12. Although 74 (h) B0, h>1,itisin general not possible to avoid centering in (ZT5]).
However, under (AL1), n®®E54(h) — 0 if n/m? = o(1) as n — oo, and the latter condition can
even be weakened if m?(p, — p3) — 0 as m — oc.

2.4. Mean square consistency of the integrated periodogram. Recall the definitions of
Jn,a(g) and Ja(g) for g € LA (II) from (I4) and (LH), respectively. The following elementary
result deals with the convergence of the first and second moments of .J,, 4(g) for a given function g.

Lemma 13. Consider an R%-valued strictly stationary regularly varying sequence (X;) with index

a > 0. Assume that the Borel set A C Eg satisfies the conditions of Section[LZ Y ;2 va(l) < oo
and (M) holds. Then the following asymptotic relations hold for g € L? (II).

1. EJya(g) = Ja(g) as n — co.
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2. If in addition, mlog® n/n = O(1) as n — oo, and there exists a constant ¢ > 0 such that
(2.17) len(9)l <¢/h, h=1,
then E(Jn,a(g) — Ja(9))? = 0 and J2 4(9) 5 J5(g) as n — oo.
The proof of the lemma is given in Section

Remark 14. Condition ([2I7) holds under mild smoothness conditions on g, e.g. if ¢ is Lipschitz or
has bounded variation on IT; see Theorem 4.7 on p. 46 and Theorem 4.12 on p. 47 in Zygmund [30].

3. FUNCTIONAL CENTRAL LIMIT THEOREM FOR THE INTEGRATED PERIODOGRAM

Recall the definition of the spectral density h4 from Section [[4l In this section, we assume
that the weight function g is a non-negative continuous function. Abusing notation, we define the
empirical spectral distribution function with weight function g by

(31) D@ = Joalaloa) = [ Toag)d, el
Under the conditions of Lemma [[3] again abusing notation, we have
Tna(@) 5 Ja(x) = Ja(glpa) = /0 Tha()g(N)dAr, zell.
In view of the monotonicity and continuity of the functions J, 4 and J4 we also have

(3.2) sup | na(z) = Ja(@)] 5 0.
TE

Our next goal is to complement this consistency result by a functional central limit theorem of the
type (n/m)%(Jn,a —Ja) 4G, in C(II), the space of continuous functions on II equipped with the
uniform topology, for a suitable Gaussian limit process G.

However, this result is unlikely to hold in general, due to asymptotic bias problems. It is men-
tioned in Davis and Mikosch [7] in relation with the central limit theorem for the sample extremogram
(see Lemma Ml above) that the pre-asymptotic centerings E54(i) = ((n —i)/n)m(p; — p3) can in
general not be replaced by their limits (i) due to the failure of the relation (n/m)%3|m(p; —
p3) — ya(i)] — 0 as n — oco. Therefore we will equip the empirical spectral distribution func-
tion .J,, 4 with the pre-asymptotic centering EJ, 4. It follows from Lemma that under (M),
EJpa(x) — Ja(x) for every z € II, and again using monotonicity of E.J, 4 and J4, we have
sup, cry | EJn,a(x) — Ja(z)| — 0.

We observe that

Jualz) = Go(@)Ta0)+2 3 bale)Talh),
h=1

S,A(iﬂ)

n—1
do(@) +2) vn(x) pa(h),
h=1

where ¢, (z) = [ cos(hA) g(A)dX, =z €II. We also consider a Riemann sum approximation of the
coefficients 1, (x) at the Fourier frequencies wy, (i) = 2im/n € II given by

T
~ 27

Yp(z) = g g(wn(2)) cos(hwy (i), x€ll,
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where z,, = [nz/27]. The corresponding analogs of J,, 4 and J;, 4 are then given by

~

JmA(CC)

n—1
Yo(2)74(0) + 2 () Fa(h) ,
h=1

Boa@) = dole) +2 3 dn@) Fah).
h=1

Now we are ready to formulate the main result of this paper.

Theorem 15. Assume that (X;) is an R%-valued strictly stationary reqularly varying sequence with
index o > 0 and the Borel set A C Eg is bounded away from zero, p1(0A) = 0 and p1(A) > 0.
Let g be a non-negative 3-Holder continuous function with 5 € (3/4,1]. If the conditions (M1) and
o2 va(l) < oo hold then in C(II),

(3.3) (n/m)®?(Jya — EJp ) G, n— oo,

d
_>
(3.4) (n/m)**(Jpn — EJna) 5

G, n—oo,

where the limit process is given by the infinite series

(3.5) G=v0Zo+2) ¥nZn,
h=1
which converges in distribution in C(I1), (Zp) is a mean zero Gaussian sequence such that (Zo, ..., Zp)

has the covariance matriz (Xp), h > 0, given in Lemma[f} Moreover, the following limit relations

hold
(3.6) (n/m)*® (J3 4 — EJn,a/(mpo))
(3.7) (n/m)*5(J2 4 — EJn,a/(mpo))

where the limit process is given by the infinite series

[e] 2 .
G° = ) hz::ll/fh(zh = pa(h)Zo).

The proof of this result is given in Section [6l

Remark 16. For practical purposes, the discretized version jn A will be preferred to J,, 4 since
it does not involve the calculation of integrals. Moreover, since Z?:leiw“(j)t = 0 for w,(j) €
(0,7), centering of the indicators I; with the unknown parameter py in the periodogram ordinates
In a(wn(5)) = (m/n)| 1, Le ™2 is not needed.

For an 7n-dependent sequence (X;), we know that Z, = 0 a.s. for h > 7. Then we conclude
from Theorem [[f] and Lemma [ that the limit process G collapses into G = 10 Zo + 2> | _, ¥nZp .
However, taking into account Lemma [G] a more sophisticated result with a different convergence
rate can be derived. The corresponding result for J7 , is similar and therefore omitted.

Theorem 17. Assume that (X;) is an R¥-valued strongly miving strictly stationary n-dependent

reqularly varying sequence with index o > 0 for some n > 0 and the Borel set A C Eg is bounded
away from zero, p1(0A) =0 and pi(A) > 0. Also assume that the limits in 2I1) exist. Let g be a
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non-negative $-Holder continuous function with B € (3/4,1]. Then the relations

Vi(Jua = 07a0) =23 wAa(h)) S5 G,
h=1

n
~ -~ __ -~ d JR—
Vi (Jna = %07a(0) =23 dnFa(h)) = G,
h=1
hold in C(II), where the limit process is given by the a.s. converging infinite series

oo
G=2 Z Unsh Zn
h=1
and (Zy) is a mean zero Gaussian sequence such that (Zy,...,Zy) has covariance matriz 3y, h > 1,
gwen in Lemmal@l.

The proof is given in Section [7

Example 18. Assume that (X3) is an iid regularly varying sequence with index o > 0. Then (Z},)
is an iid mean zero Gaussian sequence with var(Z) = 4 (0) = (u1(A))?. If we choose the function
g = 1 we obtain

Yp(z) = / cos(hA)dA = s1n§Lh:1:) , h>0, zell,
0

and

Gla) = 2}; Smglhx) Zn, wzell.

We notice that G is a series representation of a Brownian bridge; see Hida [16].
In the case of asymptotic (extremal) independence a result similar to Theorem [I7] holds.

Theorem 19. Assume that (X;) is an R%-valued strictly stationary reqularly varying sequence with

index o > 0 and the Borel set A C @g is bounded away from zero and the azes, u1(0A) = 0 and
wui1(A) > 0. Also assume the mizing condition (ZI4) and the asymptotic independence condition
(AI). Let g be a non-negative B-Hdlder continuous function with 8 € (3/4,1]. Then the relations

ViA((Jua = Edua) = %0(7a(0) — E7a(0)) % G,
Vii((Fua = By a) = Go(@a0) - Fa(0) 4 G,

hold in C(II), where the limit process is given by the a.s. converging infinite series
o0
G=2) vni,
h=1

and (Zy) is a sequence of independent mean zero Gaussian variables with variances var(Zy) =
hmm%oo m2 Ph, h > 1.

The proof is based on Lemma [I1] and tightness arguments which are similar to the proofs of
Theorem [IHl and [71 We omit further details. In view of Remark [I2] centering in Theorem [I9] can
be avoided if n/m? = o(1) as n — oo.

As in classical limit theory for the empirical spectral distribution (see Grenander and Rosenblatt
[14], Dahlhaus [4]), an application of the continuous mapping theorem to Theorems [[H] and [T yields
limit theory for functionals of the integrated periodogram. These functionals can be used for testing
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the goodness of fit of the spectral density of the time series model underlying the data, under the
null hypothesis that the model is correct. From Theorem [I5] we get the following limit results for
the corresponding test statistics.

o Grenander-Rosenblatt test:

(3.8) (n/m)%®

A(x)—EJnVA(x)‘ 4 sup |G(x)] .

zell zell

e w2- or Cramér-von Mises test:

nfm) [ (Tua@) = Bhuat@) s S [ 6

If (X}) is an n-dependent sequence satisfying the conditions of Theorem [I7] the corresponding limit
results read as follows:

e (Grenander-Rosenblatt test:

iy

A(z) = vYo(z —QZW )| % sup |G(x)].

xell xell

(3.9)

e w-statistic or Cramér-von Mises test:

n/xen (J alz) — Yoz —QZ'I/}}L 2dxi>/wer[§2(x)dx

(3.10)

In Figures [Il and [2 we show the estimated densities of the test statistics in ([3.9) and B.I0) for n =
2,000 and n = 10,000, for different thresholds a,, and g = 1. We compare the estimated densities
with their corresponding limits. The samples are iid t-distributed with o = 3 degrees of freedom.
We mention that the density of sup,cyr|G(z)| is given by 472 Py ( )J‘Hx exp( — j2a?/n?),

x > 0; see Shorack and Wellner [28]. We use the identity in law [ G (z)dx = Z;il(2/j2)NJ2
for an iid standard normal sequence (N;) (see [28]) for the simulation of the limiting density of the
w?-statistic.

Not surprisingly, these graphs show that one needs rather large sample sizes to make the tests
reliable. The Grenander-Rosenblatt statistic shows a better overall behavior in comparison with the
w?-statistic. The distribution of the former statistic is close to its limit for a variety of thresholds
like po = 0.1,0.05 and even for py = 0.03. In contrast, the w?-statistic is rather sensitive to the
choice of threshold and sample size; the best overall approximation is achieved for n = 10,000 and
po = 0.05. For applications, one would need to focus on the quality of the approximation of high /low
quantiles of the test statistics by the limiting quantiles. This task is not addressed in this paper.

4. THE BOOTSTRAPPED INTEGRATED PERIODOGRAM

With a few exceptions, the limit processes G and G in Theorem and [I7 have an unfamil-
iar dependence structure and then it is impossible to give confidence bands for the test statistics
mentioned in the previous section. One faces a similar problem when dealing with the sample
extremograms whose asymptotic covariance matrix is a complicated function of the measures pup,
in (L2). Davis et al. [I0] proposed to apply the stationary bootstrap for constructing confidence
bands for the sample extremogram. The stationary bootstrap can also be used for the integrated
periodogram, as we will show below.
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FIGURE 1. Density of the left-hand side in (8:9]) with n = 0 (dotted line) and its
limit sup,¢qr |G(z)| (solid line) for g = 1. We choose the set A = (1, 00), different
thresholds a,, with pg = P(X > a,,) and different sample sizes n. The underlying
sequence (X;) is iid ¢-distributed with o = 3 degrees of freedom. The sample sizes
are chosen as n = 2,000 in the first row and n = 10,000 in the second row. The
thresholds a,, are chosen such that py = 0.1 in the first column, pg = 0.05 in the
second column and pg = 0.03 in the third column.

4.1. Stationary bootstrap. The stationary bootstrap was introduced by Politis and Romano [23]
as an alternative block bootstrap method. First, we describe this procedure for a strictly stationary
sequence (Y;). Given a sample Y7, ...,Y,,, consider the bootstrapped sequence

(4.1) YKU . ,YKlJrLl,l, .. .,YKN, .. .,YKNJFLN,l, cee

where (Y;), (K;), (L;) are independent sequences, (K;) is an iid sequence of random variables
uniformly distributed on {1,...,n}, (L;) is an iid sequence of geometrically distributed random
variables with distribution P(L; = i) = (1 — 0)*"%, i = 1,2,..., for some 6 = 6,, € (0,1) such
that 6, — 0 asn — oo and N = N, = inf{i > 1 : 22:1 L; > n}. If any element Y; in
(1) has an index ¢ > n, we replace it by Y} mod n- As a matter of fact, (¥;);>1 constitutes a
strictly stationary sequence. The stationary bootstrap sample is now chosen as the block of the
first n elements in [@I). In what follows, we write (Y«);>1 for the bootstrap sequence (A1),
indicating that this sequence is nothing but the original Y-sequence sampled at the random indices
(Ki,...,Ki+ L1 —1,Ks,..., Ko+ Ly — 1,...) with the convention that indices larger than n are
taken modulo n.

In what follows, the probability measure generated by the bootstrap procedure is denoted by P*,
ie., P*(-) = P(- | (X;)). The corresponding expected value, variance and covariance are denoted by
E*, var® and cov®.
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FIGURE 2. Density of the left-hand side in (3I0) with n = 0 (dotted line) and its
limit [ @2(17) dx (solid line) for g = 1. We choose the same setting as in Figure[2]

4.2. The bootstrapped sample extremogram. Davis et al. [I0] applied the stationary bootstrap
to the sequence of lagged vectors

It(h):(vathiH*lv"'vItIiH*h)v t:1527 )
for fixed h > 0 and showed consistency of the bootstrapped sample extremogram. In particular, they
showed the following result which we cite for further reference. A close inspection of the proof in

[10] shows that the results remain true if in I;(h) we replace the quantities I by I, s =t,...,t+ h.

We denote the corresponding vector by :ft(h) Consider the stationary bootstrap sequence (I3« (h))
and write

mnfiNN
~* 3 = — I*I* ) :O,,h
VA(Z) n;t t*+ ?

Theorem 20. Consider an R¥-valued strictly stationary regularly varying sequence (X;) with index
a > 0 and assume the following conditions:

1. The mizing condition (M1) and in addition ;- ; h&, < co.

2. The growth conditions 6 = 6,, — 0 and nf?/m — oo.

3. The set A is bounded away from zero, f11(0A) =0 and pi(A) > 0.

Then the following bootstrap consistency results hold for h > 0:
E* (%ZUL)) LY va(h) and var* ((n/m)0'552(h)) £ Thh s

where the covariance matriz Xy, = (0;) is given in Lemma[f} Moreover, writing d for any metric
describing weak convergence in Euclidean space and (Z;)io,...n for an N(0,%) Gaussian vector,
we also have

d((n/m)1/2 Fa(D) = 7a()) g1 (zi)izo,___,h) 20, nooo.
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In what follows, we will write d for any metric describing weak convergence in any space of
interest.

4.3. The bootstrapped integrated periodogram. Bootstrapping the sequence (I;(h)) has the
advantage that we preserve the neighbors Iy ; of I« from the original sequence (I). However, this
method depends on the lag h and creates problems if the number of lags increases with the sample
size n. In what follows, we will apply the stationary bootstrap directly to (I;). Then we have to
re-define the bootstrap sample extremogram at any lag h < n. Write

n=n"'> I and =L -1, teL,
t=1

~il

and define the corresponding bootstrap sample extremogram
m n—h
Ta(h) = — > Lelgpny, h=0,....n—1,
t=1
and the bootstrap periodogram
m | — 2
* T —it A
T AN = g];me D7, e

Note the crucial difference: in general, Iy« [(z4py« # It~ It~ n, but, as we will see in Lemma 28] the
quantities 7% (k) and 7% (h) are asymptotically close for fixed i > 0.

In what follows, we focus on the bootstrap for the continuous version J, 4 of the integrated
periodogram for a given smooth weight function g; bootstrap consistency can also be shown for the
discretized version fn 4; we omit further details. In the definition of .J,, 4 in (1)), we simply replace
(I;) by (I,+), resulting in its bootstrap version

A n—1
a0 = / @) (@) dr = Yo T5(0) +2 3 gna(h), A€l
h=1

Now we can formulate a bootstrap analog of Theorem which shows the consistency of the
stationary bootstrap procedure.

Theorem 21. Assume the conditions of Theorem I3 and 200 Then
d((n/m)lﬂ(J:;_A — E*J;:_’A),G> £ 0, n— o0,

where the Gaussian process G is defined in Theorem [18 and d is any metric which describes weak
convergence in C(IT).

Remark 22. Recall that, in general, it is not possible to replace the centering EJ,, 4 of Jy, 4 in
the functional central limit theorem of Theorem [ by its limit [ ha(X) g(A)dX. A similar remark

applies to Theorem Il Although supycp [E*J); 4(A) — Jn,a(N)] L0, under the conditions of
Theorem 211 it is in general not possible to replace the centering E* oA by Jnoa; see Lemma 28
Thus, Theorem 2] does not yield bootstrap consistency in a textbook sense but it rather provides
a simulation technique for the limit process G. In turn, the simulation of this process makes it
possible to provide confidence bands for the goodness of fit test statistics considered above. We will
apply this simulation procedure in Section [4.4
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4.4. A simulation study. We focus on the Grenander-Rosenblatt statistic (GRS) on the left-
hand side of ([B.8)) for different time series models, distinct thresholds and sample sizes. Under
the null hypothesis of a particular time series model, one can simulate the quantiles of the GRS
from the theoretical model. In this study we also follow a different approach. First, we determine
the expected value function EJ,4 and the threshold a,, such that po = P(X > an,) = 1/m
by simulation from the theoretical model and then we use the stationary bootstrap to calculate
the asymptotic quantiles of the GRS. This distribution is be obtained by repeated simulation of
(n/m)°®sup,ep |5 4(x) — E*J 4 (x)]; Theorem 1] provides a justification for this approach[] In
the cases when the expected value function EJ, 4 can be replaced by its limit, i.e., when the bias
of Jy, a is negligible, this approach has the advantage that the test is non-parametric. An example
are models satisfying the asymptotic independence condition (AI) and n/m? — 0 as n — oo; see
Theorem [I9 and the remark following it. Of course, for an iid sequence or n-dependent sequence one
can also use the quantiles of the limit distribution of the GRS which are known or can be simulated;
see (39) and BI0).

In what follows, we apply the Grenander-Rosenblatt test (GRT) to various univariate (real-life
or simulated) time series X¢,t = 1,...,n for different sample sizes n and thresholds a,,. We always
choose A = (1,00) and g = 1. Whenever we apply the stationary bootstrap we choose the geometric
parameter 8 = 1/50. Density plots and simulated quantiles are derived from 4,000 independent
repetitions, also in the bootstrap case.

In Figure [B] we illustrate how the stationary bootstrap works for different thresholds a,, and
sample size n = 2,000. We show the density of the normalized GRS on the left-hand side of
B3) and its bootstrap approximation. We choose regularly varying ARMA(1,1) and GARCH(1,1)
models. The densities of the GRS and its bootstrap approximation are close to each other. We
take this fact as justification for using the bootstrap quantiles of the GRS in the test. While the
densities in the ARMA case do not seem too sensitive to the choice of the high threshold a.,, the
shape of the densities change for the GARCH model when switching from py = 0.10 to pg = 0.05,
while they look similar for pg = 0.05 and pg = 0.01.

In Figure [ we show sample paths of the normalized and centered integrated periodogram
(n/m)%5|Jp.a — EJy a| with pg = 0.05 for samples of size n = 2,000 from ARMA(1,1) and
GARCH(1,1) models together with 95%-quantiles of the GRS both under the correct and under
an incorrect null hypothesis. Due to the need of centering with EJ, 4 these sample paths are
affected both by the sample and the model. Indeed, if the model is chosen incorrectly we will typ-
ically subtract the incorrect centering and calculate an incorrect threshold a,,. When using both
the bootstrap-based or true 95%-quantiles of the GRS, the model is not rejected if the sample is in
agreement with the null hypothesis. However, if the sample comes from a model whose parameters
slightly deviate from the parameters of the null hypothesis the incorrect expected value E.J,4 and
wrong threshold a,, change the sample path of the integrated periodogram in such a way that the
bootstrap-based GRT rejects the null hypothesis while it does not reject the null if one uses the
quantiles based on the null hypothesis. It is advantageous to show both 95%-quantiles: they deviate
rather significantly, indicating that we chose an incorrect null model.

In Figure Bl we consider a stochastic volatility model X; = o0¢Z;, where (o) is a log-normal
stationary process independent of the iid ¢-distributed sequence (Z;). The a degrees of freedom of
the t-distribution coincide with the index « of regular variation of (X;). The extremogram of this
sequence vanishes at all positive lags. This fact is in agreement with the extremogram of an iid
sequence but is in contrast to a GARCH(1, 1) process. Choosing pg = 0.05, we apply the GRS to a
stochastic volatility sample of size n = 2,000 under the incorrect null hypothesis of a GARCH(1, 1)

1 Throughout, to exploit the power of the Fast Fourier Transform, we use the Riemann sum approximations to
the integrated periodograms. We do not indicate this fact in the notation.
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model with tail index close to the chosen a. The test clearly rejects the null hypothesis. We also
run a GRT for the stochastic volatility sample under the null hypothesis of an iid ¢-distributed
sequence with a degrees of freedom. We use the approximation of the distribution of the GRS by
the distribution of the supremum of a Brownian bridge; see Example I8 Also in this case, the null
is clearly rejected.

In Figure [l we deal with a time series (X;) of 1,560 1-minute log-returns of Goldman Sachs
stock from the period November 7-10, 2011. It has estimated tail index o =~ 3. Using standard
software, we fitted a GARCH(1,1) model such that o7 = 0.019 + 0.1X? ; + 0.8707_,. Hill and
QQ plots of the residuals of this model indicate that the noise is well fitted by a t-distribution with
(approximately) 4 degrees of freedom. The theoretical index of regular variation of this GARCH(1,1)
model is o = 3.13; see Table 2 in [9]. We test the null hypothesis of a GARCH(1, 1) model with the
aforementioned parameters. This hypothesis is rejected. On the other hand, the GRT passes under
the hypothesis of an iid sequence, where we choose a,, as the 95% empirical quantile. This means
that the extremes of this data set are more in agreement with an iid than with a GARCH structure.
This is perhaps not surprising in view of a high frequency data return series while GARCH seems
more suitable for fitting low frequency returns.

A GARCH(1,1) model is often considered to give a good fit to daily log-returns of stock prices
and foreign exchange (FX) rates. For example, such a judgement may be based on tests for zero
autocorrelation of the residuals, their absolute values and squares. We did not find evidence of
GARCH behavior in the extremes of three 5-year time series of daily Euro-USD FX rate log-returns:
from 2002 to 2006 (before the financial crisis), from 2006 to 2010 (including the financial crisis),
from 2009 to 2013 (after the financial crisis); see Figure[ll We choose different thresholds a,,. When
po = 0.05 the null hypothesis of an iid sequence is accepted for 2002-2006 and 2009-2013, but not for
2006-2010. The null hypothesis of a fitted GARCH process with 02 = 2.37x1077+0.1X2 ; +0.802_,
and iid ¢-distributed noise with 4 degrees of freedom is also rejected by the GRT for 2006-2010. For
this latter period, the stationarity assumption may be doubted. We repeat the GRT's for pg = 0.02
in the periods 2002-2006 and 2009-2013. In the latter case the iid null hypothesis is still not rejected
while it is rejected in the former case. The abrupt change of the behavior of the GRT may be due
to the sample size (roughly 1,280 for each time series). For py = 0.02 one would use only 2% of the
data for the calculation of the GRT.

Our simulation study points at some of the problems one has to face when using goodness of
fit tests based on the extremes of a time series. A major problem is the choice of the threshold
am- A data driven choice would be preferable but we do not have a theoretical answer to the
problem. We propose to use graphical methods to compare the shapes of the extremogram and the
integrated periodogram for different thresholds and to choose a sufficiently high threshold where the
shapes stabilize. A message from the simulations is that the sample size n should not be too small.
For example, the GRTs in Figure [ with n & 1,280 give rather distinct answers when switching
from py = 0.05 to pg = 0.02. The sample extremogram and the integrated periodogram render
meaningless for too high thresholds because most indicator functions of extreme events will be zero.
The simulation study indicates that it is useful to exploit the true quantiles of the GRS (obtained
by simulation from a model under the null hypothesis) as well as corresponding bootstrap-based
quantile of the GRS. In particular, when the null hypothesis is incorrect the two 95% quantiles
(say) will typically differ, pointing at the incorrect null hypothesis. We do not address the problem
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of goodness of fit tests in the case when the null hypothesis depends on estimated parameters; the
asymptotic theory does not change under mild conditions on the convergence rates of the estimators.
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FIGURE 3. Density of the normalized GRS (solid line) and its bootstrap approx-
imation. The sample size is n = 2,000. and the thresholds a,, are chosen
such that pg = P(X > a,,) = 0.10, 0.05, 0.03 corresponding to the first, sec-
ond and third column. Top: The sample is drawn from the ARMA(1, 1) process
X; =08X;_1+0.1Z,_1 + Z;, where (Z;) is iid t-distributed with « = 3 degrees of
freedom. Bottom: The sample is drawn from the GARCH(1,1) process X; = 01 Z;,
where 07 = 0.1 + 0.1X2 , + 0.8407_; and (Z;) is iid t-distributed with 4 degrees
of freedom. In this case, the index of regular variation for (X;) is o = 3.49; see
Table 2 in Davis and Mikosch [9].

5. PrROOF oF LEMMA 3]

Part 1. Recall the series representations of J,, 4(g) and Ja(g) from () and (L), respectively.

Then for every fixed k > 1, large n,

k
Jn,alg) — Jalg) = (CO(Q)WA(O) —74(0)]+2) enlg) Falh) — VA(h)])
h=1

n—1 00
+2 ) enlg) Fa(h) —va(h)] =2 cnlg) va(h)
h=n

h=k+1
= L(k)+ L(k) — Is.
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FIGURE 4. Paths of the integrated periodogram (n/m)%3|.J,, 4 — EJ,, a| with pg =
0.05 for samples of size n = 2,000. Top: We work under the null hypothesis of the
ARMA(1,1) model X; = 0.8X;_1+0.3Z;_1+ Z;, where (Z;) is iid ¢t-distributed with
a = 3 degrees of freedom. Left: The sample is drawn from the null model. The
lower and upper dotted lines y = 11.9 and y = 12.9 correspond to the bootstrap-
based and true 95%-quantiles of the GRS, respectively. The null hypothesis would
be accepted. Right: The sample is drawn from the ARMA(1,1) process X; =
0.8X;-1 +0.1Z;_1 + Z; with the same distribution for (Z;). The lower dotted line
y = 6.84 is the bootstrap-based 95%-quantile of the GRS. Based on it, the test
would reject the null. However, it would accept the null if one chose the 95%-
quantile of the null model. Bottom: We work under the null hypothesis of the
GARCH(1,1) process X; = 0¢Z;, where 07 = 1077 + 0.1X2 | + 0.8102 ; and (Z;)
is iid t-distributed with 4 degrees of freedom. Left: The sample is chosen from the
null model. The lower and upper dotted lines y = 6.4 and y = 8 correspond to the
bootstrap-based and true 95%-quantiles of the GRS, respectively. The null would
be accepted for both quantiles. Right: The sample is drawn from a GARCH(1,1)
process with 02 = 107 + 0.1X2 | + 0.8402 ; and the same distribution of (Z;).
The lower dotted line y = 7.4 is the bootstrap-based 95%-quantile of the GRS.
The null would be rejected in this case while it would be accepted if one used the
95%-quantile y = 8 based on the null hypothesis.



22 T. MIKOSCH AND Y. ZHAO

FiGURE 5. The sample of size n = 2,000 is drawn from a stochastic volatility
process X; = 0¢Z; with log-volatility logo, = 0.9logo;_1 + €; for an iid standard
normal sequence (¢;), Z; is t-distributed with 3.6 degrees of freedom. Left: Sample
path of (n/m)%®|J, 4o — EJ, 4| with py = 0.05. The lower and upper dotted lines
y = 7.8 and y = 10.2 correspond to the true and bootstrap-based 95%- quantiles
of the GRS under the null hypothesis of a GARCH(1,1) process X; = 07 with
52 =6.23x 1073+ 0.1X2 | 4 0.852 , and iid t-distributed (Z;) with 4 degrees of
freedom. This process has tail index 3.68; see Table 1 in [9]. The test clearly rejects
the null hypothesis. Right: Sample path of the integrated periodogram absolute
value n%5|.J,, 4 — 1074 (0)]. The dotted line is the 95%-quantile of the distribution
of the supremum of the absolute values of a Brownian bridge. The test clearly
rejects the null hypothesis that (X;) is iid.

Then I3 — 0 as n — oo since (ya(h)) is summable and ET; (k) converges to zero as n — oo due to
regular variation, for every k. In view of (ZI)) in (M),

n—1 n—1

B Y At = |7 30 (-helo) (n )

n
h=r,+1 h=r,+1

IN

o0
cm g & —0, n—oo,
h=r,+1

and (22)) in (M) implies

hm hmsup‘E Z Fa(h)en(g ‘<c lim limsupm Z prn=0.

k=00 n—oo he—kt1 k=0 n—ooco he—kt1

Since limg 00 D pe i1 ¥A(h) = 0, we have limg o limsup,, , ., [Elo(k)| = 0. This proves Part 1.
Part 2. It follows from Theorem 3.1 in Davis and Mikosch [7] that F4(h) L ~va(h), h > 1. Hence

2
I (k) L 0 as n — oo for fixed k > 1. It remains to show that limy_ o lim Sup,, o var(l2(k)) = 0.
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Ficure 6. GRTs for 1,560 Goldman Sachs 1-minute log-returns. Left: The inte-
grated periodogram (n/m)%5|.J,, 4 — EJ,, a| with py = 0.05 under the null hypothe-
sis that the data are generated by the GARCH(1, 1) model 07 = 0.019+0.1X72 , +
0.8702_, with iid t-distributed noise with 4 degrees of freedom. The lower and up-
per dotted lines y = 7.6 and y = 12.3 represent the true and bootstrap-based 95%-
quantiles of the GRS under the null hypothesis. The hypothesis of GARCH(1,1)
is clearly rejected. Right: The integrated periodogram n®3|J, 4 — 1074 (0)| with
po = 0.05 under the null hypothesis of an iid sequence. The dotted line repre-
sents the asymptotic 95%-quantile based on the approximation of the GRS by the
supremum of the absolute values of a Brownian bridge. The null hypothesis is not
rejected.

We have
Tn n—1
B =2( 3 + 3 )enl9)Fah) = ya(h)] = 2La1 (k) + 21z
h=k+1 h=r,+1

In view of Lemma [Tl we get the bound

Tn Tn—h

m2
V&I‘(Igl(k)) < 7 Z Z |Ch(g)ch+l(g)| X

h=k+1 1=0
n—h—l n—h
(|F(0,h,0,h+ D+ > TOhtt+h+D)+ > [TOR+1tt+ h)|)
t=1 t=1
= Q1 +Q2+0C3.
Since |cx(g)] < ¢/h (see (21T)),
m2 Th Tn mg Tn S
@i = e— > len(@)] D les(g)lps = c— > es@lps > lenlo)]
h=k+1 s=h s=k+1 h=k+1
2 Tn
m -1
< c— B 1 ,
< e Z pss~logs

s=k-+1
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FIGURE 7. GRTs for daily Euro-USD FX rate log-returns 2002-2006(top, n = 1, 280),
2006-2010 (middle, n = 1,279), 2009-2013 (bottom, n = 1,281). The graphs show the
integrated periodograms n0‘5|Jn,A —074(0)| under the null hypothesis of an iid sequence
and (n/m)°5|J,, a—EJ,, a| in the case of a fitted GARCH model. Under the iid hypothesis,
the dotted lines represent the 95%-quantile obtained from the limiting supremum of the
absolute values of a Brownian bridge. Under the GARCH hypothesis, the dotted line
represents the bootstrap-based 95%-quantile of the GRS. Top: FX rate log returns 2002-
2006 (n = 1,280). We test under the iid null hypothesis. For po = 0.05 (left), the null is not
rejected. This is in contrast to the case pg = 0.02 (right) which leads to a clear rejection.
The qualitative difference may be due to the relatively small sample size which renders
the test statistics meaningless. Middle: FX rate log returns 2006-2010 (n = 1,279). Left.
The iid null hypothesis with po = 0.05 is rejected. Right. A GARCH(1,1) model with
02 =237%x10774+0.1X2 1 +0.8072 ; and iid t-distributed noise with 4 degrees of freedom
is fitted to the data. The null hypothesis of this GARCH is clearly rejected. Bottom:
FX rate log returns 2009-2013 (n = 1,281). The iid null hypothesis with po = 0.05 (left)
and po = 0.02 (right) is not rejected.
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and the right-hand side converges to 0 by first letting n — oo and then k& — oo, using [22)). Since
the structures of Q2 and Q)3 are similar we restrict ourselves to showing Q2 — 0 as n — 00, k — oc.
We observe that

Tn Tn 27y n
1
Q2| < > ZE(ZJF > )Nkt + )
h=k+1s—=h -1 t=2r 41
mlog? r, Sl mlog . 1 o 2
< omeg, S S e (n 35 mn)
" h=k+1 h=rp+1 h=k+1

In the last step, we used (24). The right-hand side vanishes as n — oo and k — oo. Finally, we
conclude that limy_, o limsup,,_, . var(Is;(k)) = 0.
Now we turn to bounding var(lsz). In view of Lemma [Il we have

var(l)) < 2 Z Z|ch es(g (|F(Oh0$|+Z|FOh,t,t+s)|
h=r,+1 s=h
n—h
+Z|r<o,s,t,t+h>|):Q4+Q5+Q6.

=1
We have by (2.17),

m
< -
Qi < e Z Z|Ch 9)l |EIoL|
h=r,+1 s=h
2 n—1
< Jv 2
s o Z Z - pg) + pg)]
h=r,+1 s=h
D DI L RPN
nry, -
h=rp+1

The terms @5 and Qg can be treated in a similar way; we focus on Q5. By (ZI7),

n—1 h4r, Tn
Qs < Z D (hs) ™Y L0, bt t+ )|
h=r,+1 s=h t=1
m2 n—1 n—1 n—s
- -1
te— Y D D> (hs) PO At t+ )]
h=r,+1s=h+1t=r,+1
m2 n—1 n—1 Tn
- -1
te— D > D () 'T(0,htit+5)|
h=r,+1s=h+r,+1 t=1
= Q51+ Q52+ Qs3,
and
n—1 h+ry, Tn
G < S Y Y (o) 48
h=r,+1 s=h t=1
m > T
< el — 2—")—>O — 0.
< C(n Z &n + (mpo) - , N — 00

h=r,+1
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Next we consider Q52 and Q53. By [23]), we have

n 2 [e%e}
SRR S M(ElD MR S

h=r,+1 s=h t=r,+1 t=r,+1

The right-hand side converges to zero by using the assumption m log*n /m = O(1) and the condition
@I). Similarly, using (23), we obtain

m (oo}
Q53 < cm Z &n -
h=rp+1
We conclude that var(ls2) — 0 as n — .
We proved above that E(J, 4 —Ja(g))? — 0, hence J,, a(g) N (9), combined with (1), yields

° alg) & J5(9).

6. PROOF OF THEOREM

We start by proving (B3). An application of the continuous mapping theorem in C(IT) and
Lemma [ yield in C(II) for every k > 1,

k k
()0 (o (34(0) — ETA(0) + 23t (Fah) — BFA(R)) S 020 +2 3 nZi
h=1 h=1
Here (Z},) is a mean zero Gaussian process with covariance structure specified in Lemma[dl In view
of Theorem 2 in Dehling et al. [12] relation B3] will follow if we can prove the following result.

Lemma 23. Assume that the conditions of Theorem[I3 hold. Then for any e > 0,

hm hmsupP( n/m)% sup’ Z Pp (A (h) — EﬁA(h))’ > 5) =0.

k=00 n—oo heft1

Proof of Lemma [23. We borrow the techniques of the proof of Theorem 3.2 in Kliippelberg and
Mikosch [I9]. Without loss of generality we assume that k¥ = 2% — 1 and n = 2! where a < b are
integers; if k or n do not have this representation we have to modify the proof slightly but we omit
details. For integer ¢ > 0 and some constant x > 0 to be chosen later, let e, = 2-24/%  We have for
>0,

Q = P((n/m)"® sup | S Galt) - ERam) )] > ¢)

h=k+1
< P((/m)* Z sup 2q§fl(%(h) — EAa()¥n (V)| > ¢)
a=a h=24
< P(ieq > 5) + P( Lbj {(n/m)o'5 sup qzil(%(h) - EWA(’I))W(/\)‘ > Eq})
g=a = h=24
< > ((/m)” supfq > Ga(h) — a0 e )| >e0) = ZQq
qg=a h=24

In the last steps we used that P(>" g=a €q > €) vanishes for fixed e and sufficiently large a. Next
we will bound the expressions Qq. Write J,, = {(v —1)29+1,...,v27} and for j € J,, and
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A € [0,27%47],
29+l _q
Yo (A = (n/m)*® >~ (Fa(h) — Eya(h))n(A + (j — 1)m27) .
h—24
Then
_ 0.5
Qq N P((n/m) v:I{l,»af?q jréli)i Ae[(j_l)ﬂgfsngldﬂgﬁqﬂ]
24t _1
| Y Galh) — Bam) en(V)| > <)
h—2a
2q
< P 05 ma S >e -
< 2 P((/m) max  swp V)] > e) = ZQq

We will bound each of the terms ()4, by twice applying the maximal inequality of Theorem 10.2 in
Billingsley [I]. For this reason we have to control the variance of the increments of the process Yy,
both as a function of A and j. In particular, we will derive the following bound

20+l 1

n ~ ~ i 2 . ./
(6.1) 2B( Y Gath) = Ba)dn(w,0,5,5)) " < elj =3P = wf* Kia,
h=24

where 3 is the Holder coefficient of the function g,

Tn

Kk,ngc{ Z Eh+m Z ph+7"n/m}

h=rp+1 h=k+1
and for j < j' in Jg,, h € {29,...,29%1 — 1} and w < A in [0,272¢+ 7],
(6.2) dp(w, A, 5,7")
= (wh()‘ + (]I - 1)7T2_2q+1) — A+ (5 — 1)7T2—2q+1))
—(¥n(w + (7' = Dr2721) — g (w + (j — 1)r272))

A-(j —1)m27 20t wH(j' —1)m27 29+
= / g(x) cos(hx)dx — / g(x) cos(hx)dx
A (j—1)m2— 29+t wH(j—1)m2—2a+1

('~ Dm2 20t

- /( (9(36 + A)[cos(h(xz + N)) — cos(h(x + w))]

j—1)m2—2a+1
~[g(z +\) — g(a + w)] cos(h(z + w))) dz .

Since g is S-Hoélder continuous we have

(' —1)ym2~ 2q+1
‘/ (z+ ) — g(z + w)] cos(h(w + x)) dm’<c)\ W) (5" — )27
(G-

1)r2—2a+1

Similarly,

‘/] —1)m2~ g(z + N)[cos(h(X + x)) —COS(h(w—Fz))]dx‘

(j—1)m2—2a

(j'—1)m2724
| /( (2 + N)(2sin(h(\ — w)/2) sin(h(A + w + 22)/2))da

1)m2—24

IN

ch(A = w)(j' = §)27% < e(A = w)(j' = j)277.
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The last two inequalities yield for a constant ¢ only depending on g,
(6.3) Jdn(w, A, 4, 5] < €A —w]? | = 5127,

Using this bound, we have

20t g
n - - 02
ZB( Y Galh) — Eah) du(w, 7,4,7")
h=24
24l 190+l 1
< S 2y o 12809—2¢ 1 ~ ~
(6.4) < elj=dPR w2 Y T Y T eov(Fa(h). Fals))] -
h=24 s=h
In what follows, it will be convenient to write glqz = ,2;:21;1 igl_h_l. In view of Lemma [T we
can bound the last term in (64 as follows:
n ()
— D Jeov(Fa(h).Fa(h + 1))
h,l
(q) n—h—1—1

- %Z‘(n—h—l)F(O,h,O,h—H)—F S (n—h—1—t)0(0,ht,t+h+1)
h,l t=1

—h—1

> min(n—h—ln—h—t)['(0,h+1tt+h)
t=1

—~(n = h)(n— h = 1)(on = p3)pass — p3)|

q) h+rp h+ti+ry

n

+

—~

< m [|F(0,h,0,h+l)|+ ST, 6t +h D+ S DO, h+ Lt t+ Bl

h,l t=1 t=1
1 n—h—I[—1

+—‘ n—t—h—UOT0ht t+h+]1
- t:g;nﬂ( )I( )

n—h—1

+ > (n—t—WTO,h+1tt+h)

t=htltrn+1

~(n = h)(n—h = )(pn — p3) a1 — )|
= Wi+ Wo+Ws+ Wy,

We will treat two cases of interest for the sums E;lqg: when 29t — 1 < r, and 29 > r,. If

29 <, < 29tt — 1 the sums E;qu can be split into two sums corresponding to h < 7, and h > 7,
and these can be treated in a similar fashion.

We start by studying the case 2971 —1 < r,,. Then r,, > 2971 —1 > h > 29 > k and consequently
20t _ p —1 <29 Thus, Wi < 29m ZZ":,CH phr . The terms Wy, W3 have a similar structure and
can be treated in the same way; we focus on Ws. Then we get the following bound from Lemma [I]

Tn 21,

W2§C22q {m Z Pht+m Z §h+(rn/m) .

h=k+1 h=r,+1
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In view of [24), we also have

(q) n—h—1
m
Wy < EZ[ > (n—t—h =000 t,t+h+1)— (pn— 1) (Drs — 1o)|
h,l t=h+r,+1
n—h

+ Z (n—=t—=h)|TO,h+1t,t+h) = (pn — po) (Pr+i — Pd)|
t=h4rp+1+1

+enrn|(pr — p3) (Ph+t — Pd) @

Tn

< 2%m z”: fh—l—c%(m Z ph)2.

h=rp+1 h=k+1
Next we assume that 27 > r,,. By (23) and (24),
20t 1 ry T
Wi < om0 D N(0,0,h,h+1) = (po — p3)(pr — pi)| +2'm Y (po — o) (1 — p7)
h=29 1=0 1=0
20+l 109+l _p_q
+m Yy IT(0,0, h, h+1)|
h=20  l=r,+1

> 24y
< q n 2'
< c2'm Z &n + — (mpo)
h=rn+1

We again focus on Ws; W3 can be treated in a similar way.

20t 1 o h h+rn 29+l 1 by,
we < om 3 (0 (+ X X )+ Y D)) Ot D)
h=2a I=1 t=1 t=rp+1 t=h+1 I=rp+1 t=1
< 924 22q7"_n 2
< e?'m Y bate —(mpo)

h=rnp,+1
To obtain the bounds for Wy we use ([2.4)):

20+l 120+l _p_q [ n—h—l

wa o< 3y S -t-h-1

h=24 1=0 t=h+r,+1

|0, h, t,t +h+1) = (pn — po) (Prti — Po)|

n—h
+ > (n—t=h)|DO,h+ 1t t+h) = (o — po)(Prti — PD)|
t=h+r,+1+1

+en2?|(pn — ) (Prrt — P3) ‘]

< 2*'m Z §t+c(2q/m)<m Z §h> .

t=rp+1 h=rp+1

Collecting the bounds for W;, i < 4, and using (6.4]), we finally proved (G.1).
Using this bound, we can apply the maximal inequality of Theorem 10.2 in Billingsley [1] with
respect to the variable A < 27247 and for fixed j,j’:

P(OSAH%%)—{M,T Y;(0) =Y (Nl >eg) = 05;2(272(1”)25 (G—3) Kin

< 024q(1—[3+n71) ((j— j/)2—2q)2 Ko -
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Another application of this maximal inequality to maxg<<o-24, |Y;(A)| with respect to the variable
J € Jg,0 yields
Qqv = P( max max |Y;(\)] > Eq) < c24‘1(271*ﬁ+"71)Kk7n.
je{(v—1)29+41,...,v29} 0<A<2—2a7

Then we also have
2q

Qq = Z Q‘TU < C24q(3/4*ﬁ+5*1)Kk1n
v=1

The right-hand side converges to zero as ¢ — oo provided 8 € (3/4,1] and & is chosen sufficiently
large. Therefore we conclude for every e > 0,

b 0o
(6.5) Q<Y Qg < cKyy Y 24B/A=0HT),

q=a q=a

The right-hand side converges to zero by first letting n — oo and then k — oo. This concludes the

proof of ([&3).

Next we turn to the proof of [BA]). It will follow from B3] once we prove the following lemma.

Lemma 24. Assume that the conditions of Theorem[I4 hold. Then for any e > 0, as n — oo,
P((n/m)"? 50D | (Tn.AO) = BJua) = (Jn.aO) = BJuaV)| > e) = 0.
Proof of Lemma[Z]): For any fixed k > 1 we have
P((n/m)*® sup | (T a3 = Bna) = (a3 = Bua)] > )

IN

P((n/m)° sup]Z Talh) = BTa(h) (4n (V) = Gn()| > £/3)

+P((n/m)*®sup | 37 (Falh) = EFa(h)vn (V)] > 2/3)

AT h—k—i—l
+P((nfm)°? sup| Z Tah) = ETa(R)Bn(N)] > /3)

= Vit+Va+V;.

An application of Chebyshev’s and Holder’s inequalities yields,
k

Vi < 9e2 Bsup (Ya(h E;?A(h))(d)h(/\)_&;h(/\))r
moaen';—)
< CEE%;) Ta(h) = E7a(R)*[n(N) = © Iles ey
< ck— Zvar Fa(h sup‘d)h 1]1\;1(3:)‘

xell

Next we will study supycpy [¥n(A) — ¢n(N)|. Trivially, for z € I,

\/j Cos(h)\)g()\)d)\‘gc/m



THE INTEGRATED PERIODOGRAM OF A DEPENDENT EXTREMAL EVENT SEQUENCE 31

where the constant ¢ only depends on g. We also have for the frequencies x € II,
[¥n (wn(fvn = Pn(wn(@n))|
wn, ()
‘ (/ c0s(hX) g(A) dA — wn (1) cos(heon () g wn (D))

n(i—1)

wn (1)
(6.6) < / cos(hA) (g(A) — g(wn(7))) dA
wn (i—1)
‘ Z (sm (hwn (7)) — Zin(hwn(i -1) wn(1) cos(hwn(i)))‘ .
(6.7)

Since g is f-Holder continuous there exists a constant ¢ > 0 such that

90 = gwa(D)] S e, A€ [wnli — 1), wn(d)].

Therefore the term in (6.6) is bounded by ¢n™?. A Taylor expansion as z — 0 yields sin(z) =
z —23/3! + o(2®). Then we have for h < n,
‘sin(hwn (7)) — sin(hwn (i — 1))
h
- ‘2;1*1 sin(hwn (0.5)) cos(hO(i + 0.5)) — wa (1) cos(hwn (i))‘

—wa(1) cos(hwn(i))‘

‘2h*1(sin(hwn(o.5)) — hwn(0.5)) cos(hB(i + 0.5))
Fwn(1)(cos(hwn (i + 0.5)) — cos(hwn (i)))‘
< clhwa(1))® + wn(l)‘Q sin(hwn (0.25) sin(hwn (i + 0.25))‘ <c(B*n %+ hn?).

Consequently, we have the bound ¢(k/n)(1 + k?/n) for [61) uniformly for z € IT and h < k, Thus,
uniformly for h < k,

sup [n (@) = Gn ()| < e[n™? + (k/n)(1+ K /n)].

As we have shown in Lemma H (n/m) ZZ:O var(Ya(h)) < ck; see also Davis and Mikosch [7],
Lemma 5.2. Thus, as n — oo,

Vi <clk*n™f + (k3 /n)(1 + &k /n)] — 0.
It follows from Lemma 23] that limy_,o limsup,, , ., V2 = 0. We adapt the proof of Lemma 23] for
the case V3. Abusing notation, consider
di(w, X4, 3) = (Gn(A+ (' = Dm272 ) =y (A + (= Dm0 )
—(n(w + (' = )m2729Y) — P (w + (j — r2720H)
Recall that we assume n = 2° for some integer b and z,, = [nx/(27)]. Therefore for A € IT and
integer j,
A+ —Dr272 ), = [nA/(27) + (5 — 1)27%0%]
[nA/(2m)] + (j — )220+
= A+ (j—1)27%F,
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Thus we can write

dh’(w7)\7j7j/)

9 An+ (i’ —1)20 724
v . .
= = Y glwnd) cos(hwa ()
i=XAp+(j—1)20—24
wn (5 —1)2" 2

2

N plen) costhun()
i=wn+(j—1)20—24

(j'—1)2b—2a
= TS (gnOn + )eos(wn(An + ) — cos(hn(wn + )]

n
i=(j—1)2v—2a

~[9enOhn +8)) — g(nen + )] cos(hn(n +1))) = Ts + T
Calculation yields

||
T3]

N
S
€

S

(M) = wn (@)l (7" = )2729|27 < e| (A — wn) /0| (5" — 5)27%7]27,
(An) = wn(wn)l?| (" = )27 < |\ —wn)/n]”| (G = 5)272].

N
el
(S

S

Combining these bounds, we have,
|dn(w, X, 3, 57)| < el (An — Wn)/n|5‘(j/ - j)272q‘2q .

In the remaining argument we can follow the proof of Lemma 23} the only difference is that we have
to replace the supremum over \,w € [0,j272971] by the corresponding quantities M\, /n,w,/n €
[0, j272¢F1]. This proves
limy, o limsup,, ., V3 = 0 and concludes the proof of the lemma.

The proofs of [B.6) and ([B.7) are completely analogous. Instead of the relations (Z8]) one has to

use (ZI0).

7. PROOF OF THEOREM [I7]
We adapt the proof of Theorem We need to prove that

(q)
n> Jeov(Fa(h),Fa(h +1))| < 27,
Rl
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where Z;qu is defined in the proof of Lemma 23] Here h > 7.

(a)
n Z ‘cov(fva(h), Fa(h + l))’

2 () n—h—1—1

- m—Z‘(n—h—l)F(O,h,O,h+l + 3 (n—h—1-t)0(0,ht,t+ h+1)
L t=1
n—h—1

+ 3 min(n—h—l,n—h—t)F(O,h—t—l,t,t—t—h)‘

2at1l_q 20t 129+l _p_q
< m® ) 0,0,k k) +m? Y Z I0(0,0, h, h + 1)
h=24 h=24
q) n—h—l1—1 () n—h—1-1
+m? DO, ht,t+h+D[+m?>> > DO,h+1t,t+h)
h,l t=1 h,l t=1
oa+1l_q 2a+1_q n
= m? Z I0(0,0,h, k)| +m? > > |I(0,0,h,h+1)
h= h=29 [=1
2q+1 1 7 2a+1_q n n
Y ZZ|F O, bttt +h+D)+m® > S S T(0,h+1t,t+h)|
h=29 [=1 t=1 h=29 [=1 t=1
< 2!

In the above calculation, we use the facts that for s <t <wu < w, I'(s,t,u,v) = 0 where t — s > 7
orv—u>n.
In the remaining argument we can follow the proof of Theorem I3} instead of Lemma [ we use
the central limit theory of Lemma [Gl 0
8. PROOF OF THEOREM [2]]

We will mimic the proof of Theorem[IHl We start by proving a result for the bootstrapped sample
extremogram 7% analogous to Theorem 201

Lemma 25. Under the conditions and with the notation of Theorem [20, for h > 0,
k(s RS ([ P
d((n/m)0'5 ('VA(z) - F VA(z))i:O,...,h’ (Zi)izow,’h) -0, n—o00.

Proof. We start by observing (see Lemma [27]) that for h > 0

~% m *T T
E*’}/A(h) = E (TL - h)E Il*Il*J,-h,
” moo~ s
= Q=h/n) Fa) + = > T
n t=n—h+1
o~k m *xT T
E ")/A(h) = E (n — h)E Il*I(l-‘rh)*

= (=h/m A= Fam) + = Y Tl

t=n—h+1
where we interpret indices larger than n modulo n, and therefore

(8.1) (n/m)*®[(1 = )" E*F4(h) — E*F4(h)] = Op(m™") 50,
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where we used that 7 —p¢ = Op(1/y/mn). By virtue of Theorem 20 it suffices to show that for
any € > 0 and h > 0, as n — o0,

P ((n/m)*2|(1 = 0) (Fa(h) — E*Ta() — (Ba(h) — EFa(0)] > ) S 0.
Markov’s inequality ensures that it suffices to prove that
%Var*((l —0)" 753 (h) — 74 (h) B0, no oo
We observe that
Zvar® (1 0)"Fa(h) ~Fa(h)
var

= m(l— (Tl*f(uh)* -(1- ‘9)hfl*171*+h)

1

zh: h—|—5

=1
(T T hT T T T hT T
cov (11*11+h)* — (1= )" T Toen Ty T sagny- — (1— 0) I(HS)*I(HS)*M)

n

V>

>

= m(1- —)var (Il*I(Hh)* —(1-0 11*11*%)

:3

+2m (1-— [COV*(II*I(1+h)*7I(1+S)*I(1+s+h)*)

“M

—(1 9) V(T Lany= s Latsy L)% +n)
—(1 = 0)"cov* (I1=Tr= 4, L1 sy L1 4s4m)*)
+(1 = 0)*"cov (Il*ll*+h7[(1+s)*1(1+s) +h)] =Q1+ Q2.

We will show that the right-hand side converges to zero in P-probability, where we focus on Q5 and
omit the details for Q1. We start by looking at the summands in Q5 for fixed s < h, using the
structure of the covariances in Lemma 27 The expressions for the covariances in Lemma 27 contain
terms with normalization n~2. For example, by 1) a corresponding term in Q9 is of the order

oo 2 oo 2
m(n_lg IiIHh) :m_l(@g Il-IHh) :Op(m_l),
n
i—1 i=1

since 2 377" Ll 5 ~va(h); see Lemma [l In the latter sums, the I’s can be exchanged by

the I;’s or the fi’s. Therefore all other terms in Q2 with normalization mn =2 converge to zero in

P-probability. Another appeal to Lemma 27 shows that it remains to consider those expressions in
Q2 that are normalized by mn~! again for fixed s < h. From ([83) and ([8I0) we see that, on one
hand, we have to deal with the differences

(8.2) (1— )" % S LLieTinligasn — (1—0) ZL ToonTivsTivain,
i=1 i=1
but both sums are consistent estimators of lim,, oo mP(a,,' Xo € 4,a,,' Xs € A,a,,' X, € A,a,; ' Xoi €
A) (see [7], Theorem 3.1). Therefore B2]) converges to zero in P- probab1hty. On the other hand,
in view of ([B7) and (B8] we have to deal with the differences, for s < h,
n

n
+2n Z 2h m Z 7T
( - S 7 H—s H—hIz—i-s—i-h - 1 - I +hIz+s i+s+h s

which again converge to zero in P-probability. These arguments finish the proof for s < h.
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An inspection of the covariances in Lemma shows that for s > h all expressions with nor-
malization n~2 do not depend on s. The corresponding aggregated terms in Q2 are then given
by

' $ -2 0 )
+(1—9)5+h(n*1iﬁi+h)( Zleh))
+(1-0)"*" (n *lzmh) (nﬂ;mh) — (=0 (n *1§jmh) ]

. _szl(g;fizﬁ-g;am)( Si) 3 (-2 o

s=h+1

_2m*1(% ZZZM—%ZETM)( ZTEM) i: (1_ h:S) (1_9)S+2h
' =1 s=h+1
- OP(l/(e\/ )) —OP( )

In the last step we used (81) and the assumption nf? /m — oo. Finally, we deal with the remaining
terms in Q2. In view of Lemma 27 they are given by

n—h—1
h—|—s ) A A A
2m Z (1- [( -0 n ZI Livslivnlivstn
s=h+1 i=1

_(1 - 0)S+h TL71 Z Ej\—i+hz+sz+s+h

i=1

—(1- 9)S+2h nt Z Ez+h—/[\i+sfi+s+h +(1- 9)s+2h nt Zfz‘fwsfwhfwﬁh]

i=1 1=1

n—h—1 n
h+s s e ~-
= 2m Z (1- )(1—10) thypt Z Lilivn(Livslivsin — Livslivsrn)
s=h+1 i=1
n—h—1

+ 2m Z (1 — 9)s+2h nt Zfszh (fz‘+5fi+s+h - E+s—/[\i+s+h) =Jo.
s=h+1 i=1

Using the assumption n6?/m — oo, we have

n—h—1
Elhl < em > 1=0)"E|LD, — I
s=h+1
n—h—1
< c¢mE|po— 1, Z (1—6)"™" < ¢(m/n)?%071 = 0(1).
s=h+1
This finishes the proof of the lemma. O O

We conclude from Lemma 28] that for any & > 1, as n — oo,

k
a((n/m)* (w0 (F4(0) = E*74( (0)+23 tn (Fa(h — E'7A(R)),

k
¢oZo+2zl/1hZh) Lo,
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where the dependence structure of (Z3) is defined in Lemma [l
The proof of the theorem is finished by the following result which parallels Lemma

Lemma 26. Assume the conditions of Theorem[Z1. Then the following relation holds for 6 > 0

klim hmsupP((n/m sup) Z (A (h) — E*7% ))) > 5) =

00 oo ALty 5

(8.3)

Proof. We follow the lines of the proof of Lemma 23] and use the same notation. We again assume
without loss of generality that & = 2% — 1 and n = 2! for integers a < b, a chosen sufficiently
large, and we write ¢, = 2724/% for k > 0 to be chosen later. Then, for large a depending on & > 0,
the steps of the proof lead to the inequality (cf. ([E3]))

n—1
Q" = P((n/m)*sup| S Falh) - EFam) vn(N)| > )
Ay
b
CZ 24q<0.75—ﬂ+~*1>Kq 7

q=a

IN

where 8 € (3/4,1] is the Holder coefficient of the function g, the number x > 0 can be chosen
arbitrarily large and

24+l _199+1_q
n
K= 2T o @ ol

h=24 s=h

By the Cauchy-Schwarz inequality, for s, h € [29,29%1) and h < s,

(n/m)*|cov* (T4 (h), 74 (s)]* < (n/m)var* (74 (h)) (n/m)var* (T4(s))
We will show that
(8.4) (n/m)Evar*(73(h)) < ¢
for some constant ¢, uniformly for £ < h < n and n. Then
b oo
EQ* <c 224q(3/47ﬁ+n71) <ec Z 94q(3/4—f+r"")

q=a q=a

The right-hand side converges since 8 € (3/4,1] and k can be chosen arbitrarily large. Moreover,
the right-hand side converges to zero as k — oo.
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Thus it remains to show ([§4). In view of Lemma 27 we have

(n/m)Evar” (4(h))

IN

(m/n)|(n — h)Evar” Il*Ilh
(1+h)*

n—h—1
+2 Z n—nh —t ECOV (II*I(1+h)* I(1+t)*I(1+t+h) )]

t=1

(1 = h/n)(1 = 0™ [B(RiT 1)~ B(n” Zﬁlh) I]

n—h—1
+2m >0 (1= (h+t)/m)|n” ) ELTnTiiTiin] (1-0)"
njzsznfhfn -
t2m 3> (A= (h+1) ( ZLLH) (1—6)% — (1 )"t
min(h,ftl:,:bfhfl)
—om Y (- (h+/m)E(n ZUM) (1— )"
t=1
n—h—1

—2m > (1—(h+1t)/n) ( ZIIM) (1-0)*"
t=h

n—h—1
E(LTin)’ +2m > (1= (h+0)/n)(n”! ZEIJMIMEHM) (1 0)"
t=1 i=1
min(h—1,n—h—1)
+2m > (1—(h+1t) ( ZIZIZH) (1—6)*
t=1

Vi4+Ve+ V3.

We observe that, for some constant ¢y > 0,

Vi < mE(LLy)? <em[BLILy + (ETn)z} <empo<cp.

For V3, we observe that for ¢ < n,

mo~? ‘E[fifi+hfi+tfi+t+h - fifi+hl~i+tl~i+t+h} |

< cm9_1E|7n —po‘ =0(y/m/nh™1) =

37

by virtue of the condition n6?/m — co. Therefore, for showing that |Va| < ¢ uniformly for h,n, it
suffices to show that |V2| < ¢, where Vg is obtained from V5 by replacing the It s by the corresponding
I’s. Taking into account ELL 1+t = pt — pg and the Cauchy-Schwarz inequality, we have for a fixed

integer M > 0,

n—h—1 n
_ I
Vs < em 0> EL LT iTienn)
=1

“
> |l
-

n—h—1

= cm |ELTn DDy egnl
t

Il
A

Tn

o0
(mpo)M +cm Y (p+pg)+em > & <c,
t=M+1 t=r,+1

IN
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in view of condition (M) and regular variation. A similar argument as for V5 shows that one may

replace the It s in V3 by the corresponding It s. We denote the resulting quantity by Vg Then we
have

n n—t n
Vo< m> -0 B(n Y L0 Y L)
t=1 i=1 i=n—t+1
n n—t o 9 n n o 9
< cmZ(l — 19)'5E(7f1 ZL-L-H) + cmZ(l — 0)tE(n71 Z IiIiH,n)
t=1 i=1 t=1 i=n—t+1
= ‘731 + ‘732 .

We will only deal with 1731, the other term can be bounded in a similar way. We observe that for
fixed M > 1, using condition (M),

n n—t—1
~ m ~ ~~ o~ o~
Vs < ¢ o Z(l -0)* (E(IlIl+t)2 +2 Z |EIIII+tIl+sIl+s+t|)
t=1 s=1
m n n—t—1
< 0(1) —+ Cg ;(1 — 9 2:1 |E11[1+t11+311+3+t|
< o(l)+c2 f:u—e)t f: (ps + p) + = iu_e)t > &
- n n
t=1 s=M+1 t=1 rp+l1<s<n—t—1,s<t
m > 5
e > (1-0) > (IEL T higsTigsre — (pe — po)°| + (pe — 10)%) -
t=1 rp+1<s<n—t—1,s>t

In view of condition (M), the first two terms on the right-hand side are negligible as n — oo. The
third term is bounded by

Y (1) 3 Eomt +emy_(1-0)"(pe —p})*.
t=1 t=1

rnH+1<s<n—t—1,s>t

Multiple use of (M) again shows that the right-hand side is negligible. This proves 84). O O
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Lemma 27. Under the conditions of Theorem[Z1] the following relations hold for s,h >0 A

(8.5) E'T« =0,
(8.6) E T Tayny=1—0)"n"" ZI Tivn, E'Leliin=n" ZI Iivn,
=1 =1
(8.7) COV*(INl*EwmIN(lH)*f(Hs) +h)
- (1-9) ( Z TilirsTionTisssn — (rfl zn:ETHhY) :
i=1 =1
(8.8) cov’” (E*IA(Hh)* , IN(HS)*IN(HS)*M)
= (1—g)ymen (7171 ififwhiﬂfwwh - (Tfl " fifi+h) (nﬂ iszh)) ;
i=1 i=1 i=1
(8.9) cov” (fl*INl*Hu f(1+s)*f(1+s+h)*)
= (1- O)Hh (rfl z”: Tifi+hfi+sfi+s+h - (Tfl zn:fszh) (Tfl zn:j;znkh)) )
=1 =1 =1
(8.10) cov’” (E*IA(Hh)* , IA(HS)*f(HHh)*)

~~ ~ ~ ~ o~ 2
(1- 9)s+h [7171 S LilivsLign iy sin — (Tfl > Ii—[i+s) ]+
~ o~ 2 o~ o~ 2
n S L1 - 0)3) - (rfl S LLan(1-0)") s <h,
~~ 2
(1—@)s*h (rfl S Tl aTignTipasn — (rr1 ST I,-.mh) ) . s>h.

Proof. Relations (8] and (B6) follow from the defining properties of the stationary bootstrap; see
Politis and Romano [23].

We will only show that (81I0) holds; (87)—(E3) can be proved in a similar (and even simpler) way
but we omit further details. First assume s < h. Recall L; from the construction of the stationary
bootstrap scheme. Consider the following decomposition

)

)\.

E*[L-Tomy-Tagsy Tugsiny]
= E* [11*1(1+h)* (l-‘,—s)*I(l-i-s-i-h | L1 < s] P(L1 <)
+AE* [T T yny- L1y sy Lagssny- | 8 < Ly < h] P(s < Ly < h)
+E* [Il*I(Hh)* (1+S)*I(1+s+h |h<Li<s+h]P(h<L; <s+h)
+E* T Tam Tvsy Lagsiny | L1 > s+ h) P(Ly > 5+ h)
= Q1+Q2+ Q3+ Q4.

~)

We start w1th Q1 For 1 < s < h, Il* is 1ndependent of

(I(1+h) Iy, L) )s gwen (X:), but E*;- = 0 by @3) and therefore @1 = 0. Simi-
larly, for h < Ly < s+ h, I(1+S+h)* is independent of (Il* (14h)*> I(1+s) ), given (X;), and since
E* I(1+s+h « =0, Q3 = 0. Each of the values i = 1,...,n has the same chance to be chosen by the

bootstrap, i.e., P*(ff = fl) =n"tfori=1,...,n. Thus, for L; > s+ h and the chosen i, the
natural ordering (1*, (1 + h)*,(1 + s)*, (1 + s+ h)*) = (i, + h,i + s,i + s + h) is preserved and

21f indices in the sums below exceed the value n they are interpreted in the circular sense, i.e., mod n.
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therefore

Qi = 'Y Ly dignTipesn P(Ly> s +h)

n
= 0 LlipDienTigsrn (1—0)"
By a similar argument, ([80]) and using stationarity, we have

Q> E*[I- (14 -

- *Q(ZIIHS) (-0 (107 -(1-0").

Combining the above expressions and taking into account ([B.6l), we arrive at (8I0) for s < h.
We proceed with the case s > h. Then we have the corresponding decomposition

s < L1 < W E* Ly Tagniey] P(s < Ly < h)

~

E*[L-T1my-T1gsy Tgsiny]

= K" [Il*I(lJrh)*I(lJrs)*I(lJrerh | L1 < h] P(L1 < h)
h<Li<s|P(h<L<s)
s<Li<s+hlP(s<Li <s+h)
Ly >s+h|P(Ly >s+h)

+E* [Il*I(1+h)*I(1+s)*I(1+s+h)*

+E* [fl* f(1+h)* f(1+s)* f(1+s+h)*

+E*[11*I(1+h)*1(1+s)*I(l—i—s—i—h)*
= Q+Q+Q3+0Q;.
We observe that the left-hand side is symmetric in h, s and therefore the same arguments as above
show that Q] = Q5 =0, Q4 = Q) and

Qy = ELeTayne | h<Li <8 EI1yg-Laserny] P(h < L <s)

= —2(2111%) (1-0" ((1—9)"—(1—9)5)

The case h = s can be considered as a degenerate case, where Q) = 0. This completes the proof of

EI10). O O

We conclude with a short discussion of the bias problem of the bootstrapped integrated peri-
odogram mentioned in Remark

Lemma 28. Assume the conditions of Theorem [21] and the additional condition sup,cr |Un(z)] <
¢/h for h > 1 and a constant c. Then the following relation holds as n — oo,

(=) sup [0 (X) (E"F4(0) ~ 7 (0)) +2 th EFa(h) — (1~ 0)"3a(h)|
(8.11) £o.
Proof. We observe that for h > 0,

E*qi(h) — (1=0)"3a(h) = (1—=0)"[(Fa(h)+7Fa(n = h)) —7a(h)]
(8.12) = (1-0)"[Faln—h)—mpo—1,)%].

For fixed h we have (n/m)%5m(po — In)? = 0 as n — oo and
(n/m)** BlFa(n — ) < c(m/n)*hpo 0, 1 o,
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Therefore it suffices to show that
n—1

T s h~
Jim 1171?jolipP(itelg h§1¢h(A) (E*74(h) — (1 -0) ”YA(h))’ > 5) , 6>0.

Keeping in mind §I2]), we have

(n/m)"™*m(py — In) sup} Z n(N(1 = 0)*| = 0p(1/(0v/mm)) = op(1),

h=k+1
where we used 6?n/m — oo, and
(n/m)° sup‘ Z Up(A )WA(n—h)‘
h=k+1
n—k—1
< (nfm)sup| > v N) (1= )" [Fa(h) = m(1 = h/n) (o — 58)]
n—k—1
H(n/m)" sup| Z G nN) (1= 0)" " m(1 = h/m) (o1, — 53)|

= L+

Under the assumption sup,cq [#n(x)| < ¢/h uniformly for h > 1, we have for small € > 0,
I, < (m/n)0'5cZ§h -0, n—oo.
h=1

Now we can adapt the proof of Lemma 23] to prove that
hm limsup P(I; >4d) =0, 0>0.

k—00 n—oo

This proves (8I1)). O O

However, under the assumptions of Theorem [T it is in general not possible to replace the quanti-
ties (1—6)"4(h) in @II) by Fa(h), i.e., in general we do not have the relation (n/m)*>(E*J: , —

In,A) £ 0. Indeed, taking into account (8II) and assuming 7-dependence for (X;), we have
E~4(h) =0 for h >n and

(n/m)**(E* T} 4 = Jn.a)

2(n/m)*? Z Un(A) [(1 = 0)" — 174 (h) + op(1)
h=1

2(n/m)®> S (V) [(1 — )" — 1] (Fa(h) — EFA(R))
h=1

2(n/m)>* Y Yn(N) [(1 = 0)" = 1](1 = h/n)m(py — p3) + op(1).
h=1

An argument similar to the proof of Theorem [I5] shows that the first term on the right-hand side is
stochastically bounded, while the second term may diverge (for example, if v4(n) > 0 and ¢, # 0)
since it is of the order 8(n/m)°5 which converges to infinity in view of the assumption 6?n/m — oo
which is vital for the proof of the consistency of the stationary bootstrap.
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