N
N

N

HAL

open science

Threshold selection for cluster inference based on large
deviation principles

Gloria Buritica, Thomas Mikosch, Olivier Wintenberger

» To cite this version:

Gloria Buriticd, Thomas Mikosch, Olivier Wintenberger. Threshold selection for cluster inference
based on large deviation principles. 2021. hal-03269176v1

HAL Id: hal-03269176
https://hal.science/hal-03269176v1

Preprint submitted on 23 Jun 2021 (v1), last revised 20 Jul 2022 (v4)

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://hal.science/hal-03269176v1
https://hal.archives-ouvertes.fr

June 23, 2021

THRESHOLD SELECTION FOR CLUSTER INFERENCE
BASED ON LARGE DEVIATION PRINCIPLES

GLORIA BURITICA, THOMAS MIKOSCH, AND OLIVIER WINTENBERGER

ABSTRACT. In the setting of regularly varying time series, a cluster of
exceedances is a short period for which the supremum norm exceeds a
high threshold. We propose to study a generalization of this notion con-
sidering short periods, or blocks, with £ —norm above a high threshold.
We derive large deviation principles of blocks and apply these results to
improve cluster inference. We focus on blocks estimators and show they
are consistent when we use large empirical quantiles from the ¢ —norm
of blocks as threshold levels. We derive an adaptive threshold selection
method for cluster inference in . Our approach focuses on the case
p < oo rather than the classical one for p = co where the bias is more
difficult to control.

1. INTRODUCTION

We consider an R%valued stationary regularly varying time series (X);ez
with generic element X; see Section 2.1 for a definition, cf. Basrak and
Segers [4]. It is natural to wonder about the impact of an extreme event
on the future behavior of the sequence. Often an exceedance of a high
threshold by the norm |X;| for some t triggers consecutive exceedances in
some neighborhood of t. We refer to them as a cluster (of exceedances).
This notion was implicitly introduced in the seminal paper by Davis and
Hsing [10] and reviewed in Basrak and Segers [4], Basrak et al. [3].

For inference purposes we divide a sample (X;)i<¢<p into disjoint blocks
(X (s=1) bp+[1,bn])1<s<|n/b,| for a sequence of block lengths (b,) such that
b, — oo and b,/n — 0 as n — oo. Typically, inference on clusters starts
with selecting blocks whose supremum norm exceeds a high threshold zy,
for a sequence (x,) such that nP(|Xo| > x,) — 0 as n — oo; see Kulik and
Soulier [22] for a detailed recent treatment. We generalize this approach
by considering blocks whose fP—norm exceed a high threshold. We define
cluster processes in the space /P = (P(R?) in such a way that we recover
the classical clusters letting p = co. Our main goal is to improve inference
procedures for functionals acting on cluster processes in /¥ by proposing an

2020 Mathematics Subject Classification. Primary 60G70 Secondary 60F10 62G32
60F05 60G57.

Key words and phrases. Regularly varying time series, large deviation principles, cluster
processes, extremal index.

Thomas Mikosch’s research is partially supported by Danmarks Frie Forskningsfond
Grant No 9040-00086B. Olivier Wintenberger would like to thank Riccardo Passeggeri for
useful discussions on the topic.

1



2 G. BURITICA, T. MIKOSCH, AND O. WINTENBERGER

adaptive threshold selection method for #P-blocks, and to understand the
role which p plays in this context. Our approach heavily relies on new large
deviation results.

For inference on cluster functionals in /P we show that extreme thresholds
are more suitable for block selection than moderate ones. Indeed, the latter
lead to asymptotically biased estimates. This finding points at the delicate
choice of the threshold related to bias and the need for a rigorous definition of
extremal blocks for cluster inference. As a matter of fact, thresholds should
adapt to the block length and take into account the value of p. In the
existing literature for p = 0o no detailed advice is given as to how (b,) and
(xp, ) must be chosen; see for example Drees, Rootzén [15], Drees, Neblung
[14], Cissokho, Kulik [8], Drees et al. [13] who assume bias conditions. It is
common practice to replace zp, by an upper order statistic of (|X¢|)1<t<n,
turning the choice of b,, into a delicate problem which has not been studied
carefully. This problem occurs for example in the context of the blocks
estimator of the extremal index proposed by Hsing [19].

Motivated by results on large deviations, we design consistent disjoint
blocks methods with thresholds chosen as order statistics of /P-norms that
adapt to the length of the block. We show that the choice of p is crucial: the
smaller p the larger the proportion of selected extreme blocks we might con-
sider. This approach reduces the bias compared with the existing methods
for p = co. However, for p < « we need a so-called vanishing-small-values
condition. Then the large deviation principles sustain that the proposed es-
timators perform nicely as regards bias; this is supported by a Monte Carlo
study for inference on the extremal index in Buriticd et al. [7]. In this pa-
per, we focus on the consistency of the blocks estimators. Their asymptotic
normality can be derived by combining arguments from Theorem 4.3 in Cis-
sokho and Kulik [8] and the large deviation arguments developed below; this
topic is the subject of ongoing work.

We apply our inference procedure to estimate the extremal index taking
p = a > 0, the index of regular variation of (X;). We also consider inference
of cluster indices as defined by Mikosch and Wintenberger [27] on partial
sum functionals by letting p = 1. These functionals are shift-invariant with
respect to the backward shift in sequence spaces; see Kulik and Soulier [22]
for details. For p < «, using a simple continuity argument, our approach
allows one to consider a-power functionals acting on ¢P. Coupled with the
random shift analysis of Janssen [21] based on the ath moment of the cluster
process, we also extend cluster inference to functionals acting on ¢P rather
than on shift-invariant spaces.

1.1. Outline of the paper. Section 2 contains an overview on sequential
regular variation, notation and the main assumptions for the large deviation
results to hold. In Section 3 we define the cluster processes in the space
fP. Section 4 includes the main large deviation principles and discussion of
advantages of assessing cluster inference with extreme rather than moderate
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threshold levels. In Section 5 we study cluster inference for shift-invariant
functionals through Theorem 5.1 fixing thresholds as empirical quantiles of
the /P-norms of blocks. We also highlight advantages of choosing p < oo, and
apply our inference procedure for estimating the extremal index as well as
the limit parameters in the central limit theorem for regularly varying time
series. In Section 6 we show inference for non-shift-invariant functionals in
Theorem 6.2. Finally, we defer all the proofs to section 7.

2. PRELIMINARIES

2.1. About regular variation of time series. We consider an R%-valued
stationary process X := (X;). Following Davis and Hsing [10], we call it
regularly varying if the finite-dimensional distributions of the process are
regularly varying. This notion involves the vague convergence of certain tail
measures; see Resnick [31]. To avoid the concept of vague convergence and
infinite limit measures, Basrak and Segers [4] showed that regular variation
of (X;) is equivalent to the weak convergence relations: for any h > 0,

Pz (Xe)jy<n € - | 1Xol > 2) =5 P(Y () jy<n € ) T — 00,
(2.1)

where Y is Pareto(a)-distributed, i.e., it has tail P(Y > y) =y~ %, y > 1, in-
dependent of the vector (©y)}y<, and [@g| = 1. According to Kolmogorov’s
consistency theorem, one can extend the latter finite-dimensional vectors to
a sequence ® = (O;)ez in (RY)Z called the spectral tail process of (Xy).
The regular variation property, say RV, of (X;) is determined by the (tail)
index o > 0 and the spectral tail process.

Extending vague convergence to My-convergence, Hult and Lindskog [20]
introduced regular variation for random elements assuming values in a gen-
eral complete separable metric space; see also Lindskog et al. [25]. Segers
et al. [32] proved regular variation of random elements with values in star-
shaped metric spaces. Their results are based on weak convergence in the
spirit of (2.1). Our focus will be on a special star-shaped space: the sequence
space P, p € (0, o0] equipped with the metric

1/p
4 (xy) im { b=yl = (Siezbe—wl?) " p21 e
Ix =yl pe(0,1),

with the usual convention in the case p = co. We know that d, makes ¥
a separable Banach space for p > 1, and a separable complete metric space
for p € (0,1). Using the p-modulus function || - ||,, the ¢P-valued stationary
process (X;) has the property RV, if and only if relation (2.1) holds with
|Xo| replaced by || Xopllp- Equivalently, (Theorem 4.1 in Segers et al. [32]),
for any h > 0,

Pz Xop € - | [Xjonllp > 2) ~5 P(Y QP (h) € ), T — 00,
(2.2)
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where for a < b, Xjqy = (Xqg,-..,Xp), and the Pareto(a) variable Y is

independent of Q) (h) € R+ "and |QW) (h)||, = 1 a.s. We call QP (h)
the spectral component of Xg p;.

2.2. Notation. For integers i and a < b we write i+[a, b] = {i+a,...,i+b}.
It is convenient to embed the vectors x|, 3 € RHb—a+1) in (R4)% by assigning
zeros to indices i ¢ [a, ], and we then also write x[, ;) € (RY)Z. We denote
x := (x¢) = (X¢)tez, and define truncation at level £ > 0 from above and
below by x, = (x¢ )tez, X° = (X )tez, where x; = z 1([x¢| > €), X§ =
1 (|x¢] < €).

Recall the backshift operator acting on x € (RY)%: BFfx = (z;_1)tez,
k€7Z. Let (P = ¢p / ~ be the quotient space with respect to the equivalence
relation ~ in #P: x ~ y holds if there exists k € Z such that B¥x = y. An
element of 7 is denoted by [x] = {B*x : k € Z}. For ease of notation, we
often write x instead of [x]|, and we notice that any element in /7 can be
embedded in /7 by using the equivalence relation. We define for [x], [y] € /7,

dy([x]. [y]) = inf {d,(B"a,b) :a € [x],b € [y]}.

For p > 0, Jp is a metric on P and turns it into a complete metric space;
see Basrak et al. [3].

2.3. Assumptions. Consider a stationary sequence (X;) satisfying RV,
and let (z,) be a thresholding sequences such that nP(|Xo| > z,,) — 0 and
T, — 00 as n — oo. If the conditions AC and CS, below are required
simultaneously we assume that the sequence (x,) appearing in them is the
same.

Anti-clustering condition AC. For any é > 0,
lim limsup P([| X nllec > 620 | [Xo| > 6 2,) = 0.
k—00 n—oo ’

Condition AC ensures that a large value at present time does not persist
indefinitely in the extreme future of the time series. This anti-clustering is
weaker than the more classical two-sided one:
(2.3) lim limsupP( max [Xy| > dz, | [Xo| > dzp) = 0.

k—00 n—o00 k<[t|<n
A simple sufficient condition, which breaks block-wise extremal dependence
into pair-wise, is given by

n
lim li P(|X,| > 6 Xo| > da,) .
Jim. 1;11_)801(1)19; (IXe| > dzn | [Xol > day)

For m-dependent (X;) the latter condition turns into nP(|Xg| > d x,) — 0
which is always satisfied.

If p < a an extra assumption is required for controlling the accumulation
of moderate extremes within a block.
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Vanishing-small-values condition CS,. For p € (0,a] we assume that
for a sequence (z,,) satisfying nPP(|Xg| > x,) — 0 and for any § > 0, we
have

P(|||zn X |I” = E[[7n X 7] > 0
(2.4) tm lim sup ([l X [ = Elllzn X [[]] > 9)

=0.
P i nP([Xo| > zn)

Conditions of a similar type as CS,, are standard when dealing with sum
functionals acting on (X;) (see for example Davis and Hsing [10], Bartkiewicz
et al. [1], Mikosch and Wintenberger [26, 27, 28]), and are also discussed in
Kulik and Soulier [22].

Remark 2.1. Assume o < p < oco. Then by Karamata’s theorem (see
Bingham et al. [5]) and since nP(|X¢| > z,,) — 0,
E[HxﬁlX[Ln] HZ] = nE[|lz,' X |P] = o(1), n— 0o.

Moreover, applications of Markov’s inequality of order 1 and Karamata’s
theorem yield for § > 0, as n — oo,

-1 €|p n 1< €
P(Hx” X[1n] Hp > 5) _ P(Zt:1 ‘Inlxt P> 5)
nP(|Xo| > xy) nP(|Xo| > xy)
Ellen X 7] P(1Xo| > e)
— 0P(|Xo| > exy) P(|Xo| > x5)

The right-hand side converges to zero as € — 0. Here and in what follows,
¢ denotes any positive constant whose value is not of interest. We conclude
that (2.4) is automatic for p > «.

If p < a then E[|X|P] < co. If we also have n/zh — 0 then

E[|[zn X1 )] < naPEIXP] 50,  n— oo

ceP™.

If p=a, E[|X|%] < co and n/z% — 0 then the latter relation remains valid.
If E[|X|?] = oo then IE[|$,§71XE|O‘] = {(z,,) for some slowly varying function
¢, hence for any small § > 0 and large n, £(x,) < x5. Then the condition
nay*+0 = 0 implies that E[|[z, X[, 5] = o(1).

In sum, for p > «a, (2.4) always holds without the centering term and, for

p < «a, under the aforementioned additional growth conditions on (z,,), if
(2.4) holds then it holds without the centering term holds too.

Remark 2.2. Condition CS,, is challenging to check for p < a. For p/a €
(1/2,1], by Cebyshev’s inequality,

P(||2n Xy |2~ Ell2n Xy (2] > 6)/[0P(Xo| > )]

< 0 2var(|[an Xy [[2)/InB(Xo| > @)

EH:L‘EilXEy?p} n—1 . )
B(Xol > an) L 77 X0 PP, Jen X )]
P(|Xo| > zp) [ + ;\corr (|zn ' Xo [P, lzn Xp |P)]

5—2

IA
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Now assume that (X;) is p-mixing with summable rate function (py); cf.
Bradley [6]. Then the right-hand side is bounded by

o Eflan X ] = 2 mafq 4 g%
(S W[l+2zp;{|~5 € |:1+22ph:|, €—>0,
0 n h=1 h=1

where we applied Karamata’s theorem in the last step, and CS, follows.
For Markov chains weaker assumptions such as the drift condition (DC) in
Mikosch and Wintenberger [27, 28] can be used for checking CS,,.

Remark 2.3. Condition CS, not only restricts the serial dependence of
the time series (X;) but also the level of thresholds (). Indeed for p/a <
1/2 and (X}) iid, since (Hnil/zX/[Ln]Hﬁ — E[[\n*1/2X’[l7n]||§]) converges in

distribution to a Gaussian limit by virtue of the central limit theorem, CS,
implies necessarily that z,,/\/n — oo as nP(|Xg| > z,,) — 0.

3. SPECTRAL CLUSTER PROCESS

3.1. The spectral cluster process in /. From (2.1) recall the spectral
tail process (0;) of a stationary sequence (X;) satisfying RV,,. For p,a >0
assume ||®||, + ||©||o < oo a.s. Define

(3.1) c(p) =E[©]/©]3],

and further assume that ¢(p) € (0,00). This allows one to define a spectral
cluster process in the sequence space £P.

Definition 3.1. The p-spectral cluster process QP with values in (P is given
by its distribution:

PQY € ) :=c(p) 'E[|OI/1®]3 1(©/[®], € -)].

Since HQ(p)Hp = 1 a.s. we can interpret Q) as a spectral component
of a sequence of random variables in /7. By definition of Q® we have

Q® £ ©/|0|, and
PQ® € ) =c(p) 'E[|QW]2 1(QW/IQ™]|, € -)].

3.1.1. The spectral cluster process in £*. The following result shows that the
a-spectral cluster process Q(® is well defined under AC.

Proposition 3.2. Let (X;) be a stationary sequence satisfying RV, with
spectral tail process (©y). Then the following statements are equivalent:

i) |®|la < 0o a.s. and Q) is well defined.
ii) |®¢ — 0 ass. ast — oo.
iii) The time of the largest record T* := inf{s : s € Z such that |®g4| =
sup;ez |©¢|} is finite a.s.

Moreover, these statements hold under AC.
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A proof of Proposition 3.2 is given in Lemma 3.6 of Buriticd et al. [7]
appealing to results by Janssen [21]. We conclude that we also have the a.s.
representations Q) = @/||®||, and © = Q(a)/’Q(()a)].

Recall the definition of an ¢*-valued stationary sequence (X;) with the
RV, property in ¢ given in (2.2) for p = «, and recall from (2.2) the se-
quence of spectral components (Q(® (h))y,>o of the vectors (X{0,n))h=>0 Which
are characterized by [|Q(®) (h)|lo = 1 a.s. Our next result relates Q(® to

(Q(h))>0-
Proposition 3.3. Let (X;) be a stationary time series satisfying RV, and
limy o0 |O¢] = 0 a.s. Then Q@ (h) LN Q@ as h — oo in (£%,dy).

The proof will be given in Section 7.1. This result gives raise to the

interpretation of Q(® as the spectral component of (Xy) in (2.

3.1.2. The spectral cluster process in £>°. Assuming AC, Basrak and Segers
[4] proved that |®;| — 0 as [t| — oo and the extremal index x| of (|X4[) is
given by

(3.2) x| = E[(©1)>0]l% — (@1)i=111%] -

Following Planini¢ and Soulier [30], the spectral tail process (©,) satisfies the

time-change formula: for any measurable bounded function f : (zp,dp) - R
such that f(Ax) = f(x) for all A > 0, then V¢, s € Z,

(33)  E[f(B(O)LO_ #£0)] = E[.°f((©)].
An application of this formula and a telescoping sum argument yield
clp) = E[lO[3/l®ll]
= S E[(1@)iz-s/18llally = 1(©)z—s41/1©1lall3)]

SEZ
= > B[O ((®)r20/1©llally — 1(©:)e=1/11O]lall;)]
SEZ
= E[I0[5(1(®)r=0/10allg = 1(©n)iz1/1©llall3)]
(34 = B[l — (®e1lg]

Thus the representation (3.2) of 0x| extends from p = oo to 0 < p < o0
provided ¢(p) < 0.

It follows from Proposition 4.2 below that we can retrieve the classical
definition of the spectral cluster process by embedding Q) in (67?, d;) where

(35)  PQ™ € ) :=03 E[Q]% 1(Q/[Q]| € )],

in particular |Q(>)||, =1 a.s.
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If p € [o,00] and limy,o |©¢| = 0 a.s. then |[|®O, < O, < oo as.
hence c(p) € [0x/, 1], Q™ is well defined and Proposition 3.3 holds with p
instead of a. Moreover, c(a) = 1 and c¢(00) = 0x.

If p € (0,a) it is in general not obvious whether ¢(p) is finite or not. If
E[||(®¢)¢>0llp F] < oo a Taylor expansion shows that (3.4) is finite, and Q)
is also well defined in this case.

4. LARGE DEVIATION PRINCIPLES

We derive large deviation principles in terms of Q(® and show that, for
the purposes of statistical inference, Q) might be a competitor to Q).

4.1. Extreme thresholds. Recall the properties of the sequence (z,,) from
Section 2.3, in particular nP(|Xo| > z,) — 0, and the definition of the
constant ¢(p) form (3.1).

Lemma 4.1. Consider an R%-valued stationary time series (X;) satisfying
the conditions RV, AC, CS,. Assume c(p) < oo for some p > 0 and, in
addition, if p < a also n/xh — 0 and if p = a also n/x2T0 — 0 for some
6 > 0. Then the following relation holds:

P(|Xo,nllp > 2n)
4.1 li :
(41) noo nP(|Xo| > zn)

=c(p).

The proof is given in Section 7.2.

We recall from Remark 2.1 that (2.4) in CS,, is always satisfied for p > «
and, for p < o under the growth conditions on (z,,) in Lemma 4.1, centering
with the expectation in (2.4) is not necessary.

We refer to a relation of the type (4.1) as large deviation probabilities
motivated by the following observation. Write S,gp ) = Zle |X¢|P for k > 1.
Then |X|P is regularly varying with index «/p. Relation (4.1) implies that

P(|Xonllp > 2n) = P(SP > ab)
~ c(p)nP(|Xo| > zn) =0, n—o00.

Thus the left-hand probability describes the rare event that the sum process
S,(Lp ) exceeds the extreme threshold zP.

Proposition 4.2 below extends the large deviation result for [ X[, in
(4.1) to a large deviation result for the process Xo,n) In the sequence space

¢P. The proof is given in Section 7.3.
Proposition 4.2. Assume the conditions of Lemma 4.1. Then,

P(xr:lX[O,n] S | ”X[O,n]HP > .Tn) ﬂ> ]P)(YQ(p) € ')7 n— 00,
(4.2)

in the space (€7, dy,) where the Pareto(a) random variable Y and Q) are
independent.
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If p>a,orp<aandn/zh — 0, or p=a and n/zo*?

§ > 0, Proposition 4.2 provides a family of Borel sets in P for which the
weak limit of the self-normalized blocks X[g /|| X[o.n|lp exists. This result
implies that the sequence of measures

pn (") = P(a Xpo ) € )/P(1Xo,nllp > 7n)

L) = /OOOP(yQ(p)E)d(—y‘“), n oo,

— 0 for some

in the My-sense in /7. By the portmanteau theorem for measures (Theorem
2.4. in Hult and Lindskog [20])

pn(A) = P(a, X € A)/P(I KXo,y llp > 2n) = u(A),

for all Borel sets A in (Zp,dp) satisfying (0A) = 0 and 0 ¢ A. This
approach is discussed in Kulik and Soulier [22] where similar conditions are
stated for obtaining limit results for /'-functionals. Motivated by inference
for the spectral cluster process Q®, we establish (4.2) employing weak
convergence in the spirit of the polar decomposition in Segers et al. [32].
Note that we work under a one-sided anti-clustering condition AC together
with a telescoping sum argument to compensate for the classical two-sided
condition (2.3) used in Kulik and Soulier [22].

4.2. Moderate thresholds. To motivate the results of this section we start
by considering an iid sequence (X;) satisfying RV, for some o > 0. Then,

for p > o, (4.1) holds with limit ¢(p) = 1 and S& = 37 | |X;|P has infinite

expectation. If p < « the process (Sy(bp )) has finite expectation and by the
law of large numbers, for n/xh — 0,

P([|X{ollp > @ (n2,” EIX]P] + 1) /%)
(4.3) = P(SP —E[SP)] > 2214 0(1))) — 0.
Following Nagaev [29], a large deviation result for the centered process holds:

]P’(Sq(lp) —E[SP)] >x{’l> ~nP(|Xo| > zp), n— oo,

provided n®*9 /x,, — 0 for p/a € (1/2,1) and some § > 0, and v/n logn/zh —
0 for p/a < 1/2. These conditions are verified for extreme thresholds sat-
isfying n/x}, — 0: in this case the centering term IE[S,(lp )] in (4.3) is always
negligible which allows us to derive (4.1).

For inference purposes it is tempting to decrease the threshold level x,
to include more exceedances justified by results such as Nagaev’s large de-
viation principle [29]. This can be achieved by carefully dealing with the

centering E[Sflp )]. This is the content of the next lemma.
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Lemma 4.3. Consider an R%-valued stationary process (X;) satisfying the
conditions RV, AC, CS, and c(p) < oo for some p > 0. If p < « then

P(|Xmillp > @n (nznP E[X[P] + 1)"7)

(4.4)  lim nP(Xo| > 2n) =c).
If p =« then
1 1/a
. P(”X[O,n]Hoz > Tn (nEHX/mn %] + 1) )
(4.5) nlin;o D P(Xo] > 20 =c(a)=1.

Moreover, if also E[|X]|%] < co then equation (4.4) holds for p = a.

The proof is given in Section 7.4. Note that restrictions on the level of
the thresholds (x,) are implicitly implied by Condition CS,; see Remark
2.3.

For moderate thresholds x,, we define an auxiliary sequence of levels:

T (na,PE[|X[P] + l)l/p it p<a,
Zp = Zn(p) =<z, (TLEHXi/xn”O‘] + 1)1/a
Tn ifp>a.

if p=q,

For extreme thresholds satisfying n/x}, — 0 we have z, ~ x,, while for
moderate thresholds with n/zf, — oo this is no longer the case.

For the purposes of inference this result is not as satisfactory as Lemma 4.1.
Indeed, the level z, in the selection of the exceedances is not the original
threshold x,. For any moderate threshold z, where z,/x,, — oo the use
of z, instead of z, might include a bias. As a toy example, consider the
problem of inferring ¢(q)/c(p) for p < «a, ¢ > p. Then an application of
Lemma 4.3 ensures that

P(1Xo.nllg > 2n(9) [ Xjoml o > 2n(p))

= P(|YQPl, > 1) =E[|QP 7] = c(a) /e(p),  n— oo

However, choosing moderate thresholds (x,), we would have
P(nYPE[|X[P]V/P > ;)
P(n!/PE[|X[P]V/P > x,)

P(IXj0mlle > 2 [ Xjomllp > 20) ~ —1,n—o00.
5. CONSISTENT CLUSTER INFERENCE BASED ON SPECTRAL CLUSTER
PROCESSES

Let Xy,...,X,, be a sample from a stationary sequence (X;) satisfying
RV, for some a > 0 and choose p > 0. We split the sample into disjoint
blocks By := X ;_1)p4[1,0), t = 1, ..., mp, where b = b, — 0o and m = m,, =
[n/bn] — oo. Under the conditions of Lemma 4.1 we also have P(||B1]|, >
l‘b) — 0.

Our goal is to apply the results of Section 4 for inference on functionals
acting on Q®. To avoid problems related to moderate threshold levels (see
the discussion of Lemma 4.3), we will rather focus on extreme threshold
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levels (z,,) satisfying nP(|Xo| > z,) — 0 and the additional conditions for
p < « described in Lemma 4.1. The objective of this section is to promote
cluster inference for p < oo, as well as the use of order statistics of ||B¢|,,
t=1,...,my:

IBllp,1) = IBllp2) = -+ = [Bllp,m) »

for inference on Q).

5.1. Cluster functionals and mixing. The real-valued function g on P
is a cluster functional for Q) if it vanishes in some neighborhood of the
origin and P(Y Q™) € D(g)) = 0 where D(g) denotes the set of discontinuity
points of g.

In what follows, it will be convenient to write G, (#°) for the non-negative
functions on /7 which vanish in some neighborhood of the origin.

For asymptotic theory we will need the following mizing condition.

Condition MX,. There exists an integer sequence (by,), b, — 00, n/b, —
oo, such that for any Lipschitz-continuous f € G;(¢P) the sequence (x,)
satisfies

E[e_% Zglf(:”;lBt)] = (E[e_% Y f(xngt)])k +o(l), mn— o0,
(5.1)

and (my,), (k,) are defined as m,, := [n/b, |, kn :== [m,P(||B|lp, > zp,)].

In what follows, if MX,, is required, then the sequences (b,), (my) and
(k) appearing are those chosen here.

Condition MX,, is similar to the mixing conditions A, A’ considered
in Davis and Hsing [10], and Basrak et al. [2], respectively, tailored for
functionals f € G4 (¢P) evaluated component-wise. In contrast, we focus on
functionals applied to the entire block and extend the mixing-condition in
Basrak et al. [3] to this situation. Then, borrowing the triangular-array
arguments from the proof of Lemma 6.2. in [3], we can establish sufficient
conditions for (5.1) for classical models.

5.2. Adaptive extreme threshold. We propose an empirical procedure
for spectral cluster process inference using disjoint blocks through Theo-
rem 5.1; see Section 7.5 for a proof.

Theorem 5.1. Assume the conditions of Lemma 4.1 together with MX,,.
Then |1B|lp, k) /b 51 and for all g € G, (4P),

62 1> (Bl }B) 5 / TE[pwQP)])d(—y ), n— oo,
t=1

Note that the number of order statistics k£ involved in Theorem 5.1 de-
pends on p. The smaller p the larger the number k, of extreme ¢P-blocks
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to consider. Thus disjoint blocks estimation with p < oo should improve
extreme cluster inference compared to p = oo, notably in terms of bias.

5.3. Applications. Theorem 5.1 motivates the adaptive threshold selection
method based on ¢P-norm order statistics for p < co. We apply this idea to
inference on some indices related to the extremes in a sample and focus on
the choices p = « and p = 1.

5.3.1. The extremal index. The extremal index of a regularly varying sta-
tionary time series has interpretation as a measure of clustering of serial
exceedances, and was originally introduced in Leadbetter [23] and Leadbet-
ter et al. [24]. If (X}) is iid with the same marginal distribution as (X;)
then the extremal index relates the expected number of serial exceedances
of (|X¢|) with the serial exceedances of (]X}]).

From (3.1) and the discussion in Section 3.1.2 we recall the identities

1®]5 (@)

Ox| = =E < =F %]
x| = e(o0) = E[ 5] = EIIQE3]

We consider g(x) = (||x||g‘o/||x||°‘)]l(
OOE (a) d(—y~%) = E HQ Ha (a) e =Y (=g
[9(yQ)]d(—y™*) = L LIQ™IS >y |d(=y™)

0 o LIQWIsa
= E[QW(|%] = b -

Now we introduce a new consistent disjoint blocks estimator of the extremal

index defined from exceedances of /“-norm blocks. By an application of
Theorem 5.1 with p = a we derive the following corollary.

|x|la. > 1) and select p = « so that

Corollary 5.2. Assume the conditions of Theorem 5.1 for p = «. Then

o B¢ I3 P
(53) 6|X\ = Z HB HOO ]l HBtHOé > HBHa,(k)) — 0\X|7 n — o0.
«

To motivate this estimator we compare it to a more classical cluster-based
estimator of fx|. Let g(x) := 1(||x[|cc > 1) (this functional describes the
blocks estimator in Hsing [19]), then an application of Theorem 5.1 with
p = oo entails that there exists an integer sequence k' = k], — oo such that

1 & P
(5.4) Ezl(HBtHOOz||B||oo,(k’))‘>0\x|, n— oo,

with k;l ~ mnP(HBHoo > :Cb) ~ 0|X| TL]P’(’XO’ > l’b) ~ 9|X| mnP(HBHa >
xp) ~ 0)x| kn. Thus the proportion of extreme blocks we shall consider for
estimating the extremal index from (5.4) is as small as the extremal index
itself compared with the number of extreme blocks we can consider by using
(5.3).

This example highlights the delicate choice of threshold for cluster infer-
ence, which supports the adaptive threshold method and justifies that the
choice p = a should perform better in terms of bias. Indeed, the Monte Carlo
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experiments in Buriticd et al. [7] comparing (/9\|X| in (5.3) with the blocks
estimator in Hsing [19] support this idea, and show §|X‘ is also competitive
compared to other estimators of the extremal index regarding bias.

5.3.2. A cluster index for sums. In this section we assume « € (0,2) and
E[X] = 0 for a € (1,2). We study the partial sums S,, := >} | Xy, n > 1,
and introduce a normalizing sequence (ay) such that nP(|Xo| > a,) — 1.
Starting with Davis and Hsing [10], a-stable central limit theory for (S, /ay)
was proven under suitable anti-clustering and mixing conditions.

In this setting, the quantity ¢(1) appears naturally and was coined cluster
index in Mikosch and Wintenberger [27]. For d = 1 it can be interpreted as
an equivalent of the extremal index for partial sums rather than maxima.
Indeed, for d = 1, if £, denotes the stable limit,

E[eiufa] _ (E[eiufg])c(1)7

where S) /ay, LN ¢!, for the partial sums (S],) of an iid sequence (X[) with
the same marginal distribution as the sequence (X;) such as P(X < —z) =
o(P(X > x)).
From (3.1) with g(x) = (||x[|2/|Ix[|$)1(||x|; > 1) and p = 1, we obtain
> - [ 1005 1 - -
BloQ)d-y) = [ B[ E10QV >y )]y
| Elwat iy = [T E[EE 0001 > v aey)
= E[lQM|l3] = (c(1)".

Theorem 5.1 with p = 1 yields a consistent estimator of ¢(1).

Corollary 5.3. Assume the conditions of Theorem 5.1. Then

Bl i
(ENBW (Bl > IBlliw))  —e(),  n— oo,

Similarly as before, this estimator is appealing since it is based on large
¢'-norms of blocks instead of /**-norms. Indeed, arguing as in Cissokho and
Kulik [8], Kulik and Soulier [22], we can extend Theorem 5.1 for p = oo to
hold for bounded ¢!-functionals. Then, for g(x) := 1(||x||; > 1) we deduce
that there exists k' = k], — oo such that

1 — P

=Y A(Bus > [Bllao i) 5 (), n oo,

t=1

with ]{?;L ~ mn]P)(”B”OO > $b) ~ 0|X\ ’I’Z]P)(|XQ| > xb) ~ 0\X|(C(1))_1 mnP(HBHl >
xp) ~ 0)x/(c(1)) "' ky. In particular, for a € (1,2), ¢(1) > 1, thus a small
proportion (even smaller than 6|x,) of blocks should be used to infer on ¢(1).
For a € (0,1) we can argue similarly and improve inference by proposing
an estimator based on /“-norm order statistics. Then, as in the extremal
index example, we highlight the importance of adaptive threshold selection
for cluster inference, and we motivate the choice p < oo for a better control

(5.5)
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of bias compared to p = oco. Furthermore, Theorem 5.1 yields estimates
for the parameters of the stable limit £,. Indeed, following the theory in
Bartkiewicz et al. [1], we derive an a-stable limit for (S, /a,) in terms of
QW; the proof is given Section 7.6.

Proposition 5.4. Assume that (X;) is a regularly varying stationary se-
quence with o € (0,1) U (1,2) together with the mizing condition:

Efe™ ' Stn/on] = (E[e™ Sn/m])™ 1 o(1),  n—o00, ueR?,
and the anti-clustering condition: for every § > 0,

(5.6) llim liIr;suani’ilE[ﬂXt/aﬂ N9d) (| Xo/an| A0)] =0,

—00 n—00

Then S, /ay, N &, for an a-stable random vector ., with characteristic
function Elexp(iu'€,)] = exp(—cq 0q(u) (1 —iB(u)tan(ar/2))), u € RY,
where co := (I'(2—a) /|1 —a|)(1 Aa) cos(an/2), and the skewness and scale
parameters have representation

oa(u) = (V)E[u’Y,,Q" ],
Bu) = (EluY,QM) — 0,0 Q8) ) /Elln S, Q0] -

As for ¢(1), an application of Theorem 5.1 with p = 1 for o € (1,2) and
p = afor a € (0,1) yields natural estimators of the parameters (o, (u), 3(u))
in the central limit theorem of Proposition 5.4.

5.3.3. An example: a regularly varying linear process. We illustrate the in-
dex estimators of Corollaries 5.2 and 5.3 for a regularly varying linear process
X =) jez Pjli—j, t € L, where (Zy) is an iid real-valued regularly varying
sequence (Z;) with (tail)-index o > 0, and (¢;) are real coefficients such
that - 7 p;|7@=¢) < 0o for some € > 0.

Then (X;) is regularly varying with the same (tail)-index o > 0, and the
distributions of Z; and X are tail-equivalent; see Davis and Resnick [11].
The cluster process of (X;) is given by an) = (eir5/1(p1)lla) ©F, t € Z,
where lim, o P(£Zy > x)/P(|Zo| > x) = P(©F = £1), ©F is independent
of a random shift J with distribution P(J = j) = |¢;|%/|/(¢¢)||S; see Kulik
and Soulier [22], (15.3.9). Then

O1x) = max|e*/llolla,  e(l) = (D lee)*/llells -
teZ

Noticing that k, ~ m,P(||Bll, > xp) ~ nc(p)P(|Xo| > z) = o(n/b), we
propose to choose ky, as k,, := max{2, |n/ bl |} for some tuning parameter
k > 0. Then fixing k, this way with k = 1, we obtain estimators as a function
of b,. Figures 5.5 and 5.6 show boxplots of the estimators ¢, x| and 1/¢(1),
as a function of b,, respectively, for different sample sizes from the causal
AR(1) model given by X; = ¢ Xy 1+ Zi, t € Z, |¢| < 1, thus O x) = 1 —[p|*
and ¢(1) = (1 — |[*)/(1 = [])".
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We see in Figures 5.5, 5.6 that the choice b, = 32 is reasonable for all
models in our experiment for the tuning parameter x = 1, though improve-
ment can be achieved by fine-tuning the parameter x > 0. Also notice that
the bias for large block lengths is reduced as n increases. However, fixing n
we have |n/b0+%) | — 0 as b — co which in fact suggests a restriction to the
block length for small sample sizes. Here we use the known value of o > 0
for computing 6, x|, 1/¢(1). For implementing our approach with real data,
a must be estimated e.g. via the bias-correction procedure in de Haan et
al. [17].

0.8- 0.8
—_—
0485 - ------ - -t | — | M-
—— T = ‘
— | 1
0.252+ ~==-==--==-----_1 S ] +
H
o O-
2 A 3 1S 32 oA 2 A S A% 32 oA
block length block length
O Oix
0.8- 0.8
—_—
—_—
0.485—----------- —_— el
T
I
| H i i 1
g S e e R e B _— - 1
o
o [e]
2 A =3 AG 32 oA 2 A =3 \S 32 oA
block length block length
O O
0.8- o.8
—_—
—_—

Figure 5.5. Boxplot of estimates (9\‘ x| as a function of by, for 1000 simulated
samples (X¢)¢=1,..n from a causal AR(1) model with student(c) noise with
a = 1.3 and ¢ = 0.8 (left column), ¢ = 0.6 (right column). Rows correspond
to results for n = 8 000, 3000, 1000 from top to bottom.

6. INFERENCE BEYOND SHIFT-INVARIANT FUNCTIONALS

So far we only considered inference for shift-invariant functionals acting
on (171’, d~p) such as maxima and sums. Following the shift-projection ideas
in Janssen [21], jointly with continuous mapping arguments, we extend in-
ference to functionals on (¢7,d)).
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Figure 5.6. Boxplot of estimates 1/¢(1) as a function of b,, for 1000 simu-
lated samples (X;);=1,..n from a causal AR(1) model with student(c) noise
with @ = 1.3 and ¢ = 0.8 (left column), ¢ = 0.6 (right column). Rows
correspond to results for n = 8000, 3000, 1000 from top to bottom.

6.1. Inference for cluster functionals in (%, d,). Let g : (¢7,d,) — R be

a bounded measurable function. We define the functional 1, : (Zp , Jp) —+ R
by

(6.1) (2] = y([2]) = Y |27 ;"9 ((B'2] )sex),
JEZ
where z} 1= z;_7(y), for t € Z, such that T%(z) := inf{s € Z : |z;| = ||z }
and B : P — (P is the backward-shift map.
We link the distribution of the cluster process Q@ and the distribution
of the class [Q(®] through the mappings (6.1) in the next proposition whose
proof is given in Section 7.7.1.

Proposition 6.1. The following relation holds for any real-valued bounded
measurable function g on £¢

E[g(Q")] = E[¢(1Q"])].
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This relation remains valid if o is replaced by p, whenever the p-cluster
process is well defined.

The mappings in (6.1) are continuous functionals on (7, d,) if p < o
Therefore we can extend Theorem 5.1 to continuous functionals on (€7, d,,)

evaluated at the cluster process Q®)

Theorem 6.2. Assume the conditions of Theorem 5.1 together with p < «.
Then for any continuous bounded function g : P N {x : ||x[|, = 1, |xo| >
0} - R,

N 1 & Bi~'B
62) 3 = 13 S W) (HB B, VB> 1Bl5,0)
t=1 j=1
:iwg(Bt)
= E[gQY), - oo,

where W (p) = X —1)p4+51%/|Belly for all 1 < j <b.

The proof is given in Section 7.7.2.

6.2. Applications. Examples of non-shift-invariant functionals on (¢%,d,,)
are measures of serial dependence, probabilities of large deviations as the
supremum of a random walk and ruin probabilities; and functionals of the

spectral tail process © 4 Q(O‘)/]Q[()a)|.

.
6.2.1. Measures of serial dependence. Define gp(x:) = |xp QI%I% Then

the following result is straightforward from Theorem 6.2.

Corollary 6.3. Assume the conditions of Theorem 6.2 for p = «. Then

Ly S XJTt Xj+h,t
k;; Wi Wit X, m 1(|[Btlla > [IBlla,@))-
=uhg,, (Bt)
B Em@Q®).  n oo,

where the weights W;, = W; () are defined in Theorem 6.2, satisfying
S0 Wi =1, and Xjp := X(s_1yp4; for L < j <.

The function gp gives a summary of the magnitude and direction of the
time series h lags after recording a high-level exceedance of the norm, and
satisfies the relation 3,7 E[lgn(Q®)] = 1. In particular, for the linear
model we obtain a link with the autocovariance functions as we show in the
example below.
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Example 6.4. Let (X;) be a linear process satisfying the assumptions in
Example 5.3.3, then

(6.3) E[gh(Q(a))] _ ZteZ |0¢|“[pr4n|“sign(py)sign (v n)

(lellz)”

The function defined in (6.3) is proportional to the autocovariance function
of a finite variance linear process with coefficients (|| sign(y:)). In par-
ticular, for a = 1 it is proportional to the autocovariance function of a finite
variance linear process with coefficients (¢;).

, hez.

6.2.2. Large deviations for the supremum of a random walk. We start by
reviewing Theorem 4.5 in Mikosch and Wintenberger [28]; see proof is given
in Section 7.7.3.

Proposition 6.5. Consider a univariate stationary sequence (Xy) satisfying
RV, for some a > 1, AC, CSy, and c¢(1) < co. Then for allp > 1,

P(supy<;<p, St > =)
nP(| X| > )
(6.4) —c(p) IELILIEO <suptzfs Zf:_s Qz(p)>+} ) —0, n— co.

If @ > 1, then [[QW|2 < |QW||$ = 1 and a consistent estimator of
c(1) = 1/E[||QM||2] was suggested in Corollary 5.3. A consistent estimator
of the term in (6.4) is given next.

Corollary 6.6. Assume the conditions of Theorem 6.2 for p = 1. Then
Xt i
‘2211 (supy<j<p ﬁ)iﬂ(“BtHI > B4, )
B «
S B LB > Bl 1)

- C(l)Eng"go (SUPths Y QEI))H ‘ 50, n- oo,

where Xy j := X(i_1)p44, for 1 <j<b, 1<t <m.

Following the same ideas and using Theorem 4.9 in [28], one can also
derive a consistent estimator for the constant in the related ruin problem.

6.2.3. Application: a cluster-based method for inferring on (©;). Exploit-

ing the relation ( ga)) / |Q(()a)| 4 (®,), we propose cluster-based estimation
methods for the spectral tail process.

Cluster-based approaches with the goal to improve inference on ®; for
Markov chains were considered in Drees et al. [16]; see also Davis et al.
[9], Drees et al. [13] for related cluster-based procedures on ()< for
fixed h > 0. Our approach can be seen as an extension for inference on the
(“-valued sequence (©y).

Consider the continuous re-normalization function ((x) = x/|x¢| on {x €
% : |xg| > 0}. We derive the following result from Theorem 6.2; the proof
is given in Section 7.7.4.
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Proposition 6.7. Assume the conditions of Theorem 6.2 for p = «. Let

p: (% dy) = R be a homogeneous continuous function and pc(x) := (p* A
1) o {(x). Then

P
=z ZW (Bo) L(IBellp > IBlly,) — P(p(Y©) > 1), n— o0,

where 1, (Bt) is defined in (6.2) and the Pareto(a) random variable Y is
independent of ©.

Classical examples of such functionals p are p(x) = max;>o j>i(x; — )+,
functionals related to large deviations such as p(x) = suptZO(ZEZO Z;)4, OF
measures of serial dependence as p(x) = |xp].

7. PROOFS

7.1. Proof of Proposition 3.3. Our goal is first to relate the sequence of
spectral components (Q®)(h)),>0 to (©;), and second to deduce a relation
of (Q™)(h))n>0 with Q@ under the assumption |@ — 0 a.s. as t — oo,
which ensures that Q@) is well defined.

We start assuming two auxiliary results whose proofs are given at the end
of this section.

Lemma 7.1. Let (X;) be a stationary time series satisfying RVy. Then
for h >0,

(Q(p)( ) € zh:E[ ©_ k+[0h]!§‘]l( O 4o . )}
p.h) L0 o lla MO-kromlly ’
(7.1)
where

h
c(p,h) == Z E[[®_0,1ll5 /11© 10,5 la] -
k=0

In particular, c(a,h) = h+1 and
(7.2) P(Q(h) € ) = B(®_yu /1€ _ymomlla € )
where UM is uniformly distributed on {0,...,h} and independent of ©.

Lemma 7.2. Assume |©¢| — 0 ast — oo and let f : ﬁo‘ﬂ{x x|, =1} —

(0,00) be any bounded Lipschitz-continuous function in ((*,dy). Then, for
all p > «

C,,fp +’h1) E[f(Q"(h)] = c(p) E[f(QP)],  h—oo.

We conclude from (7.3) for f(x) = 1 that limp_,o c(p, h)/(h + 1) = c¢(p).
If 0 < ¢(p) < oo then limy_,o E[f(QP)(h))] = E[f(Q(p))]. Finally, the

(7.3)
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portmanteau theorem yields Q) (h) LN QW in (PN {x: x|, = 1},dp).
This finishes the proof of the proposition. O

Proof of Lemma 7.1. If | X[g /2|, > 1 then for sufficiently small ¢ > 0,
1X0,n)/%]lc > €. Therefore, on {||X{gpn/z|p > 1},

Z X /2|* 1(|X;/z] > €) > 0.

Using stationarity, we obtain

P( X1/l > 1)
h
X, /2|*1(|X;/z] > €)
= E
z‘z; Z?:o 1X¢ /x| 1(| X /2| > €)
_ ! IE[ ‘XO/$|Q (!Xo/x\ >€)
i=0 P X/l (X /2] > €)

_ [ Xo /" L[ X[—ip—ij/zllp > 1)
= P(|Xo| > xe ZE[ ST X, o (X, /2| > o) ’ [ Xo| > we} .

1(X 0,1/l > 1)]

LXini/elp > 1)]

Applying the definition (2.1) of regular variation and dominated conver-
gence, we obtain as z — oo,

P(IXpo,n/7llp > 1) eazh:E[EY@)O'a (€Y O in-illp > 1) ]
P(|Xo| > ) MY O 1(]Y @ > 1)
Z/ yHG) —ih—illlp > 1) }d(—y“")
L 1O 1(y O] > ¢)

The left-hand side does not depend on €. Therefore, letting € | 0, we arrive
at

P([[Xfo,n1/2lp > 1)

z=oo  P(|Xo| > )
h
* 1y ®inllp > 1) _
- E , d(—y=°
;/0 [ 1O n—ill% ] ( )
h
1©_itiomlly
7.4 _ WZmitlorlp 1 _ ) 1)
(74 S E o o) =P

=

This constant is finite since ||©;(9 5

lp < (A +1D)[|®;1(0,4l0o-
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Next we prove (7.1). For this reason, let A be a continuity set with respect
to the limit law in (7.1). An appeal to (7.4) yields
c(p, h)P(z ' Xjo 1 € A | [Xjollp > )
N Pz ' X0 € A, X ully > 2) . I(a)
P(1Xo| > =)

Proceeding as for the derivation of (7.4), we obtain

1y ©inill, > 1) _
E y®—z —q EA d —y o
- Z B gl MO € ] dy™)

” [—i,h z]” @[ i,h—1i] —a
/ ZE oy 1 € 4)Jd=y).

‘9[ i,h— z]HP

In the last step we Changed the variable, u = y [|©_; ,_ [, > 0 a.s., observ-
ing that |[|©_; s_jllp > |®o[ = 1. This proves (7.1) and the lemma. O

Proof of Lemma 7.2. Assume f : (* N {x : |x|l, = 1} — (0,00) is any
bounded Lipschitz-continuous function in (¢%,d,). By Lemma 7.1 we have
for all p > «,

(P, ) P P\ —
o1 B FQP(h)] = c(p)E[f(QW)] =
h o ol

T htl Z KH@ 2:22 HZ H@Hg>f(@_kﬂovh}/H@—k-i—[o,h]||p)]+

ol
[H@,,’; (F@-skri04/1®Lironlly) — F(©/©]1)) |
=14+1II.

We will prove that I and II vanish as h — oco. Since p > « subadditivity
yields for k € [0, h],

19-ks0nlly 1@l _ [[181©—ksponll, — [1€-kspnlla®],|
10 irpalla O] EESHEIR
[11©1a© k- iolls = [1©-k1 10O
= EESHEIR '
Moreover,
[1©11a© 0.1l = 11—+l @[]
—k—1 +o00
< N0 wpul( Y 1@+ > jep)
t=—00 t=—k+h+1
—k+h

HIOlla = 10 kipmllal” D 1€
t=—k
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Thus, |I] is bounded from above by

1©—00,—r—11ll5 1O ktht1,00llp
h+1HfH°°ZO({ ea 2| +E| o2 2]

1O 0o, k-11ll& T 1O kiht1,100lla H@—H[o,h}H?D
®ls 1© ko, IS

|| —oo,— (kD1 lly + 11© oo, —k+1) o

+E[

H@[k+1,+oo}Hp + H@[k+1,+oo}HgD
el
Taking the limit as h — oo, the Césaro limit on the right-hand side converges

to zero.
We use the Lipschitz-continuity of f to obtain an upper bound of |I1|:

h
1 1© riponlly s 1 Oty ©
II|< ——c > E =Py, = .
h+1 kzo [He—kﬂo,h}”g (H@—k—i-[o,h}np ||@||p>}

Similar arguments as for |I| — 0 show that |II| — 0. O

+E|

7.2. Proof of Lemma 4.1. Choose some e > 0, § € (0,1). Since [|a,, ' X 1|/
is a sum of non-negative random variables we have the following bounds via
truncation

P(llzn Xl I > 1) < Pz, Xppmllp > 1)
(75) < P(lag X 5> (1= 07)) +P(lan Xy I > 07).
By CS,, and in view of Remark 2.1 we have
(7.6) limlim sup P([[zn Ko IIE > 6°)/(nP(|Xo| > ) = 0.

n—oo

Now, for any choice of u > 0, it remains to determine the limits of the terms
P(||z, X0, Ip > w)/(nP(|Xo| > 2,)). We start with a telescoping sum
7 e

representation
P([lzy " Xl [l > 1) = P(lz X [} > u)

n

= > (P(Hw;lX[o,i]EH% >u) — P(HUCZlX[o,i—uEHg > u))

i=1
= ZE (s Xjo,q 15> w) = Ll Xpyg [} > w) 1(|XKo| > ezn)]

where we used stationarity in the last step and the fact that the difference
of the indicator functions vanishes on {|Xg| < ex,}. We also observe that
the second term on the left-hand side is of the order o(nP(|X¢| > x,)). For
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any fixed k write Ay = {maxp<i<p |X¢| > exp,}. Regular variation of (X;)
ensures that, as n — oo,

P(lla7 X, 15 > u)
nP(‘Xo‘ > xn)

ZE (Il Xpo 15 > 1) = W(llzz Xppq 15 > u) | [Xo| > exn]
~ €_QE[( (||$n Xy 15 > 1) = Lllzg Xy |1 > u))
x1(AF) | [Xo| > exn] + e “O(P(Ax | |Xo| > exn)) |

where the second term vanishes, first letting n — oo and then k — oo, by
virtue of AC. Now the regular variation property of (X;) implies that

Pl X oI5 > )

k—1
_ klggoe—“(P(ZkY@Apﬂ(Y@A >1) > u)
k—1
(Y lveruye, 1) > w)).
t=1

by a change of variable this term equals

o
—

~ lim E[/EOO (n( VOO > ) > u)

k—o0

??‘H-
HO

( YO P1(|y®:| > ) > u)) d(—y’a)]

:nqu (1(1ly®j0 4 112 > u) = 1(ly®piyy 15> w) ) d(—y~)] -

k—00

~~
—

In the last step we used the fact that the integrand vanishes for 0 <y <.
The integrand is non-negative and bounded by 1(y > €) which is integrable.
Thus we may take the limit as k& — oo inside the integral to derive the
quantity

B[ [ (0@ I} > 0) — 1(1y8pag 15 > ) =y

By monotone convergence as € | 0 we get the limit

(7.7) u"PE [[|©0 0q) g — 1©p,00)llp] = u™P c(p) ;
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see (3.4). Now an appeal to (7.5) with w =1 and v = 1 — 0P yields

P(||lz, " X0, llp > 1)
< liminf ’
op) = Mmnf—pr 1> o)
P(||lz1X P>1
< limsup (H n [O,n]Hp )

| = 7)o/ o(p)

IN

The limit relation (4.1) follows as § | 0.

7.3. Proof of Pr0p051t10n 4.2. Consider any bounded Lipschitz-continuous
function f : (7, d, ») — R. The statement is proved if we can show that

Jim E[f (2, Xo,0) [ [ X0 llp > 2]
E[|Q@ |5 (Y Q) /1Q],)].
In view of Lemma 4.1 it suffices to show

i ELf (2, " Xo.n7) L1 X[0,mllp > )]
n—00 nP(|Xo| > xy)

= ¢ EIQW[f (Y Q) /[1Q]|,)].

In these limit relations we may replace f(x;, 1X[O,n]) by f(z, 1X[O’n] ) since
e
by (7.6) for any 6 > 0, some K7 > 0,

P(] f(zy Xjon)) — f(xﬁlx[o,n]€)| >0, || Xo,nllp > zn)

lim lim sup

T 1<, €
< limlim sup P(Kf dp(an ' X(o,n) ,0) > 0)
B T
< limlimsu P(Kf Hxn X[O’"] Hp > 5(]9)) _0
~  £lo n—)oop nP(‘Xo‘ > wn) )

where §(p) = 6P for p > 1 and = ¢ for p € (0,1). We also have for § € (0,1),

E[f (27" X ) |1 (27 Xl > 1) = L(ll27 X0, [l > 1)]]

' nP(|Xo| > x,)
_ P(||zn  Xio,mllp > 1> er_LIX[O,n]EHp)
= ¢ nP(|Xo| > 2n)
o Pz X llp > 0) cIP>(1 > |27 X llp > 1-9)
- nIP’(]XO\ > .%'n) TLP(|X0’ > l’n)
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Applying (7.6) to G, (1) ..s and using the calculations in the proof of Lemma 4.1
leading to (7.7) for GSL z 5> we conclude that

(1) —i—hmhmsqu( )

limlimsup G < limlimsupG
€l0 n—)oop e = €l0 n—)oop 7,60 el0 n—oco
= 0+c(1—-0)~1)L0, dl0.

Thus it suffices to show

- E[f (20 X0 ) 127 Xom [lp > 1)]
e10 noo nP([Xo| > )
(7.8) = E[QW|,f(Y Q/IQ@]|,)].

This is the goal of the remaining proof.
Choose any € > 0. Noticing that z,,' X ,,) = 2, X}, on {|z;'Xo| <

e}, we have

I o= E[f (2, X ) V(7 X [l > 1)]

= E[(f(xﬁlx[o,n] ) L(llzn Ko [l > 1)
)

=P, X1 ) Wl X llp > 1)) 1(Xo| > e2,)]

FE[F((0, 27, Xy )) Ll X [l > 1)]

(
= E[(f( X0 ) L(lley X Il > 1)
P02 X(100)) 1l X1 1y > 1)) 1(/Xo| > exn)]

+E[f((07$EIX[0,n—1]E)) ]1(||$;1X[0,n—1]€||p >1)].

where we used the stationarity in the last step. Using the same idea recur-

sively, we obtain

SB[ (0" w7 X)) 1(llz Koy llp > 1)

—f((On_jHal‘ElX[l,j})) 11(||$51X[1,j]£||p > 1)) 1([Xo| > €y)

+E[£((0", 2, X0 ) 1(Xo| > €)]

where 0F := {0}* for k > 1. By regular variation of X the last right-hand
term is o(n P(|Xo| > xy)). Therefore by regular variation of (X;) we obtain
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~ ZE[f((On_jal“ElX[o,j])) L(llz, Xo 0 [l > 1)

—f((On_jH,xElXu,ﬂe)) ﬂ(H%ZlX[lJ]EHp >1) ‘ 1 Xo| > 6%}

Write Ay, = {[|X{gn]lloc > €2} for fixed k > 1. By AC, P(Ay | [Xo| > €xn)
vanishes by first letting n — oo then &k — co. Since each of the summands
in IT is uniformly bounded in absolute value we may restrict the summation
toje{k—1,...,n} for any fixed k > 1. Therefore we have as n — oo,

IT — O(P(Ag | [Xo| > €y))

~ ST [0 Ko ) 2 (e Xl > 1)

j=k—1

— PO 2 X1 )) B ({2 X llp > 13)) 1(4)

IXo| > exn}

= S 2 B0 Xpumy  07) (o Xyl > 1)
j=k—1

—f((on_j+1,$;1X[17k_1]€,Oj_k)) H(HZL‘;IX[Lk_I]EHp > 1) } |X0| > El'n:| .
Next we apply shift-invariance and regular variation in op:

~ E*O‘E[f(fﬁﬁlx[o,kfl]) ﬂ(Hﬂfrle[O,kflLHP >1)
—f(a:,le[Lk—l]) ]1(|’a7771X[1,k—1]£||p > 1) |[Xo| > Gwn}

- e*O‘E{f(eY O 1) ) L([leY Op 1 [lp > 1)
~F(eYOu iy ) 1(|eY 1y llp > 1)]

= E[f(eY Ops1,) 1(lle Yjor 1, llp > 1)

(€ Ypmny,) LY Oy lp > 1)] = ke

By Proposition 3.2 we have ||®|o < 00 a.s., |©;] =% 0 as [¢t| — oo, hence
T := infi>o{t : Y |®;] < 1} < oo a.s. Then by monotone convergence as
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k — o0,
Jkﬁ = efaE[<f(6 YG)[O,oo] ) H(HGY@[O,OO] Hp > 1)

(€Y O, ) 1(ll€Y Opiq) [l > 1) ) UT < k)|
+OB(T = k))
= OE[f(€Y O, ) (€Y Oppa llp > 1)

~F(€Y ©1.09) 1(J6Y Opiay [l > 1)

= /0 E[f(¥©p00) ) LIy Opo,oq) Ilp > 1)
~F (O ) 1(Ily Oproe) Il > 1)] d(—y™) =: Je.

In the last step we changed variables, u = ey, and observed that the inte-
grand vanishes for y < e.

Finally, we want to let ¢ | 0. We start by inter-changing expectation
and integral in J, and change variables, u = y[|®[g «j|la, in the first term
of the integrand and then proceed similarly for the second term with the
convention that it is zero on {[|® «jlla = 0}:

o = B[ (100127 (et )1l 1, > 1)
—\9[1,00}H3f(mc) (H”g{j o |, >1))d<_yfa>}
- 2/ |@t| ||‘1é)c?02’0‘;‘|’ﬂa)11<1!%TZ;]&‘HP>1)
1o Y a (et |, > 1) )]a-)

= m Z;’@ooo p—
HE[/O f(”@w'ae) <H|®[ooo]||a I, >1>d( )|

Next we apply the time-change formula (3.3) to each summand.
Z/ ||® mma (]l 10 e ||a I, >

_ y®[1—t,oo] ) < y® 1—t,00] 1):| d Yo’

f(n@u_t,m]nae l1@ i o> 1)JA0™)

vu] [T r(ieea ) <>m%£zﬁ:a I, > 1)),

This is a telescoping sum in ¢ with value

Je = E[/Ooo (|®||a> <H||®||a I, > 1)d-y™)].
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By monotone convergence we have
(@)
lim J, = IE[/ FQ) 1([yQ ], > 1)d(—y~)] -
€l0 0 p
Combining the arguments above, we proved (7.8) as desired. O

7.4. Proof of Lemma 4.3. The case p < a. Choose some ¢ > 0, § €
(0,1). We have the following bounds via truncation

h=1I = P(HwﬁlX[o,n]EHE - E[Hxﬁlx[o,n}ellﬁ] >1+0")

_P(nglx[o,n} Hg — E[Hx;lX[&n] Hg] < _510)
< Pl X lIB = E[llz, Xomlb] > 1)
< Pl o I — Bl Ko ] > 1)
+P([[n Ko 112 = E[l[wn X ] > 07) = Iy + Iy
Taking into account CS,, for p < a, we have

liﬁ)llimsup(fg + 1y)/(nP(|Xo| > zp)) = 0.

n—o0

Moreover, we observe that by Karamata’s theorem for p < «
Efley X 5] = nE[X/aal? 1(X]| > e
= O(nP(|Xo| > exy)) = o(1).

Thus centering in I; and I3 is not needed, and one can follow the lines of
the proof of Lemma 4.1 to conclude.

The case p = a. It requires only slight changes; we omit details. (I

7.5. Proof of Theorem 5.1. We start with a version of Theorem 5.1 for
deterministic thresholds (xy).

Lemma 7.3. Assume the conditions of Theorem 5.1. Then for every g €
g-‘r(gp)f

1 — _ p [ —a
(7.9 > 9(x,'B) = [ E[gyQP)]d(-y™), n-— oo,

k t=1 0

holds for sequences k, — oo and my := [n/b,] — oo as in MX,.

Proof. It suffices to prove that under MX,, for Lipschitz-continuous f &
G (P) as n — oo,

(7.10) (E[e*% tL”:nl/ka(xngt)])k N e—lE[fOC"’f(yQ@))d(—y*a)].
By stationarity,
(7.11)  E[1—e i S @B 2 O (k2 mE[f(2; ' By))) -

Since f vanishes in some neighborhood of the origin there exists ¢y > 0 such
that f(x) = f(x) L(||x||, > ¢f). Therefore and by virtue of Proposition 4.2
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the right-hand side of (7.11) vanishes as n — co. Now a Taylor expansion
argument shows that the left-hand side of (7.10) is of the asymptotic order
~ exp{—(m/k)E[f(z; 'B¢)]}, and another application of Proposition 4.2
yields (7.10). O

We continue with the proof of Theorem 5.1. Lemma 7.3 implies conver-
gence of the empirical measures in My (¢P):

kZﬂ S'Bie ) Do PO = [TROQY € iy,

Using the argument in Resnick [31], p. 81, we may conclude ||B|,, x)/Zs 5 1,

and thus the joint convergence in (Py, ||B||, x)/Zs) N (P, 1) in Mo(fP) xR
follows. Now (5.2) follows by an application of the continuous mapping
theorem to the scaling function s(P(-),t) = P(-/t). To prove continuity
of s we use the portmanteau theorem for My(¢?)—convergence in Hult and
Lindskog [20], Theorem 2.4. Thus it suffices to check whether the limit
Po(f/t) N P(f) holds as (n,t) — (o0,1) for Lipschiz-continuous f €
G.(¢P). But we have with Lemma 7.3
[Pn(f/t) = PN < [Pu(f/t) = Pa(D] + |1Pa(f) = P(f)]
= [Pu(f/t) = Pu(f)| +0p(1), n— co.
Then, for all 0 <ty <t < 2, for ¢y < 1, denoting g(x) = x|l Al flloo) L({x :
|x[lp > cf/to}) we have
|Pa(f/t) = P(F)] < [t7F = 1] Pulg) + op(1)
< |t_1 — 1| (c+o0p(1)) + 0p(1),
for some ¢ > 0, ¢y > 0 as above. Letting ¢ — 1, continuity of s follows. [J
7.6. Proof of Proposition 5.4. The result follows by a direct application
of Theorem 3.1 in Bartkiewicz et al. [1] on u'S, for any u € R? such that
|u| = 1 by checking their conditions (AC), (TB). Condition (5.6) implies
that for all § > 0,

bn
lim lim sup n Z]P’ (|X¢| > dan ,|Xo| > day),

=00 n—oo —

from which (AC) is immediate. This condition also implies (TB). We show
this in two steps. First, we identify the coefficients b(d) in (TB) in terms
of the spectral tail process. Mikosch and Wintenberger [26] showed that

b (d) — ba(d [(ZHT@) ] —E[(g‘”@j)ﬂ’

where we suppress in the notation the dependence of the left-hand side on u
in what follows. (TB) amounts to verifying that by (d) — b4 (d—1) converges
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as d — oo. For a € (0,1) this follows by concavity since ||®||, < oo a.s. For
1 < a < 2 this will follow by a convexity argument if E[(3 ;- @)1 <
oco. By subadditivity and Jensen’s inequality, it is enough to check

(0.9}
(712) > (B©;* (1] > 1)] + E[|©;| A 1]) < +o00.

j=0
We start by showing

[e.e]
(7.13) Y E[|©;|r1] < .
§=0
Condition (5.6) implies
bn
. . —1v . _
llggohgl_igpn Z;E[(]an X,;| A1) 1(|Xo| > an)] =0,
j:
which yields the following Cauchy criterion: for any € > 0 there exists K
sufficiently large such that for I > K, h > 0,

I+h l+h
limsupn » E[(la,'X;| A1) 1(1Xo| > an)] = Y _E[[Y ©;|A1] <,

where we used regular variation of (X;) in the last step. Then, we conclude
(7.13) holds. By stationarity we can show similarly

(7.14) i[@[|@_j| A < +o0.
j=0

Then, by the time-change formula in (3.3) we deduce

too > Y E[© ;| A1]
j=0

= ) E[©,* (18, A1)

=0

= D_Ele;* ' A0,
=0
> ) E(le;*'1(e;] > 1)),
=0
and (7.12) holds. This finishes the proof of the fact that E[(}_ ;- 1©:))71] <

+00, in particular ¢(1) < co. Applying the mean value theorem and domi-
nated convergence we arrive at the relation

ba(d) —ba(d—1) — E[(iﬂ@)i(iﬂ@)ﬂ, d— oo
j=0 J=1
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Reasoning for the limit as for (3.4) and recalling that ¢(1) < oo, we identify

(o) - (Lol
~ 5[ 3 u'e,)’ /Iels] —E|( > Q)]

= s X wal)].

7.7. Proofs of the results of Section 6.

7.7.1. Proof of Proposition 6.1. Notice that 1, is bounded and measurable.

For p = o we have Q(® L) /11®]la- Then the result follows from Propo-
sition 3.6 in Janssen [21]. For p > 0, assuming the p-cluster process is
well defined we have ||®], < oo a.s. and ¢(p) < oo. Then, we intro-
duce the Radon-Nikodym derivative of £(Q)) with respect to £(©/|®,)
which by (3.2) is the function h : Z N {x : ||x||, = 1} — R>( defined by

h(y/lly¥llp) == lI¥lla/|l¥|lp- Finally, the result follows by another application
of Proposition 3.6 in Janssen [21]. O

7.7.2. Proof of Theorem 6.2. The proof is given for p = « only; the case
p < « extends in a natural way. Let g : £ — R be a continuous bounded
function. We start by proving that 1, defined in (6.1) is a continuous
bounded function on £, Fix ¢ > 0 and [z] € £* N {[y] : ||ly|la = 1}. Then
for all [x] € 2N {[y] : ||y|la =1}, k € Z and N € N we have

6o (x) = y(2)| = | SIS 0)0) = D 12519 (2 40)0)

JEZ JEZ
= > -zl () ))
JEZ
=121 (9@ )0 — 9K 0)e)|
JEZ

IN

lglloodg,(B~2", x")
+2glloc 42 (2", 2y x))

+ > 125179((25 1)) — 9((KGean))|

lil<N
If [x] satisfies d2(z,x) < €(3]|g|lso) " then there exists kg € Z such that
diy(z,x) < dy(B™™z*, x") < e(3]lgllc)

Furthermore, choose Ny > 0 such that dg(z*,z’[“_NO No]) < €(2 % 3[|g]loo)™?
and consider the finite set Cj; C £ N {y : [[y|la = 1}, defined by Cj,) :=
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{(zj 1) € €2 ¢ [j] < No,|z7| > 0}. Notice that for every z € Cl, there
exists 0(z) such that if d3(z,x) < 6(z) implies |g(z) — g(x)| < €¢/3. Fi-
nally, define 7(z) := min{§(z) : Z € C} A €(3]|g|lo) . Then, noticing that
2ljl<no 1Z51% < llz]|a = 1, we obtain also a bound for the last term. Hence,
for every [x] € £ satisfying d2(z,x) < n(z) we have [,(x) — 1,(2)| < €.
This finishes the proof of the continuity of the function 14 on fen {y :

lyllo = 1}. We conclude with applications of Lemma 7.3 and Proposi-
tion 6.1. 0

7.7.3. Proof of Proposition 6.5. Theorem 4.5 in Mikosch and Wintenberger
[28] yields immediately

P(supy<;<p, St > =)
B> ) [32529 32?29 -
(7.15)

and nP(|X1| > z,) — 0. We multiply the function inside the limiting
expected value by the constant 1 = ||©]|$/]|©]|%. Moreover, since ¢(1) < oo,
then E[(3°72, |0:)* '] < oo; see Lemma 3.11 in Planini¢ and Soulier [30].
Then, by Fubini’s theorem,

[ supZ@ supZ@ }

n — 0o,

t>0 t21
= Y E[0," (( S”"Z Heua i‘i‘fz HGH )l
JEZL

At this point we apply the time-change formula for positive measurable
functions of ® at every term of the sum in j € Z; see Corollary 2.8. in
Dombry et al. [12]. By the same argument as in the proof of Proposition
4.2 we obtain the representation of the expectation in (7.15) in terms of the
univariate cluster process Q®

Now we apply Theorem 6.2 to f(x) := limy_sco(sup;>_g S pxi)S on
¢'. Tt is uniformly continuous and bounded by one on the sphere of (7,
hence (6.2) holds for f. Similarly, the constant ¢(1)~! can be estimated by
employing the function g(x) := ||x||o on ¢! which is bounded by one on the
unitary ¢'-sphere for o > 1. O

7.7.4. Proof of Proposition 6.7. The re-normalization function ( is continu-
ous on the unit sphere of (¢, d,,), except for sequences with xo = 0. Then

P(p(Y ©) > 1) = E[p(©)° A 1]
= E[p(Q”/1Qf") A 1]
= E[(p"A1)0¢(Q")].
The proof is finished by an application of Theorem 6.2. (|



(1]

2]

3]

(4]
[5]
(6]
(7]

(8]

(9]

(10]
(11]
(12]
(13]
(14]
(15]
(16]

(17]

18]
(19]
20]
(21]

22]
23]

CLUSTER INFERENCE BASED ON LARGE DEVIATION PRINCIPLES 33

REFERENCES

BARTKIEWICZ, K., JAKUBOWSKI, A., MIKOSCH, T. AND WINTENBERGER, O. (2011)
Stable limits for sums of dependent infinite variance random variables. Probab. Th.
Relat. Fields 150, 337-372.

Basrak, B., KrR1ZMANIC, D. AND SEGERS, J. (2012) A functional limit theorem for
dependent sequences with infinite variance stable limits. Ann. Probab. 40, 2008—2033.
BASRAK, B., PLANINI¢, H. AND SOULIER, P. (2018) An invariance principle for sums
and record times of regularly varying stationary sequences. Probab. Th. Rel. Fields
172, 869-914.

BASRAK, B. AND SEGERS, J. (2009) Regularly varying multivariate time series. Stoch.
Proc. Appl. 119, 1055-1080.

BINGHAM, N., GOLDIE, C.M. AND TEUGELS, J. (1987) Regular Variation. Cambridge
University Press, Cambridge (UK).

BRADLEY, R.C. (2005) Basic properties of strong mixing conditions. A survey and
some open questions. Probability Surveys 2, 107-144.

BurITICA, G. M1KOSCH, T. MEYER, N. AND WINTENBERGER, O. (2021) Some vari-
ations on the extremal index. Zapiski Nauchn. Seminarov POMI, to appear.
CI1ssOkHO, Y. AND KULIK, R. (2021) Estimation of cluster functionals for regularly
varying time series: sliding blocks estimators. Electronic Journal of Statistics 15,
2777-2831.

Davis, R.A., DREES, H., SEGERS, J. AND WARCHOL, M. (2018) Inference on the
tail process with applications to financial time series modeling. J. Econometrics 205,
508-525.

Davis, R.A. AND HSING, T. (1995) Point process and partial sum convergence for
weakly dependent random variables with infinite variance. Ann. Probab. 23, 879-917.
Davis, R.A., AND RESNICK, S. (1985) Limit theory for moving averages of random
variables with regularly varying tail probabilities. Ann. Probab. 3, 179-195.
DoMmBRY, C., HASHORVA, E. AND SOULIER, P. (2018) Tail measure and spectral tail
process of regularly varying time series. Ann. Appl. Probab. 28, 3884—-3921.

DREES, H., JANSSEN, A. AND NEBLUNG, S. (2021) Cluster based inference for ex-
tremes of time series. arXiv preprint arXiv:2103.08512.

DRrEES, H. AND NEBLUNG, S. (2021) Asymptotics for sliding blocks estimators of
rare events. Bernoulli 27, 1239-1269.

DREES, H. AND ROOTZEN, H. (2010) Limit theorems for empirical processes of cluster
functionals. Ann. Stat. 38, 2145—2186.

DREES, H., SEGERS, J.,AND WARCHOL, M. (2015) Statistics for tail processes of
Markov chains. Fxtremes 18, 369-402.

HaaN, L. DE, MERCADIER, C. AND ZHOU, C. (2016) Adapting extreme value sta-
tistics to financial time series: dealing with bias and serial dependence. Finance and
Stochastics 20, 321-354.

HsING, T. (1991) Estimating the parameters of rare events. Stoch. Proc. Appl. 37 ,
117-1309.

HsiNg, T. (1993) Extremal index estimation for a weakly dependent stationary se-
quence. Ann. Stat. 21, 2043-2071.

Hurt, H. AND LINDSKOG, F. (2006) Regular variation for measures on metric spaces.
Publ. de UInstitut Math. (Belgrade) 80 (94), 121-140.

JANSSEN, A. (2019) Spectral tail processes and max-stable approximations of multi-
variate regularly varying time series. Stoch. Proc. Appl. 129, 1993-2009.

KuLIK, R. AND SOULIER, P. (2020) Heavy-Tailed Time Series. Springer, New York.
LEADBETTER, M.R. (1983) Extremes and local dependence in stationary sequences.
Probab. Th. Relat. Fields 65, 291-306.



34
24]

[25]

[26]

27]

(28]
29]
(30]
(31]

32]

G. BURITICA, T. MIKOSCH, AND O. WINTENBERGER

LEADBETTER, M.R., LINDGREN, G., AND ROOTZEN, H. (1983) Eztremes and related
properties of random sequences and processes. Springer, Berlin.

LiNDskOG, F., REsSNICK, S.I., AND Rov, J. (2014) Regularly varying measures on
metric spaces: hidden regular variation and hidden jumps. Probab. Surveys 11, 270—
314.

MikoscH, T. AND WINTENBERGER, O. (2013) Precise large deviations for dependent
regularly varying sequences. Probab. Th. Rel. Fields 156, 851-887.

MikoscH, T. AND WINTENBERGER, O. (2014) The cluster index of regularly vary-
ing sequences with applications to limit theory for functions of multivariate Markov
chains. Probab. Th. Rel. Fields 159, 157-196.

MikoscH, T. AND WINTENBERGER, O. (2016) A large deviations approach to limit
theory for heavy-tailed time series. Probab. Th. Rel. Fields 166, 233-269.

NAGAEV, S.V. (1979) Large deviations of sums of independent random variables.
Ann. Probab. 7, 745-789.

PLANINIC¢, H. AND SOULIER, P. (2018) The tail process revisited. Eztremes 21, 551
579.

RESNICK, S.I. (2007) Heavy-Tail Phenomena: Probabilistic and Statistical Modeling.
Springer, New York.

SEGERS, J., ZHAO, Y. AND MEINGUET, T. (2017) Polar decomposition of regularly
varying time series in star-shaped metric spaces. Fxtremes 20, 539-566.

LPSM, SORBONNE UNIVERSITE, UPMC UNIVERSITE PARIS 06, F-75005, PARIS,
FRANCE
Email address: gloria.buritica®@upmc.fr

DEPARTMENT OF MATHEMATICS, UNIVERSITY OF COPENHAGEN, UNIVERSITETSPAR-
KEN 5, DK-2100 COPENHAGEN, DENMARK
Email address: mikosch@math.ku.dk

LPSM, SORBONNE UNIVERSITES, UPMC UNIVERSITE PARIS 06, F-75005, PARIS,
FRANCE
Email address: olivier.wintenbergerQupmc.fr



	1. Introduction
	1.1. Outline of the paper.

	2. Preliminaries
	2.1. About regular variation of time series
	2.2. Notation
	2.3. Assumptions

	3. Spectral cluster process
	3.1. The spectral cluster process in p

	4. Large deviation principles
	4.1. Extreme thresholds
	4.2. Moderate thresholds

	5. Consistent cluster inference based on spectral cluster processes
	5.1. Cluster functionals and mixing
	5.2. Adaptive extreme threshold
	5.3. Applications

	6. Inference beyond shift-invariant functionals
	6.1. Inference for cluster functionals in (p,dp)
	6.2. Applications

	7. Proofs
	7.1. Proof of Proposition 3.3
	7.2. Proof of Lemma 4.1
	7.3. Proof of Proposition 4.2
	7.4. Proof of Lemma 4.3
	7.5.  Proof of Theorem 5.1 
	7.6. Proof of Proposition 5.4
	7.7. Proofs of the results of Section 6

	References

